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Abstract

Optimising existing internal combustion (IC) engines remains a key engineering priority
in the areas of fuel economy, utilisation of alternative fuels, and exhaust emissions reduction
as the emission standards continue to become stringent worldwide. The optimisation of
IC engines requires the evaluation of their performance parameters and exhaust emissions
under transient conditions as found during actual driving cycles. However, physical testing
on test benches is both costly and time-consuming, creating a need for reliable, real-time
simulation tools supporting the development of modern IC engines.

This work introduces a simulation toolchain framework for real-time transient engine
simulations. The toolchain integrates a 0D Stochastic Reactor Model (SRM) with tabulated
chemistry into Model-in-the-Loop (MiL) and Hardware-in-the-Loop (HiL) platforms using
the Functional Mock-up Interface (FMI) standard. By encapsulating the SRM within a Func-
tional Mock-up Unit (FMU), the framework enables cross-platform simulations, bridging
the gap between physical modelling accuracy and practical applicability in engine develop-
ment workflows. The developed toolchain enables real-time transient engine simulations
in MiL/HiL platforms and in stand-alone mode, and is considered a physics-based driving
cycle simulator. It can simulate engine-out emissions and performance parameters under
driving cycles such as the Worldwide harmonised Light vehicles Test Procedure (WLTP) and
the Non-Road Transient Cycle (NRTC). Through the use of an Artificial Neural Network
(ANN)-based meta-model of the driving cycle simulator, the computational cost of simula-
tions has been reduced well below real-time, while maintaining the accuracy of the physics-
based model. The FMU-based structure allows seamless integration with different models of
exhaust after-treatment systems, enabling full-path simulation from combustion to tailpipe
emissions.

The toolchain was applied in both stand-alone mode and integrated MiL/HiL environ-
ments for Compression-Ignition (CI) and Spark-Ignition (SI) engines under transient driv-
ing conditions of WLTP and NRTC. The investigations for SI engines focused on simulat-
ing engine performance parameters and exhaust emissions during the cold-start phase of
the driving cycle for engines fuelled with compressed natural gas. Applications for CI en-
gines dealt with predicting driving-cycle to driving-cycle variability in exhaust emissions,
including CO;, NOy, soot, unburned hydrocarbons and CO. The toolchain’s application in
MiL and HiL configurations was validated on the dSPACE system and demonstrated seam-
less integration into real-time development environments. The capability of co-simulation
with after-treatment models was verified based on the coupling with a selective catalytic
reduction catalyst model applied to simulating an ammonia—-biodiesel-fuelled engine. Over-
all, results obtained from different applications indicate the strength and versatility of the
toolchain developed for studying engine behaviour under transient conditions, where de-
tails of emissions formation and fuel effects are of importance. The developed tool can be
applied for engine certification studies or calibration and further contribute to the develop-
ment of virtual test benches or digital twins in both research and industrial contexts.
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Chapter 1

Introduction

1.1 Background and motivation

In recent years, stricter emissions regulations and the push for hybrid and fully Electric Ve-
hicles (EVs) have led to a significant decline in research, development, and funding for In-
ternal Combustion (IC) engines. While EVs are expected to dominate most performance
market segments, substantial heavy-duty applications, such as trucks, buses, freight vehi-
cles, and agricultural machines, remain that necessitate high-energy density and extended
ranges [1, 2]. Therefore, efforts to enhance the efficiency of existing engine technologies will
continue. As we advance toward sustainable mobility, these efforts prioritise fuel efficiency,
reduction of exhaust emissions, and increase the use of alternative low-carbon fuels, such
as ammonia and alcohol-based fuels [3, 4]. Achieving efficient optimisation of modern IC
engines usually requires extensive testing to evaluate a variety of operating strategies. This,
when performed on test benches, is both costly and time-consuming, creating a need for
reliable numerical tools that support the development process of IC engines. Such tools
empower researchers and engineers to explore new combustion strategies, fuel injection sys-
tems, and after-treatment technologies, thus enabling the development of cleaner and more
efficient IC engines. The knowledge from simulations is then vital for enhancing control
strategies that ensure compliant engine operation, regular, effective, and safe, particularly in
relation to actual driving conditions.

