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Abstract

Modern engineering components and systems increasingly require materials whose structural
reliability, electromechanical response, and interfacial stability are specified together
with their geometry and operating conditions. Grounded in material characterisation and
modelling, this dissertation develops computational methodologies for predicting material
response and relating it to component-, device-, and system-level requirements. The
studied systems include multicomponent alloys, piezoelectric ceramics and polymers,
and lithium-based battery interfaces. Their behaviour emerges from descriptors that span
atomic bonding, crystal symmetry, microstructure, and interfacial morphology. No single
modelling approach covers this full range of scales. The proposed scale-bridging framework
therefore combines physics-based modelling with data-driven methods. It connects material
descriptors to structural and functional response through an explicit intermediate material
state.

In multicomponent alloys, ensemble machine learning supports structural alloy
specification by mapping composition and manufacturing route jointly to the hardness-
elongation balance and identifying coupled design regions rather than isolated optima.
DFT-calibrated phase-field simulations indicate that matching elastic constants to the
simulation temperature changes the predicted Al-Cu-Ni microstructure by 18%. This result
confirms that temperature consistency is necessary for microstructure prediction relevant
to process and component design. In piezoelectric materials, a crystallography-informed
network predicts the complete symmetry-constrained piezoelectric tensor and evaluates it in
a finite element device model. A model-identified doped-AlN composition, evaluated at an
optimised orientation, raises the predicted energy-harvesting output 9.96-fold relative to the
undoped baseline. A complementary physics-guided model links electrospinning conditions
and filler content to the effective response of PVDF/SnO2 nanofibres and raises the predicted
d33 from 18 to 29 pC N−1. In lithium-based battery interfaces, a coupled-field phase-field
model resolves the tip-amplified mechanism of dendrite growth. A literature synthesis
consolidates materials, interfacial, and operating suppression strategies into ten jointly
constrained performance and stability targets for reliable electrochemical energy systems.

Across all three domains, a common design logic recurs even though the governing
physics and models differ by material. Composition and processing define the attainable
response. The intermediate material state carries this information to the component, device, or
interface. At that level, coupled multi-physics behaviour determines the realised performance.
These findings are distilled into five transferable schemes for structural alloy components,
piezoelectric sensors and energy harvesters, and electrochemical energy systems.
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Streszczenie

Współczesne komponenty i systemy inżynierskie coraz częściej wymagają materiałów,
których niezawodność strukturalna, odpowiedź elektromechaniczna i stabilność interfejsów
są projektowane łącznie z geometrią i warunkami pracy. Opierając się na charakterystyce
i modelowaniu materiałów, niniejsza rozprawa opracowuje metody obliczeniowe
wspierające projektowanie poprzez przewidywanie właściwości materiałowych i wiązanie
ich z wymaganiami na poziomie komponentu, urządzenia i systemu. W stopach
wieloskładnikowych, ceramikach i polimerach piezoelektrycznych oraz interfejsach
elektroda-elektrolit w układach litowych właściwości użytkowe wyłaniają się z hierarchii
deskryptorów. Deskryptory te obejmują wiązania atomowe, symetrię krystaliczną,
mikrostrukturę i morfologię interfejsów. Żadna izolowana metoda modelowania nie
obejmuje pełnego zakresu tych skal. Opracowane ramy wieloskalowe łączą modelowanie
oparte na fizyce z metodami opartymi na danych. Wiążą także deskryptory materiałowe z
właściwościami strukturalnymi i funkcjonalnymi poprzez jawny pośredni stan materiału.

W stopach wieloskładnikowych zespołowe uczenie maszynowe wspiera specyfikację
stopów konstrukcyjnych, odwzorowując wspólnie skład chemiczny i metodę wytwarzania
na równowagę twardości i wydłużenia. Pozwala to wskazać sprzężone obszary projektowe
zamiast izolowanych punktów optymalnych. Sparametryzowane metodą DFT symulacje
pola fazowego wykazują, że dopasowanie stałych sprężystości do temperatury symulacji
zmienia przewidywaną mikrostrukturę układu Al-Cu-Ni o 18%. Wynik ten potwierdza
znaczenie spójności temperaturowej parametrów dla przewidywania mikrostruktury istotnego
dla projektowania procesu i komponentu. W materiałach piezoelektrycznych sieć neuronowa
uwarunkowana krystalograficznie przewiduje kompletny tensor piezoelektryczny ograniczony
symetrią i ocenia go w modelu urządzenia metodą elementów skończonych. Wybrany przez
model i optymalnie zorientowany domieszkowany AlN zwiększa przewidywaną wydajność
pozyskiwania energii 9,96-krotnie względem materiału wyjściowego. Uzupełniający model
wspomagany wiedzą fizyczną łączy parametry elektroprzędzenia i zawartość wypełniacza z
efektywną odpowiedzią nanowłókien PVDF/SnO2. Zwiększa także przewidywaną wartość
d33 z 18 do 29 pC N−1. W interfejsach elektroda-elektrolit w układach litowych model pola
fazowego ze sprzężonymi polami odwzorowuje mechanizm wzmacniania wzrostu dendrytów
przez wierzchołek. Synteza literatury konsoliduje strategie tłumienia obejmujące aspekty
materiałowe, interfejsowe i operacyjne w dziesięć wzajemnie powiązanych wskaźników
wydajności i stabilności dla niezawodnych elektrochemicznych układów energetycznych.

We wszystkich trzech obszarach powtarza się wspólna logika deskryptor-właściwości,
mimo że fizyka rządząca i modele różnią się w zależności od materiału. Skład chemiczny i
przetwarzanie określają zakres osiągalnej odpowiedzi. Pośredni stan materiału przenosi tę
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informację między skalami do komponentu, urządzenia lub interfejsu. Na tym poziomie
sprzężona odpowiedź wielofizyczna określa uzyskiwane właściwości. Wyniki sprowadzono
do pięciu transferowalnych schematów projektowych oraz fizycznie ugruntowanej
metodologii dla strukturalnych komponentów ze stopów, piezoelektrycznych czujników i
pozyskiwaczy energii oraz elektrochemicznych układów energetycznych.
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Chapter 1

Introduction

Modern engineering materials are increasingly expected to combine structural reliability with
active functions. A material or interface may need to carry load while responding to external
fields. It may also need to convert energy, resist degradation, or preserve interfacial stability.
These requirements arise in energy-harvesting devices, microelectromechanical systems,
and flexible electronics. They also appear in sensors and electrochemical energy storage.
Such behaviour is set by more than bulk composition. It depends on atomic bonding, crystal
symmetry, and phase constitution. It also depends on grain or fibre morphology, interfaces,
and defects. The materials considered in this dissertation are studied through their role in
components and systems.

This convergence reflects a shift in component and system design practice. Material
behaviour governs the performance, durability, and reliability of components. Material
selection and engineering design are therefore closely linked. A component cannot be fully
specified without understanding the material that constitutes it. Equally, an advanced material
cannot be developed without reference to the system in which it must function. Design
requirements drive the tailoring of materials and manufacturing processes for specific service
conditions. Computational mechanics increasingly integrates multiscale materials modelling
with data-driven methods and artificial intelligence. In this dissertation, these methods are
treated as complementary tools serving common design objectives.

In this work, descriptors are measurable or computed quantities that represent
composition, processing history, crystallography, thermodynamic state, and morphology.
The intermediate material state denotes the microstructure together with the crystallographic
tensor state and associated physical fields. This state connects lower-scale information to the
macroscopic response. That response depends on component geometry, device architecture,
loading, boundary conditions, and the operating environment. The design problem is framed
as a pathway from material descriptors to engineering performance through the intermediate
material state.

Designing components and systems with such materials demands scale-bridging methods.
Exhaustive experimental screening is impractical across high-dimensional composition
and processing spaces. Physics-based simulations provide mechanistic insight, but they
are usually confined to a single length or time scale. Data-driven methods explore large
spaces rapidly, but they require physically grounded descriptors to remain transferable
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Chapter 1. Introduction

and thermodynamically consistent. The unresolved challenge is to transfer meaningful
information between scales and modelling representations before costly physical prototyping.
This dissertation addresses that challenge by integrating experiments, physics-based
simulation, and materials informatics across the three material domains introduced below.
The aim is to support alloy composition and manufacturing-route specification, piezoelectric
sensor and energy-harvester evaluation, and reliability-target definition for electrochemical
energy systems. These tasks contribute to engineering design when material behaviour limits
service performance.

1.1 Advanced Functional Materials across Domains

In this dissertation, advanced functional materials denote materials whose structural,
electromechanical, electrochemical, or coupled responses are controlled through composition
and structure. Relevant controls include crystal symmetry, phase constitution, morphology,
and processing history. Structural capability and functional response originate at atomic
or nanometre scales but become relevant to design when expressed at component,
device, or interfacial scales. Mechanical deformation can induce electrical polarisation.
Electrochemical reactions can reshape interfaces. Thermal processing can alter phase balance
and defect structure. Such materials cannot be designed from nominal composition alone.

Three material domains are used to exercise the pathway from descriptors to performance.
In multicomponent alloys, composition, processing route, and microstructure govern
mechanical performance. In piezoelectric materials, crystallographic symmetry, the
complete tensor, and orientation govern electromechanical coupling. In lithium-based battery
interfaces, evolving interfacial morphology governs electrochemical stability. The domains
are complementary. Each isolates a different part of the design problem: composition-
processing design, crystallography-tensor-device coupling, or dendrite-morphology evolution
and suppression.

1.1.1 Multicomponent Alloy Systems

Multicomponent alloys include medium- and high-entropy multi-principal-element alloys
(MPEAs). They demonstrate that service performance in structural applications depends on
composition, processing route, and microstructural state. MPEAs combine several principal
elements in high concentration. This produces complex phase stability, lattice distortion,
and local chemical ordering. In refractory systems built from Nb, Ta, Ti, and Zr, these
interactions enable property combinations unavailable in conventional single-base alloys.
The composition-processing-property space is highly non-linear and high-dimensional. Small
changes in composition or heat treatment can shift phase constitution and grain morphology.
Relevant mechanical properties also trade off against one another.

Descriptor-based machine learning now screens large composition spaces and predicts
alloy properties [10, 11]. Optimisation is also applied to trade-offs such as strength and
ductility [12]. In this dissertation, these methods support structural alloy specification, with
less emphasis on cataloguing alloy trends. They combine with physics-based modelling
[13]. DFT supplies quantities such as elastic constants, phase energetics, and chemical
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Table 1.1: Material classes studied in this dissertation, with the prospective multifunctional
extension, and the engineering design challenge and thesis approach for each.

Material class Representative
system

Engineering design
challenge

Thesis approach

Multicomponent
alloys

MPEAs, Al-Cu-
Ni

High-dimensional
composition and processing
spaces create strength-
ductility trade-offs that
complicate structural
component design.

Co-specify chemistry and
manufacturing routes for
load-bearing alloys and
use temperature-consistent
microstructure modelling
for process design.

Piezoelectric
ceramics

Doped AlN-based
systems

Scalar properties neglect
anisotropic tensor
behaviour and orientation,
which limits the accuracy
of device-level deformation
models.

Predict the full
electromechanical
tensor to enable rotated
finite element analysis
of oriented device
components.

Piezoelectric
polymers

PVDF/SnO2
nanofibres

Processing-induced
morphology and phase
state are difficult to
relate quantitatively to
performance under scarce
experimental data.

Apply physics-guided
descriptors to link
electrospinning
parameters to effective
electromechanical response
for flexible sensor and
actuator design.

Lithium-based
battery interfaces

Lithium-metal
electrode-
electrolyte
interfaces

Coupled electrochemical
and mechanical fields
drive dendrite growth and
interfacial degradation,
causing early cell failure.

Model coupled-field
interfacial evolution and
consolidate suppression
methods into a multi-metric
reliability roadmap.

Multifunctional
materials
(prospective)

Alloy-derived
oxides and
nitrides

The functional potential of
refractory transition-metal
alloy candidate spaces
remains unexplored in
oxide or nitride form.

Use symmetry-guided
screening of alloy-derived
cation pools to identify
candidates for active
functional systems.
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potentials. Its principal role in the alloy study is the temperature calibration of elastic tensors
for phase-field simulation of mesoscale microstructure evolution [P-III, 14]. The alloy studies
use hardness-elongation prediction, DFT-informed phase stability, and processing-dependent
microstructure to support material and process choices for structural applications. The same
refractory and transition-metal cation spaces motivate a prospective multifunctional extension
discussed later.

1.1.2 Piezoelectric Materials

Piezoelectric materials enable bidirectional conversion between mechanical and electrical
energy and underpin sensors, actuators, and flexible energy-harvesting devices [AP-I]. Their
response is anisotropic and depends on crystallographic symmetry, orientation, and device
configuration rather than on a single scalar coefficient. In piezoelectric ceramics, one
coefficient such as d33 is insufficient for complex geometries or off-axis loading [15]. A
full description requires the third-rank piezoelectric tensor, which captures the directional
electromechanical coupling. Reliable device design calls for predicting that tensor and
accounting for crystallographic orientation relative to the device frame [P-II].

Piezoelectric polymers behave differently [16]. Poly(vinylidene fluoride) (PVDF) is a
semicrystalline polymer whose response is governed by the fraction of the polar β -phase
relative to the non-polar α-phase. This fraction is sensitive to electrospinning parameters,
fibre alignment, and filler additions such as SnO2 [17, 18]. The design challenge is to relate
processing, morphology, electroactive phase fraction, and effective response for flexible
energy harvesting and actuation [P-V]. Conventional metallic alloys show no intrinsic bulk
piezoelectric response of practical relevance because mobile charge carriers screen sustained
polarisation and static internal electric fields [19]. The common FCC and BCC structures
considered here are also centrosymmetric. Odd-rank piezoelectric tensors are symmetry-
forbidden in these structures [20]. Ceramics and polymers are therefore addressed through
tensor-level crystallography and morphology control, respectively.

1.1.3 Lithium-Based Battery Interfaces

In lithium-based batteries, performance and safety are governed by the dynamic behaviour of
internal interfaces [21]. Metallic-lithium deposition is a major challenge in lithium-metal
batteries and can also arise in lithium-ion cells under adverse lithium-plating conditions.
The resulting dendrites cause capacity loss, impedance rise, and short circuits [22]. The
corresponding design problem is to maintain the structural and electrochemical integrity of
the electrode-electrolyte interface across the battery’s intended service life. The relevant
conditions include temperature, current density, and mechanical loading. Phase-field
modelling describes the coupled electrochemical and transport fields driving this evolution,
without explicit tracking of a sharp boundary [23].

The simulations provide mechanistic insight into dendrite growth. A literature synthesis
then consolidates the materials, interfacial, and operating approaches that suppress it [P-IV].
Table 1.1 collates the domain-specific descriptors, intermediate states, and performance
targets for each system.
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1.2 Scale-Bridging Computational and Data-Driven Framework

Figure 1.1: The dissertation’s scale-bridging framework converts physical descriptors
into engineering performance through an explicit intermediate material state.
Composition, processing history, crystallographic information, and operating conditions
form the descriptor layer. Physics-based and data-driven models transform these inputs
into material parameters and the intermediate material state, comprising microstructure,
crystallographic tensor state, orientation, and associated physical fields. Finite element
and device-level models then connect this state to mechanical, electromechanical, and
electrochemical performance at component, device, or interface scale. Experimental data
supply training information, physical constraints, calibration, and selected validation at each
stage. [Author’s own work]

Physics-based modelling provides the mechanistic foundation. DFT, phase-field
simulation, finite element modelling, and finite-strain plasticity provide the material-state
and performance information needed for design decisions. In the Al-Cu-Ni system,
temperature-calibrated DFT elastic constants improve the physical consistency of phase-field
simulations used for process-relevant microstructure prediction. The phase-field method,
implemented here in the MOOSE finite element framework [24, 25], resolves microstructure
evolution and moving boundaries. Examples include elastochemical phase transformation in
alloys and electrochemically driven dendrite growth at battery interfaces. Finite element
modelling connects the resulting material state to device-level behaviour, for example
the voltage, deformation, and actuation of piezoelectric energy harvesters. A supporting
finite-strain (J2) plasticity study extends the approach to nonlinear constitutive behaviour at
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Figure 1.2: An integrated literature-mining procedure supports trend mapping,
structured extraction, and gap identification. (a) Bibliometric co-occurrence network
of the published literature, whose keyword clusters indicate dominant research directions
and their boundaries [P-IV]. (b) Complementary natural-language-processing pipeline that
extracts material compositions and performance metrics into structured datasets [P-V].

the continuum scale. Figure 1.1 summarises this pathway.
Data-driven methods complement this physical core by turning dispersed experimental,

simulation, and literature data into design maps for property prediction, material selection,
and inverse design. For studies based on literature-curated datasets, bibliometric and
natural-language-processing methods structure the literature and extract compositions and
performance metrics into structured datasets (Figure 1.2). These methods inform the critical
literature analysis used to formulate the scientific gaps in Chapter 2.

Using these datasets, supervised models connect descriptors to engineering-relevant
properties. Ensemble neural networks map compositional and manufacturing-route
descriptors to mechanical properties of alloys. Crystallography-informed models couple
point-group classification with symmetry-constrained tensor prediction so that predicted
piezoelectric tensors remain physically consistent. In the alloy domain, model-predicted
compositions are further interrogated through molecular-dynamics nanoindentation. This
connects macro-scale property predictions to atomic-scale deformation mechanisms relevant
to component performance. Throughout, data-driven models operate within physically
meaningful descriptor spaces rather than substituting for the underlying physics.

Across the framework, descriptor formulation follows a layered logic. A structural layer
captures composition, processing history, and crystal symmetry. It also records phase stability,
elastic parameters, morphology, and interfacial condition. This layer provides the physical
foundation for domain-specific models. Function-specific descriptors form a derived layer
anchored to this foundation. They include piezoelectric tensor measures, electrochemical
stability indicators, corrosion-response metrics, and device-level performance quantities.
This hierarchy keeps functional predictions tied to the material state that physically enables
them. The computational methods serve design objectives throughout. Material behaviour at
the microstructural and device level is characterised because it governs load-bearing capacity,
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energy conversion efficiency, and electrochemical reliability in engineering systems.

1.3 Scope of the Dissertation

Within this framework, the intermediate material state links lower-scale descriptors
to performance and acts as the principal design variable. The work is computational
and data-driven. Its objective is to provide methods for material selection, process
specification, and performance prediction in structural and functional systems. It supports
accelerated screening, inverse design, and future closed-loop integration. Fully automated
experimentation lies outside the present scope. Experimental datasets provide training data,
calibration, and selected validation. Physics-based models support mechanistic consistency,
and machine learning accelerates exploration. Physical phenomena outside this focus,
such as ferroelectric switching and domain-wall dynamics or shape-memory response, are
considered only where alloy compositions overlap with known multifunctional families.

Principal contributions.
Each provides a computer-aided engineering capability at a specific stage of the design of
structural components and functional systems:

• computer-aided specification of multicomponent-alloy composition and manufacturing
route for hardness-elongation requirements.

• selection, orientation, and device-scale evaluation of piezoelectric materials for sensors,
actuators, and energy harvesters.

• temperature-consistent microstructure prediction to support alloy process design.

• battery-interface reliability design through phase-field analysis of dendrite growth and
synthesis of suppression approaches.

Supporting contributions.

• a finite-strain plasticity description of nonlinear mechanical response, integrable within
the framework.

• a data-driven corrosion study of additively manufactured duplex stainless steel,
illustrating the transferability of the composition-processing methodology to a
processing-sensitive electrochemical response.

• the multifunctional oxide and nitride screening, treated as a prospective extension
rather than as a completed principal contribution.

The scientific gaps arising from this scope are formalised in Chapter 2, and the
corresponding research objectives are defined in Chapter 3.
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Chapter 2

Scientific Problems and Hypotheses

This chapter identifies the scientific problems, research gaps, and guiding hypotheses that
motivate the dissertation. It builds on materials-characterisation literature and focuses on
unresolved challenges in computational support for design. These challenges include material
and process selection, mechanical and functional performance prediction, and the translation
of material states into component, device, or system behaviour. The chapter first defines the
terms used in the gap analysis. It then formulates the gaps as scientific problem statements
and concludes with hypotheses revisited in Chapter 5.

2.1 Definitions of Key Terms

The terms below are defined as they are used in this work. Together they frame the gap
analysis, problem statements, and hypotheses. They cover the two methodological pillars, the
principle that links them across scales, the intermediate state they act upon, and the material
systems to which they are applied. They also reflect the interdisciplinary character of the
work. Material behaviour is studied because it determines component performance. Design
requirements shape the development of advanced materials, while computational mechanics
links multiscale materials modelling with machine learning.

Computational design refers to the use of computational mechanics to simulate material
behaviour, predict structural evolution, and identify configurations that meet structural
and functional performance requirements. These methods include density functional theory,
phase-field simulation, finite element analysis, and finite-strain plasticity. Material description
therefore provides quantitative information for material selection, process specification, and
component evaluation.

Data-driven design complements physics-based modelling by learning structure-property
and process-property relationships from literature-derived, experimental, or simulation-
generated datasets. It supports property prediction, design-space screening, dimensionality
reduction, and inverse design.

Scale-bridging is the systematic linking of information, descriptors, and models across
length and time scales. It encompasses two complementary modes. The first is direct transfer
of parameters across scales, for example DFT-derived elastic constants entering phase-field
simulations. The second is indirect descriptor linking, in which physically meaningful
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composition, processing, crystallographic, or morphological descriptors represent lower-
scale information and relate it to higher-scale structural or functional response. The relevant
scale transition differs among the investigated systems, and each study bridges the scales
required by its specific design problem [26].

Microstructure denotes the heterogeneous internal arrangement of a material at the
mesoscale, between the atomic and macroscopic levels [27]. It comprises grains or domains
that differ in crystal structure, crystallographic orientation, and chemical composition. It
is characterised by their shape, size, spatial distribution, and interfaces. A microstructure
evolves as the system reduces its interfacial, bulk, and elastic strain energy. This mesoscale
morphology governs macroscopic physical and mechanical properties. Here, microstructural
features are treated as design variables as well as characterisation descriptors. These features
include grain morphology, phase distribution, fibre morphology, crystalline phase fractions,
and dendritic interfaces. They mediate the relationship between composition, processing, and
performance. Tensorial states and associated physical fields are treated as related structure-
sensitive attributes.

Advanced functional materials, as used here, encompass systems designed for structural,
electromechanical, electrochemical, or coupled performance in components and systems.
They comprise multicomponent alloys, piezoelectric ceramics and polymers, and lithium-
based battery interfaces. All are sensitive to composition, processing, and structure-dependent
states.

2.2 State of the Art and Research Gaps

Advanced functional materials are increasingly studied with computational and data-driven
methods. The principal challenge is to use this understanding to specify materials, processes,
and system designs. Difficulties persist where performance emerges from coupling between
composition, processing, the intermediate material state, and device- or interface-level
behaviour. Each gap in this chain limits the reliability of computational support for
component and system design. Without consistent descriptor-to-performance pathways,
material selection, process specification, and component evaluation cannot form an integrated
framework. The gaps are organised below by scientific theme. Table 2.1 summarises them.

Multicomponent-alloy design. Data-driven models map compositional and processing
features to alloy properties and estimate mechanical properties independently [28, 29].
Processing history is often omitted or coarsely represented. The manufacturing route then
serves as a proxy for the thermal and deformation histories that shape phase constitution,
porosity, grain structure, texture, and defect state, without uniquely determining them. Joint
prediction and inverse design of the hardness-elongation balance across realistic composition-
processing spaces remains limited.

Tensorial piezoelectric design. Crystalline piezoelectrics are frequently characterised
by a few scalar coefficients such as d33 [15], which capture neither the complete tensor
nor the symmetry constraints and orientation dependence that govern device response. Few
models predict the complete, symmetry-constrained tensor and carry it through to device-level
evaluation.
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Process-driven piezoelectric polymers. In PVDF-based systems the response depends
on processing-induced morphology, filler content, and crystalline phase fraction. Purely
empirical fits rarely transfer between processing conditions. Physics-directed frameworks
that connect processing and morphology to the effective piezoelectric response are not well
established, especially under the data-scarce conditions typical of curated polymer datasets.

Cross-scale parameter transfer. Microstructure evolution couples chemical, elastic,
electrochemical, and transport phenomena. Many phase-field studies use temperature-
invariant or averaged parameters [14], limiting fidelity when atomistic information must
inform mesoscale evolution. Systematic transfer of temperature-dependent, phase-specific
DFT parameters into phase-field models remains limited. Their effect on predicted
morphology is also rarely quantified.

Lithium dendrites suppression. Phase-field simulations of lithium-dendrite evolution
resolve the coupled electrochemical and transport fields that drive interfacial instability
[23], but translating this mechanistic picture into actionable design guidance is difficult.
The materials, interfacial, and operating approaches that suppress dendrite growth remain
dispersed across the literature [30, 31] and are seldom consolidated into a coupled set of
performance and stability targets.

Two further items lie outside these five principal gaps but are reported alongside them.
A constitutive description of nonlinear elastic-plastic response suitable for integration
within multiscale simulation addresses a methodological need and is treated as a supporting
contribution. The reuse of alloy-derived cation pools to screen multifunctional oxide and
nitride chemistries is treated as prospective work. It appears as the final row of Table 2.1 but
is not formulated as a principal problem.

2.3 Scientific Problem Statements

Each gap is restated as a scientific problem. The dissertation addresses five interconnected
problems, labelled P1-P5:

P1 Composition-processing-property linkage in multicomponent alloys is
incompletely captured.
The objective is to specify alloy composition and manufacturing route for structural
components that meet defined mechanical performance targets. This demands models
that span the composition-processing-property chain rather than treating composition
and processing as independent variables. Alloy performance depends on composition,
processing history, phase constitution, and grain morphology, yet this chain is seldom
modelled together. Joint prediction and inverse design of the hardness-elongation
balance across realistic composition-processing spaces remain limited.

P2 Full-tensor, crystallography-informed piezoelectric prediction and device
evaluation are underdeveloped.
Designing piezoelectric sensors, energy harvesters, and MEMS devices requires
electromechanical output predictions under realistic loading, geometry, and orientation
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Table 2.1: Gap analysis by scientific theme and engineering design response.

Theme Current limitation for design Computational response

Multicomponent
alloys

Manufacturing route is encoded
coarsely. Strength and ductility are
often predicted independently rather
than jointly.

Joint composition-route prediction
and inverse design of the hardness-
elongation balance.

Piezoelectric
ceramics

Tensor anisotropy and orientation
dependence are omitted when device
output is approximated from scalar
d33 alone.

Full-tensor prediction with point-
group symmetry constraints
and device-level finite element
evaluation.

Piezoelectric
polymers

Empirical processing-property fits
are not physics-guided and transfer
poorly across processing conditions.

Concept-enriched descriptors linking
morphology and phase fraction to the
effective response under data-scarce
conditions.

Cross-scale
transfer

Phase-field parameters are often
taken at 0 K or thermally averaged,
with limited verification at the
simulation temperature.

Temperature-calibrated, phase-
specific DFT inputs with quantified
morphological sensitivity.

Battery interfaces Coupled-field growth mechanisms
are difficult to translate into
suppression strategies when each
metric is treated separately.

Coupled-field phase-field
simulation of dendrite growth
plus a consolidated multi-metric
suppression roadmap.

Multifunctional
materials
(prospective)

Alloy-relevant cation chemistries are
not yet assessed systematically in
oxide or nitride forms.

Reuse of alloy cation pools with
point-group classification and scalar
response screening.

The final row identifies prospective work outside the five central problems (P1-P5).

conditions. A single coefficient such as d33 does not capture the tensor anisotropy and
orientation dependence that govern complex geometries. It also cannot provide the
information needed to select and orient a material within its mechanical enclosure.
Models that predict the complete, symmetry-constrained tensor and carry it through
rotation into finite element evaluation remain limited.

P3 Physics-guided processing-morphology-response modelling for piezoelectric
polymers is not well established hitherto.
The challenge in flexible piezoelectric device manufacture is to predict the combined
influence of electrospinning conditions and filler content on device output. Such
prediction would allow sensing or actuation specifications to be met through informed
process design rather than repeated empirical experimentation. In PVDF-based systems,
the electroactive β -phase fraction, fibre alignment, and filler content govern the
response. Empirical fits seldom transfer between processing conditions. Frameworks
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that incorporate the processing-morphology-response chain and remain predictive with
limited datasets are lacking.

P4 Temperature-calibrated atomistic parameters are rarely transferred to phase-field
models consistently.
Reliable alloy process design requires microstructure predictions that are
thermodynamically consistent with the processing temperature. Using 0 K
atomistic parameters introduces systematic error that accumulates through predicted
grain morphology to mechanical property estimates for the manufactured component.
Most phase-field studies use temperature-invariant or thermally averaged parameters,
reducing physical fidelity at finite temperature. Systematic transfer of phase-specific,
temperature-dependent DFT quantities and assessment of their effect on predicted
morphology remain limited.

P5 Dendrite-growth mechanisms are unresolved and suppression strategies lack a
unified design framework.
The safety and longevity of lithium-based battery systems depend on preventing
dendrite-induced short circuits. Effective suppression strategies require a mechanistic
model of the coupled-field driving forces that existing approaches do not fully resolve.
Solid-electrolyte interphase dynamics, field localisation, and transport phenomena
interact to amplify growth at protruding tips. Coupled-field phase-field models that
resolve this mechanism remain incomplete. Materials, interfacial, and operating
suppression strategies are usually reported independently rather than as a jointly
constrained set of performance, durability, and reliability targets.

2.4 Hypotheses

These problems are addressed through two tiers of hypotheses. The central hypothesis
organises the thesis as a whole. Five specific hypotheses then operationalise it across the
material domains and the cross-domain synthesis. Each is revisited against the results in
Chapter 5. The criteria following each hypothesis define its evaluation. Unless stated
otherwise, all predictive hypotheses are bounded by the composition, processing, and
simulation domains represented in the corresponding datasets.

2.4.1 Main Hypothesis

CH A unified scale-bridging framework can establish reliable descriptor-to-
performance pathways for engineering design across distinct material classes.
No single modelling approach spans the full pathway from composition and processing
descriptors to component-, device-, or interface-level performance. Consistent scale
transfer and physically grounded descriptor formulation through the intermediate
material state are the necessary conditions for reliable, transferable design across
material domains.
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2.4.2 Specific Hypotheses

Table 2.2: Translating scientific problems into formulated hypotheses.

Problem Hypothesis

P1 and P4 H2

P2 and P3 H3

P5 H4

All problems (P1-P5) CH, H1, and SP1

H1 Coupled physics-based and data-driven modelling enables capabilities unavailable
to either approach independently.
Evaluation criteria: symmetry-consistent outputs, temperature-consistent parameter
transfer, or device-level evaluation unavailable from the property model alone, judged
against unconstrained or scalar-only baselines.

H2 Composition-route descriptors predict alloy design regions and calibrated tensors
improve mesoscale parameterisation.
H2a asserts that composition and manufacturing-route descriptors identify balanced
hardness-elongation design regions, evaluated by cross-validated performance and
stability under resampling. H2b asserts that temperature-calibrated DFT elastic tensors
measurably alter the predicted mesoscale microstructure evolution relative to 0 K
inputs.

H3 Full-tensor prediction and morphology-based descriptors outperform scalar
approaches for piezoelectric design.
For crystalline piezoelectrics, predicting the complete symmetry-constrained tensor and
evaluating it at device scale provides orientation-dependent performance information
unavailable from scalar coefficients. For polymers, processing and morphology features
carry predictive information for the effective response. Both claims are evaluated within
the computational scope of the dissertation.

H4 Coupled-field simulation resolves dendrite-growth mechanisms and informs a
consolidated suppression framework.
Evaluation criteria: a resolved coupled-field feedback that captures tip-localised
branching, and a consolidated set of materials, interfacial, and operating suppression
targets assessed as coupled rather than independent metrics.

SP1 A common descriptor-to-performance logic applies across domains, with material-
specific implementation.
Evaluation criteria: the recurrence of this organisation across the investigated domains
and the emergence of common, transferable design rules.
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Table 2.2 maps the problems onto the hypotheses. Chapter 3 adds the corresponding
objectives and evidence.
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Chapter 3

Research Objectives

The scientific problems and hypotheses formulated in Chapter 2 call for a scale-spanning
strategy. Isolated single-scale models and composition-only approaches have limited ability
to capture the descriptor-to-performance pathway required for design. This chapter states
the overarching aim, defines the specific objectives, and positions the principal contributions
relative to supporting and prospective work.

3.1 Overall Objective

The dissertation develops and applies scale-bridging computational methodologies that
combine physics-based modelling and data-driven methods. These methods connect
material descriptors and intermediate states to structural and functional performance across
multicomponent alloys, piezoelectric materials, and lithium-based battery interfaces. The
aim is to support alloy and process selection, device-level electromechanical prediction, and
reliability-target definition for electrochemical energy systems.

3.2 Specific Objectives

The overall objective is pursued through one specific objective per domain. Each objective is
stated as a design capability and scoped to the relevant material system.

1. To develop scale-bridging alloy models that support material and process
specification for structural and functional applications.
AlloyManufacturingNet encodes composition and manufacturing-route descriptors
jointly. It enables prediction and inverse design of the hardness-elongation balance
needed for mechanical performance. A complementary DFT-informed phase-field
model transfers temperature-calibrated elastic constants into mesoscale simulation of
Al-Cu-Ni microstructure evolution. Evaluation is based on cross-validated predictive
accuracy and quantified morphological sensitivity to thermal parameterisation.

2. To model piezoelectric performance for actuator and energy-harvester design.
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For AlN-based ceramics, PiezoTensorNet predicts the complete, symmetry-constrained
piezoelectric tensor and evaluates orientation-dependent device performance through
finite element simulation. This provides a physically informed basis for selecting and
orienting piezoelectric materials beyond scalar d33 approximations. For electrospun
PVDF/SnO2 nanofibres, a physics-guided model connects processing parameters, filler
content, and fibre morphology to the effective response under data-scarce conditions,
supporting flexible device design.

3. To evaluate SEI-governed dendritic instability and establish a multi-metric design
framework for battery’s mechanical durability and reliability.
A phase-field model resolves the coupled concentration, potential, and interfacial
energy fields that drive electrochemically induced lithium deposition. It clarifies how
solid-electrolyte interphase dynamics and localised field enhancement at protrusion tips
amplify dendrite growth. A complementary literature synthesis consolidates materials,
interfacial, and operating suppression approaches into jointly constrained performance
and stability targets for electrochemical system design.

3.3 Scope and Alignment with Research Problems and Hypotheses

Table 3.1: Alignment of objectives with scientific problems, hypotheses, and engineering
design evidence.

Objective Problems Hypotheses Principal design evidence

O1
Multicomponent
alloys

P1, P4 H1, H2 Cross-validated hardness-elongation prediction
for structural alloy specification. Model-predicted
design windows for load-bearing applications.
Temperature-calibrated elastic tensors that
modify Al-Cu-Ni phase evolution and grain area
in process-relevant simulations.

O2 Piezoelectric
materials

P2, P3 H1, H3 Symmetry-consistent tensor prediction for sensor,
actuator and energy-harvester material selection.
Finite element evaluation of orientation-
dependent device output. Physics-guided polymer
response prediction for flexible component
design.

O3 Lithium-based
battery interfaces

P5 H1, H4 Resolved coupled-field dendrite-growth
mechanism for battery reliability assessment.
Suppression framework for interface stability,
service performance and durability. Operating
targets for safer electrochemical systems.

The three specific objectives define the principal contributions and provide the evidence
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for assessing the hypotheses. The remaining studies are positioned relative to this core. The
data-driven corrosion analysis of additively manufactured duplex stainless steel and the finite-
strain plasticity description of nonlinear mechanical response are supporting contributions.
They demonstrate transferability without introducing new principal claims. The reuse
of alloy-derived cation pools to screen multifunctional oxide and nitride chemistries is
prospective work. It is pursued at the level of compositional screening and is not advanced to
a validated outcome. The lithium-interface roadmap provides context for interpreting dendrite-
growth mechanisms and suppression strategies, but is not itself an evaluated objective. This
delineation bounds the claims assessed in Chapter 5.

Table 3.1 maps each objective to the corresponding problems, hypotheses, and evidence.
The central hypothesis (CH) and cross-domain synthesis proposition (SP1) function as

assessment-level statements. Both are assessed collectively using evidence from all three
objectives and the resulting transferable schemes.

Chapter 4 evaluates these objectives, distinguishes principal from supporting evidence,
and derives the scale-bridging schemes that form the dissertation synthesis.
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Scale Bridging Design of Advanced
Functional Materials

This chapter applies the scale-bridging approach developed in the preceding chapters. Process
parameters and material descriptors define the attainable properties. The intermediate state
controls how these properties reach the component level. Operational loads and boundary
conditions then determine system performance. The studies combine data-driven models,
phase-field simulations, and finite element analysis to support design decisions for structural
and active components.

Structural alloys serve as the principal case study because load-bearing behaviour is
strongly linked to manufacturing parameters and thermal history. Piezoelectric systems and
electrochemical interfaces extend the approach to actuators, sensors, and energy storage
devices. Figure 1.1 shows the overall modelling sequence. Experimental data calibrate the
models, lower-scale physics constrains statistical predictions, and device-level simulations
identify variables for refinement. Table 4.1 summarises how each study contributes to the
synthesis.

Table 4.1: Scale-bridging synthesis of the studies discussed. Each row links a computational
design method to an engineering design decision or reliability target.

Material
system

Computational design
method

Principal engineering finding
or design rule

Source

Multi-principal-
element alloys

Machine-learning models
link composition and
manufacturing route
to hardness-ductility
requirements.

Load-bearing alloy design
should co-specify chemistry and
manufacturing route because
the strength-ductility balance
depends on both.

[P-I]

Continued on the next page

18



Chapter 4. Scale-Bridging Design of Advanced Functional Materials

Table 4.1 continued

Material
system

Computational design
method

Principal engineering finding
or design rule

Source

Additively
manufactured
duplex stainless
steel

Data-driven process-property
models relate heat-treatment
variables and phase balance to
surface performance.

Post-processing heat treatment
can tune phase balance and
surface degradation response.
This affects durability in
additively manufactured
components.

[P-VI]

Al-Cu-Ni alloy
system

DFT-informed phase-
field simulations transfer
temperature-calibrated elastic
tensors into microstructure
models at processing
temperature.

Process modelling should use
temperature-consistent elastic
parameters. They change
predicted grain morphology
and the internal state used
for component performance
assessment.

[P-III]

Doped
AlN-based
piezoelectric
ceramics

Symmetry-constrained tensor
prediction and finite element
analysis evaluate oriented
piezoelectric components.

Sensor and energy-harvester
output depends on the full
electromechanical tensor.
Optimising tensor orientation
raises simulated power output
9.96-fold.

[P-II]

PVDF/SnO2
piezoelectric
polymers

Physics-guided descriptors
connect electrospinning
settings, filler content and
fibre morphology to effective
response.

Flexible device design should
treat morphology, phase fraction
and mechanical boundary
conditions as coupled controls
of harvested output.

[P-V]

Multifunctional
oxide and nitride
screening

Alloy-derived candidate
spaces are screened for
electromechanical and
dielectric responses.

Active component design
requires Pareto-optimal windows
that balance electromechanical
response, dielectric behaviour
and structural feasibility.

[P-I, P-II]

Lithium-
based battery
interfaces

Coupled-field simulations
resolve transport, electrical
and interfacial drivers of
interface failure.

Battery reliability requires
suppression strategies that
control local field concentration
and define joint targets for
lifetime, durability and service
performance.

[P-IV]

4.1 Structural Alloys: Processing and Microstructure Control

The analysis begins with multicomponent alloys. Composition alone does not determine
component performance. Manufacturing routes and thermal histories define the intermediate
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state, which then governs mechanical properties under load. For a load-bearing component,
chemistry and processing must be specified together to meet strength and ductility
targets. The section first addresses strength-ductility trade-offs and temperature-consistent
phase evolution. It then extends the same logic to corrosion response and prospective
multifunctional screening.

4.1.1 Manufacturing Pathway-Aware Strength-Ductility Design

AlloyManufacturingNet [P-I] connects chemical composition and fabrication parameters to
strength and ductility. Because these properties carry different physical units and numerical
scales, a direct comparison introduces bias. A scale-invariant objective function F(x,y)
standardises both responses against their dataset mean and standard deviation. This produces
a dimensionless synergy score. Compositions with positive standardised values define the
balanced region used for inverse design. Candidates can then be ranked without arbitrary
response weights.

The feature space uses elemental and stoichiometric parameters. Statistical redundancy
is removed before neural network training. The retained descriptors provide physical
interpretation of the prediction. They include the bulk and shear modulus mismatches (∆B,
∆G) and the valence electron concentration (VEC). ∆B and ∆G relate to Pugh’s ratio B/G
and Cauchy pressure. These parameters indicate the brittle-to-ductile transition. VEC aligns
with Pettifor’s criteria for bonding character. In refractory alloys, VEC determines whether
d-band filling stabilises BCC phases or promotes transformations that enable ductility [32].
The descriptors reflect thermodynamic and quantum-mechanical regularities of bonding.

The manufacturing route is a design variable. Casting, wrought processing, powder
metallurgy, and annealing impose distinct thermal and deformation histories. Each
route produces different phase distributions and defect states. This sensitivity motivates
metamorphic manufacturing, where digitally controlled forming assigns different process
sequences to different zones of a single component. Such control can yield site-specific
mechanical properties within a compositionally uniform part, for example a wear-
resistant surface combined with a ductile core. AlloyManufacturingNet quantifies the
process-composition coupling needed for this type of component specification.

The synergy maps reveal differences between the two base systems. In ZrHfNb-derived
systems, the high-strength and high-ductility regions are well separated. The objective
function rarely yields positive values for both responses simultaneously. In VNbTa-derived
systems, the co-positive window is broader. Mo0.3(VNbTa)0.7 lies within this region. Cr-W
additions under powder metallurgy raise hardness to 730 HV while retaining a positive
elongation score. Ti-rich compositions under annealing shift the balance toward ductility.
These results confirm that optimising one response can reduce the other. The objective
function makes this comparison explicit.

The CoCrNiNbx series tests the trade-off along a single composition axis. Hardness
rises with Nb content. Elongation falls to a minimum near x = 0.25 and then recovers. The
balanced region is therefore located near x= 0.6, yielding 600 HV with elongation above 20%.
Molecular dynamics nanoindentation supplies physical validation. The penetration resistance
for CoCrNiNb0.6 is three times that of CoCrNi. The difference is rooted in Nb-driven changes
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to dislocation mobility, linking macroscopic predictions to nanoscale deformation physics.
The alloy study therefore prioritises robust manufacturing regions rather than single-

property extremes. A dimensionless objective function, physics-guided descriptors, and
atomistic validation together support component-level specification. Figure 4.1 provides the
atomistic evidence. Panel (b) links predicted hardness to nanoscale deformation mechanisms.
Panel (a) presents the DFT curves used to calculate the temperature-dependent elastic tensors
for the process models.

Figure 4.1: Atomistic calculations supply the physical foundations for both the data-
driven property model and the phase-field simulation. (a) DFT energy-volume curves
for representative Al-rich, Al-Cu, and Al-Ni phases. Minimum-energy structures (asterisks)
provide the relaxed configurations from which phase-specific elastic tensors are derived
for temperature-calibrated phase-field parameterisation. [P-III] (b) Molecular-dynamics
nanoindentation of CoCrNi and CoCrNiNb0.6 nanoslabs. Force-depth curves and atomistic
snapshots compare the local mechanical response. The substantially higher penetration
resistance of the Nb-containing slab links the model-predicted hardness increase to a
nanoscale deformation mechanism, connecting the macroscale composition-property trend to
atomistic physics. [P-I]

4.1.2 Temperature-Calibrated Microstructure Prediction

Statistical predictions do not resolve how internal geometries develop during processing. The
Al-Cu-Ni system is multi-phase, with several phases evolving during thermal processing. A
DFT-informed phase-field model [P-III] predicts this evolution for three phases: Al-rich FCC,
Al2Cu, and Al3Ni. The model is built in the MOOSE finite element framework [24, 25]. It
transfers elastic tensors from atomistic calculations to a mesoscale energy description. The
phase energies are coupled using a thermodynamically consistent interpolation function [33].
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Figure 4.2: Faithful scale bridging requires lower-scale parameters that represent the
thermodynamic state of the mesoscale model. (a) Order-parameter fields computed with
elastic constants at 0 K and with temperature-calibrated values at 723 K. (b) Corresponding
phase-area evolution (dotted: 0 K, solid: 723 K). The growing separation demonstrates that
temperature calibration changes the phase-dependent elastic contrast and hence the kinetics
of morphological selection. [P-III]

The total energy reduces to the single-phase value within each grain, keeping the interfaces
well defined.

Elastic behaviour is direction dependent. Each phase is characterised crystallographically
and elastically. The phases are cubic, tetragonal, and orthorhombic. All are mechanically
stable. The number of independent elastic constants rises from three to nine. The full
anisotropic stiffness tensor of each phase is retained instead of an isotropic approximation.
Tensor anisotropy governs the response to internal coherency strains. The same symmetry-
constrained tensor principle underlies PiezoTensorNet in Section 4.2. In both studies,
symmetry defines the admissible tensor structure. Here the tensor is the fourth-rank elastic
stiffness. In PiezoTensorNet it is the third-rank electromechanical coupling.

In the simulations, chemical energy driving forces set the baseline direction of evolution.
Al3Ni grows while Al2Cu is consumed. Internal strain energy is not negligible. Under large
elastic mismatch, it can slow evolution, halt a phase, or reverse the direction of growth. A
phase that would shrink can grow instead. To separate these effects, the model decouples
chemical and elastic contributions to grain evolution. This separation quantifies the elastic
contribution.

Figure 4.2 demonstrates that the simulations diverge as the phases evolve. The area
of a selected grain differs by 18.18% between the 0 K and 723 K parameterisations.
This difference arises because stiffness changes accumulate as the boundaries move. The
divergence confirms that temperature-consistent inputs alter the predicted geometry. A 0 K
input is not representative when modelling fabrication at 723 K. The temperature-calibrated
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tensors are therefore the consistent choice. The 0 K tensor used for Al3Ni is a source of
uncertainty.

The present model retains elastic coupling. Where internal stresses are large, a finite-
strain plasticity framework provides a route to model plastic relaxation at boundaries [P-VII,
AP-II].

4.1.3 Transfer to Surface Durability in Additive Manufacturing

Figure 4.3: AlloyManufacturingNet’s composition-processing framework extends to
functional surface performance through concept-directed deep learning. (a) A Tabular
ResNet with Structural Panelised Element Representation (SPER) maps composition, LPBF
process parameters, and explicit interaction terms to the predicted corrosion resistance R. (b)
Compositional variation of Ni with respect to the target corrosion resistance R, revealing the
ferrite- and austenite-stabilising regimes. (c) Alloying elements grouped into pro-ferrite and
pro-austenite families by the SPER constraint, shaded by R. (d) Candidate compositions on
a PREN, pro-ferrite, and pro-austenite map, with corrosion resistance as the performance
response. [P-VI]

The corrosion study tests the same composition-processing logic in additively
manufactured steel components [P-VI]. It extends the model in three directions. First,
categorical processing routes are replaced by granular process parameters. These include
heat-treatment temperature, soaking duration, and cooling media. Second, the target is
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expanded from bulk properties to surface performance, specifically polarisation resistance.
Third, the architecture is adapted to the more complex process space.

The feature pipeline converts raw inputs into atomic-bulk descriptors and adds two process
blocks. The first captures heat-treatment temperature and exposure duration. The second
contains interaction terms that encode the non-linear coupling between potential and thermal
history. Similar compositions behave differently under different thermal histories because
heat treatment modifies the phase balance. Both the phase fractions and the degradation
response shift with the process conditions.

The model architecture uses a Tabular ResNet with attention weighting to capture higher-
order interactions. Physical constraints are formalised using a structural representation that
groups elements into phase-stabilising families. The network is therefore constrained by
known composition-phase trends (Figure 4.3).

The process-property logic generalises from bulk load-bearing performance to surface
response. Transfer depends on target-specific feature vectors and retraining against
electrochemical data. Apparent corrosion resistance serves as a supporting response. The
results indicate that process-aware models can be adapted across component types and target
properties.

4.1.4 Prospective Screening Techniques for Active Functional Systems

AlloyManufacturingNet [P-I] maps process parameters and compositions to the strength-
ductility balance in multicomponent systems. The same transition-metal pools suggest a
prospective route toward functional oxides and nitrides. In this extension, alloy-derived cation
sets are recast as charge-balanced formulas and screened for electromechanical, dielectric,
and polar responses. This is consistent with data-driven design of active ceramics [34]. The
search space is transferred to new chemistry classes, while recognising that metallic alloys
and their oxide forms require separate stability checks.

The screening combines two inputs from the preceding studies. The candidate space
comes from the alloy datasets after refractory transition metals are recast as oxides and
nitrides. The symmetry classification comes from PiezoTensorNet [P-II], which grouped
point groups into five tensor-sparsity clusters (PG1 to PG5). These are organised as Class A
and Class B. The candidate pool is therefore filtered by symmetry before property trade-offs
are assessed.

Physical symmetry is a central constraint across the studies. It acts through different
mechanisms in each case. It enters through the anisotropic elasticity of Al-Cu-Ni alloys
(Section 4.1.2). It also enters through the electromechanical tensor of PiezoTensorNet
(Section 4.2) and the prospective screening (Figure 4.4). Unlike the tensor model, this
screening retains all point groups during training. The full anisotropic tensor is not predicted
here. Instead, the maximum coupling response emax

i j represents electromechanical behaviour.
This value is combined with dielectric and polar properties to evaluate each candidate.

The prospective library contains about 23,000 charge-balanced formulas drawn from the
transition-metal pools studied in AlloyManufacturingNet [36].

The screening identifies Nb-Ti-Zr and Nb-Ta-Ti oxides as the leading candidates
(Figure 4.5). These compositions often support polar distortions. Further simulations would
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Figure 4.4: The multifunctional extension inherits the crystallographic classification
of PiezoTensorNet [P-II]. Symmetry determines which functional responses a point
group can support. (a) Selection rules across the 32 point groups. A dielectric response
is generally allowed. Piezoelectricity requires a non-centrosymmetric group other than 432.
A polar response requires one of the ten polar groups. (b) Functional-cluster and data-
coverage summary. The panel separates symmetry-allowed responses from the availability of
a measured target. N is the total number associated with functional materials entries in the
materials project database. [Author’s own work. Supporting analysis: [35]]

be required to verify the mechanisms. The data reveal a trade-off in which a wider band gap
accompanies a lower spontaneous polarisation. Consequently, the most promising candidates
occupy a balanced design window rather than showing extreme values for a single property.

This extension provides a filtered search space by combining structural alloy data,
symmetry classifications, and multi-property trade-offs. The outputs are candidates for
future testing. Screening narrows the design space, but it cannot confirm phase stability or
measured properties. Those steps require structure predictions and experimental verification.

4.2 Electromechanical Design from Symmetry to Device Performance

The second application concerns electromechanical energy conversion in active components.
Piezoelectric devices are the principal example. The design variables differ by class. Ceramic
components depend on symmetry, tensor components, and orientation. Polymer elements
depend on fabrication parameters, fibre morphology, and fillers.

The objective is to identify the combined influence of process variables, orientation,
and device geometry on electromechanical output. Component-level mechanical and
electrical analysis is required because a large coupling coefficient alone does not ensure
high performance. Output also depends on stiffness, loading, boundary constraints, and
external circuits. Finite element analysis tests whether material-level improvements translate
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Figure 4.5: The multicomponent-alloy cation pools of AlloyManufacturingNet
datasets [P-I] map onto distinct functional regimes when reused as a screening space for
oxide and nitride chemistries. (a) Chemical-family enrichment atlas: concentric positions
denote the five functional targets and printed values give top-decile enrichment ratios. (b)
Integrated seven-axis composition map for the Al-Hf-Zr-Ti-Nb-Ta-V chemistry. Marker shape
distinguishes oxides from nitrides, response colour distinguishes piezoelectric-dominant,
polar-dominant, and co-functional candidates, and the closed contour marks the co-optimised
region. [Author’s own work. Supporting analysis: [35]]

to device-level performance for the intended loading state.

4.2.1 Applying Tensor Methods to Piezoceramic Design

PiezoTensorNet [P-II] embeds symmetry constraints directly in the neural network
architecture. A classifier first assigns each composition to a tensor-symmetry class. It then
routes the candidate to one of five point-group families (PG1 to PG5) grouped by tensor
sparsity. This classification directs the inputs to a dedicated regression module. The output
dimension matches the number of independent coefficients for that symmetry. This ranges
from a single constant for PG1 to five independent constants for PG5.

Each module populates only the symmetry-allowed tensor positions. This architecture
prevents unphysical values for symmetry-forbidden components. The routing replaces a
general model with specialised modules tuned to specific tensor topologies, which improves
accuracy and data efficiency. The predicted 3×6 tensor is physically consistent and can be
rotated into the device frame.

The feature representation is richer than for structural alloys. Composition descriptors are
combined with crystallographic information. Composition alone cannot enforce symmetry
or orientation behaviour. The model learns from composition together with its symmetry
environment.

A single coefficient such as e33 captures response along only one loading axis. A tensor-
based norm emod is therefore used to rank candidate chemistries. This norm combines
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longitudinal, transverse, and shear components. It serves as a screening variable rather than
a device figure of merit. Device performance also depends on dielectric behaviour, elastic
stiffness, orientation, and loading conditions.

Figure 4.6: Chemistry and orientation act as sequential design variables for the
piezoelectric tensor. (a, b) Single dopants raise emod above the pure-AlN value of 1.67 C m−2.
(c, d) Binary and ternary searches identify B-Er co-doping as the composition with the highest
predicted response, reaching emod = 4.37 C m−2 near B0.3Er0.5Al0.2N. (e, f) Tensor rotation
produces symmetry-related maxima near ψ = 90◦ and 270◦. [P-II]

The design workflow comprises three stages (Figure 4.6). First, single dopants are
predicted to raise emod above pure AlN. B-Er co-doping gives the maximum value of
4.37 C m−2 near B0.3Er0.5Al0.2N by modifying several tensor components simultaneously.

Second, rotating the coordinate axes alters the tensor projection onto the device axes.
This rotation yields response maxima near ψ = 90◦ and 270◦.

Third, the rotated tensor is implemented in a finite element model of a beam component.
The oriented composition is predicted to yield ten times the power of pure AlN. The
simulation links chemistry, anisotropic tensor response, orientation, and power output. The
optimal composition and its power gains remain computational predictions that require
experimental testing.

4.2.2 Morphology-Driven Flexible Piezoelectric Design

In flexible polymers, functionality is controlled by a different state variable. The polar phase
carries the electromechanical response. Its formation depends on chain alignment, stretching
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Figure 4.7: Processing shapes the intrinsic polymer response, while circuit and boundary
conditions set how much of it is realised. (a, b) Passive and P-SSHI harvesting responses.
Electrical conditioning raises the average power from 0.359 to 1.251 nW. (c, d) Free and
laterally constrained actuator configurations give axial strokes of 44.41 and 69.60 nm. [P-V]

during electrospinning, and filler interactions. The relevant design link is process-induced
morphology rather than point-group class alone.

The electromechanical response is crystallographic in origin. The polar phase crystallises
in an orthorhombic structure with symmetry mm2. This structure aligns the internal dipoles
and produces a large polarisation. It is the same PG5 symmetry class studied in the
ceramic model [P-II]. The symmetry of the mm2 class determines which electromechanical
coefficients are non-zero. Process parameters govern fibre morphology, alignment, and filler
distribution. Physical symmetry remains a constraint in both cases, but acts through different
constitutive equations.

Adding SnO2 and optimising electrospinning reduce the mean fibre diameter from 680
to 290 nm. They also raise the polar phase fraction from 0.35 to 0.57. Finer fibres indicate
stronger mechanical stretching. The filler provides active sites for the polar phase. Its effect
is expressed through morphology and phase state rather than through composition alone.

The polymer dataset is limited. It contains fifty-two literature samples with filler fractions
up to 20%. The data are dominated by phase formation and interface effects. Standard
composition descriptors are therefore poorly suited. PGMLpiezo [P-V] combines composite
mechanics baselines with interface representations in a single feature matrix. Embedding
domain knowledge reduces model freedom. It does not remove statistical uncertainty from
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the limited dataset. The model predicts that the coupling coefficient d33 rises from 18 to
29 pC N−1. This prediction is then evaluated at the component level using the FERRET finite
element framework [37].

The simulations identify two routes for increasing output (Figure 4.7). First, electrical
conditioning circuits raise the average harvested power by a factor of 3.5 without changing d33.
The increase arises from improved charge extraction. Second, lateral boundary constraints
increase the actuator stroke by 57%. This constraint suppresses parasitic motions and redirects
the strain field into the desired direction. Component response therefore depends on both
material properties and boundary conditions.

4.2.3 Shared Device-Level Piezoelectric Design Pathway

Figure 4.8: Device-level finite element evaluation is the common step that converts predicted
properties into functional output for both component classes. (a, b) The doped wurtzite
beam converts the symmetry-constrained, rotated tensor into deformation and potential. It
reaches 7.8 V at a 0.97 µm tip displacement [P-II]. (c, d) The polymer actuator demonstrates
the redistribution of response between parasitic and desired displacements under lateral
constraints [P-V].

Ceramic and polymer components use different model inputs but yield similar design rules.
Material optimisation sets the intrinsic response, while component architecture determines
how much of that response is realised (Figure 4.8). The pathway begins with process
parameters and passes through symmetry, orientation, and morphology. It ends with the
geometry, boundaries, and circuits that set the output. An oriented component with lower
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intrinsic properties can outperform alternatives under suitable loads or boundary conditions.

4.3 Battery Interface Reliability and Dendrite Suppression

Electrochemical deposition can cause structural failure in battery components. Operating
stability requires uniform deposition, but local perturbations can grow into branched
structures. These branches consume active material, damage the interface, and may cause
electrical short circuits. The durability of the energy storage component therefore depends
on processing, interfacial, and operating conditions that maintain uniform deposition across
the service life. Relevant parameters include operating temperature, current density, and
mechanical loads.

4.3.1 Coupled-Field Mechanism of Interface Failure

Figure 4.9: The lithium dendrite is treated as an evolving microstructure described by
coupled diffuse fields. A continuous order parameter separates the metallic lithium and
electrolyte regions. Concentration and electric-potential fields describe ionic transport and
electrochemical driving. This allows branching and tip formation to emerge without explicit
tracking of a sharp boundary. [Author’s own work]

Phase-field modelling provides the mechanistic basis (Figure 4.9). An order parameter
separates the solid and liquid regions. Ionic concentration and potential fields describe
transport and charge transfer. The interface evolves under free-energy driving forces. As in
the Al-Cu-Ni process model (Section 4.1.2), the diffuse interface evolves to reduce energy.
The driving physics here includes electrostatic energy and reactions governed by Butler-
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Volmer kinetics [38].

Figure 4.10: A small interfacial perturbation is amplified into a branched structure through
feedback among morphology, transport, and potential. Coupled evolution of (a) electrode
morphology, (b) ion concentration, and (c) electrostatic potential at t = 1.11, 1.54, and 4.23 s.
Depleted valleys receive less deposition while protruding tips experience stronger driving.
Geometry changes transport. Transport changes deposition, and deposition further sharpens
the geometry. Scale bar: 200 µm. [Author’s own work. Supporting analysis: [39]]

The simulation (Figure 4.10) reveals a self-amplifying feedback process. When a small
perturbation forms on the interface, local potential and concentration fields become non-
uniform. Deposition concentrates at the tip. The sharpened geometry further localises the
fields. Interfacial failure cannot be prevented using a single design variable. Stability requires
compatible combinations of transport, driving forces, and kinetic rates. This mechanistic
view informs the suppression strategies of the roadmap review [P-IV].

4.3.2 Suppression Targets for Reliable Operation

Suppression strategies must address multiple mechanisms simultaneously. A literature-based
roadmap consolidates these strategies [P-IV]. They span interphase chemistry, collector
design, loading conditions, and manufacturing quality. The roadmap organises them into ten
coupled performance metrics. These range from current density and efficiency to stiffness
and defect density.

The roadmap (Figure 4.11) makes the parameter coupling explicit. Stiffness, conductivity,
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Figure 4.11: Reliable operation is a coupled, multi-metric target spanning materials,
interfaces, and manufacturing. The radar comparison groups transport, mechanical,
electrochemical, capacity, and defect-control metrics. It also includes temperature-related
targets that should improve together. [P-IV]

and defect control should be optimised jointly. The ten metrics form a joint design envelope
rather than independent targets. This mirrors the phase-field model in Section 4.3.1, where
stability emerges from compatible fields. The phase-field model explains how failures occur,
while the roadmap organises the prevention strategies into a coherent set of targets.

4.4 Transferable Scale-Bridging Schemes Across Three Distinct
Categories: Multicomponent Alloys, Piezoelectrics, and Batteries

The studies yield five transferable schemes for active and structural components. They apply
to alloys, piezoelectric devices, and battery interfaces.

1. Chemistry and fabrication parameters should be designed together. Composition
alone does not determine performance. The manufacturing route and thermal history
set the internal state. Processing must be treated as an active design variable. The same
composition yields different responses under different process routes.

2. The intermediate state bridges the scales. Parameters passed across scales must
be consistent. Grain geometries, morphologies, tensor orientations, interfacial shapes,
and potential fields carry lower-scale information to the component level. Representing
this state explicitly makes the design models transferable. This transfer is accurate
only when the parameters match the physical state of the receiving model. The Al-Cu-
Ni study demonstrates that 0 K elastic tensors yield different grain shapes at 723 K.
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Thermodynamic consistency is therefore treated on the same footing as numerical
convergence.

3. Active components require balanced design windows rather than single-property
maxima. Performance depends on multiple interacting mechanisms. Strength
competes with ductility. Piezoelectric output depends on both tensor orientation
and device geometry. Preventing interfacial failure requires simultaneous control of
transport, electric fields, and kinetics. The design target is a balanced window in which
competing requirements are satisfied.

4. Component performance and material properties are distinct design stages.
Optimisation can raise a coupling coefficient or a phase fraction. However, component
geometry, loading, boundary conditions, and circuits set the realised output. Multi-
physics finite element analysis is needed to evaluate these devices. This tests whether
material-level improvements translate to system performance under load.

5. Data-driven models require physical constraints and staged validation. Process
descriptors, symmetry constraints, and physical bounds prevent unphysical predictions.
This keeps the optimisation within valid limits. The role of the model must remain
explicit. A screening model identifies prospective candidates, while a validation model
evaluates a specific component design.

A coherent methodology emerges from these studies. Composition and processing define
the attainable properties. The intermediate state carries this information across scales. The
coupled multi-physics response then determines performance at the component, device, or
interface. Material properties therefore cannot be treated only as tabulated inputs. They are
design variables that govern load-bearing capacity, energy conversion, and reliability.

In practice, the methodology leads to co-specified alloy chemistry and process parameters,
jointly optimised piezoelectric orientation and device geometry, and coupled battery-interface
reliability envelopes. Computational modelling can reduce experimental prototyping cycles
in each domain by identifying the parameter combinations that should be evaluated first. This
is the principal contribution of the scale-bridging synthesis.

Chapter 5 uses this methodology to evaluate the objectives and hypotheses. It also outlines
future research directions.
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The preceding chapters show that manufacturing routes, intermediate states, and component
response cannot be optimised in isolation. No single simulation method spans the full process-
to-performance chain. This dissertation therefore treats advanced functional materials as
the physical basis of structural and functional systems. Material behaviour is examined
because it governs component performance, durability, and operational life. The five schemes
developed in Chapter 4 provide the basis for the assessment below.

This chapter evaluates the findings against the objectives of Chapter 3, assesses the
hypotheses of Chapter 2, and outlines future directions for component design and simulation.

5.1 Achievement of the Research Objectives

The three objectives of Chapter 3 were achieved using computational mechanics and data-
driven models. This section summarises the resulting capabilities. Section 5.2 then relates
the evidence to the hypotheses.

Objective 1. A simulation-based method was developed to specify manufacturing routes
for structural alloy components. The data-driven model maps process parameters to strength
and ductility responses in multicomponent systems [P-I]. A coupled phase-field model
transfers temperature-dependent elastic constants to simulate grain evolution during thermal
processing [P-III]. A supporting study applied the same process-aware logic to corrosion
resistance in additively manufactured duplex steel components [P-VI, P-VII]. Reusing
structural candidate spaces for active component design remains a prospective extension.

Objective 2. Piezoelectric sensor, actuator, and energy-harvester design was addressed
through tensor prediction and device-level simulation. For crystalline components, the
method predicts the full electromechanical tensor under symmetry constraints and integrates
the rotated tensor into a finite element model [P-II]. For active polymers, process descriptors
predict the effective response of electrospun components under mechanical constraints [P-V].

Objective 3. Battery-electrode reliability was evaluated using coupled-field phase-field
simulation. The model simulates interfacial degradation under electrical and transport fields
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and explains how localised field concentrations at interface protrusions accelerate mechanical
failure. A complementary roadmap review consolidated these findings into coupled targets
for component lifetime [P-IV].

Together, these objectives cover three stages of component-oriented modelling: process
specification for load-bearing alloys, device-level evaluation of piezoelectric elements, and
reliability assessment of energy-storage interfaces.

5.2 Assessment of the Research Hypotheses

The central and specific hypotheses of Chapter 2 are evaluated using the evidence from
Chapter 4.

CH. The integrated scale-bridging framework established process-to-performance pathways
across all three domains. Individual modelling approaches could not achieve this alone.
In each study, the intermediate state serves as the transfer medium between lower-scale
parameters and system response. It includes grain geometries, tensor orientations, and
evolving battery interfaces. Consistent parameter transfer and physics-guided descriptors are
necessary for accurate predictions, although the specific descriptors and equations remain
system-dependent. Supported across all three domains.

H1. Coupled models provided design capabilities unavailable to single-scale models. Data-
driven tensor prediction combined with finite element analysis yielded device-level output
estimates that neither step could provide alone [P-II]. Similarly, transferring temperature-
calibrated elastic constants to the phase-field model improved process simulations and
supported thermal-route optimisation [P-III]. Supported computationally.

H2. Process descriptors identified balanced strength and ductility regions in
multicomponent alloys and supported joint optimisation of composition and manufacturing
parameters [P-I]. Temperature-calibrated elastic constants altered the predicted grain
morphology in phase-field simulations, showing that temperature consistency is necessary
for process-relevant geometry prediction [P-III]. Supported within the computational scope.

H3. Full electromechanical tensor models predicted orientation-dependent performance
in crystalline components. Finite element analysis showed that device response depends on
the complete tensor. An optimised and oriented composition delivered a ten-fold increase in
simulated output power, while emod rose from 1.67 to 4.37 C m−2 [P-II]. For active polymers,
process parameters predicted the effective response. The coefficient d33 increased from 18 to
29 pC N−1 under optimised fabrication parameters [P-V]. Supported computationally.

H4. Coupled-field simulations resolved the feedback mechanisms that drive interfacial
degradation and captured localised degradation at interface tips. The literature synthesis
grouped prevention methods into joint target envelopes rather than isolated metrics [P-IV].
Supported.
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SP1. The studied components follow a common logic in which process parameters influence
performance through an intermediate state. This yields the five schemes of Section 4.4. Model
inputs and governing equations remain application-specific, so broader transferability should
be assessed in future studies. Partially supported.

5.3 Future Directions

Four directions follow from the present study. They extend the same process-to-performance
logic while adding uncertainty analysis and domain-specific verification.

More comprehensive structural and reliability models. The phase-field model could be
coupled with CALPHAD data and finite-strain plasticity to predict component geometry under
process conditions. The interfacial model could be extended with temperature dependence
and three-dimensional transport for reliability assessment under realistic operating conditions.
In solid-state batteries, for example, interface degradation often occurs along grain boundaries.
Simulating deposition within polycrystalline structures would test this failure mode. The
electromechanical models could also be broadened to include multilayered and composite
device geometries.

Reduced-order modelling and inverse design. Machine-learning models could be trained
on phase-field simulations to compress complex interfacial shapes. The resulting surrogate
would support probabilistic inverse mapping from failure morphology to electrical and
transport parameters. It could also provide indicators for component stability. The same
reduced-order strategy could be applied to structural and tensor models in other domains.

Prospective multifunctional component design. Alloy-derived candidate spaces could
be reused to screen for combined electromechanical and dielectric responses. The cations
explored for structural applications include Nb, Ta, Ti, Zr, and Hf. These same elements can
form polar and high-permittivity oxides and nitrides, making the composition space suitable
for active component design. The objective is to identify balanced chemistries rather than
maximising a single property.

Within the screened spaces, different elements favour different responses. Transition
metals such as Nb, Ta, and Ti tend toward high permittivity and large piezoelectric stress.
Nitride chemistries show larger spontaneous polarisation. Light elements and alkaline earths
tend toward wider band gaps. These properties do not vary independently. The analysis
reveals a lower-dimensional surface of trade-offs (Figure 5.1). Spontaneous polarisation and
band gap vary inversely. The electromechanical response soft-saturates at high permittivity. A
viable component requires a balanced, Pareto-optimal design window. The leading Nb-Ti-Zr
and Nb-Ta-Ti oxide candidates fall within this window.

These candidate chemistries remain screening outputs. Subsequent work requires
structure prediction and DFT stability tests, followed by component fabrication and testing.
Symmetry-based rules organise candidates by response type [40]. Applied early in the design
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cycle, this filter combines with alloy data and trade-off maps to support components with
multiple active functions.

Figure 5.1: Extending the structural alloy design of AlloyManufacturingNet screened
datasets [P-I] to multifunctional components requires navigating property trade-offs.
(a) Predicted maximum piezoelectric stress response emax

i j versus ionic permittivity εi.
Background colour encodes polar compatibility Cpolar. (b) Predicted spontaneous polarisation
P versus polar-phase band gap E p

g . Background colour encodes piezoelectric compatibility
Cpiezo and shows the trade-off in which a wider band gap accompanies a lower polarisation.
[Author’s own work. Supporting analysis: [35]]

Closed-loop active learning. Simulation and evaluation steps could be integrated into a
self-updating design loop. In this loop, model uncertainty selects the next simulation or
experiment, and each new result retrains the model. Resources are then focused where
predictions are uncertain or where design gains are largest. This active-learning cycle reduces
the data needed to optimise process conditions for active components. Fully autonomous
operation is a prospective extension.

Related methods could be applied to other systems. Examples include the thermal design
of shape-memory components and the screening of magnetic sensors. These are prospective
applications rather than completed studies.

These future directions align with modern design practice. Material properties determine
the performance and durability of structural components. Design requirements drive the
selection of advanced functional materials and fabrication routes. Computational mechanics
now integrates multiscale simulations with data-driven models to replace sequential
procedures with coupled design workflows.

Scale-bridging design does not require a single universal model. It requires physics-
guided descriptors, consistent cross-scale transfer, and explicit representation of the
intermediate state. Integrating data-driven models, physics-based simulations, and finite
element analysis provides a transferable basis for predicting component performance,
durability, and reliability.
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A B S T R A C T

Located around the center of multicomponent phase space, multi-principal element alloys (MPEAs) are often
characterized with a unique blend of contrasting physico-chemical properties, and have a good prospective of
presenting hardness-ductility synergy. A datasets of MPEAs fabricated by casting, wrought, sintering, annealing
procedures, was collected and the mean values for hardness and elongation was determined as 495.3 HV
and 22.16 % respectively. After screening and processing the datasets with the help of feature selection by
tools such as Pearson’s correlation coefficient, multicollinearity analysis and principal component analysis,
artificial neural networks (ANNs) were subsequently trained in this study. An ensemble of these networks
known as AlloyManufacturingNet was then purposed as the prediction toolkit for the inverse alloy design
in applications including metamorphic manufacturing. During the in-silico design of external elements doped
ZrHfNb and VNbTa alloys for maximum hardness, the model has estimated that Cr0.4W0.5(ZrHfNb)0.1 and
Cr0.5W0.3(VNbTa)0.2, both fabricated by sintering method, show hardness values of 684.49 and 733.42 HV
respectively. While Ti0.7(ZrHfNb)0.3 prepared via annealing procedure shows the largest elongation of 43.52
% in the category of ZrHfNb-derived alloys, Mo0.1Ti0.8(VNbTa)0.1 processed through the wrought process is
estimated to have a maximum elongation of 34.36 % in the group of VNbTa-derived alloys. For establishment
of the hardness-ductility synergy as required in structural applications, the composition spaces for given
manufacturing routes have been searched with the machine learning model. In general, the MPEAs derived
from base VNbTa alloy tend to perform better in context of possessing composition values having both the
hardness and ductility above the aforementioned mean values. The machine learning based estimation was
done in another MPEA, namely, CoCrNiNbx alloy to quantify the change in hardness with the change in Nb
content, and the mechanistic insights were obtained via molecular dynamics simulations.

1. Introduction

The high entropy alloys (HEAs) ubiquitously also known as multi-
principal element alloys (MPEAs) in literature are alloys that consist of
five or more principal (or base) elements having an equal or near-equal
proportion ranging from 5% to 35% of base elements in them (Zhang
et al., 2020; MacDonald et al., 2017; Senkov et al., 2018; Miracle and
Senkov, 2017). The Medium Entropy Alloys (MEAs) are the MPEAs
consisting of three or four base elements (Tan et al., 2020). The concept
of HEAs was first introduced to the scientific community in 2004 by
Yeh et al. (2004). Since their inception, HEAs have received attention
in material design because of the possibility to obtain products with
enhanced mechanical properties (Lu et al., 2020; Han et al., 2020;
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E-mail addresses: gyanwalikhem@ioe.edu.np (K. Gyanwali), anil.kunwar@polsl.pl (A. Kunwar).

Thiel et al., 2020; Průša et al., 2020), high hardness (Tian et al.,
2015), greater wear resistance (Yang et al., 2020), outstanding high-
temperature resistance (Soni et al., 2020; Zhao et al., 2020), fracture
resistance (Gludovatz et al., 2014), lower temperature ductility (Li and
Raabe, 2017) among others. Thereby making multi component alloys
an excellent choice for material design. The design of MPEAs is not a
straightforward task as there can be an infinitely large combination of
constituent elements and their proportions that can impart given set
up features and properties in the resulting alloys (Miracle, 2019). In
addition to that, experiments on different element compositions by trial
and error consume both time and resources without any certainty of
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better outcomes. However, various techniques have been developed for
the design of MPEAs from simple empirical rules (Guo, 2015; Liang and
Schmid-Fetzer, 2017) to computational complex models like calculation
of phase diagram (CALPHAD) (Liu et al., 2021), Density Functional
Theory (DFT) (Singh et al., 2020), ab-inito calculations (Startt et al.,
2022), and Molecular Dynamics (MD) (Mishra et al., 2021; Zhang
et al., 2021). Recently, machine learning (ML) techniques have gained
popularity in MPEA design because of their efficient computational
time and cost in contrast to the first principal methods and CAL-
PHAD (Pei et al., 2020; Hernandez, 2015). Artificial neural networks
(ANN) are quite successful in phase prediction of compositionally
complex alloys (Subedi et al., 2022b; Islam et al., 2018).

Hardness is one of the crucial mechanical properties that have to be
considered in material design because of its tendency to resist localized
plastic deformation, indentation, and scratching. The dispersion in
hardness values provides valuable physical and mechanical insights
into material properties, reflecting inherent variability and aiding sci-
entific understanding (Chausov et al., 2021). Wen et al. presented an
ML-based technique to obtain new MPEAs with high hardness values in
Al–Co–Cr–Cu–Fe–Ni alloys taking 91 observations (Wen et al., 2019).
Although more datasets are available in the literature, this work studies
the hardness of only specific MPEA systems. Chang et al. used neural
network model on 155 HEA samples (Chang et al., 2019) which con-
sidered an alloy system consisting of 8 elements only. Bhandari et al.
predicted the hardness of refractory HEA with 128 as-cast data observa-
tions (Bhandari et al., 2021). All of these works show decent prediction
accuracy. However, they are trained with at most 155 datasets and
with a limited elemental framework of 6, 8 and a maximum of 17 by
Bhandari et al. This excludes considerable alloys, including refractory
MPEA. Bakr et al. predicted hardness on MPEA by taking 427 datasets
consisting of 18 elements and manufactured by casting and powder
metallurgy (Bakr et al., 2022). Beniwal et al. presented an ensemble
artificial neural network trained with 218 MPEAs consisting of 22
elements fabricated by casting, tested with separate 58 MPEAs (man-
ufactured by casting and sintering method only) and features selected
from 22 pool of alloys and elemental descriptors (Beniwal et al., 2022).
The study is successful in capturing the non-linear relationship between
input features and hardness. However, the model was trained only for
prediction of hardness feature, and does not include the estimation of
elongation. It is therefore necessary to build an inclusive model that can
express on the ductility of MPEAs along with the information on the
hardness. The ductility of material can be explained by yield strength,
ultimate tensile strength, and elongation. Hard materials are unlikely to
have large elongations. Liu et al. studied the empirical relation for the
prediction of elongation on as-cast Al–Co–Cr–Fe–Ni MPEA by analyzing
the volume fraction of different microstructures and the application of
CALPHAD. Both root mean squared error and mean absolute error for
the elongation obtained is 20.1%. Among various properties predicted
using the empirical method, the prediction of elongation has very low
accuracy (Liu et al., 2021). There has been no data-driven approach for
the prediction of elongation in combination with hardness assessments
for the MPEA.

The information on hardness is important as an alloy with high
hardness usually has lower ductility which limits its design scope (Dong
et al., 2013). The high-temperature plastic deformation impacts the
hardening kinetics, revealing differences in intensity tied to disloca-
tion microstructure changes (Yasnii et al., 2008). Also, the abrasion
resistance of the material is dependent on the ductility in addition
to the hardness. The hard and ductile alloy is found to have better
wear resistance properties than the alloy with only a high hardness
value (Jha et al., 2003). Therefore, it is essential to study both hardness
and elongation together in order to expand the design scope of the
alloy. The percentage elongation is the ductility property of a material.
Singh et al. (2023) have recently introduced local-lattice distortion
(LLD) metric as an estimator of the ductility for refractory multi-
principal element alloys. The establishment of this quantum mechanical

dimensionless metric for ductility opens the door to benchmark per-
centage elongation values of different sets of alloy compositions. Pugh’s
ratio, positive Cauchy Pressure and Valence Electron Concentration
(VEC) are among the widely accepted indicators of material ductility
(Singh et al., 2023; Pugh, 1954; Hadi et al., 2016; Pettifor et al., 1991;
Pettifor, 1992; Yang et al., 2018; Balasubramanian et al., 2018). A data-
driven model constructed from the data encompassing these indicators
can be a promising tool for the accurate foretelling of the percentage
alloy of a new MPEA. The knowledge of both hardness and elongation
is crucial so as to get desired applicability of the alloy. Most of the
studies hitherto associated with hardness and elongation prediction
uses small datasets, consisting of few elemental compositions, and
fails to generalize the model for MPEAs manufactured by different
techniques. Moreover, no study has been done to capture both the
hardness and ductility of the MPEAs. There can be design limitations
to come up with the desired combination of hardness and elongation in
conventional alloys. That restriction can be avoided with the research
in MPEA. Hence, a data-driven study on both hardness and elongation
can provide an accelerated search for optimized MPEA.

Apart from the initial phases of digital manufacturing, computer
numerical control (CNC) and additive manufacturing, a novel approach
called metamorphic manufacturing, envisioned by researchers Daehn
and Taub (2018), has emerged. This method employs digitally con-
trolled incremental forming (Daehn and Taub, 2018; Liu et al., 2023),
including thermal manipulation, to create engineering components
with site-specific properties governed by local microstructures (Dasari
et al., 2020). HEA or MPEA are ideal for metamorphic manufacturing
due to their capacity to modify structural and functional properties
within a single alloy composition using diverse manufacturing meth-
ods or processing strategies (Dasari et al., 2020). Yet, the challenge
lies in the limited availability of property databases for MPEAs at
specific compositions and processing routes. Developing design charts
encompassing material properties for a given MPEA at a particular com-
position across various manufacturing routes is crucial for advancing
the metamorphic manufacturing sector rapidly.

In this study, alloy datasets were categorized into four main man-
ufacturing routes: casting (CAT-A), wrought and miscellaneous (CAT-
B), powder metallurgy (CAT-C), and annealing (CAT-D). Casting in-
volves repeated cycles of melting and solidification using an MPEA
crucible (Fig. 1(a)) Paganotti et al. (2019). Wrought and miscellaneous
processes encompass smelting, mixing, and forming billets or slabs
(Fig. 1(b)). Powder metallurgy includes sintering to create a sintered
MPEA with pores between grains (Fig. 1(c)), while annealing involves
a series of processes like VAR, hydrogen annealing, milling, sieving, and
vacuum annealing to form MPEA spheres from powder form using ther-
mal plasma (Fig. 1(d)) (Lee et al., 2019). These categories correspond
to different thermomechanical processing routes.

The machine learning toolkit AlloyManufacturingNet was devel-
oped to predict MPEA’s contrasting mechanical properties: hardness
and elongation. In our study, we emphasize the dataset’s complexity’s
role in model accuracy. Simplifying complex datasets can enhance
deep learning model accuracy, akin to ‘‘Kolmogorov complexity’’. No-
table papers show reduced complexity boosts accuracy by curating
and preprocessing data, striking a balance between advanced methods
and data quality for better predictions (Bolon-Canedo and Remeseiro,
2020; Kabir and Garg, 2023). Extensive training data, including alloy
and elemental descriptors, were obtained from published sources. Fea-
ture selection and hyperparameter tuning were used to optimize the
model. This trained model was applied to design alloys for hardness-
ductility synergy, considering various constituent element composi-
tions and manufacturing routes. Additionally, it assessed the impact of
manufacturing routes on the properties of ZrHfNb and VNbTa alloys
with different dopant elements and compositions. Molecular dynamics
simulations were conducted for nanoindentation tests on CoCrNiNb𝑥
alloys produced by the casting process to elucidate predicted hardness
properties.

45



Engineering Applications of Artificial Intelligence 132 (2024) 107902

3

S. Poudel et al.

Fig. 1. Common manufacturing routes for fabricating MPEAs. (a) casting (CAT-A), (b) Wrought and remaining all (CAT-B), (c) powder metallurgy (CAT-C), and (d) annealing
(CAT-D).
Source: The image in (a) is adopted from Paganotti et al. (2019) and in (d) is adopted from Lee et al. (2019).

2. Quantitative profiling and ensemble machine learning

The general workflow for data-driven design of hardness and elon-
gation of multi-principal element alloys is presented in Fig. 2. As
revealed in Fig. 2(a), it is first necessary to collect raw dataset of MPEAs
from published literature. After performing numerical fingerprinting
for the data, the designated features was screened for sorting out
the important features as depicted in Fig. 2(b). This will help in the
construction of a robust and physically intuitive machine learning
model. In order to cope with the diversity in the origin of dataset
sources, ensemble models (Fig. 2(c)) can be trained with the data. The
prediction models will then act as the source for generic design of
MPEA materials.

2.1. Featurization and numerical fingerprinting

The first task in data-driven modeling is to collect the data from
sources, and in this work, the data related to hardness and elongation
were obtained from published works (Yeh et al., 2004; Bhandari et al.,
2021; Beniwal et al., 2022; Borg et al., 2020; Xiong et al., 2021;
Gorsse et al., 2018; Salishchev et al., 2014; Thomas Chan Hien Dam,
2016; Jiang et al., 2022). Only the experimentally validated and pub-
lished data are considered in this work. The collected datasets are
automatically featurized so as to obtain constituents element and their
corresponding compositions. The pymatgen and matminer python li-
braries are used for the automatic featurization (Subedi et al., 2022a).
A pragmatic approach is taken by considering the nominal compo-
sition when the true composition of the material is unavailable or

not well-documented. Additionally, for model training and testing,
data specifically selected from tests conducted at room temperature
is employed. The collected datasets in Fig. 3 encompass various al-
loy compositions, mechanical properties (hardness and elongation),
fabrication methods, and phases. Four manufacturing route categories
(CAT-A, CAT-B, CAT-C, and CAT-D) are depicted in bar charts for
hardness (Fig. 3(a)) and elongation (Fig. 3(c)) data. Regarding the
hardness data for MPEAs, initially, 706 observations were gathered,
excluding binary alloys. To focus on high entropy alloys with 3 to 7
components, a filtering code was applied, resulting in 683 remaining
observations, categorized by manufacturing type (Fig. 3(a)) and compo-
nent count (Fig. 3(e)). The final hardness dataset included 22 elements
(Fig. 3(b)). For the elongation datasets, comprising 353 observations
with 26 elements (Fig. 3(c)), each MPEA had 3 ≤ 𝑁 ≤ 9 components
shown in Fig. 3(g). Box plots visually conveyed phase structure in-
formation for hardness (Fig. 3(f)) and elongation (Fig. 3(h)) datasets,
showing both single- and multi-phase MPEAs. Hardness values ranged
from 109 to 1084 HV (Fig. 3(f)), while elongation values in Fig. 3(h)
spanned from 0 to 96.2%. The experimental specimens reported in the
abovementioned sources of the elongation test datasets of MPEAs all
have the length/thickness within the range of few millimeters, strain
rate in the range of 1.0 × 10−4–10 × 10−4 s−1 and total loading time
of 15–20 s. The specimens for compression based deformation were
generally of cylindrical geometry whereas those for tensile ductility
tests were found to be mostly of rectangular geometry. In order to
accommodate the differential effects of tension and compression tests,
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Fig. 2. Schematic workflow for distilling the high entropy alloys dataset includes the processes such as auto featurization, feature reduction, learning the characteristics of data
and designing property contours. (a) The raw datasets obtained from the published literature is converted into numerical fingerprints, and the featurization is automated using
Matminer and Pymatgen libraries. Property features are also obtained at this stage. (b) The pool of property features is analyzed statistically using feature selection techniques
such as PCC Heatmaps and principal component analysis (PCA). The datasets with reduced features are classified into different categories in accordance with the corresponding
manufacturing technique. (c) To account for the effects of categorical inputs, ensemble learning is implemented while training the neural network with hardness or elongation as
an output feature. (d) The prediction models are then utilized in the hardness and elongation design of a generic refractory MPEAs.

To ensure the robustness of a data-driven approach for MPEA
material design, it is essential that the selected features carry phys-
ically meaningful information. This task becomes particularly crucial
given the high-dimensional materials design space, especially in the
case of HEAs (Subedi et al., 2022a). The feature pool, outlined in
Table 1, encompasses diverse categories. The first category includes
terms derived from Hume-Rothery rules, such as atomic size differ-
ence (𝛿), electronegativity (𝛥𝜒), and Valence Electron Concentration
(VEC). Features like 𝛿 and 𝛥𝜒 are relevant as they capture relative
atomic sizes and chemical compatibility among constituent elements
in MPEAs, respectively. Another category incorporates concepts from
materials and alloy thermodynamics, encompassing Enthalpy of Mixing
(𝛥𝐻𝑚𝑖𝑥), Entropy of Mixing (𝛥𝑆𝑚𝑖𝑥), Average Molar Heat Capacity (𝛿𝐶𝑝),
Geometrical Parameter (𝜆), and Dimensionless Parameter (𝛺). Notably,
𝛺 stands out as a feature because it amalgamates 𝛥𝐻𝑚𝑖𝑥, 𝛥𝑆𝑚𝑖𝑥, and
the average melting temperature 𝑇𝑚(𝐾) of an MPEA, providing an
alternative solution for the numerical fingerprinting of HEAs’ Gibbs
energy of mixing complexities. Additionally, the feature pool includes
the average melting temperature 𝑇𝑚(𝐾) of an MPEA and its asymmetry
𝛥𝑇𝑚 as independent features, further enhancing the robustness and
relevance of data-driven methods for MPEA material design.

A comprehensive pool of 15 input features was constructed, as
detailed in Table 1. These features encompass a range of elemental
and alloying descriptors, including Mean Atomic Radius difference
(𝛿), Electronegativity asymmetry (𝛥𝜒), Average Melting Temperature
(𝑇𝑚(𝐾)), Melting Temperature asymmetry (𝛥𝑇𝑚), Valence Electron Con-
centration (VEC), Average Atomic Number (AN), Thermal Conductivity
(K), Average Bulk Modulus (B), Average Shear Modulus (G), Shear

Modulus Asymmetry (𝛥𝐺), Average Molar Heat Capacity (𝛿𝐶𝑝), En-
tropy of Mixing asymmetry (𝛥𝑆𝑚𝑖𝑥), Enthalpy of Mixing asymmetry
(𝛥𝐻𝑚𝑖𝑥), Geometrical Parameter (𝜆), and Dimensionless parameter (𝛺).
The mathematical expressions used for numerical fingerprinting of
these features are detailed in Supplementary Materials Table S1.
Notably, these features can be categorized into two groups: elemental
descriptors, indicating alloy properties as an extension of the elements
in the composition (S.N. 1–11), and alloying descriptors, highlighting
property changes resulting from element interactions in alloy formation
(S.N. 12–15). The entropy of mixing was evaluated using the WenAlloys
class from the matminer library (Wen et al., 2019), while the enthalpy
of mixing was derived from Miedema’s model. Importantly, the feature
pool intentionally excludes the feature corresponding to the manufac-
turing route or fabrication procedure (MR), signifying its exclusion in
correlation analysis and principal component analysis, with selective
utilization in the ensemble machine learning algorithm.

2.2. Data preprocessing and feature engineering

The collected datasets were divided into training and testing sets
to prevent data leakage during preprocessing and model training. This
split ensures that the test data can provide an accurate representation
of the model’s performance on new MPEAs. The random split was
conducted with a 90:10 ratio for training and testing data. The dis-
tribution of hardness and elongation values in the training and testing
datasets is visualized in Fig. 4(a). Fig. 4(a) (i) displays the distribution
of 614 training hardness data points, with a mean of 500 HV, a median
of 506 HV, and 10th and 90th percentiles at 207 HV and 782 HV,
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Fig. 3. Understanding the data through visualization is a prelude to featurization. Number of MPEA for different fabrication routes for (a) Hardness (c) elongation. Number of
occurrence of elements in (b) hardness (d) elongation. Number of elements in an alloy system for (e) hardness (g) elongation. Statistical distribution for seven phase systems with
mean, median, and quartiles (25% and 75%) for (f) hardness (h) elongation.

Table 1
The table’s first column lists the initial 15 input features considered for the feature pool, applicable to both the hardness and elongation
datasets. In the hardness dataset, the output feature of interest is hardness (HV), while in the elongation dataset, it is elongation (EL). To assess
multicollinearity within the feature pool, variance inflation factor (VIF) analysis is conducted. It is worth noting that PCC stands for Pearson’s
correlation coefficient, and a comprehensive examination of PCC will be provided in Section 2.2.
Name of features Hardness VIF Elongation VIF

Before PCC After PCC Before PCC After PCC

Mean Atomic Radius difference (𝛿) 8.3 6.43 5.02 2.2
Electronegativity asymmetry (𝛥𝜒) 3.98 1.66 3.37 Dropped
Average Melting Temperature (𝑇𝑚(𝐾)) 63.1 Dropped 60.48 Dropped
Melting Temperature asymmetry (𝛥𝑇𝑚) 4.16 3.19 2.97 2.0
Valence Electron Concentration (VEC) 21.48 2.35 11.1 3.0
Average Atomic Number (AN) 18.55 Dropped 14.46 Dropped
Thermal Conductivity (K) 5.55 Dropped 7.40 Dropped
Average Bulk Modulus (B) 16.55 Dropped 31.21 Dropped
Bulk Modulus Asymmetry (𝛥𝐵) 7.5 2.88 6.35 3.32
Average Shear Modulus (G) 3.32 Dropped 7.47 Dropped
Shear Modulus Asymmetry (𝛥𝐺) 3.9 1.8 3.25 1.26
Entropy of Mixing asymmetry (𝛥𝑆𝑚𝑖𝑥) 1.22 Dropped 1.65 1.32
Enthalpy of Mixing asymmetry (𝛥𝐻𝑚𝑖𝑥) 4.8 3.07 2.99 1.57
Geometrical Parameter (𝜆) 2.2 1.99 2.08 Dropped
Dimensionless parameter (𝛺) 1.17 Dropped 1.17 Dropped
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Fig. 4. Data preprocessing and analysis. (a) Distribution of Train–Test split. hardness has 614 train and 69 test data while elongation has 317 train and 36 test datasets. The
plot shows test and train distribution follows similar distribution) (b) Heatmap after feature selection by PCC corresponding to the features of the refined hardness database
DB1-HV-PCC and the elongation database DB1-EL-PCC. The inclusion of 𝛥𝐵 (denominator in Pugh’s ratio), 𝛥𝐺 (numerator in Pugh’s ratio) and VEC in the feature pool verifies
that the information associated with relevant indicators of hardness and ductility is well preserved within the training datasets. (c) Cumulative Explained Variances (EVs) for PCA.
This figure illustrates the feature sets’ ability to capture 90% of the explained variance. DB3-HV-PCA achieves this with 7 out of 15 components, DB3-EL-PCA with 8 out of 15
components, DB4-HV-PCA with 8 out of 19 features, and DB4-EL-PCA with 9 out of the same 19 features, as determined by PCA. Additional details are available in Supplementary
Material S1 and Figure S3.

respectively. In Fig. 4(a) (ii), the distribution of 69 test hardness data
points closely resembles the diversity seen in the training data, with
percentiles ranging from 218 HV to 715 HV and a mean of 458 HV.
Similarly, Fig. 4(a) (iv)represents the distribution of 36 test elongation
observations, capturing the variation observed in the training data
shown in Fig. 4(a) (iii). The mean elongation values for the training
and test sets are 22% and 25%, respectively.

Following the split, the training set is standardized using Sci-Kit
Learn’s StandardScalar() library to achieve a mean of zero and a stan-
dard deviation of one, a common practice in machine learning to
mitigate the impact of feature magnitude variations. The test data is
also standardized using the statistics from the training set. However,
it is worth noting that the four features corresponding to fabrication
routes (CAT-A, CAT-B, CAT-C, and CAT-D) are not standardized. These
categorical inputs are one-hot encoded into columns of zeros and ones,
representing the presence or absence of each route for a given MPEA.
For example, if an MPEA is manufactured via the casting process (CAT-
A), its corresponding column would have a value of 1, while the other
columns (CAT-B, CAT-C, CAT-D) would have 0 values, resulting in a
clear representation of the fabrication route (MR) for that MPEA.

In the course of machine learning model construction, feature se-
lection is defined as a technique of identifying the subset from a
given set of initial features, which can eventually help in realizing the
simplification of the future model and solve problem such as the curse
of dimensionality. In other words, feature selection is an important task
to perform for the identification and elimination of redundant input
features. The regression type model which gives a numerical target
as output needs a numerical feature selection technique. Two of the

most commonly used approaches for the numerical feature selection
for regression models are Correlation metrics and Principal component
analysis (PCA).

2.2.1. Variable reduction with PCC heatmaps and multicollinearity analysis
Pearson’s correlation coefficient (PCC) assesses linear relationships

among variables, vital for classification or regression tasks (Roy et al.,
2022; Khakurel et al., 2021). PCC heatmaps in Supplementary Figure
S1 and S2 show correlations between 15 input variables and target
hardness (HV) and elongation (EL). The coefficients range from −1 to
1, with higher absolute PCC values indicating stronger correlations.
Features with PCC above 0.9 are reduced to one, and those below 0.2
with the target variable are excluded, ensuring relevant input features
for model development. Eight features (𝛿, 𝛥𝜒 , 𝛥𝑇𝑚, VEC, 𝛥𝐵, 𝛥𝐺, 𝜆,
𝛥𝐻𝑚𝑖𝑥) were selected alongside the target HV feature for ML model
development. And, In the case of elongation seven input features (𝛿,
𝛥𝑇𝑚, VEC, 𝛥𝐵, 𝛥𝐺, 𝛥𝑆𝑚𝑖𝑥, 𝛥𝐻𝑚𝑖𝑥) emerged as finalists, following similar
PCC criteria. The PCC heatmap in Fig. 4(b) reveals that each of these
input features has a PCC score of absolute magnitude larger than
0.2 with target, i.e., HV or EL, and less than 0.9 with other input
features. This refined dataset, named DB1-HV-PCC, comprises these
eight features and HV. The corresponding refined dataset for elongation
is labeled DB1-EL-PCC. To account for the influence of manufacturing
routes on mechanical properties, the MR feature was manually added
to the DB1-HV-PCC and DB1-EL-PCC datasets, forming DB2-HV-PCC
(for hardness) and DB2-EL-PCC (for elongation). These databases are
detailed in Table 2.

The assessment of input feature relevance in our analysis is com-
plemented by the Variance Inflation Factor (VIF), a metric used to
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detect multicollinearity. VIF quantifies the correlation strength be-
tween independent features by regressing one feature against all others.
Mathematically, for the 𝑖th predictor feature, VIF𝑖 is calculated as

VIF𝑖 =
1

1 − 𝑅2
𝑖

(1)

where R2
𝑖 represents the R2 value obtained by regressing the 𝑖th predic-

tor feature with the remaining predictors in the dataset. VIF typically
ranges from 1 to infinity, with values exceeding 4.00 warranting at-
tention and values surpassing 10.00 indicating severe multicollinearity,
suggesting that a feature is redundant and can be expressed as a linear
combination of others (Revi et al., 2021). In our analysis, this criterion
was applied to both the hardness and elongation datasets before and
after PCC analysis, as shown in Table 1. Among the 15 hardness
data attributes, the average melting temperature (T𝑚(K)) exhibited the
highest VIF of 63.1, signifying strong correlation with other variables.
Given its PCC score of 0.00 with HV, T𝑚(K) was excluded as a less
relevant and highly redundant feature. Similarly, AN (VIF = 18.55, PCC
score = −0.11 with HV) and B (VIF = 16.55, PCC score = −0.11 with
the output attribute) were removed from the feature pool. Conversely,
despite multicollinearity (VIF = 21.48), VEC was retained due to its
strong negative correlation (PCC score = −0.38) with HV. Features 𝛿
(VIF = 8.3) and 𝛥𝐻𝑚𝑖𝑥 (VIF = 4.8) exceeded the VIF threshold of 4.0,
but their high correlations with HV (PCC scores of 0.57 and −0.60,
respectively) justified their inclusion. 𝜆 displayed a PCC score of −0.34
with HV and a VIF of 2.2, meeting the criteria for inclusion based
on minimum redundancy and maximum relevance. However, 𝛥𝑆𝑚𝑖𝑥
(VIF = 1.22) and 𝛺 (VIF = 1.17) were dropped due to weak corre-
lations with the output attribute. After removing seven input features,
multicollinearity analysis yielded VIF values well below 10.00. VEC,
originally problematic with a VIF of 21.48, now had an updated VIF
of 2.35, resolving the multicollinearity issue. In the final list of eight
selected features, only 𝛿 (VIF = 6.43) exceeded the warning limit of
4.00, but its high correlation with the HV feature (PCC score = 0.57)
underscored its relevance and utility in the model.

The combined use of Pearson’s correlation coefficient (PCC) and
Variance Inflation Factor (VIF) scores guided feature selection for the
elongation dataset. Features like T𝑚(K), AN, and B, which displayed
poor correlations with elongation (EL) and significant multicollinearity
issues with other input features (PCC scores of −0.08, −0.04, and 0.00
with EL, and VIF values of 60.48, 14.46, and 31.21, respectively), were
removed from the feature pool. Features 𝛺 (VIF = 1.17) and 𝜆 (VIF
= 2.08), despite lacking multicollinearity issues, were also eliminated
due to their weak correlations with EL. This led to the exclusion of 8
features (𝛥𝜒 , 𝑇𝑚(𝐾), AN, K, B, 𝜆, and 𝛺) from the elongation dataset.
The remaining 7 features, each exhibiting an absolute PCC score with
EL equal to or greater than 0.2, were subjected to multicollinearity
analysis, resulting in VIFs below 4.0 for all selected features (Ta-
ble 1). Importantly, these analyses underscored the limited relevance
of average values of physical quantities in multi-principal element
alloys (MPEAs), with most averaged quantities, initially included in
the feature pool, being eliminated. Instead, the asymmetry factor in
the magnitudes of physical properties of constituent elements within
MPEAs emerged as a significant determinant of the output features
(HV or EL). Asymmetry features related to melting temperature, bulk
modulus, shear modulus, and enthalpy of mixing, along with the Mean
Atomic Size Difference, were included in both the hardness and elon-
gation datasets, highlighting their role in data-driven alloy property
design (Fig. 4(b)).

It is noteworthy to mention that the reduced pool of selected
features from the PCC correlation method must include the attributes
considered as the significant indicators of hardness and ductility met-
rics from the viewpoint of physics. Pugh’s ratio (Pugh, 1954), defined as
the ratio of shear modulus and bulk modulus, is known to be a de-facto
indicator of hardness (Balasubramanian et al., 2018; Liu et al., 2014)
and ductility (Singh et al., 2023; Hadi et al., 2016; Balasubramanian

Table 2
AlloyManufacturingNet as an ensemble of neural networks, will be built upon the
different database types as outlined here. In context of feature selection using PCC, the
input and output variables are in the same feature space of the data matrix. However,
for the databases associated with PCA, the output feature (hardness or elongation) will
be in a different feature space than those of the selected principal components. So, the
inverse transformation of the principal component feature space to the original feature
space will be performed to map input features with the output variable.

Databases/Models ID Characteristics/Descriptions

DB1-HV-PCC 8 input features + hardness feature (HV) as exactly
selected from PCC

DB2-HV-PCC Features of DB1-HV-PCC + manufacturing route (MR)
input features

DB3-HV-PCA 7 Principal Components of Hardness data w/o MR
based features + HV feature

DB4-HV-PCA 8 Principal Components of Hardness data including
MR based features + HV feature

DB1-EL-PCC 7 input features + elongation (EL) feature as
selected via PCC

DB2-EL-PCC Features of DB1-EL-PCC + MR features

DB3-EL-PCA 8 Principal Components of Elongation data w/o MR
based features + EL feature

DB4-EL-PCA 9 Principal Components of Elongation data including
MR based features + EL feature

et al., 2018) for several classes of materials. Besides, Pugh’s ratio;
Cauchy pressure is also regarded a significant indicator for the elon-
gation and hardness properties. In other words, Pugh’s criterion (Pugh,
1954) and Pettifor criterion (Pettifor et al., 1991; Pettifor, 1992) are
the two classical criteria to estimate whether a material is ductile or
brittle (Senkov and Miracle, 2021). By establishing the relationship
between Pugh’s ratio and Cauchy pressure, Senkov and Miracle (2021)
have revealed that the two criteria are identical for cubic phase materi-
als and alloys. It can be thus inferred that using either Pugh’s criterion
or Pettifor criterion would be sufficient in the study of hardness and
ductility of materials. Moreover, microhardness values and percentage
elongation for the FCC and BCC multi-principal element alloys are
influenced by their VECs (Singh et al., 2023; Kitagawa et al., 2022; Tian
et al., 2015; Kitagawa, 2022). Owing to the presence of hard elements
at VEC range 5–7, BCC-phase MPEAs with VECs in the range 4–5.5 are
known to exhibit the increment of hardness with increase in VEC (Hat-
tori et al., 2023). Balasubramanian et al. (2018) have described VEC as
a unified indicator for several mechanical properties including hardness
and ductility. Presenting for rock-salt structure binary and ternary
metal carbides, nitrides and carbonitrides; they have reported that
the ductility in general increases with VEC wheareas hardness first
increases with increase in VEC but later on decreases at VEC = 9.5
and beyond. Since these relationship is established in materials defined
with rock-salt structure using first principles calculations, it would be
important to associate hardness and ductility with VEC for MPEAs. In
Fig. 4(b), the features 𝛥𝐵 and 𝛥𝐺 are associated with Pugh’s ratio, and
the list also includes VEC. Hence, the training data for machine learning
will include the features that are considered as the significant indicators
of ductility and hardness.

2.2.2. PCA for feature selection in the datasets
Principal component analysis (PCA) is a valuable statistical tech-

nique used to condense extensive feature sets, facilitating data visual-
ization and analysis (Kunwar et al., 2021). It accomplishes dimension-
ality reduction by breaking down a data matrix into two components:
direction and magnitude, yielding multiple data directions. These direc-
tions are used to transform the original data, aligning it with possible
directions. By identifying essential directions significant for regression
analysis, less crucial components can be removed.

In this study, two sets of hardness and elongation data were con-
sidered, one excluding manufacturing route features, and the other
including them. Each dataset, denoted as D𝑖 (D𝐻 for hardness and
D𝐸 for elongation), is a k × N matrix, where k is the dimension
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of the dataset (15 for datasets without manufacturing route features,
and 19 for those including route features), and N is the number of
observations. PCA aims to project these k-dimensional datasets into a
lower-dimensional p-dimensional subspace (where p < k) to enhance
computational efficiency while preserving over 90 PCA involves eigen-
decomposition of the covariance matrix (A𝑖) to extract meaningful
insights from the dataset D𝑖. This process yields eigenvectors [[𝜈1],
[𝜈2], . . . ,[𝜈𝑘]] and their corresponding eigenvalues [𝜓1, 𝜓2, . . . , 𝜓𝑘].
Each eigenvector defines a direction in the new feature space, with
associated eigenvalues indicating their importance. Explained variance
(EV) quantifies the variance explained by each principal component,
reflecting its relative significance within the feature space. EV is cal-
culated as the ratio of eigenvalue 𝜓𝑗 to the sum of all k eigenval-
ues for the 𝑗th principal component [𝜈𝑗]. The orthogonal nature of
the eigenvectors ensures uncorrelated principal components. Details
on eigendecomposition and PCA procedures, including manufacturing
route information, are provided in Supplementary Materials Section
S1.3 for the hardness dataset, with similar methods applied to other
datasets.

𝐸𝑉 =
𝜓𝑗∑𝑘
𝑖=1 𝜓𝑖

(2)

From Eq. (2), it becomes evident that eigenvalues serve as indicators
of the variances within the dataset along the new feature axes generated
by PCA. To establish a feature subspace consisting of p principal
components (PCs), a cumulative explained variance (cumulative EV)
greater than 90% (0.9 in fractional value) is the chosen criterion for
information retention. This criterion determines the reduced number
of principal components that will exclusively represent the post-PCA
dataset in the new feature space. The cumulative explained variances
(EVs) for the datasets are visually presented in Fig. 4(c). For DB3-
HV-PCA, it is observed that 7 out of the initial 15 components are
capable of capturing 90% of the explained variance. Similarly, in the
case of DB3-EL-PCA, 8 out of the original 15 components demonstrate
the ability to account for 90% of the explained variance. Conversely,
for DB4-HV-PCA, 8 out of the expanded set of 19 features exhibit the
capability to capture this 90% explained variance, and in the context of
DB4-EL-PCA, 9 out of the same 19 features achieve this 90% explained
variance through Pearson’s correlation coefficient analysis. The inverse
transformation matrices of these selected principal components along
with their corresponding output feature (in original feature space) are
arranged in databases, and the names of the databases are also listed
in Table 2.

2.3. AlloyManufacturingNet — trained to learn the hardness and elonga-
tion dataset

After completing data preprocessing and feature selection, the ma-
chine learning model training phase commences. Specifically, regres-
sion machine learning models are employed for predicting the hardness
and elongation of MPEAs. Regression analysis, a form of supervised
learning, establishes relationships between input features and target
variables. In contrast to classification analysis, which yields discrete
or categorical outputs, regression produces continuous functions or
numerical target values (Kunwar et al., 2020). Artificial Neural
Networks (ANNs) are used in this study for regression analysis, as
they can capture complex and non-linear relationships between inputs
and targets through the application of non-linear activation functions
in each layer. These ANNs, trained with datasets containing infor-
mation about the manufacturing routes of MPEAs, are denoted as
AlloyManufacturingNet.

Table 2 presents four distinct sets of models for hardness data
(DB1-HV-PCC, DB2-HV-PCC, DB3-HV-PCA, and DB4-HV-PCA) and four
different models/databases for elongation data (DB1-EL-PCC, DB2-EL-
PCC, DB3-EL-PCA, and DB4-EL-PCA). For instance, DB2-HV-PCC in-
corporates additional information about the manufacturing process’s

Table 3
Metrics and weight factors of the individual models for hardness and elongation
analyses are presented in the first four rows. The final row provides the metrics
associated with the Ensemble NN. For the column of feature selection, the technique
or method remarked with an asterisk (PCC* or PCA*) means that the final databases
include the features corresponding to fabrication routes. Those rows with PCC and PCA
not marked with asterisk imply that the databases exclude the features associated with
the manufacturing route.

Model Feature Hardness models Elongation models
numbering selection

Database = DB1-HV-PCC Database = DB1-EL-PCC
MAE = 58.6 MAE = 7.9
MAPE = 15.5% MAPE = 89%

1 PCC RMSE = 75.9 RMSE = 12
𝑅2 = 0.822 𝑅2 = 0.67
ideal weights = 0.3 ideal weights = 0.3

Database = DB2-HV-PCC Database = DB2-EL-PCC
MAE = 51.9 MAE = 8.33
MAPE = 14.6% MAPE = 99.6%

2 PCC* RMSE = 71.7 RMSE = 12.34
𝑅2 = 0.841 𝑅2 = 0.65
ideal weights = 0.3 ideal weights = 0.3

Database = DB3-HV-PCA Database = DB3-EL-PCA
MAE = 57.7 MAE = 11.8
MAPE = 16.3% MAPE = 249%

3 PCA RMSE = 75.5 RMSE = 15.55
𝑅2 = 0.824 𝑅2 = 0.45
ideal weights = 0.1 ideal weights = 0.2

Database = DB4-HV-PCA Database = DB4-EL-PCA
MAE = 54.8 MAE = 12.26
MAPE = 15.65% MAPE = 212.7%

4 PCA* RMSE = 70 RMSE = 16.27
𝑅2 = 0.848 𝑅2 = 0.4
ideal weights = 0.3 ideal weights = 0.3

MAE = 50.2 MAE = 9.7
Ensemble MAPE = 14.2% MAPE = 139.9%
model RMSE = 63.1 RMSE = 12.1

𝑅2 = 0.877 𝑅2 = 0.67

influence on hardness, while DB1-HV-PCC lacks this information but
comprises fewer input features. This reduced feature set in DB1-HV-PCC
helps mitigate the curse of dimensionality compared to DB2-HV-PCC. It
allows for a more pronounced measurement of the effect of changes in
electronegativity difference on hardness, as it is less influenced by other
input features. On the other hand, the selected input features from PCA
analysis in DB3-HV-PCA and DB4-HV-PCA are uncorrelated with each
other, enhancing the prediction potential of machine learning models.
Similarly, the diversity among the four databases for elongation data
follows a similar pattern. The key question now is how to ensure
that the unique informational and functional advantages offered by
each database are proportionately integrated into the machine learning
model(s). The answer lies in constructing ensemble neural network
models.

In machine learning, an ensemble model combines multiple sets of
models to improve overall predictive accuracy Kwak et al. (2022). An
ensemble neural network (NN) model is a committee of distinct models,
where each model contributes to the final prediction. For mechanical
property data, such as hardness, four unique databases are created after
feature selection (see Table 2). The ensemble NN models built on
these datasets combine the predictions of individual models through
weighted averaging to maximize 𝑅2. The weighted-average prediction
represents the ensemble model’s final output. Similarly, for elongation
data, the ensemble learning is based on four distinct databases listed in
Table 2.

For the design of the ensemble neural network of a given mechan-
ical property (hardness/elongation), first of all the individual models
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Fig. 5. Parity plot for test datasets. Parity plots along with the Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and coefficient of determinant (𝑅2) for (a) hardness
(614 alloys from training data and 69 from test data alloys) (b) elongation (317 alloys from training data and 36 from test data). The dataset of elongation shown in the (b)
corresponds to the mixture set of tensile and compression test specimens. The shaded region represents an 80% accuracy region with a number at the top right edge indicating
the fraction of test predictions having >80% accuracy.

(model no. 1–4) of Table 3 are trained. For a given model number, the
selected features are supplied at th input and the model is trained with
the most suitable hyper-parameters. 10% of the training data is used
as a validation dataset. Tensorflow 2.7 software with keras frontend is
used for compiling and running the neural network model. The result
of the machine learning was visualized with the help of matplotlib
library. It is desirable that the individual/ensemble neural networks
can perform well beyond the training data and metrics such as mae,
mape, rmse have been employed in this study to quantitatively ensure
the cross-validation tasks.

Hyperparameters, like epochs, batch size, layer dimensions, opti-
mization functions, activation functions, and more, exert significant
control over the model’s learning process. Weight initialization and
constraints also influence initial weight values. Regularization and
dropout rates are introduced to prevent overfitting during training.
Hyperparameter tuning aims to find the optimal combination of these
parameters to maximize scoring metrics, such as 𝑅2. RandomSearchCV
from the SK-learn library was employed for hyperparameter tuning,
randomly selecting 300 configurations from a grid detailed in Sup-
plementary Materials, Table S2. These configurations were evaluated
using 10-fold cross-validation, resulting in a total of 3000 model tests.
The ensemble model’s configuration was determined based on the
highest average 𝑅2 value from cross-validation. Additional evaluation
metrics, including RMSE, MAE, and MSE (see Table 3), were considered
to ensure performance consistency and generalization. These metrics
bolster the model’s robustness and validate the weighting methodology,
aligning with the core objectives of ensemble modeling. Detailed hyper-
parameter values are provided in Supplementary Materials, Tables
S2 and S3.

The test dataset undergoes standardization to align with the training
data standardization, preventing data leakage and ensuring realistic
test results. During model training, Callbacks are employed to track
validation RMSE, helping identify the model with the best validation
RMSE. This optimal model is then used as a component in the ensemble
of four models, as shown in Table 2, for both hardness and elongation.
Given that individual models’ predictions differ, a simple average might
not yield the best ensemble outcomes. To optimize model significance,
the best-weighted fractions are determined. By employing the entire
dataset used to build the model (combining both train and test data),
weighted averages of predictions from individual models within the
ensemble are computed to obtain the final model predictions. Results
for each individual model and the ensemble models are detailed in
Table 3. Further elaboration on cross-validation results will be provided
in Section 3.1.

3. Results and discussions

3.1. Cross-validation results for ANN models and ensemble model design
optimization

Moving forward, we focus on developing deterministic neural net-
work prediction models. These ensemble neural network models, as
discussed in Section 2.3, combine the strengths of four deterministic
models to ensure balanced information integration. Consequently, these
ensemble models will serve as our prediction models for mechanical
properties.

Before adopting the ensemble neural network as the prediction
model, thorough validation on an independent test dataset is essential.
The results for the ensemble models on the test dataset are concisely
summarized in parity plots in Fig. 5, accompanied by key performance
metrics. For hardness analysis (refer Fig. 5(a)), the ensemble model
boasts an MAE of 50.2 HV, RMSE of 63.1 HV, and an impressive 𝑅2

of 0.877. Notably, 81% of the test data falls within the 80% accuracy
region. In the case of elongation analysis presented in Fig. 5(b) for
training datasets consisting of mixture set of both compression and
tensile test specimens, the ensemble model exhibits MAE = 8.7% MAE,
RMSE = 12.1% RMSE, and 𝑅2 = 0.67, with 33% of the test data residing
within the 80% accuracy region.

The optimization criterion for determining weighted fractions of
predictions from individual member neural network models is the max-
imum 𝑅2 value. In the hardness ensemble model, models 1–4 (Table 3)
are assigned weighted fractions of 0.3, 0.3, 0.1, and 0.3, respectively,
yielding the highest 𝑅2. This same order of weighted fractions is applied
in designing the ensemble models. Notably, the influence of DB2-HV-
PCC (weighted fraction = 0.3) and DB4-EL-PCA (weighted fraction
= 0.3), which include variables related to the fabrication route, is
substantial, underscoring the manufacturing route’s significant role in
shaping the hardness feature.

For elongation analysis, models corresponding to databases DB1-
EL-PCC, DB2-EL-PCC, DB3-EL-PCA, and DB4-EL-PCA receive respective
weight fractions of 0.3, 0.3, 0.2, and 0.3. Once again, the model derived
from DB3-EL-PCA carries less weight compared to the other three mod-
els, highlighting the importance of including the manufacturing route
in elongation prediction. This optimization procedure also confirms
that PCC-based feature selection holds greater weight than PCA-based
feature selection. In the hardness ensemble machine learning model,
the two PCC-based models each receive a weight fraction of 0.3, while
the two PCA-based models receive corresponding weight fractions of
0.1 and 0.3. Similarly, in the elongation ensemble neural network, the
two PCC-based models are assigned identical weight fractions of 0.3,
while the two PCA-based models receive weight fractions of 0.2 and
0.3, respectively.
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Table 4
Evaluation of trained ensemble models by predicting hardness and elongation for
Al0.5Nb0.5TiV2Zr0.5 alloy previously unknown to the model. The values for the ex-
perimental hardness and elongation of this MPEA are obtained from Jiang et al.
(2022).

Hardness (HV) Elongation (EL)

Predicted HV 587.16 Predicted EL (%) 12.72
Experimental HV 577.7 Experimental EL (%) 14.1
% Error 1.63 % Error 9.8
MAE 9.46 MAE 1.38

3.2. AlloyManufacturingNet as prediction model in hardness-ductility syn-
ergy design

The successful completion of cross-validation and ensemble model
optimization now paves the way for the practical application of these
neural network models in predicting mechanical properties for new
multi-principal element alloys. To put our models to the test, we
predicted the properties of an alloy, Al0.5Nb0.5TiV2Zr0.5, which was
absent from the training and test datasets of the individual models. The
results are summarized in Table 4. Notably, the experimental hardness
value for this alloy is 577.7 HV (Jiang et al., 2022), and our ensemble
model predicts it with exceptional accuracy, yielding a prediction error
of just 1.63%. This underscores the model’s intelligence and its ability
to provide reliable predictions for previously unencountered alloys.
Moreover, the model effectively captures the broader trend that alloys
with a higher proportion of Nb and Zr tend to exhibit higher hard-
ness values, as evident in the prediction for Al0.5NbTiV2Zr, aligning
closely with its experimental hardness of 614.1 HV (Jiang et al.,
2022). Table 4 also presents a comparison between the experimental
and predicted elongation values for the Al0.5Nb0.5TiV2Zr0.5 alloy. The
experimental elongation stands at 12.72% (Jiang et al., 2022), while
the model predicts it to be 14.1% with an error of less than 10%. This
indicates the model’s ability to provide reasonably accurate predictions
for elongation properties, further emphasizing its utility and reliability
in predicting mechanical properties for a wide array of alloys, including
those not covered in the training dataset.

In the era of artificial intelligence, the integration of machine
learning into materials science has ushered in the era of inverse alloy
design (Pei et al., 2021). Simultaneously, it has advanced the acceler-
ated design and discovery of new materials (Yu et al., 2021), which
exhibit a diverse range of mechanical properties. In practical terms,
the prediction model developed through the training and validation
procedures serves as a versatile virtual tool for materials design and dis-
covery. In this study, the prediction models encompassing hardness and
elongation ensemble neural networks act as crucial tools for forecasting
the properties of various multi-principal element alloy (MPEA) compo-
sitions. Given that neural networks can approximate a wide range of
functions, they are also capable of aiding in the reverse engineering
of compositions that meet specific hardness and/or elongation criteria.
Notably, these data-driven techniques can be employed to optimize
MPEA compositions while adhering to the constraints defined by the
hardness-ductility synergy criterion.

We employ ensemble neural networks, denoted as AlloyManufac-
turingNet, to facilitate the prediction-driven inverse design of two
multi-principal element alloys (MPEAs). Our focus centers on two
medium entropy alloys (MEAs), specifically ZrHfNb and VNbTa, as our
foundational materials. Our objective revolves around gauging the im-
pact of introducing two refractory elements simultaneously as dopants
on their hardness and elongation properties. Furthermore, we delve
into evaluating the significance of different manufacturing routes in the
context of these doped MEAs. To provide context, it is worth noting that
the reference hardness values for ZrHfNb and VNbTa stand at 365.9
HV and 403.82 HV, respectively, while their corresponding elongation
values are 31.37% for ZrHfNb and 20.96% for VNbTa. In our approach,
we introduce two dopant elements, D1 and D2, drawn from the list [Cr,

W, Mo, Ta, and Ti], into ZrHfNb for a given fabrication route. These
dopants are incorporated in varying proportions, enabling our predic-
tion model to estimate the hardness and elongation characteristics of
D1𝑥D2𝑦(ZrHfNb)1−𝑥−𝑦 at diverse composition proportions represented
by x and y. Similarly, for different variants of manufacturing routes,
we select a pair of dopant elements (D1, D2) from the list [Zr, W, Hf,
Mo, Ti, and Cr] to introduce into the base VNbTa MEA. Our ensemble
neural networks then predict the properties of D1𝑥D2𝑦(VNbTa)1−𝑥−𝑦
MPEAs. This data-driven approach primarily focuses on the design of
quinary MPEAs, offering a cost-effective and time-efficient alternative
to traditional alloy design processes.

In contrast to conventional experimental methodologies that neces-
sitate numerous trials to fabricate and test alloys with varying dopant
levels, our machine learning models adeptly manage the complexity of
simultaneously introducing two dopants without incurring substantial
additional cost and time. Capitalizing on this advantage, our study ex-
plores the effects of different manufacturing routes when including two
dopants in base MEAs simultaneously. We also ascertain the composi-
tions of dopants that yield maximum hardness and elongation values
under a given manufacturing method. Furthermore, we predict the
specific compositions that achieve optimal hardness-elongation values,
filtering out alloys with extreme values for one property but not the
other. From this pool of candidates, including several others, we discern
the best candidate through the formulation of an optimization problem.
If (𝐻𝑉 )𝑥,𝑦 and (𝐸𝐿)𝑥,𝑦 are the predicted values of the hardness feature
and elongation feature resulted in a given fabrication procedure for the
composition proportion 𝑥 and 𝑦 of dopants D1 and D2 respectively.

Hardness and elongation, vital material properties measured in
different units, pose a challenge due to their disparate measurement
scales rooted in distinct physics and theoretical concepts. To align these
properties, a statistical approach is employed. Both hardness and elon-
gation undergo standardization based on mean and standard deviation,
a process rendering them dimensionless. This standardization facilitates
composition optimization by enabling the direct comparison of these
scale-invariant properties. This method results in the definition of the
following objective function defined as:

𝐹 (𝑥, 𝑦) =
(𝐻𝑉 )𝑥,𝑦 −𝐻𝑉

𝜎𝐻𝑉
+

(𝐸𝐿)𝑥,𝑦 − 𝐸𝐿
𝜎𝐸𝐿

(3)

The objective function 𝐹 (𝑥, 𝑦) in Eq. (3) is maximized after subjected
to the constraints: 𝑥 ≥ 0, 𝑦 ≥ 0, 782𝐻𝑉 ≥ (𝐻𝑉 )𝑥,𝑦 ≥ 207𝐻𝑉 and 60% ≥
(𝐸𝐿)𝑥,𝑦 ≥ 5%. 𝐻𝑉 = 495.3 HV and 𝜎𝐻𝑉 = 196.75 HV are the respective
mean and standard deviation values of the originally collected hardness
feature. Similarly, 𝐸𝐿 = 22.16% and 𝜎𝐸𝐿 = 19% are respectively
the mean and standard deviation of the elongation variable. While
the sample hardness and elongation features are specified for a given
manufacturing route, it is worth noting that the statistical mean and
standard deviation values, as defined previously, remain unaffected
by changes in the fabrication procedure. With the hardness feature
ranging from 207 HV to 782 HV and elongation falling between 5%
and 60% (as shown in Fig. 3), it becomes evident that the combined
non-standardized values of HV and EL are predominantly influenced by
the HV feature due to its larger range. To mitigate the bias introduced
by variables with differing scales during mathematical calculations
and to prevent errors, we employ a standardization procedure in this
optimization task. By utilizing standardized features in the objective
function, the inherent differences in scale between the hardness and
elongation variables cease to impact the mathematical determination of
the optimal alloy composition. This ensures scale-invariant composition
optimization when dealing with two predicted unique variables of
dissimilar ranges or scales.

It is important to emphasize that the standardized objective function
in Eq. (3) can yield positive, negative, or zero values. If a predicted
hardness variable falls below the mean value, the numerator of the first
term in the right-hand side of Eq. (3) is negative, resulting in a stan-
dardized hardness feature below zero. Conversely, when the estimated
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value exceeds the mean hardness, the standardized hardness takes on a
positive value. Similarly, depending on the magnitude of the predicted
elongation feature, the standardized elongation feature (the second
term on the right-hand side of the equation) can be either greater
or less than zero. From an optimization perspective, a more positive
function value indicates the suitability of the multi-principal element
alloy (MPEA) for structural and materials applications. Specifically, an
MPEA designed with both standardized variables (hardness and elon-
gation) represented as positive real numbers is considered favorable
in materials design. Conversely, an MPEA with either one or both
standardized features as negative real numbers is deemed unsuitable for
structural material applications. Therefore, the necessary and sufficient
condition for a multi-principal element alloy to be deemed appropriate
for technological applications is that it must exhibit positive values for
standardized hardness and standardized elongation while maximizing
the positive real number value of the standardized objective function.

The relationship between the composition of the first generic
D1𝑥D2𝑦(ZrHfNb)1−𝑥−𝑦, manufacturing routes, and the specified hard-
ness features at room temperature is visually depicted in the ternary
plots of Fig. 4. Corresponding information regarding elongation for
these alloy systems is provided in Fig. 5. Additionally, presentations
detailing hardness and elongation for the second generic D1𝑥D2𝑦
(VNbTa)1−𝑥−𝑦 are presented in Figs. 6 and 7, respectively. These ternary
plots serve as the cornerstone of inverse alloy design. The significant
coordinate points (x, y) representing dopant composition proportions
in the ternary plots, along with the specific manufacturing route asso-
ciated with the maximum hardness value (independently established
from the hardness plots) and the maximum elongation value (solely
derived from the elongation plots), are listed in Table Supplementary
Table S4 for the first generic alloy system and Table S5 for the second
generic MPEA system. The manufacturing route corresponding to the
assigned property value is also presented.

3.2.1. Predictive design of maximum hardness and maximum elongations
for undiscovered MPEA

In the context of alloy systems D1𝑥D2𝑦(ZrHfNb)1 − 𝑥 − 𝑦 and
D1𝑥D2𝑦(VNbTa)1 − 𝑥 − 𝑦, we present graphical representations of alloy
compositions and the corresponding hardness and/or elongation prop-
erties at room temperature for different manufacturing routes in ternary
plots (Supplementary Figure S10, S11, S12, S13). These ternary plots
play a pivotal role in inverse alloy design.

For the Cr𝑥W𝑦(ZrHfNb)1−𝑥−𝑦 system, doping ZrHfNb with Cr and
W elements leads to significantly elevated hardness values across all
four manufacturing routes. Notably, the [W, Ta] dopant pair, followed
by [Mo, Ta], imparts intermediate hardness to the base ZrHfNb system,
while the [Ti, Ta] dopant pair results in lower hardness values. Analysis
of ternary plots for dopants pair yielding maximum hardness and max-
imum elongation as represented in 6(a) (i) infers Powder metallurgy
produces the highest hardness of 684.49 HV for 𝑥 = 0.4 and 𝑦 = 0.5,
making it the recommended MPEA system for applications prioritizing
hardness. Regarding elongation, predictions made by our machine
learning model for elongation values in the D1𝑥D2𝑦(ZrHfNb)1−𝑥−𝑦 sys-
tem are as follows: Each ternary plot corresponds to a specific dopant
pair [D1,D2] and a particular manufacturing route. As detailed and
demonstrated in Fig. 6(c), the alloy system Ti𝑥Ta𝑦(ZrHfNb)1−𝑥−𝑦, when
manufactured through annealing, exhibits regions with significantly
greater elongation values. The maximum elongation, reaching 43.52%,
occurs at 𝑥 = 0.7 and 𝑦 = 0. This suggests that Ti0.7(ZrHfNb)0.3,
when produced via annealing, possesses the highest ductility. This
observation extends to another alloy system where Ti also proves to
be a favorable dopant.

In the case of the D1𝑥D2𝑦(VNbTa)1−𝑥−𝑦 system, the dopant pairs
[Cr, W] and the powder metallurgy-based manufacturing route favor in-
creased hardness. The alloy Cr0.5W0.3(VNbTa)0.2, manufactured via sin-
tering, exhibits the maximum hardness of 733.42 HV. This value repre-
sents the highest hardness among all alloy systems considered. Powder

metallurgy emerges as the preferred method for preparing alloys with
the highest hardness across all dopant pairs in D1𝑥D2𝑦(VNbTa)1−𝑥−𝑦.
Similarly, for predicted elongation distribution in the D1𝑥D2𝑦
(VNbTa)1−𝑥−𝑦 MPEA system. Analysis of the ternary diagrams in-
dicates that when [Mo,Ti] dopants are added to the base VNbTa
system, they provide the highest attainable ductility in the resulting
MPEA. The maximum elongation value, 34.36%, is achieved by the
Mo0.1Ti0.8(VNbTa)0.1 MPEA when using wrought or miscellaneous
fabrication procedures as represented in triangular contour in Fig. 6(a)
(ii).

Comparing the bar charts for elongation values of the D1𝑥D2𝑦
(ZrHfNb)1−𝑥−𝑦 and D1𝑥D2𝑦(VNbTa)1−𝑥−𝑦 MPEA systems in Fig. 6(c),
it becomes evident that alloys compositionally designed with ZrHfNb
generally exhibit superior ductility compared to those designed with
VNbTa systems. Unlike the maximum hardness property (where powder
metallurgy emerges as the most favorable fabrication route), there is
no single preferred fabrication procedure associated with enhanced
ductility for all dopant pairs and composition variants.