The combustion engine of a modern vehicle is mostly operated under transient condi-
tions, such as cold starts, idling in traffic or driving on highways, which involve engine
acceleration, deceleration, gear shifts, and load changes. Such time-varied or transient con-
ditions are, for the purpose of vehicle certification, mimicked by different types of driving
procedures such as the Worldwide harmonised Light vehicles Test Procedure (WLTP) [5]
or the Non-Road Transient Cycle (NRTC) [6]. Accurate modelling and simulation of time-
varying operating conditions during the transient driving cycle is essential to accurately
predict the combustion progress and pollutant formation during real-world scenarios.
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Because of the demand for low computational cost, numerical models for transient en-
gine simulations frequently employ Mean Value Engine Models (MVEMs). These often rely
on average or simplified assumptions that do not accurately reflect the complex, dynamic,
and non-linear combustion and emission processes during transient events. This limitation
hampers the ability to predict transient emissions and performance effectively, which is nec-
essary for advanced engine control strategies aimed at meeting increasingly stringent emis-
sion standards and fuel economy regulations across a variety of driving cycles. For these
reasons, more robust methods are needed, which, however, must still be computationally
efficient to allow for an effective application during engine development. The Stochastic Re-
actor Model (SRM) of engine in-cylinder processes appears as a modelling approach suitable
for fulfilling this objective.

The SRM is a zero-dimensional (0D) model of in-cylinder processes of IC engines. It as-
sumes the gas inside the cylinder is represented as a group of notional particles. There can
be a few hundred such particles, and each of them has a chemical composition, tempera-
ture, and mass, so each particle represents a point for species mass fraction and temperature.
The particles can mix with each other and interact with the cylinder walls. The particle-
based representation of the flow inside the cylinder (see, Probability Density Function (PDF)
method for turbulent reactive flows [7]) allows for direct solving of reaction kinetics without
approximation, which is beneficial for predicting pollutant formation. In turn, the mixing
process between particles must be modelled to mimic the action of turbulence as occurs in
actual engines. By introducing randomness to the mixing process, particles acquire different
compositions and temperatures, mimicking the mixture inhomogeneity found in real-world
engines. Besides mixing and chemical reactions, the particles are subjected to remaining en-
gine cycle processes such as volume changes due to piston motion, heat transfer, and fuel
injection (see Section 3.2). The particle-based formulation and stochastic mixing, along with
the use of detailed reaction kinetics, are unique features of the SRM compared to classical
0D models of engine in-cylinder processes, which frequently use simplified models of pollu-
tant formation and differentiate between up to a few zones. The effectiveness of the SRM has
been demonstrated in various engine studies, including combustion in Reactivity Controlled
Compression Ignition (RCCI), Spark-Ignition (SI), and Compression-Ignition (CI) [8, 9] en-
gines [10, 11]. In particular,[8] introduced and validated a tabulated chemistry solver within
the SRM framework, demonstrating accurate prediction of combustion and emission char-
acteristics under diesel conditions, while achieving substantial reductions in computational
time. In [12], the SRM approach was employed to model advanced diesel combustion, suc-
cessfully capturing transient phenomena and enabling predictive calibration across varying
engine operating conditions. Meanwhile, [13] utilised SRM for direct-injection engines to
simulate diesel engine behaviour across a range of operating points, incorporating a genetic
algorithm to optimise mixing time and align with experimental pressure data. Their findings
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affirmed that SRM can replicate turbulent mixing effects and enhance predictive accuracy for
engine states beyond those used in model calibration. In [14], the 0D SRM was applied to
capture cycle-to-cycle variations in SI engines.

The existing applications of the SRM dealt with simulations under steady-state condi-
tions. However, the results obtained indicate that the SRM could also be relevant for study-
ing engine operation under transient conditions. In the context of transient engine simu-
lations, it is of interest not only to simulate engine in-cylinder processes alone but also to
simulate the behaviour of the complete engine powertrain, with exhaust aftertreatment, to
allow for developing engine control strategies or simulations that closely mimic conditions
during actual vehicle testing for certification purposes. Such a capability can be reached by
integrating the SRM with Model-in-the-Loop (MiL) or Hardware-in-the-Loop (HiL) simula-
tion platforms.