3.2.2. Optimal composition and fabrication route corresponding to
hardness-ductility synergy

Advanced structural materials require an optimal balance between
hardness and ductility. AlloyManufacturingNet enables the prediction
of suitable fabrication routes and alloy compositions that exhibit favor-
able hardness-elongation synergy. By combining independent hardness
and elongation (Section 3.2.1) models with the mathematical model
represented by Eq. (3), an ensemble of neural networks can forecast
specific MPEA (Multi-Principal Element Alloy) compositions and the
corresponding manufacturing routes that yield optimal hardness and
elongation values.

For ZrHfNb-based alloys, as shown in Fig. 6(c), Cr0.8W0.1(ZrHfNb)0.1
produced through wrought processing exhibits excellent hardness at
511.81 HV and moderate elongation at 17.14%, making it suitable for
applications where achieving high hardness is essential. Conversely,
Ti0.3Ta0.4(ZrHfNb)0.3, also manufactured via wrought processing, of-
fers an excellent elongation of 37.95% with lower hardness (374.56
HV), making it a suitable choice for applications emphasizing high
ductility. Supplementary Table S4 reveals that the base ZrHfNb alloy,
when cast, possesses hardness and elongation values of 426.91 HV
and 32.99%, respectively. Meanwhile, using powdered metallurgy,
the same alloy exhibits hardness and elongation of 383.54 HV and
31.68%. Hence, the first of the two alloys (Cr0.8W0.1(ZrHfNb)0.1 and
Ti0.3Ta0.4(ZrHfNb)0.3) prepared via the wrought process suits applica-
tions requiring elevated hardness, whereas the second is more appro-
priate for applications requiring higher ductility. It can be inferred that
wrought processing is recommended for fabricating MPEAs from the
base ZrHfNb alloy to enhance either hardness or elongation. However,
it is worth noting that a trade-off between hardness and elongation of-
ten exists in ZrHfNb alloys, making it challenging to achieve hardness-
elongation synergy with the given dopants and various manufacturing
processes.

Similarly, alloy combinations derived from VNbTa MEA, both
Cr𝑥W𝑦(VNbTa)1−𝑥−𝑦 and Mo𝑥Ti𝑦(VNbTa)1−𝑥−𝑦 systems fabricated using
wrought processing appear to exhibit regions with favorable hardness-
elongation synergy, as depicted in Fig. 6(c). For instance, Cr0.7
(VNbTa)0.3 manufactured via the wrought process is predicted to
possess excellent hardness (575.87 HV) and moderately good elonga-
tion (23.73%). Consequently, the alloy Cr𝑥W𝑦(VNbTa)1−𝑥−𝑦 with x =
0.7 and y = 0, manufactured by wrought method (Supplementary
Table S5), is suitable for structural applications that require high
hardness. Similarly, when wrought processed, Mo𝑥Ti𝑦(VNbTa)1−𝑥−𝑦
alloys show hardness and elongation values of 566.43 HV and 27.79%
at x = 0.3 and y = 0, respectively. Thus, Mo0.3(VNbTa)0.7 MPEA offers
nearly equal hardness to Cr0.7(VNbTa)0.3 but with improved ductility.
Mo0.3(VNbTa)0.7 alloy manufactured through wrought processing is
estimated to possess excellent hardness-ductility synergy, especially
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Fig. 6. (a) Maximum hardness and maximum elongation Powder metallurgy results in the highest hardness (684.49 HV) when Cr = 0.4 and W = 0.5 in ZrHfNb. In the case of
elongation, [Ti = 0.7, Ta = 0] with annealing yields 43.52%. For VNbTa, powder metallurgy with Cr = 0.5 and W = 0.3 achieves a hardness of 733.42 HV, while an elongation
of 34.36% is obtained with Mo = 0.1 and Ti = 0.8 in the Wrought + Misc route. (b) Optimized hardness-elongation pairs For, Mo0 .6(ZrHfNb)0 .4 with obtained from prediction
model of AlloyManufacturingNet. (c) The manufacturing route associated with the predictions is also provided as labels in the bar diagrams. It is to be noted that the single alloy
composition and a single manufacturing route are associated with a specific optimal hardness-elongation pair. It is to be noted that the letters A, B, C and D drawn inside the
colorful circles of (a) and (b) denote the manufacturing methods labeled in (c) The detailed version of the specially highlighted results presented in this figure is provided in
Supplementary section S4.

favoring hardness. On the other hand, Zr0.4(VNbTa)0.6 MPEA produced
via powder metallurgy is predicted to exhibit a hardness of 542.60
HV and elongation of 30.22%. This alloy also demonstrates a perfect
combination of hardness-ductility synergy, albeit favoring ductility.
Notably, these MPEAs with improved hardness-elongation synergy
typically comprise four elements, with a relatively higher proportion
of the base alloy VNbTa. In terms of elements doped into the VNbTa
system, wrought manufacturing and powder metallurgy are considered
preferable methods for achieving a balance between elongation and
hardness properties.

In contrast to alloys derived from the ZrHfNb system, MPEAs ob-
tained from the base VNbTa system exhibit robust hardness-ductility
synergy, quantitatively expressed through standardized and summed
values of optimal hardness and optimal elongation features (refer to

Eq. (3)). For instance, in the case of Cr0.8W0.1(ZrHfNb)0.1 (fabrica-
tion route = wrought + misc), the standardized hardness is +0.084,
while the corresponding elongation is −0.264, resulting in an objec-
tive function value of −0.1802. This alloy falls into the category of
less preferable candidates due to its negative standardized objective
function value, despite having an overall positive objective function
value. In contrast, Ti0.3Ta0.4(ZrHfNb)0.3 MPEA (manufacturing route =
wrought + misc) exhibits a highly favorable standardized elongation
value (+0.83) but an undesirable standardized hardness value (−0.61),
yielding an objective function value of +0.217. Although the objective
function is positive, the negative hardness value renders this MPEA
unsuitable for technological applications. The maximum attainable pos-
itive value of the overall objective function for ZrHfNb-derived MPEAs
is +0.2229, found in the case of Mo0.6(ZrHfNb)0.4 alloy fabricated using
the casting process. The standardized values of hardness and elongation
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Fig. 7. Predicting the variation of (a) hardness and (b) elongation with the change of Nb dopant proportion (x) in the CoCrNiNb𝑥 MPEA at macroscale (specimen samples in
the dimension of mm) using the ensemble neural networks. The manufacturing route for the predicted alloys is casting process. The two alloy variants CoCrNi (absence of Nb
element) and CoCrNiNb0.6 are chosen as the candidates for the virtual nanoindentation test using molecular dynamics (MD). The results for the plots of indentation force against
indentation depth during the MD simulations are presented in (c). The color of atoms of a given element in the slabs of these two alloys are expressed by the font color of the
element in the alloy name (below the image of the nano slab). In the CoCrNi and CoCrNiNb0.6 nano slab, Co, Cr, and Ni atoms are represented by spheres of sky blue, dark blue
and yellow colors respectively. Nb atoms, present in CoCrNiNb0.6 nanoslab but absent in CoCrNi nano slab, are represented by red color. The atomic arrangement in the slabs
cores. The nanoscale simulation being in line with the macroscale prediction of hardness, reveals that the macroscale response of a MPEA regarding hardness is contributed by
mechanisms occurring at nanoscale or atomic scale.

for this alloy are −0.34 and +0.57, respectively. The lower value of
the overall objective function in ZrHfNb-derived MPEAs can also be
observed in ternary plots (Supplementary Figs. S10 and S11). For
example, triangular diagrams corresponding to Cr𝑥W𝑦(ZrHfNb)1−𝑥−𝑦
alloys prepared by the wrought procedure are positioned second from
the top left corner in both figures. The region near the top corner
of the triangle, highlighted by a rectangular box, consists of a large
proportion of ZrHfNb (i.e., 1-x-y ≥ 0.8) and is characterized by high
elongation and low hardness. Observing the 32 ternary plots in these
figures, it can be inferred that, most of the time, a given composition
of a D1𝑥D2𝑦(ZrHfNb)1−𝑥−𝑦 alloy prepared by a specific manufactur-
ing route corresponds to above-average hardness when elongation is
below average, and vice versa. This observation implies that doping
the ZrHfNb alloy system with these dopant pairs is unsuitable when
aiming to achieve hardness-ductility synergy. However, MPEAs de-
rived from the VNbTa base alloy system offer solutions to mitigate
the trade-off between hardness and ductility. Mo0.3(VNbTa)0.7 (MR
= wrought + misc) and Zr0.4(VNbTa)0.6 (MR = sintering) represent
composition values and manufacturing routes that result in positive
values for all three standardized quantities: the objective function,
hardness, and elongation. These alloys are recommended for appli-
cations requiring a combination of enhanced hardness and greater
ductility. Mo0.3(VNbTa)0.7 alloy exhibits standardized hardness and

elongation values of +0.36 and +0.296, respectively, with a com-
bined sum of +0.656 according to Eq. (3). Similarly, Zr0.4(VNbTa)0.6
alloy has standardized hardness and elongation values of +0.24 and
+0.42, respectively, resulting in a sum of +0.6648 (the maximum
value predicted thus far). Interestingly, it has been discovered that
Zr𝑥W𝑦(VNbTa)1−𝑥−𝑦 alloys offer composition values for each of the
four manufacturing routes that exhibit positive standardized values
for all three quantities (hardness, elongation, and the objective func-
tion). In Supplementary Figs. S12 and S13, triangular diagrams for
Zr𝑥W𝑦(VNbTa)1−𝑥−𝑦 for the four manufacturing routes are positioned
on the top row. The region near the mid-length of the left side of these
triangles, highlighted by a rectangular box, exhibits both excellent
hardness and excellent ductility. Notably, this region is present in the
alloy for all four manufacturing routes, making Zr𝑥W𝑦(VNbTa)1−𝑥−𝑦
an optimal candidate for applications requiring excellent hardness-
ductility synergy. The hardness-ductility favoring regions also exist
in Mo𝑥Ti𝑦(VNbTa)1−𝑥−𝑦 alloys for three manufacturing routes, except
for the casting process. In the context of Cr𝑥W𝑦(VNbTa)1−𝑥−𝑦 MPEA,
casting, wrought, and annealing processes offer composition propor-
tions favoring hardness-ductility synergy, characterized by regions with
high hardness and elongation. However, powder metallurgy does not
favor this synergy. When using the dopant pairs Hf and W, the be-
havior of the VNbTa system is similar to that of the ZrHfNb alloy
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doped with [Cr,W], [Mo,Ta], [W,Ta], and [Ti,Ta] in most cases. This
means that a given composition coordinate in the triangular diagrams
of Hf𝑥W𝑦(VNbTa)1−𝑥−𝑦 MPEA for wrought, sintering, and annealing
procedures represents low hardness when elongation is high, and vice
versa. In the case of casting, the situation is even worse, with overall
hardness and elongation values for Hf𝑥W𝑦(VNbTa)1−𝑥−𝑦 consistently be-
low average throughout the composition points, indicating an absence
of hardness-ductility synergy.

It is noteworthy to mention that the Figs. 6(a) and (b) have a big
prospect for being utilized in the design of digital manufacturing (meta-
morphic manufacturing) methods. The given composition of an MPEA
can be checked in the ternary diagrams for hardness or elongation at
different manufacturing methods. Importantly, the triangular diagrams
have values of hardness and elongation for all sets of composition, so
each and every composition value can be inspected. The information
about any two different manufacturing routes imparting different hard-
ness for a single alloy composition, then this information can be utilized
to design a digitally controlled incremental forming system.

An online software tool can enable the performance of test, design,
and discovery tasks for MPEAs, expediting the pursuit of hardness-
ductility synergy in these class of materials. The prediction model
of AlloyManufacturingNet has been launched online as a software
app (Poudel and Kunwar, 2023). In the web interface, the user can
perform two distinct tasks — (i) alloy design, and (ii) hardness and
ductility optimization. The task of alloy design refers to the task of
obtaining the hardness and elongation values independently for a given
new alloy composition. When the input for multi-principal element
alloy composition and fabrication type is provided by the user, the esti-
mated hardness (in HV) and percentage elongation values are presented
on the screen. Besides the target values, the input features (including
VEC) and Pugh’s ratio are also automatically shown by the software.
The user can select between default category (which includes the mix-
ture set of tension and compression datasets), compression tests only,
and tensile tests only to find the corresponding values of estimated
elongation percentage. It is important to note that the software predicts
well for ductile and highly ductile MPEAs and it is not recommended
for use in materials with ductility less than 5%. The software performs
well for all range of hardness values. In context of the hardness-ductility
synergy optimization task, besides the information of the composition
of the base MPEA, manufacturing route, and test type; the user has to
additionally supply the names of two dopant elements. The software
then outputs two ternary diagrams one for hardness distribution and
another for ductility distribution in the doped MPEAs. In addition to
this, AlloyManufacturingNet also maps the composition data in the
Hardness-Elongation chart. Such scatter data can inform the user in
knowing the compositions (for a given manufacturing process) that
possess good hardness+good ductility; excellent hardness only and
excellent ductility only.

3.3. Coupling nanoscale simulation with prediction result at macroscale for
Nb-doped CoCrNi MPEA to analyze the hardness

Many materials scientists and engineers are conducting research on
the medium entropy alloy CoCrNi as it has piqued their interest for vari-
ous reasons. It has been demonstrated that this ternary equiatomic MEA
possesses greater toughness and strength than the quinary equiatomic
CrCoFeMnNi high entropy alloy (Coury et al., 2018). This notable
strength-ductility synergy in CoCrNi MEA has been attributed to its
low stacking fault energy (Ge et al., 2022). Numerous efforts have
been made to improve the mechanical properties of CoCrNi MEA by
introducing dopants in varying proportions (Chang et al., 2021). In
our pursuit of enhancing hardness, we present our study on doping
CoCrNi with Nb atoms. Fig. 7(a) displays the hardness values estimated
by the AlloyManufacturingNet for Nb-doped CoCrNi alloys fabricated
via the casting procedure. It can be observed that hardness increases
with an increasing amount of Nb in the CoCrNiNb𝑥 MPEA. To optimize

the material properties, we employ the ensemble model to predict the
elongation feature of CoCrNiNb𝑥 alloy (manufactured using the casting
route), and the results are presented in Fig. 7(b). The data reveals that
the elongation of the CoCrNi alloy initially decreases with the addition
of Nb, reaching its lowest point at 𝑥 = 0.25. In other words, Nb has a
negative impact on ductility in CoCrNiNb𝑥 for values of 𝑥 ≤ 0.25. While
the CoCrNi alloy exhibits the highest ductility, with an elongation of
nearly 30%, the CoCrNiNb0.25 alloy has the lowest ductility, with an
elongation slightly below 20%. However, for 𝑥 > 0.25, ductility is
observed to increase again with the rise in Nb content.

From the perspective of hardness-ductility synergy, it is recom-
mended to design materials and devices with CoCrNiNb𝑥 compositions
where the Nb proportion (x) exceeds 0.25, particularly when employ-
ing the casting manufacturing procedure. At 𝑥 = 0.6, the CoCrNiNb𝑥
MPEA exhibits a hardness of approximately 600 HV and an elongation
well above 20%. Although the exact property values (hardness and
elongation) may vary, and the specific value of 𝑥 associated with
minimum elongation may change with different manufacturing routes,
it has been confirmed that the trends in hardness and elongation curves
are consistent across all four manufacturing categories. Therefore, we
will focus on the MPEA produced via the casting procedure in this
section to understand the mechanism of hardness enhancement with
Nb content. It is to be noted that the training datasets for hardness
in the ensemble learning models correspond to millimeters (continuum
scale) sized samples. For accurate understanding of the materials sci-
ence of the MPEAs, it is always important to relate the macroscale
behavior with structure–property relationship studied at atomic scale
or nanoscale. In the context of predicting the hardness of CoCrNiNb𝑥
MPEA, understanding the structure–property relationship is crucial.
While CoCrNi typically has a face-centered cubic (FCC) crystal struc-
ture, CoCrNiNb𝑥 with a higher Nb proportion can exhibit a different
crystal structure. Our previous work (Subedi et al., 2022b) highlighted
that CoCrNiNb0.5 MPEA exists as an IMC phase, while Lu et al. (2019)
reported that the Nb-rich phase in CoCrNiNb𝑥 MPEA corresponds to
a hexagonal close-packed (HCP) Laves phase. These different crystal
structures can influence the mechanical behavior of Nb-rich and Nb-
deficient CoCrNiNb𝑥 MPEA/CoCrNi MEA. A nanoscale computational
analysis can provide insights into the behavior of these alloys.

In this study, we selected MEA CoCrNi (with atoms arranged in
an FCC structure) and CoCrNiNb0.6 MPEA (with a unit cell of HCP
structure) for nanoscale indentation tests. We conducted atomistic sim-
ulations for nanoindentation using Molecular Dynamics (MD) methods
with LAMMPS software (Plimpton, 1995). The supercells of CoCrNi and
CoCrNiNb0.6 MPEAs were constructed using Atomsk software (Hirel,
2015). The CoCrNi nanoslab consisted of 600,000 atoms, while the
CoCrNiNb0.6 nanostructure consisted of 602,688 atoms. We visualized
the nanoslabs and analyzed the MD simulation results using OVITO
software (Stukowski, 2010). We used a non-atomic spherical indenter
(radius = 5 nm, specific force constant = 1000 eV/Å3). The indenter
initially touched the top of the nano slabs and then moved vertically
downward at a rate of 0.5 Å/ps. The results of the MD simulation,
showing the variation of indentation force (in μN) with the indentation
depth (in nm), are presented in Fig. 7(c).

The black curves in the figure represent the indentation force ex-
erted on the spherical indenter by the constituent atoms (Co, Cr, and
Ni) of the FCC CoCrNi alloy. The force shows a peak–valley profile,
starting from near-zero and reaching a peak value of 0.2 μN, then
decreasing before rising again with larger peaks. In contrast, the red
curve represents the indentation force for HCP CoCrNiNb0.6. It remains
negligible until the indenter reaches a depth of 1 nm. Beyond this
depth, the force increases continuously as the indenter penetrates the
material, without a peak–valley profile. When the indenter reaches a
depth of 2.5 nm, the indentation force for CoCrNi MPEA is around 0.3
μN, while that for CoCrNiNb0.6 is approaching 1.0 μN. These different
indentation profiles provide mechanistic insight into the role of Nb-
doping in promoting the hardness of the alloy. The presence of Nb in
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larger amounts alters the interaction mechanism among the constituent
atoms, strengthening their cohesion and resistance to the indenter.
The initial arrangement of Co, Cr, Ni, and Nb in an HCP unit cell
allows for enhanced flexibility in atom rearrangement through dislo-
cation motions and twinning, leading to a robust nanostructure that
provides greater resistance force. The MD simulation results (performed
at nanoscale) confirm the predictions from the ensemble model (built
on the data obtained from continuum scale experiments), validating the
latter as a physically explainable machine learning model.

4. Conclusion

In this study, we developed a data-driven machine learning ensem-
ble neural network model to predict the hardness and elongation of
multi-principal element alloys (MPEAs). We trained the model using
selected features and fabrication routes, optimizing hyper-parameters
through hyper-parameter tuning. The trained model allowed us to make
predictions for both hardness and elongation of the MPEA system.
Additionally, we visualized how hardness and elongation vary with
changes in the composition of certain elemental components using
ternary plots. An online software application has been developed to
estimate hardness-elongation values. The software currently provides
accurate predictions across a wide range of hardness levels but is
particularly effective for ductile and highly ductile MPEAs.

Here are the key conclusions from our work:

• We constructed a weighted ensemble of four neural networks
based on feature sets derived from feature selection engineering
techniques, including PCC heatmap, VIF, and PCA for predicting
hardness and elongation.

• Alloy design was performed for both ZrHfNb- and VNbTa-derived
MPEAs based on maximum hardness criteria. The optimal combi-
nations were [Cr, W] dopant pairs and sintering (powder met-
allurgy) manufacturing routes, resulting in hardness values of
684.49 HV for Cr0.4W0.5(ZrHfNb)0.1 and 733.42 HV for Cr0.5W0.3
(VNbTa)0.2.

• Elongation-based alloy design revealed Ti0.7(ZrHfNb)0.3 prepared
via annealing as the alloy with the highest elongation of 43.52%
among all candidates. For VNbTa-derived MPEAs, Mo0.1Ti0.8
(VNbTa)0.1 processed through the wrought manufacturing route
exhibited an elongation of 34.36%. Ti was identified as a favor-
able dopant for improving elongation properties in both alloy
categories.

• To achieve a hardness-ductility synergy-based composition design
of MPEAs, we introduced a scale-invariant optimization technique
for maximizing the objective function of both mechanical proper-
ties. The results indicated that VNbTa-derived MPEAs were more
suitable for achieving an optimal combination of hardness and
elongation.

• We also investigated the hardness enhancement in Nb-doped
CoCrNi alloys manufactured by casting. The study revealed that
as the Nb content (x) increased in CoCrNiNb𝑥 MPEAs, hardness
increased proportionally. Elongation decreased for 𝑥 ≤ 0.25 and
increased for 𝑥 > 0.25, indicating that a higher proportion of Nb
is preferable for hardness-elongation synergy.

• Finally, we used a numerical approach, specifically the MD
method, to perform nanoindentation tests on FCC CoCrNi and
HCP CoCrNiNb0.6 alloys. This allowed us to gain mechanistic
insights into how the dopant influences the mechanical behavior
of MPEAs.
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A B S T R A C T

Piezoelectric devices offer numerous opportunities for sustainable harvesting of wasted mechanical energy,
leading to a significant interest in data-driven research on these materials. This study presents the design of
PiezoTensorNet, a comprehensive framework that encompasses a hierarchical classification neural network
for crystal point group determination and modular ensembles of regression-based multi-dimensional models
for predicting piezoelectric tensors. The machine learning models capable of forecasting tensors for dopant
element alloying and various crystallographic transformations is integrated along with finite element analysis
for electromechanical performance evaluation. The efficacy of integrated toolkit is demonstrated through
the computational design and discovery of a lead-free microelectromechanical system based on AlN. The
introduction of Boron and Erbium dopants in AlN enhances its piezoelectric performance, particularly when
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the crystal undergoes rotations along a preferred axis. Specifically, under a vertical loading of 5 × 10−5 N/m2

applied to a cantilever beam, the preferentially oriented B0.3Er0.5Al0.2N material generates a power 9.96 times
larger than that of AlN ceramics.

1. Introduction

Energy harvesting has gained significant attention as a crucial tech-
nology for applications including but not limited to sensors and ac-
tuators [1], Internet of Things (IoT) [2], and e-health [3,4]. Main
types of micro and nano energy harvesters include piezoelectric, tribo-
electric, electromagnetic, electrostatic, and acoustic [5,6]. Piezoelectric
materials, including single crystals, ceramics, composites, and films,
are indispensable components in electromechanical devices [7]. These
functional materials possess the capability for efficient interconversion
of mechanical and electrical energy due to the linear coupling between
mechanical stress and electric polarization [8]. They manifest the direct
piezoelectric effect, where mechanical stress induces alterations in
surface charge density, as well as the inverse piezoelectric effect, where
electric fields elicit material deformation [8]. As polarization represents
a vector and stress corresponds to a second-rank tensor, the coupling
phenomenon encompasses three distinct directions, thereby giving rise
to a third-rank piezoelectric tensor [9]. In a Euclidean crystal reference
frame because of the symmetricity, the piezoelectric tensor is typically
represented as a 3 × 6 matrix [10]. The concise overview of the
piezoelectric coefficients, their relations with electric and mechanical
terms, and corresponding expressions are provided in Supplementary
Information S1.

The functional characteristics of these materials are directly linked
with their non-centrosymmetric structures [11]. Perovskite-structured
piezoelectric materials, including barium titanate, lead titanate, and
lead zirconate titanate, show significant promise for a wide range of
practical and industrial applications [12]. The European Union has
imposed stringent restrictions on the utilization of lead-based ma-
terials, thereby instigating scientific communities to seek lead-free
piezoelectric alternatives [13] that not only demonstrate environmental
compatibility but also exhibit exceptional characteristics for the ad-
vancement of novel devices [14]. Unfortunately, the identification of
suitable Pb-free substitutes, capable of fulfilling the requisite criteria,
continues to elude the current state of research [15].

Several studies have made endeavors to apply machine learn-
ing techniques in the pursuit of high piezoelectric coefficient lead-
free materials, showcasing their potential in this field [16–18]. These
works have successfully improved piezoelectric performance through
the identification of novel materials. However, a limitation of these
studies is that they solely rely only on specific components of the
piezoelectric tensor. Piezoelectric ceramics, characterized by ∞𝑚𝑚
symmetry [19], typically possess limited independent piezoelectric
coefficients, namely longitudinal mode 𝑑33, transversal mode 𝑑31, and
thickness-shear mode 𝑑15 [20]. It is important to note that only these
three coefficients may not fully capture the polarization distribution,
which can be accurately represented by the entire tensor. The tensor
encompasses contributions from both ionic and electronic sources,
providing a more comprehensive understanding of the material’s be-
havior [21,22]. Moreover, studying crystal rotation in such functional
materials is challenging without prior knowledge of the complete tensor
elements [23].

The presence of a non-zero piezoelectric tensor in materials leads
to a high electro-mechanical coupling polarization, which results in an
increased figure of merit [24]. By introducing quasi-symmetry breaking
in metamaterial design, it becomes possible to induce unconventional
piezoelectric coefficients in perovskite ceramics. These unconventional
coefficients, referred to as ‘‘quasi-effective piezoelectric coefficients’’,
when combined with conventional coefficients, form a 3 × 6 matrix
with technically all elements being non-zero. This expanded coeffi-
cient matrix opens up a broader range of possibilities for developing

devices based on piezoelectric ceramics [25,26]. Hence, there is a
need to develop methods that can predict piezoelectric tensors, en-
abling a more thorough investigation of polarization and facilitating the
study of crystal rotation effects and their advancement in piezoelectric
performance.

This study integrates alloying of base piezoelectric materials with
crystallographic-supported data-driven computational modeling, incor-
porating the physics of crystal rotations based on tensor mathematics.
This comprehensive approach offers a rapid screening tool for evalu-
ating the piezoelectric performance of materials by establishing a link
between the microscopic crystal structure and resulting piezoelectric
polarization. The effectiveness of this approach is demonstrated using
AlN-based materials in various scenarios, including pure AlN, single
and paired dopant alloying, and crystal rotations along three Cartesian
coordinate axes. Energy generation in these scenarios is investigated,
and the machine learning-supported finite element method is employed
for energy harvesting modeling, aiming to design materials that exhibit
high voltage generation under similar loading conditions. The find-
ings showcase the extensive capabilities of this integrated approach in
piezoelectric material design and engineering applications.

2. Methodology

2.1. Data acquisition, processing and analytics

The piezoelectric properties of training materials consisting of 3301
were extracted from the Materials Project (MP) [27,28]. A dataset of
1354 piezoelectric materials was used for machine learning model for-
mulation. That harvested dataset consists of piezoelectric properties for
various crystal structures. Selected materials comprising 367 cubic (23,
4̄2𝑚), 152 tetragonal 4̄2𝑚, 305 orthorhombic 222, and 195 hexagonal
6 mm + tetragonal 4 mm, and 335 orthorhombic 𝑚𝑚2 piezoelec-
tric materials were undertaken for further data analysis and machine
learning model training purpose. Numerical featurization of physical
properties played a pivotal role in the data-driven study. Therefore,
the assessment of numerical descriptors for structural, physical, and
thermo-mechanical characterization carries crucial in data processing
and analytics.

Featurization involved transforming materials-related quantities
into physically relevant numerical descriptors, capturing complex rela-
tionships between inputs and targeted piezoelectric tensors. Initial fea-
tures were derived from chemical composition formulas using Materials
Agnostic Platform for Informatics and Exploration (Magpie) [29]. While
the Magpie featurization package includes 132 features encompassing
elemental properties and stoichiometric attributes, it does not include
thermodynamics, elastic, and the structural properties [30]. Thus,
Magpie featurization is complemented by 13 additional descriptors to
account for missing descriptors.

Principal Component Analysis (PCA) was employed for dimension-
ality reduction. By decomposing the data matrix into the direction and
magnitude components, PCA identifies multiple data directions and
eliminates less relevant features. The retained information’s importance
was quantified using explained variance (EV). Incorporating PCA-based
feature selection enhanced analysis efficiency and interpretability, fo-
cusing on impactful data aspects [31]. Detailed information regarding
each component of the harvested data, including its visualization,
numerical feature calculations, and feature engineering, can be found
in Supplementary Information S3.
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Table 1
Crystallographic impact on piezoelectric tensors: This table explores the relationship between crystallography and piezoelectric tensors through symmetry constraints and graphical
representations. The category class serves as a pseudo-grouping mechanism in the hierarchical classification machine learning model, enhancing the efficiency of the parent
classification process. Similar tensor structures cluster point groups into PG1, PG2, PG3, PG4, and PG5. The symbol #𝑒𝑖𝑗 denotes the number of independent piezoelectric coefficients.
Notably, the cubic (23, 4̄2𝑚) and hexagonal 6 mm + tetragonal 4 mm point groups share the same tensor structure, resulting in seven point groups represented by five sibling
labels.

Category Crystal and Crystal Structure Piezoelectric tensor #𝑒𝑖𝑗 Tensor visualizationa

Class Point groups representation

PG1
Cubic 23
Cubic 4̄3𝑚

⎛
⎜⎜⎝

0 0 0 𝑒14 0 0
0 0 0 0 𝑒14 0
0 0 0 0 0 𝑒14

⎞
⎟⎟⎠ 1

Class A

PG2
Tetragonal 4̄2𝑚

⎛
⎜⎜⎝

0 0 0 𝑒14 0 0
0 0 0 0 𝑒25 0
0 0 0 0 0 𝑒36

⎞⎟⎟⎠ 3

PG3
Orthorhombic 222

⎛⎜⎜⎝

0 0 0 𝑒14 0 0
0 0 0 0 𝑒14 0
0 0 0 0 0 𝑒36

⎞⎟⎟⎠ 2

Class B

PG4
Hexagonal 6𝑚𝑚
Tetragonal 4𝑚𝑚

⎛⎜⎜⎝

0 0 0 0 𝑒15 0
0 0 0 𝑒15 0 0
𝑒31 𝑒31 𝑒33 0 0 0

⎞⎟⎟⎠ 3

PG5
Orthorhombic 𝑚𝑚2

⎛⎜⎜⎝

0 0 0 0 𝑒15 0
0 0 0 𝑒24 0 0
𝑒31 𝑒32 𝑒33 0 0 0

⎞⎟⎟⎠ 5

a The tensor visualization was performed using the following tensor component values: For Class A: 𝑒14 = 0.5. For Class B Hexagonal 6 mm and Tetragonal 4 mm: 𝑒15 = 0.0743,
𝑒31 = 0.0588, 𝑒33 = −0.0983. For Class B Orthorhombic mm2: 𝑒15 = 0.015, 𝑒15 = 0.0081, 𝑒31 = 0.014, 𝑒31 = 0.011, 𝑒33 = −0.02. The unit of these coefficients is C/m2.

2.2. Crystal point group clustering based on piezoelectric tensor symmetry

The lack of inversion symmetry in a crystal structure can give birth
to a variety of unique characteristics including piezoelectricity [32].
Neumann’s symmetry principle elucidates the profound interplay be-
tween the intrinsic symmetry of a material’s structure and the re-
sulting constraints imposed on tensors (a reference to the number of
independent components) characterizing its physical properties. This
fundamental principle asserts that the properties of a material cannot
possess a symmetry lower than that exhibited by its crystal structure.
The choice of crystallographic unit cell axes aligns with the princi-
pal symmetry elements, and basis coordinate systems for tensors are
established accordingly. This alignment simplifies tensor descriptions
by reducing the number of independent components. Neumann’s prin-
ciple highlights the interplay between crystal symmetry and material
properties [33].

Crystal symmetry classes categorize the symmetry elements and
operations of crystals, enabling analysis of their properties including
impact on piezoelectric behavior [34]. Among 32 unique crystal classes,
20 point groups exhibit piezoelectricity [19]. The higher symmetry
crystals such as cubic structures display simplified piezoelectric tensors
due to their symmetricity. This higher symmetry results in a reduction
in the number of independent non-zero piezoelectric coefficients [35].
Conversely, crystals with lower symmetry, as found in trigonal, tetrag-
onal, or orthorhombic crystal systems, exhibit more intricate piezoelec-
tric tensor forms. The number of independent piezoelectric coefficients

is determined by the crystal’s symmetry [36]. Supplementary Infor-
mation S2 provides further elaboration on the relationship between
crystallography and piezoelectricity.

While symmetry considerations can identify the potential for piezo-
electricity, their ability to fully capture the magnitude and nature of the
piezoelectric response is limited [37]. Incorporating all 20 point groups
into a machine learning model is not feasible first because of the classi-
fication of higher nodal targets and higher dimensions of piezoelectric
component prediction. To address this constraint, the application of
crystal symmetry-guided clustering becomes imperative. Initially, this
involves excluding monoclinic and triclinic crystals because of a higher
number of independent coefficients from the scope of the regression-
based ML model. Subsequently, the positions and structure of non-zero
elements are systematically grouped to form distinct category classes.
The organization of these classes is informed by the collected piezo-
electric data, resulting in two main categories. These criteria capture
the piezoelectric behavior of 7 crystal point groups.

The crystal symmetry-based grouping is included in Table 1. In the
first category, four crystal point groups together form three distinct
sub-categories. Conversely, the second category comprises three point
groups organized into two sub-categories. This classification of crys-
tal points operates on multiple layers, forming sub-classes within an
overarching category class. Consequently, a data-driven approach ne-
cessitates a multi-level hierarchical classification in a specific sequence
that is explained in a subsequent section.
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Fig. 1. A hierarchical multi-scale ML framework for piezoelectric material design: (a) The featurized piezoelectric database undergoes preprocessing, which involves PCA for feature
compression. This step achieves a 96% explained variance by selecting 28–32 features. (b) The PiezotensorNet operates at two scales: (i) The hierarchical multi-level classifier,
HierCrystalNet, categorizes materials in the initial layer into pseudo-parent classifications: class A or class B. Subsequent children’s classifications assign crystal point groups,
resulting in PG1, PG2, or PG3 for class A, and PG4 or PG5 for class B. (ii) The regression-based ModularEnsembleNet ultimately provides the independent non-zero piezoelectric
coefficient (#𝑒𝑖𝑗 ) which is reordered into 3 × 6 tensor. The outputs from HierCrystalNet activate distinct modules within an ensemble artificial neural network, ensuring accurate
prediction of the tensor.

2.3. Prognosticating piezoelectric tensors: Introducing PiezoTensorNet.

The integration of neural networks and crystallography discloses
substantial potential for accelerated exploration of optimum materials
design [38,39]. In this study, this interdisciplinary fusion of pattern
understanding ability of ML with crystallographic insights is considered
which latter will be assisted by crystal rotation and Finite Element Anal-
ysis (FEM) in the design of functional material. The schematic depiction
of this process is elucidated sequentially in Fig. 1. The phenomenon
of crystal point group classification unfolds within a two-tiered struc-
ture, activating a module-based ensemble neural network exclusively
tailored for independent piezoelectric coefficient predictions. The final
output of the ML model is further restructured to form a piezoelec-
tric tensor in the 3 × 6 order. A detailed explanation of the crystal
point group classification and #𝑒𝑖𝑗 prediction process is explained in
a subsequent sub-section within this section.

2.3.1. Hierarchical multi-level classification of crystal groups in piezoelec-
tric materials

Multi-label classification poses significant benefits as it involves
the assignment of parent categories to closely related labels [40]. In
this investigation, a two-layer classification was employed, focusing
on the consistent patterns exhibited by mathematically homogeneous
piezoelectric tensors. It is noteworthy that the child group is a true
representation of the actual classification label which is the primary
objective of this classification model. On the other hand, the parent
groups are pseudo-clustering of the closely related point groups in
assisting multi-level classification. The five sibling classes of seven
crystal point groups are characterized by their proximity to one another
because of the same mathematical piezoelectric tensor as represented
by piezoelectric tensor in Table 1. The initial step of the process
involves the preliminary classification of piezoelectric materials, assign-
ing them to either class A or class B. This pseudo-parent assignment
serves as the first layer of classification, and the model achieves an
accuracy of 68%. Subsequently, the predictions from the first layer are

utilized in the second layer for specific point group classification. In
the second stage, when the first layer results in class A, the focus of
the classification process is on PG1, PG2, and PG3. Sub-classification
within class A is carried out with an accuracy of 71.43%. Conversely,
if the first layer results in class B, the attention of the second stage
shifts to the classification of PG4 and PG5, achieving an accuracy of
82.22%, as illustrated in Fig. 1 b(i). This entails a finer level of cat-
egorization based on the pseudo-parent classification and then sibling
point group recognition. The core of this hierarchical methodology lies
in the precise identification of the material’s crystal point group. Upon
completion of the entire classification model, the ultimate outcomes
are the crystal point groups denoted as PG1, PG2, PG3, PG4, and
PG5. After the identification of the material’s crystal point group, it
serves as a trigger for activating the prediction process of independent
piezoelectric coefficients. This prediction is accomplished through a
multi-target regression-based ModularEnsembleNet.

2.3.2. Modular ensemble models to foretell the piezoelectric coefficients
After the two successive classifications, this work introduces a well-

engineered and intricate ensemble neural network model, comprising
five meticulously designed modules. Each of them comprises an en-
semble of two distinct ANN architectures. The collaborative synergy
between these two ANN models involves arithmetic averaging their pre-
dicted values. This ensemble approach contributes to the generalization
of the multi-dimensional regression model, resulting in a compact mod-
ular block. The multi-dimensional regression-based modular ensemble
ANN seamlessly integrates with hierarchical classification, significantly
improving the speed and efficiency of piezoelectric performance design.

The fusion of multi-layered classification HierCrystalNet (Fig. 1bi)
and multi-dimensional regression ModularEnsembleNet (Fig. 1bii) is
achieved from the unique activation mechanism of the ModularEnsem-
bleNet to activate the specific modules among five different module set.
This activation mechanism is designed to selectively choose a specific
module from a set of five different modules. The crystal point groups
are identified through the HierCrystalNet framework (Fig. 1b(i)). The
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Fig. 2. Crystallographic rotations for a crystal with three sets of Euler angles are described as follows: (a) Counterclockwise rotation (𝜙) about the 𝑍-axis, with a range of 0◦

to 360◦. (b) Counterclockwise rotation (𝜃) about the X′-axis, with a range of 0◦ to 180◦. (c) Counterclockwise rotation (𝜓) about the Z′′-axis, with a range of 0◦ to 360◦. The
transformation of the tensor by these rotations is given by 𝑎1, 𝑎2, and 𝑎3, respectively, where each of them represents a 3 × 3 matrix of direction cosines. It is noteworthy that
some of the zero value position of the piezoelectric coefficient transforms into non-zero coefficients.

activation of one among the five different modules is contingent on
the outcome of the classification model, determining whether the result
corresponds to PG1, PG2, PG3, PG4, or PG5. Given that a piezoelectric
material possesses a unique point group, only one module is activated.
This unified framework plays a crucial role in the model’s architecture,
where hierarchical classification guides the activation of ANN modules,
as illustrated by ModularEnsembleNet in Fig. 1b(ii). The root mean
squared error (RMSE) of each modular ensemble network is: 0.65, 0.85,
0.53, 1.05, 1.02 for PG1, PG2, PG3, PG4, and PG5 respectively. The
outcome from the ML model is the prediction of piezoelectric coeffi-
cients in a 1D array having the same order as the #𝑒𝑖𝑗 of the classified
point group. Subsequently, the predicted results are reorganized into
the format of a piezoelectric tensor with a 3 × 6 order.

By integrating the crystallography dominant HierCrystalNet into
piezo-tensor focused ModularEnsembleNet framework, a powerful and
versatile tool called PiezoTensorNet [41] is forged. This integrative
approach enhances the model’s capacity to first classify crystal point
groups and then predict the piezoelectric coefficients, enhancing the
field of piezoelectric material design and facilitating advancements in
diverse scientific applications. For more detailed information on the
architecture of the machine learning models, please refer to Supple-
mentary Information S4, Tables A3, A4 and A5.

2.4. Crystal transformation of piezoelectric tensor

Piezoelectric tensors, as 3rd rank tensors follow specific transfor-
mation laws. The orientation of a molecule or crystallographic lattice
in relation to the laboratory coordinate system is determined by three
Euler angles: 𝜙, 𝜃, and 𝜓 as visualized in Fig. 2. Two angles, 𝜃 and 𝜙,
specify a direction in space, while 𝜓 fixes the orientation of the other
two sets in orthogonal axes. This can be visualized as three consecutive
rotations. The direction cosine matrix is commonly used to derive the
orientation of a general rotation.

𝑎1 =
⎡⎢⎢⎣

cos𝜙 sin𝜙 0
− sin𝜙 cos𝜙 0

0 0 1

⎤⎥⎥⎦

𝑎2 =
⎡⎢⎢⎣

1 0 0
0 cos 𝜃 sin 𝜃
0 − sin 𝜃 cos 𝜃

⎤⎥⎥⎦

𝑎3 =
⎡
⎢⎢⎣

cos𝜓 sin𝜓 0
− sin𝜓 cos𝜓 0

0 0 1

⎤
⎥⎥⎦

(1)

The relationship between the 𝑒𝑖𝑗𝑘 tensor in the laboratory coordinate
system obtained after Eulerian rotation (𝜙, 𝜃 𝜓) of the 𝑒𝑜𝑙𝑚𝑛 tensor in the
crystal coordinate system is given by the transformation for 3rd rank
tensor as follow: [42]

𝑒′𝑖𝑗𝑘 = (𝑎1)𝑖𝑙 (𝑎2)𝑗𝑚 (𝑎3)𝑘𝑛 𝑒𝑜𝑙𝑚𝑛 (2)

where, [𝑖, 𝑗, 𝑘, 𝑙, 𝑚, 𝑛] = 3
(𝑎1)𝑖𝑙 (𝑎2)𝑗𝑚 (𝑎3)𝑘𝑛 are the direction cosines representing both the co-
ordinate systems. In the representation of 3rd rank 3 × 3 × 3 in
3 × 6 piezoelectric tensors, the new tensor after transformation is given
by [43]:

𝑒′𝑖𝑗 (𝜙, 𝜃, 𝜓) = 𝐴𝑖𝑙 𝑒
𝑜
𝑙𝑚 𝑁𝑚𝑗 (3)

[𝑖, 𝑙] = 3; [𝑗, 𝑚] = 6.
The Cartesian tensor notation and Einstein summation convention

were used in the analytical solution of tensor mathematics and perform-
ing crystal rotations. In these engineering notations, repeated indices
imply summation over those indices. The convention also allows for
partial differentiation with respect to the coordinate associated with
an index [44,45]. These notations provide a concise and precise way
to express and manipulate the piezoelectric tensors obtained from the
multi-scale machine learning models. 𝐴𝑖𝑙 and 𝑁𝑚𝑗 are 3 × 3 and 6 × 6
rotation matrix of direction cosines. The analytical calculation of crystal
rotation guided by tensor mathematics can be found in Supplementary
Information S5.

3. Discovering materials with enhanced piezoelectric
performance

This section showcases the potential of PiezoTensorNet in the rapid
fine-tuning and discovery of piezoelectric materials. Aluminum Nitride
(AlN) is a commonly used material in microelectromechanical systems
(MEMS) due to its advantages of high-temperature stability, better
thermal conductivity, and enhanced mechanical strength. However,
its low piezoelectric coefficient has prompted studies on performance
enhancement through alloying with transition metals (TM) [46,47].
Previous investigations in this area have focused on a limited num-
ber of TM. For instance, Uehara et al. [46] and Hirata et al. [47]
explored the preparation and enhancement of AlN with specific TMs
of a small subset in their analysis. Zha et al. [48] expanded the scope
by investigating 28 sets of TM in AlN, alloying a single TM at a time.
Despite the comprehensive approach, these studies lacked a data-driven
methodology, resulting in limitations such as a focus on fewer alloying
metals and primarily examining single alloying scenarios.
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Fig. 3. Rapid materials design and discovery for achieving optimum piezoelectric performance by strategic incorporation of alloy doping and crystal rotation. (a) The introduction
of foreign elements, D1, D2, or a combination thereof, into the AlN base material initiates the alloying process. (b) The influence of single dopants (Ta, Zr, Y, Hf, Nb, K) on
the reference modulus of elasticity, 𝑒mod, is visually elucidated. Remarkably, all dopants yield higher 𝑒mod values compared to the base AlN, which itself exhibits a value of 1.67
C/m2. (c) Comparative plots of 𝑒mod, 𝑒33, and 𝑒31 for various binary dopant combinations unveil the superiority of the [B, Er] dopant pair, followed by [Nb, Sc], in terms of
achieving elevated 𝑒mod values. (d) The distribution of 𝑒mod values across diverse compositions of B, Er, and the AlN ceramic material is visualized through a ternary surface
heatmap. Notably, a maximum value of 4.37 C/m2 is attained at a composition of 0.3 B and 0.5 Er. Crystal rotation analysis. (e) is conducted to investigate the impact of angular
variations, specifically the 𝜓 and 𝜃 angles, on the 18 components of the rotated piezoelectric coefficient tensor. The individual linear heatmap depicts the density distribution of
each component as a function of varying 𝜓 angles, with dark curves representing the density distribution of maximum values observed. Intriguingly, the density peaks at angles
of 91.52 ◦ and 268.47 ◦. (f) Moreover, the interplay between 𝑒′mod and the angular variations of 𝜓 and 𝜃 is explored, yielding valuable insights into the piezoelectric properties
under rotational transformations.

PiezoTensorNet is utilized in this study to investigate the different
scenarios starting from pure AlN which is hexagolan 6 mm crystal.
The doping effect of foreign elements, both single alloying and binary
configurations as visualized in Fig. 3(a) is done. Singular dopants [Ta,
Zr, Y, Hf, Nb, K] result in higher 𝑒mod values compared to pure AlN,
with Hf and Nb showing significantly larger 3.35 and 3.41 C/m2 values
at a doping composition of 0.525 and 0.725 respectively as represented
in Fig. 3(b). This study focuses on observing the collective impact of
the longitudinal, transverse, and shear modes within the piezoelectric
coefficient. A statistical approach was implemented to deduce the over-
all influence of these coefficients by employing a reference coefficient
modulus, denoted as 𝑒mod and explained by Eq. (4). The 𝑒mod solely
serve as a criterion for selecting materials with superior longitudinal,
transverse, and shear modes of piezoelectric components.

𝑒mod𝑖 =

√√√√√
6∑
𝑗=1

𝑒2𝑖𝑗

𝑒mod = max (𝑒mod𝑖 ) [i = 1 to 3]

(4)

Binary dopants exhibit superior piezoelectric modulus values, and
among the seven binary dopant pairs studied [Zr, Hg], [Sc, Y], [Ti,
Hf], [Zr, Hf], [Ta, Nb], [B, Er], and [Nb, Sc] which is illustrated in
Fig. 3(c). The [B, Er] pair achieves the optimal 𝑒mod values of 4.36 C/m2

(𝑒33 4.36 C/m2 and 𝑒31 0.09 C/m2) which is followed by 3.74 C/m2

(𝑒33 3.54 C/m2 and 𝑒31 0.86 C/m2) for [Nb, Sc]. The ternary surface
representation in Fig. 3(d) demonstrates the distribution of modulus

values across different compositions of B, Er, and AlN, with a maximum
value of 4.36 C/m2 attained at B0.3Er0.5Al0.2N. The doped piezoelectric
material is also analyzed for crystal transformation using Euler angular
transformations (𝜙, 𝜃, 𝜓) as discussed in Section 2.4.

The impact of angular variation is clearly encapsulated by the plots
of Fig. 3(e) and (f). It is noteworthy that the variation of angle 𝜙
shows no variation in tensor structure whereas there was a significant
variation of tensor component diversification because of 𝜃 and 𝜓 . The
angular variations of 𝜓 and 𝜃 depict that distribution of maximum
values of all 18 components of the piezoelectric tensor falls in 91.52◦
and 268.47◦ value of 𝜓 in Fig. 3(e) which is again validated from
𝑒∗′mod value lying for same values of 𝜓 of Fig. 3(f). Also, the maximum
modulus is achieved for 𝜃 values of 180◦ and 0◦. This analysis yields
valuable insights into the comprehensive piezoelectric enhancement of
amalgamated materials under rotational transformations.

The piezoelectric tensors obtained from the sequence of the above
analysis will be used for the electro-mechanical characterization in the
microelectromechanical self-energy sufficient system design.

𝑒𝑜 =
⎡⎢⎢⎣

0 0 0 0 −0.2893 0
0 0 0 −0.2893 0 0

−0.5801 −0.5801 1.461 0 0 0

⎤⎥⎥⎦

𝑒∗ =
⎡⎢⎢⎣

0 0 0 0 0.2283 0
0 0 0 0.2283 0 0

0.0943 0.0943 4.363 0 0 0

⎤⎥⎥⎦
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𝑒∗
′

1 =
⎡
⎢⎢⎣

0 0.08 0 −0.0808 0.459 −0.4554
−0.1882 −4.563 −4.3232 8.7947 −0.0807 0.146
0.1899 4.3775 4.3636 −8.6464 0 −0.0667

⎤
⎥⎥⎦

𝑒∗
′

2 =
⎡⎢⎢⎣

1.1354 0.947 0.9856 −1.825 −2.005 1.9339
0.9564 1.098 0.9799 −1.9783 −1.8336 1.93
−0.9946 −0.9778 −1.0156 1.9799 2.0 −1.838

⎤⎥⎥⎦
where,

𝑒𝑜 = Piezoelectric tensor for pure AlN
𝑒∗ = Piezoelectric tensor for alloyed AlN,

𝐵0.3𝐸𝑟0.5𝐴𝑙0.2𝑁

𝑒∗
′

1 = Rotated piezoelectric tensor for alloyed AlN,
𝜃 = 0◦, 𝜓 = 268.47◦, 91.52◦; 0◦ ≤ 𝜙 ≤ 360◦

𝑒∗
′

2 = Rotated piezoelectric tensor for alloyed AlN,
𝜃 = 180◦, 𝜓 = 268.47◦, 91.52◦; 0◦ ≤ 𝜙 ≤ 360◦

The tensor structure of pure AlN and doped material has a similar
structure with five non-zero elements and has elevated piezoelectric
effects because of a higher coefficient of 4.363 C∕m2 in 𝑒∗ in com-
parison to 1.461 C∕m2 of 𝑒𝑜. However, there is significant variation in
tensor structure because of crystal rotation. The surface plot in Fig. 4(b)
illustrates the tensor components 𝑒𝑜, 𝑒∗, 𝑒∗1, and 𝑒∗2 that are utilized in
the FEM analysis.

3.1. Finite element analysis for micro-sized beams of ML-assigned piezoelec-
tric tensors

With the in-silico toolkit to predict the piezoelectric tensors from
new composition information, it can be very useful for beneficial
applications if the properties can be tested for energy generation using
finite element models [49,50]. A microelectromechanical model of a
cantilever beam can be a substantially understandable and comprehen-
sible formulation for assessing the property-performance characteristics
of ML-designed novel piezoelectric materials. The governing equations
for polar materials can be expressed with linear constitutive equa-
tions, which are close to those presented in Ref. [51]. For steady-state
conditions the stress tensor (𝑇𝑖𝑗) of a piezoelectric beam of Fig. 4(a)
undergoing elastic deformation is expressed by Eq. (5),

− ∇ ⋅ 𝑇𝑖𝑗 = ⃖⃖⃗𝑓 𝑏 (5)

The deformation of the piezoelectric solid material is quantified in
terms of displacement vector (𝛿𝑖), and it will be known that the stress
tensor is a composite function of 𝛿𝑖. The term ⃖⃖⃗𝑓 𝑏 in the right-hand side
of the equation is the volumetric body force vector.

Variation of electric field potential (𝜆) in the micro-sized piezoelec-
tric beam is mathematically defined by the Poisson Eq. (6):

− ∇ ⋅ 𝜀∇𝜆 = 𝜌 (6)

In Eq. (6), 𝜀 is the permittivity of the piezoelectric material constituting
the loaded cantilever beam, whereas 𝜌 is the volumetric charge density
in the medium. Electric field intensity vector 𝐸𝑘 for the computational
domain is computed as the gradient of the scalar field 𝜆.

The electro-mechanical characterization within the simulation do-
main involves the interaction between mechanical stimuli (Eq. (5))
and electrical response (Eq. (6)). The piezoelectric tensor plays the
crucial role of representing the tightly coupled physics of the elec-
tromechanical system such as the piezoelectric beams. As shown in
Eq. (7), the linear piezoelectric constitutive equations are in the Stress-
Electric Displacement form with strain components and electric field
components as independent variables.

𝑇𝑖𝑗 = 𝑐𝑖𝑗𝑘𝑙𝑆𝑘𝑙 − 𝑒𝑘𝑖𝑗𝐸𝑘 (7)

𝐷𝑖 = 𝑒𝑖𝑗𝑘𝑆𝑘𝑙 + 𝜀𝑖𝑘𝐸𝑘 (8)

In the equation, the strain tensor annotated as 𝑆𝑘𝑙, is a function of
displacement variables. 𝑐𝑖𝑗𝑘𝑙 is of fourth-order stiffness tensor, 𝑒𝑘𝑖𝑗
and 𝑒𝑖𝑗𝑘 are third order piezoelectric tensors, and the dielectric ten-
sor 𝜀𝑖𝑘 is of second order. Applying materials symmetry conditions,
the piezoelectric tensors can be reduced into the form of 𝑒𝑘𝑖 and
𝑒𝑖𝑗 , and PiezoTensorNet is currently suited to work with the tensors
of this format. The 3D surface representation of 𝑒𝑖𝑗 tensors for four
types of considered piezoelectric materials are graphically shown in
Fig. 4(b). The tensor for undoped AlN i.e. e𝑜 as visualized in (b)(i)
has its maximum peak value of 1.461 C/m2 and maximum depth value
of −0.5801 C/m2. The corresponding tensors for the different doped
variants are presented graphically in (b)(ii)–(iv). Without incorporating
the rotation effect, the doping of AlN with B and Er in the composition
B0.3Er0.5Al0.2N produces the 3D profile of e∗ tensor of (b)(ii). The
maximum peak (maximum positive valued coefficient = 4.363 C/m2)
for this material is much higher than that of undoped AlN. However,
each of the coefficients of the e∗ tensor is zero or larger, and so it
loses the merit associated with the depth of the surface. For doped
alloy (B0.3Er0.5Al0.2N), and rotated with 𝜓 = 91.52◦ or 268.47◦ and
𝜃 = 0◦, both the peak and depths are of larger magnitudes. Referring
to (b)(iii), the maximum peak of e∗′1 tensor is of 8.7947 C/m2 whereas
the maximum depth is of −8.6464 C/m2. When the rotational angle
𝜓 is maintained at 91.52◦ or 268.47◦ and 𝜃 is changed to 180◦, the
profile of e∗′1 for B0.3Er0.5Al0.2N as shown in (b) (iv) has relatively
smaller peak values (largest positive value of 2.0 C/m2) and shallower
depth (most negative valued coefficient −2.005 C/m2). For the AlN
ceramic materials and doped-materials, the relative permittivity of 9.1
is utilized. As illustrated earlier, the piezoelectric tensor for the 3D
cantilever beam of AlN ceramics or doped alloys is represented by
18 coefficients in a 3 × 6 matrix. Applying symmetry conditions, the
stiffness matrix for isotropic and orthotropic 3D beam materials can be
represented with a 6 × 6 matrix with a total of 36 elements.

For isotropic assumption, the following stiffness tensor is used to
represent the case of AlN piezoelectric material:

𝐶𝐴𝑙𝑁𝑖𝑗𝑘𝑙 = 1011 ×

⎡⎢⎢⎢⎢⎢⎢⎣

3.54 1.12 1.12 0 0 0
1.12 3.54 1.12 0 0 0
1.12 1.12 3.54 0 0 0
0 0 0 1.21 0 0
0 0 0 0 1.21 0
0 0 0 0 0 1.21

⎤⎥⎥⎥⎥⎥⎥⎦

N∕m2

Composition-based feature vector (CBFV) methodology, illustrated
in Poudel et al. [31] has been utilized to compute the effective stiffness
tensor for doped alloy. The stiffness tensor for B0.3Er0.5Al0.2N alloy
(annotated as d-AlN) for elastic isotropy condition is:

𝐶𝑑−𝐴𝑙𝑁𝑖𝑗𝑘𝑙 = 1011 ×

⎡⎢⎢⎢⎢⎢⎢⎣

2.65 0.84 0.84 0 0 0
0.84 2.65 0.84 0 0 0
0.84 0.84 2.65 0 0 0
0 0 0 0.91 0 0
0 0 0 0 0.91 0
0 0 0 0 0 0.91

⎤⎥⎥⎥⎥⎥⎥⎦

N∕m2

The conditions for materials isotropy are utilized in this section to
highlight the sole effect of alteration in piezoelectric coefficients in
doped alloys. The values of Young’s modulus (Y𝐸) and Poisson’s ratio 𝜈
for AlN are 300 GPa and 0.24 respectively. Whereas, for B0.3Er0.5Al0.2N
the corresponding stiffness tensor indicates Y𝐸 and 𝜈 as 225 GPa and
0.24 respectively. The FEM simulations corresponding to orthotropic
elasticity are presented in Supplementary Information S6. The can-
tilever beam in Fig. 4(a) has a dimension of l = 200 μm, b = 50 μm and h
= 5 μm. At the end face of the beam (AlN ceramics or its doped versions)
attached to the fixed wall, fixed boundary condition (zero displacement
with 𝛿𝑥 = 𝛿𝑦 = 𝛿𝑧 = 0) is applied. At the face at the opposite end of
this piezoelectric beam, a surface load (F𝑧) is applied in the downward
direction. This stress load is applied with constant values ranging from
1 × 10−5 to (F𝑧)max = 5 × 10−5 N/m2. The top and bottom faces of
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Fig. 4. Finite element analysis for micro-sized beams. (a) The cantilever beam (200 × 50 × 5) μm is subjected to varying loading conditions ranging from 1× 10−5 N∕m2 to a
maximum (F𝑧)max = 5 × 10−5 N∕m2. The dimensions are not according to the scale. The top and bottom surfaces are electrically grounded for boundary conditions. (b) Deformation,
voltage generation, and power results obtained from the electro-mechanical coupled FEA for five different loading conditions of four different tensor properties. (c) Results of
deformation distribution along the 𝑧-axis (𝛿𝑧) for a load (F𝑧)max in the pure AlN and alloyed beam. (d) Electric potential (𝜆) for (F𝑧)max showing the maximum value of 7.8 V for
the corresponding maximum deformation of 0.97 μm.

the beam are grounded electrically. With the materials properties and
boundary conditions, the set of Eqs. (5) and (6) is solved using finite
element method in Elmer Multiphysics software [52,53].

As illustrated in Fig. 4(b), the potential distribution and deformation
variation for B0.3Er0.5Al0.2N alloy (with the orientation described as
𝜓 = 91.52◦ or 268.47◦ and 𝜃 = 0◦) are presented. With the matrix for
e∗′1 tensor being asymmetric, the voltage distribution pattern is char-
acterized by spatial anisotropy. For a stress load of (F𝑧)max, maximum
displacement with a magnitude of 0.97 μm is attained and potential
field with a maximum value of 7.8 V is generated in this material type.
It is further revealed from the curves of Fig. 4(d) that the value of
maximum 𝜆 for this piezoelectric material (represented by the curve
for Doped and rotated, e∗′1 ) is around 3.39 times that of the maximum
value obtained in the AlN beam (material denoted by the curve named
Pure AlN, e𝑜) at the stress loading of (F𝑧)max. The maximum value of
potential in pure AlN for the above loading is 2.3 V. The maximum
voltage for the other two variants of doped alloys with piezoelectric
tensors of e∗ and e∗′2 are 3.9 and 4.7 V respectively for the same loading.
Thus, the doped material in general offers better electromechanical
merits compared to the AlN beam. Moreover, the doped candidate
with rotation orientation resulting in e∗′1 is far superior to any of
the other three candidates. The results of voltage and deformation
distribution for a range of constant loads, varying from 1 × 10−5

N∕m2 to 5 × 10−5 N∕m2, as presented in Fig. 4(b) offer more insights
than just the finetuning of electric potential for a given mechanical
loading. The deformation curve for pure AlN material is of visibly
shorter length than that of the other three variants all composed of
the same doped material (B0.3Er0.5Al0.2N). Due to the compositional
differences between AlN and B0.3Er0.5Al0.2N, their stiffness tensors are
distinct. This variation in elastic response between the two materials

leads to different deformations in pure AlN and its doped variants. For
the vibrating beam of mass density (𝜌) of 7500 kg/m3 and moment
of inertia (𝐼 = 𝑏ℎ3∕12), the natural frequency at first mode is given
as 𝑓 = 1.8752

2𝜋

√
𝑌𝐸𝐼
𝜌𝑏ℎ𝑙4

[54]. From Fig. 4(c), Under (F𝑧)max, the curves
demonstrate that a cantilever beam composed of AlN ceramic exhibits
a maximum vertical displacement of only 0.73 μm at a first mode
frequency of 629.11 kHz. In contrast, the B0.3Er0.5Al0.2N beams already
deform by 0.97 μm at 544.82 kHz.

The average power (P) for the MEMS computed in accordance to
the relation P = (2𝜋𝑓 )CV2 [55]. Where, f, C, and V are the vibrational
frequency of the beam, capacitance of the connected capacitor, and
generated voltage respectively. For this system, considering the capac-
itance of 0.0492 pF and for (F𝑧)max, the power is obtained as 2082.71
μW for the rotated B0.3Er0.5Al0.2N (𝑒∗′1 ) beam, whereas it is 209.1 μW
for pure AlN (𝑒𝑜). This represents a 9.96-fold increase compared to pure
AlN. In the case of the other system, the maximum power is 520.82
μW for 𝑒∗ and 756.19 μW for 𝑒∗′2 . In energy harvesting applications,
the devices are designed based on loading conditions so the inclusion
of finite element analysis will add to the flexibility of choosing the
materials that provide the optimum range of deflections for a given
applied force.

4. Conclusion

The integration of computational engineering, crystallography, and
electro-mechanical characterization in the design of piezoelectric mate-
rials is the focus of this study. The introduced framework, PiezoTensor-
Net, is scientifically robust and combines the interdisciplinary science
of crystal structure, tensor mathematics, and machine learning tech-
niques. It combines a hierarchical neural network-based crystal point
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group classification with a modular ensemble neural network for piezo-
electric coefficient prediction. The fusion of these interdisciplinary
approaches results in an efficient model that combines a multi-layer
classification model and a multi-dimensional regression-based modular
network. The crystal point group classification influences the activa-
tion of specific blocks within the modular network. This framework
also incorporates the study of piezoelectric behavior variations in the
presence of single or binary foreign elements as dopants. Furthermore,
it includes crystal transformation and the enhancement of the piezo-
electric coefficient using Euler angular rotation by the combinations
of (𝜙, 𝜃, 𝜓). The application of tensor mathematics supports the
physics of crystal rotation. This framework effectively utilizes and
enhances the piezoelectric response of the material through electro-
mechanical coupling. The integration of computational engineering,
crystallography, and electro-mechanical characterization enables rapid
design improvements in piezoelectric materials.

In this research, the multidisciplinary integrated PiezoTensorNet
was applied to a MEMS based on Aluminum Nitride (AlN). The study
focused on the impact of singular and binary foreign element dopants
on the piezoelectric performance of the system. It was determined that
the composition [B, Er] with a ratio of B0.3Er0.5Al0.2N exhibited optimal
piezoelectric properties. Using crystallography-guided ML and FEM,
the performance of a cantilever beam was analyzed. The five different
loading conditions which cause varying deformation were studied. The
results showed that the power increased from 209.1 μW 520.67 μW in
the doped system when subjected to a case of maximum deformation
of 0.97 μm. Furthermore, crystallography rotation was performed on
the doped alloy, and it was found that rotating the crystal through
91.52◦ along the vertical axis (Z-axis) from either direction resulted in
the highest power generation, reaching a value of 2082.71 μW. This
study demonstrates the scientific application of PiezoTensorNet in the
field of piezoelectric materials, specifically in the context of MEMS
based on AlN. By exploring the effects of dopants and crystallography
rotation, significant improvements in the piezoelectric performance of
the system were achieved.
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Appendix A. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.apenergy.2024.122901. A document of
Supplementary Information to this article is provided together in a
single PDF file with 6 different sections.

S1. Piezoelectric Coefficients: Mathematical Expressions: contains Ta-
ble A1, expressing piezoelectric coefficients in terms of electric field,
electric displacement, mechanical stress, and strain.

S2. Crystal Point Group and Piezoelectricity: includes Table A2, with
noncentrosymmetric point groups and piezoelectric tensor in 20 crystal
classes.

S3. Data Visualization and Feature Engineering: comprises Table A3,
Magpie Descriptors for Materials Analysis with added complementing
features, alongside Fig. A1, Visualization and feature engineering of
collected Piezoelectric datasets.

S4. Machine Learning Descriptions: consists of Tables A4, A5, and
A6 detailing hyperparameter selection and machine learning descrip-
tions, along with Fig. A2 presenting learning curves for training and
validation accuracy.

S5. Crystal Rotation Supported by Tensor Mathematics:
S6. FEM for Orthotropic Stiffness: features Fig. A3, illustrating FEM

results of generated voltage and corresponding deformation for the
orthotopic stiffness matrix.
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A B S T R A C T

Through the multi-phase field method, this research explores microstructure evolution within the Al–Cu–Ni
system comprising Al-rich FCC, Al2Cu, and Al3Ni intermetallic compounds (IMCs). Notably, the Al3Ni exhibits
substantial growth due to its higher free energy magnitude, while the Al2Cu phase diminishes within the FCC
matrix. Additionally, this study investigates the impact of heterogeneous elastic effects on these microstructural
changes. Density functional theory calculations were employed to determine temperature-dependent elastic
tensor at a simulation temperature of 723 K. Initially both cases, simulations with elastic constants at 0 K and
723 K, start with identical grain areas. But by 21.45 ms, deviations notably intensify to 18.18% for single
grains, underlining the importance of temperature-calibrated elastic tensor in the phase evolution driven by
elastochemical effects.

1. Introduction

Aluminum (Al) alloys are renowned for their excellent strength-to-
weight ratio, making them the best fit for lightweight structural materi-
als in automotive and aerospace (Tan and Zhang, 2024). However, their
application is hindered by their low strength at high temperatures (Cui
et al., 2023). Recent advancements aim to address this challenge
with microalloying as a promising technique. Among Al-based al-
loys, the Al–Cu series is a crucial candidate for high-temperature
applications (Zhang et al., 2022). Adding Ni to Al–Cu alloys further
enhances mechanical performance across different temperatures (Luo
et al., 2022), forming diverse Ni-based intermetallic compounds (IMC)
that improve wear resistance and high-temperature strength (Wen
et al., 2017). Consequently, Ni–Al alloys find applications in high-
temperature structural components and as coatings for corrosion and
friction resistance (Osório et al., 2010). Additionally, spraying Ni in
Al–Cu alloys has been shown to mitigate the formation of brittle phases
at interfaces (Hou et al., 2021). When aluminum is alloyed with copper
(Cu) and nickel (Ni), it opens up the possibility of forming various
intermetallic compounds, with Al2Cu and Al3Ni being predominant at
temperatures below 723 K (Aravind et al., 2004; Shao et al., 2023).
Understanding the microstructural evolution within these Al–Cu–Ni
alloys is crucial for predicting their behavior (Bai et al., 2022). Studies

∗ Corresponding author.
E-mail address: sachin.poudel@polsl.pl (S. Poudel).
URLs: https://www.linkedin.com/in/sachinscnpdl/, https://www.researchgate.net/profile/Sachin-Poudel (S. Poudel).

by Kundin et al. (2015, 2014) have delved into the phase evolution
and nucleation processes in solidifying Al–Cu–Ni ternary compounds,
shedding light on their intricate microstructural dynamics.

The phase-field method is a robust interface tracking technique that
utilizes distinct phase fields to represent grains with the same crystal-
lographic phase but varying attributes (Feyen and Moelans, 2023; Liu
et al., 2023). This approach is powerful for studying the interface evolu-
tion between grains (Moelans et al., 2008a). This methodology employs
a vector order parameter to characterize a spectrum of properties,
including crystal structures, composition, and orientation (Steinbach
and Salama, 2023; Zhao et al., 2023). As a versatile computational tool,
it has significantly advanced alloy development by enabling the predic-
tion of microstructure evolution. The non-linear wave equation for the
phase field could potentially be coupled with a linear Schrödinger-type
equation for quantum-mechanical excitations, where atomistic-level
properties are directly imposed in phase field equations (Steinbach,
2024; Kundin and Steinbach, 2020). This concept is considered futur-
istic, and its numerical implementation is regarded as a challenge for
future research.

Quantum-mechanical method such as density functional Theory
(DFT) is very useful for computing material properties required by con-
tinuum scale calculations such as phase-field methods. The influence
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of elastic energy on phase morphology in dual and multi-phase alloys
has garnered increased attention (Zhao et al., 2020). Researchers have
extensively explored the equilibrium shapes of precipitates, investigat-
ing the relationship between elastic and interfacial energies (Li et al.,
2004). A particularly studied aspect is the impact of elastic deformation
energy on microstructural evolution, especially in precipitates exhibit-
ing misfit strain Gao et al. (2012), Ji et al. (2014). Particularly, several
studies have delved into the examination of elastic effects in phase
evolutions (Durga et al., 2020; Hektor et al., 2016; Wu et al., 2022;
Simon et al., 2020; Zuo and Moelans, 2023). However, it is essential to
highlight that these studies do not incorporate temperature-calibrated
elastic constants when considering the elastochemical effect in phase
evolution. This omission results in the inappropriate accounting of
phase evolution at high temperatures, as the elastic constants are based
on absolute zero temperature conditions instead of the simulation tem-
perature. The temperature-dependent elastic effects were studied in the
phase field crystal model (Ainsworth and Mao, 2019; Pisutha-Arnond
et al., 2013).

The connection of phase-field evolution and elastochemical effects
within multi-phase alloys has become a pivotal area for understanding
microstructural behaviors. This study strives to advance phase-field
models by integrating the elastic energy in the bulk free energy of
individual phases. This integration forms a robust framework that ac-
counts for the coupling between phase evolution and elastic distortion.
The approach involves incorporating suitable interpolation functions or
boundary conditions to effectively address the elastic contributions in
microstructure evolution. To seamlessly integrate the elastic effects into
microstructural evolution, this study utilizes ab initio simulations to
compute stiffness tensor values. The primary focus here is to underscore
the importance of using temperature-calibrated elastic constants over 0
K values, recognizing that calculating elastic energy with elastic con-
stants at simulated temperatures reflects more realistic microstructural
features. With this attempt, this analysis stands as an initiative ef-
fort in simulating phase evolution, considering temperature-dependent
elastochemical effects in multi-phase systems.

2. Temperature calibrated stiffness tensor using DFT

Elastic constants (ECs) are essential for characterizing a material’s
mechanical and thermodynamic properties, influencing sound velocity,
stability, and thermal response (Gillan et al., 2006). Typically, Den-
sity Functional Theory (DFT) calculations focus on zero-temperature
ECs due to computational constraints. However, the temperature de-
pendence of ECs can be addressed through two approaches. First,
quasi-static approximation (QSA) examines temperature-dependent ECs
considering thermal expansion and identifying geometries that min-
imize free energy. Second, the quasi-harmonic approximation (QHA)
utilizes second derivatives of free energy concerning strain to evaluate
ECs in temperature-dependent configurations (Malica and Dal Corso,
2020). The theoretical explanation of DFT is explained based on Malica
et al. (2021) in Appendix A.1.

The equilibrium lattice constants for the compounds were deter-
mined by interpolating the total energy (𝐸tot) as a function of the unit
cell volume (𝑉 ). Murnaghan’s equation of state, represented by Eq. (1),
played a key role in this process (Wafula et al., 2022):

𝐸(𝑉 ) = 𝐸(𝑉0)+
𝐵0

𝐵′
0 + (𝐵′

0 − 1)

[
𝑉
(
𝑉
𝑉0

)
𝐵′
0 − 𝑉0

]
+
𝐵0
𝐵′
0

(
𝑉 − 𝑉0

)
(1)

In this equation, 𝐸(𝑉 ) represents the ground state energy with a
volume of the cell (𝑉 ), 𝑉0 is the volume of the unit cell at zero pressure,
and 𝐵0 and 𝐵′

0 are the modulus of compressibility and its derivative,
respectively.

Elastic constants, including bulk moduli, shear moduli, Young’s
moduli, and Poisson’s ratios, were calculated using the Voigt–Reuss-
average method. Hill’s averages of bulk and shear moduli were instru-
mental in determining sound velocities. An accurate Debye temperature

was derived, considering sound velocities in various propagation direc-
tions and solving the Christoffel wave equation. This appropriate Debye
temperature played a pivotal role in computing vibrational energy, free
energy, entropy, and constant strain heat capacity (Wafula et al., 2022;
Palumbo and Dal Corso, 2017).

In crystal deformation, a symmetric strain tensor 𝜀𝑖𝑗 is applied,
where 𝑖 and 𝑗 denote Cartesian coordinate indices. To counterbalance
the effects of deformation and maintain the solid in its strained config-
uration, stress tensors 𝜎𝑖𝑗 are exerted. The relationship between stress
and strain is established through the equation: (Parrinello and Rahman,
1982)

𝜎𝑖𝑗 =
∑
𝑘𝑙
𝐶 𝑖𝑗𝑘𝑙𝜀𝑘𝑙 (2)

Here, 𝐶 𝑖𝑗𝑘𝑙 signifies the components of the elastic tensor, characterizing
the stress–strain relationship for small strains. These ECs can also be
derived as derivatives of stress with respect to strain:

𝐶 𝑖𝑗𝑘𝑙 = 𝜕𝜎𝑖𝑗

𝜕𝜀𝑘𝑙
||||𝜀=0 (3)

At absolute zero temperature (𝑇 = 0 K), the ECs can also be
expressed as the second derivatives of total energy (𝑈) obtained from
DFT with respect to strain:

𝐶̃ 𝑖𝑗𝑘𝑙 = 1
𝛺

𝜕2𝑈
𝜕𝜀𝑖𝑗𝜕𝜀𝑘𝑙

||||𝜀=0 (4)

Where 𝛺 signifies the volume of the reference system. The reference
geometry minimizes the energy in equilibrium and the energy-based
ECs (𝐶̃ 𝑖𝑗𝑘𝑙) match the components of the elastic tensor (𝐶 𝑖𝑗𝑘𝑙). However,
if isotropic pressure 𝑝 is exerted on the solid in the reference geometry,
the elastic constants differ:

𝐶 𝑖𝑗𝑘𝑙 = 𝐶̃ 𝑖𝑗𝑘𝑙 + 1
2
𝑝 (2𝛿𝑖𝑗𝛿𝑘𝑙 − 𝛿𝑖𝑙𝛿𝑗𝑘 − 𝛿𝑖𝑘𝛿𝑗𝑙) (5)

To incorporate the influences of zero-point quantum effects and
temperature, the same formulation can be utilized by replacing 𝑈
in Eq. (4) with the Helmholtz free energy 𝐹Hz:

𝐶̃ 𝑖𝑗𝑘𝑙𝑇 = 1
𝛺𝑇

(
𝜕2𝐹Hz
𝜕𝜀𝑖𝑗𝜕𝜀𝑘𝑙

)

𝜀=0
. (6)

Where 𝛺𝑇 represents the volume of the structure at temperature 𝑇 ,
and 𝐹Hz signifies the Helmholtz energy approximated within the QHA
at temperature 𝑇 and is computed as Balasubramanian et al. (2023):

𝐹Hz(𝑉 , 𝑇 ) = 𝑈 (𝑉 , 0) + 𝐹hr + 𝐹anhr (7)

Here, 𝑈 (𝑉 , 0) corresponds to the DFT enthalpy at 0K, 𝐹hr de-
notes the vibrational contributions from the harmonic approximation
of phonons, and 𝐹anhr represents the anharmonic phonon contribution
to the free energy. Within QHA, the term 𝐹anhr (electronic contribution)
is neglected. The 𝐹hr portion is evaluated as:

𝐹hr(𝑉 , 𝑇 ) =
1
2𝑁

∑
𝑞𝜂
ℏ𝜔𝜂(𝑞, 𝜀) +

𝑘𝐵𝑇
𝑁

∑
𝑞𝜂

ln
[
1 − exp

(
−
ℏ𝜔𝜂(𝑞, 𝜀)
𝑘𝐵𝑇

)]

(8)

In this equation, ℏ is reduced Planck constant, 𝑁 is number of
q-points, 𝜔𝜂(𝑞, 𝜀) stands for the phonon angular frequencies at wave
vector 𝑞 and strain 𝜀, 𝑘𝐵 denotes the Boltzmann constant, and 𝑇 is the
temperature.

2.1. Ab initio simulation setup

The study utilized DFT with projector augmented-wave (PAW) pseu-
dopotentials (Dal Corso, 2014) to explore the structural, mechanical,
electronic, and thermodynamic properties of crystals. Computation of
Al and Al2Cu employ the Perdew–Burke–Ernzerhof (PBE) functional
alongside generalized gradient approximations (GGA) while local den-
sity approximation (LDA) for Al3Ni (Perdew et al., 1996; Perdew and
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Fig. 1. DFT-computed temperature-calibration of elasticity. (a) Energy versus volume plots for single-element cubic Al-rich FCC (𝜙3), double-element tetragonal Al2Cu IMC
(𝜙1), and octagonal Al3Ni IMC (𝜙2), identifying the minimum energy structure with (*). (b) Phonon dispersion curves across high-symmetry directions and DOS featuring 9 distinct
geometries for 𝜙3 and 25 for 𝜙2. Solid lines depict the initial marked structure (*) from panel a), while faint lines correspond to intermediary geometries, and dotted lines represent
the DOS of the final geometry. Notably, non-negative phonon frequencies signify the dynamic stability of the bulk material. (c) The temperature-dependent calibration of elastic
constants emphasizes the higher impact of temperature on FCC (𝜙3) in comparison to Al2Cu IMC (𝜙1).

Wang, 1992). The computation of exchange–correlation energies was
conducted using varying plane wave cutoff energies: 30 Ry for Al
and 38 Ry for Al2Cu and Al3Ni. Investigation of Al’s elastic properties
was done with 24 × 24 × 24 k-point grid and Al2Cu and Al3Ni
utilized a 9 × 9 × 9 k-point grid in the Brillouin zone. The introduc-
tion of smearing as explained in Appendix A.2 alters electron orbital
occupation.

Furthermore, this study extended to the phonon dispersions of Al
and Al2Cu, which were calculated using density functional perturba-
tion theory (DFPT) within the Quantum Expresso (QE) post-processing
package Thermo_pw code (Dal Corso, 2017). A 2 × 2 × 2 q-point grid
was utilized for phonon frequency calculations, with Fourier interpo-
lation applied for other points within the Brillouin zone, ensuring a
broad analysis of vibrational properties. Computation of temperature-
dependent ECs employed QHA for Al and QSA for Al2Cu. The Helmholtz
energies at various strains were fitted to a polynomial function, allow-
ing for the determination of elastic constants at temperatures from 0 K
to 800 K with the step of 3 K.

2.2. Stiffness tensors for crystalline phases

In Fig. 1a, the atomic structure of three distinct materials is de-
picted: cubic Al-rich FCC (𝜙3), double-element tetragonal Al2Cu IMC

(𝜙1), and octagonal Al3Ni IMC (𝜙2). These structures represent the
configurations with minimized energy. Fig. 1b showcases the density
of states (DOS) against frequency for nine different 𝜙3 geometries
and twenty-five for 𝜙2. The plot provides a comparative analysis of
the crystal structure during different stages of geometry optimization.
The solid line represents the initial relaxed crystal structure, which
serves as the reference state. The green-colored dim lines illustrate
the intermediate geometries encountered during the optimization pro-
cess. Finally, the dotted lines denote the final optimized structure.
For each geometry, the local minima of energy were computed, with
the initial geometry’s local minimum depicted in Fig. 1a. Notably,
the temperature-dependent elastic constants in Fig. 1c reveal a more
noticeable influence of temperature on 𝜙3 in comparison to 𝜙1. Given
the relatively lower impact of temperature on the IMC phase, the elastic
constants for 𝜙2 are computed exclusively at 0 K.

The elastic constants obtained from Fig. 1(c) have been compiled
into Table 1 to showcase values at both absolute zero (0 K) and the sim-
ulation temperature used in the DFT-informed phase field simulations.
This table emphasizes stiffness values (measured in GPa), encompassing
experimental 0 K data for Al and Al2Cu, while providing computation-
ally derived values for Al3Ni as a reference of previously published
literature. Notably, significant attention is given to the elastic constant
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Table 1
Elasticity constants (GPa) for investigated materials, including experimental values at 0 K for Al and Al2Cu, and computational values for Al3Ni. Additionally,
the elastic constant at 723 K relevant to this study is provided. The structures of Al, Al2Cu, and Al3Ni are characterized by cubic, tetragonal I, and orthorhombic
arrangements, respectively which are identified by their international space group (SG) numbers. For detailed insights into the elastic tensor structures and
stability criteria, please refer to Appendix B, Table B.1.
Crystalline T C11 C12 C13 C22 C23 C33 C44 C55 C66 Ref.
structures (K)

Al 0 116.3 64.8 64.8 116.3 64.8 116.3 30.9 30.9 30.9 Vallin et al. (1964) Exp.
SG: 225 0 114.83 54.84 54.84 114.83 54.84 114.83 29.42 29.42 29.42 This Work
FCC 723 77.52 39.66 39.66 77.52 39.66 77.52 19.34 19.34 19.34 This Work

Al2Cu 0 159.0 63.0 50.0 159.0 50.0 163.0 29.0 29.0 46.0 Fribourg-Blanc et al. (1979) Exp.
SG: 140 0 155.14 67.84 58.01 155.14 58.01 155.35 31.72 31.72 34.63 This Work
Tetragonal 723 133.18 50.3 44.24 133.18 44.24 130.09 27.33 27.33 29.04 This Work

Al3Ni 0 169 87 94 167 81 164 89 74 51 Shi et al. (2009) DFT
SG: 62 0 225.85 90.68 68.97 241.57 76.89 223.41 95.69 86.86 70.09 This Work
Orthorhombic

at a simulation temperature of 723 K from temperature dependence
elastic values ranging from 0 K to 800 K. A cautious observation reveals
that the FCC matrix exhibits lower values across all nine symmetry
positions for elastic constants, while Al3Ni demonstrates higher values.
The Born stability criteria (Born, 1940), as detailed in Appendix B and
in Table B.1, serves as a valuable reference in computing the stiffness
tensor values with elastic tensor’s structural configurations and stability
criteria.

3. DFT-informed interface tracking mesoscale model

In the current study, the KKS approach (Kim et al., 1999, 2004) is
employed which is a widely used method of PF models. The benefit
of the KKS method is its ability to independently control the interface
energy and diffuse interface width. This flexibility allows the use of
larger widths at the interface without affecting the thermodynamic and
kinetic properties. As a result, computational efficiency is improved in
the interface tracking model. In KKS model, the chemical potential of
a component between any two adjacent phases are equal. For a multi-
phase multi-component system chemical potential (𝜇) is expressed as:

𝜇𝑖 =
𝜕𝑓1(𝑐𝑖)
𝜕𝑐1𝑖

=
𝜕𝑓2(𝑐𝑖)
𝜕𝑐2𝑖

= .. .. =
𝜕𝑓𝑁 (𝑐𝑖)
𝜕𝑐𝑁𝑖

(9)

The global concentration (𝑐𝑖) of 𝑖th component is related to its phase
compositions via the following expression:

𝑐𝑖 =
𝑁∑
𝜏
ℎ𝜏 (𝜂11,… , 𝜂𝑁 ) 𝑐𝜏𝑖 (10)

Where ℎ is a thermodynamically consistent interpolation function (Moe-
lans, 2011) representing the material properties at the interface which
is dependent on a non-conserved quantity order parameter (𝜂).

ℎ𝜏 (𝜂11, .., 𝜂𝑁 ) =

∑𝑁𝜒
𝑗=1 𝜂

2
𝜏𝑗

∑𝑁𝜙
𝑘=1

∑𝑁𝜒
𝑗=1 𝜂

2
𝑘𝑗

(11)

𝑁𝜙 = 3 represents the total number of phases in the system
encompassing: AL2CU IMC (𝜙1), AL3NI IMC (𝜙2), and FCC (𝜙3). The
grains (𝜒) for a phase have the same bulk free energy but are distinct
interfacially. In this work 𝑁𝜒 are 2, 3, 1 for 𝜙1, 𝜙2, and 𝜙3 respectively.
In the case of 𝜙3 consisting of a single grain, 𝜒3 = 𝜙3. The mathematical
representation of the phase state employs order parameter (𝜂) fields,
as outlined by Moelans et al. (2008b), which can take the form of 𝜙
for multi-phase, 𝜒 for multi-grains, or a combination of both 𝜙(𝜒) for
multiphase-multigrain microstructures. Consequently, the total number
of order parameters required in the model, as represented by Eq. (11),
is 𝑁 = 6. 𝑁𝜒 and 𝑁𝜙 in a multiphase multigrain system are related to
𝑁 as: 𝑁 =

∑𝑁𝜙
𝑖=1𝑁𝜒𝑖 . Therefore, the computational model is specifically

designed to accommodate a 3-phase system with 6 order parameters.

3.1. Free energy functional

The PF model derives the driving force for microstructural evolution
from the free energy of the system. The total free energy of the
thermodynamic system represented as 𝐹total, is a combination of the
bulk free energy (𝐹bulk), interfacial free energy (𝐹int), and elastic free
energy (𝐹el). This relationship is expressed as follows:

𝐹total = 𝐹𝑏𝑢𝑙𝑘 + 𝐹𝑖𝑛𝑡 + 𝐹𝑒𝑙

= ∫𝑉
(
𝑓𝑏𝑢𝑙𝑘 + 𝑓𝑖𝑛𝑡 + 𝑓𝑒𝑙

)
𝑑𝑉

(12)

3.1.1. Chemical free energy density
The bulk free energy density for the system is given as:

𝑓𝑏𝑢𝑙𝑘 (𝑐, 𝜂) =
𝑁∑
𝜏=1

ℎ𝜏 (𝜂11, .. , 𝜂𝑁 ) ⋅ 𝑓 𝜏bulk (𝑐1,… , 𝑐𝐶−1) (13)

𝑓 𝜏bulk = 𝐺𝜏m
𝑉𝑚

represents the bulk chemical free density for 𝜏𝑡ℎ phase.
The Gibbs free energy 𝐺𝜏𝑚 is quantified in J/mol and is associated with
three distinct phases. At 𝑇 = 723 K, it follows a paraboloid composition
dependence (Kunwar et al., 2020), and the detailed quantification for
its mathematical expression is provided in Appendix C. The assumption
is made that the molar volumes of the FCC, AL2CU, and AL3NI phases
are equivalent, and a value of 10−5 m3/mol is assigned to each phase.
This value is referenced from Figure 1 of Kaptay’s study (Kaptay, 2015).

3.1.2. Interface free energy density
The interfacial free energy density is composed of a barrier term,

𝑓𝑜, and gradient energy density, 𝑓𝑔𝑟𝑎𝑑 . 𝑓𝑜 is determined by the order
parameter expressed as a 4th order Landau polynomial. This energy
density is influenced by two model parameters, 𝑚 and 𝛾𝑖,𝑗 . On the other
hand, the gradient free energy density 𝑓𝑔𝑟𝑎𝑑 depends on the model
parameters 𝜅𝑖,𝑗 , as indicated below:

𝑓𝑖𝑛𝑡 = 𝑓𝑜 + 𝑓𝑔𝑟𝑎𝑑

= 𝑚
𝑁𝜙∑
𝑖=1

𝑁𝜒∑
𝑗=1

(
𝜂4𝑖𝑗
4

−
𝜂2𝑖𝑗
2

)
+ 𝑚 𝛾

𝑁𝜙∑
𝑖

𝑁𝜒𝐴∑
𝑗=1

⎛⎜⎜⎝

𝑁𝜙∑
𝑘

𝑁𝜒𝐵∑
𝑙=1,𝑖𝑗≠𝑘𝑙

𝜂2𝑖𝑗 𝜂
2
𝑘𝑙 +

1
4

⎞⎟⎟⎠

+
𝑁𝜙∑
𝑖=1

𝑁𝜒∑
𝑗=1

𝜅𝑖
2

|∇𝜂𝑖𝑗 |2

(14)

Where, 𝑁𝜒𝐴 and 𝑁𝜒𝐵 represents number of grains in phase 𝜙𝐴 and 𝜙𝐵 .
m, 𝜅, and 𝛾 are barrier height, gradient free energy coefficient, and
...... respectively. The minima of the Landau polynomial occur within
the interior of each phase field domain, specifically at points where the
order parameter values (𝜂11, 𝜂12,… , 𝜂𝑛) are (1, 0, …, 0), (0, 1, 0, …,
0), …, (0, …, 0, 1). At these points, the interfacial free energy density
𝑓𝑜 = 0, indicates that the contribution of the bulk materials to the
interface energy is negligible. Additionally, due to the strictly positive
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nature of the parameter 𝜅𝜏 , interfaces will always possess energetically
unfavorable characteristics.

The phase field parameters are determined as described by the
following expressions.

𝜅 = 3
4
𝜎𝛿

𝑚 = 6𝜎
𝛿

𝐿 = 16
3
𝑚𝑀∕𝜅

(15)

3.1.3. Elastic free energy density
The information about elastic free energy density is derived from

the constitutive equation of linear elasticity. The expression of elastic
deformation of solids is given by the following partial differential
equation:

𝜚 𝜕
2𝐮
𝜕𝑡2

− ∇ ⋅ 𝝈𝒄 = 𝐟 (16)

Where 𝜚, 𝐮, 𝐟 represents density, displacement fields, and body force
respectively. The body force is ignored in this work. and 𝝈𝒄 the Cauchy
stress tensor. At steady state mechanical equilibrium, 𝜚 𝜕

2𝐮̃
𝜕𝑡2

= 0 and thus,
∇ ⋅ 𝝈𝒄 = 0. The concept of elastic energy density can be expressed as
demonstrated in Jokisaari et al. (2017):

𝑓𝑒𝑙 =
1
2
𝜎𝑖𝑗el 𝜀

𝑖𝑗 (17)

In the equation above, the Einstein summation convention is applied
over cartesian indices 𝑖, 𝑗, 𝑘, and 𝑙. In this context, 𝜎𝑖𝑗 denotes the Piola–
Kirchhoff stress. It is important to highlight that the elastic stiffness
tensor exhibits smooth interpolation between distinct phases along the
diffuse boundary.

𝜎𝑖𝑗el =
𝑁∑
𝜏=1

ℎ𝜏
(
𝜎𝑖𝑗

)𝜏 (18)

In a bulk phase, the elasticity (𝐶 𝑖𝑗𝑘𝑙) is defined separately for each phase
without considering the interface. Following Hooke’s law, elastic stress
can be expressed in terms of the stiffness tensor and strain as:

𝜎𝑖𝑗 = 𝐶 𝑖𝑗𝑘𝑙 𝜀𝑘𝑙 (19)

The eigenstrain 𝜀∗𝑖𝑗 and the elasticity tensor 𝐶 𝑖𝑗𝑘𝑙 are both in-
fluenced by concentration and temperature, resulting in intriguing
elastochemical coupling effects (Park et al., 2019). Elastic strain is
characterized by the difference between total strain and eigenstrain,
represented as the stress-free strain 𝜀𝑘𝑙 ∗. Additionally, the eigenstrain,
representing the lattice strain misfit of each phase, is affected by
composition (Kamara et al., 1996). However, this study focused on
understanding the impact of elasticity on interfacial energy, so compo-
sition dependence was disregarded. Here, the misfit strain was solely
dependent on the order parameter which is commonly used in elastic
phase field simulations. The elastic strain 𝜀𝑖𝑗𝑒𝑙 thus can be expressed as:

𝜀𝑖𝑗𝑒𝑙 = 𝜀 𝑖𝑗 + 𝛿𝜀𝑖𝑗𝑒𝑙 − 𝜀
𝑖𝑗 ∗ − 𝜀𝑖𝑗𝑝𝑙 (20)

Applied strain 𝜀 𝑖𝑗 and local heterogeneous strain 𝛿𝜀𝑖𝑗𝑒𝑙 are together
represented as 𝜀𝑖𝑗𝑡𝑜𝑡. Also, plastic strain 𝜀𝑖𝑗𝑝𝑙 is not considered in this
formulation.

𝜀𝑖𝑗𝑒𝑙 = 𝜀𝑖𝑗𝑡𝑜𝑡 − 𝜀
𝑖𝑗 ∗ (21)

In this context, 𝜀 𝑖𝑗 represents the applied strain, 𝛿𝜀𝑖𝑗 stands for
the local heterogeneous strain, 𝜀𝑖𝑗 ∗ signifies the eigenstrain, and 𝜀𝑖𝑗𝑝𝑙
denotes the plastic strain. Only the eigenstrain resulting from dispar-
ities in the lattice parameters of the two phases is accounted for.
Crystallographic misfit strain tensor 𝜀𝑖𝑗∗ between phases 𝜙1, 𝜙2 and 𝜙3
and the total strain 𝜀𝑖𝑗𝑡𝑜𝑡 is calculated from the displacement fields 𝑢𝑗 as
in Eshelby (1957):

𝜀𝑖𝑗𝑡𝑜𝑡 =
1
2

(
𝜕𝑢𝑖
𝜕𝑥𝑗

+
𝜕𝑢𝑗
𝜕𝑥𝑖

)
(22)

𝜀𝑖𝑗𝑒𝑙 = 𝜀𝑖𝑗𝑡𝑜𝑡 −
𝑁∑
𝜏=1

ℎ𝜏 𝜀𝑖𝑗∗ (23)

Consideration of equilibrium between phases (Johnson, 1987), in-
terface continuity and no-slip resulted in 𝛥𝑢𝑖 = 0. The total strain is
assumed to be the same in all coexisting phases, 𝛥𝜀𝑖𝑗 = 0. However,
each phase can have different transformation strains denoted as 𝜀𝑖. For
the interface, it is taken as a weighted average 𝜀∗ =

∑
𝜏 ℎ

𝜏 𝜀∗𝜏 . This
assumption is known as the Voigt–Taylor scheme (VTS), where total
strains in each phase are equal, and stress and strain are determined
separately in each phase to elastic free energies. On the other hand, the
Reuss–Sachs model considers stress to be continuous and same across
the phase interface such that 𝛥𝜎𝑖𝑗𝑒𝑙 = 0. The Khachaturyan scheme
(KHS) (Khachaturyan, 2013) was used in this work which applies a
union of both VTS and Reuss–Sachs in such a way that stress and strains
are computed together for deriving the elastic free energy. KHS models
ensure kinematic compatibility at the interface by assuming equal total
strains in both phases just like VTS Chatterjee et al. (2022), Durga
et al. (2015). The global elasticity tensor in KHS model is obtained
by interpolation of elasticity tensor and eigenstrain. And the global
stiffness tensor (𝐶 𝑖𝑗𝑘𝑙KHS) global elastic strain (𝜀𝑖𝑗KHS) is given by (Simon
et al., 2020):

𝐶 𝑖𝑗𝑘𝑙KHS =
𝑁∑
𝜏=1

ℎ𝜏
(
𝐶 𝑖𝑗𝑘𝑙

)𝜏 (24)

𝜀𝑖𝑗KHS = 𝜀𝑖𝑗 −
𝑁∑
𝜏=1

ℎ𝜏
(
𝜀∗𝑖𝑗

)𝜏 (25)

Now from Eqs. (17) and (19), the elastic stress is uniform, and thus the
elastic free energy density in terms of global stiffness tensor and strain
is represented as:

𝑓KHS
𝑒𝑙 = 1

2
𝜀𝑖𝑗KHS 𝐶

𝑖𝑗𝑘𝑙
KHS 𝜀

𝑘𝑙
KHS (26)

3.2. Microstructure evolution kinetics

The phase evolution is explained by a set of two equations. The
conserved composition variable (𝑐), is governed by diffusion Eq. (27).
Simultaneously, the evolution of phase is elucidated by the diffu-
sion equation of the variational derivative of non-conserved order
parameters as expressed in Eq. (28).

𝜕𝑐𝑖
𝜕𝑡

= ∇ ⋅𝑀
𝐶−1∑
𝑗=1

∇
(
𝜕𝑓bulk
𝜕𝑐𝑗

+
𝜕𝑓el
𝜕𝑐𝑗

)
(27)

𝜕𝜂𝜏
𝜕𝑡

= −𝐿(𝜂11,… , 𝜂𝑁 )
(
𝜕𝑓bulk
𝜕𝜂𝜏

+
𝜕𝑓el
𝜕𝜂𝜏

+
𝜕𝑓𝑜
𝜕𝜂𝜏

− ∇ ⋅
𝜕𝑓grad

𝜕(∇𝜂𝜏 )

)
(28)

The time evolution of the phase field 𝜂 is governed by the kinetic
coefficient 𝐿, while atomic mobility 𝑀 controls the kinetics of the
composition field.

𝑀 =
𝑁𝜙∑
𝑖=1

(𝑀𝑜)𝑖
𝑁𝜒∑
𝑗=1

ℎ𝑖𝑗 +
𝑁𝜙∑
𝑘=1

𝑁𝜒∑
𝑖𝑗≠𝑘𝑙, 𝑘=1

𝑀𝑔𝑏𝑘𝑙ℎ𝑘𝑙 (29)

𝐿(𝜂11,… , 𝜂𝑁 ) is mathematically defined by the following expression:

𝐿 =
∑𝑁
𝑖𝑗=1

∑𝑁
𝑘𝑙>𝑖𝑗 (𝐿𝑖𝑗,𝑘𝑙 𝜂

2
𝑖𝑗𝜂

2
𝑘𝑙)∑𝑁

𝑖𝑗=1
∑𝑁
𝑘𝑙>𝑖𝑗 𝜂

2
𝑖𝑗𝜂

2
𝑘𝑙

(30)

3.3. Phase field simulation setup

The numerical parameters are kept consistent across all elastic
schemes to ensure that any variations in model predictions arise solely
from differences in the elastic schemes. In this study, the predefined
Jacobian-Free Newton–Krylov (PJFNK) solver which is a variant of
the Newton–Raphson method is utilized. It employs a Krylov subspace
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Fig. 2. Case I — Microstructure evolutions driven solely by diffusion: (a) Composition evolution across distinct phases 𝜙1 (AL2CU) and 𝜙2 (AL3NI) within the overarching
Al-rich FCC matrix 𝜙3. Initial Al compositions stand at 0.66 for 𝜙1, 0.74 for 𝜙2, and 0.9 for 𝜙3, while the Ni compositions start at 0.01 for 𝜙1, 0.25 for 𝜙2, and 0.05 for 𝜙3. The
third element (Cu) undergoes evolution as a conserved parameter, tied to the compositions of the other two elements. (b) Grain evolution for 5 grains over the Al matrix. Scale
bar magnitudes are denoted as 1.0 within grains/phases and are less than 1 at grain/phase boundaries.

Table 2
Phase-field simulation parameters including the corresponding expressions (when
applicable) and their respective values employed in the simulations.

Parameters/ Properties Values Units Ref.

Interface width (𝛿) 35 ×10−9 m
Grid space (𝛥𝑥) 4.411 ×10−9 m 𝛿 ≥ 6.65𝛥𝑥 (Moelans et al., 2008a)
Molar Volume (𝑉𝑚) 10−5 m3∕mol Kaptay (2015)
Interfacial energy (𝜎) 0.5 J∕m2 Kunwar et al. (2020)
𝜅 13.125 ×10−9 J∕m Eq. (15)
𝛾 1.5 – Kunwar et al. (2022)
𝑚 8.57 ×108 J∕m3 Eq. (15)
L 9.68 ×10−8 m3∕J s Eq. (15)
𝑀𝑜 2.78 ×10−25 m5∕J s
M𝑔𝑏 2.78 ×10−22 m5∕J s 1000 ×𝑀𝑜
T 723 K

technique to approximate the impact of the Jacobian matrix on a vec-
tor, offering cost-effective computation. The simulations are executed
with a nonlinear relative tolerance of 10−8 and a nonlinear absolute
tolerance of 10−10. The specified parameters include a maximum of 10
nonlinear iterations per solve and a maximum of 30 linear iterations.
A computational domain with dimensions of 600 nm × 600 nm is
employed unless the grain grows to encompass the entire domain. This
domain size is chosen to minimize any significant influence of domain
boundaries on the size and morphology of the precipitate. To optimize
computational efficiency, adaptive meshing and adaptive time-stepping
techniques are utilized, taking advantage of the system’s inherent sym-
metry. Initially, the domain is meshed into elements measuring 34 × 34,
resulting in an element size of 𝑑𝑥 = 17.647 nm. Gradient jump indi-
cators are applied to variables such as 𝑐, 𝜂, and three displacement
variables (𝑢𝑖) for determining mesh adaptivity. For adaptive meshing,
a single element can be refined up to 2 levels, leading to the finest
mesh section with elements of size 𝛥𝑥 = 4.411 nm for precise curvature
resolution at the surface, satisfying the condition 𝛿 ≥ 6.65𝛥𝑥 (Moelans

Table 3
Phases and initial compositions (mole fraction) of the elements in simulations.
Component 𝜙1 (AL2CU) 𝜙2 (AL3NI) 𝜙3 (FCC)

(𝜂11 , 𝜂12) (𝜂21 , 𝜂22 , 𝜂23) (𝜂31)

Al 0.66 0.74 0.9
Ni 0.01 0.25 0.05
Cu 0.33 0.1 0.05

et al., 2008a). The phase field model was developed based on the
parameters as tabulated in Table 2.

4. Results and discussions

The simulation system maintains a constant temperature and pres-
sure while studying diffusion in alloys. It is characterized by conserved
PF parameters (composition) and non-conserved PF fields (order pa-
rameter) that illustrate phase transformations. This model utilizes local
compositions of Al and Ni, designated as 𝑐Al and 𝑐Ni, respectively, as
conserved fields due to their constant elemental presence in the alloy
system. The molar fraction of Cu, represented as 𝑐Cu, is derived as a
dependent variable: 𝑐Cu = 1−𝑐Al−𝑐Ni. Non-conserved order parameters,
𝜂11, 𝜂12 for IMC AL2CU (𝜙1), 𝜂21, 𝜂22, 𝜂23 for IMC AL3NI (𝜙2), 𝜂31 for
FCC AL (𝜙3), serve to indicate the local presence of these respective
phases. Within the bulk phase regions, 𝜂 = 1 within grains/phases,
while the order parameters transition diffusely between 0 and 1 at the
interface separating the two phases.

This study examines microstructural changes driven by diffusions
alone, followed by investigating scenarios that consider the impact
of elastic energy. Within the elastic energy scenario, the study high-
lights the contrast between evolutions based on 0 K elastic constants
and those calibrated for the simulation temperature, emphasizing the
notable differences observed between the two in subsequent sections.
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Fig. 3. Highlighting the necessity of incorporating temperature-calibrated elasticity coefficients in microstructure evolutions: (a) Evolution of order parameters with elastic
constants at 0 K versus calibrated elastic constants at 723 K. (b) Visualizes the discrepancy in area evolution with dotted lines representing elastic constants at 0 K and solid lines
for elastic constants at 723 K. The log-scale presentation emphasizes a substantial difference in area values over time, indicating a significant disparity. It is noteworthy that the
area curves of two grains (𝜂11 , 𝜂12) within the AL2CU phase almost coincide in (b).

4.1. Case I: microstructure evolutions driven solely by diffusion (𝜀∗ = 0)

The evolution driven solely by diffusion obeys specific kinetics:
Eq. (27) regulates composition changes, while Eq. (28) governs the
phase field, excluding elastic free energy effects (𝜕𝑓𝑒𝑙 = 0). Fig. 2(b)
illustrates the temporal progression of phase evolution in the Al–Cu–Ni
system. As time progresses, AL2CU (𝜙1) contracts, forming a junction
with the expanding phase where 𝜂12 is located. During a 45 ms interval,
𝜂12 grains dissolve into the enlarging AL3NI (𝜙2), while isolated 𝜂11
steadily decreases in size, taking on a more elliptical shape than its
initial form. Simultaneously, Fig. 2(a) portrays the evolution of compo-
sition over time for 𝑐𝐴𝑙 and 𝑐𝑁𝑖. Initially, the compositions of Al stand at
0.66 for 𝜙1, 0.74 for 𝜙2, and 0.9 for 𝜙3, whereas Ni compositions start
at 0.01 for 𝜙1, 0.25 for 𝜙2, and 0.05 for 𝜙3 as illustrated in Table 3. In
the diminishing AL2CU phase (𝜙1), 𝑐𝐴𝑙 steadily decreases. Eventually,
𝜂12 dissolves into the surrounding 𝜙2 as the phase contracts. Similarly,
within the Ni-dominant 𝜙2, there is a slight reduction in 𝑐𝑁𝑖 as the
phase expands. Please note that significant changes are not visible in 𝜙1
and 𝜙3 as they were initially deficient in 𝑐𝑁𝑖. The detailed quantitative
analysis of microstructure evolution for a solely diffusion-driven system
is explained in Section 4.3.

4.2. Case II: Influence of elastic energy on microstructure evolution (𝜀∗ ≠0)
The Influence of elastic energy on microstructure evolution is gov-

erned by Eq. (27) regulates composition changes, while Eq. (28) gov-
erns the phase field with 𝜕𝑓𝑒𝑙 from Eq. (26). The elastic energy in the
microstructure is accounted for the dilatational eigenstrain generated
from atomic clusters, defects, and micro-irregularities that develop
residual stress fields (Vizoso et al., 2022). Representing inherent strain
from lattice parameter discrepancies, eigenstrain significantly influ-
ences stress and composition within a simulated volume. In studying
Al-Al2Cu and Al-Al3Ni phases, encompassing eigenstrain necessitates
insights into their crystallographic structures and orientation relation-
ships. However, complexities arise because of limited measurements
of lattice spacings and orientations, and by including temperature-
dependent variations, establishing a consistent dataset under simula-
tion conditions is a challenge. In this context, Al-Al3Ni (Sridhar et al.,

1997) offers a reference for considering mismatch strain, while the 3:2
interface configuration in Al–Cu alloys (Al-Al2Cu) (Hu et al., 2006)
showcases a stress-free strain of 0.0429. Thus, elastic energy in this
study is accounted for mismatch strains uniform for all phases at values
of 0.01, 0.0245, and 0.0429.

4.2.1. Significance of temperature-calibrated elasticity in phase evolutions
The implementation of temperature-dependent stiffness tensor con-

siderations is fundamental in understanding how elastic energy in-
fluences the evolution of phases. In Fig. 3(a), we visually observe
how microstructure evolution is impacted by temperature-calibrated
elasticity. This observation is based on comparing the growth of areas
using elastic constants at 0 K against those calibrated at 723 K, as
depicted in Fig. 3(b). Here, the discrepancy in area evolution, stemming
from elastic free energy calculated with the elastic constants at 0
K (illustrated as dotted lines), contrasts with the elastic free energy
computed using elastic constants calibrated at 723 K (shown as solid
lines).

In the initial phase of the simulation, both cases start with equal
grain areas. However, as the simulation progresses toward 5 ms
(5.03 ms for 0 K and 5.26 ms for 723 K), the deviation in grain
area between the two cases of elastic constants for each 𝜂 (ranging
from 1 to 6) is observed. These deviations are initially moderate, with
percentages ranging from 1.30%, 1.16%, 4.21%, 4.17%, 3.16%, 0.51%.
By the time 21.45 ms is reached, these deviations amplify significantly,
escalating to values such as 18.18%, 17.79%, 13.31%, 9.66%, 6.24%,
and 1.35% for respective 𝜂, signifying a substantial deviation between
the grain areas at these temperatures and time points. This observation
highlights the trend of deviation in area growth of grain increases
as the evolution proceeds for further simulation time. The significant
variations in area values over time intervals highlight the impact of
temperature-calibrated elasticity as time progresses. This discrepancy
in the growth of grains emphasizes the necessity of incorporating
temperature-calibrated elasticity in simulations to accurately compre-
hend how phases evolve. The results presented in this and subsequent
sections are for temperature-calibrated elasticity.
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Fig. 4. Case II — Elastic loading and microstructural evolutions: (a) Displays phase transformations both without elastic loading and under sequential elastic loading, varying
eigenstrains (𝜀∗ = 0.01, 0.02145, 0.0429). While evolution driven solely by diffusion tends to maintain spherical shapes, the influence of elastic energy not only alters grain size
but also transforms shrinking grains into rectangular shapes, inducing extended necking in grains surrounded by others. (b) Illustrates the area evolution of 𝜂11 and 𝜂12 within 𝜙1,
and 𝜂21, 𝜂22, 𝜂23 within 𝜙2, alongside 𝜂31 in 𝜙3. The plot delineates clear trends: absence of elastic loading for 𝜙1 accelerates reduction in area with the introduction of elastic
loading. Conversely, in the growing phase 𝜙2, elastic loading constraints area growth, almost halting at 𝜀∗ = 0.0429. Simultaneously, the declining area for 𝜙3 with elastic loading
begins to increase, influenced by elastic effects from the other two phases.

4.2.2. Elastic loading induced grain evolutions
The results presented in Fig. 4(a) provides an overview of the

impacts of elastic loading on microstructural evolution. A comparison
between phase transformations solely driven by diffusion (𝜀∗ = 0),
maintaining spherical shapes within the phases, while slight necking
occurs in expanding grains (𝜂12) bordered by shrinking grains (𝜂21
and 𝜂22). Notably, isolated grain 𝜂11 assumes a more elliptical shape,
concomitant with a reduction in grain size. Sequential elastic load-
ing (at 𝜀∗ = 0.01, 0.02145, 0.0429) induces significant alterations.
It not only modifies grain sizes but also transitions shrinking grains
into rectangular shapes, prominently visible in 𝜂12 for 𝜀∗ = 0.01 and
0.02145. At higher 𝜀∗ values, shrinking grains (𝜂11 and 𝜂12) adopt
square/rectangular shapes. Also, hindering substantial growth in the
previously expanding grains (𝜂21, 𝜂22 and 𝜂23).

Fig. 4(b) provides a clear demonstration of the influence of elastic
loading on area evolution within specific phase grains (𝜂11, 𝜂12 in 𝜙1;
𝜂21, 𝜂22, 𝜂23 in 𝜙2; and 𝜂31 in 𝜙3). In the presence of elastic loading, there
is an accelerated reduction in area for 𝜙1 compared without elastic

effects. Conversely, elastic loading in the expanding phase 𝜙2 constrains
area growth, nearly halting expansion at 𝜀∗ = 0.0429. Simultaneously,
the diminishing area for 𝜙3 under elastic loading begins to reverse,
showing an increase influenced by elastic effects from the other two
phases. These outcomes collectively emphasize the qualitative role
of elastic loading in shaping microstructural changes. To rigorously
quantify the influence of elastic loading, the forthcoming sections will
introduce and elaborate on growth kinetics.

4.3. Growth kinetics in multi-phase microstructures and influence of elastic
heterogeneity

In a diffusion-driven system, the evolution of the equivalent grain
radius follows a parabolic dependence on time (R ∝ t0.5) (Guan and
Moelans, 2015). However, when an elastic driving force is present, this
relationship becomes more intricate. In this investigation, the grain
area in an elastically loaded system is modeled with the following
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Fig. 5. Influence of elastic heterogeneity on growrh kinetics. In phase AL2CU (𝜂11
and 𝜂12), the introduction of elastic energy results in a further reduction in growth
rates. Conversely, AL3NI (𝜂21, 𝜂22, and 𝜂23) experiences notable constraints on growth
rates and almost halting the growth process at higher elastic loading. These distinct
effects on two phases are clearly observed in the FCC matrix (𝜂31).

time-dependent relations:

𝐴𝑡 = 𝑘𝑑 ⋅ 𝑡
1∕5 + 𝑘𝑒 ⋅ 𝑡 + 𝐴𝑜 (31)

Here, 𝐴𝑡 represents the area at a given time 𝑡, and it is derived
from the initial area 𝐴𝑜 and growth rate coefficients over time. The
equation breaks down into two terms: the first term, 𝑘𝑑 ⋅ 𝑡1∕5, signifies
the evolution of the area due to diffusion processes only. The second
term, 𝑘𝑒 ⋅ 𝑡, represents the additional increment in area caused by the
influence of elastic free energy. To clearly contemplate the growth
phenomenon, the fitting is done with consideration of equal magnitudes
for 𝑘𝑑 and 𝑘𝑒.

The growth kinetics within multi-phase microstructures and the
impact of elastic heterogeneity are illustrated in Fig. 5. The color
variation in the plot serves to distinguish between positive and negative
growth rates. In phase AL2CU, the absence of elastic energy yields
highly negative growth rates (−780.56 for 𝜂11 and −684.75 for 𝜂12).
Upon introducing elastic loading, these rates further decreases to values
−839.90 for 𝜂11 and −859.52 for 𝜂12 at 𝜀∗ = 0.0429. Conversely, in the
growing phase AL3NI, diffusion alone results in notably high growth
rates (468.62 for 𝜂21, 551.21 for 𝜂22, and 579.63 for 𝜂23). However, with
the addition of elastic loading, growth becomes constrained, almost
halting at 𝜀∗ = 0.0429 with rates reduced to 5.42 for 𝜂21, 17.77 for 𝜂22,
and 13.03 for 𝜂23. These growth effects are distinctly observed in the
FCC matrix. Without elastic loading, the area reduction is evident with
a coefficient of 𝑘𝑑 = −134.15. Sequential addition of elastic loading
gradually shifts the rate toward positivity, culminating in a highly
positive coefficient (1663.2) at 𝜀∗ = 0.0429, indicating a sharp growth
in the area.

4.4. Stress-patterns for elastic regimes with differing mismatch strain

Investigating stress patterns in different elastic scenarios under vary-
ing mismatch strains is crucial to understanding how elastic loading

affects phase grains. The 24 describes the distribution of stress due
to elastic loading for the determination of local stress values and von
Mises stress in phase grains obtained through simulations.

Fig. 6 shows how stresses evolve in the alloy. The highest normal
stresses (𝜎11 and 𝜎22) occur within the grains because of the higher
elastic constants in the IMC phases compared to the FCC matrix, as
explained in Table 1. The von Mises stress
𝜎𝑣 =

√
1
2

[
(𝜎11 − 𝜎22)2 + (𝜎22 − 𝜎11)2 + (𝜎33 − 𝜎11)2

]
+ 3(𝜎212 + 𝜎

2
23 + 𝜎

2
31)

follows a similar trend. Plane strain criteria was implemented in the
model which has nonzero out-of-plane stress. The conditions of 𝜎33 =
𝜈 ⋅ (𝜎11 +𝜎22) and equal shear stress i.e., 𝜎12 = 𝜎23 = 𝜎31 was followed in
the general expression of 𝜎𝑣. The shear stress (𝜎12) is almost negligible
in the case of only diffusion-driven but slightly increases at higher
strain values.

For an applied eigenstrain of 0.01, the maximum 𝜎𝑣 = 3.409 GPa
with stress component ⟨𝜎11, 𝜎12, 𝜎22⟩ and strain component {𝜀11, 𝜀12, 𝜀22}
= ⟨1.44,−1.033, 2.77⟩ GPa, {−0.022,−0.0074,−0.014} at 9.33 mS and
𝜎𝑣 = 4.86 GPa with ⟨2.28,−2.44, 3.18⟩ GPa, {−0.018,−0.0177,−0.0124}.
Similarly, at slightly higher value of 𝜀∗ = 0.02149, the maximum
von Mises stress along with normal stress increases while there is
reduction in magnitude of shear stress with 𝜎𝑣 = 7.47 GPa with
components ⟨1.93,−1.41, 6.3⟩ GPa, {−0.054,−0.01,−0.026} at 9.18 mS.
And at 21.34 mS, 𝜎𝑣 = 9.45 GPa characterized by stress compo-
nents ⟨4.15,−4.38, 6.11⟩ GPa and corresponding strain components of
{−0.042,−0.031,−0.031}. Increasing normal eigenstrain correlates with
heightened normal, shear and von Mises stresses, revealing how mis-
match strain intricately shapes stress distributions in the alloy system.
This is clearly visible for 𝜀∗ = 0.0429 where maximum 𝜎𝑣 = 15.03 GPa
at 9.148 mS with stress and strain component of ⟨3.92,−2.96, 12.81⟩ GPa
and {−0.108,−0.021,−0.051}. The von-mises slightly reduced to 14.36
GPa at end of simulation with ⟨3.68,−1.47, 4.34⟩ GPa and {−0.093,−0.01,
−0.092} components.

5. Conclusions

This research explores the evolution of AL2CU and AL3NI IMC
phases within an Al-rich FCC matrix. Employing Ab Initio Simulation,
temperature-dependent elastic constants were determined, highlight-
ing the critical significance of understanding temperature-calibrated
elasticity. Initially, both simulations start with equal grain areas. As
time progresses close to 5 ms, the deviation in grain area between
0 K elasticity and temperature-calibrated elasticity for each 𝜂 ranges
from 0.51% to 4.21%, showing moderate differences. However, at
21.45 ms, these deviations escalate significantly, reaching values as
high as 18.18% for AL2CU and 13.31% for AL3NI indicating sub-
stantial divergence in grain areas between the different sets of elastic
constants at this later time point. Variations in area values over time
underscored the need for temperature-calibrated elasticity in accurately
simulating elastochemical phase evolution. The study further examines
microstructure evolutions driven solely by diffusion (𝜀∗ = 0) and those
affected by elastic loading, exploring diverse mismatch strain values
(𝜀∗ = 0.01, 0.02145, 0.0429) to gauge the impact of elastic energy
on microstructure evolution. These findings emphasize elastic loading’s
qualitative role in shaping microstructural changes, setting the stage for
quantifying its influence through growth kinetics.

The quantitative analyses from numerical simulations and mathe-
matical models explained the influence of elastic loading on growth
rates, stress levels, and microstructural evolution. This study under-
scores the crucial importance of employing temperature-calibrated stiff-
ness values to incorporate elastic free energy accurately in elastochemi-
cal phase evolution. These methodologies provide invaluable pathways
for optimizing alloy design and structural materials, offering significant
implications for a wide array of scientific and industrial applications.
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Fig. 6. Illustration of stress evolution within the alloy under varying elastic regimes and mismatch strains. The plot showcases the distribution of normal stresses (𝜎11 and 𝜎22),
von Mises stress (𝜎𝑣), and shear stress (𝜎12) across different phases. The higher stresses within phase grains due to elastic loading reflect the influence of mismatch strains on stress
distributions in the alloy system. The unit of stress in GPa.
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Appendix A. Theoretical insights to DFT

A.1. Background of DFT

Density-Functional Theory (DFT) is a theoretical framework used
to investigate the electronic structure of atoms, molecules, and solids,
based on the adiabatic approximation that separates electronic and
nuclear dynamics due to the substantial difference in mass. The many-
body Schrödinger equation describes the Al–Cr–Ni system’s quantum
mechanical properties :

𝐻̂𝜓(𝐫1,… , 𝐫𝑁𝑒𝑙 ) = 𝐸𝜓(𝐫1,… , 𝐫𝑁𝑒𝑙 ) (A.1)

Here, 𝐻̂ is the Hamiltonian operator, 𝜓 is the electronic wavefunc-
tion, and 𝐸 is the total energy. 𝐻̂ is defined as:

𝐻̂ = −
𝑁𝑒𝑙∑
𝑖=1

ℏ2

2𝑚
∇2
𝑖 +

𝑁𝑒𝑙∑
𝑖=1

𝑉ext(𝐫𝑖) +
𝑒2

8𝜋𝜀0

∑
𝑖≠𝑗

1
|𝐫𝑖 − 𝐫𝑗 | (A.2)

Here, ℏ is the reduced Planck constant, 𝑚 is the electron mass,
∇𝑖 represents the gradient, 𝑉ext(𝐫𝑖) is the external potential, 𝑒 is the
elementary charge, and 𝜀0 is the vacuum permittivity.

Hohenberg and Kohn (1964), established a direct link between the
ground-state electronic density 𝜌(𝑟) and the external potential 𝑉ext(𝑟).
This correspondence allows the expression of physical properties, par-
ticularly the total ground state energy, as functionals of the charge
density. The total ground state energy is the expectation value of the
Hamiltonian on the ground state |𝛹0⟩, and it is expressed as a functional
of the electronic density.

𝐸[𝜌(𝐫)] = ⟨𝛹0|𝐻̂|𝛹0⟩ = 𝐹 [𝜌(𝐫)] + ∫𝑉 𝑉ext(𝐫)𝜌(𝐫) 𝑑3𝑟 (A.3)
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The functional 𝐹 [𝜌(𝑟)] encompasses both the kinetic energy and the
electronic Coulomb energies and is considered a universal functional,
meaning it is independent of 𝑉ext and often of unknown form. The
integral spans the entire system volume 𝑉 . The ground-state total
energy is determined by minimizing 𝐸[𝜌(𝑟)] while keeping the number
of electrons 𝑁el fixed as a constraint.

∫𝑉 𝜌(𝐫) 𝑑
3𝑟 = 𝑁𝑒𝑙 (A.4)

Kohn and Sham (1965) introduced a suitable form of 𝐹 [𝜌(𝐫)] by
introducing an auxiliary system of non-interacting electrons with the
same ground-state electron density as the interacting system. If we de-
note |𝜓𝑖(𝐫)⟩ as the single-particle wavefunctions of the non-interacting
electrons, which are normalized as:

⟨𝜓𝑖(𝐫)|𝜓𝑗 (𝐫)⟩ = 𝛿𝑖𝑗 (A.5)

The electronic density is then expressed as:

𝜌(𝐫) =
∑
𝑖
𝑓𝑖|𝜓𝑖(𝐫)|2 (A.6)

Here, 𝜌(𝐫) represents the electron density at position 𝐫, 𝑓𝑖 is the
occupation factor for state 𝑖, and |𝜓𝑖(𝐫)| is the magnitude squared of
the single-particle wavefunction 𝜓𝑖(𝐫) for the non-interacting electrons.
The kinetic energy of non-interacting electrons is written as:

𝑇0 =
∑
𝑖

1
2
𝑓𝑖⟨𝜓𝑖(𝐫)| − ∇2|𝜓𝑖(𝐫)⟩ (A.7)

The Hartree term, representing classical electron–electron interac-
tions, is defined as:

𝐸𝐻 = 1
2 ∬𝑉

𝜌(𝐫1)𝜌(𝐫2)
|𝐫1 − 𝐫2| 𝑑𝐫1𝑑𝐫2 (A.8)

The functional 𝐹 [𝜌(𝐫)] in DFT incorporates these components and
the exchange–correlation energy 𝐸𝑥𝑐 [𝜌(𝐫)], which accounts for many-
body interactions:

𝐹 [𝜌(𝐫)] = 𝑇0 + 𝐸𝐻 + 𝐸𝑥𝑐 [𝜌(𝐫)] (A.9)

This leads to the expression of the total energy as:

𝐸[𝜌(𝐫)] = 𝑇0[𝜌(𝐫)] + 𝐸𝐻 [𝜌(𝐫)] + 𝐸𝑥𝑐 [𝜌(𝐫)] + 𝐸𝑒𝑥𝑡[𝜌(𝐫)] (A.10)

Where 𝐸𝑒𝑥𝑡 is the integral of the external potential, defined as:

𝐸𝑒𝑥𝑡 = ∫𝑉 𝑉𝑒𝑥𝑡(𝑟)𝜌(𝑟) 𝑑
3𝑟 =

∑
𝑖
𝑓𝑖⟨𝜓𝑖(𝑟)|𝑉𝑒𝑥𝑡|𝜓𝑖(𝑟)⟩ (A.11)

The electronic wavefunctions are normalized, allowing the mini-
mization of the total energy using the Lagrange multiplier technique,
leading to the Kohn–Sham equations:
(
−1
2
∇2 + 𝑉𝐾𝑆 (𝑟)

)
|𝜓𝑖(𝑟)⟩ = 𝜀𝑖|𝜓𝑖(𝑟)⟩ (A.12)

Here, 𝑉𝐾𝑆 represents the Kohn–Sham potential, a self-consistent
mean-field potential that accounts for the external potential of the ions,
the Hartree potential 𝑉𝐻 , and 𝑉𝑥𝑐 is the exchange–correlation poten-
tial representing the functional derivative of the exchange–correlation
energy with respect to electronic density and is defined as :

𝑉𝐾𝑆 (𝑟) = 𝑉𝑒𝑥𝑡(𝑟) + 𝑉𝐻 (𝑟) + 𝑉𝑥𝑐 (𝑟) (A.13)

𝑉𝐻 (𝑟) = ∫𝑉
𝜌(𝑟0)

|𝑟 − 𝑟0| 𝑑
3𝑟0 (A.14)

𝑉𝑥𝑐 (𝑟) =
𝛿𝐸𝑥𝑐 [𝜌]
𝛿𝜌

(A.15)

The specific form of 𝐸𝑥𝑐 is typically unknown and requires approx-
imation. One commonly used approach is the local density approxima-
tion (LDA), while another is the generalized gradient approximation
(GGA). In this work, Al3Ni is modeled using the LDA, while Al and
Al2Cu utilizes the PBE (Perdew, Burke, Ernzerhof) GGA (Generalized
Gradient Approximation) functional.

A.2. Thermal effects and smearing

In the context DFT for metals (e.g. Aluminum), the occupation
factors in Eq. (A.6) 𝑓𝑖 → 𝑓𝑘𝑣 and is defined as:

𝑓𝑘𝑣 = 𝜃(𝜖𝐹 − 𝜖𝑘𝑣) (A.16)

Here, 𝑓𝑘𝑣 represents the occupation of electronic states, where 𝜖𝑘𝑣
are eigenvalues, and 𝜖𝐹 is the Fermi energy. Here, 𝜃 is a step function
that equals 0 if the eigenvalues 𝜖𝑘𝑣 are larger than the Fermi energy
𝜖𝐹 and 1 otherwise. This means that only the occupied states are
considered. The Fermi energy 𝜖𝐹 can be determined by the condition:

2
∑
𝑘𝑣
𝜃(𝜖𝐹 − 𝜖𝑘𝑣) = 𝑁𝑁𝑒𝑙 (A.17)

Where 𝑁 represents the total number of unit cells in the solid Al crystal.
This step function approach can lead to numerical instability when
eigenvalues near 𝜖𝐹 fluctuate during iterative calculations. To address
this issue, a smeared function with a parameter 𝜎 is introduced. A
common choice is the Fermi–Dirac distribution:

𝑓𝑘𝑣 =
1
2

[
1 + erf

( 𝜖𝑘𝑣 − 𝜖𝐹
𝜎

)]
(A.18)

The parameter 𝜎 is related to the electronic temperature of Al,
Al2Cu, and Al3Ni resulting in a temperature-dependent charge density.

Incorporating thermal electronic effects, Mermin’s extension to
DFT (Mermin, 1965) minimizes the Helmholtz free energy 𝑈 − 𝑇𝑆𝑒𝑙,
where 𝑈 and 𝑆𝑒𝑙 are computed with Fermi–Dirac occupations at tem-
perature 𝑇 . This requires self-consistency for each 𝑇 . The auxiliary
electronic free energy 𝑒𝑙 at temperature 𝑇 is defined as:

𝑒𝑙(𝑇 ) = 𝑈𝑒𝑙 − 𝑇𝑆𝑒𝑙 (A.19)

The parameter 𝜎𝐹𝐷 = 𝑘𝐵𝑇 is associated with the physical broaden-
ing at temperature 𝑇 . Using small Methfessel–Paxton smearing (Meth-
fessel and Paxton, 1989), 𝑈 is computed to approximate 𝑇 = 0K DFT
bands and determine electronic thermal contributions (𝑒𝑙):
𝑈𝑒𝑙 = ∫

+∞

−∞
𝐸𝑁(𝐸)𝑓𝑑𝐸 − ∫

−∞

𝐸𝐹
𝐸𝑁(𝐸)𝑑𝐸 (A.20)

In Eq. (A.20), 𝑓 (𝐸, 𝜇, 𝑇 ) represents the Fermi–Dirac occupation, 𝑁(𝐸)
is the electronic density of states, 𝐸𝐹 is the Fermi energy, and 𝜇 adjusts
for the number of electrons per unit cell (𝑁𝑒𝑙). Electronic entropy (𝑆𝑒𝑙)
is expressed as:

𝑆𝑒𝑙 = −𝑘𝐵 ∫
+∞

−∞
[𝑓 ln 𝑓 + (1 − 𝑓 ) ln(1 − 𝑓 )]𝑁(𝐸)𝑑𝐸 (A.21)

Here, 𝑓 (𝐸, 𝜇, 𝑇 ), 𝑁(𝐸), and 𝐸𝐹 are defined as previously mentioned.
The chemical potential 𝜇 is determined for each temperature to ensure
that the number of electrons per unit cell (𝑁𝑒𝑙) satisfies:

𝑁𝑒𝑙 = ∫
∞

−∞
𝑁(𝐸)𝑓 (𝐸, 𝑇 , 𝜇) 𝑑𝐸 (A.22)

For all the three crystalline structures (Al, Al2Cu, or Al3Ni) used
in this study, Methfessel–Paxton first-order spreading with a degauss
value of 0.02 was applied, offering a spread in electron energies instead
of precise levels.