MiL refers to a model representation of physical systems in a software form. With regard
to combustion engines, MiL testing typically involves validating engine control algorithms
against detailed engine simulation models before any physical hardware is introduced. This
method is important for transient engine simulations, since it allows control strategies to be
developed and refined under transient operating conditions, all within a safe and fully vir-
tual environment [15, 16]. In turn, HiL refers to a system representing physical hardware,
the Electronic Control Unit (ECU) and software models. With regard to combustion engines,
HiL testing is a validation method where real engine control hardware is tested against sim-
ulation models running in real-time. For transient engine simulations, HiL provides a way
of testing engine hardware and finding strengths and vulnerabilities when operating under
transient conditions, without the need for a fully assembled test bench, ensuring that control
units perform reliably under realistic operating conditions [17, 18].

To make MiL and HiL testing practical across diverse tools and techniques, a standard-
ised way of packaging and exchanging models is required. This is achieved by employing
the Functional Mock-up Interface (FMI) and Functional Mock-up Unit (FMU) technology.
FMI / FMU provide modularity, interoperability, and reuse, which are crucial in MiL /
HiL contexts where different teams or suppliers often develop subsystems using different
tools. Because FMU encapsulates both the model (in a standard form) and, in the case of
co-simulation, FMU, their solvers, they can be exchanged between tools without reimple-
menting the models [19, 20, 21]. On the performance/deployment side, FMI allow models
to be run in real HiL setups with guarantees on timing, resource usage, and traceability.
The published article [22] shows how a full model-based control workflow was used: high-
level model via Modelica, then exported via FMU, then deployed on a production ECU,
with successful validation in real conditions [20, 21, 23]. Also, techniques for co-simulation
and state saving/restoring, error control in communication step sizes, and distributed sim-
ulation using FMU have been shown to maintain accuracy while reducing simulation time
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significantly, which is key for real-time HiL contexts.

Existing works and literature data indicate that, in different forms, IC engines will re-
main for some time, yet a key source of powering in utility vehicles and transportation [2].
Therefore, the work on their improvement continues and is targeted at improving their ef-
ficiency, reducing fuel consumption, thus CO,, and exhaust emissions, and allowing fuel
flexibility by using alternative low-carbon fuels. Achieving these targets can benefit from
the application of numerical tools that enable transient engine simulations. Here, the use of
a toolchain that would integrate the 0D SRM with MiL /HiL platforms via FMU technology
appears promising because of the expected flexibility to work with different engines and fu-
els and in co-simulation with models for other components of vehicle systems. Furthermore,
the 0D formulation of the SRM should enable a low computational cost while ensuring high
accuracy of predicting pollutant formation due to the application of detailed reaction kinet-
ics. Therefore, such an integrated toolchain should contribute to the development of cleaner

and more efficient IC engine technologies, which is the motivation behind this work.

1.2 Problem statement and objectives

Despite effectively representing the combustion process of IC engines and accurately predict-
ing exhaust emissions under steady-state conditions, the SRM has not been applied for the
simulation of IC engines under transient operating conditions like those in WLTP or NTRC.
Moreover, so far, the SRM has not conformed to FMI and FMU standards, which are essential
for deploying them in control system environments like HiL. and MiL. This interoperability
gap, coupled with computational costs associated with using detailed reaction kinetics for
combustion and pollutant formation, hampers the effectiveness of SRM in real-time simu-
lations as demanded by HiL. Addressing these issues is crucial to unlocking the full poten-
tial of the SRM for comprehensive simulations under transient conditions. Regarding these
gaps, the objective of this work is to develop a simulation toolchain that enables transient
engine simulations based on the SRM technology. The framework should be designed for
portability and adaptability in MiL and HiL environments, providing standard FMI/FMU
interfaces for seamless integration into real-time workflows. This approach bridges the gap
between physical accuracy and computational efficiency, making SRM simulations practi-
cal for contemporary engine testing, calibration, and virtual validation applications under
transient conditions. The defined objective is graphically presented in Figure 1.1.
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transient data and control

Integration via Functional mock-up interface (FMI)

Model-in-the-Loop Hardware-in-the-Loop
(MiL) (HiL)

Early PC-based Seamless re-use of Real-time validation
validation of engine model models and data of engine

FIGURE 1.1: Concept of an integrated toolchain featuring 0D SRM, MiL/HiL,
and FMI/FMU technology for transient driving cycle simulation studies.

To achieve the defined objective, the work focuses on the following specific technical

goals.

Develop FMU via FMI tailor-made for the SRM, to enable into into external simula-
tion environments. The FMU encapsulates the SRM, allowing it’s deployment within
co-simulation platforms and real-time testing setups such as HiL. and MiL. By ad-
hering to the FMI specification, the framework ensures interoperability, modularity,
and reusability across various simulation tools, thereby extending the applicability of
the SRM beyond its native environment. The framework should allow the coupling
of engine processes with the frameworks for exhaust aftertreatment to work as a co-

simulation.

Modify the existing SRM codebase to accommodate transient simulations by incorpo-
rating dynamic engine parameters such as speed, load, injection strategy, and valve
timing that may vary during transient operation. Furthermore, design a framework to
generate an FMU for the SRM using the FMI standard, including the necessary modifi-
cations to the SRM source code and the implementation of the FMI-compliant interface.

Develop the capability to export the transient engine data simulation capable SRM for
use with external simulation or power-train platforms, including MiL and HiL.

Streamline the framework to minimise computational costs, ensuring real-time feasibil-
ity on stand-alone, MiL and HiL platforms while retaining combustion and emissions
prediction capabilities of the SRM.

Verify and validate the developed toolchain with reference models or experimental
data to assess its capability to simulate engine performance parameters and exhaust
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emissions during transient operation and for both SI and CI engines, on MiL and HiL
platforms, and in co-simulation with the aftertreatment system.

* Develop an Artificial Neural Network (ANN) based meta-model of the driving cycle
simulator to allow for ultra-fast calculations that would eliminate restrictions resulting

from the small time step of simulations in HiL applications.

Through these objectives, the research aims to bridge the gap between very accurate and
detailed representation of a physical combustion modelling and practical real—time appli-
cation in engine control development environments, ultimately contributing to improved

engine performance, emissions compliance, and faster development cycles.

1.3 Structure of the thesis

This thesis is organised into the following five chapters, each addressing a specific aspect
of the work. The content of the chapters is partially adopted from the already published
works [24, 25, 26, 27].

¢ Chapter 1: Introduction. This chapter provides the background and motivation for
transient engine simulations, identifies key challenges, states the problem, outlines the
research objectives, and defines the scope and limitations of the work. A brief discus-
sion of the research questions and the structure of the thesis is also included.

e Chapter 2: Literature review. In this chapter, the background and characteristics of
transient engine simulation are discussed. It underlines the necessity of time accu-
rate simulation tools in power-train development in transient, real-world driving sit-
uations. It provides an overview of the most recent state-of-the-art simulation tech-
niques. A focused discussion on engine modelling across different dimensions (0D, 1D,
3D CFD) including trade-offs in accuracy, complexity and computational efficiency. Fi-
nally, the chapter reviews the use of the FMI/FMUs in the simulation workflows with
a focus on automotive applications. It ends with MiL and HiL platforms, showcasing
their involvement in the real-time validation, control development, and virtual calibra-
tion with the transient simulation model.

¢ Chapter 3: Methods and tools. This chapter describes the technical development of the
simulation toolchain, which is build around the SRM, detailed chemistry for modelling
combustion and emissions formation and FMU technology. This chapter also explains
the design and implementation of the FMI/FMU export layer, as well as the interfac-
ing of third-party systems such as MiL systems, and HiL platforms. The developed
toolchain is presented in Section 3.8, where it is shown to result from the integration of
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different sub models described in Sections 3.2 to 3.7 which is the main contribution of
this work and enables transient real-time engine simulations, features which were not

available earlier.