Appendix B. Elastic stability criteria

The Born stability criterion is a key theory in crystal mechanics,
revealing insights into the mechanical strength of crystal structures. An-
alyzing it under normal pressure, fundamental stability criteria for var-
ious crystal structures have been unveiled. These criteria, developed for
different crystal systems were used for higher temperature elastic con-
stant computations (Mouhat and Coudert, 2014). Liu et al. established
a significant connection between these criteria and corresponding Laue
classes (Liu et al., 2017). The study encompassed elasticity and positive-
definite conditions in various Quasicrystals (QCs). For 1D QCs (Laue
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Table B.1
Overview of crystal structures with international space group numbers (SG). It encompasses Born’s stability criteria, which illuminate the stability of
each structure. Lattice parameters provide insights into their dimensions and orientations. # 𝐶𝑖𝑗 represents the number of independent second-order
elasticity constants. The structural stiffness tensor outlines the behaviors of the crystalline systems with the dot (.) representing zero value. It is to be
noted that the phases in our study, namely Al-rich matrix, AL2CU, and AL3NI have cubic, tetragonal-I and orthorhombic structures respectively.

Crystal
structure

Born stability
criteria

Lattice
parameters

#
𝐶𝑖𝑗

Stiffness tensor
representations

Cubic*
SG: 195-230

𝐶11 > 0, 𝐶44 > 0,
𝐶11 > |𝐶12|,
𝐶11 + 2𝐶12 > 0.

𝑎 = 𝑏 = 𝑐
𝛼 = 𝛽 = 𝛾 = 90◦

3 ⎛⎜⎜⎜⎜⎜⎜⎝

𝐶11 𝐶12 𝐶12 . . .
𝐶12 𝐶11 𝐶12 . . .
𝐶12 𝐶12 𝐶11 . . .
. . . 𝐶44 . .
. . . . 𝐶44 .
. . . . . 𝐶44

⎞⎟⎟⎟⎟⎟⎟⎠
Hexagonal
SG: 168-194

Tetragonal I*
(4𝑚𝑚, 4̄2 𝑚,
422, 4∕𝑚𝑚𝑚)
SG: 89-142

𝐶11 > 0, 𝐶33 > 0,
𝐶44 > 0, 𝐶66 > 0,
𝐶11 > |𝐶12|,
2𝐶2

13 < 𝐶33(𝐶11 + 𝐶12).
For Hex: 𝐶66 = (𝐶11 − 𝐶12)∕2

𝑎 = 𝑏 ≠ 𝑐
𝛼 = 𝛽 = 90◦,
𝛾ℎ𝑒𝑥 = 120◦
𝛾𝑡𝑒𝑡−𝐼 = 90◦

5

6

⎛
⎜⎜⎜⎜⎜⎜⎝

𝐶11 𝐶12 𝐶13 . . .
𝐶12 𝐶11 𝐶13 . . .
𝐶13 𝐶12 𝐶33 . . .
. . . 𝐶44 . .
. . . . 𝐶44 .
. . . . . 𝐶66

⎞⎟⎟⎟⎟⎟⎟⎠

Tetragonal II
(4, 4̄, 4∕𝑚)
SG: 75-88

𝐶11 > 0, 𝐶33 > 0,
𝐶44 > 0, 𝐶66 > 0,
𝐶11 > |𝐶12|,
2𝐶2

13 < 𝐶33(𝐶11 + 𝐶12),
2𝐶2

16 < 𝐶66(𝐶11 − 𝐶12).

𝑎 = 𝑏 ≠ 𝑐
𝛼 = 𝛽 = 𝛾 = 90◦

7 ⎛
⎜⎜⎜⎜⎜⎜⎝

𝐶11 𝐶12 𝐶13 . . 𝐶16
𝐶12 𝐶11 𝐶13 . . −𝐶16
𝐶13 𝐶12 𝐶33 . . .
. . . 𝐶44 . .
. . . . 𝐶44 .
𝐶16 −𝐶16 . . . 𝐶66

⎞
⎟⎟⎟⎟⎟⎟⎠

Trigonal I
(32, 3 𝑚, 3̄𝑚)
SG: 149-167

𝐶11 > 0, 𝐶44 > 0, 𝐶66 > 0,
𝐶11 > |𝐶12|,
𝐶2
13 <

1
2
𝐶33(𝐶11 + 𝐶12),

𝐶2
14 <

1
2
𝐶44(𝐶11 − 𝐶12) ≡ 𝐶44𝐶66 .

𝑎 = 𝑏 = 𝑐
𝛼 = 𝛽 = 𝛾 ≠ 90◦

6 ⎛
⎜⎜⎜⎜⎜⎜⎝

𝐶11 𝐶12 𝐶13 𝐶14 . .
𝐶12 𝐶11 𝐶13 −𝐶14 . .
𝐶13 𝐶13 𝐶33 . .
𝐶14 −𝐶14 . 𝐶44 . .
. . . . 𝐶44 𝐶14
. . . . . 𝐶66

⎞
⎟⎟⎟⎟⎟⎟⎠

Trigonal II
(3, 3̄)
SG: 143-148

𝐶11 > 0, 𝐶44 > 0, 𝐶66 > 0,
𝐶11 > |𝐶12|,
𝐶2
13 <

1
2
𝐶33(𝐶11 + 𝐶12),

𝐶2
14 + 𝐶

2
15 <

1
2
𝐶44(𝐶11 − 𝐶12) ≡ 𝐶44𝐶66 .

𝑎 = 𝑏 = 𝑐
𝛼 = 𝛽 = 𝛾 ≠ 90◦

7 ⎛
⎜⎜⎜⎜⎜⎜⎝

𝐶11 𝐶12 𝐶13 𝐶14 𝐶15 .
𝐶12 𝐶11 𝐶13 −𝐶14 −𝐶15 .
𝐶13 𝐶13 𝐶33 . . .
𝐶14 −𝐶14 . 𝐶44 . −𝐶15
𝐶14 −𝐶15 . . 𝐶44 𝐶14
. . . . . 𝐶66

⎞⎟⎟⎟⎟⎟⎟⎠

Orthorhombic*
SG: 16-74

𝐶11 > 0, 𝐶22 > 0, 𝐶33 > 0,
𝐶44 > 0, 𝐶55 > 0, 𝐶66 > 0,
𝐶11𝐶22 > 𝐶2

12 ,
𝐶11𝐶22𝐶33 + 2𝐶12𝐶13𝐶23
−𝐶11𝐶2

23 − 𝐶22𝐶2
13 − 𝐶33𝐶2

12 > 0.

𝑎 ≠ 𝑏 ≠ 𝑐
𝛼 = 𝛽 = 𝛾 = 90◦

9 ⎛⎜⎜⎜⎜⎜⎜⎝

𝐶11 𝐶12 𝐶13 . . .
𝐶12 𝐶22 𝐶23 . . .
𝐶13 𝐶23 𝐶33 . . .
. . . 𝐶44 . .
. . . . 𝐶55 .
. . . . . 𝐶66

⎞⎟⎟⎟⎟⎟⎟⎠

4–10), these criteria naturally align with the classes, relating stability
to periodicity. Likewise, in 2D QCs with periodic symmetry (Laue 6,
8–10), the interplay of elasticity and positive-definite conditions aligns
with spatial symmetry, closely linking stability with these classes. This
analysis extends to Cubic 3D QCs, where positive-definite conditions
emphasize the stability-cubic symmetry relationship. The study delves
into aperiodic symmetry in 2D and 3D QCs, detailing point groups and
classifying 1D and 3D QCs, enhancing elastic stability considerations.

Appendix C. Bulk free energy in meso-scale simulation

The molar Gibbs free energy (G𝑚), measured in J/mol, pertains
to three distinct phases. For the ternary Al–Cu–Ni system, the mole
fraction of any two constituent components can completely represent
the global composition. For example, cAl and cCu can totally depict the
composition information of ternary Al–Cu–Ni system. Then, c𝜏Al and c𝜏Cu
can sufficiently represent the composition description of 𝜏𝑡ℎ phase. Thus
the composition dependence G𝜏

𝑚 can be assumed to be a paraboloid, and
expressed in the following way:

𝐺𝑚𝜏 = 𝐴𝜏 (𝑐𝜏𝐴𝑙 − 𝑐
𝜏eq
𝐴𝑙 )

2 + 𝐵𝜏 (𝑐𝜏𝐶𝑢 − 𝑐
𝜏eq
𝐶𝑢 )

2 + 𝐶𝜏 (C.1)

The fitted coefficients 𝐴𝜏 , 𝐵𝜏 , and 𝐶𝜏 in Table C.1 were selected
to ensure good agreement between the equilibrium compositions and
those obtained from the phase diagram calculated with the Al-rich FCC
and AL2CU phase (Ansara et al., 1998) database and AL3NI (Ansara
et al., 1997). These coefficients are utilized to construct the paraboloid

Table C.1
Coefficients for fitted polynomial Gibbs free energy curve.

Phase 𝐴𝜏 𝐵𝜏 𝐶𝜏

FCC 30 36 −48.64
Al2Cu IMC 48 45 −28.95
Al3Ni IMC 49 50 −66.05

Gibbs free energy curve for the FCC and IMC phases of the Al–Cu–Ni
system at a temperature of 𝑇 = 723 K.

For a N-order parameter and C-component model the 𝜕𝑓bulk
𝜕𝜂𝜏

is
expanded as (Bognarova et al., 2023):

𝜕𝑓bulk
𝜕𝜂𝜏

=
𝑁∑
𝑗=1

𝜕ℎ𝑗
(
𝜂1,… , 𝜂𝑁

)
𝜕𝜂𝜏

𝑓𝑗 +
𝐶−1∑
𝑖=1

(
𝜕𝑓1
𝜕𝑥𝑖,1

𝑁∑
𝑗=1

𝜕ℎ𝑗
(
𝜂1,… , 𝜂𝑁

)
𝜕𝜂𝜏

𝑥𝑖,𝑗

)

(C.2)
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 A B S T R A C T

Dendrite formation remains one of the most pressing challenges in advancing the performance and safety of 
rechargeable lithium-ion batteries (LiBs). These needle-like structures not only compromise battery capacity 
but also pose significant safety risks, such as short circuits and thermal runaway. This review explores 
recent advancements in battery design aimed at overcoming these issues. Key strategies include electrolyte 
engineering, which focuses on developing stable solid electrolyte interfaces (SEIs) to suppress dendrite 
growth by optimizing coordination forces and stabilizing nucleation sites. Advanced computational techniques, 
such as multiscale computational design and battery informatics, provide predictive insights into dendrite 
suppression. The density functional theory (DFT) studies reveal dendrite formation energies typically ranging 
from 1.2345–6.7890 eV. Furthermore, optical nucleation site mapping has emerged as a powerful tool for 
visualizing lithium deposition dynamics, offering new perspectives on dendrite prevention. By addressing 
challenges in stability criteria and maximizing specific energy densities beyond 300 Wh/kg, this review 
emphasizes the integration of experimental, computational, and informatics-driven approaches to enable the 
design of safer, dendrite-free LiBs.
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Nomenclature

 Acronyms
 3D Three-dimensional  
 ANN Artificial neural network  
 ASSLMB All solid state lithium metal batterys  
 AV Automated vehicles  
 BE Carbonate electrolyte  
 BPNN Backpropagation neural network  
 BTO BaTiO3  
 CA Cellular automata  
 CGCNN Crystal graph convolutional neural network  
 CNN Convolutional neural network  
 DEC Diethyl carbonate  
 DFT Density functional theory  
 DEE 1,2diethoxyethane  
 DMC Dimethyl carbonate  
 DME Dimethoxyethane  
 DMSO Dimethyl sulfoxide  
 DREAMS DFT-based research engine for agentic materials 

simulation
 

 EC Ethylene carbonate  
 EC+HF Ethylene carbonate + Hydrogen fluoride  
 EMC Ethylene methyl carbonate  
 EW Electrochemical window  
 FEM Finite Element Method  
 FEC Fluoroethylene carbonate  
 HF Hydrogen fluoride  
 IC Incremental capacity  
 IL Ionic liquid  
 ISC Internal short circuit  
 KMC Kinetic monte carlo  
 LAGP Lithium Aluminium Germanium Phosphate: 

Li1+𝑥Al𝑥Ge2−𝑥(PO4)3
 

 LATP Lithium Aluminium Titanium Phosphate: 
Li1+𝑥al𝑥Ti2−𝑥(PO4)3

 

 LE Liquid electrolyte  
 LFPP LiSFSI-PET4A-PETMP  
 LGPS Li10GeP2S12  
 LHS Latin hypercube sampling  
 LiBOB Lithium bisoxalate borate  
 LiBs Lithium-ion batteries  
 LiDCTA Lithium 4,5-dicyano-1,2,3-triazolate  
 LiDFOB lithium difluoride (oxalate) borate  
 LiETFSI Lithium 2-[2-(2-methoxyethoxy)ethoxy] ethanesulfonyl 

(trifluo-romethanesulfonyl)imide
 

 LiFEA Lithium 1,1,1-trifluoro -N-[2-[2-(2-
methoxyethoxy)ethoxy]ethyl]methanesulfonamide

 

 

  LiFSI Lithium bis(fluorosulfonyl)imide  
 LiI Lithium iodide  
 LiMTFSI Lithium 

(methanesulfonyl)(trifluoromethanesulfonyl)imide
 

 LiOTf Lithium trifluoromethanesulfonate  
 LiSFSI lithium[(4-styrenesulfonyl)(fluorosulfonyl)imide  
 LiSTFSI Lithium (trifluoromethanesul-fonyl)imide  
 LiTFSI Lithium bis(trifluoromethanesulfonyl)imide  
 LLM Large language model  
 LLTO Li3+𝑥La(2∕3)−𝑥TiO3  
 LLZO Li3+𝑥La(2∕3)−𝑥TiO3  
 LMB Lithium metal battery  
 LPSCl Li6PS5Cl  
 LSB Li-S battery  
 LSTM Long short-term memory  
 MC Monte carlo  
 MD Molecular dynamics  
 ML Machine Learning  
 MLFFs Machine learning force fields  
 MOF Metal organic framework  
 MOOSE Multiphysics Object Oriented Simulation Environment  
 MP Ethyl propionate  
 MPEA Multi-Principal Element Alloy  
 NDT N-N-diallyl-2,2,2-trifluoroacetamide  
 OE Organic carbonate electrolyte  
 P2D Psedo 2d model  
 PAN Polyacrylonitrile  
 PBO (poly(p-phenylene benzobisoxazole))  
 PC Propylene carbonate  
 PCA Principal Component Analysis  
 PCCPs Positively charged colloidal particles  
 PDPs Partial dependence plots  
 PEO Poly(ethylene oxide)  
 PET Pentaerythritol tetraacrylate  
 PETMP Pentaerythritol tetrakis(2-mercaptoacetate  
 PF Phase field  
 PFM Phase field model  
 PFTOS Polar fluorosilicane  
 PINN Physics informed neural network  
 PLA-Li Polylactic acid-lithium  
 PTMC Poly (trimethylene carbonate)  
 PVCA Poly(vinylene carbonate)  
 PVDF Poly(vinylidene fluoride)  
 PVDF-HFP Poly(vinylidene fluoride -co-hexafluoropropylene))  
 PyBaMM Python battery mathematical modeling  
 SEIs Solid electrolyte interfaces  
 SHAP Shapley additive explanations  
 SISSO Sure independence screening and sparsity operator  
 SOC State of the charge  
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  SOH State of health  
 SPE Solid polymer electrolyte  
 SPM Single particle model  
 SRS Stimulated raman scattering  
 SSE Solid state electrolyte  
 SS-LPSCB LPSCB electrolyte synthesized via solid-state sintering  
 SVR Support vector regression  
 TEAN Tetraethylammonium nitrate  
 ELYTENG Electrolyte engineering  
 TFEO Tris(2,2,2-trifluoroethyl) or-thoformate  
 THF Tetrahydrofuran  
 TTMS 2,2,2-trifluoroethyl triflu-romethanesulfonate  
 VASP Vienna ab initio simulation package  
 VC Vinylene carbonate  
 XCT X-ray computed tomography  
 DEE 1,2diethoxyethane  
 Greek Symbols
 𝜅 Interfacial energy coefficient (J/m2)  
 𝜙𝑖 Phase field variable for phase 𝑖  
 𝜏 Shear stress (N/m2)  
 𝑞 Elementary charge  
 𝑛 Number of electrons  
 𝛺 Partial molar volume (m3/mol)  
 𝜎 Electronic conductivity (S/m)  
 𝜎𝑖𝑜𝑛 Ionic conductivity (S/m)  
 𝜖 Coulombic efficiency (%)  
 𝜁 Defect density (cm−2)  
 𝑟1 Reaction rate constant (C−1)  
 𝛿 Nernst diffusion boundary layer (m)  
 𝜉 Piezoelectric voltage (V)  
 𝑖 Current density (A/m2)  
 𝑖𝑐 Critical current density (A/m2)  
 ℎ0 Initial SEI thickness (m)  
 𝑣max Dendrite growth velocity (m/s)  
 𝛼𝑎 Anodic charge transfer coefficient  
 𝜂 Overpotential (V)  
 𝜂𝑝(𝑟, 𝑡) Order parameter  
 𝑐 Concentration (mol/m3)  
 𝑡 Time (s)  
 𝑧 Charge number  
 𝐯 Fluid velocity vector (m/s)  
 𝜇 Chemical potential (J/mol)  
 𝑚 Mass (kg)  
 𝜙 Electric potential (V)  
 𝛾0 Interfacial energy (J/m2)  
 𝛿0 Gradient coefficient (J/m2)  
 𝛹mech Mechanical free energy density (J/m3)  
 𝑎𝑅, 𝑎𝑃 Activity of reactant/product  
 𝛼 Charge transfer coefficient  
 𝜌𝑖 Density (kg/m3)  
 𝜔 Energy density (Wh/kg)  
 𝛤 Areal capacity (mAh/cm2)  
 𝛶 Mechanical modulus (GPa)  
 Roman Symbols
 𝐹 Total free energy (J)  
 𝑀 Mobility (m2/J s)  
 𝑇 Temperature (K)  
 𝛥𝑇 Temperature change/Operating temperature window 

(◦C or K)
 

 𝛥𝑃 Laplace pressure term (Pa)  
 𝑅 Gas constant (J/(mol K))  
 𝑉 Molar volume (m3/mol)  
 𝐾𝑐 Mechanical fracture toughness of the SE (Pa m1∕2)  
 𝐹 Faraday constant (C/mol)  
 𝐷 Diffusion coefficient (m2/s)  
 

 𝐻𝛼𝛽 Phenomenological coefficient (m2/(s kg))  
 𝐽 Diffusion flux (mol/(m2 s))  
 𝐿 Kinetic coefficient (m3/(J s))  
 𝑊 Gradient energy coefficient (J/m3)  
 𝐸 Electric field (V/m)  
 𝐸𝑚𝑒𝑐ℎ Young’s modulus of elasticity (GPa)  
 𝑒 Mechanical strain  
  Cycle life (k-Cycles)

1. Introduction

In essence, the battery consisting of lithium metal at anode is 
considered a lithium metal battery (LMB). Lithium-ion battery typically 
consists of graphite anode, but it can also consists of other metals 
(e.g. Sn, Li, etc. or alloys) as anode. For the purpose of this study, LMB 
is considered the subset of lithium ion battery. Wherever applicable, 
LMB represents the battery system with lithium as anode. LiBs will 
indicate a battery with generic anode materials including but not 
limited to graphite, Sn, Li, and lithium transitional-metal oxide. Lithium 
anodes possess the highest theoretical specific capacity (≈mAh g−1) 
and the lowest reduction potential (−3.04 V vs. standard hydrogen 
electrode) [1]. The researchers appreciate LMB high energy density and 
lower redox potential, but expect to solve the low Coulombic efficiency 
and poor cycle stability. The main reason for these disadvantages is the 
growth of irregular lithium dendrites during the process of charging 
and discharging [2]. Unlike lithium graphite batteries, lithium ions 
can be embedded into the graphite layer structure during charging, 
thus suppressing dendrite formation in LiBs [3,4]. SEIs, which uses 
electrolytes during charge and discharge and shortens battery lifespan, 
is produced quickly by the thermodynamic instability of the liquid 
electrolyte (LE) and the active lithium electrode in lithium metal bat-
teries [5]. The metal anode will develop defects as a result of the 
electrode volume change, which will encourage dendritic development 
and nucleation [4]. Additionally, a steady SEIs interface will success-
fully prevent dendritic development [6]. Solid electrolyte has several 
benefits when used in lithium metal batteries [7], including high 
flexibility, low cost, high lithium ion transfer, high thermal stability 
and wide operating temperature. These benefits are anticipated to 
result in high energy density and high safety [8]. On the other hand, 
dendritic formation and expansion are caused by low mechanical char-
acteristics and uneven contact at ambient temperature [9–13]. High 
shear modulus and electrolyte additives control dendritic growth [14,
15]. Another important role in dendritic growth is also current den-
sity [16], lithium concentration, and electrolyte composition [17]. In 
summary, over the past several decades, extensive work has advanced 
in parallel from both mechanistic and engineering perspectives, re-
vealing that dendrite morphology and growth kinetics are coupled 
and controlled by multiple factors including ion transport, interfacial 
reactions, SEI structure, local mechanical constraints, and operating 
conditions (current density, temperature, pressure) [18–20]. To this 
end, researchers have proposed diverse strategies to mitigate dendrite 
formation, including rational electrolyte design (e.g., compositional 
optimization and additive engineering), tailored solid-electrolyte inter-
face construction, and architectural innovation in three-dimensional 
(3D) current collectors [18,21–23]. In parallel, experimental investi-
gations and computational modeling have significantly contributed to 
deciphering dendrite growth mechanisms, leveraging in situ electro-
chemical analysis (e.g., real-time morphological evolution monitoring), 
high-resolution X-ray tomography (for 3D microstructure visualiza-
tion), atomistic-scale molecular dynamics simulations (for ion transport 
dynamics), and mesoscale phase-field modeling (for morphological 
stability prediction) [24,25]. However, research on lithium battery 
dendrites still faces challenges. Although phase-field simulations and 
molecular dynamics simulations have deepened our understanding of 
dendrite nucleation and stress-driven growth [26], integrating these 
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strategies for actual batteries remains constrained by parameter un-
certainties and computational costs. At the experimental level, mi-
croscopy and synchrotron radiation tomography have revealed the 
nanoscale heterogeneity of whisker crystals and their early formation 
mechanisms. Establishing a connection between these observations 
and electrochemical performance remains an urgent challenge. The 
current body of literature remains deficient in a structured synthe-
sis of the fundamental principles governing dendrite nucleation, the 
comparative efficacy of suppression methodologies, and the integration 
of multiscale simulation frameworks. Accordingly, a systematic and 
critical review is imperative to consolidate interdisciplinary findings, 
assess the strengths and limitations of existing approaches, and chart 
future research trajectories toward the safe and high-performance im-
plementation of lithium metal batteries. While numerous reviews have 
elucidated dendrite nucleation mechanisms, suppression strategies, and 
characterization techniques in solid-state or liquid-electrolyte systems, 
they often remain compartmentalized, focusing on isolated aspects 
such as interface engineering or material innovations without a unified 
integration of multiscale phenomena, data-driven informatics, or long-
term policy-level roadmaps. This creates a critical gap in translating 
fundamental insights into scalable, dendrite-free designs. The present 
review bridges this void by: (i) synthesizing dendrite growth as a 
multiscale process from atomic nucleation to macroscopic failure; (ii) 
introducing battery informatics as a predictive tool for SEI stability; 
(iii) proposing the Decathlon of Interfacial Stability and Robustness’ as 
a quantitative benchmark; and (iv) outlining an Autonomous Battery 
Informatics Chronology’ toward absolute dendrite-free interfaces by the 
early 2040s, aligned with manufacturing automation levels. This holis-
tic framework not only consolidates interdisciplinary advancements 
but also provides actionable strategies for researchers, engineers, and 
policymakers.

Against this background, this paper aims to: (i) systematically re-
view the nucleation and growth mechanisms of lithium dendrites in 
liquid and solid systems; (ii) summarize the design rationale and perfor-
mance boundaries of suppression strategies; (iii) evaluate the informa-
tion gain and cross-validation relationship between experimental and 
simulation methods; and ultimately (iv) propose key research directions 
and future prospects for multidimensional co-design and comparability 
testing standards. The discussions on how the dendrite growth at the 
SEIs and the mechanics and thermodynamics underlying dendrite and 
whisker formation in lithium-based batteries, highlighting the interplay 
between electrochemical driving forces and mechanical constraints are 
provided in Section 2. Dendrite growth as a multiscale phenomenon, 
spanning from atomic-scale nucleation to mesoscale morphology evo-
lution and cell-level implications are discussed in Section 3. Then the 
recent endeavours aimed at the goal of producing dendrite-free LiBs are 
outlined in  Section 4. The emerging role of battery informatics in un-
derstanding and stabilizing the SEI, emphasizing data-driven modeling 
and predictive analytics are summarized in Section 5. A consolidated 
roadmap and future perspectives, outlining key challenges and opportu-
nities for practical implementation are presented in Section 6. Finally, 
Section 7 concludes the review by summarizing the main insights and 
proposing directions for future research.

Fig.  1(a)–(b) presents a comprehensive bibliometric analysis of the 
most relevant keywords with the aim of highlighting hot topics and 
temporal trends in lithium battery and dendrite research. The key-
word searches were carried out using VOSviewer [27] on two major 
databases ((i) Web of Science and (ii) Scopus) using the same search 
query (see caption for detailed search syntax). Fig.  1(a) displays the 
Web of Science (WoS) results, where a minimum occurrence threshold 
of 20 times per keyword yielded 73 terms classified into 5 clusters. The 
network visualization reveals ‘‘lithium dendrite’’ as the largest node, 
indicating its highest occurrence frequency, followed by ‘‘solid-state 
batteries’’ as the second largest. Notably, ‘‘lithium dendrite’’ exhibits 
strong co-occurrence connections (edges) with major research themes 
including ‘‘solid-state electrolytes’’, ‘‘lithium metal anode’’, ‘‘interface 

engineering’’, and ‘‘critical current density’’. The prominence of ‘‘criti-
cal current density’’ in this network is particularly significant, as it will 
be employed later in this work ( Section 6) as an influential parameter 
for design of dendrite suppression strategies roadmap. The temporal 
results (indicated by node colors) shows that ‘‘lithium dendrite’’ or 
‘‘li dendrites’’ maintain strong recency, with peak relevance in 2021 
and 2022, reflecting the contemporary importance of this research 
direction. Fig.  1(b)  presents the Scopus database results using the same 
minimum occurrence filter of 20 times, which yielded 170 keywords 
classified into 5 clusters. This broader coverage reflects Scopus’s ex-
tensive indexing. The most frequently occurring term is ‘‘lithium metal 
battery’’ (365 occurrences) and ‘‘lithium dendrites’’ (227 occurrences) 
also has a very large node size. Some other prominent keywords in 
this graph are as ‘‘lithium metal battery’’, ‘‘lithium metal anode’’, 
‘‘lithium sulfur batteries’’, ‘‘lithium-ion battery’’, ‘‘li dendrites’’, ‘‘solid-
state electrolyte’’, and ‘‘interface engineering’’. The network structure 
reveals strong interconnections between dendrite-related research and 
battery performance metrics, including ‘‘cycling stability’’, ‘‘interfacial 
resistance’’, ‘‘transference number’’, and ‘‘thermal runaway’’. The ‘‘cy-
cling stability’’ term will be employed in  Section 6 as a signifciant 
battery parameter for future batteries. Collectively, these frequently 
used terms from both databases illustrate that dendrite formation and 
suppression remain among the most important research directions in 
the field of lithium batteries.

The publications related to research about dendrites or whiskers 
in lithium batteries from 2000 onwards is summarized in Fig.  1(c), 
which is based on a separate, broader Scopus search query conducted 
on May 17, 2025 (refer Fig. caption for search syntax). This analysis 
encompasses a more extended period from 2000 to 2025 and employs 
a streamlined search strategy focusing on the core keywords, thereby 
capturing a more comprehensive publication landscape with 9514 total 
documents. The bar chart illustrates the absolute number of annual 
publications (left axis, red bars), while the superimposed blue dotted 
line represents the percentage of these publications relative to the total 
database output (right axis), providing dual perspectives on the field’s 
growth trajectory. The data reveal several distinct phases of research 
development. From 2000 to approximately 2015, the field experienced 
modest but steady growth, with annual publications remaining below 
200 and representing less than 2% of total publications. A transitional 
period occurred during 2016–2017, marking the onset of accelerated 
interest. Beginning around 2018, the field entered a phase of exponen-
tial growth, with publication counts approximately doubling between 
2017 and 2019, and continuing this rapid ascent through 2024. The 
peak occurred in 2024, with over 1800 publications representing nearly 
20% of the total output in this domain, indicating that dendrite-
related research has become an increasingly dominant subfield within 
battery research. This sustained exponential growth trajectory over the 
past decade underscores the critical importance of addressing dendrite 
formation as a fundamental challenge in the development of safe, 
high energy-density lithium-based batteries. The correlation between 
this publication surge and the industry’s push toward next-generation 
battery technologies for electric vehicles and grid-scale energy storage 
suggests that dendrite suppression has emerged as a pivotal research 
frontier, attracting substantial scientific attention and resources.

2. Mechanics and thermodynamics of dendrites/whiskers in LiBs

Lithium dendrites involve both physical and chemical processes, 
influenced by a variety of factors, including thermodynamics, [28] 
kinetics, [29] and electrolyte composition [30]. The nucleation and 
growth of dendrites is governed by kinetics [31], while thermody-
namics influences the stability and morphology of the deposit [32]. 
There is a feedback loop based interaction between the anode sur-
face morphology and electric field in the battery to cause the ‘‘tip 
effect’’ at the electrode [33]. The interaction between the electric field 
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Fig. 1. Bibliometric network visualizations generated using VOSviewer [27] based on searches conducted in the (a) Web of Science and (b) Scopus databases 
(Search date: January 25, 2025). The same search query was used for both databases in (a)–(b): ‘‘(Dendrite OR Whiskers) AND (Lithium ion battery OR Lithium 
battery OR Lithium metal battery OR Solid state) AND (Electrolyte OR Anode OR Interface OR Simulation OR Algorithm OR Property OR Design OR Application 
OR Formation OR Grown OR Nucleation OR Cycle OR Capacity)’’. (a) Web of Science results: 4397 documents retrieved, refined to 3357 publications from 
January 2020 onwards. (b) Scopus results: 3171 documents retrieved from January 2020 onwards using the same keywords. (c) Annual publication trends based 
on a Scopus search conducted on May 17, 2025, covering the period from 2000. The search query for (c) was: (‘‘Dendrite’’ OR ‘‘Whiskers’’) AND (‘‘Lithium-ion 
battery’’ OR ‘‘Lithium battery’’ OR ‘‘Lithium metal battery’’ OR ‘‘Solid state’’), yielding a total of 9514 publications.

and the microstructure is the topic of focus for the mechanics and 
thermodynamics study.

Nucleation continues in the process of charging and discharg-
ing [34], and the initial nucleation is the key point for research. Surface 
nucleation is affected by surface energy and diffusion energy. High 
surface energy [35], low diffusion barriers and migration energy [36] 
promote uniform deposition rather than aggregation to form dendritic 
structures. Heterogeneous nucleation mainly describes a process that 
dissolved thermodynamically unstable embryos develop into thermody-
namically stable nuclei when a critical overpotential is exceeded [37]. 
The size, number and density of the nucleus are related to the overpo-
tential [38]. Effective nucleation inhibition can be achieved by raising 
the surface energy to decrease the local current density. In space-charge 
model ion transfer controlled by ion concentration and potential is the 
key parameter of lithium dendrite. Pei et al. [39] found smaller and 
more densely distributed lithium nuclei at high current densities. As 
shown in Fig.  2(a), the model is constructed and the concept of SEIs 
coverage density is introduced to calculate the rate of SEIs formation 
by Tafel kinetics, which calculates the rate of dendrite growth by 
simulating the concentration and potential field in the electrolyte 
domain. The defect of SEIs itself will encourage nucleation in SEIs-
induced nucleation [40]. The nucleation site affects the morphology 
and direction of dendrite growth. It has been observed in bottom-
induced [41] tip-induced nucleation [42], and multidirectional-induced 

nucleation [43]. SEIs with low Li-ion transport number and/or conduc-
tivity cause a current shift, and the layer at the interface created by the 
diffusion process of Li-ions through the SEIs promotes nucleation in Fig. 
2(d). [44]. In the aftermath of nucleation, lithium deposits  develop 
with multiple patterns, such as needle-like [43,45], mosslike [46,47] 
and treelike [48,49], depending on a variety of factors including 
current density [50,51], temperature [52] and pressure [53].

Additionally, the growth rate affected by the migration direction 
and speed of lithium ions is also different. Lithium ions are driven by 
electric field and concentration gradient [72,73]. Therefore, parameters 
such as charging and discharging conditions [74] the viscosity [48] 
and ionic conductivity of the electrolyte affect dendrite growth after 
nucleation. Under the control of mass transport, the electrochemical 
behavior at the interface between SEIs and electrode affects lithium 
deposition, as shown in Fig.  2(c). When the transport of SEIs is lower, 
the SEIs are unable to meet the demand of high current density, leading 
to the activation of lithium ions diffusion process in SEIs and the 
formation of a layer promoting lithium deposition in the interface [75]. 
Akolkar et al. [54] controlled the nucleation of lithium dendrites 
by regulating the temperature or thermodynamic kinetic energy. The 
paper mainly constructed a thermodynamic model to describe the 
parameters relaxation time and nucleation overpotential in the nuclear 
process by the classical Arrhenius equation, which derived that the 
nucleation rate of lithium improved with the increase of the temper-
ature. Then, the equation combined with the Tafel expression to give 
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Fig. 2. (a) Relationship between nucleation critical lithium nucleation radius and nucleation density per unit area and overpotential. [38]; (b) The left graph shows 
the dendrite growth rate at different current densities or temperatures, and the right graph represents the process of lithium deposition, including the activation 
overpotentials 𝜂𝑎,𝑓  and concentration overpotentials 𝜂𝑐,𝑓 , the current density 𝑖𝑡, the concentration gradient, and the thickness of Nernst diffusion boundary layer 
𝛿, etc. [54,55]; (c)The initial SEIs presence of protrusions accelerates the penetration and re-formation of SEIs, emphasizing the importance of controlling the 
initial SEIs defects [56]; (d) Schematic of the current transient changes, illustrating that when the transmission number of the SEIs is low, the SEIs are unable to 
satisfy the demand of high current densities, which leads to activation of lithium ions diffusion process in the SEIs, and formation of a space charge layer at the 
interface of the electrode and the SEIs thus promoting the lithium space charge layer thereby promoting lithium deposition [44].

the effect of the temperature on the diffusion and charge transfer. 
it calculated the critical temperature 𝑇𝑐 under the special current 
density. (as shown in Fig.  2(b). Comparing the different temperature 
situation, the conclusion is that the transport capacity of lithium ions 
decreases leading to an increase in the rate of dendrite growth at low 
temperatures because of the increase in the viscosity of the electrolyte.

In order to study the growth and nucleation of lithium dendrites, 
models were constructed to analyze the diffusion and deposition of 
lithium ions from different directions. Physical factors include potential 
differences driving the accumulation of mental cations, which is a 
prerequisite for dendrite formations, high current density consuming 
large amounts of cations on the surface of the metal electrodes, the 
concentration gradient [76], mechanical stress [77] developed during 
charging and discharging of the cell, leading to instability at the SEIs 
interface and increased tension [56]. Primary chemical factors are 
the electrolyte composition and SEIs formed by the decomposition 
of solvent molecules on the electrode surface. The additives present 
in the electrolyte significantly influence the composition and metal 
deposition kinetics of the SEIs [78]. Stability and conductivity of SEIs 
have been shown to inhibit dendrite growth. Temperature plays an 
important role. Higher temperature increases the side reaction between 
the electrode and the electrolyte, and the ‘‘dead lithium’’ by-product 
will be produced, which will eventually form dendrites. Low tempera-
tures increase the viscosity of electrolytes and limit mass transfer, thus 
accelerating dendrite growth [52,79,80]. Experimental reports [81–83] 
indicated that von Mises stress is detrimental to batteries in relation 
to the health of solid state electrolyte. External pressure and high 
temperature on the system lead to higher von Mises stress which will 
generate dendrite broken and form dead lithium. The mechanism and 
mathematical model related to the cause–effect relationship between 
mechanical loading and dendrite formation can be interpreted using 
the phase field method and other computational models. In order to de-
scribe the detail, more on this topic will be discussed later in Section 3. 
Researchers have found that a piezoelectric/ferroelectric material nano-
fiber has a certain effect on the growth of lithium dendrites, as shown 

in Fig.  3. The piezoelectric effect can reduce the driving force for the 
growth of lithium dendrites at the high-curvature electrode–electrolyte 
interface, and the addition of BaTiO3(BTO) can reduce the internal 
resistance and polarization overpotential of the battery [57–59].

Aslam et al. [86] conducted a comprehensive literature review and 
provided a chronological overview of the most widely accepted theoret-
ical frameworks and models describing dendrite growth in rechargeable 
batteries, including lithium-ion systems. The most influential contri-
butions include the Wranglen Theory, Barton–Bockris Model, Kim–
Jorne Theory, Chazalviel Model, Deposition–Dissolution Model, Het-
erogeneous Nucleation Model, Stress-Driven Dendrite Growth Model, 
Akolkar Model, and the Monroe–Newman Model. These frameworks 
collectively aim to elucidate the fundamental electrochemical and phys-
ical mechanisms governing dendrite initiation and propagation. More 
recently, Choobar et al. [87] expanded this body of work by incorpo-
rating newer theoretical perspectives. Building upon these efforts, the 
present study further extends the existing list by including the most 
recent Preferential Growth Model [71], which introduces the concept of 
preferential lithium transport or expulsion rate (𝜃) along grain bound-
aries of solid electrolytes (e.g., LLZO), as opposed to the slower diffu-
sion within the inner grains. The key features and governing equations 
associated with these models are summarized in Table  1. Collectively, 
these models provide valuable chronological insights into the electro-
chemical, physical, and mechanical factors driving dendrite nucleation 
and evolution. The Wranglen Theory (1960) [60] first introduced the 
concept of a critical current density (𝑗𝑐) for dendrite initiation in 
aqueous systems, expressed as 𝑗global > 𝑗𝑐 or 𝑗local > 𝑗𝑐 . However, its 
applicability to solid electrolytes is limited, in contrast to the Preferen-
tial Growth Model, which emphasizes electron accumulation at grain 
boundaries (𝜃 = 4𝜋𝑟3𝑛Li𝜌Li

3𝐴 ). The Barton–Bockris Model (1962), later 
extended by Diggle et al. (1969) [61,62], correlates dendrite growth 
velocity in ionic solutions with applied current density (𝑣max = 𝑗0

𝑉 𝜂
𝑅𝑇 ), 

yet remains primarily applicable to liquid electrolytes rather than solid-
state systems. The Kim–Jorne Theory (1980) [63] describes mass trans-
port at the edge of a rotating disk electrode (𝑐𝑠 = 𝑐𝑏(1−

𝑗
𝑗𝑙
)), which is also 

Energy Storage Materials 86 (2026) 105000 

6 

93



Y. Li et al.

Fig. 3. (a) Schematic illustration of the working mechanism of a piezoelectric separator in a battery [57]. (b) Interactive effects of piezoelectric voltage (𝜉), 
applied current density (𝑖app), and initial SEIs thickness (ℎ0) on Li morphology, showing negligible SEIs influence at 𝜉 = 0.4 V [58]. (c) Schematic of Li deposition 
in ASSLBs with Li-atom dimensionless concentration and Li+ concentration distribution after 86 s under 1 mA cm−2, comparing weak solid-state, piezoelectric, 
ferroelectric, and combined piezo-/ferroelectric effects [59].

specific to liquid-phase conditions, whereas the Preferential Growth 
Model accounts for lithium expulsion along solid electrolyte grain 
boundaries. The Chazalviel Model (1990) [64] addresses dendritic 
growth under high-field conditions by considering ion transport imbal-
ance, formulated as ∇⋅(𝐷𝑎∇𝑐𝑎+𝜇𝑎𝑐𝑎∇𝜙−𝑣𝑎𝑐𝑎) = 0. This electrochemical 
model differs fundamentally from the electron transport focus of solid-
state systems. The Whisker (Deposition–Dissolution) Model (1998) [65] 
attributes growth to competition between deposition and dissolution 
processes, represented by the Laplace pressure term 𝛥𝑃 = 𝛾

(
1
𝑅1

+ 1
𝑅2

)
, 

yet neglects the role of grain boundaries central to the Preferential 
Growth Model. The Monroe–Newman Model (2003) [66], developed 
for lithium/polymer interfaces, quantifies the limiting current as 𝑗𝐿 =
𝑐𝑏𝐷𝐹

(1−𝑡0+)𝐿
, making it suitable for polymer electrolytes rather than solid 

systems. Similarly, the Internal Resistance Theory (2008) [67] cor-
relates dendrite growth with internal resistance and thermal effects 
(𝜏 = 𝜋𝐷(𝐶0𝑞𝑒)2

(2𝐽𝑡𝑎)2
, 𝐽 ∗ = 8𝜏𝐽2𝑡𝑎

𝜋𝐶0𝑞𝑒𝐿
), diverging from the electron-driven 

framework of the Preferential Growth Model. The Heterogeneous Nu-
cleation Model (2013) [68] considers the preferential nucleation of 

lithium at heterointerfaces but lacks an explicit quantitative formu-
lation, in contrast to the Preferential Growth Model’s well-defined 
kinetics. The Akolkar Model (2013) [69] quantifies current distribution 
at dendrite tips through 𝑗𝑡𝑗𝑓 =

{
−1
𝑏𝐶0

ln
(
𝑒−𝑏𝐶0 + 𝑗𝑓

𝑗𝐿,𝑓
(1 − 𝑒−𝑏𝐶0 )

)}− 𝛼𝑐
𝑛
,

again formulated primarily for liquid electrolyte environments. The 
Stress-Driven Dendrite Growth Model (2018) [70] introduced mechan-
ical coupling by linking growth to residual stress (𝜇𝑚 = 𝜇0 − 𝜎𝛺, 
𝜎0 = 𝑅𝑇

𝐹𝐷𝑚
𝑗𝑟), offering an important mechanical perspective absent in 

earlier electrochemical models. The Preferential Growth Model [71], 
in contrast to its predecessors, uniquely addresses solid-state lithium 
dendrite formation. It highlights grain boundary electron trapping and 
quantifies the lithium expulsion rate as 𝑑𝜃𝑑𝑡 = 𝑟1𝜎𝐸, where 𝜎 is the 
ionic conductivity, 𝐸 is the electric field strength, and 𝑟1 is a constant 
associated with charge transfer resistance. Notably, experimental ob-
servations indicate that the lithium expulsion rate at grain boundaries 
( 𝑑𝜃𝑑𝑡 GB = 0.0399 μg nm−2 s−1) is approximately 2.35 times higher than 
within the inner grains, thereby providing a quantifiable mechanistic 
understanding of dendrite initiation in solid electrolytes.
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Table 1
Theoretical models to expand the understanding of the mechanisms of dendrite formation and growth in metal (Li, Zn, Na, etc.) ion batteries. The applications 
and limitations of these models are provided in Metal Deposition Mechanisms Web App.
 S.N. Models (Year) Mechanisms or concepts Mathematical expression Reference  
 1 Wranglen Theory (1960) Concept of critical current density (j𝑐 ) Condition for dendrite growth: G. Wranglen [60]  
 in aqueous solutions j𝑔𝑙𝑜𝑏𝑎𝑙 > j𝑐 or j𝑙𝑜𝑐𝑎𝑙 > j𝑐  
 2 Barton and Bockris Model (1962), 

Extended as
Maximum velocity of dendrite 𝑣𝑚𝑎𝑥 = 𝑗0

𝑉 𝜂
𝑅𝑇

Barton & Bockris 
[61],

 

 Diggle, Despic & Bockris model (1969) growth in ionic solutions Diggle et al. [62]  
 3 Kim and Jorne Theory (1980) Dendrite growth mechanism 𝑐𝑠 = 𝑐𝑏(1 −

𝑗
𝑗𝑙
) Kim and Jorne [63].  

 at edge of rotating disc where, c𝑠 = surf. conc.  
 c𝑏 = bulk conc.  
 j𝑙 = limiting 𝑗  
 4 Chazalviel Model (1990) Theory of the ramified metallic ∇ ⋅ (𝐷𝑎∇𝑐𝑎 + 𝜇𝑎𝑐𝑎∇𝜙 − 𝑣𝑎𝑐𝑎) J. N. Chazalviel [64]  
 deposits growth via electrodeposition = 0, where  
 in presence of high electric field 𝑣𝑎 is filament growth  
 velocity at anode  
 5 Whisker Model (1998) Resulting from the competition 

between
Deformation caused by pressure Yamaki et al. [65]  

 deposition & dissolution currents difference 𝛥𝑃 = 𝛾
(

1
𝑅1

+ 1
𝑅2

)
 

 6 Monroe and Newman Model (2003) Dendrite growth in 𝑗𝐿 = 2𝑐𝑏𝐷𝐹
(1−𝑡0+ )𝐿

Monroe and  
 parallel-electrode Newman [66]  
 lithium/polymer cell  
 7 Internal resistance theory (2008) Current rate and temperature effects, Sand’s time (𝜏) = 𝜋𝐷(𝐶0𝑞𝑒 )2(

2𝐽𝑡𝑎
)2 Park et al. [67].  

 critical current density 𝐽 ∗ = 8𝜏𝐽 2 𝑡𝑎
𝜋𝐶0𝑞𝑒𝐿

 

 8 Growth via Heterogeneous Nucleation 
(2013)

Nucleation at heterointerfaces 𝛥𝐺𝑐 =
16𝜋𝛾3𝑖𝑗 (2 + cos 𝜃) sin4(𝜃∕2)

3(𝛥𝐺𝑓 )2(1 + 𝜂)2
Ely and Garcia [68].  

 9 Akolkar Model (2013) quantification of 𝑗 at dendrite 𝑗𝑡
𝑗𝑓

=
{

−1
𝑏𝐶0

ln
(
𝑒−𝑏𝐶0+ R. Akolkar [69]  

 tip (𝑗𝑡) and flat surface (𝑗𝑓 ) 𝑗𝑓
𝑗𝐿,𝑓

(1 − 𝑒−𝑏𝐶0 )
)}

− 𝛼𝑐
𝑛  

 10 Stress-driven dendrite growth (2018) Role of residual stress during Chemical potential of metallic Wang et al.[70]  
 electrodeposition; Concept of filament 𝜇𝑚 = 𝜇0 − 𝜎𝛺  
 stress relaxation Critical stress 𝜎0 = 𝑅𝑇

𝐹𝐷𝑚
𝑗𝑟  

 11 Preferential growth model (2023) Dendrite growth pathway along 𝜃 = 4𝜋𝑟3𝑛𝐿𝑖𝜌Li
3𝐴

Zhu et al. [71]  
 GBs in solid electrolytes  

Stable electrodeposition is directly related to the size of the in-
terfacial defect, fracture toughness, and molar volume of the solid 
electrolyte. The critical condition equations for stable electrode depo-
sition can be obtained by integrating electrochemical and mechanical 
changes. The following Eq. (1). shows that a smaller interfacial defect 
size and a larger fracture toughness and molar volume result in a lower 
critical current density required to stabilize electrodeposition [88]. 

ln
(
𝑖critical
𝑖0

)
≤ 𝑏𝛼𝑎
𝑎𝜋𝑅𝑇

⋅
𝐾𝑐√
𝜋𝑎

||𝑉VI − 𝑉VI2+ || (1)

Liu et al. [56] construct models to illustrate the effects of current 
density, SEIs resistivity, and SEIs defects on the growth of lithium 
dendrites. As shown in Eq. (2), reaction current density 𝑖𝐿𝑖 is described 
by the Butler-Volmer equation associated with the exchange current 
density 𝑖0 = 𝐹𝐾(𝑐𝐿𝑖)(1−𝛼) and the overpotential 𝜂. Many factors influ-
ence the overpotential including temperature, charge rate, materials, 
and electrolyte. The side reaction should also be considered when the 
value of overpotential is defined [89]. Overpotential mainly represent 
the kinetic resistance such as diffusion or charge transfer. The value 
of the overpotential is the difference between the real voltage and the 
Equilibrium Potential (𝜂 = 𝐸real−𝐸eq). A better method is to determine 
the parameter values related and limited to the overpotential value 
range. The real voltage is restricted by an electrochemical window. 
The value of the electrochemical window is relevant only to the elec-
trolyte. The table below summarizes the window voltages and ionic 
conductivities of some common solid electrolytes (Table  2) [90] and 
liquid electrolytes (Table  3) [91]. Another parameter 𝐾 is the lithium 
deposition rate coefficient and 𝛼 is the charge transfer coefficient for 
lithium deposition. They found that at low current density, protrusions 
on the surface of lithium would grow dendrites by penetrating the SEIs, 

high current density would be accompanied by a much dendrite tip, 
and an increase in the resistivity of the SEIs would round the dendrites 
and reduce the risk. The flat initial lithium surface and uniform low 
resistance SEIs layer help to reduce dendrite formation and growth and 
improve Coulomb efficiency. 

𝑖𝐿𝑖 = 𝑖0(exp(
(1 − 𝛼)𝐹𝜂

𝑅𝑇
) − exp (−𝛼𝐹𝜂

𝑅𝑇
)) (2)

The kinetics of electrochemical immersion was studied by means 
of the Butler-Volmer Eq. (2), which describes the lithium deposition 
process at the interface of the two phases of the electrolyte and the 
electrolyte as including mechanical forces due to viscous and defor-
mation stresses, as well as changes in the local concentration at the 
electrode. Charles et al. [14] used a modified version of the Butler-
Volmer equation to study the effect of elastic mechanics on the stability 
of the electrode. The Nernst- Planck equation  [121] 
𝜕𝑐
𝜕𝑡

= ∇ ⋅
(
𝐷∇𝑐 + 𝑧𝐹𝐷𝑐

𝑅𝑇
∇𝜙

)
+ 𝐯 ⋅ ∇𝑐 (3)

serves as a fundamental electrochemical formulation that describes the 
transport of lithium ions through an electrolyte, driven by diffusion, 
migration, and convection [2]. Dreger builds on the Nernst–Planck 
equation, bridging some of the model’s shortcomings in describing the 
electrolyte system, and the Dreyer model adds a link between the 
conservation of mass and momentum balance equations, taking into 
account diffusion and thermodynamic consistency [122]. 

𝐽𝛼 = −
𝑁−1∑
𝛽=1

𝐻𝛼𝛽

(∇𝜇𝛽 − ∇𝜇𝑁
𝑇

+
𝑒0
𝑇

( 𝑧𝛽
𝑚𝛽

−
𝑧𝑁
𝑚𝑁

)
∇𝜑

)
, 𝛼 ∈ {1, 2,… , 𝑁 − 1}

(4)
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Fig. 4. Atomic scale simulations of electrochemical systems. The images (a)–(c) represent the Li dendrite evolution kinetics study via reactive MD simulations 
[84]. The dendrite growth rate during charging stage is lower for system containig (b) EC+HF(hydrogen fluoride) electrolyte as compared to the (a) pure EC 
electrolyte. Dead lithium is formed during the discharge cycle. The total time for the 6 charge + discharge cycles as shown in (c) is 750 ps. The images (d)–(h) 
are associated with the DFT study of Li and Mg based systems [85]. In the comparative study between these two systems, the Li based system uses EC electrolyte 
whereas Mg based system utilizes THF electroyte. The explicit half-cell models, namely, Li/Li2CO3/EC (Model 1) and Mg/THF (Model 2) of (d) are at the reduced 
and oxidized states with one Li atom (for Model 1) and Mg atom (for Model 2) stripped. The associated equivalent potentials and driving forces for these models 
are quantified at (e) and (f) respectively. The desolvated states of Model 2 and Model 1 are shown as sideviews and top views in (g). The graph (h) depicts the 
calculated energetic coordinates for Mg2+ ion (Model 2) or Li+ ion (Model 1) transport.

The classical equations of Allen-Cahn [146] (Eq. (6)) and Cahn–
Hilliard [147] (Eq. (5)) of the phase field model (PFM) are mainly 
used in modified forms, to numerically track the interfacial phenomena 
associated with the distribution of ion concentration and evolution of 
lithium dendrites. Lin et al. [148] create a model of lithium dendrite 
growth and this model considering the mechanical and chemical ef-
fects based on the Allen-Cahn function. The model function (Eq. (7)) 
describes the driving force for the phase field evolution. The migration 
of the interface consists of two main components: mechanical driving 
force and electrodeposition driving force. In the system, the crack 
extension is primarily driven by stress concentration and elastic energy 

release and lithium deposition kinetics affected by overpotential and 
stress chemical potentials (see Box  I).

𝜕𝑐𝑖(𝐫, 𝑡)
𝜕𝑡

= ∇ ⋅
(
𝑀𝑖𝑗∇

𝛿𝐹
𝛿𝑐𝑗 (𝐫, 𝑡)

)
+ 𝐯 ⋅ ∇𝑐 (5)

𝜕𝜂𝑝(𝐫, 𝑡)
𝜕𝑡

= −𝐿𝑝𝑞
𝛿𝐹

𝛿𝜂𝑞(𝐫, 𝑡)
(6)
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Table 2
Electrochemical window (EW) and ion conductivity for some common solid electrolyte materials. The successful deployment of 
dendrite inhibition strategies (e.g. electrolyte engineering, SEIs design) in the experimental, computational and machine learning 
models of all solid state batteries largely depends on such databases of EW and ion conductivity.
 SN Electrolyte EW (V) Ion-conductivity Ref.  
 (mS cm−1)  
 1. Poly(ethylene oxide) (PEO) 3.8 0.25 [92,93]  
 2. Polyacrylonitrile (PAN) >4 3 [94]  
 3. Poly(trimethylene carbonate) (PTMC) >5 10−4 [95]  
 4. Poly(vinylene carbonate) (PVCA) >4.5 0.078 [96]  
 5. Poly(vinylidene fluoride) (PVDF) >4 0.6 [97]  
 6. Li1+xAlxTi2 – x (PO4)3 (LATP) 2.65–4.6 1 [98,99]  
 7. Li1+xAlxGe2 – x (PO4)3 (LAGP) 1.85–4.9 5.08 [98,100]  
 8. Li3+xLa(2/3) – xTiO3 (LLTO) 1.75–3.71 1.5 [101]  
 9. Li3PS4 0.6–3.7 0.164 [102]  
 10. Li7P3S11 2.28–2.31 0.63 [103,104] 
 11. Li7La3Zr2O12 (LLZO) 0.05–2.91 1 [105,106] 
 12. Li6PS5Cl (LPSCl) 1.71–2.01 0.22 [104,107] 
 13. Li10GeP2S12 (LGPS) 1.71–2.14 12 [104,106] 
 14. Li3YCl6 0.62–4.21 2.2 [108]  
 15. Li3YBr6 0.59–3.15 1 [108]  
 16. Li0.388Ta0.238La0.475Cl3 2.01–4.27 3.02 [109]  
 17. 1.6 Li2O – TaCl5 2.20–4.15 6.6 [110]  
 18. 1.5 Li2O – HfCl4 2.10–4.10 1.97 [110]  
 19. Li1.75ZrCl4.75O0.5 1.79–4.0 2.42 [111]  
 20. Li0.94Zr1.94Sb0.06(PO4)3 >4.8 0.065 [112]  
 21. Li3PW12O40 0–4.8 0.89 [113]  
 22. Li2BaSnS4 1.70–2.17 0.72 [114]  
 23. Li2SrSi4 1.33–2.33 0.72 [114]  
 24. Li17P3S7.5O3.5 1.93–3.02 0.458 [115]  
 25. Li-ion-conducted hydrogen-bonded organic 

framework
>5.05 0.22 [116]  

 26. Polyhedral oligomeric silsesquioxane-based 
covalent organic frameworks

1.7–4.5 0.123 [117]  

 27. Organic molecular porous solid 
cucurbit[7]uril

0-4.65 0.245 [115]  

 28. Lithium hexafluorophosphate 
(LiPF6)+Porous polymer/EC/DMC/EMC

−0.5-5 0.4 [118]  

 29. Polybutylacrylate/succinonitrile >4.5 >1.1 [119]  
 30. PEO/PBO(poly(p-phenylene 

benzobisoxazole))
≈5 0.028 [120]  

𝜕𝜙
𝜕𝑡

= −𝐿int
(
𝑊
𝜕𝑔(𝜙)
𝜕𝜙

− 𝛾0𝛿0
(
𝜂2∇2𝜙 − 𝜕

𝜕𝑥

(
𝜂
𝜕𝜂
𝜕𝜃

𝜕𝜙
𝜕𝑦

)
+ 𝜕
𝜕𝑦

(
𝜂
𝜕𝜂
𝜕𝜃

𝜕𝜙
𝜕𝑥

))
− 𝜕ℎ(𝜙)

𝜕𝜙

(
− 𝜕𝜓

mech

𝜕𝜙

))

+ 𝜕ℎ(𝜙)
𝜕𝜙

𝐿bulk

(
𝑎𝑅 exp

(
(1 − 𝛼)(𝜇ex𝑅 − 𝜇ex𝑃 )

𝑅𝑇

)
− 𝑎𝑃 exp

(
−
𝛼(𝜇ex𝑅 − 𝜇ex𝑃 )

𝑅𝑇

)) (7)

Box I. 

In the Cahn–Hilliard-advection equation, the advection velocity [149] 
expressed as 

𝐯 = −
𝑖Li
2𝐹

⋅
𝑀i
𝜌i

⋅ 10−2 (8)

The Allen-Cahn equation [150] is used primarily to analyze the stability 
of the interface by describing the dynamic evolution of the interface 
during the growth of dendrites. David et al. [151] did some work on 
the growth mechanism of lithium dendrites under different currents 

and the effect of different contact angles on the morphology of den-
drite. In addition, Peng et al. [20] described that at current density 
exceeding the diffusion limit, the salt concentration in the electrolyte 
approaches zero, the initiated ions are deposited in the protrusions and 
the dendrites begin to grow by the sand equation. Here, Sand’s time 
and Sand’s capacity are applied as critical values to inhibit dendrite 
growth, the relationship 𝜏 = 𝜋𝐷

(
𝐶0𝑒
2𝐽𝑡𝑎

)2
 holds, with 𝑡𝑎 defined as 𝜇𝑎

𝜇𝑎+𝜇𝑐
, 

representing relevant physical quantities. It is usually used to predict 
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Fig. 5. Lithium metal morphologies in different states and at multiscale. (a) Needle-like structures, using AES-SEM chemical analyzing method, and proving the 
lithium ion gathering and the lithium filaments distributed on grain boundary in Li7La3Zr2O12 structure solid state electrolyte [45].(b) Moss-like deposits, no 
perfect direction and lithium bush building with a strong random component superimposed to the overall expansion [47]. (c) Tree-like structural pattern, using 
different kinds of electrolyte [48]. (d)Sequential TEM snapshots of lithium nucleation, growth process and lithium dendrite collapse. The last two images is a single 
lithium nucleus in electron diffraction pattern [123]. (e) X-ray tomography slices show the dendrite growth of symmetric lithium cell in charge and discharge 
state. The last three layers on the upper part clearly show the dendrites between the electrodes and the electrolyte. The dendrites have clearly penetrated the 
electrolyte and have reached the prerequisite condition for causing a short circuit accident in the last figure on the upper part. The lower part shows the 3D 
model and illustrates the process of lithium ion gathering in electrodes and growth through the electrolyte. This system uses lithium metal electrodes and the 
polystyrene-block-poly (ethylene oxide) copolymer electrolyte. From left to right, the charge rate increases from low to high (0 C cm−2, 9 C cm−2, 84 C cm−2, 
296 C cm−2) [124].

the time of dendrite growth, revealing distinct growth morphologies 
under varying current densities.

The processes of lithium nucleation and growth are influenced by 
surface energy and chemical potential. Recently, Pant et al. [152] used 
phase field simulation to find the formation mechanism of dead lithium 
in the process of charging and discharging and further illustrate the 
importance of SEIs. The development of lithium dendrite increased 
significantly at high current densities, resulting in a higher interface 
impedance and contact loss. Dendrite growth can be inhibited and 
interface stability can be demonstrated by introducing lithium alloys 
or polymer electrolytes [153–155]. Iriyama et al. [156] explored the 
effect of current density on the morphology of deposited lithium in 
LiPON electrolyte. Sakamoto et al. [157] proposed the critical current 
density in the Li/Li7La3Zr2O12 system, which was used to evaluate the 
maximum available ions transport and charge-transfer capacity per unit 

area and time. The critical current density value is determined by the 
interfacial lithium chemistry.

Another factor that inevitably affects the formation of dendrites 
within the battery is defects. Liquid electrolytes, in the hydraulic state, 
can fill the interfacial pores and become homogeneous, whereas solid 
electrolytes have defects such as grain boundaries, scratches, pores, 
and surface roughness, which substantially contribute to the growth of 
dendrite nucleation. Defects in the electrolyte develop different den-
drite morphologies under the control of various current densities [3]. 
For example, lithium filaments growing along crystals in garnet [45], 
tree-like dendrites in sulfide electrolytes [158,159]. Interfacial lithium 
chemical processes include lithium kinetics, evolution of interfacial 
morphology, and interfacial degradation and failure. Lithium kinetics 
are based on liquid electrolyte lithium deposition. Models such as non-
homogeneous nucleation [68], interphase-induced dendrite growth, 
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Table 3
Summarized data for EW and ion conductivity in common liquid electrolytes. In contrary to the solid electrolyte, the liquid electrolyte needs 
solvent as environment. The database of EW and ion conductivity of the liquid electrolytes are the pillar to developing experimental, computational 
and AI models related for dendrite mitigation strategies.
 SN Electrolyte (Solute) Solvent/Environment EW(V) Ion-conductivity 

(mS cm−1)
Ref.  

 1. Lithium perchlorate (LiClO4) EC (ethylene carbonate)/DMC (dimethyl 
carbonate)

0.2–4 8.4 [125]  

 PC (propylene carbonate) ≈2 5.6 [126,127]  
 PEO (poly(ethylene oxide)) <4.45 0.57 [128]  
 2. Lithium hexafluorophosphate (LiPF6) EC/DMC 0.2–4 10.7 [125]  
 PC 2.5–4.2 5.8 [78,126,129]  
 3. Lithium tetrafluoroborate (LiBF4) EC/DMC 2.5–5.9 4.9 [130]  
 PC 4.2 3.4 [78,126,129]  
 poly(1,3-dioxolane)/fluoroethylene 

carbonate(FEC)
4.7 1.76 [131]  

 4. Lithium hexafluoroarsenate (LiAsF6) EC/DMC 4.5 11.1 [132]  
 PC – 5.7 [78,126]  
 5. Lithium nitrate (LiNO3) Dimethyl sulfoxide/PC ≈4.4 3.19 [132]  
 6. Lithium bis(trifluoromethanesulfonyl) 

imide (LiTFSI)
PVDF-HFP (Poly(vinylidene fluoride 
-co-hexafluoropropylene))

0.05 0.46 [133]  

 EC/DEC (diethyl carbonate) – 0.43 [134]  
 7. Lithium (methanesulfonyl) 

(trifluoromethanesulfonyl) imide 
(LiMTFSI)

EC/DEC – 0.21 [134]  

 8. Lithium 1,1,1-trifluoro -N-[2-[2-(2-
methoxyethoxy)ethoxy]ethyl] 
methanesulfonamide (LiFEA)

EC/DEC >4.3 0.013 [135]  

 9. Lithium 
2-[2-(2-methoxyethoxy)ethoxy] 
ethanesulfonyl 
(trifluoromethanesulfonyl)imide 
(LiETFSI)

BE (carbonate electrolyte) ≈4.8 0.24 [136]  

 10. Lithium 
(trifluoromethanesulfonyl)imide 
(LiSTFSI)

DME (dimethoxyethane) 3.75 10 [137]  

 11. Lithium bis(fluorosulfonyl)imide 
(LiFSI)

MP (ethyl propionate)/FEC >4.2 9.73 [138,139]  

 TFEO (tris(2,2,2-trifluoroethyl) 
orthoformate)/DME

>4.4 3 [140]  

 DEE (1,2-diethoxyethane) 4.4 5.01 [141]  
 12. Lithium trifluoromethanesulfonate 

(LiOTf)
TTMS (2,2,2-trifluoroethyl 
trifluoromethanesulfonate)/TM

5.2 2.99 [142]  

 13. Lithium difluoride (oxalate) borate 
(LiDFOB)

EC/DMC ≈4.4 ≈4.6 [143]  

 14. Lithium bisoxalate borate (LiBOB) 𝛾-valerolactone 5.5 >4.9 [144]  
 15. Lithium 4,5-dicyano-1,2,3-triazolate 

(LiDCTA)
EC/DMC 4.8 6.5 [145]  

etc. are suitable for solid electrolytes. However, solid electrolytes have 
unique chemical and mechanical states [66]. The formation/consump-
tion models of lithium ion/atom and interfacial morphology, including 
interfacial defect formation and atomic diffusion [38] are predicted 
by studying key parameters such as shear modulus and molar volume 
ratio [160], and interfacial degradation and failure [68,161]. Interfacial 
degradation and failure, on the other hand, involve the increase in 
interfacial impedance and contact loss.