¢ Chapter 4: Results and discussion. This chapter presents verification and validation
studies of the developed simulation framework. Case studies include diesel, Com-
pressed Natural Gas (CNG), and gasoline engines operating under various transient
driving cycles such as WLTP and NRTC. The chapter compares simulation results with
reference data and demonstrates integration and real-time execution of the simulations
on MiL and HiL platforms.

¢ Chapter 5: Summary. This chapter summarizes the key contributions of the work,
highlights the findings, and discusses the implications for transient engine simulation
and control development. Suggestions for future research and potential enhancements

are also provided.



Chapter 2

Literature review

2.1 Background

To comply with vehicle certification regarding exhaust emissions, IC engines must be tested
and optimised for the application under transient operating conditions that occur in real-
world scenarios. This facilitates engineers” and developers’ use of simulation techniques,
allowing a more realistic representation of engine behaviour during a transient run, which is
usually represented by driving cycle models such as the WLTP [28]. Accurately performing
transient engine simulations presents several technical challenges. One major issue is the
complexity of engine subsystems and their physical processes, with frequently non-linear
interactions. Components such as turbochargers, EGR systems, intake throttles, and vari-
able valve timing mechanisms interact in ways that require high-fidelity models with fine
temporal resolution. These interactions often involve delays and feedback loops that must
be resolved over small time steps to maintain numerical stability and physical accuracy [29].
Simulating complete engine systems requires capturing the relevant physical processes be-
hind the engine system components. In addition to physical modelling challenges, tran-
sient simulations must also meet real-time computational constraints, especially when used
in MiL or HiL environments. These applications require asynchronous execution to balance
solver performance with input/output demands. Maintaining chemical and thermodynamic
fidelity while achieving real-time performance is a persistent challenge. To address this, re-
searchers have developed different simulation techniques, which reduce computational load
while preserving the essential physics of simulated processes.

This chapter provides a brief overview of commonly used simulation tools and tech-
niques in the context of their application for driving cycle simulation studies. The first part
of the chapter reviews models for simulating engine in-cylinder processes. Next, simulations
employing FMI/FMU technology are presented, followed by a presentation of MiL /HiL en-

vironments.
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2.2 Engine modelling

Modelling of in-cylinder processes became a basis in modern powertrain development to
understand, predict, and optimise IC engines’ performance parameters and pollutant for-
mation under transient conditions. The engine models vary in dimensionality, complexity,
and fundamental methodology of simulations, spanning from physics-based techniques to
data-driven algorithms. Each type of model achieves certain objectives, balancing trade-
offs among computing efficiency, accuracy, and the complexity of the model. These models
are frequently classified based on the dimensionality criterion. Here, one can distinguish
between zero-dimensional, One-Dimensional (1D), Quasi-Dimensional (QD) and multidi-
mensional, referred to frequently as Three-Dimensional (3D) Computational Fluid Dynam-
ics (CFD). Furthermore, from the point of view of application for transient simulations, one

can also list empirical and data-driven models, and ANN models.

0D models

The 0D engine models rely on conservation laws of mass and energy without resolving spa-
tial variations of in-cylinder processes. Typically, they simulate average thermodynamic
properties over engine cycles, which makes them particularly suitable for systems-level sim-
ulation and real-time applications [30, 31]. They are also preferred for Model Predictive
Control (MPC) and virtual calibration applications, where a balance between accuracy and
simulation speed is desired [30, 32]. The primary advantages of OD engine models include
their low computational cost and simplicity of implementation.

The SRM-based approach, introduced in Section 1.1, also belongs to the family of 0D
models. However, though being 0D, the SRM enables capturing the effects of turbulence
and mixture inhomogeneity in composition and temperature that are found in actual en-
gines. These are the features usually not offered by other 0D-based models. 0D SRM models
have been successfully applied to study CI and SI engines [12, 13, 33, 34, 11]. For SI engines,
the versatility of SRM has been demonstrated by [14], by evaluating knock tendency and
Cycle-to-Cycle Variability (CCV). When employing the tabulated chemistry approach [33]
in simulating combustion and emissions formation, they, besides high accuracy of results,
demonstrated also high computational efficiency. This feature makes them an attractive
modelling approach for applying to transient simulations and real-time, potentially.

Multidimensional models

0D models are computationally efficient and simple to use, but cannot describe spatial gra-
dients of in-cylinder properties. 1D, QD and 3D CFD models, collectively denoted here
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as multidimensional ones, help to overcome these limitations by modelling in-cylinder pro-
cesses in a more detailed manner, by taking into account, in different levels of detail, complex
combustion physics, turbulence, heat transfer, spray dynamics and chemical kinetics, lame
propagation, and pollutant formation [35, 36, 37], which can help in examining the geometric
sensitivities [35, 36, 37]. The multidimensional modelling (usually 3D CFD) is a compromise
that trades off speed for accuracy when the simulation goal requires high-resolution, phys-
ically detailed results [38, 39]. n turn, 1D models are essential in IC engine simulations for
balancing physical accuracy with computational efficiency [35, 36]. Their ability to resolve
wave dynamics and chemical reactions makes them well-suited for predicting engine per-

formance under transient conditions.

Empirical and data-driven models

The empirical engine modelling refers to a generic approach, where models are created based
on experimental data. Usually, these methodologies utilise large experimental measurement
data, via classical machine learning methods and regression-based approaches to learn com-
plex data relationships, providing methods for fast prediction, where physical modelling is
impractical [40]. Traditional empirical methods, such as performance mapping and inverse
heat release techniques, enable quick predictions at the component level but are limited to
calibrated data, with no reliable predictions for data outside the calibrated data [41].

ANN models

In contrast to empirical and data driven models, ANNs, Support Vector Machines (SVMs),
Recurrent Neural Networks (RNNs), and Online Deep Learning (ODL), can learn non-linear
relationships, proving effective for transient emissions [36, 42]. Among these, ANN models
are inspired by the working of a biological neuron, which enables it to learn the complex
relationships between data. ANNSs are applied to learn non-linear interactions among com-
bustion dynamics, air-path behaviour, and control systems, including effects such as EGR
feedback on intake pressure and oxygen concentration [41, 43, 44]. ANN models requires
substantially large data and multiple test case scenarios to learn the patterns [36, 42]. Sec-
ondary response models such as RNNs, a variant of ANNs can help to improve temporal
learning though it requires careful tuning to prevent over-fitting and to generalize the pre-
dictive model [45, 46]. When incorporated into hybrid models combined with physics-based
and empirical models into ANN enables online recalibration and control tuning, for example
by MPC under the transient conditions [47].
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2.3 FMI/FMU

Definition and purpose

While numerical tools for the simulation of engine in-cylinder processes offer representa-
tions of the engine working cycle performance, they usually do not facilitate system-level
integration. To allow for testing and development across different control systems, vehicle
dynamics, and embedded hardware, a standardised interface is needed. To fill this gap, the
FMI and, more specifically, its implementation as a real-time FMU, provide a solution to
encapsulate engine models in portable units. This enables simulation tools to communicate
and work in cooperation, providing real-time capabilities in MiL. and HiL platforms. The
subsequent paragraphs and sections introduce FMI/FMU and show how it interconnects
the engine models with full system validation platforms.

The FMI is a standard that allows engineers and developers to share and run dynamic
system models among different software tools. It supports two main ways of using these
models: one where the integrated tool handles all calculations, called model exchange, and
another where the model carries its own solver, called co-simulation. This flexibility of FMI
helps teams work together across platforms without relying on a single proprietary sys-
tem [48]. FMU is an archive that follows the FMI standard and can be imported into simula-
tion environments for integration with third-party tools for simulations. An FMU typically

includes three main components [48].
* A model description file (XML) detailing inputs, outputs and behaviour.
¢ Binary executables for different platforms.

* Optional source code to allow rebuilding and optional resources that may required by
the executables for the simulations.