3. Dendrite growth as a multiscale phenomenon

The mechanistic and thermodynamic principles outlined in Section 
Section 2 encompassing nucleation kinetics, overpotential-driven het-
erogeneous nucleation, SEI-induced space-charge effects, stress-mediated 
growth, temperature-dependent mass transport, and the competition 
between electrochemical driving forces and mechanical constraints—
collectively demonstrate that lithium dendrite formation and prop-
agation are inherently multiscale processes. These phenomena span 

atomic-scale ion desolvation and interface reactions, mesoscale mor-
phological instability and stress accumulation, and macroscopic cell-
level performance degradation. Consequently, a single-scale descrip-
tion is insufficient to capture the full complexity and feedback loops 
involved.

A multiscale approach is needed to understand the growth of den-
drites in batteries. The molecular dynamics (MD) and DFT frame-
works effectively predict molecular behavior and mechanisms, reveal-
ing insights into Li-ion diffusion influenced by solvation shells and the 
thermodynamic processes governing dendrite growth morphology [31,
162]. In other words, MD and DFT methods can provide detailed 
insights of dendrite growth at atomic scale. Lee et al. [84] conducted 
a series of reactive MD simulations (refer Fig.  4(a)–(c)) to explore 
the electrochemical dynamic reactions occurring at the electrode/elec-
trolyte interface, providing insights into the mechanisms involved in 
these critical interactions. The duration of a single charge cycle in their 
simulation is maintained around 125 ps. The results of the dynamic 
growth of dendrite(at charge cycle) and dead lithium (at discharge 
cycle) during repeated charging-discharging cycles for an EC electrolyte 
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is shown in Fig.  4(a). Huang et al. [163] employed DFT to investigate 
the adsorption and diffusion of lithium atoms by calculating the binding 
energy and potential map. The adsorption and diffusion mechanism are 
considered as the critical factors influencing dendrite growth. Despite 
the ability of MD and DFT to detail dendrite growth mechanisms at 
the atomic level, simulating dendrite formation throughout the entire 
charging process of LiBs remains challenging due to the extremely 
short timeframes (picoseconds to nanoseconds) of molecular simula-
tions [164]. It is necessary to upscale these methods and integrate 
them with continuum-level simulations to understand the mechanisms 
during the entire battery charging or discharging process. In their 
study, Liu et al. [85] developed a comprehensive multiscale model 
that effectively links atomic-level charge transfer physics with the 
mesoscale phase-field method, incorporating transition state theory to 
describe the electrodeposition process within a half-cell system. For 
DFT computations in Li based half cell model (Model 1), they have 
considered organic EC electrolyte, whereas the half cell model based 
on Mg uses tetrahydrofuran (THF) electrolyte. As can be seen from Fig. 
4(d)–(h), the quantities such as equivalent potentials, driving forces and 
energetic coordinates for ion transports have been computed by the 
researchers for the two models: Li/Li2CO3/EC (Model 1) and Mg/THF 
(Model 2). The knowledge obtained from DFT computation is then ex-
ported to mesoscale phase field simulations. Another way to overcome 
the time scale related limitations of MD and DFT method is to combine 
them with the kinetic Monte Carlo (KMC) simulations. Lee et al. [165] 
utilized a high-fidelity KMC simulation to observe dendrite formation 
over extended time scales of 5 to 10 min, or even longer. Their KMC 
model utilizes the diffusion constants and activation energies obtained 
from MD and DFT frameworks. Zhang et al. [166] employed large-
scale molecular dynamics simulations to reproduce the dynamic process 
of dendrite nucleation and penetration, revealing that dynamically 
generated lithium depositions lead to a continuous accumulation of 
internal stress, ultimately causing a fracture of the solid electrolyte at 
dendrite tips.

At continuum scale, the phase field method is the most robust as 
well as most widely utilized to study the spatiotempral dynamics of 
dendrites in the batteries [167–170]. Earlier Guyer [171] PFM studied 
the equilibrium state of electrodeposition, constructed the minimal 
components of the electrochemical interface model, and the dynamic 
solutions of the phase field equations. Arguello et al. [172] simulated 
the growth rate and morphology of the dendrites in 2- and 3-dimensions 
and investigated the electrodeposition process of dendrite formation in 
metal anode batteries and deduced a free energy functional describing 
the partial differential equation of phase field, lithium ion concen-
tration and potential. Chen et al. [173] and Qi et al. [170] used a 
nonlinear PFM to describe the growth characteristics of different types 
of dendrites and the effects of temperature and anisotropy on lithium 
deposition. Hong et al. [167] studied dendrite growth simulations, 
concentration gradients, overpotentials, and electrochemical reactions 
on growth patterns. The broken lithium dendrites at the root form 
dead lithium because of the von Mises stress, when external pressure 
is applied to the system. As outlined earlier in Section 2, the partial 
differential equations are very important in explaining the cause–effect 
relationship between mechanical stress and dendrite morphology. Yang 
et al. [81] considered the plastic behavior of lithium dendrite by adding 
the coupling of the hear transfer model and PFM. The model combined 
the diffusion coefficient of Li+, temperature and overpotential genera-
tion and described high von Mises stress leading to broken dendrite and 
dead lithium. The plastic part of free energy density  can be expressed 
as the function of strain (e) and modulii (𝐸𝑚𝑒𝑐ℎ and 𝐾): 

𝑓pls = (1 − 𝜉)2
( 1
2
𝐸𝑚𝑒𝑐ℎ𝑒

2
𝑦 + 𝜎

𝑦(𝑒𝑇𝑖𝑗 − 𝑒𝑦) +
1
2
𝐾1(𝑒𝑇𝑖𝑗 − 𝑒𝑦)

2
)

(9)

Zhang et al. [174] simulated the formation of dead lithium and com-
bined the experimental results to reveal the discharge electrochemical 
performance of lithium metal batteries. Of course, some researchers 

have also studied the inhibition methods of lithium dendrites, such 
as Cao et al. [175] who studied elastic modulus and the electrolyte 
nanochannel width controlled to the growth of lithium dendrites, and 
added the mechanical energy (the electrostatic energy density fmech) 
as an additional driving force for the evolution of lithium dendrites.

𝜕𝜉
𝜕𝑡

= −𝐿𝜉
[
𝜕𝑓ch
𝜕𝜉

− 𝜅𝜉∇2𝜉 +
𝜕𝑓mech
𝜕𝜉

]

− 𝐿𝜂ℎ′(𝜉)
{
exp

[
𝛼𝛥𝐺(𝑟, 𝑡)
𝑅𝑇

]
− 𝑐∗𝑖 exp

[
− 𝛽𝛥𝐺(𝑟, 𝑡)

𝑅𝑇

]}
(10)

Some other macroscale simulations methods for tracking the spatio-
temporal evolution of current density, voltage and state of the charge 
(SOC) in rechargeable LiBs are pseudo 2D model (P2D) model and 
single particle model (SPM). These electrochemical models can also be 
used to perform thermal runaway simulations. The P2D model, while 
effective, has a high computational load; therefore, it is often simplified 
into a one-dimensional electrochemical model known as the SPM to 
reduce simulation time and complexity [176]. The lightweight SPM 
model has already been implemented in Python Battery Mathemati-
cal Modelling (PyBaMM), which is an open-source battery simulation 
package [177]. SPM is not built with the capability to describe the 
moving interfaces, and thus it is not possible for using it as stan-
dalone method to geometrically describe the profiles of the evolving 
dendrites. Sahu and Foster [178] have implemented the SPM based 
continuum model for studying lithium plating and dendrite formation 
inf LiBs. With the existing capabilities of the electrochemical model, 
they have been able to accurately quanitify the concentration, voltage, 
reaction rate etc. Although the temporal values of lithium metal have 
been quantified through their model, the spatial profile information 
regarding dendrite formation remains unaddressed in their work. As 
the magnitude of electric field strength at the tip is different from 
the base of the dendrites [69], it is necessary to quantify the spatial 
information of these structures in the numerical model. To describe 
the spatio-temporal evolution of Li dendrites, SPM has to be integrated 
with another method characterized by capabilities to track the spatio-
temporal information of bulk and interfacial features. Lee et al. have 
successfully integrated the SPM [165] with atomistically-informed KMC 
to describe the evolving dendrites.

Some researchers focused on the simulation of dendrite nucleation 
and growth processing and some paid more attention on experiments. 
Many relevant papers exhibited multiscale dendrite morphologies. In 
Fig.  5, it shows the lithium dendrite in different states. Needle-like, 
moss-like and branch-like morphologies could be observed in Fig. 
5(a)–(c). Researchers used some advanced electron microscopes. He 
et al. [123] observed the nucleation and growth of lithium dendrite 
on a nano scale by coupling an atomic force microscopy cantilever 
into a solid open-cell setup in environmental transmission electron mi-
croscopy. Harry et al. [124] observed lithium dendrite growing in dif-
ferent charge rate states by using X-ray tomography slices technology. 
When the symmetric lithium cell works in a higher charge rate situa-
tion, lithium dendrite will grow rapidly and penetrating the electrolyte. 
Shen et al. [179] observe the pore property of solid state electrolyte. 
Different sintered temperatures cause different densities and this kind 
of inhomogeneous electrolyte has great impact on dendrite growth. The 
experiment showed that the size distribution of dendrites changed in 
electrolytes with continuous or discontinuous pores. The influence of 
the related defects was studied by Porz et al. [180]. The lithium plating 
depends on defects such as surface crack by doing tests on Amorphous 
70/30 percentage mol Li2S − P2S5, polycrystalline 𝛽−Li3PS4, and poly-
crystalline and single-crystalline Li6La3ZrTaO12 garnet. Lithium ions 
accumulate at the crack tip and generate stress that promoted crack 
propagation. The voids created by the crack propagation then facilitate 
the accumulation of more lithium ions, which eventually pass through 
the entire electrolyte.
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4. Suppression of the dendrite growths: scientific approaches

Addressing lithium dendrite formation requires a multifaceted strat-
egy that spans experimental innovation, theoretical insight, and data-
driven discovery. This section synthesizes current scientific approaches 
into three complementary frameworks: (i) experimental and empir-
ical methods that establish foundational suppression protocols, (ii) 
multiscale computational models that elucidate mechanistic origins 
and enable virtual screening, and (iii) intelligent data-driven tech-
niques that accelerate high-throughput optimization. Ultimately, inte-
grated approaches that bridge these paradigms offer the most promis-
ing pathway towards dendrite-free, commercially viable lithium-metal 
batteries.

4.1. Experimental and empirical methods

This section reports the work that are solely focused on the experi-
mental approaches for dendrite suppression in LiBs. Works that employ 
deduction- or induction-based computational methods along with the 
experiments will be included in Section 4.4. Interface modification 
and structural design of electrodes/electrolytes are the straightforward 
approaches to prevent the dendrite formation problems in LiBs [181]. 
Researchers have proposed some feasible methods to inhibit dendrite 
growth, summarized in Table  4.

4.1.1. Design of solid electrolyte interphase
The understanding of the interactions between SEIs and dendrites 

is crucial for developing sustainable electrochemical devices such as 
batteries [239]. Zhong et al. [240] designed and synthesized a novel ar-
tificial SEIs layer, named LiSFSI-PET4A-PETMP (LFPP) SEIs. This layer 
was created in situ on lithium metal surfaces through a one-step click 
reaction using lithium[(4-styrenesulfonyl)(fluorosulfonyl)imide] (LiS-
FSI), pentaerythritol tetraacrylate (PET), and pentaerythritol tetrakis(2-
mercaptoacetate) (PETMP). The resulting LFPP-SEIs featured a control-
lable 3D cross-linked network structure with high ionic conductivity 
and a lithium-ion transference number close to unity. These properties 
effectively prevented lithium dendrite nucleation, thereby suppressing 
dendrite formation at its source. Patino et al. [74] demonstrated a 
practical cell operation approach to reinforce the SEIs in lithium anodes 
through a refined formation protocol that is governed by the redox 
reactions characteristic of lithium-sulfur systems. Cheng et al. [241] 
incorporated Li2S into the SEIs, resulting in a polycrystalline, mosaic 
film with poor crystallinity. As the nanoparticles of Li2S, Li2O,Li3N, 
Li3NO3, and LiF were embedded, the Li metal anode was subsequently 
protected. The sulfurized SEIs achieved a very high ionic conductivity 
of 3.1 × 10−7 S cm−1, an order of magnitude higher than the routine 
SEIs (4.2×10−8 S cm−1). This sulfurized SEIs enabled uniform Li plating 
or stripping, thereby preventing the dendrite formation. Moreover, the 
coulombic efficiency of the battery with the sulfurized SEIs were larger 
than that of the device with the routine SEIs. Pokharel et al. [242] 
developed a scalable solution-processed method to construct a phase-
pure, crystalline Li3N-rich artificial SEI on lithium metal, achieving 
both high mechanical strength and low Li+ diffusion barrier. Compared 
to conventional polycrystalline Li3N layers, the single-crystalline SEI 
enhanced Li+ transport kinetics and electrode stability. Combined ex-
perimental and phase-field simulation analyses revealed the coupling 
between Li+ transference, diffusion behavior, and interfacial mechan-
ics, leading to improved reversibility and cycling performance in both 
symmetric and full cells.

Rather than altering the chemistry of SEIs, some researchers have 
floated the idea of using the mechanical design approach. Cheng 
et al. [243] constructed an implantable SEIs and then placed it on a 
lithium-metal battery device to prevent or suppress the appearance of 
dendrite. The design was found to work in Li − LiNi0.5Co0.2𝑀𝑛0.3O2 and 
Li|S batteries containing ether and ester electrolytes, respectively.

4.1.2. Engineering the electrolytic medium
Electrolyte engineering (ELYTENG) deals with the topics of bringing 

out innovations in the chemistry and composition of the electrolytes 
[244,245]. Among many many approaches, the study with ionic liquid 
electrolytes, metal organic framework (MOF)-modified electrolytes and 
electrolyte additives are some examples that can be considered well 
within the scope of ELYTENG [244]. It has been recognized as one 
of the most effective strategies to develop a stable SEIs for eventual 
suppression of the growth of lithium dendrites [246]. The ELYTENG in-
cludes both chemical- and physical-method-based engineering designs 
of the electrolytes. While the chemical method is utilized for both 
liquid and solid states electrolyte, the physical technique is dominantly 
utilized for solid state electrolytes. Chemical-methods are generally 
intended to alter the reaction kinetics at the electrolyte domain that 
ultimately favors the inhibition of dendrites while maintaining or even 
increasing the Coulombic efficiency. The main roadmap of chemical-
method based electrolyte engineering is associated with the search of 
functional additives for electrolytes that can coordinate with the Li+
and contribute to the creation of a stable SEIs film [246,247]. In this 
perspective, ELYTENG is a branch of SEIs design, that focuses solely on 
modifying the composition of electrolytes via introduction of functional 
additives.

Chen et al. [248] systematically elucidated the correlation be-
tween electrolyte solvation structure, SEI formation, and lithium de-
position morphology using a single-salt, single-solvent model system. 
Through cryo-EM and computational analyses, they revealed that high-
concentration electrolytes with Li+–anion-dominated solvation favor 
anion decomposition, yielding inorganic-rich amorphous SEI layers 
with high interfacial energy and uniform granular Li deposition. In 
contrast, solvent-dominated solvation in dilute electrolytes promotes 
solvolysis, forming organic-rich mosaic SEI with low interfacial en-
ergy that drives whisker-like dendritic growth. Their work provides 
mechanistic insights into dendrite formation and highlights strate-
gies for electrolyte concentration design in lithium metal batteries. 
Wang et al. [249] proposed that incorporating an optimal amount 
of lithium iodide (LiI) as a functional additive in ether-based elec-
trolytes enables dendrite-free lithium deposition (Fig.  6(a)). They have 
described that LiI induces electrolyte polymerization, forming an in-
situ robust and elastic oligomer-enriched SEIs on the lithium surface. 
Subsequently, this SEIs enhances ionic conductivity and facilitates 
lithium-ion migration, leading to uniform lithium deposition at the 
Li/electrolyte interface while effectively suppressing dendrite growth. 
In their experimental study, Pham et al. [250] proposed N-N-diallyl-
2,2,2-trifluoroacetamide (NDT) as an electrolyte additive to inhibit 
dendrite growth on an ultrathin Li anode (20 μm). Through its pref-
erential reduction and involvement in the primary Li+ solvation shell, 
the NDT facilitated the formation of a Li3N-enriched, uniform SEIs 
layer on the Li metal. Through electrolyte engineering, Ye et al. [251] 
have discovered the synergistic effect of an Al-containing solid elec-
trolyte interphase layer and Al-based colloidal particles in achieving 
a stable lithium metal anode. In their work, a controllable AlCl3 was 
used as an efficient electrolyte additive for dendrite-free Li deposi-
tion, reacting with trace water to form an Al2O3-rich SEIs layer and 
Al-based positively charged colloidal particles (PCCPs). The PCCPs 
were found to create an electrostatic shield around protruding Li, 
guiding uniform deposition and preventing dendrite formation. Li|Se
and Li|Li4Ti5O12 batteries showed improved dendrite suppression and 
improved performance due to synergism between the SEIs layer and 
PCCPs.

Wu et al. [252] introduced a facile approach to induce the growth 
of detrimental dendritic lithium, causing cells to short frequently and 
consistently. Using this protocol of intentional dendrite induction, they 
revisited various electrolytes, comparing and quantifying the resulting 
SEIs. Although their work is focused on different electrolytes and not 
electrolyte additives, their methodology could be expanded to measure 
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Table 4
Highlighted strategies for inhibiting dendrite growth in typical batteries.
 SN Strategy/Method Key ingredients/processes Battery 

systems
Ref.  

 1. Electrolyte additives FEC [182,183]  
 Vinylene carbonate (VC) LiBs [183,184]  
 Nitrates: KNO3, LiNO3, AgNO3 [185–189]  
 Anhydrides: succinic anhydride [190–192]  
 Heptafluorobutyric anhydride [193]  
 Lithium salts: Li[N(SO2F)2]–Li[N(SO2CF3)2], 

LiTFSI–LiBOB, Li[(FSO2)(n-C4F9SO2)N]
LMB [194–196]  

 Organic reagents: Py13TFSI, 1,4-dioxane [197,198]  
 ethyl 𝛼-cyanoacrylate, methyl viologen [199,200]  
 1,3-propanesulfonate [189]  
 Other: AlCl3, Li halides [187,201]  
 Lithium polysulfide [202]  
 LiNO3 [202,203]  
 Tetraethylammonium nitrate (TEAN) [204]  
 CsNO3 [205]  
 LiODFB LSB (Li-S 

battery)
[206]  

 LiBOB [207]  
 La(NO3)3 [208]  
 PYR1,14TFSI [209]  
 2. Artificial SEIs Cu3N + SBR [210]  
 AlI3 [211]  
 Al2O3 [212]  
 Fluorinated polysulfonamide [200]  
 Li3PO4 layer LiBs/LMB [213,214]  
 LiSFSI [200,215]  
 Polyvinylidene difluoride [216,217]  
 Nafion LSB [218,219]  
 Gas processing (N2) LMB/LSB [220,221]  
 3. Super-concentrated 

electrolyte
Dimethyl sulfoxide (DMSO)-based electrolyte Li – O2 [222]  

 LiFSI-DME electrolyte LMB [223]  
 Highly porous glass fiber LMB [224]  
 4. Solid-State Electrolyte Solid inorganic electrolytes (PEO + LiTFSI), 

Li3N
[225,226]  

 Gel polymer electrolyte SSB [227]  
 Inorganic solid electrolytes (composites, 

coating)
[228,229]  

 5. Nanostructured 
Electrolyte

Nanocomposite electrolytes [230,231]  

 SiO2 composite electrolyte LMB [232]  
 Ionic liquid electrolytes [233,234]  
 6. Main material 

modification
Structured anode [235]  

 Polyolefin separator LMB [6]  
 Cathode modification [236]  
 7. Cell operation Charging/discharging rate [74]  
 Pulse plating LMB [237]  
 Convection cell [238]  

the behavior of electrolytes with different additives. Hwang et al. [253] 
found that the electrolyte of ionic liquid can inhibit the accumulation 
of dead Li (Fig.  6(b)). Especially, this kind of system has great cycle 
properties as shown in Fig.  6(c) [254].

In the context of the use of the novel electrolytic additives for 
dendritic suppression, it is necessary to equally focus on maintaining 
or if possible improving Coulombic efficiency  [240,255]. The advances 
made in the area of electrolyte engineering in other battery types such 
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Fig. 6. Liquid electrolye engineering strategies: Modifying liquid electrolytes to achieve controlled lithium ion deposition and suppression of dendrite growth. 
(a) The addition of the functional additive LiI to ether-based electrolytes enables a substantial increase in cycle life without compromising coulombic efficiency. 
The additive system (II) promotes uniform lithium-ion deposition, resulting in a smoother metal surface. Current density is 0.1 C (1 C=678 mAg−1). Voltage is 
0.8–3 V. Material is Li-Se battery system with LiTFSI electrolyte [249]. (b) 30 mol% Li[FSA]-[1-ethyl-3-methylimidazolium] [FSA] ionic liquid (IL) electrolyte 
contrasted with traditional organic carbonate electrolyte of 1 moldm−3 Li[PF6]-EC/DMC (1:1 vol/vol) (OE) has great properties of dendrite suppression and 
dead Li accumulation. There are irregular lithium dendrites on the surface by using organic electrolyte OE (I). On the contrary, IL system has smooth surface 
under 25 oC (II) and lower dendrite density of surface under 90 oC (III) [253]. (c) Polarity difference in liquid electrolytes protects lithium electrodes and inhibits 
lithium dendrite growth. This liquid electrolyte system made by non-polar fluorosilicane (PFTOS) and conventionally polar dimethyl sulfoxide solvents. PFTOS has 
excellent wettability towards electrodes, and this character promotes Li uniform deposition. Comparing glass fiber (I) and Li1.5Al0.5Ge1.5(PO4)3 (II), it is observed 
that the surface of liquid/liquid two phase electrolyte is smoother  [254].

as Zn-ion batteries [256–258] and Na-ion batteries [259–261] can be 
translated and implemented for the development of dendrite-free LiBs.

On the other hand, the physical-method based ELYTENG comprises 
of employing different manufacturing routes or processing variables 
to produce electrolyte with desirable microstructures (e.g. grains with 
preferable orientation and size distribution, reduced porosity) that are 
resistant to dendrite growth. Using solid-state electrolyte instead of 
liquid ones is the most studied physical approach to tame the unwanted 
growth of dendrites. In fact, solid polymer electrolyte (SPE)-based all-
solid-state lithium batteries [262] are emerging as the next-generation 
energy storage devices in terms of their desirability for safety and 
performance aspects. Liu et al. [263] have performed manufactur-
ing route based design of electrolytes in all solid state lithium metal 
batterys (ASSLMB). They identified a novel cube-shaped microstruc-
ture in the Li5.3PS4.3ClBr0.7 argyrodite electrolyte, synthesized via a 
high-speed mechanical milling followed by annealing method (BMAN-
LPSCB), through comparisons of various synthesis routes. They have 
shown schematic sketches (refer Fig.  7(a)–(b)) to compare the mi-
crostructures of LPSCB electrolyte synthesized via solid-state sintering 
(SS-LPSCB) and BMAN-LPSCB. While the SS-LPSCB has non-uniform 
microstructure with larger porosity, the BMAN-LPSCB is character-
ized by uniformity and a very low degree of porosity. This lack of 
defects in the latter enables it to inhibit dendrite growth even at 
larger values of current density. Additionally, they have found out that 
the ASSLMB utilizing the BMAN-LPSCB electrolyte showed excellent 

durability, retaining 96% capacity over 1000 cycles at a 1C rate. 
Their study highlighted the critical role of the sulfide electrolyte’s 
microstructure in influencing mechanically-driven Li dendrite propaga-
tion in all-solid-state batteries. Han et al. [75] have implied that high 
electronic conductivity (>10−4 S cm−1) of solid electrolytes such as 
LLZO, LIPON and amorphous Li3PS4, is the main cause behind dendrite 
formation in all solid state batteries. They have proposed that lowering 
the overall electronic conductivity of the SEs is a better solution than 
increasing the ionic conductivity in suppressing the dendrite formation.

4.1.3. Electrode engineering
Electrode engineering focuses on improving the properties and func-

tionalities of electrodes, such as their conductivity, stability, and sur-
face characteristics, to facilitate better electrochemical reactions.  In-
crement of the areal capacity of the electrode is one of the milestones 
in relation to the design of resilient and electrochemically efficient 
batteries, and the discussion about this parameter will be provided 
later in  Section 6. However, achieving higher areal capacity amplifies 
dendrite risks through uneven deposition and volume stress, yet it 
drives innovations in suppression strategies, such as 3D hosts that 
promote uniform plating. The stress-associated challenges arising from 
the uncontrollable volume expansion of Li-metal anodes during battery 
cycling, account for the mechanical damages such as dendritic growth, 
electrode cracking and SEIs degradation. Utilization of porous 3D struc-
tures as electrodes or use of some coating layer on electrodes can be 
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Fig. 7. Solid electrolyte engineering strategy illustrated in (a)–(g): Solid state electrolytes with more uniform grain microstructure and low porosity are 
more resistant to dendrite growth. From the cross-sectional SEM images of (b) SS-LPSCB and (e) BMAN-LPSCB cold-pressed pellets, it can be inferred that the 
mechanical processing route has an influence on the grain morphology and relative porosity content. The 3D volume rendered synchrotron X-ray computed 
tomography (XCT) image of SS-LPSCB pellet with inside voids is shown in (c) whereas that of BMAN-LPSCB pellet with inside voids is presented in (f). The 3D 
rendered syncrotron XCT image of voids only for pellet (c) is presented in (d) whereas that for pellet (f) is shown in (g). From these characterizations, it is evident 
that the BMAN-LPSCB electrolyte produced via mechanical alloy milling + annealing, has more uniform grain microstructure and lower degree of porosity as 
compared to SS-LPSCB fabricated via solid state sintering method. This inference is presented in (a) as schematic sketches [263]. (h)Schematic comparison of 
lithium dendrite growth after pattern design in solide satate battery [15].

some common examples related to electrode engineering of LiBs. Both 
electrolyte and electrode engineering aim to establish the stable SEIs 
and can be categorized as the two different fields of SEIs design. The 
physical design of electrodes is of great interest to researchers. Yang 
et al. [264] constructed a freestanding three-dimensional Li metal foam 
which was accompanied by an inherent SEIs encapsulation formed 
through template-free chemical etching. Unlike planar Li metal foil, 
a 3D porous Li matrix can effectively buffer volume changes and 
allow Li deposition within its porous structure. So, their designed 3D 
porous electrode promoted uniform lithium deposition and contributed 
to the suppression the growth of dendritic Li. A 3D Li2O@CuNA∕CF
skeleton with superior lithiophilic properties has been fabricated by 

Tan et al. [265]. The CuO nanowire (CuNA)array on Cu foam caused 
the enhancement in the Li wettability through in-situ formation of 
Li2O, thereby enabling the Li pre-storage through thermal infusion 
mechanism. This type of multilevel 3D structure can flexibly accomo-
date volume changes during Li plating/stripping, and by aiding the 
formation of stable SEIs caused a suppression of the dendrite growth. 
MoO2/Mo2C heteronanotubes change the electrode structure and have 
great impact on dendrite suppression(Fig.  8(a)) [266]. There are some 
different type of surface modification such as flower-like LiFePO4 mi-
cropheres [267] (Fig.  8(b)), LiMn2O4 microtube [268], hierarchical 
Li4Ti5O12/TiO2 tube [269], hierarchical Si with carbon coating [270], 
SnO2 thin films [271] and bimodal porous carbon [272]. During lithium 

Energy Storage Materials 86 (2026) 105000 

17 

104



Y. Li et al.

Fig. 8. Different electrode modification methods are employed to suppress dendrite growth on surfaces. (a) The mesoporous material containing nanotubes forms 
a hierarchical structure with a three-dimensional porous network, which facilitates the penetration of electrolyte and lithium ions into the electrode interior. 
MoO2/Mo2C heteronanotubes can be clearly observed in TEM images [266]. (b) Overall morphology of walnut-shape LiFePO4 microspheres shows in SEM and 
TEM images [267]. (c) Compared to AL2O3-modified electrodes, Li3N-modified electrodes exhibit superior voltage curves and a dendrite-free surface state [273]. 
(d) Lithium nucleation and deposition/stripping behavior on different copper electrodes show in schematic diagrams and SEM Images [274].

plating through a Li3N particle bed, dendritic crystal grows into a 3D 
lithium network formed by particle surface wetting, whereas direct 
plating through Li3N particles does not exhibit dendritic crystal nu-
cleation. During electrodeposition through a Li3N particle bed, lithium 
ions wet the particle surfaces to form a three-dimensional lithium 
network, thereby converting dendritic crystal growth into this network 
structure. In contrast, direct electrodeposition through Li3N particles 
does not result in dendritic crystal nucleation. Li3N-modified electrodes 
have more excellent superior voltage curves and lower density sur-
face (Fig.  8(c)) [273]. Kim et al. [274] designed a ‘‘lithium dendrite 
cage’’ structure for anode-less lithium metal batteries. This system em-
ploys a three-dimensional interconnected porous copper foam electrode 
synthesized via electrodeposition. The numerous pores within the elec-
trode constrain lithium dendrite growth while accommodating lithium 
dendrite deposition, thereby suppressing vertical lithium growth and 
mitigating swelling failure during battery cycling. The structures show 
in Fig.  8(d) [274].

Multiphysics guided strategy has been implemented by Chang et al.
[275] to stabilize the Lithium metal anodes in batteries. They have 
implemented an adaptive piezoelectric effect to successfully control 
the stress-variations induced side effects at the Lithium anode. The 
stress-harnessing innovative approach leverages the piezoelectric effect 
to transform potentially hazardous stress variations in lithium-metal 
batteries into an adaptive built-in electric field. The polylactic acid-
lithium (PLA-Li) anode was designed for multisystem batteries. Re-
markably, this inherent electric field spontaneously adjusts its intensity 
to accommodate different battery systems, enhancing ion migration, 
ensuring uniform distribution across the entire anode and reducing 
the stress concentration. The reduction of stress concentration via 

the multiphysics field decoupling strategy was responsible for mini-
mizing the dendrite formation. Attempts have been made to design 
next-generation substrated for anode-less batteries. Grain boundary 
engineering have been performed by Aota et al. [276] to control the 
lithiation of solid solution substrates and thereafter reduce the dendrite 
formation in Li-metal batteries. The Li-Ag diffusion couple is utilized 
as the substrate in their work. The results showed that lithiation was 
primarily driven by grain boundary diffusion, leading to the localized 
formation of Li-rich regions with lithium content exceeding 93.8 at.%. 
Within the grain interiors, lithiation and phase transformations were 
hindered by kinetic and possibly chemo-mechanical factors. This sug-
gests that the previously reported high lithium diffusivities in silver 
were due to intense lithiation occurring at grain boundaries or surfaces, 
as observed in this study. Random high-angle grain boundaries were 
found to be favorable sites for the nucleation of Li-rich regions. Con-
trolling the grain size and grain boundary structure has been postulated 
as a key design strategy for developing futuristic anode-less battery 
substrates.

Lithium methyl carbonate coating formed on the lithium metal 
through the reaction of lithium iodide with dimethyl carbonate can 
enable dendrite-free lithium cycling in symmettric Li-Li cells at a 
high current density of 3 mA/cm2 [277]. As shown in Fig.  7(h), the 
structural design of solid-state batteries is also one of the effective ways 
to suppress dendrites. Bare lithium anode has uneven surface because 
of irregular pothole defects during the production process. These kind 
of defects influent the stability of anodes and electrolytes. It is very easy 
to promote dendrite growth, pierce the electrolytes and eventually case 
a short circuit during the charging and discharging process. However, 
the treated grid shaped non-smooth unit lithium anode can effectively 
suppress the formation of dendrites and increase the cycle life.
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4.2. Multiscale computational methods (Virtual framework based on deduc-
tion methods)

Computational models at the multiscale level, spanning from atom-
istic to continuum scales, are strategically designed to accurately iden-
tify and optimize dendrite suppression strategies by elucidating the 
underlying electrochemical, mechanical, and kinetic mechanisms that 
govern lithium deposition and growth. However, it is noteworthy that 
the number of computational models specifically focused on dendrite 
suppression remains significantly lower compared to those dedicated to 
dendrite growth modeling, highlighting a critical gap in the literature 
that prioritizes understanding formation over proactive mitigation.

4.2.1. Atomistic scale modeling
Atomistic modeling methods, such as DFT and MD, provide foun-

dational insights into the atomic-scale interactions at the electrode–
electrolyte interface, enabling the virtual screening of additives and 
materials that can stabilize the SEI and inhibit dendrite nucleation. 
Lee et al. [84] have demonstrated via reactive MD simulations that 
the use of the hydrogen fluoride (HF) additive in the organic EC 
electrolyte can aid in the suppression of dendrite growths. For example, 
pure EC eletrolyte leads to dead lithium during the charging and 
discharging process (Fig.  4(b)). This virtual ELYTENG approach is safer 
and more cost-effective as compared to the experimental approaches 
described in  Section 4.1.2. Moreover, the images, namely Fig.  4(a)–(c), 
illustrate that beneficial decomposition reactions between electrolyte 
components generate a protective film on the anode surface, reducing 
interphase volume changes and preventing unnecessary degradation. 
Liu et al. [85] have employed DFT calculations in Li and Mg based 
systems with different electrolytes, and presented the comparative 
studies as shown in Fig.  4(d)–(h). The images show that the disparity in 
cation desolvation–induced exchange current is primarily responsible 
for the markedly different dendritic Li plating and smooth magnesium 
plating. The authors have combined atomistic charge-transfer calcula-
tions with a mesoscale phase-field model to understand and predict 
the morphological evolution of metal electrodeposition processes. The 
study by Liu et al. [85] thus presents a multiscale modeling strategy, 
combining phase-field and atomistic calculations, to guide the design 
of dendrite-free Li-ion battery anodes.

4.2.2. Continuum level material modeling
Continuum-level material modeling, particularly through PFM, bri

dges mesoscale phenomena to macroscopic battery performance by 
simulating the interplay between mechanical stresses, ion transport, 
and electrochemical driving forces, thereby offering predictive tools 
for evaluating dendrite suppression under realistic operating condi-
tions. Phase field method has been implemented by Ren et al. [175] 
to study the role of ELYTENG in suppression of lithium dendrites. 
The aluminum oxide nanofiber embedded polyvinylidene fluoride-co-
hexafluoropropylene constituted the microstructure of the solid elec-
trolyte and the mechanical effects of these electrolyte is investigated in 
their model. Specifically, the influence of the elastic modulus and width 
of the electrolyte channel has been outlined. Mechanistic insights were 
obtained from the computational model regarding the competitive roles 
between mechanical and electrochemical driving forces to determine 
the fate of the dendrites. It was found from the model that an additional 
mechanical driving force is induced by the difference in Young’s mod-
ulus between the Li metal and the solid electrolyte, partially offsetting 
the electrochemical driving force and influencing dendrite growth. 
The confinement of Li-ion transport along the vertical direction, the 
reduction of the concentration gradient at the metal/electrolyte in-
terface, and the inhibition of Li dendrite growth are achieved by the 
introduction of 1D nanofiber arrays. The piezoelectric effect (Fig.  3) 
offers a promising mechanism to suppress dendrite growth in lithium-
metal batteries by generating localized electric fields that counteract 
ion deposition at protrusion sites. When lithium deposition creates 

surface protrusions, mechanical stress from dendrite growth stretches 
adjacent piezoelectric materials (e.g., PVDF or BTO composites in 
separators/coatings). This deformation generates a local piezoelectric 
overpotential (up to 100 V in simulations) [58]. Reduces lithium-ion 
flux to dendrite tips by creating an opposing electric field. Redirects 
ions to flatter regions, promoting uniform deposition.

While these deductive methods provide detailed mechanistic in-
sights into dendrite suppression such as identifying optimal electrolyte 
additives for SEI stabilization or mechanical reinforcements to coun-
teract protrusion growth, their standalone application is often slow 
and computationally intensive, thereby limiting their ability to rapidly 
screen vast material spaces for effective dendrite control strategies. 
This necessitates integration with induction-based learning approaches, 
such as machine learning, to accelerate high-throughput screening 
and optimization of suppression techniques, including tailored inter-
facial coatings and microstructure designs, as discussed in subsequent 
sections. In conclusion, multiscale deductive modeling lays a robust 
foundation for dendrite suppression strategies by elucidating nucleation 
barriers and growth kinetics but underscores the need for hybrid frame-
works to address computational bottlenecks and enhance predictive 
efficiency in achieving dendrite-free battery interfaces. 

4.3. Intelligent data-driven techniques (Virtual framework based on infer-
ence methods)

Recent advancements in deep learning methods [278–280] have 
showcased the strength of these techniques in establishing process-
property connections and accelerating the search for optimal processing 
routes. These capabilities have turned the attention of the renewable 
energy community toward the use of advanced data-driven and gen-
erative AI models in the design of improved LiBs [281–283]. Several 
design factors for LiBs, ranging from thermal management [284] to 
battery health status [285] have been included in data-driven assisted 
designs. Zhai et al. [286] have provided a review paper focused on 
machine learning studies of LiBs lifecycle management. In their paper, 
advancements in machine learning methods for material selection, 
life prediction, and cascade utilization related to LiBs lifecycle are 
discussed. These works attest to the computational advantages that 
data-driven methods provide in battery design efforts.

The large space of parameters affecting Li dendrite formation and 
the multiscale nature of this process necessitate the use of data-driven 
techniques. Machine learning studies on Lithium dendrite formation 
have so far focused on screening candidate materials with the ability 
to suppress dendrite initiation and growth or predicting properties 
that control stability criteria. In a review paper on modeling the nu-
cleation and growth of Li dendrites in solid electrolytes, Esmizadeh 
et al. [287] briefly discussed dendrite nucleation modeling studies, 
including the use of machine learning models. Ahmad et al. [288] 
developed a crystal graph convolutional neural network (CGCNN) to 
predict shear and bulk moduli, and gradient boosting regression and 
kernel ridge regression models to predict elastic constants of inor-
ganic solid electrolytes—properties that have been shown to control 
dendrite initiation [289]. These properties are usually obtained from 
first-principles models, while the machine learning models are trained 
on structural features without the need for first-principles calculations, 
reducing the high computational cost of screening a large space of 
candidate materials. These predictions are then used in a theoretical 
framework that evaluates dendrite initiation with a lithium metal 
anode. Using this framework, the authors were able to screen over 
12000 organic solids and found 20 interfaces that can suppress dendrite 
formation [288]. Due to their high energy density and promising 
energy storage capability, the design of LMB has been a focus of 
accelerated material discovery efforts [290,291]. Satpati et al. [292] 
applied several machine learning models to establish the structure–
property correlation of solid electrolytes by predicting their mechanical 
properties and interphases. The models were trained on more than 9000 
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materials and used to predict the properties of over 49000 materials. In 
addition to shortlisting promising compounds with a lower propensity 
for dendrite formation, their study investigates the implementation and 
performance of several machine learning tools for structure–property 
connections. Liu et al. [293] studied the stabilization of the lithium 
metal anode with cation doping and utilized a machine learning ap-
proach to classify candidate Li|LLZOM (where M is the dopant) based 
on its interface thermodynamic stability and predict the Li|LLZOM 
interface reaction energy. They initially performed a feature selection 
investigation to reveal the underlying mechanisms of interface sta-
bility. Their machine learning technique yielded accurate predictions 
of interface stability, and their combined high-throughput automated 
reaction screening and machine learning approach revealed that the 
M–O chemical bond strength controls the Li|LLZOM interface stability.

Charge transport properties can also affect the Li dendrite forma-
tion. Ma et al. [294] developed an Artificial Neural Network (ANN) 
model to reveal the effects of ion concentration and surface curvature 
on the lithium growth rate. In their study, Stimulated Raman Scattering 
(SRS) Microscopy was used to obtain the ion concentration in the 
electrolyte. The analysis of SRS images provided information on lithium 
surface curvature, concentration and gradient of Li ions, as well as 
the Li dendrite growth rate. Additionally, a sensitivity analysis was 
performed to quantitatively show the impact of each network feature 
on the dendrite growth rate. Permatasari et al. [295] developed a 
Support Vector Regression (SVR) model that serves as a non-destructive 
estimator for the factors affecting Li dendrite growth. This model 
identifies the variables controlling the current distribution within a 
LiBs. A subsequent analysis of the working potential at the anode and 
dendrite precipitation enabled the investigation of two different cells 
and three separator structures with regard to their sensitivity to Li 
dendrite precipitation. Similarly, Ma et al. [296] introduced a real-time 
method to estimate the LiBs anode potential. Random Forest, Back-
propagation Neural Network (BPNN), and Long Short-Term Memory 
(LSTM) models were developed based on nine anode potential features. 
In their work, feature engineering and machine learning models con-
tribute to establishing the linkage between operating conditions and Li 
plating. Agentic battery-materials simulations and autonomous battery 
informatics are the most trendy fields in connections to the candidate 
selection, reliability design and controls of dendrites. More details on 
these two popular intelligent data-driven methods will be provided in 
Sections 5 and 6.

4.4. Integrated approaches

Wang et al. [247] used DFT and molecular dynamics simulation 
to analyze the strong coordination between 15-c-5 and Li+ions in 
detail, and the mechanism to inhibit the growth of lithium dendrites 
was explained. Electrolyte additives were used in the experiments 
to suppress dendrite formation and increase battery life. There are 
some traditional analytical models and numerical simulation meth-
ods, such as MD, phase field(PF), Monte Carlo(MC) and cellular au-
tomata(CA), etc. These methods have made some headway in the 
simulation branches, but there are still challenges of accuracy and 
complexity. Zhao et al. [297] combined machine learning and compu-
tational methods for multiscale modeling to simulate dendrite growth 
in the mechanism and reveal the influence of physical factors, focusing 
on selecting a variety of different parameters to improve the robustness 
of the system, including temperature, concentration gradient, electric 
field intensity, ion concentration, dendrite surface energy, solution 
mobility, and number of lattice defects. The VASP (Vienna Ab initio 
Simulation Package) software was used to describe the microscopic 
interactions of dendrite growth by the First Principle Thinking. Ma-
chine learning methods also have obvious advantages in accelerating 
material selection. Ahmal et al. [288] used CGCNN to predict the shear 
modulus and bulk modulus of crystalline solid electrolytes and calculate 

the stability parameters (Eq. (11)), to select electrolytes that inhibit 
dendrite growth.

𝜒(𝑘) =
𝛥𝜇𝑒− (𝑘)

𝑓1(𝑘) cos(𝑘𝑥) + 𝑓2(𝑘) sin(𝑘𝑥)
(11)

Choi et al. [301] have conducted in-silico design to study the 
role of the mechanical seed mechanism in inducing homogeneous 
lithium metal growth in batteries. The total energy in amorphous 
Li and disordered-phase was computed using DFT method, whereas 
the effective cluster interaction was predicted with the DFT-assisted 
machine learning model. Then the concept of mechanical seeds was 
employed in the classical MD computations of compressive strains 
in disordered phase transition. By using the integrated in-silico ap-
proaches, they have elaborated the way how the mechanical seed 
concept could be applicable to the system for the prevention of the 
dendrite growth. Liu et al. combined DFT and phase field methods to 
achieve dendrite-free deposition of lithium metal anodes. By comparing 
the Mg electrodeposition morphology, they found that the difference in 
cation desolvation-induced exchange current was the main reason for 
the difference in electrodeposition morphology. Through experiments, 
they verified that the low intrinsic exchange current density of Mg 
during electrodeposition was the main reason for its non-dendritic 
deposition, providing support for the dendrite-free electrodeposition of 
Li metal electrodes [85].

Integrating machine learning approaches with ab initio and physics-
based methods is another way to mitigate the accuracy/computational 
efficiency trade-off. In recent years, there have been several studies on 
LiBs design that utilized machine learning models either to accelerate 
the ab initio simulations or to further establish the process-property 
linkage from first-principles results [302–305]. Han and Lin [306] 
combined a high-throughput phase field model with a machine learning 
approach in the study of performance evolution during lithium battery 
cycling. Utilizing a step function to distinguish between dead and 
active states of local Li metal, phase field simulations revealed the 
effects of current density and ion diffusion coefficient on Li dendrite 
growth. Subsequently, by combining phase field simulation results, 
Lasso regression, and feature engineering, the relationship between 
battery parameters and performance under cycling conditions was es-
tablished. Similarly, Ren et al. [307] used the phase field method to 
connect the elastic modulus and yield strength of both solid electrolyte 
and metal anode to Li dendrite morphology. Subsequently, a machine 
learning approach was developed to reveal the relative importance of 
electrode and electrolyte mechanical properties in dendrite growth. For 
this purpose, a Sure Independence Screening and Sparsity Operator 
(SISSO) was utilized to provide interpretable correlations between ma-
terial mechanical properties and dendrite morphology. Based on phase 
field and machine learning results, the authors concluded that solid 
electrolytes with high elastic modulus and yield strength better inhibit 
Li dendrite growth. Wang et al. [308] have developed the Density 
Functional Theory Based Research Engine for Agentic Materials Sim-
ulation (DREAMS) framework that integrates DFT with a hierarchical, 
multi-agent Large Language Model (LLM) system to establish L3-level 
(Level 3 Autonomy) automation in computational materials discovery. 
This framework has been validated as a generic materials simulation 
tool for achieving expert-level accuracy in complex challenges like 
predicting adsorption energies and quantifying functional-driven un-
certainties. Crucially, the autonomous, high-fidelity nature of DREAMS 
provides a blueprint for future integrated computational platforms 
capable of accelerating complex electrochemical research, including 
but not limited to the simulation of SEIs formation, the prediction of 
ionic transport properties in novel electrolytes, and the rational, high-
throughput design of materials and coatings for effective Li dendrite 
suppression in next-generation batteries.

One of the main aspects of Li battery design that can benefit 
from data-driven techniques is the simulation of the microstructure 
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Fig. 9.  Integrated methods serve as the strong tools in preventing dendrite induced short circuit in lithium metal batteries. As illustrated in (a), (i) a dual-scale 
short circuit model combined with (ii) ML-model and (iii) explainable AI enables transparent prediction and interpretation of battery thermal runaway risk 
based on key material and design features. The phase field model for dendrite evolution along grain boundaries of solid electrolyte as shown in (b) is the core 
aspect within the dual-scale model of (a) (i), that interacts with battery model. The mechanisms of short-circuit in battery is elaborated schematically in (c), and 
dendrites growth are highlighted as the cause of such safety risks in the batteries. The images (d) present the battery safety model by combining experimental 
battery models with numerical simulation and ML model. (The images (a)–(b) are reproduced with permission from  [298], and (c) is reproduced with permission 
from [299] and (d) is reproduced with permission from [300]).

and morphology evolution of Li dendrites. Dendrite formation is an 
interfacial phenomenon that involves a wide range of length scales. 
Despite the accuracy of first-principles methods, they fail to provide a 
complete picture of Li dendrite formation, as these methods are limited 
to a simulation domain of a few nanometers and a few hundred picosec-
onds [309,310]. On the other hand, the computational advantages of 
machine learning models can bridge this gap. In this regard, machine 
learning force fields (MLFF) have been utilized in recent studies on 
Li dendrite formation. MLFFs are trained on relevant accurate data 
obtained from ab initio methods and are expected to capture the un-
derlying quantum mechanics relationships [311]. Tawfik et al. [312] 
introduced a graph neural network, called the direct integration of the 
external potential (DIEP) model, that demonstrated enhanced accuracy 
in predicting the potential energy surface for materials. In a subse-
quent work, they applied the DIEP model, trained on the 188k-sample 
large MPF.2021.2.8 dataset [313], to simulate Li dendrite initiation in 
SEIs [314]. With this method, they were able to simulate relatively 
large domains, including over 35000 atoms and up to 50 ps. This 
powerful approach allowed for the investigation of the mechanisms 
behind dendrite initiation in several well-known solid state electrolyte 
(SSE) materials, revealing the role of nanoscopic dendrite initiation that 
occurs on some material interfaces without existing grain boundaries or 
cracks [314].

Zhang et al. [315] introduced an MLFF with an active learning 
strategy consisting of sampling, labeling, and training stages, which 
allowed for cross-scale morphology simulation. In this scheme, the 
local configurations that significantly change during MLFF simulations 
are sampled and calculated using the DFT method. The DFT results 
are concatenated with existing data and used for retraining the MLFF 
model. Using this approach, they studied the Li dendrite morphology 
evolution influenced by surface energy, internal domain energy, and 
grain boundary energy. It is shown that the dendrite morphology 

consists of two stages: first, the dendrite is divided into domains with 
different orientations; subsequently, the top domain migrates to heal 
the initial grain boundary and stabilizes the dendrite. Based on this 
Li dendrite evolution mechanism, the authors provided suggestions for 
designing a more stable Li metal anode.

Su et al. [298] have proposed dual-scale short circuit model inte-
grated with an explainable AI framework for battery safety assessment. 
As shown in (i) of Fig.  9, the dual-scale model links Li dendrite 
formation to internal short circuit (ISC) risk using seven key features 
(e.g., grain size, electrolyte thickness) as machine learning inputs. A 
thermal runaway risk metric is then derived from battery voltage and 
short-circuit time. The phase field model, which takes the information 
about overpotential and electrolyte potential from thhe experimental 
model, and returns the data about ISC resistance, order parameter and 
solid electrolyte’s conductivity to it, is illustrated in Fig.  9(b). Subse-
quently, a random forest ML model (refer (ii) of Fig.  9(a)) is trained 
on 400 simulation datasets generated via Latin Hypercube Sampling 
(LHS). In context of explainable AI ((iii) of Fig.  9(a)), SHapley Additive 
exPlanations(SHAP) analysis and Partial Dependence Plots (PDPs) are 
utilized to identify key features driving thermal runaway risk. The 
authors have mentioned that the physics informed explainable data-
driven framework is readily customizable to several batteries as well 
as other energy systems. Zhao et al. [299] have provided a concise 
summary regarding the Battery short circuit mechanism. Among several 
other causes, dendrite growth and penetration has been regarded as the 
cause of ISC related safety risk in the batteries. As shown in Fig.  9(c) 
they have explained the mechanism of short circuit in batteries. Lithium 
dendrites formed during regular operation may puncture the separator, 
causing acute internal shorts, or remain within the separator, lead-
ing to soft shorts. Manufacturing defects in separators (e.g., pinholes, 
scratches, surface particles) or contamination (e.g., metal particles on 
electrodes) increase the risk of soft shorts under prolonged operating 
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conditions. Understanding this mechanism is crucial in the develop-
ment of Battery safety models. Jia et al. [300] have developed a 
classifier type machine learning model that categorizes the safety risk 
level of different batteries (refer Fig.  9(d)). In other words, the battery 
safety risk classification is performed using an electrochemomechani-
cal surrogate model combined with decision tree and support vector 
classifiers. This machine learning takes datasets from experiments and 
numerical simulations, and thus is an example of integrated approach. 

In lithium (ion/metal) battery research, the ‘‘simulation–experiment’’ 
closed loop is increasingly emerging as an efficient paradigm for 
dendrite suppression and interfacial regulation. On the one hand, 
phase-field/continuum models and electrochemical–mechanical cou-
pling frameworks can integrate the thermodynamic driving forces 
discussed in the previous section (overpotential, interfacial energy 
anisotropy, chemical potential differences) with stress concentration 
and defect amplification effects into a unified computational frame-
work. This enables prediction of dendrite morphological evolution and 
failure pathways under varying current densities, stack pressures, and 
pore/grain-boundary defect distributions, and directly informs which 
experimental variables should be prioritized from both safety and 
electrochemical perspectives [316,317] (e.g., critical current density 
testing windows, stack pressure ranges, ceramic electrolyte densifica-
tion and grain-boundary engineering, interfacial roughness and con-
tact evolution characterization protocols). On the other hand, atomic-
to-mesoscale simulations such as DFT/AIMD/kMC can elucidate, at 
the molecular level, the reduction and decomposition pathways of 
electrolytes/additives, the formation tendencies of key SEI compo-
nents [318,319] (e.g., LiF, Li2CO3, Li3N), and their impacts on ionic 
transport and mechanical stability. These insights guide experimental 
selection of additive systems and the design of salt/solvent coordination 
structures, which can then be cross-calibrated against model param-
eters and mechanisms using XPS/ToF-SIMS and operando optical or 
electron microscopy observations. Particularly in solid-state systems, 
operando observations of lithium filament penetration morphologies 
and propagation trajectories can constrain defect sensitivity and frac-
ture criteria in phase-field and fracture models [160,320]. In this way, 
the closed loop of ‘‘model-derived testable predictions toward targeted 
experimental validation followed by feedback refinement of the model’’ 
is concretely established, ultimately translating simulation outputs into 
actionable experimental design rules (material microstructure, inter-
facial layer formulations, and pressure–current–temperature operating 
windows).

5. Battery informatics for SEI stability

Battery informatics is the intersection of battery science and infor-
matics, with a strong emphasis on machine learning for data-driven 
insights and advancements in battery technology [325]. It is a research 
field that utilizes artificial intelligence as the main technique or relies 
on machine learning as a major tool for data analysis and interpretation 
in the context of batteries. This area focuses on utilizing advanced 
data-driven methods to analyze, interpret, and optimize battery per-
formance, design, and management. It is now understandable that the 
enormous strength of AI and informatics can be implemented in the 
design of dendrite-resistant lithium-ion batteries. In context of this 
current review study, battery informatics bridges the gap between 
fundamental mechanisms of dendrite formation and practical strategies 
for their suppression, using machine learning and data-driven meth-
ods to accelerate the design of stable, dendrite-resistant lithium-ion 
batteries. Building on the mechanistic insights from  Sections 2 and
3, where dendrite nucleation and growth are linked to overpotential, 
SEI heterogeneity, and stress evolution, and the suppression strategies 
outlined in Section 4 (such as electrolyte formulation and interfacial 
engineering via experiments, multiscale modeling etc.), battery infor-
matics offers a powerful approach to integrate these complex factors. 
By applying machine learning and data analytics, battery informatics 

translates physical and chemical understanding into predictive models 
and actionable design rules for SEI stability and dendrite suppression.

In fact there are multi-variate factors influencing dendrite nucle-
ation and growth, and it is essential to quantify there relative pres-
ence or significance using materials informatics approach. The active 
material weight, electrolyte quantity, porosity, drying temperature, 
electrode coating, formulation etc. largely impact the SEI stability 
during operation stage. Fortunately, these factors can be controlled or 
optimized during the cell production stage. Haghi et al. [321] have 
implemented the processes-variables-algorithms methods to study the 
Lithium-ion battery cell production. In their comprehensive process 
mapping studies for data pool, the electrode coating has been outlined 
as the most investigated process (39%), and dryingis the least men-
tioned process (5%) in the overall process chain. In the diagram of 
Fig.  10(a), the width of the links between any two attributes is equal 
to the number of studies conducted. This network diagram highlights 
the need to increase studies on processes or variables that are critical 
to battery health/reliability but have links with thinner width. Such 
types of informatics knowledge base will be very useful in precisely 
locating the control strategies of defects and dendrites in the batter-
ies. Zhao et al. [322] have performed web-scraping task to obtain 
the battery dendrite related data and then built convolutional neural 
network (CNN) models CNN-1/CNN mode 1 and CNN-2/CNN mode 
2 upon these datasets. The authors have used the Python Selenium 
library for web-scraping the dendrite datasets, and then training the 
machine learning models (visual results presented in upper half of Fig. 
10(b)). While the CNN-1 model is simple, the model CNN-2 is physics 
informed. The CNN-2 was supplied to with seven physical parameters 
(temperature, concentration gradient, electric field strength, ion con-
centration, surface energy of dendrites, fluidity of the solution, and 
the number of lattice defects) relevant to the dendritic growth and 
electrochemical dynamics. The 𝑅2 value for the train and validation 
data in CNN-1 and CNN-2 models are 0.38 and 0.93 respectively, 
thereby implying that the reinforcement of the machine learning model 
with physical parameters rendered it more accurate. The data-driven 
model is accompanied with DFT models (shown in the bottom half of 
Fig.  10(b))). The methodology presented by the Zhao et al. [322] can 
be expanded to incorporating principal physical parameters associated 
with the suppression of dendrites in Lithium-ion batteries.

Physics informed neural network (PINN) has been utilized by Deng 
et al. [323] to study the state of health (SOH) of Lithium based bat-
teries. The battery aging datasets were first featurized, and then fed as 
input to back propagation neural network (BPNN) as illustrated in Fig. 
10(c). The monotonic relationship between incremental capacity (IC) 
and SOH has been incorporated into the architecture of BPNN via the 
monotonicity loss term or monotonicity constraint. The PINN, which 
predicts the SOH, is augmented with a multilayer perceptron to model 
battery degradation dynamics from both empirical and state-space 
perspectives. This machine learning model is trained upon datasets 
of small size - first type consists data of just eight LiCoO2 pouch 
batteries whereas the second type consists of the data of 55 lithium-ion 
batteries subjected to six different charging and discharging strategies. 
For models trained upon such smaller datasets, it is impossible to 
make generic or broader inferences on degradation kinetics or dendrite-
induced damage at the SEI and electrolytes beyond the compositions of 
the training data. This highlights the context of data scarcity as one of 
the most significant hurdle in the field of battery informatics. Olabi 
et al. [324] have highlighted ANNs as one of the most useful machine 
learning models for study of the Lithium-Ion battery states. As depicted 
in Fig.  10(d), ANN could be implemented for the prediction of state of 
charge, state of health, remaining useful life, thermal state and other 
battery parameters. These LiB states prediction is deeply associated 
with reliability and stability of SEI, and thus has relevance with the 
design of dendrite resistant batteries.
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Fig. 10. Informatics and AI are robust tools that can be utilized for designing reliable and dendrite resistant batteries. The informatics techniques can be 
implemented at the (a) cell production stage to outline the product and process parameters [321] that are crucial to the overall state of health. The machine 
learning models (CNN mode 1 and CNN mode 2) of (b), were built upon datasets obtained via web-scraping technique [322]. These models were validated with 
computational technique to enable in the efficient prediction of interfacial dynamics during dendrite formation. The (c) PINN [323] and (d) ANN [324] are very 
practically viable when it comes to estimation of several factors related to the battery health, performance and reliability. Interestingly, ML techniques are also 
employed in (e) computational screening of candidate solid electrolytes [288] that can suppress the dendrite growth.

Informatics and machine learning approach can be utilized for can-
didate materials design for next generation batteries. Ahmad et al. [289] 
have performed computational screening of over 12000 inorganic solids 
to evaluate their ability to suppress dendrite initiation at Li interfaces. 
The stepwise procedure of their integrated computational and machine 
learning pipeline is presented in Fig.  10(e). They used a large material 
database and machine-learning models (graph convolution and regres-
sion) to predict mechanical properties, apply stability criteria, and 
screen solid electrolytes that can suppress dendrite growth. It should be 
noted however that their approach is limited to candidate design at DFT 
scale and thus is not transferrable to practical battery devices. Though 
the atomistic scale battery informatics can obtain sufficient datasets 

from high throughput DFT computations, it is not always possible to 
upscale the inferences to continuum scale. However, the autonomous 
battery informatics needs to be applied at all length scales and so the 
major challenge in it is the lack of abundance of datasets at microscale 
or macroscale.

The main bottleneck in the utilization of autonomous battery in-
formatics for the prevention and control of dendrites and the design of 
stable SEI is the scarcity of data [325]. Addressing data scarcity through 
synthetic data, transfer learning, collaboration, and smart experimenta-
tion is essential for realizing the full potential of informatics in design-
ing robust, dendrite-resistant batteries. These complementary strategies 
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provide synergistic solutions to limited battery performance data. Syn-
thetic data uses simulations, computational models, and generative 
AI [326] to supplement scarce experimental data, enabling robust 
model training, exploration of rare conditions, and accelerated early-
stage development. Transfer learning [327] allows models from related 
battery chemistries or domains to reduce new data requirements, speed 
model convergence, and efficiently exploit existing knowledge, particu-
larly for novel materials or architectures. Collaborative sharing fosters 
partnerships and data consortia among academia and industry, creating 
larger, standardized datasets that enhance model generalizability while 
distributing costs and risks. Smart experimental design maximizes in-
formation per test through approaches like active learning, Bayesian 
optimization, and design-of-experiments, reducing overall experiments 
while improving statistical power and decision-making. 

6. Roadmap toward sustainable energy solutions in lithium-ion 
batteries

The shift from fundamental multiscale modeling and laboratory 
experiments to commercially viable, dendrite-free systems necessitates 
a transition from descriptive science to prescriptive informatics. While 
the preceding sections established the mechanistic origins of dendrite 
growth through atomistic and continuum lenses, the following roadmap 
synthesizes these insights into a unified chronological framework. By 
bridging the gap between isolated material properties and system-level 
manufacturing, we translate the complex interplay of electrochemical 
kinetics into a decathlon of interfacial stability and a structured path 
toward agentic discovery.

Fig.  11(a) is a 3D logarithmic bar graph that visualizes the visionary 
milestones and policy-level targets for key physical parameters aimed 
at suppressing dendrite formation in batteries, particularly in lithium-
based systems where dendrites pose safety and performance risks. The 
graph emphasizes progressive improvements from 2025–2030 (initial 
milestones) to 2035–2040 (advanced targets), reflecting a roadmap 
for scientific and technological advancements to achieve dendrite-free 
batteries. The timeline is represented in one of the horizontal axes. 
Another of the horizontal axes lists the ten most significant battery 
design parameters: critical current density (𝑖𝑐 in mA/cm2), cycle life 
to 0.8 capacity retention (𝑁 in k cycles), Coulombic efficiency (𝜖 in 
%), energy density (𝜔 in Wh/kg), areal capacity (𝛤  in mAh/cm2), 
operating temperature window (𝛥𝑇  in ◦C), shear modulus (𝑌  in GPa), 
ionic conductivity (𝜎𝑖𝑜𝑛 in S/cm), electronic conductivity (𝜎 in S/cm), 
and defect density or crack density (𝜁 in cm−2). The vertical axis uses a 
logarithmic scale spanning from 10−10 to 10+2, enabling the comparison 
of parameters with diverse units and magnitudes. The bars, colored 
in a gradient from deep blue (left) to teal, green, and yellow (right), 
represent target values labeled at either bottom for 2025–2030 or the 
top for 2035–2040. In 2025–2030, it is estimated that 𝑖𝑐 , 𝑁 , 𝑁 , 𝜖, 𝜔, 
𝛤 , 𝛥𝑇 , 𝑌 , 𝜎𝑖𝑜𝑛 (polymer electrolyte), 𝜎 and 𝜁 will respectively have the 
values of 3 mA/cm2, 0.1 k cycles, 99.5%, 350 Wh/kg, 3.0 mAh/cm2, 
50 ◦C, 10 GPa, 1 × 10−4 S/cm, 1 × 10−10 S/cm and 3%. The parameters 
will reach the values in the range 10 mA/cm2 for 𝑖𝑐 , 1.5 k cycles for 𝑁 , 
0.999% for 𝜖 (equivalent to 99.9%), 500 Wh/kg for 𝜔, 5.0 mAh/cm2

for 𝛤 , 100 ◦C for 𝛥𝑇 , 20 GPa for 𝑌 , 1 × 10−2 S/cm for 𝜎𝑖𝑜𝑛 in polymer 
electrolyte, 1 × 10−12 S/cm for 𝜎, and 1% for 𝜁 . Higher targets for 
parameters like 𝑖𝑐 [328–332], 𝑁 [333–336], 𝜖 [337,338], 𝜔 [339], 
𝛤  [340,341], 𝛥𝑇  [342–344], 𝑌  [345–348], and 𝜎𝑖𝑜𝑛 [349] indicate aims 
to enhance stability, efficiency, and performance, while lower targets 
for 𝜎 (to minimize short-circuit risks) [350] and 𝜁 (to reduce initiation 
sites for dendrites)  [351–353] highlight suppression strategies. These 
values are inferred based upon the analysis of these parameters as 
independent attributes, and the detailed presentation is provided in 
Appendix. While the bar graph in Fig.  11(a) characterizes each of 
the ten parameters as independent metrics, strategies for dendrite 
control and mitigation must also capture the interrelationships and 

correlations among them. In other words, achieving dendrite-free, high-
energy-density LiBs demands a holistic roadmap that unites electrolyte 
engineering, anode surface design, electrode architecture optimization, 
battery chemistry innovations ML & AI integration and in-situ monitor-
ing & feedback. The conceptual ‘‘Dendrite-mitigation tree’’ presented in 
Fig.  11(b) addresses precisely this need by mapping the interdependent 
attributes into a unified framework of synergistic scientific efforts. 
In this tree, each branch integrates multiple parameters (e.g., high 
𝜎ion must be paired with sufficient shear modulus 𝑌  to prevent both 
nucleation and penetration), thereby linking the interrelated physical, 
chemical, and interfacial attributes to the common goal of comprehen-
sive, dendrite-free battery operation. The tree features a central trunk 
labeled ‘‘Dendrite-mitigation tree’’ in red, branching into six intercon-
nected ovals, each representing a core area of innovation. Electrolyte 
Engineering focuses on tailoring electrolyte composition to simulta-
neously maximize ionic conductivity (𝜎ion) while driving electronic 
conductivity (𝜎) toward zero, thereby eliminating the pathways for in-
ternal lithium plating. Anode Surface Design engineers robust interfaces 
through coatings and nanostructures that raise the shear modulus (𝑌 ) 
and suppress defect density (𝜁), ensuring uniform lithium plating and 
stripping. Electrode Architecture Optimization employs advanced struc-
tural designs to increase areal capacity (𝛤 ) and critical current density 
(𝑖𝑐), distributing current and mechanical stress uniformly to prevent lo-
calized hot spots. Battery Chemistry Innovations pursues next-generation 
solid-state and alloy anodes that simultaneously boost energy density 
(𝜔) and Coulombic efficiency (𝜖), fundamentally reshaping reaction 
kinetics. ML & AI Integration harnesses data-driven modeling to pre-
dict and optimize cycle life (𝑁) and operating temperature window 
(𝛥𝑇 ), accelerating discovery across all other branches. Finally, In-situ 
Monitoring & Feedback (graph icon) provides real-time diagnostics that 
close the loop, allowing dynamic adjustment of any parameter as soon 
as deviations appear. Collectively, these six branches form a syner-
gistic ecosystem in which no parameter is treated in isolation; each 
advance in one domain is deliberately coupled with complementary 
improvements in the others. The tree thereby embodies the policy-
level vision-international collaborations, targeted funding programs, 
and industrial standards-required to move dendrite suppression from 
laboratory demonstrations to scalable, safe, high-performance batteries 
for electric vehicles, renewable storage, and grid applications.