The purpose of FMI/FMU is multi-fold [48],

¢ It enables multiple engineers and developers share their developed simulation tool as
FMU to integrate with other parts of the system without revealing intellectual property

and sensitive details.
¢ Supports modular development, allowing reuse across design phases.
* Facilitates cross-domain integration.

¢ Promotes standardisation to reduce integration costs.
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Integration with third party tools

The root of FMI’s success is its tool-neutral architecture, allowing FMU to be created, im-
ported, and simulated across a wide range of platforms. This flexibility supports both model
exchange and co-simulation setups [49].

The binary executables for FMU can be generated by a variety of platforms such as
Simulink, OpenModelica, and Dymola for control and physical systems, LabVIEW and Sim-
ulationX for instrumentation applications, Python and C++ via wrapper libraries such as
FMILibrary or FMI++ for customized simulation software.

Simulations with FMUS became the industry standard. Platforms such as MATLAB/Simulink,
dSPACE, SpeedGoat, Electrobit, IPG Automotive, and many others offer FMU integration [50].

Application in automotive systems

Automotive systems are increasingly complex and interdisciplinary, requiring reliable simu-
lation frameworks. FMI/FMU offers a robust method for virtual prototyping, system valida-
tion, and early software testing. In automotive systems, the FMU standard finds application
in a few main areas [51, 52].

¢ Virtual ECUs (VECUs): Automotive software can be tested against FMUs that mimic

sensor or actuator behaviour, enabling early detection of integration issues.

* Vehicle Dynamics and advanced driver assistance systems: FMUs of mechanical sub-
systems (e.g., suspensions) are coupled with control models to analyse behaviour dur-

ing manoeuvrers or emergency events.

¢ HIL and SIL Testing: FMUSs are embedded in test benches to replicate subsystem re-
sponses, aiding verification of embedded control software.

2.4 MiL and HilL testing platforms

Definition and purpose

The integration tools and standards, such as FMI/FMU, provide the fundamental basis for
modularity, interoperability and distributed simulation frameworks. In turn, the potential of
the engine models and combustion solvers can be verified within the simulation-based test-
ing platforms. Developers and engineers can easily integrate the models in testing platforms
as modular components such as FMUs. The testing platforms are available under a broader
term X-in-the-Loop (XiL), where X refers to a software, plant model, component-level con-
trol algorithm, hardware component as a model or hardware component itself. With the
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above-mentioned components and models, XiL is broadly classified into Software-in-the-
Loop (SiL), Plant-in-the-Loop (PiL), MiL and HiL. Whereas SiL and PiL focuses on larger
system level that represents a whole software or plant itself. This work focuses on devel-
oping a simulation toolchain framework for transient engine simulations aimed at engine
development and optimization. So, in this work choses MiL and HiL as testing platforms,
since engine-level studies naturally integrate within the larger vehicle system where SiL and
PiL are typically applied at system level [53]. MiL is primarily used during the initial stages
of development to ensure that control strategies behave as expected. HiL testing follows,
bridging the gap between simulation and real-world testing by exposing the hardware to
dynamic inputs and outputs from a virtual engine model. This layered approach reduces
development time, cost, and risk, especially for complex systems like [54, 55].

Architecture and components

The architecture of MiL and HiL systems typically includes a controller model or hardware
ECU, and a real-time simulation platform. In MiL, both the plant and controller are soft-
ware models, often developed in software platforms like MATLAB/Simulink. In HiL, the
controller is replaced with actual hardware, while the plant remains simulated [56]. Key
components of a MiL setup include models representing the physical hardware, individual
models” control algorithms, and system-level control algorithms. Key components of a HiL
setup include a real-time simulator (e.g., dSPACE ASM models, NI VeriStand models), in-
terface hardware for analogue or digital data and communication protocols, and a vehicle
dynamics model representing engine behaviour. This modular architecture allows for flex-
ible integration and iterative testing. For example [56] developed a modular ICE model for
Engine Management Systems (EMS) verification using MiL and HiL, achieving high accu-
racy and stability in real-time simulations.