From a fundamental standpoint, the lack of comprehensive mecha-
nistic understanding limits the rational design of battery systems [354]. 
The development of novel solid-state electrolytes represents the most 
favored research direction in electrolyte engineering in Branch 1 of 
Fig.  11(b). The successful development of solid electrolytes with high 
energy density [355], low defect [356], crack-free [357], and uniform 
nucleation and growth of dendrites would significantly reduce nucle-
ation and growth. Ionic liquids and additives are a safer alternative 
electrolyte for lithium-ion batteries but finding a suitable separator 
material for ionic liquids is a great challenge [358,359]. Lithium metal 
anodes with advanced surfaces are considered the most promising 
anode material for next-generation batteries [360]. To address issues 
such as lithium dendrite formation and interface instability, various 
effective strategies have been proposed, including artificial SEI [361], 
three-dimensional nanostructure design [362], and coating [363]. The 
anode surface mentions in Branch 2 of Fig.  11. The architectural 
design of lithium metal electrodes plays a pivotal role in mitigating 
dendrite growth and accommodating severe volume fluctuations during 
cycling. It is mentioned in Branch 3 of Fig.  11(b). Lithophilic sur-
face engineering—such as heteroatom doping or coating with Li-affine 
materials—significantly lowers nucleation barriers and promotes homo-
geneous plating [364]. Coupling flexible and self-healing components 
with advanced manufacturing techniques and digital design tools will 
accelerate the transition from lab-scale prototypes to practical batteries. 
Ultimately, achieving dendrite free will require synergistic optimiza-
tion of electrode architecture, electrolyte chemistry, and interfacial 
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Fig. 11. Strategies for dendrite control and mitigation must include both independent parameter quantification followed by capturing the interrelationships and 
correlations among these parameters. (a) Logarithmic bar diagram illustrating independent physical, chemical, and interfacial parameters (e.g., 𝑖𝑐 in mA/cm2, 𝜖 in 
%, 𝜔 in Wh/kg) as standalone metrics for dendrite control, with visionary milestones from 2025–2040; (b) Dendrite-mitigation tree emphasizing interrelationships 
among scientific efforts (e.g., electrolyte engineering, AI integration) for synergistic suppression of dendrite growth in lithium batteries.

Fig. 12. The decathlon of interfacial stability and the chronological path to agentic discovery are inextricably intertwined in this visionary trajectory 
for the realization of absolute dendrite-free battery interfaces by the early 2040s. In this Autonomous Battery Informatics Chronology, the decathlon 
of design and interfacial parameters (left panel) provides the quantitative foundation of the futuristic robust battery, defining the necessary expansion of the 
ten-parameter design space: 𝑖𝑐 , 𝑁, 𝜖, 𝜔, 𝛤 , 𝛥𝑇 , 𝑌 , 𝜎ion, 𝜎, and 𝜁 (quantified in non-dimensionalized format), required to reach industrial viability. These metrics 
serve as the source material for the progression on the right, where manufacturing maturity evolves from human-supervised ‘‘Conditional Automation’’ (2025) 
to ‘‘Full Automation’’ (2040s). The coloring/legend styles used in the left panel is associated with the corresponding styles in the right panel. The transition 
from the considerable risks stage of 2025 to the risk-free summit of the 2040s illustrates a shift from trial-and-error discovery to an agentic regime where 
AI-driven manufacturing autonomously satisfies the stringent requirements of the battery systems decathlon chart. This integrated roadmap serves as a strategic 
blueprint for policy-level actions across the global lithium-ion battery ecosystem, guiding the transition to dendrite-free operation in electric vehicles (EVs),
consumer electronics (smartphones, laptops, wearables), grid energy storage, aerospace (drones, satellites), renewable integration (solar/wind backup),
medical devices, industrial equipment, and IoT infrastructure. The autonomous battery informatics chronology applied to the ten attributes can help achieve 
the sustainable energy solutions.

stability [365]. Of course, different electrochemical systems also play 
a crucial role in dendrite formation. Alloy electrode systems [366], Li-
S [367], and Li-air systems [368,369] are key research areas exhibited 
in Branch 4 of Fig.  11. Visually monitoring dendrite growth through 
experiments is an essential process for future modifications to battery 
materials showed in Branch 6 of Fig.  11(b). In-situ monitoring and 
feedback systems – combining advanced imaging, real-time sensors, 
and AI-driven adaptive control – promise autonomous operation and 
enhanced safety for next-generation lithium metal batteries [370–374]. 

Agentic assistant [375] that combine physics-aware simulation and 
automated informatics could speed up the finding of materials and 
methods that restrict the dendrite growth [376]. The agentic simulation 
approach has been categorized under Branch 5. ML & AI Integration 
of the Dendrite-mitigation strategy tree in Fig.  11(b). Simple decision 
agents (like reinforcement-learning controllers [377]) can pick simula-
tion settings relevant to dendrite growth such as: current, microstruc-
ture, or additive levels. Fast, physics-informed surrogate models then 
let those agents explore many options without always running slow, 
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full-scale simulations [378]. When experiments and characterization 
data are fed back quickly, the models learn where they are least 
certain and suggest the best next tests [379]. Adding safety checks and 
physical limits prevents the system from proposing unsafe or impossible 
experiments. Battery informatics has been indicated in the same Branch 
5 of Fig.  11(b), and is one of the most robust techniques to establish 
solution measures that guarantee the dendrite-free batteries. The hurdle 
to the creation of self-sufficient and perfect informatics pipelines is 
the scarcity of battery datasets [325]. The challenges related to lack 
of dataset can be overcome by using either conditional automation 
(Level 3) technique [308] to obtain lithium ion battery datasets from 
DFT/other computational method or by using web-scraping methods to 
download text based datasets and train transformers models [380].

At 2025, the battery design sector has already embraced the con-
ditional automation [308]. Since the battery reliability design is less 
vulnerable to ethical concerns than the automated vehicles (AV), the 
high automation (Level 4) or full automation (Level 5) can be achieved 
potentially quite earlier than those of AV. However, the intensity of 
inputs in this field is proportional to the events happening in the 
AV sector. Once the moderating effects of contextual factors related 
to Level 4 (high automation) and Level 5 (full automation) are ad-
equately addressed in the sector of automated vehicles, the people’s 
propensity to use AVs will also increase [381]. The increasing atten-
tion to automated design of AVs will then impact many other areas 
including the materials design of Lithium-ion batteries. The battery 
reliability sector focusing on dendrite suppression or minimization, 
also will also see the use of high level automation by 2035 and full 
automation by 2040 [382]. To translate the static performance metrics 
represented by ten parameters (decathlon of interfacial stability) into 
a actionable temporal trajectory, Fig.  12 presents the Autonomous 
Battery Informatics Chronology. This roadmap frames the achievement 
of absolute dendrite-free interfaces as a multi-dimensional expansion 
of the battery’s performance envelope, driven by the increasing ma-
turity of manufacturing automation and agentic AI. The left panel of 
Fig.  12 utilizes a dual-radar informatics plot to visualize the ‘‘design 
space’’ required to overcome dendrite growth issues while maintaining 
excellent battery performance such as high energy density and mechan-
ical stability. To enable direct comparison between diverse physical 
quantities across disparate units and magnitudes, each parameter 𝑃𝑖
is normalized to a non-dimensional value 𝑃𝑖 ∈ [0, 1] relative to its
maximum observed value across the chronology: 

𝑃𝑖 =
𝑃𝑖

𝑃𝑖,max
(12)

where 𝑃𝑖,max  represents the highest observed (or projected) value of 
parameter 𝑖 = 𝑖𝑐 , 𝑁, 𝜖, 𝜔, 𝛤 , 𝛥𝑇 , 𝑌 , 𝜎ion, 𝜎, and 𝜁 , across the 2025–2040 
timeline—set to 1.0 by definition. A companion index is provided 
within the figure, mapping the normalized coordinates to their absolute 
physical magnitudes and units to ensure quantitative transparency 
across the chronology. The blue polygon (2025–2030) represents the 
current frontier of Level 3 (Conditional Automation). At this stage, 
research is primarily focused on stabilizing the Solid Electrolyte In-
terface (SEI) using human-supervised simulations, pushing the critical 
current density (𝑖𝑐) initially toward 3 mAcm−2 (normalized value of 
0.3 in radar chart), and progressively toward 5 mAcm−2 (normal-
ized value of 0.5, not shown in the chart). The detailed datasets of 
𝑖𝐶 for different electrolytes of present and future are shown in the 
Table  A.1 of Appendix  A.1. However, the transition to the orange 
target envelope (Early 2040s) represents a paradigm shift. Achieving 
Level 5 (Full Automation) requires a simultaneous optimization of 
ten decisive parameters (a.k.a. decathlon of interfacial stability and 
battery performance) to reach the ‘‘ideal’’ convergence zone, such 
as mechanical fortification, conductivity paradox resolution and op-
erational resolution. Scaling the shear modulus (𝑌 ) to ≥20 GPa to 
satisfy the Monroe-Newman criterion for both elastic and inelastic 
regimes [383–385] while suppressing microstructural defect density (𝜁) 

to < 1% are the primary objectives related to mechanical fortification 
of battery materials and devices. Conductivity Paradox Resolution, 
involves optimizing the design of battery’s solid electrolyte material 
between the electrical ability to stop the growth of dendrites and 
the mechanical capacity to suppress them if they grow by chance. 
Engineering electrolytes that achieve high ionic conductivity (𝜎ion ≥
10−2 S cm−1) while maintaining near-insulating electronic conductivity 
(𝜎𝑒 ≤ 10−12 S cm−1) to prevent internal lithium plating, are the ideal 
choice. Operational Robustness focuses of life cycle and temperature 
windows. Extending the cycle life (𝑁) to 1.5 k-cycles and the thermal 
window (𝛥𝑇 ) to 100 K, ensuring stability from −20 to 80 ◦C, will be 
the primary aims in connection with the operational aspects. More 
information about the tabular datasets of the quantities discussed here 
can be obtained in the Appendix section.

The right panel of Fig.  12, also referred to as the path to agentic 
discovery, illustrates the ‘‘winding road’’ from experimental risks to au-
tonomous certainty. This chronology maps the evolution of the six mit-
igation branches (shown in the tree of  Fig.  11(b)) from electrolyte en-
gineering to AI-driven discovery, onto three pivotal milestones named 
on the levels of automation. The 2025 (Level 3 - Conditional Automa-
tion) stage acknowledges the prevalence of existing dendrite risks. 
Informatics relies on DFT and web-scraping to manage ‘‘hot spots’’ at 
the anode interface. The 2035 (Level 4 - High Automation): milestone 
in the mid-journey marks the acceleration phase. High-throughput 
experimentation and phase-field modeling on top of advanced AI al-
gorithms enable the rapid iteration of composite electrolytes with 𝑌 >
10 GPa. The 2040+ (Level 5 - Full Autonomy): signifies the realization 
of Absolute Dendrite-free Interfaces. Here, agentic manufacturing 
systems autonomously tune the interdependencies of all ten parame-
ters, delivering industrially viable batteries with energy densities (𝜔) 
exceeding 500 Whkg−1 (refer the table in Appendix  A.4) This infor-
matics chronology serves as the quantitative blueprint for the next 
two decades, ensuring that the quest for dendrite-free energy storage 
moves beyond trial-and-error toward a regime of guaranteed electro-
chemical safety. Ultimately, this roadmap converges on a unified vision 
for sustainable energy solutions powered by dendrite-free lithium-ion 
batteries. Among the ten interfacial stability parameters, energy density 
(𝜔), cycle life (𝑁), Coulombic efficiency (𝜖), areal capacity (𝛤 ), and 
operating temperature window (𝛥𝑇 ) are directly tied to sustainable 
energy outcomes respectively in term of governing storage capacity, 
resource longevity, energy retention, practical deployment, and cli-
mate resilience in renewable integration. The remaining parameters: 
critical current density (𝑖𝑐), shear modulus (𝑌 ), ionic conductivity 
(𝜎ion), electronic conductivity (𝜎), and defect density (𝜁), indirectly but 
critically enable sustainability by ensuring mechanical integrity, kinetic 
efficiency, and failure resistance that underpin the reliable operation of 
the direct metrics. Together, this decathlon of parameters, orchestrated 
through agentic informatics and cross-disciplinary innovation, charts a 
definitive path toward safe, scalable, and circular battery ecosystems 
for a carbon-neutral future.

7. Conclusions

7.1. Summary of key insights

This review synthesizes the current scientific landscape regarding 
lithium dendrite formation and suppression, identifying them as a fun-
damental bottleneck in high-energy battery development. Keyphrase 
analysis underscores that dendrite kinetics remain a premier research 
priority, with significant progress made in delineating the mechanisms 
of nucleation and growth. It is now established that dendrite initiation 
is influenced by a multivariable set of factors, including overpotential, 
surface and diffusion energies, ion concentration, and SEI structural de-
fects. Subsequent growth is primarily governed by lithium-ion diffusion 
and migration, driven by electric fields and concentration gradients. 
To navigate this multiscale phenomenon, current research employs a 
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hierarchical approach: atomic-scale density functional theory (DFT) 
provides the parameters for SEI stability; mesoscale phase-field models 
(PFM) simulate morphological evolution and growth orientation; and 
macroscale experimental designs validate failure behaviors and per-
formance enhancements. Integrating these with multiphysics modeling 
and the proposed Autonomous Battery Informatics Chronology al-
lows for more accurate forecasting of interfacial behavior. The diverse 
array of suppression methods—ranging from electrode surface coatings 
and interface engineering to electrolyte modification and separator 
design—demonstrates a robust effort to improve safety and cycle life. 
However, critical challenges remain, notably the trade-off between 
ionic conductivity and mechanical strength, the ‘‘Conductivity-Modulus 
Paradox’’, and the chemical instability of interfaces. This review in-
troduces the Decathlon of Interfacial Stability and Robustness as 
a quantitative benchmark to resolve these issues. By aligning ma-
terial selection and structural modification with the 2040 research 
roadmap, future developments can move toward prescriptive, agentic 
design. Achieving these milestones not only enables absolute dendrite 
suppression but also provides the theoretical and practical founda-
tion for specialized battery systems capable of operating in extreme 
environments.

7.2. Proposed directions for future research

Based on the current situations and challenges outlined above, 
several critical gaps remain that require in-depth investigation. Future 
research on lithium dendrites should continue to prioritize a combined 
approach of mechanistic simulation and experimental validation. 
Integrating a multiscale framework—which harmonizes atomic-level 
interactions, mesoscale phase-field simulations, and continuum-scale 
models with machine learning, is essential to enhance prediction accu-
racy across disparate length scales. Establishing advanced, comprehen-
sive battery diagnostic databases and standardized keyphrase maps will 
facilitate the tracking of battery metrics and the accurate forecasting of 
operational lifespans. Furthermore, the dynamic modeling of the SEI 
formation process, coupled with advanced in-situ and operando analy-
sis techniques, will enable the direct observation of interfacial stability 
and dendrite kinetics during cycling. The design of next-generation 
battery systems must incorporate holistic suppression strategies, such as 
multifunctional electrode coatings, interfacial gradient modifications, 
composite electrolytes, and targeted mechanical reinforcement to si-
multaneously address dendrite propagation and cycle-life degradation. 
In this endeavor, advanced AI-assisted technologies and data-driven 
approaches are indispensable; these tools accelerate the R&D lifecycle, 
optimize complex manufacturing workflows, and facilitate the discov-
ery of entirely new battery architectures. Achieving these objectives 
will not only realize the vision of an absolute dendrite-free battery but 
will also drive simultaneous improvements in energy density, power 
performance, and safety. Ultimately, these advancements provide a 
solid theoretical and practical foundation for developing specialized 
battery systems tailored for extreme and diverse environments.
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Table A.1
Assessment and chronological roadmap for critical current density (𝑖𝐶 ).

 (a) 𝑖𝐶 for different technical conditions and the assessments.
 Technical stage CCD (mA/cm2) Influence  
 Liquid electrolyte 0.5–1 Dendrite formation  
 Advanced liquid electrolyte 1–3 Partially dendrite-free  
 Solid-state electrolyte 1–5 Unstable interface  
 Advanced SSE + interface energy 5–10 Approaching practicality 
 2035+ target >10 Fast-charging level  

 (b) Chronological design roadmap for 𝑖𝐶 .
 Timeframe Research priority Target values  
 2025–2030 Stable SEI design CCD > 5 mA/cm2  
 2035–2040 Industrial LMB CCD > 10 mA/cm2 
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Appendix. The decathlon of interfacial stability-technical metrics 
for sustainable energy solutions and dendrite-free battery design

To provide a rigorous quantitative foundation for the sustainable 
energy solutions roadmap presented in Section 6, this appendix details 
the Decathlon of Interfacial Stability and Robustness—a multivari-
ate framework of ten physico-chemical hallmarks carefully selected for 
their decisive role in determining the thermodynamic and kinetic fate 
of solid-electrolyte interfaces. These metrics are strategically catego-
rized into three operational pillars: Electrochemical Flux and Effi-
ciency, comprising 𝑖𝑐 , 𝜖, 𝛤 , and 𝜎ion to govern ion transport and plating 
uniformity; Mechanical and Structural Integrity, encompassing 𝑌 , 𝜎, 
and 𝜁 to dictate dendrite penetration resistance and internal short-
circuit prevention; and System-Level Performance, involving 𝑁,𝜔, 
and 𝛥𝑇  to ensure the long-term industrial viability and environmental 
resilience of the battery system. For clarity, the numbering of Ta-
bles  A.1–A.10 is intentionally synchronized with parameters A.1–A.10, 
such that each table reports the quantitative evaluation of its corre-
spondingly numbered metric, irrespective of its placement within the 
appendix.

A.1. Critical Current Density (CCD)

Critical Current Density, assigned the symbol 𝑖𝐶 , represents the 
maximum current flux an electrolyte can sustain before localized ion 
depletion triggers the onset of dendritic ramification.

Reliable, high-power batteries must operate at elevated 𝑖𝐶 values 
to bridge the gap between laboratory curiosities and commercial fast-
charging requirements [328–332]. Within the 2040 roadmap, achieving 
a tenfold increase in 𝑖𝐶 is categorized as a primary objective for 
ensuring that lithium-metal systems can match or exceed the power 
density of modern liquid-electrolyte lithium-ion counterparts.
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Table A.2
Technological readiness and sustainability goals for cycle life (𝑁).

 (a) Correlation between technical level and cycle life capacity.
 Technical level 𝑁 (Cycles) Remarks  
 Traditional Li metal <100 Unstable interface  
 Lab system 100–300 Laboratory scale  
 Advanced solid-state system 300–1000 Approaching practicality 
 2035+ target 800–1500+ Industrial grade  

 (b) Chronological research focus and target milestones for 𝑁 .
 Timeframe Research focus Targets/Goals  
 2025–2030 Interface stabilization >300 cycles  
 2035–2040 Industrial LMB >1500 cycles  

Table A.3
Quantification of 𝜖 in different systems.
 Technical level CE Remarks  
 Traditional Li metal 95%–98% Sharp decline  
 Lab system 98–99.5% Controllable  
 Advanced system 99.5–99.8% Approaching practicality 
 2035+ target ≥99.9% High level  

A.2. Cycle life to 0.8 capacity retention

The parameter 𝑁 denotes the number of charge–discharge cycles 
a cell can undergo before its capacity degrades to 80% of the initial 
value. A larger value of cycle life 𝑁 signifies a highly stable electrode–
electrolyte interface capable of resisting cumulative mechanical strain 
and chemical degradation [333–336]. In the context of the 2040 vi-
sion, extending 𝑁 beyond 1500 cycles is essential for ensuring the 
longevity required for second-life applications and minimizing the 
lifecycle carbon footprint of the global battery ecosystem.

A.3. Coulombic efficiency

The pursuit of dendrite-free operation is inextricably linked to the 
maximization of Coulombic Efficiency (𝜖), which serves as a proxy 
for the reversibility of lithium plating and stripping. In the context 
of all-solid-state batteries, even a marginal deficit in 𝜖 leads to the 
rapid depletion of the active lithium inventory and the accumulation 
of electrochemically ‘‘dead’’ lithium, which can accelerate interfacial 
failure [337,338]. Achieving the 2040 target of 𝜖 ≥ 99.9% is therefore 
a prerequisite for minimizing the required lithium excess, thereby 
maximizing both the specific energy and the economic viability of the 
cell.

A.4. Energy density

Denoted as 𝜔, this parameter is the most significant metric for 
determining the practical utility and market competitiveness of next-
generation energy storage. Enhancing 𝜔 for lithium-metal batteries 
remains the primary motivation for researchers, as it offers the only 
viable pathway to significantly extend the range of electric vehicles and 
the runtime of portable electronics. Near-term development targets aim 
for 350–400 Wh/kg at the cell level, while long-term commercialization 
requires ≥500 Wh/kg to surpass the performance ceiling of conven-
tional lithium-ion technology [339]. Realizing these targets by 2040 
necessitates a holistic design strategy that minimizes the weight and 
volume of inactive components – such as separators and current col-
lectors – while maximizing the utilization of the high-capacity lithium 
anode.

Table A.4
Greater energy density in dendrite-free batteries are the goals in 
2040 + batteries.
 Type Energy density (Wh/kg) 
 Traditional lithium battery 50–300  
 Laboratory scale battery 350–450  
 2035+ target 450–500+  

Table A.5
Increment in areal capacity is a necessity for 
future batteries.
 Timeframe Areal capacity (mAh/cm2) 
 2025–2030 ≥3  
 2035–2040 ≥5  

Table A.6
Thermal reliability zones and chronological expansion of the operating 
window (𝛥𝑇 ).

 (a) Thermal zones and their impact on battery reliability.
 Temperature range Effect  
 <0 ◦C Rapid dendrite growth  
 0–25 ◦C Laboratory standard range  
 25–45 ◦C Most stable operational range  
 >60 ◦C Thermal failure and decomposition risk 

 (b) Target operating temperature window across future timelines.
 Timeframe Temperature Range 𝛥𝑇  Milestone  
 2025–2030 0 to 50 ◦C 50 ◦C  
 2035–2040 −20 to 80 ◦C 100 ◦C  

A.5. Areal capacity

The areal capacity, 𝛤 , is a critical engineering parameter reflecting 
the practical mass loading of the electrode per unit area. Near-term 
research aims to achieve ≥3 mAhcm−2, while commercial lithium-
metal batteries require ≥5 mAhcm−2 to meet industrial energy density 
targets [340,341]. Increasing 𝛤  is essential for reducing the weight 
fraction of inactive current collectors and separators; however, higher 
loading levels significantly intensify the local flux of lithium ions. This 
necessitates the use of advanced architectural designs to ensure uniform 
current distribution and prevent the formation of localized ‘‘hot spots’’ 
that act as precursors for dendritic nucleation.

A.6. Operating temperature window 𝛥𝑇

Operating temperature window is a critical reliability metric gov-
erning dendrite kinetics and interfacial stability. The dendrite growth 
is more pronounced at lower temperature, whereas the risk lowers as 
the temperature is larger than 60 ◦C. However, thermal failure and 
decrease in efficiency are again observed at higher temperature. Hence, 
the choice of optimal temperature window is very important in the 
devices that use batteries. Near-term targets aim for stable cycling 
between 0-50 ◦C, while long-term industrial deployment requires a 
wide operating range from −20 ◦C to 80 ◦C [342–344]. Thus, the 
batteries of 2040s will be thermomechanically robust to be able to 
operate in such a large temperature window.
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Table A.7
Shear modulus estimated for solid electrolytes at nearby 
and distant future design timelines.
 Timeframe Mechanical modulus (GPa) 
 2025–2030 ≥5–10  
 2035–2040 ≥20  

A.7. Mechanical modulus of electrolyte

Mechanical modulus or shear modulus (𝑌 ) is a key parameter 
governing dendrite penetration resistance. The shear modulus (𝑌𝐿𝑖) of 
bulk Li metal is 3.4 GPa, and this is an order of magnitude higher 
than the one of a typical polymer electrolyte [384]. In accordance 
with the Monroe-Newman criterion [383], the solid electrolytes’ shear 
modulus needs to be at least twice that of Li metal (𝑌𝑒𝑙𝑒𝑐𝑡𝑟𝑜𝑙𝑦𝑡𝑒 ≥
2.0𝑌𝐿𝑖) in order to mechanically suppress dendrite growth. Based on 
this criterion, it can be inferred that polymer electrolyte can never 
be able to suppress the dendrite growth. Dendrite free lithium metal 
batteries require electrolytes with shear modulus exceeding 10  GPa. 
Near-term targets focus on achieving 5–10  GPa composite electrolytes, 
while long-term development aims for ≥20  GPa tailored new inorganic 
electrolyte materials with enhanced fracture tolerance [345–348].

It is to be noted that Monroe-Newman criterion considers only the 
elastic processes. In future, there is also a need to extend the Monroe-
Newman criterion to include the possibilities of inelastic processes such 
as shear relaxation in Li metal [385].

A.8. Ionic conductivity

Low ionic conductivity (𝜎𝑖𝑜𝑛) is favorable in terms of overall battery 
performance [349]. While higher 𝜎𝑖𝑜𝑛 is generally a primary goal for 
solid-state batteries (SSBs), its relationship with dendrite suppression is 
more complex than ‘‘higher is always better’’. High ionic conductivity 
ensures that lithium ions move quickly and uniformly through the 
electrolyte. This prevents ‘‘hot spots’’ or local ion depletion at the 
anode interface, which is where dendrite nucleation typically begins. 
Better conductivity reduces the internal resistance of the cell. This 
keeps the overpotential low during charging; high overpotentials are 
a major driving force for dendrite growth. But again there is the ‘‘Ionic 
Conductivity Paradox’’. Even with high ionic conductivity, dendrites 
can still pierce through a solid electrolyte due to the major two factors: 
(a) non-zero 𝜎𝑒, and (b) lack of synergy between mechanical properties 
and ion transport. Firstly, for a material to be a good electrolyte, it must 
have high ionic conductivity but near-zero electronic conductivity. If 
the electrolytic material allows even a tiny amount of electrons to pass 
through, lithium ions can meet those electrons inside the electrolyte 
rather than at the electrode. This causes lithium to plate internally 
within the pores or grain boundaries of the electrolyte, eventually 
forming a bridge (dendrite) that shorts the battery. Secondly, there 
is often a trade-off between how fast ions move and how ‘‘stiff’’ the 
electrolyte material is. Most of the polymer electrolytes with good ionic 
conductivity have a small value of shear modulus. Thus, the current 
material design will have to focus on a set of attributes rather than 
considering 𝜎𝑖𝑜𝑛 as a standalone parameter.

The ideal scenario for favorable dendrite suppression, a high 𝜎𝑖𝑜𝑛
candidate must also possess High Li-ion Transference Number, dense 
microstructure with ideally zero defect density and good interfacial 
stability. A candidate electrolyte is only truly favorable if that high 
conductivity is paired with negligible electronic leakage and a dense, 
defect-free structure.

Table A.8
The physical state and composition of electrolytes along 
mapped with the range of values for 𝜎𝑖𝑜𝑛.
 Electrolyte type Ionic conductivity (S/cm) 
 Liquid electrolyte 10−2  
 Polymer electrolyte 10−5–10−4  
 Composite electrolyte 10−4–10−3  
 Excellent solid sulfide 10−3–10−2  
 Ideal target ≥10−2  

Table A.9
Lowering 𝜎 is a key priority in the pursuit of resilient 
batteries.

 Timeframe Electronic conductivity (S/cm) 
 2025–2030 ≤10−10  
 2035–2040 ≤10−12  

Table A.10
Porosity (a component of 𝜁 vector) is an issue of concern 
in battery manufacturing sector.
 Electrolyte state Defect level  
 Conventional sintering SSE 5%–10% porosity 
 Optimized process <3% porosity  
 High-end dense SSE <1% porosity  
 Ideal target Approaching 0  

A.9. Electronic conductivity

𝜎 or 𝜎𝑒 must remain extremely low to prevent internal lithium plat-
ing within the electrolyte. Near-term targets aim for 𝜎𝑒 ≤ 10−10 S cm−1, 
while long-term industrial electrolytes require 𝜎𝑒 ≤ 10−12 S cm−1 to 
ensure dendrite-free operation [350].

A.10. Defect density

The term 𝜁 represents the microstructural quantities challenging 
the structural integrity of the batteries device, such as void frac-
tion (%), crack density (mm−2), grain boundary density, and defects 
per μm3. Microstructural defect density critically determines dendrite 
nucleation sites. Near-term targets aim to reduce electrolyte poros-
ity below 3%, while long-term industrial benchmarks require sub-1% 
porosity and crack-free interfaces to eliminate defect-driven dendrite 
initiation [351–353].

Notes and remarks on the data and estimations

It is imperative to note the disparity in the data sources used for 
these forecasts; while the projections for liquid electrolyte systems 
are derived from mature, market-scale battery datasets, the estimates 
for all-solid-state batteries are primarily extrapolated from emerging 
laboratory-scale results. Currently, these estimations treat the ten ‘‘De-
cathlon’’ parameters as independent attributes to establish a baseline 
for future milestones. However, a truly predictive informatics frame-
work must account for the complex correlations and inherent trade-offs 
between these variables. For instance, the ‘‘Ionic Conductivity-Shear 
Modulus Paradox’’ illustrates that solid electrolytes optimized for high 
ionic conductivity (𝜎ion) often exhibit increased ductility and lower 
shear modulus (𝑌 ). While high 𝜎ion is beneficial for suppressing the 
electrochemical nucleation of dendrites, a reduced 𝑌  renders the ma-
terial mechanically vulnerable to dendrite penetration should growth 
initiate. Future iterations of this roadmap will utilize multi-variate 
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agentic models to resolve these interdependencies and optimize the 
design space for absolute interfacial stability.

Data availability

The data and codes for this study are available in https://github.
com/anilkunwar/dendritefree_interfaces2025.
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 A B S T R A C T

Sustainable piezoelectric design linking processing and microstructure with device performance is needed 
for wearable energy harvesters and soft actuators. NLP was used for gap analysis to identify SnO2 as a 
high-potential yet underexplored filler for PVDF. To address the literature data scarcity, we developed a 
Physics-Guided Machine Learning (PGMLpiezo) model that provides property predictions for multiscale FEM 
device simulations. Using optimized electrospinning (18 w/v% PVDF), SnO2 doping reduced fiber diameter 
from 680 nm to 290 nm. The 𝛽-phase fraction increased from 0.3456 (powder) to 0.5725. The PGMLpiezo 
model predicts a 𝑑33 increase from 18 to 28.91 pC/N after the addition of SnO2 in PVDF. Using these predicted 
properties, FEM simulations were performed to evaluate device-level performance, showing thickness-mode 
harvesting with open-circuit voltages of 4.7 V and nano-watt range power outputs. Similarly, a lateral-clamp 
actuation gives strokes up to 69.6 nm with an effective 𝑑eff33 = 45.95 pm/V.

1. Introduction

Poly(vinylidene fluoride) (PVDF) is a semicrystalline, flexible piezo-
electric fluoropolymer whose polar 𝛽-phase enables efficient conversion 
between mechanical and electrical energy, making it an excellent can-
didate for self-powered Internet-of-Things (IoT) devices, wearables, and 
micro-actuators [1–3]. PVDF offers a high dielectric constant alongside 
strong mechanical and thermal stability [4]. PVDF is also increasingly 
used for optical [5] and sensing technologies [6]. PVDF is a better 
choice in energy harvesting [7] and various nanotechnology applica-
tions [8,9]. Beyond piezoelectricity, PVDF-based composite electrolytes 
are gaining traction in all-solid-state lithium-metal batteries [10,11]. 
Their high polarity and electrochemical stability enable salt disso-
ciation and ion transport, while tunable morphology allows for the 
integration of functional fillers that maintain mechanical strength and 
interfacial compatibility [12,13]. These advancements position PVDF 
as a soft material link between energy harvesting and next-generation 
storage [14]. This motivates strategies to increase the 𝛽-phase fraction 
and thereby improve macroscopic piezoelectric properties and device-
level output in PVDF polymers. Electric-field-driven phase transitions 
among 𝛼, 𝛿, and 𝛽 have been observed under very high fields (≈

∗ Corresponding author.
E-mail address: sachin.poudel@polsl.pl (S. Poudel).

1 LinkedIn, Website.

100–500 MV m−1), offering one route to increase polarization but 
imposing significant energetic and processing costs [15–17]. Therefore, 
sustainable, low-energy routes to increase 𝛽-phase fraction and enhance 
piezoelectric performance are desirable.

Among the available approaches, nanoparticle doping combined 
with electrospinning is one of the most scalable routes for enhancing 
𝛽-phase formation. The strong elongational forces during electrospin-
ning promote chain alignment, while nanoparticle inclusions act as 
interfacial nucleation sites and locally modify dielectric and electro-
static conditions [18,19]. However, existing studies are still largely 
empirical and do not yet establish a general relationship between 
composition, processing, microstructure, and device-level response [19,
20]. In particular, current machine-learning models for piezoelectric 
polymers often treat composites as homogeneous systems, overlook-
ing the coupled crystalline-amorphous dynamics and interfacial effects 
that govern electromechanical behavior in semicrystalline electrospun 
architectures [21–24].

In this work, we focus on SnO2 as a filler because it offers a favor-
able balance of functional and processing advantages. SnO2 nanopar-
ticles provide a chemically active surface with hydroxyl groups that 
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Fig. 1. Knowledge extraction and trend analysis. (a) Multi-stage NLP framework transforms arXiv scientific data into structured knowledge. Functional 
properties and dopant compositions are extracted via NER, followed by SciBERT-based semantic scoring of document embeddings. (b) Enhancement factors across 
six material categories (𝑁 = 733). Metal Oxides exhibit a localized performance peak (1.049×) at 4.82% concentration (⋆), whereas Polymers and Carbon-Based
materials show broader optima at ∼ 20%. (c) Performance enhancement across six physical parameters, min–max scaled to a [0, 1] range. Parameters and their 
respective raw value intervals include: piezoelectric (𝑑33, [1.00, 1.07]); 𝛽-phase (𝛽, [0.90, 1.10]); dielectric (𝜖𝑟, [0.90, 1.10]); mechanical (𝐸, [0.90, 1.10]); electrical 
(1∕Ω, [1.02, 1.09]); and thermal (𝜅, [0.90, 1.10]).

can interact with PVDF chains and promote 𝛽-phase formation [25,26], 
while also contributing beneficial changes in interfacial polarization, 
stiffness, hydrophobicity, and optical transparency [27]. This makes 
SnO2 a promising yet underexplored additive for multifunctional PVDF 
nanocomposites and a suitable candidate for soft actuators and energy 
harvesters [28,29]. To better identify such opportunities, we use an 
NLP as a meta-analysis tool to extract dopant–property relationships 
and research trends from the published PVDF literature. We then 
combine this with a physics-guided machine-learning framework and 
finite-element simulations.

2. Natural language processing of doped PVDF literature

The NLP workflow is designed to perform structured literature meta-
analysis. It semantically searches the PVDF piezoelectric literature, 
identifies recurring dopant–property associations, and ranks studies 
according to relevance to the target design problem. This provides a 
way to relate the current state of the field, identify underexplored 
filler chemistries such as SnO2, and motivate subsequent physics-guided 
modeling and device-level studies. This section describes this literature-
driven analysis and the insights it provides.

2.1. Literature mining pipeline

The Fig.  1(a) presents a material informatics pipeline designed to 
discover and analyze scientific literature on the piezoelectric properties 
of PVDF from the arXiv repository. This combines natural language 
processing (NLP) techniques with specialized scoring methods to enable 

scalable exploration of relevant studies. The pipeline uses semantic 
understanding to map dopant-performance connections, informing re-
search trends in nanoenergy systems. The query ("dopant SnO2 on 
piezoelectric efficiency of PVDF") guides the retrieval of N𝑑𝑏 =145 pa-
pers from arXiv based on subject areas like materials science and publi-
cation dates. Each paper’s title and abstract are analyzed using SciBERT 
to generate contextual representations. These representations allow the 
system to measure similarity to both the query and a set of key domain 
terms, including PVDF variants, dopants like SnO2, ZnO etc., indicators 
of the 𝛽-phase, and piezoelectric concepts. A weighted scoring function 
aggregates these similarities (70% for the query and 30% for key 
terms) to rank papers, with a threshold of 30% to ensure only the 
most pertinent ones advance. By highlighting query-relevant text like 
SnO2 boosting PVDF performance, SciBERT’s attention provides an 
interpretable rationale for paper prioritization.

In addition to semantic search, rule-based filtering identifies spe-
cific dopants and 𝛽-phase features. The pipeline then extracts text 
from retrieved PDFs by prioritizing initial sections for efficiency be-
fore calculating a final relevance score based on the full content. 
All data (metadata, extracted texts, and derived flags) are stored in 
interconnected databases (db) to support quick querying and multi-
format exports. This structure not only preserves the corpus for ongoing 
analysis but also enables targeted searches, such as extracting reported 
values of the piezoelectric coefficient 𝑑33 from the stored literature. 
For instance, by querying the database for "𝑑33 coefficient", the system 
retrieves and summarizes instances across papers, linking them to 
dopant strategies like SnO2 incorporation.
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Fig. 2. Host–dopant synergies and functional properties. The hierarchical visualization (derived from N𝑑𝑏=145 arXiv papers) illustrates the relationships 
between material components and performance. Inner Ring: Primary host materials. Middle Ring: Dopant classifications categorized into six distinct chemical 
families (see color legend). Outer Ring: Specific functional property improvements achieved through hybridization. The star (⋆) notation indicates enhancement 
across all listed properties, while (⋆−𝑋) denotes improvement in all properties except X. Although the query specifically targeted SnO2 and PVDF, the multi-head 
self-attention mechanism of SciBERT facilitates a broader inclusion of papers. The model identifies relevant dopants and piezoelectric bases beyond exact matches 
by capturing the latent semantic relationships between keywords like ‘piezoelectric’, ‘PVDF’, and ‘efficiency’.

2.2. Dopant synergies in piezoelectric composites

Hierarchical mapping of host matrices, dopant chemistry, and func-
tional performance (Fig.  2) identifies PVDF as a primary host matrix. 
Integration strategies vary by filler type: carbon-based fillers (CNTs, 
graphene) and 2D materials (MXenes, MoS2) primarily improve electri-
cal conductivity (1∕Ω) and mechanical reinforcement (𝐸). Conversely, 
adding ferroelectric ceramics (BTO, PZT) and metal oxides (ZnO, TiO2) 
to the PVDF matrix enhances the piezoelectric coefficient (𝑑33) and 
dielectric constant (𝜖𝑟). This highlights the emergence of multifunc-
tional enhancements where all properties are optimized simultaneously 
(denoted by the ⋆ symbol) achieved through precise tuning of the 
filler–matrix interface. We extracted key descriptors from 𝑁 = 733
piezoelectric samples using a SciBERT-based Named Entity Recogni-
tion (NER) framework. Data synthesis reveals distinct optimization 
thresholds across material categories (Fig.  1b). While the average per-
formance enhancement is 1.04 × ±0.14, metal oxides reach their peak 
(1.049×) at a concentration of only 4.82%. This threshold is much 
lower than those for polymers (19.82% peak, 1.170× enhancement) 
and Carbon-based materials (17.12% peak, 1.097× enhancement). The 
early saturation in oxides suggests that rigid inorganic structures are 
highly sensitive to internal strain and defects when filler levels in-
crease. Consequently, while the global maximum enhancement (1.5×) 

was found at 10% loading, designing reliable metal oxide structures 
requires staying within a narrow zone to avoid the performance drop-
off seen beyond the ∼5% threshold. Although metal oxides are widely 
utilized as dopants, the specific influence of SnO2 on PVDF’s functional 
landscape remains poorly defined. SnO2 is a compelling candidate not 
merely for 𝑑33 enhancement, but for its ability to integrate secondary 
functional benefits into the polymer matrix. Fig.  1(c) shows SnO2 to 
enhances the mechanical flexibility and tensile strength of PVDF and 
also increase the surface hydrophobicity. The high 𝜖𝑟 of SnO2-doped 
PVDF makes it suitable for optical applications. This filler also preserves 
high optical transparency (around 80%–90% in the visible spectrum), 
making the composite suitable in optical devices and systems where 
light transmission is essential [30], flexible electronics [31], biomedical 
implants [32], and IoT devices [33], even when the piezoelectric 
enhancement is not the highest among dopants.

3. Fabrication and experimental characterization

3.1. Materials and electrospinning

Electrospinning creates nanofibers with high surface-area-to-volume 
ratios, requiring less material for functional applications. The process 
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Table 1
Parameters of spinning solution and electrospinning process.
 Parameter Value  
 SnO2 concentration 1.5 wt%  
 PVDF concentration 10 w/v%, 15 w/v%, 18 w/v% 
 Flow rate 1.4 ml/h  
 Distance between electrodes 15 cm  
 Voltage 21 kV  

runs at moderate temperatures and allows solvent recovery. This re-
duces waste compared with many bulk casting routes [34,35]. The 
strong electric field during electrospinning stretches polymer chains 
and aligns molecular dipoles. This produces partial in situ poling 
and raises the 𝛽-phase fraction. The experiments quantify how pol-
ing and SnO2 doping change the 𝛽-phase area fraction 𝑓 𝛽 . The fol-
lowing chemicals were used without further purification to prepare 
spinning solutions: polyvinylidene fluoride (PVDF, purity 99%), N, 
N-Dimethylformamide (DMF, purity 99.9%), acetone (99.5%), and 
SnO2 nanoparticles. All reagents were supplied by Sigma-Aldrich. The 
fabrication workflow for pure PVDF solution and PVDF with SnO2
solution is presented in Fig.  3 (a). The first step was to prepare the 
spinning solution. For this purpose, 1.5 wt % of SnO2 nanoparticles 
was added to 14 ml of DMF and sonicated for 30 min to break 
down agglomerates. SnO2 nanoparticles improve electrospinning by 
increasing solution conductivity and promoting jet stretching, while 
their hydroxyl-rich surface supports 𝛽-phase nucleation in PVDF. The 
1.5 wt.% loading was selected as the best balance between morphology 
and phase enhancement [28,36]. Then, a certain amount of PVDF was 
added and left for 1 h on a heated magnetic stirrer set to 50 ◦C to obtain 
a homogeneous solution (Table  1). Subsequently, acetone was added to 
the solution so that the volume ratio of DMF to acetone was 7:3. After 
30 min of mixing, the solution was placed directly in the pump of the 
DOXA Microfluidics Electrospinning StartUp Machine. The morphology 
of electrospun PVDF nanofibers and PVDF nanofibers containing SnO2
nanoparticles was examined using a scanning electron microscope 
(SEM; Zeiss Supra 35). The chemical structure, including the presence 
of characteristic bonds and functional groups, was analyzed by Fourier 
transform infrared (FTIR) spectroscopy in attenuated total reflectance 
(ATR) mode using a Nicolet 6700 spectrometer (Thermo Scientific). The 
parameters of the electrospinning process and the solution are shown 
in Table  1. Samples without the addition of SnO2 were prepared in the 
same way, omitting the nanoparticles. The electrospun fiber networks 
collected on the substrate were dried under ambient conditions prior 
to analysis. Based on fiber morphology, 18 w/v% PVDF was chosen as 
the optimized base for composite samples.

3.2. Results from the experiments

The analysis of the morphology of PVDF and PVDF/SnO2 nanofibers 
was performed based on SEM images which show a clear link between 
solution concentration and fiber morphology. Low concentrations (10 
and 15 w/v%) produce bead-on-string structures. This behavior is 
visible in Fig.  3(d). These undesirable beads degrade the piezoelectric 
properties. Beads form when surface tension overcomes jet viscoelas-
ticity [37]. At low polymer concentration chain entanglement is weak 
and the jet breaks into beads. Higher concentration increases chain 
entanglement and viscosity. This suppresses bead formation and yields 
continuous fibers [38,39]. The 18 w/v% solution therefore produces 
smooth, long, bead-free fibers (Fig.  3(e)). Based on these morphol-
ogy results, 18 w/v% PVDF was selected as the optimized base for 
composites. SEM of the PVDF/SnO2 composite confirms uniform fiber 
formation and clear nanoparticle incorporation. SnO2 aggregates ap-
pear inside fibers and on the surface (Fig.  3(f)). This distribution 
indicates good embedding of particles during jet solidification.

Fiber diameters were measured from 100 independent fibers and the 
statistical results are shown in Fig.  3(b). The mean diameter of the pure 

Table 2
Absorbance intensities 𝑎𝛼 (763 cm−1) and 𝑎𝛽 (840 cm−1) extracted from FTIR 
spectra in Fig.  3 and the corresponding calculated 𝛽-phase fraction 𝑓 𝛽 for 
different PVDF-based samples.
 Sample 𝑎𝛼 𝑎𝛽 𝑓 𝛽  
 PVDF powder (no electrospinning) 0.0903 0.0602 0.3456 
 PVDF fiber (electrospun) 0.0370 0.0570 0.5496 
 PVDF fiber (electrospun) + SnO2 (1.5 wt%) 0.0710 0.1200 0.5725 

18 w/v% PVDF fibers is 680 nm, while the mean for the PVDF/SnO2
composite is 290 nm. The composite also shows a tighter size distribu-
tion on the log scale (Fig.  3(b, right)). The diameter drop on adding 
SnO2 is due to changes in solution electrical and flow properties. SnO2
raises solution conductivity and local charge density, which increases 
electrostatic stretching of the jet and yields thinner fibers [28]. Well-
dispersed particles also alter viscosity and surface charge distribution, 
stabilizing the jet and reducing diameter scatter. Faster solvent loss 
around particle-rich regions can further lock smaller diameters during 
solidification. Together, these effects explain the smaller mean and 
the narrower log-scale distribution seen in the composite. Fig.  3(c,e,f) 
shows the FTIR spectra for the PVDF powder, the optimized 18 w/v% 
fibers, and the PVDF/SnO2 composite, respectively. At 612 cm−1 and 
763 cm−1, bands characteristic of bending and wagging vibrations of 
CF2 and rocking vibrations in the PVDF chain 𝛼 phase are observed, 
respectively. The absorbance intensity at 762 cm−1 originates from 
bending of CF2, which is a characteristic feature of 𝛼-PVDF. On the 
other hand, the absorbance peak at 840 cm−1 can be attributed to the 
stretching of C–C skeleton and as well as CF2 and to rocking of CH2, 
and so this peak corresponds to 𝛽-PVDF . The relative growth of the 
840 cm−1 band compared with the 763 cm−1 band is visible when 
comparing the powder (Fig.  3(c)) to the fibers (Fig.  3(e)) and to the 
composite (Fig.  3(f)). The recorded spectra also show two absorbance 
bands at 1188 cm−1 and 1412 cm−1, which can be assigned to the 
CF2 functional group. Moreover, at 2797 cm−1, the presence of a band 
originating from stretching vibrations of C-H bonds was found. The 
presence of these bands confirms that each of the samples produced is 
composed of PVDF polymer in the 𝛼 and 𝛽 phases. No broad absorption 
appears around 3000–3400 cm−1, so there is no detectable OH-related 
water adsorption on the fiber surface.

Wu et al. [31] have shown that the absorbance intensities at two 
characteristic wavenumbers associated with the 𝛼 and 𝛽 crystalline 
phases of PVDF can be used to quantify the fraction of the electroactive 
𝛽 phase (𝑓 𝛽). Accordingly, the 𝛽-phase fraction was calculated using the 
De Gregorio relation [31,40]: 

𝑓 𝛽 =
𝑎𝛽𝐾𝛼

𝐾𝛼𝑎𝛽 +𝐾𝛽𝑎𝛼
(1)

In Eq. (1), 𝑎𝛼 and 𝑎𝛽 denote the absorbance intensities measured at 
763 and 840 cm−1, which are characteristic of the 𝛼 and 𝛽 phases, 
respectively. The absorption coefficients are 𝐾𝛼 = 6.1 × 104 cm2/mol 
and 𝐾𝛽 = 7.7 × 104 cm2/mol [41]. The measured absorbance values 
and the corresponding calculated 𝛽-phase fractions for all samples are 
summarized in Table  2. The PVDF powder, which has not undergone 
electrospinning or electrical poling, exhibits a relatively low 𝛽-phase 
fraction of 0.3456. In contrast, the electrospun PVDF fibers show a 
substantial increase in 𝑓 𝛽 to 0.5496, while the incorporation of SnO2
nanoparticles further increases the 𝛽-phase content to 0.5725.

3.3. Structural information

As discussed above, the electrospinning and the incorporation of 
SnO2 nanoparticles increased the 𝛽-phase fraction of PVDF. To interpret 
this result, it is useful to recall five distinct polymorphic phases of PVDF 
(𝛼, 𝛽, 𝛾, 𝛿, and 𝜖), which arise from different conformations of the 
polymer backbone and packing arrangements of adjacent chains [42]. 
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Fig. 3. Fabrication workflow and multiscale characterization of nanofibers. (a) Schematic illustration of solution preparation and electrospinning: (i) Pure 
PVDF solutions prepared in a DMF/acetone solvent. (ii) PVDF/SnO2 nanocomposite (1.5 wt.% SnO2) prepared via 30 min sonication. (b) Statistics of the mean 
fiber diameter (left) and log-scale size distribution range (right). The mean diameters for the optimized 18 w/v% PVDF and the PVDF/SnO2 composite were 
found to be 680 nm and 290 nm, respectively. (c) FTIR absorbance spectrum of the raw PVDF powder precursor identifying the characteristic 𝛼-phase (763 cm−1) 
and 𝛽-phase (840 cm−1) peaks. (d) SEM micrographs of 10 w/v% and 15 w/v% PVDF showing the formation of bead-on-string morphologies (indicated by blue 
arrows). (e) SEM micrograph and FTIR spectrum of the optimized 18 w/v% PVDF nanofibers exhibiting a smooth, bead-free morphology. (f) SEM micrograph 
and FTIR spectrum of the PVDF/SnO2 composite; the green arrow indicates the successful integration of SnO2 nanoparticle aggregates within the fiber network.

The molecular chains adopt combinations of trans (T) and gauche (G) 
conformations, and variations in these torsional states lead to differ-
ent dipole arrangements and macroscopic properties. Although several 
phases are known, the 𝛼-, 𝛽-, and 𝛾-phases are the most commonly 
encountered under practical processing conditions, while the 𝛿- and 
𝜖-phases typically require strong electric fields or specific thermal–
mechanical treatments to stabilize [43]. The 𝛽-phase possesses an 
all-trans (TTTT) planar zigzag conformation and crystallizes in an 
orthorhombic structure with point group symmetry mm2, previously 
categorized as PG5 (Class B) in our earlier PiezoTensorNet work [44]. 
The symmetry restrictions of the mm2 class define the non-zero piezo-
electric tensor components, which are represented in Voigt notation in 
Eq. Eq.  (4). This aligns the C–F dipoles in the same direction along the 
polymer chain, resulting in a large net spontaneous polarization [45]. 
This molecular arrangement explains the enhanced piezoelectric and 
ferroelectric properties of 𝛽-PVDF compared to the non-polar 𝛼-phase, 
where antiparallel dipole orientations cancel out the macroscopic po-
larization. Consequently, maximizing the 𝛽-phase content is a central 
objective in PVDF-based energy harvesting and sensing devices [46].

The increase in 𝑓 𝛽 after electrospinning in the experiment confirms 
that the strong elongation forces and high electric fields inherent to the 
process induce partial in situ poling and favor the formation of the all-
trans conformation. Furthermore, the additional enhancement of the 
𝛽-phase fraction in the PVDF/SnO2 composite can be rationalized by 
nanoparticle–polymer interfacial interactions, which locally constrain 

chain rotations and promote 𝛽-phase nucleation. Similar stabilization 
mechanisms have been reported for PVDF composites containing metal 
oxide nanoparticles, where surface charges and interfacial polarization 
lower the energy barrier for 𝛽-phase formation. Poled 𝛽-PVDF films 
retain strong piezoelectric activity over a wide temperature range [47]. 
This thermal resilience, combined with the high polarization density 
intrinsic to the all-trans chain conformation, makes 𝛽-PVDF particularly 
suitable for flexible electromechanical devices operating under varying 
environmental conditions. For completeness, the crystallographic pa-
rameters, molecular conformations, and electroactive characteristics of 
all five PVDF polymorphs are summarized in Supplementary Informa-
tion (Sec. S1: Table S1). Although the present study focuses primarily 
on the 𝛼- and 𝛽-phases identified experimentally, inclusion of the 
remaining polymorphs provides a structural reference and highlights 
the unique advantages of the 𝛽-phase for piezoelectric performance.

4. Quantitative link between 𝜷-phase enrichment and piezoelec-
tricity

The fabrication, molecular and structural analysis above shows that 
filler composition and processing (via the measured increase in the 
𝛽-phase fraction) influence PVDF’s piezoelectric potential. To effec-
tively design and assess the device, we need a quantitative value like 
the piezoelectric coefficient. The PGMLpiezo toolkit bridges the gap 
from microscopic characterization to device performance by predicting 

Sustainable Materials and Technologies 48 (2026) e02008 

5 

130



S. Poudel et al.

Fig. 4. (a) 𝑑33 (pC/N) across various dopants (represented by multiple axis) and fabrication methods (represented by different shapes of the markers). (b) 
Featurization: Homogenized (𝐹𝑝) and Engineered interfacial and coupling (𝐹𝜁 ) features forming the input 𝐹𝑃𝜁 . To overcome data scarcity, a generative design 
approach uses Gaussian perturbation to expand the dataset (3×) while preserving physical feature-target relationships resulting in ̃𝐹𝑃𝜁 . (c) Topological network 
graph (TNG): Distance correlations (𝑑𝐶𝑜𝑟) between 𝑑33, with primary (𝐹𝑝) and secondary (𝐹𝜁 ) features. Edge thickness and color represent the strength of 
non-linear coupling (Refer Supplementary Information Fig S1 for detailed correlation analysis). (d) PGMLpiezo architecture and training: The model integrates 
an attentive branch and a piezoelectric branch, optimized via a composite loss that balances numerical accuracy and physics constraints.

piezoelectric properties based on composition and processing inputs. 
Since the recorded data is available for 𝑑33 piezoelectric coefficients 
mostly, the model is trained for 𝑑33, and with reference to this value, 
other coefficients were approximated. The PGMLpiezo training set 
included a diverse range of filler categories to ensure model generaliz-
ability. These include Ferroelectric Ceramics (BaTiO3, PZT), Conductive 
Fillers (Graphene, CNTs), Metal Oxides (ZnO, Fe3O4, TiO2, SnO2), 
and other novel materials (Borophene, MoS2). This broad chemical 
space ensures that the attentive network learns generalized features of 
filler–polymer interactions, rather than over-fitting to SnO2 specifically. 
While only SnO2 is used for the multiscale analysis in this work, the 
model is capable of predicting properties across this wider material 
spectrum. The experimentally measured 𝛽-phase fraction (f𝛽 = 0.5725) 
serves as a direct input to this model. Here, the experimentally mea-
sured results refer to morphology, fiber diameter, and 𝛽-phase fraction, 
whereas the piezoelectric coefficient used for tensor reconstruction and 
FEM simulations is obtained from the PGMLpiezo model and should be 
interpreted as a predicted property.

4.1. Featurization based on homogenization and interfacial descriptors

The training dataset comprises experimental data from the literature 
for PVDF composites. After cleaning and consistency checks, the work-
ing dataset contains fifty-two unique samples spanning filler fractions 
up to 20%. The 𝑑33 values across 10 filler compositions on the PVDF 
matrix for six fabrication/computation methods are presented in Fig. 
4(a). Because the PVDF composite properties are governed not only by 
constituent chemistry but also from processing-induced interfacial and 

phase-formation effects, composition-based feature vector and crystal-
structure descriptors which are common in the study of ceramics and 
alloys [44,48] are less suitable. To address this, we construct a high-
dimensional feature space that integrates Homogenized Composite 
Baselines (𝐅𝑃 ), and the Engineered Interfacial and Coupling De-
scriptors (𝐅𝜁 ). The Piezoelectric Feature Ensemble is structured as a 
composite feature matrix 𝐅𝑃𝜁 , which captures both intrinsic constituent 
properties and emergent interfacial phenomena. Continuous features 
(𝐅𝑃𝜁 ) are standardized using training-set statistics and categorical fab-
rication descriptors are one-hot encoded. The PGMLpiezo is designed 
for small materials datasets. The input feature matrix is constructed by 
concatenating physics-derived and interaction features as represented 
in Fig.  4(b). In matrix form: 
𝐅𝑃𝜁 =

[
𝐅𝜁 ∣ 𝐅𝑃

]
∈ R𝑛×(𝑝+𝑞), (2)

where 𝑛 = 52 denotes the sample size, 𝑝 = 4 represents the 𝐅𝑃 , and 
𝑞 = 4 represents the 𝐅𝜁 . Full definitions of the features used in the 
PGMLpiezo training are presented in Table  3.

4.2. Hybrid physics-guided machine learning

The model has two branches (Fig.  4d). The principal branch is a 
dense feedforward network with a multi-head attention for adaptive 
re-weighting of feature interactions. The auxiliary branch processes 
piezo-relevant inputs (𝐸eff and (𝑑33)base). These branches are fused to 
produce a point estimate (𝑑33) and an ensemble-derived uncertainty. 
During training, physical constraints are recomputed inside the physics 
loss so that model predictions remain consistent with known relations 
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Table 3
Hierarchical featurization architecture for PGMLpiezo. The framework combines (I) Homogenization limits, (II) Multi-physics 
descriptors (Interfacial [I] and Coupling [C]), and (III) nodes interrelationship, (IV) stochastic/auxiliary features to balance 
physical consistency. The PVDF matrix is represented by subscript m, and dopants by 𝛿, while 𝜙 represents the dopants fractions.
 Feature (Model) Definition ⋆ In Topological Network graph Fig.  4 Ref.  

 I. Homogenized Composite Baselines (F𝑝), as  in TNG Fig.  4(c)
 Dielectric 
(Yamada)

𝜀eff = 𝜀𝑚

[
1 +

3𝜙(𝜀𝛿 − 𝜀𝑚)
3𝜀𝑚 + (1 − 𝜙)(𝜀𝛿 − 𝜀𝑚)

]
Optical and electrostatic contrib. [49,50]  

 Thermal Cond. 
(Maxwell–Eucken)

𝑘eff = 𝑘𝑚
2𝑘𝑚 + 𝑘𝛿 + 2𝜙(𝑘𝛿 − 𝑘𝑚)
2𝑘𝑚 + 𝑘𝛿 − 𝜙(𝑘𝛿 − 𝑘𝑚)

Thermal contrib. [51,52]  

 Stiffness 
(Halpin–Tsai)

𝐸eff = 𝐸𝑚
1 + 𝜉𝜂𝜙
1 − 𝜂𝜙

𝜂 =
(𝐸𝛿∕𝐸𝑚) − 1
(𝐸𝛿∕𝐸𝑚) + 𝜉

Composite mechanical contrib. [53,54]  

 Piezo-Base 
(Hybrid Law)

(𝑑33)base = (1 − 𝜙)𝑑𝑚∗

33 + 𝐿𝜙𝑑𝑓33

𝐿 =
3𝜀𝑚

𝜀𝛿 + 2𝜀𝑚

Electro-mechanical contrib. [55,56]  

 II. Engineered Interfacial (I) & Coupling (C) Descriptors (F𝜁 ), as 
 𝛤TE 𝛤TE = 𝑘eff × 𝜀eff Hybrid thermo-electric and optical (I). —  
 𝜒mech 𝜒mech = 𝐸eff∕𝐸𝑚 Strain-transfer efficiency (I). —  
 𝑆imp 𝑆imp = 𝜙 × 𝐸𝛿 wt. % dopants’ impact on stiffness (C) —  
 𝛥𝛽 𝛥𝛽 = 𝐹𝛽 − 𝐹𝛽,ref 𝛽-phase calibration (I). —  

 III. Interrelationship between nodes
 Edge type I 𝑑𝑐𝑜𝑟 > 0.5 (𝐹 𝑖

𝑝 ↔ 𝐹 𝑗
𝑝 ) Primary (Solid/Thick) [ ]  

 Edge type II 𝑑𝑐𝑜𝑟 < 0.5 (𝐹 𝑖
𝑝 ↔ 𝐹 𝑗

𝑝 ) Primary (Solid/Thin) [  ] 
 Edge type III 𝑑𝑐𝑜𝑟 > 0.5 (𝐹 𝑖

𝑝 ↔ 𝐹 𝑗
𝜁 ) Secondary (Dashed) [  ] 

 IV. Stochastic & Auxiliary ML Features (present in PGMLpiezo but not sketched in TNG).
 Fourier (𝜙) {sin(2𝜋𝜙𝑓𝑖), cos(2𝜋𝜙𝑓𝑖)}𝑁𝑖=1 Non-linear/scale-dependent effects modeling. —  
 Embeddings dopant ∈ R𝑑 Latent chemical similarity indexing. —  
⋆ Readers are advised to refer to Fig.  4 (c) Topological Network Graph (TNG) to identify the features and their relations.

even when inputs are perturbed by augmentation. Data augmentation 
(3×) applies multiplicative Gaussian or uniform noise to composi-
tion and effective properties within physically meaningful bounds to 
increase data diversity and improve robustness. To avoid learning non-
physical patterns, physics-informed loss terms act as regularizers that 
anchor predictions to expected behavior. The training objective used in 
reported results is: 
total = data + 0.5𝛼(𝑡)physics, (3)

where 𝛼(𝑡) is a slowly increasing annealing factor that lets the model 
first fit measured data and then progressively emphasize physical con-
sistency.

We trained the physics-constrained network with three random 
seeds (42, 150, 220). Each run used 500 training epochs followed 
by 100 fine-tuning epochs. Model performance varied with initializa-
tion; the average validation MAE across runs was 10.25. The best-
performing model, evaluated on the original (non-augmented) dataset, 
achieved 𝑅2 = 0.85. The PGMLpiezo predicts 𝑑33 ≈ 28.91 pC/N for the 
1.5 wt.% SnO2–PVDF composite. Details of the PGMLpiezo architecture 
and training outcomes are provided in the Supplementary Information 
(Sec. S2.2).

4.3. Piezoelectric tensor estimation in PVDF/SnO2 composites

To obtain a complete electromechanical description for finite-
element simulation, the PGMLpiezo-predicted longitudinal coefficient, 
𝑑33, is converted into a full piezoelectric strain tensor using a coupling-
factor-based reconstruction. For the electrospun 1.5 wt.% SnO2 spec-
imen, which exhibits a 𝛽-phase fraction of 0.5725, the PGMLpiezo 

ensemble predicts |𝑑33| = 28.91 pC/N. This corresponds to an increase 
of approximately 60% relative to the baseline electrospun PVDF value 
of |𝑑33| ≈ 18 pC/N.

The increase in 𝛽-phase fraction is nominal and should be inter-
preted as one of the many contributing factor. Although the effective 
permittivity changes only slightly (𝜀𝑟 ≈ 10), the SnO2 addition can 
still influence the device-level response through interfacial charge sep-
aration, local polarization effects, and changes in electromechanical 
coupling at the polymer–filler interface. The reconstructed piezoelectric 
strain tensor in Voigt notation is written as: 

𝐝𝐢𝐣 =
⎛
⎜⎜⎝

0 0 0 0 −24.12 0
0 0 0 −20.55 0 0

18.07 1.36 −28.91 0 0 0

⎞
⎟⎟⎠
. (4)

Fig.  5 compares the piezoelectric tensor values evaluated from 
PGMLpiezo for pure PVDF and dopped sample. The characteristic 
anisotropy of PVDF is preserved with |𝑑31∕𝑑33| ≈ 0.625 and |𝑑15∕𝑑33| ≈
0.83. The reconstruction assumes quasi-isotropic composite behavior 
together with PVDF-like anisotropy, which is appropriate for low 
filler loadings (≲ 5 wt.%) of metal-oxide dopants. Further details of 
the tensor reconstruction procedure are provided in Supplementary 
Information Sec. S2.3.

To facilitate broader use of the workflow, the PGMLpiezo is de-
ployed as an interactive web-based application (Refer to data avail-
ability section). This illustrates that the SnO2 case studied here is a 
representative application of a broader predictive architecture for rapid 
material screening.
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Fig. 5. Reconstructed magnitudes |𝑑𝑖𝑗 | (pC/N) for pure PVDF and the 1.5 wt.% 
SnO2–PVDF sample. Baseline pure PVDF values are |𝑑33| = 18.00 and |𝑑31| =
11.25 pC/N. Tensor components are estimated from the PGMLpiezo prediction 
|𝑑33| and effective medium properties.

5. Finite-element modeling of piezoelectric SnO𝟐/PVDF nanocom-
posites

The piezoelectric properties predicted from PGMLpiezo were used in 
the finite-element simulations to evaluate device-level performance un-
der realistic boundary conditions. We used finite-element simulations, 
built based on the FERRET piezoelectric module [57,58] within the 
open-source MOOSE framework [59,60]. FERRET is designed to solve 
the coupled electro-mechanical constitutive equations governing ferro-
electric and piezoelectric systems. By utilizing this validated solver, we 
evaluated two operating modes: (i) energy harvesting under mechanical 
excitation and electrical loading, and (ii) actuation under imposed 
electric potential. The model employs the linear piezoelectric constitu-
tive relations in strain–charge form within the small-strain, small-field 
regime; strain–charge coefficients (𝑑𝑖𝑗) supplied to the solver are con-
verted internally to stress–charge form (𝑒𝑖𝑗) for assembly. The weak 
form is discretized by standard Galerkin finite elements and solved 
fully coupled, with typical boundary conditions consisting of prescribed 
displacement on mechanical and electrical boundaries. Elasticity con-
stants are drawn from the literature [61] and dielectric constants 
from effective property estimates used in featurization as explained 
in Table  3. The piezoelectric tensors used as input to the FEM are 
those predicted by the PGMLpiezo pipeline: the ML estimate 𝑑33 is 
expanded to a full tensor (As in Section 4.3) and supplied to the 
solver in Voigt form. Because the FEM model treats the composite as 
a homogenized linear piezoelectric continuum, it does not explicitly 
account for structural anisotropy, inter-fiber interactions, or mesoscale 
porosity present; therefore, the results should be interpreted as repre-
sentative of an idealized PVDF/SnO2 architecture under small-strain 
operating conditions. The governing equations and material tensor 
transformations are detailed in our previous work [44] and summarized 
in the Supplementary Information (Sec. S3) Piezoelectric FEM Model.

5.1. Thickness-mode energy harvester

The energy harvesting devices constructed from PVDF/SnO2 nano-
composites convert mechanical vibrations into electrical energy, pow-
ering wearables or sensors. This leads to efficient harvesting from 

low-frequency sources like human motions. Studies show that 2D SnO2
nanosheets in PVDF create flexible nanogenerators with stable output, 
suitable for self-powered monitoring systems [27]. These benefits make 
the material suitable in ultra-low-capacitance setups where reactive 
compensation via circuits like parallel synchronized-switch harvest-
ing on inductor (P-SSHI) amplifies performance [62,63]. A 200 μm ×
100 μm × 5 μm PVDF/SnO2 block was subjected to uniform sinusoidal 
compression along its thickness direction at 1 Hz with a displacement 
amplitude of 0.1 μm on the top electrode, while the bottom face 
remained mechanically fixed and electrically grounded as shown in Fig. 
6 (a). This excitation generates a nominal thickness strain amplitude 
of 2%, which is within the linear piezoelectric regime. The mechan-
ical performance of the PVDF/SnO2-based harvester was evaluated 
through synchronized temporal analysis of the internal stress states and 
kinematic strain (Fig.  6 (c)). The device exhibits a highly symmetric 
harmonic response, reaching a peak axial stress (𝜎𝑧𝑧) of ±17.218 MPa. 
This stress level maximizes the piezoelectric potential without exceed-
ing the plastic yield threshold of the 𝛽-phase PVDF crystalline domains, 
observed around 30 MPa [43,64]. The observed peak-to-peak strain 
swing (𝛥𝜀 ≈ 4.0%) indicates high mechanical compliance. Furthermore, 
the convergence of the maximum axial stress and the peak Von Mises 
stress (𝜎𝑣 = 17.244 MPa) confirms a state of nearly pure uniaxial 
compression. This stress state optimization is critical for maximizing 
the 𝑑33 piezoelectric coefficient contribution, as it minimizes parasitic 
shear modes that could lead to reduced energy conversion efficiency.

The electromechanical response was mapped into a power-strain 
phase-space for both passive standard energy harvester (SEH) and 
active parallel synchronized-switch harvesting on inductor (P-SSHI)
configurations (Figs.  6 (d) and (e)). The passive mode attained an 
average power output (𝑃avg) of 0.359 nW, utilizing an optimal load 
resistance of 1.47 ×1010 Ω. The phase-space trajectory exhibits a clear 
orbital pattern in which instantaneous power peaks coincide with the 
largest strain rates, consistent with the derivative nature of piezoelec-
tric current generation. The clustering of the cycles in the narrow 
interquartile range (IQR) and the mean cycle trajectory confirms the 
structural integrity of the PVDF/SnO2 film and the absence of me-
chanical fatigue. This cyclic consistency is important for autonomous 
sensing applications where predictable power envelopes are required 
for energy management. The P-SSHI mode, incorporating synchronized 
voltage inversion at strain extrema with an efficiency factor 𝛾 = 0.75, 
significantly enhances extraction, yielding 𝑃avg = 1.251 nW at 𝑅opt =
1.47 × 1011 Ω. This is a 3.48× improvement over passive. The expanded 
phase-space loop in Fig.  6 (e) reflects amplified voltage swings and 
reactive compensation, enabling higher power despite the ultra-low 
capacitance.

The Table  4 shows the active mode’s voltage amplification with 
power density of 12.51 mW/cm3 (similar range as reported in [65]), 
and energy efficiency per cycle (64.94%). The efficiency for average 
power is 0.52% for SEH and 1.82% for P-SSHI, which falls in the 
range of reported value [66]. The formulations and the supporting 
results related to the thickness-mode energy harvester are provided in 
supplementary Information Sec S4 .

5.2. Constraint and electromechanical response of a PVDF/SnO2 piezoelec-
tric actuator

For actuators, PVDF/SnO2 composites utilize the converse piezo-
electric effect to produce mechanical displacement from electrical in-
put. SnO2 enhances mechanical compliance, allowing large strains (up 
to 2% and 𝛥𝜀 = 4% which is within the yield strength from Section 5.1) 
under applied voltages. SnO2 enable secondary functions, such as self-
cleaning and optical clarity, making them preferable for integrated 
systems over high-𝛽 alternatives that may compromise flexibility. These 
findings indicate that PVDF/SnO2’s role persists in applications such 
as IoT harvesters and soft actuators, where holistic properties are 
more important than isolated metrics [67]. The PVDF/SnO2 film is 
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Fig. 6. Dynamic electromechanical characterization of piezoelectric harvester: (a) Setup with 0.1 μm uniform sinusoidal compression on the top electrode 
along its thickness at 1 Hz. The bottom face is mechanically fixed and electrically grounded. (b) The distribution of generated voltage at maximum positive, 
zero, and negative amplitudes. (c) Evolution of the longitudinal stress (𝜎𝑧𝑧), equivalent Von Mises stress (𝜎𝑣), and longitudinal strain (𝜀𝑧𝑧). The symmetric stress 
response (±17.22 MPa) and corresponding 4.0% peak-to-peak strain swing (𝛥𝜀). (d) Instantaneous 𝑃elec as a function of 𝜀𝑧𝑧 for a PVDF harvester operating in 
passive mode at 𝑅opt = 1.47×1010 Ω. The trajectory depicts the evolution of the harvesting cycles over time. An average power output of 0.359 nW is achieved. (e)
Phase-space plot for the P-SSHI (active) mode, showing enhanced power extraction with an average power of 1.251 nW under optimal load (𝑅opt = 1.47× 1011 Ω).

Table 4
Key Performance Metrics for Passive standard energy harvester (SEH) and par-
allel synchronized-switch harvesting on inductor (P-SSHI) Harvesting Modes at 
1 Hz excitation.
 Metric Passive (SEH) P-SSHI (Active) 
 Optimal Resistance (𝑅opt ) 1.47 × 1010 Ω 1.47 × 1011 Ω  
 Peak Open Circuit Voltage (𝑉oc) 4.70 V 4.70 V  
 Peak Harvested Voltage (𝑉out ) 3.33 V 16.72 V  
 Peak Electrical Power (𝑃elec) 0.756 nW 1.905 nW  
 Average Electrical Power (𝑃avg) 0.359 nW 1.251 nW  
 Total Energy Harvested (𝐸total) 3.212 nJ 11.187 nJ  
 Peak Mechanical Power (𝑃mech) 107.713 nW 107.713 nW  
 Avg Mechanical Power (𝑃mech,avg) 68.767 nW 68.767 nW  
 Total Available Mech Energy (approx) 17.227 nJ 17.227 nJ  
 Efficiency per cycle (𝜂𝐸 = 𝐸elec∕𝐸mech) 18.65% 64.94%  
 Efficiency per cycle (𝜂𝑃 = 𝑃elec∕𝑃mech) 0.52% 1.82%  

sandwiched between polymer PEDOT:PSS electrodes [68,69] as in the 
representative figure of Fig.  7 (a). The influence of mechanical bound-
ary conditions on the apparent piezoelectric response of polymer-based 
actuators was quantified by comparing a free-standing PVDF/SnO2
laminate with an otherwise identical structure subjected to lateral 
clamping.

The FEM quantifies the effect of stress redistribution induced by 
boundary conditions on longitudinal actuation. The transverse contri-
bution enhances axial strain when 𝑑31 and 𝑑33 have the same sign, and 

reduces it when their signs are opposite [70]. Since PVDF/SnO2 system 
has opposite-signed 𝑑31 and 𝑑33, the intrinsic axial response is reduced. 
However, if fabrication or microstructural design is modified so that 
the device-level effective response produces same-sign contributions 
(for example via auxetic or re-entrant architectures, composite layering 
with oriented fillers, or engineered heterostructures) [71,72], clamped 
conditions can amplify the effective |𝑑33| beyond the intrinsic value. 
Here, the sign-aligned configuration is used as a reference case to 
illustrate the constructive limit of boundary-condition-induced ampli-
fication and to highlight the potential to tune axial actuation via 
mechanical constraints and electromechanical coupling. 

As shown in Fig.  7 (b), the free configuration achieves higher 
peak volumetric energy density (160.2 × 103 kJ/m3) compared to the 
constrained state, as lateral boundary relaxation allows greater total 
strain accumulation. However, this increased energy capacity comes 
at the cost of spatial accuracy; Fig.  8 (a) shows the free case has 
sideways drift, whereas the constrained condition enhances actuation 
purity (𝑢𝑧∕𝑢𝑥) and increases axial reach by 56.7% . In Fig.  7 (b), the 
constrained actuator provides a more stable and higher-magnitude axial 
stroke throughout the excitation cycle. The Fig.  7 (c) presents the 
spatial distribution of axial and lateral deflection for the free standing 
case and Fig.  7 (d) shows the distribution for the axial deflection for 
constrained case, as the lateral deflection is negligible.

The effective longitudinal piezoelectric coefficient extracted from 
the finite-element results is 𝑑FEM33 = 45.95 pm/V. For comparison, the 

Sustainable Materials and Technologies 48 (2026) e02008 

9 

134



S. Poudel et al.

Fig. 7. Electromechanical characterization of the ring-type PVDF/SnO2 actuator. (a) Schematic of the actuator assembly featuring a ring-shaped PVDF 
piezoelectric element sandwiched between polymer PEDOT:PSS electrodes. The device operates under a sinusoidal excitation voltage applied to the top electrode 
while the base remains grounded and fixed. (b) Comparison between Constrained and Free: lateral boundary conditions reveals that mechanical confinement 
enhances peak axial deflection to 69.6 nm. The shaded region denotes the temporal profile of the input electric field (𝐸𝑧). (c) Spatial distribution of parasitic 
lateral (𝑢𝑥) and primary axial (𝑢𝑧) displacement fields for the Free condition. (d) Evolution of axial displacement (𝑢𝑧) under the Constrained condition; the rigid 
lateral boundary suppresses transverse fluctuations, resulting in a highly pure, unidirectional mechanical stroke.

analytical upper bound assuming isotropic in-plane clamping (zero 
lateral strain with in-plane isotropy) is given by [73]: 

𝑑iso33 = 𝑑33 − 2
𝑠𝐸13

𝑠𝐸11 + 𝑠
𝐸
12
𝑑31, (5)

which yields ≈ 62 pC/N using the material parameters of the nanocom-
posite. This value significantly overestimates the simulated response 
because the ring-shaped geometry imposes anisotropic in-plane mechan-
ical constraints, violating the isotropy assumption underlying Eq. (5). A 
generalized expression that accounts for arbitrary in-plane anisotropy 
is 
𝑑eff33 = 𝑑33 − 𝐬𝖳𝑡3𝐒

−1𝐝𝑡, (6)

where 𝐬𝑡3 and 𝐝𝑡 are the transverse compliance and piezoelectric sub-
vectors, and 𝐒 is the in-plane stiffness matrix derived from the specific 
boundary conditions and geometry. Evaluation of Eq.  (6) for the con-
strained ring actuator produces 𝑑eff33 ≈ 45 pC/N, in close agreement with 
the finite-element value of 45.95 pm/V. This confirmation validates 
both the computational model and the role of geometric anisotropy 
in determining the realized electromechanical coupling under lateral 
confinement, emphasizing the necessity of full tensorial analysis for 
non-uniform device architectures. The electro-mechanical formulation 

of the Eq. (5) and (6) is explained in supplementary information Sec. 
S6. Lateral clamping suppresses transverse strains 𝜀𝑥𝑥 and 𝜀𝑦𝑦 to numer-
ical zero, enforcing a plane-strain-dominated state. As a consequence, 
the electrical work supplied to the system is preferentially converted 
into longitudinal deformation 𝜀𝑧𝑧 rather than parasitic lateral expan-
sion. This constraint-induced redirection of strain exhibits a substantial 
increase in axial displacement and elastic energy storage, despite a rise 
in normal stresses associated with reaction forces at the boundaries. 
Importantly, the von Mises stress decreases under clamped condi-
tions, indicating a shift from distortional to predominantly hydrostatic 
stress components, which is favorable for polymeric piezoelectrics. A 
key outcome is the enhancement of the 𝑑eff33 , extracted from fitting 
the FEM simulated electric field–strain response. While the intrinsic 
material coefficient remains unchanged, the apparent 𝑑eff33  increases 
from 26.9 pm/V in the free-standing configuration to 45.95 pm/V un-
der lateral clamping. This enhancement arises from electromechanical 
coupling through constrained transverse modes (via 𝑑31 and elastic 
compliance terms). Table  5 summarizes the electromechanical perfor-
mance metrics for both configurations. The results establish lateral 
mechanical constraint as a design strategy to achieve large axial stroke, 
high energy density, and near-uniaxial actuation in PVDF-based sys-
tems without altering material composition or poling chemistry. The 
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Fig. 8. Analysis comparing axial displacement (𝑢𝑧) against parasitic lateral motion (𝑢𝑥) (a) Free condition exhibits a coupled response reaching a maximum 
𝑢𝑧 = 44.41 nm. In contrast, the Constrained condition optimizes the trajectory, reaching an enhanced axial stroke of 𝑢𝑧 = 69.60 nm while parasitic lateral motion 
is confined within the range of [−0.1168, 0.1140] nm. (b) The linear relationship between axial strain (𝜖𝑧𝑧) and applied electric field (𝐸𝑧) is plotted based on FEM 
results. The slope of the linear regression yields (𝑑𝐹𝐸𝑀33 = 45.95 pm/V) the effective sensitivity, demonstrating high electromechanical linearity and providing a 
fundamental metric for the actuator’s performance.

Table 5
Comparative analysis of mechanical and electromechanical parameters. The 
effective piezoelectric coefficient is reported as a modulus |𝑑eff33 | to facilitate 
direct comparison of magnitude enhancement.
 Parameter Free-Standing Lateral-Clamped  
 Peak electric field (MV/m) 400.0 400.0   
 Longitudinal strain 𝜀𝑧𝑧 (%) 1.145 1.838   
 Transverse strain 𝜀𝑥𝑥 (%) 0.683 ∼0   
 Transverse strain 𝜀𝑦𝑦 (%) 0.093 ∼0   
 Axial displacement 𝑢𝑧 (nm) 44.4 69.6   
 Lateral displacement 𝑢𝑥 (nm) 0.117 0.0029   
 Von Mises stress (MPa) 15.3 4.83   
 Total elastic energy (J) 4.5 × 10−10 1.6 × 10−9   
 Energy density (kJ/m3) 45.3 160.2   
 |𝑑eff33 | (pm/V) 27.46 45.95   

Supplementary Information Sec. S5 contains details for the bound-
ary conditions and the supporting electro-mechanical response for the 
actuators’ simulations.

6. Conclusions

This study combined literature mining, experimental fabrication, 
machine learning, and finite-element modeling to investigate PVDF/SnO2
electrospun nanofibers as a multifunctional piezoelectric material. The 
NLP screening helped identify SnO2 as a promising but still underex-
plored filler for PVDF. Experimental characterization confirmed that 
electrospinning and SnO2 incorporation improved the fiber morphology 
and increased the electroactive 𝛽-phase fraction. Under the optimized 
conditions, the composite showed a reduction in fiber diameter from 
680 nm to 290 nm and an increase in 𝛽-phase content from 0.3456 in 
PVDF powder to 0.5725 in the SnO2-doped composite. The PGMLpiezo 
model provided an estimate of the piezoelectric response, predicting 
a longitudinal coefficient of |𝑑33| = 28.91 pC/N for the 1.5 wt.% 
SnO2–PVDF composite. This value was then used in FEM to evaluate 
device-level behavior. For the thickness-mode energy harvester, the 
model predicted an open-circuit voltage of 4.7 V and a power output 
in the nanowatt range, with improved performance under the active 
P-SSHI configuration. For the actuator geometry, lateral clamping sig-
nificantly enhanced the effective axial response, increasing the stroke 
by 56.7% and raising the effective piezoelectric coefficient to 45.95 
pm/V.

The results show that SnO2 is a viable filler for improving the 
electromechanical response of electrospun PVDF. Also, combining ex-
periment with machine learning is an effective strategy for linking 
material design to device performance. At the same time, the study also 
shows that the observed actuation and harvesting performance depends 
strongly on geometry, boundary conditions, and the assumptions used 
in tensor reconstruction and continuum modeling.
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 A B S T R A C T

Laser powder bed fusion (LPBF) of 2507 super duplex stainless steel (SDSS) commonly produces ferrite-rich 
microstructures with high strength but limited plastic accommodation. This study defines a volumetric-
energy-density (VED)-based process window for LPBF 2507 and compares as-printed (AS), stress-relieved (SR), 
and solution-annealed (SA) conditions using microstructural characterization, mechanical testing, and finite-
strain elastoplastic simulation. Near-full-density builds were obtained above approximately 160 Jmm−3. X-ray 
diffraction (XRD) confirmed ferrite-dominated AS and SR states and supported ferrite peak-broadening analysis, 
while electron backscatter diffraction (EBSD) quantified phase balance. AS and SR remained strongly ferritic, 
whereas, among the tested post-processing conditions, SA at 1100 ◦C/15 min produced an approximately 
balanced ferrite–austenite phase constitution, with about 51% ferrite and 49% austenite. This transition 
reduced tensile strength from 1393 MPa in AS to 861 MPa in SA, but increased elongation from 1.15% to 
12.57%. Finite-strain 𝐽2 plasticity simulations showed that post-processing mainly modifies yield-stress level, 
strain localization, and plastic strain accumulation before instability.

1. Introduction

Laser powder bed fusion (LPBF) is increasingly used to fabricate 
metallic components that require geometric complexity together with 
reliable performance under thermo-mechanical and corrosive service 
conditions [1,2]. Super duplex stainless steel (SDSS) 2507 is a partic-
ularly relevant alloy for this context because its performance depends 
strongly on the ferrite–austenite phase balance. Under near-equilibrium 
conditions, SDSS combines a body-centered cubic (BCC) ferrite matrix, 
which contributes high strength and stress-corrosion resistance, with 
face-centered cubic (FCC) austenite, which improves ductility and frac-
ture toughness [3,4]. This duplex synergy also supports the pitting and 
stress-corrosion resistance that distinguishes SDSS from conventional 
austenitic stainless steels such as 316L. The LPBF thermal cycle disrupts 
this equilibrium phase balance. High cooling rates and steep thermal 
gradients kinetically stabilize 𝛿-ferrite and suppress the diffusional 
𝛿 → 𝛾 transformation [5,6]. Consequently, LPBF 2507 is usually 
ferrite-dominated in the as-built state, with only limited austenite at 
grain boundaries or as sparse intragranular Widmanst"atten-like fea-
tures [7,8]. This phase imbalance reduces the ductility and toughness 
normally expected from duplex design, even though strength remains 

∗ Corresponding authors.
E-mail addresses: mengistu.jemberu.dagnaw@polsl.pl (M. Dagnaw), sachin.poudel@polsl.pl (S. Poudel).

high [9,10]. The key challenge is therefore not to reproduce wrought 
duplex behavior directly after printing, but to determine whether post-
processing can recover a useful balance between strength, ductility, and 
toughness.

Post-process heat treatment provides the main route for correcting 
the ferrite-rich LPBF microstructure. Low-temperature stress relief, typ-
ically near 300 °C to 500 °C, mainly reduces residual stress and partially 
recovers the dislocated ferritic substructure, with limited influence on 
phase balance [11,12]. High-temperature solution annealing, typically 
near 1040 °C to 1100 °C, promotes ferrite-to-austenite rebalancing and 
can dissolve deleterious secondary phases, although it also reduces 
strength [10,13]. The final response depends on the as-built defect 
state, the retained ferrite fraction, and the kinetics of austenite refor-
mation during thermal exposure [14,15]. Despite the growing literature 
on LPBF duplex and super duplex stainless steels, three issues remain 
insufficiently connected. First, many studies optimize printing param-
eters without linking volumetric energy density (VED), porosity, and 
phase constitution in a single process map [4,16]. Second, mechanical 
characterization is often limited to hardness or tensile strength, with 
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Table 1
Alloy chemistry of AISI 2507 powder, showing major and trace elements relevant to LPBF.
 Element Fe Cr Ni Mo Mn Si N Cu C P S O  
 wt.% Bal. 25 6.3 3.8 0.4 0.35 0.30 0.15 0.016 0.024 0.001 0.017 

less emphasis on how heat treatment changes ductility and impact be-
havior. Third, computational models are commonly used to reproduce 
nominal stress–strain curves, but less often to compare strain localiza-
tion and plastic accommodation across ferrite-rich and duplex-restored 
states [17–19]. A combined experimental–computational comparison 
is therefore needed to connect processing, phase constitution, and 
mechanical response in LPBF SDSS 2507.

This study addresses this gap by defining a VED-based process 
window for high-density LPBF 2507 and by comparing the microstruc-
tural and mechanical effects of three conditions: as-printed (AS), low-
temperature stress-relieved (SR), and solution-annealed (SA). Finite-
strain 𝐽2 elastoplastic simulations are used to interpret the measured 
tensile response, strain localization, and necking behavior. The anal-
ysis is framed as a quantitatively anchored comparison of ferrite-rich 
AS/SR states and a duplex-rebalanced SA state produced from the 
same selected LPBF parameter set, with porosity screening, electron 
backscatter diffraction (EBSD) phase quantification, mechanical testing, 
and calibrated strain-localization analysis treated as one processing, 
structure, property chain.

2. Materials, processing, and characterization

2.1. Fabrication and testing

Gas-atomized super duplex stainless steel powder (UNS S32750/EN 
1.4410, Osprey® AISI 2507 VIGA, Sandvik Osprey Ltd.) with the chem-
ical composition listed in Table  1 was used in this study.

The powder exhibited a predominantly spherical morphology with 
a particle size distribution ranging from 15 to 53 μm (Fig.  1a, b). Laser 
powder bed fusion was carried out using an AM125 system (Renishaw, 
UK) equipped with a Yb-fiber laser (𝜆 = 1.074 μm, 𝑃max = 200W). 
Square specimens measuring 1.0 cm × 1.0 cm were fabricated in an argon 
atmosphere with the oxygen level maintained below 10 ppm using 
a gas recirculation system. A commercially pure mild-steel substrate 
was used to promote initial bonding. A meander scanning strategy 
with 67◦ interlayer rotation was adopted to reduce systematic texture 
accumulation (Fig.  1c, d). Process parameters were varied over a broad 
volumetric energy density (VED) range, and base-plate preheating to 
150 °C was applied only to parameter sets P1–P6 (Fig.  3). The param-
eter matrix intentionally combines a broad VED range with explicitly 
identified preheated and non-preheated builds; therefore, the porosity 
results are discussed as a process-window map, with the preheating 
state retained as a separate processing descriptor.

Three thermal conditions were investigated: as-printed (AS), stress-
relieved at 300 °C for 5 h (SR) with furnace cooling, and solution-
annealed at 1100 °C for 15min (SA) followed by water quenching. 
The SA condition was selected within the high-temperature solution-
annealing range for duplex stainless steels to promote ferrite-to-
austenite rebalancing while limiting unnecessary thermal exposure. The 
present comparison, therefore, evaluates one representative solution-
treatment condition rather than a full heat-treatment optimization 
matrix.

Metallographic preparation consisted of sequential grinding with 
SiC abrasive papers (500–2000 grit), followed by polishing with dia-
mond suspensions of 9, 3, and 1 μm and final polishing with 0.04 μm
colloidal silica suspension. Microstructural characterization was first 
performed using light optical microscopy (LEICA MEF4 A) and scanning 
electron microscopy (Zeiss Supra 35) with energy-dispersive X-ray spec-
troscopy (EDS) capability to examine defect morphology and ferrite–
austenite phase morphology. Electron backscatter diffraction (EBSD) 

was then used to quantify phase balance and crystallographic-domain 
features. EBSD maps were acquired at 20 kV using a hexagonal grid 
with a step size of 0.4 μm. The corresponding row spacing was 0.346 μm, 
and the mapped field was approximately 220.0 × 220.0 μm2, giving an 
analyzed area of approximately 4.84 × 104 μm2. Quantitative ferrite–
austenite phase fractions were therefore taken from the EBSD phase 
maps.

X-ray diffraction (XRD) was used as a complementary method 
for phase identification, peak-position comparison, and ferrite line-
broadening analysis. XRD was performed with a step size of 0.05◦ and a 
counting time of 100 s per step, corresponding to an effective scan rate 
of 0.0005 ◦ s−1 (0.03 ◦ min−1). Phase identification was performed using 
X’Pert HighScore Plus with Joint Committee on Powder Diffraction 
Standards (JCPDS) and Inorganic Crystal Structure Database (ICSD) 
reference databases. The weak austenite reflections in AS and SR were 
used as supporting qualitative diffraction evidence and interpreted to-
gether with EBSD phase mapping. For ferrite line-broadening analysis, 
full width at half maximum values were converted from degrees to 
radians before calculation, a Scherrer shape factor of 𝜅 = 0.9 was used, 
and the same peak-fitting protocol was applied to all conditions. The 
apparent ferrite crystallite size was estimated using 𝐷 = 𝜅𝜆∕(𝛽 cos 𝜃), 
followed by 𝛿 = 1∕𝐷2 and 𝜀 = 𝛽∕(4 tan 𝜃) for the corresponding 
line-broadening-derived dislocation-density and microstrain indicators.

Mechanical testing was performed on horizontally oriented speci-
mens (perpendicular to the build direction) using standardized proce-
dures. Tensile properties were measured using flat dog-bone specimens 
(ISO 2740) on a Zwick Z100 universal testing machine at room temper-
ature, in accordance with PN-EN-ISO 6892-1. Tensile testing followed 
PN-EN-ISO 6892-1 Method A at an initial strain rate of 2.5 × 10−4 s−1, 
corresponding to 0.45mmmin−1 for 𝐿0 = 30mm. The reported elon-
gation values correspond to the specimen geometry shown in Fig.  9. 
Hardness was assessed using both Rockwell A measurements (Zwick 
ZHR 4150TK, ISO 6508, 60 kgf) and Vickers microhardness profiles 
(HV0.1, ASTM E384, 100 gf). The Rockwell A measurements corre-
spond to macrohardness on the top surface and polished cross-section, 
whereas HV0.1 refers to cross-sectional microhardness. Impact testing 
used full-size unnotched Charpy-type bars (55 × 10 × 10 mm3) on a 
machine verified according to PN-EN ISO 148-2. The specimens had 
the geometry shown in Fig.  1(f) and were tested using the same support 
span and impact configuration for all conditions. Because the specimens 
were full-sized and unnotched, the absorbed energies are reported as 
geometry-specific values for direct comparison among AS, SR, and SA 
and are not converted to V-notched Charpy energy. Complementary 
analysis included fractographic examination using a Phenom G2 XL 
scanning electron microscope and quantitative porosity analysis on 
metallographically prepared horizontal sections.

Porosity was determined by computer image analysis (Image Pro 
Plus 7.0) using 10 optical micrographs per condition. For each pa-
rameter set, porosity was evaluated from repeated fields of view and 
reported as mean values; the revised VED–porosity plot includes error 
bars and sample labels to show scatter and parameter identity. The 
solution-annealed specimens underwent ductile bending during impact 
testing, so SEM fractography was focused on the AS and SR specimens 
that produced analyzable fracture surfaces.

2.2. Feedstock crystallography and initial LPBF response

The super duplex stainless steel powder, grade 2507, exhibits a 
particle size distribution ranging from 16.85 μm (𝐷10) to 53.83 μm (𝐷90) 
with an average volume diameter of 31.42 μm (Fig.  1b), where 𝐷10, 
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Fig. 1. Overview of feedstock characteristics, LPBF processing, and specimen geometries for SDSS 2507: (a) gas-atomized SDSS 2507 powder morphology; (b)
particle size distribution (𝐷10 = 16.85 μm, 𝐷50 = 31.42 μm, 𝐷90 = 53.83 μm); (c, d) LPBF process schematic with bidirectional scan strategy and 67◦ interlayer 
rotation along XY plane; (e) Vickers hardness specimen geometry; (f) unnotched Charpy specimen geometry.

𝐷50, and 𝐷90 represent the maximum particle diameters below which 
10%, 50%, and 90% of the sample volume exists, respectively. Mi-
crostructural characterization shows that the gas-atomized powder is 
predominantly ferritic at room temperature, with thin austenite (𝛾) 
films along cellular/dendritic boundaries (Fig.  2). This microstructure 
results from primary 𝛿∕𝛼 solidification and rapid cooling during at-
omization, which suppresses ferrite→austenite transformation while 
allowing limited 𝛾 nucleation at chemically segregated boundaries [19].

EBSD analysis reveals predominantly equiaxed ferrite grains with a 
weak texture. Abundant low-angle boundaries (2◦ to 15◦) are observed 
within the ferritic matrix, consistent with subgrain/dislocation-wall 
structures associated with rapid solidification and thermal contraction 
during LPBF. A continuous high-angle boundary network (> 15◦) de-
fines the crystallographic grain boundaries. This behavior is consistent 
with LPBF-processed duplex stainless steels, where rapid solidification 
promotes ferrite-rich microstructures [5,20]. The solidified microstruc-
ture reflects the cooling rate-controlled 𝛿 → 𝛾 transformation in 
duplex stainless steels [21]; ferrite forms first during cooling from the 
melt, while subsequent austenite nucleation is constrained by the high 
cooling rate, with morphology evolving from allotriomorphic to Wid-
manstätten/acicular forms as undercooling increases. The volumetric 
energy density (VED) was calculated as 

𝑉ED = 𝑃
𝑣ℎ𝑡

, (1)

where 𝑃  is the laser power in W, 𝑣 is the scan speed in mm s−1, ℎ is 
the hatch spacing in mm, and 𝑡 is the layer thickness in mm. With these 
units, 𝑉ED is obtained in J mm−3. Hatch spacing and layer thickness 
values expressed in micrometers were converted to millimeters before 
calculation.

The calculated values in Table  2 were verified by direct substi-
tution into Eq. (1). Scan speeds are reported to two decimal places 
where needed to preserve consistency between the displayed process 
parameters and the corresponding rounded VED values.

Pore morphology was strongly dependent on the applied process 
window. At low energy density, porosity was dominated by large 
irregular lack-of-fusion defects and partially fused regions, as illustrated 

Table 2
LPBF process-parameter matrix and calculated volumetric energy density for 
SDSS 2507.
 Sample 𝑃 (W) 𝑣 (mm s−1) ℎ (mm) 𝑡 (mm) 𝑉ED (J mm−3) 
 P1 200 300.00 0.100 0.030 222.22  
 P2 190 300.00 0.100 0.030 211.11  
 P3 180 300.00 0.100 0.030 200.00  
 P4 170 300.00 0.100 0.030 188.89  
 P5 160 300.00 0.100 0.030 177.78  
 P6 150 300.00 0.100 0.030 166.67  
 A1 180 250.00 0.120 0.030 200.00  
 A2 180 300.00 0.120 0.030 166.67  
 A3 180 375.00 0.120 0.030 133.33  
 A4 180 500.00 0.120 0.030 100.00  
 B1 180 391.67 0.120 0.030 127.66  
 B2 180 470.00 0.120 0.030 106.38  
 B3 180 587.50 0.120 0.030 85.11  
 B4 180 783.33 0.120 0.030 63.83  
 C1 180 525.00 0.120 0.030 95.24  
 C2 180 630.00 0.120 0.030 79.37  
 C3 180 787.50 0.120 0.030 63.49  
 C4 180 1050.00 0.120 0.030 47.62  
 D1 180 666.67 0.120 0.030 75.00  
 D2 180 800.00 0.120 0.030 62.50  
 D3 180 1000.00 0.120 0.030 50.00  
 D4 180 1333.33 0.120 0.030 37.50  

for the lower-VED parameter combinations in Fig.  3b. With increas-
ing VED, incomplete-melting-induced porosity decreased, consistent 
with improved melt-pool overlap and consolidation [12]. A smaller 
population of nearly spherical pores, attributed to gas entrapment 
during melting or gas inherited from feedstock particles, remained 
morphologically distinct from the irregular lack-of-fusion defects [12,
19].

Because the present parameter matrix was designed to identify 
a practical low-porosity processing window, Fig.  4 is interpreted as 
a process-window screening map. The preheated P1–P6 series and 
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Fig. 2. EBSD crystallographic characterization of SDSS 2507 powder feedstock: (a) austenite phase IPF map, (b) ferrite phase IPF map, and (c) phase distribution 
map (ferrite: red; austenite: green). (d) Combined IPF map showing microstructural morphology with crystallographic orientation key, and (e) grain-boundary 
map with misorientation classification: 2◦ to 5◦ (red), 5◦ to 15◦ (green), and 15◦ to 180◦ (blue). Total boundaries analyzed: 15 044 with cumulative boundary 
length of 1.56mm for misorientations above 2◦.

the non-preheated A–D series are plotted as distinct subsets in Fig. 
4. The fitted curve is used as a descriptive guide to summarize the 
observed densification trend across the explored parameter space. Near-
full densification was defined operationally as a mean porosity of 
≤ 1.0 area%, measured by optical image analysis on repeated met-
allographic fields. The 0.5 area% line in Fig.  4 is used as a stricter 
low-porosity guide. These thresholds provide practical criteria for se-
lecting a robust LPBF parameter set for subsequent microstructural and 
mechanical evaluation.

The processing condition selected for subsequent study, shown 
within the low-porosity region in Fig.  4, used laser power 𝑃 = 180W, 
hatch spacing ℎ = 120 μm (0.120mm), layer thickness 𝑡 = 30 μm
(0.030mm), and scan speed 𝑣 = 300mm s−1. Direct substitution into 
Eq. (1) gives

𝑉ED = 180
300 × 0.120 × 0.030

= 166.67 Jmm−3.

2.3. Phase evolution from XRD and SEM

X-ray diffraction shows a strong dependence of phase constitution 
on post-process thermal history in LPBF-processed SDSS 2507 (Fig.  5). 
In the as-printed condition, the diffraction pattern is dominated by 
ferritic reflections, with strong Fe-𝛼 (110), (200), and (211) peaks, 
whereas the austenite contribution is weak. This response is consis-
tent with rapid solidification during LPBF, which suppresses diffusion-
controlled austenite formation and stabilizes a ferrite-rich metastable 
microstructure [10]. Heat treatment changes the diffraction response. 
Stress relief at 300 °C for 5 h preserves the ferrite-dominated phase 
constitution while promoting partial recovery of the as-built defect 
structure. Only weak austenite-related diffraction features are detected 
in the ferrite-rich AS and SR states. For this reason, the AS/SR austenite 

contents are quantified from EBSD phase maps, while XRD is used pri-
marily for qualitative phase identification, peak-position comparison, 
and ferrite peak-broadening analysis. In contrast, solution annealing at 
1100 °C for 15min produces substantially stronger 𝛾 reflections, includ-
ing (111), (200), (220), (311), and (222), together with reduced rel-
ative ferrite peak intensity, consistent with marked phase rebalancing 
toward a duplex microstructure [16].

Quantitative analysis of the ferrite reflections (Table  3) shows pro-
gressive peak sharpening from the AS/SR conditions to the SA condi-
tion, as indicated by lower mean full width at half maximum values. 
The present diffraction analysis evolution supports reduced ferrite line 
broadening after high-temperature treatment and is consistent with 
recovery of microstrain, reduction in stored defect density, and an 
increase in apparent ferritic crystallite size [22–24]. The derived crys-
tallite size, dislocation-density, and microstrain values are therefore 
reported as ferrite line-broadening metrics that complement the EBSD-
based phase and microstructural analysis. The austenite response is 
evaluated through the EBSD phase maps and the stronger SA austenite 
reflections, providing a consistent two-phase comparison across the 
AS, SR, and SA conditions. Phase-fraction assessment is reported from 
EBSD, while XRD is used to support phase identification, peak-position 
comparison, and ferrite line-broadening analysis.

Scanning electron microscopy further clarifies the morphological 
consequences of this phase evolution (Fig.  6). The as-printed mi-
crostructure (Fig.  6(a, b)) consists primarily of irregular ferritic grains 
aligned preferentially along the build direction, with a bimodal mor-
phology comprising finer equiaxed regions (5 μm to 20 μm) and elon-
gated grains extending to approximately 50 μm to 70 μm. Columnar 
growth is evident near melt-pool boundaries, while the fine-scale ar-
chitecture is dominated by cellular or dendritic substructure. Austenite 
is limited and appears mainly at prior ferrite grain boundaries and 
triple junctions as grain-boundary allotriomorphic constituents [5,
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Fig. 3. Optical micrographs of LPBF-fabricated SDSS 2507 obtained under different printing parameters: (a) specimens fabricated using the P1–P6 parameter set, 
corresponding to the preheated screening subset; and (b) specimens fabricated using the A1–A4, B1–B4, C1–C4, and D1–D4 parameter sets. The micrographs show 
the evolution of defect population and morphology across the explored process window. Low-energy-density conditions contain more irregular lack-of-fusion and 
partially fused regions, whereas higher-energy-density conditions show reduced defect severity and transition toward a low-porosity regime.

Fig. 4. VED–porosity map for LPBF SDSS 2507. Error bars are shown where repeated image-analysis fields were available in the plotted dataset; P1–P6 are 
retained as the preheated screening subset, while A–D represent the non-preheated parameter sets. The dotted line is a descriptive empirical inverse power-law 
fit, 𝜙 = 5.25×105𝑉 −2.61

ED +0.22, with 𝑅2 = 0.974, where 𝜙 is porosity in area percent. The horizontal lines at 1.0 percent and 0.5 percent mark near-full-density and 
low-porosity guides; vertical lines at approximately 160 and 188 J mm−3 mark the corresponding high-VED regime. The fit summarizes the densification trend 
across the screened parameter space and is used as a practical guide for process-window selection.
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Fig. 5. XRD patterns of LPBF SDSS 2507 in the AS, SR, and SA heat-treated conditions, used for qualitative phase identification and peak-position comparison. 
AS and SR show dominant Fe-𝛼 reflections, whereas SA exhibits clearly resolved Fe-𝛾 reflections in addition to Fe-𝛼, indicating phase rebalancing toward a duplex 
ferrite–austenite constitution.

Table 3
Ferrite-phase XRD peak-position and line-broadening parameters for LPBF-processed SDSS 2507. The 2𝜃 peak positions and full 
width at half maximum (FWHM) values, 𝛽, were extracted from the Fe-𝛼 (110), (200), and (211) reflections. The arithmetic 
mean FWHM, 𝛽, was used as the line-broadening input to estimate the apparent crystallite size (𝐷), dislocation density (𝛿), and 
microstrain (𝜀).
 Condition 2𝜃 (◦) FWHM, 𝛽 (◦) 𝛽 𝐷 𝛿 𝜀  
 110 200 211 110 200 211 (◦) (nm) (10−3 nm−2) (10−3) 
 AS 52.10 76.64 99.02 0.50 1.24 0.95 0.90 12.16 7.85 5.21  
 SR 52.05 76.51 98.95 0.50 1.27 0.87 0.85 13.06 7.07 4.94  
 SA 52.05 76.58 98.92 0.37 0.75 0.76 0.63 20.44 2.78 3.46  

9]. Phase labels in the SEM micrographs are assigned using cor-
relative EBSD phase mapping and XRD phase identification, while 
etched SEM contrast provides the morphological context for inter-
preting phase distribution. Solution annealing (Fig.  6(c, d)) produces 
a marked microstructural reconfiguration. The ferrite fraction is re-
duced, and austenite is distributed more extensively throughout the 
microstructure as intergranular and intragranular Widmanstätten-like 
morphologies. The resulting structure is more spatially balanced than 
in the as-built condition and is consistent with the stronger Fe-𝛾
reflections observed by XRD in Fig.  5. At the present evidence level, the 
effect of solution treatment is most appropriately interpreted as phase 
rebalancing accompanied by recovery of the highly constrained ferritic 
cellular structure [25].

2.4. EBSD-based phase balance and boundary analysis

EBSD analysis confirms that the microstructure of LPBF-processed 
SDSS 2507 is strongly dependent on post-process thermal history, as 
shown in Fig.  7. The phase maps resolve the ferrite–austenite bal-
ance in each analyzed field, while the inverse pole figure (IPF) maps 
and boundary statistics capture the corresponding evolution in recon-
structed crystallographic domains and boundary character. Reported 
size values are EBSD-reconstructed crystallographic domain sizes ob-
tained using a grain tolerance angle of two degrees. They describe 
crystallographic domains or subgrains resolved by EBSD and can there-
fore differ from the larger morphological features visible in SEM. 
Throughout this analysis, these values are referred to as reconstructed 
crystallographic domain size or EBSD-reconstructed grain/domain size, 
rather than direct SEM grain size. The EBSD analysis was performed on 

selected representative fields with a defined scan area, step size, and 
reconstruction protocol. The resulting phase fractions, reconstructed 
crystallographic domain sizes, and boundary fractions provide field-
level quantitative estimates for direct comparison among the AS, SR, 
and SA conditions.

In the as-printed condition, the analyzed field is strongly ferritic 
(Fe-𝛼 ≈ 96.4%, Fe-𝛾 ≈ 3.6%) and predominantly consists of primary 
𝛿-ferrite with a fine reconstructed crystallographic domain structure. 
The average EBSD-reconstructed grain/domain size is approximately 
1.6 μm. As shown in Fig.  7(d), the IPF map reveals elongated ferritic 
domains together with a dense population of low-angle grain bound-
aries (LAGBs; 2◦–15◦), whereas high-angle grain boundaries (HAGBs; 
>15◦) form a comparatively lower-fraction network. The phase-specific 
reconstructed crystallographic domain sizes indicate a bimodal distri-
bution, with average reconstructed sizes of approximately 0.8 μm for 
𝛾-Fe and 2.3 μm for 𝛼-Fe. After stress relief at 300 °C for 5 h, the analyzed 
field remains ferrite-dominated (Fe-𝛼 ≈ 99.5%, Fe-𝛾 ≈ 0.5%). Because 
the 𝛾 fraction is very small in both AS and SR, the AS–SR comparison 
is reported as a field-level EBSD trend and interpreted within the 
context of field selection, indexing quality, and phase-cleanup param-
eters. The average EBSD-reconstructed grain/domain size increases to 
approximately 4.0 μm, with reconstructed 𝛼-Fe and 𝛾-Fe sizes of about 
7.7 μm and 0.8 μm, respectively. This increase is consistent with recovery 
processes, including dislocation rearrangement, subgrain coalescence, 
and refinement of the low-angle boundary network under the adopted 
reconstruction criterion.

Substantial microstructural rebalancing occurs after solution an-
nealing at 1100 °C for 15min, where the analyzed field shows a near-
balanced duplex structure (Fe-𝛼 ≈ 50.98%, Fe-𝛾 ≈ 49.07%). In this 
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Fig. 6. SEM micrographs of LPBF-built 2507 SDSS acquired on horizontal sections, i.e., the XY plane perpendicular to the build direction (BD⊙, out of the 
image plane): (a, b) AS and (c, d) SA. The micrographs show the ferrite-dominated cellular/dendritic morphology in the AS condition and the more spatially 
balanced ferrite–austenite morphology after solution annealing. Phase interpretation combines EBSD phase mapping, XRD phase identification, and etched SEM 
morphology.

condition, austenite is distributed more extensively within the fer-
ritic matrix, including Widmanstätten-like morphologies visible in Fig. 
7(f). The reconstructed phase-specific crystallographic domain sizes are 
approximately 3.5 μm for 𝛼-Fe and 2.1 μm for 𝛾-Fe, with an overall EBSD-
reconstructed grain/domain size of about 2.3 μm. Relative to AS and 
SR, the SA condition exhibits a larger HAGB fraction and a substan-
tially more balanced ferrite–austenite phase constitution. The higher 
HAGB fraction and more continuous austenite distribution provide 
a microstructural basis for more distributed plastic accommodation, 
consistent with the improved elongation, reduction in area, and impact-
energy absorption. Quantitative comparison of Figs.  7(a)–(c) and 7(g) 
shows that the analyzed AS and SR regions are ferrite-dominated and 
rich in LAGBs, whereas the analyzed SA region shows an approx-
imately balanced duplex phase constitution with a more extensive 
HAGB network. Within the examined AS, SR, and SA conditions, the 
EBSD results show that low-temperature stress relief promotes recov-
ery of the ferritic as-built structure, whereas solution annealing pro-
duces an approximately balanced duplex microstructure in the analyzed 
field [26].

3. Mechanical response and elastoplastic interpretation

3.1. Hardness, tensile response, and impact behavior

The hardness response was first evaluated to establish how post-
processing changed the near-surface and cross-sectional mechanical 
state of LPBF-manufactured SDSS 2507. Rockwell A hardness was mea-
sured on both the top surface and polished cross-section, whereas HV0.1

was measured on the polished cross-section. The numerical values are 
summarized in Table  4, and the corresponding trends are shown in Fig. 
8(a, b).

The as-printed (AS) condition exhibited the highest hardness re-
sponse, with Rockwell A hardness values of 70.60 ± 2.30 HRA on the 
surface and 72.22 ± 1.21 HRA on the cross-section. The corresponding 
cross-sectional microhardness was 511.31 ± 29.74 HV0.1. After stress 
relief (SR), the hardness decreased only slightly, giving 69.16±2.30 HRA 
on the surface, 69.92±1.53 HRA on the cross-section, and 496.19±45.85
HV0.1. In contrast, solution annealing (SA) produced the dominant 
hardness reduction, lowering the Rockwell hardness to 63.58 ± 1.27
HRA on the surface and 60.48 ± 2.49 HRA on the cross-section, with 
a cross-sectional microhardness of 358.35 ± 53.07 HV0.1. The AS–SR 
difference is small relative to the measured scatter and indentation 
scale, indicating that low-temperature stress relief preserves much of 
the ferrite-dominated high-hardness state. The clearest trend is the 
pronounced softening after SA. This response is consistent with the 
transition from a ferrite-dominated LPBF microstructure containing fine 
cellular/subgrain features to a more balanced duplex structure after 
solution annealing [15,16,27].

The tensile and impact response was then evaluated to deter-
mine whether the hardness trends translated into broader changes in 
strength, ductility, and absorbed-energy capacity. Fig.  9(b–d) shows the 
engineering stress–strain curves for the AS, SA, and SR conditions, to-
gether with the calibrated finite-element-model (FEM) responses up to 
the onset of necking. The corresponding tensile and impact properties 
are summarized in Table  5.

The as-printed (AS) condition showed the highest tensile strength, 
with a yield strength of 1211±108 MPa and an ultimate tensile strength 
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Fig. 7. EBSD maps of LPBF 2507 SDSS on horizontal sections (XY plane, perpendicular to the build direction): (a–c) phase maps for AS, SR, and SA; (d–f)
corresponding IPF maps; (g) HAGB fraction, LAGB fraction, EBSD-reconstructed grain/domain size, and orientation concentration relative to the build direction. 
The EBSD values provide field-level quantitative estimates from selected representative maps and enable consistent comparison of the analyzed AS, SR, and SA 
regions.

Fig. 8. Hardness response of LPBF-manufactured SDSS 2507 measured along the XY plane under different post-processing conditions: (a) Rockwell A hardness 
measured on the top surface and polished cross-section of AS, SR, and SA specimens; and (b) cross-sectional Vickers microhardness, HV0.1. Solution annealing 
produces the strongest hardness reduction, whereas the AS and SR conditions retain comparatively high hardness.
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Table 4
Hardness of LPBF-processed SDSS 2507 under different post-processing conditions. Rockwell 
A hardness was measured on both the top surface and polished cross-section, while Vickers 
microhardness was measured on the polished cross-section using an HV0.1 load. Values are 
reported as mean ± standard deviation.
 Condition Rockwell A hardness (HRA) Vickers microhardness 
 Surface Cross-section HV0.1, cross-section  
 AS 70.60 ± 2.30 72.22 ± 1.21 511.31 ± 29.74  
 SR 69.16 ± 2.30 69.92 ± 1.53 496.19 ± 45.85  
 SA 63.58 ± 1.27 60.48 ± 2.49 358.35 ± 53.07  

Table 5
Tensile and impact properties of LPBF SDSS 2507 in the AS, SR, and SA conditions. Values are mean ± standard deviation where 
applicable. EL, 𝐴, denotes total elongation after fracture. 𝐸app denotes the apparent tensile modulus extracted from the initial 
linear region of the engineering stress–strain curves and used for model calibration.
 Sample YS (0.2%) [MPa] UTS [MPa] 𝐸app [GPa] EL, 𝐴 [%] RA [%] Impact energy [J] 
 AS 1211 ± 108 1393 ± 5 172 1.15 ± 0.07 2.35 ± 0.52 103 ± 26.67  
 SR 1082 ± 162 1350 ± 8 188 1.50 ± 0.31 3.18 ± 0.73 122.5 ± 38.89  
 SA 506 ± 75 861 ± 3 150 12.57 ± 0.34 27.25 ± 0.96 ≥ 450  

of 1393 ± 5 MPa, but the deformation capacity was limited, with total 
elongation of only 1.15 ± 0.07% and reduction in area of 2.35 ± 0.52%. 
Stress relief (SR) preserved a broadly similar high-strength response, 
with 1082 ± 162 MPa yield strength and 1350 ± 8 MPa ultimate tensile 
strength, while producing only a modest increase in elongation and 
reduction in area. Thus, SR remains mechanically close to AS and is best 
interpreted as a recovery-dominated reference state rather than as a 
treatment that restores a balanced duplex mechanical response [16,28].

In contrast, solution annealing (SA) produced the dominant me-
chanical transition in the present study. The yield strength decreased 
to 506± 75 MPa and the ultimate tensile strength to 861± 3 MPa, while 
the total elongation increased to 12.57 ± 0.34% and the reduction in 
area increased to 27.25±0.96%. The reduction in area therefore follows 
the same hierarchy as elongation, increasing from AS to SR and then 
markedly after SA. This response is consistent with the microstructural 
transition from a strongly ferritic, defect-rich as-built state to a more 
spatially balanced duplex structure after solution annealing.

The impact response follows the same hierarchy. AS and SR ab-
sorbed 103 ± 26.67 J and 122.5 ± 38.89 J, respectively, whereas the 
SA specimens exceeded the fracture capacity available under the full-
size unnotched Charpy configuration used here. The absorbed energy is 
therefore reported as ≥ 450 J and treated as a geometry-specific impact 
response for this test configuration.

3.2. Finite-strain elastoplastic model

The mechanical response of SDSS 2507 was modeled using a finite-
strain, total-Lagrangian framework. Mechanical equilibrium was en-
forced as 
∇0 ⋅𝐏 + 𝐛𝑜 = 𝟎, (2)

where 𝐏 is the first Piola–Kirchhoff stress and body forces (𝐛𝑜) are 
neglected. The deformation gradient is 𝐅 = ∇𝝌 , and the multiplicative 
split 𝐅 = 𝐅𝑒𝐅𝑝 separates elastic and plastic deformation. Plastic flow 
is assumed to be isochoric (det 𝐅𝑝 = 1). The elastic response was 
assumed isotropic, using the calibrated apparent tensile modulus 𝐸app
and Poisson’s ratio 𝜈. Plastic yielding followed a 𝐽2 von Mises criterion 
expressed in terms of the Kirchhoff stress 𝝉 [29]. Stress updates and 
internal-variable evolution were computed using a fully implicit return-
mapping algorithm in the Simo–Hughes formulation. The flow stress 
was represented by the following saturation-type hardening law [30]: 
𝜎𝑦(𝜀̄𝑝) = 𝜎𝑝 + (𝜎𝑢 − 𝜎𝑝)

[
1 − exp(−𝑐1 𝜀̄𝑝)

](
1 + 𝑐2 𝜀̄𝑝

)
, (3)

where 𝜀̄𝑝 is the equivalent plastic strain, 𝜎𝑝 is the initial yield stress, 𝜎𝑢
is the saturation stress, and 𝑐1 and 𝑐2 are fitted hardening coefficients. 

For the three sample conditions (AS, SA, SR), the fitted values are 
𝑐1 = {640, 120, 640} and 𝑐2 = {7, 5.6, 5}, respectively. These coeffi-
cients are phenomenological calibration parameters. They describe the 
fitted hardening-curve shape and should not be interpreted as unique 
microstructural constants. This hardening law captures the rapid initial 
strengthening followed by the gradual approach to saturation that is 
characteristic of the calibrated experimental curves. For further details 
on the computational framework for finite-strain elastoplasticity, refer 
to Neupane et al. [31].

The model was implemented in the MOOSE finite-element frame-
work under plane-stress assumptions to represent the thin tensile spec-
imens [32]. The displacement components 𝑢𝑥 and 𝑢𝑦 were used as 
primary variables. The left boundary was fixed in both directions, 
and tensile loading was applied on the right boundary as a traction 
calculated from a time-ramped total force: 

𝐹 (𝑡) =

{
𝐹max 𝑡∕𝑡end, 𝑡 < 𝑡end,
𝐹max, 𝑡 ≥ 𝑡end,

𝑡𝑥(𝑡) =
𝐹 (𝑡)
𝐴0

, (4)

with 𝐹max = 24 kN, 𝑡end = 200 s, and 𝐴0 = 18 mm2 the initial gauge 
area. Transient simulations used a Newton–Raphson solver with hypre 
BoomerAMG preconditioning. Key solver and time-stepping settings 
were a relative nonlinear tolerance of 10−6, an absolute nonlinear 
tolerance of 10−8, and adaptive time stepping with an initial 𝛥𝑡 = 0.5 s. 
Element-average and extreme-value postprocessors monitored stress, 
strain, and equivalent plastic strain in the gauge region; reaction forces 
were obtained by nodal summation on the fixed boundary. Within 
this calibrated plane-stress framework, the simulated fields are used to 
interpret localization and plastic accommodation up to instability.

3.3. Strain localization and plastic accommodation

The finite-strain 𝐽2 plasticity simulations connect the experimental 
stress–strain response (Fig.  9) with the simulated stress and strain-
partitioning fields (Fig.  10). Consistent with the elastoplastic frame-
work in Section 3.2, the calibrated FEM comparison resolves the evo-
lution of von Mises stress, equivalent plastic strain, and the decomposi-
tion of macroscopic strain into elastic (𝜀e) and plastic (𝜀p) components 
during uniaxial loading. This comparison clarifies how the AS, SR, and 
SA conditions differ not only in strength level, but also in the spatial 
distribution and magnitude of plastic deformation before instability.

In the AS condition (Fig.  10(a)), the calibrated FEM comparison 
indicates rapid strain localization after yielding. Plastic strain begins 
to concentrate at approximately 𝑡 = 82 s, and the specimen reaches 
instability by about 𝑡 = 120 s. At this stage, only a small amount 
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Fig. 9. Geometry and tensile response along the XY plane in different post-processing conditions: (a) schematic of the flat dog-bone tensile specimen with 
thickness 𝑡 = 3 mm; (b–d) engineering stress–strain curves for the AS, SA, and SR conditions, comparing experimental measurements (Exp.) with calibrated 
finite-element-model (FEM) simulations up to the onset of necking.

of plastic strain is accumulated (𝜀p ≈ 3.4 × 10−3), while the elastic 
component remains comparable in magnitude (𝜀e ≈ 8.1 × 10−3). This 
limited plastic accommodation is consistent with the low elongation 
and reduction in area reported in Table  5. The simulated localization 
pattern is also consistent with the ferrite-rich microstructure, where 
plastic flow is comparatively confined.

The SA condition shows a distinctly different deformation mode 
(Fig.  10(b)). Plasticity starts at a lower stress level, but it spreads 
over a broader region of the gauge section instead of concentrat-
ing rapidly into a narrow localization band. At the final simulated 
stage, the plastic strain component reaches approximately 𝜀p ≈ 0.120, 
whereas the elastic contribution remains small (𝜀e ≈ 5.7 × 10−3). The 
calibrated FEM comparison indicates that the improved tensile ductil-
ity and impact-energy absorption of SA are consistent with sustained 
plastic deformation rather than elastic stretching. The more balanced 
ferrite–austenite structure and the wider plastic zone therefore provide 
a coherent explanation for the higher elongation, reduction in area, and 
absorbed energy.

The SR condition remains closer to AS than to SA, but the calibrated 
FEM comparison indicates a modest improvement in plastic accommo-
dation (Fig.  10(c)). Plastic strain develops later than in SA and remains 
more localized, yet the plastic zone is slightly more extended than in 
the AS specimen. At the final simulated stage, the plastic component 

reaches approximately 𝜀p ≈ 7.8 × 10−3, which is higher than in AS but 
far below that of SA. This behavior is consistent with stress relief acting 
mainly through recovery of the ferritic as-built substructure rather than 
through restoration of a balanced duplex phase constitution. The higher 
effective initial slope used for SR is treated as a calibration value 
obtained from the measured tensile response.

Overall, the calibrated FEM comparison indicates that heat treat-
ment modifies three linked features of the response: the yield-stress 
scale, the spatial distribution of plastic strain, and the amount of plastic 
strain accumulated before instability. AS and SR retain high stress-
bearing capacity with comparatively concentrated plasticity, whereas 
SA enables broader and more sustained plastic flow, providing a co-
herent explanation for the improved ductility and geometry-specific 
impact-energy response. These simulated fields are therefore inter-
preted as calibrated localization and plastic-accommodation compar-
isons up to instability.

3.4. Fractography of ferrite-rich states

Fractographic analysis focused on the as-printed (AS) and stress-
relieved (SR) conditions, which produced fracture surfaces suitable for 
SEM observation after Charpy impact testing. The solution-annealed 
(SA) specimens showed extensive ductile bending under the full-size 
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Fig. 10.  (a) Evolution of von Mises stress, 𝜎̃, and equivalent plastic strain, 𝜀̃, in the AS specimen at selected loading times, highlighting early strain localization 
and rapid neck formation. (b) Corresponding fields for the SA condition, indicating reduced stress levels and a broader plastic zone consistent with enhanced 
ductility. (c) Stress and plastic-strain distributions in the SR specimen, where high stress-bearing capacity is preserved while strain localization is delayed relative 
to the AS state. (d) Decomposition of total strain into elastic (𝜀e) and plastic (𝜀p) components.

unnotched Charpy configuration. The SA response is therefore evalu-
ated through complementary evidence from phase balance, tensile duc-
tility, geometry-specific absorbed energy, and simulated plastic-strain 
distribution.

The AS fracture surface (Fig.  11(a, b)) is coarse and irregular, 
with pores, lack-of-fusion (LOF) defects, and crack-like features. The 
dominant defects are irregular LOF cavities and partially fused regions, 
with smaller rounded gas pores distributed locally. These features 
are consistent with preferential fracture-initiation sites and suggest 
local crack deflection or coalescence along the ferrite-rich matrix, 
supporting the view that defect morphology and connectivity can in-
fluence fracture response strongly [33–36]. The present fractography 
is therefore used as qualitative morphological evidence. At higher 
magnification, terraced facets and river-like patterns support a predom-
inantly quasi-cleavage fracture morphology in the ferrite-dominated AS 
microstructure. This morphology is consistent with the measured AS 
strength–ductility response and absorbed impact energy.

The SR fracture surface (Fig.  11(c, d)) shows a similar overall 
fracture character, with terraced lamellae, microcracks, and defect-
associated crack-initiation regions. These features suggest that SR re-
tains a predominantly quasi-cleavage morphology while showing im-
proved plastic accommodation relative to AS. This interpretation is 
consistent with the mechanical results, where stress relief increases 
elongation, reduction in area, and absorbed impact energy while pre-
serving a high-strength ferrite-rich state. Low-temperature stress relief 
therefore acts primarily as a recovery treatment for the ferritic as-built 

structure, whereas the larger ductility and impact-energy improvement 
is associated with the SA-induced duplex phase rebalancing discussed 
in Section 3.2 and Fig.  9.

4. Conclusions

This study established a volumetric energy density (VED)-based 
process window for laser powder bed fusion (LPBF) 2507 super du-
plex stainless steel (SDSS), linking densification, microstructure, and 
mechanical response. Porosity decreased with increasing VED, and 
the near-full-density criterion of less than 1% porosity was reached 
above approximately 160 J mm−3. Separating the preheated and non-
preheated parameter sets presents the VED–porosity relation as a prac-
tical process-window map.

The as-built (AS) and stress-relieved (SR) conditions retained ferrite-
dominated phase constitutions, whereas, within the tested matrix, the 
solution-annealed (SA) condition at 1100 ◦C  for 15 min produced 
an approximately balanced ferrite–austenite structure. SR mainly pro-
moted recovery within the ferritic matrix, while SA enabled phase 
rebalancing and increased the high-angle boundary fraction. This mi-
crostructural transition explains the shift from high strength with lo-
calized plasticity in AS/SR to lower strength but markedly improved 
ductility and impact-energy absorption after SA.

The calibrated finite element method (FEM) comparison shows 
that post-processing modifies the yield-stress scale and plastic-flow 
distribution before instability. AS and SR retained high stress-bearing 
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Fig. 11. SEM fractographs of LPBF SDSS 2507 after Charpy impact testing: (a, b) AS and (c, d) SR. The first and second rows show lower- and higher-magnification 
views, respectively. AS and SR show defect-associated crack initiation with predominantly quasi-cleavage fracture features. The SA condition showed extensive 
ductile bending, and its enhanced impact response is assessed through phase balance, tensile ductility, absorbed energy, and simulated plastic-strain distribution.

capacity with localized deformation, whereas SA supported broader 
plastic accommodation through the rebalanced duplex morphology. 
Fractography of AS and SR supports defect-assisted quasi-cleavage 
features, while the improved SA response is supported by phase consti-
tution, tensile ductility, absorbed impact energy, and simulated strain 
distribution.
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