Application in engine development

MiL and HiL are instrumental in developing and validating EMS. MiL enables early testing
of engine control algorithms and models. Once control algorithms and models are validated
and verified, control algorithms implemented on ECUs and models will be replace by actual
hardware in engines and tested under HiL. environment to ensure control algorithms and
hardware would work under transient conditions. This stage ensures both algorithm and
hardware components interact as intended and work reliably under real-word scenarios [57,
58].
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2.5 Summary

Transient engine simulation has become a vital tool in modern power-train development,
enabling engineers to predict and optimise engine performance under transient, real-world
conditions. 0D SRM with tabulated chemistry for combustion and pollutant formation strikes
a valuable balance between computational speed and physical accuracy in simulating engine
performance parameters and exhaust emissions. By utilising the FMI/FMU cross-platform
integration capability, 0D SRM can be deployed within MiL and HiL testing environments.
This integration supports real-time validation, controller development, and virtual calibra-
tion, ensuring reliable, accurate emissions simulations in real-time under transient driving
cycle conditions.
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Chapter 3

Methods and tools

3.1 Background

This chapter introduces the overall methodology followed in developing the simulation
toolchain employing the SRM, which is appropriate for real-time applications and FMI/F-
MUbased integration for driving cycle simulation studies. The chapter is organised into
modular development steps, starting with an overview of the SRM and tabulated chemistry
approach for simulating combustion and pollutant formation. After that, aspects of inte-
grating the SRM with FMU are presented. Next, the model’s needs for transient driving
cycle simulations are discussed based on WLTP and NRTC. Subsequently, the integration
of the SRM with FMU technology into MiL/HiL frameworks is presented. This is followed
by a presentation of the ANN-based meta-model of driving cycle simulation. Finally, the
last section presents the complete toolchain resulting from the integration of different model
components, which is a major contribution of this work.

3.2 The Stochastic Reactor Model (SRM)

The SRM is a zero-dimensional model of physical and chemical in-cylinder processes in IC
engines. The SRM adopted for this study was previously validated in several published
research works [10, 34, 11, 33, 59] that are the foundation of the description presented in
this section. The description provides an overall concept of the SRM and its formulation that
is followed by a presentation of key processes modelled, such as fuel injection, mixing, heat
transfer, flame propagation (SI engines) and turbulence. The description of the turbulence is
limited here to the model relevant for simulating SI engines. The presentation of the model
for CI engines can be found in [12, 60, 61].

In the SRM, the gas within the cylinder is regarded as a collection of notional particles.
The particles are allowed to interact by mixing with each other and exchanging heat with
the walls of the cylinder. Each such notional particle is characterised by temperature, mass
and species concentration. Thus, in a sense, each particle can be understood as a realisation
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of the flow at a certain time and location in the actual combustion chamber. The particles
can mix with each other or exchange heat with the wall, which results in changes in their
properties. Finally, the particles are subjected to chemical reactions according to the applied
reaction mechanism. All the particle-based processes are calculated sequentially using an
operator splitting loop method [24]. Mixing between particles is a modelled process, using
different types of mixing models. The common feature of these models is the necessity of
modelling the mixing time scale, which governs the frequency at which particles mix with
each other and decides finally about mixture inhomogeneity [25].

A schematic visualisation of the SRM concept is shown in Figure 3.1 The upper and lower
parts of the figure represent the operator splitting loop and particle-based representation
of the in-cylinder mixture for CI and SI engines, respectively. Additionally, the QD-based
flame propagation model for SI engines is presented along with an exemplary distribution
of particle properties.

SRM for CI engines Notional particle
fNolional pariicie
| Initial conditions |
> Volume'changes | Temperature,
¥ T /| Equivalence ratio,
1 Turbglence | ¥lholar v:jeight, .
< - — /,' crmodynamic
+ | Pamclev mixing | - / polynomials,
v = N / Latent enthal,
Il Chemisf o Py,
Iy | v L | N EGR, Distribution of particle
- | Convective heat transfer | “._ | Reaction progress properties
v / )
—|  Pressure correction | i
L2 T
| Finalization | » d
@
SRM for SI engines g I I
| Initial conditions | / QJ—DM g
v Burnt propagation %5 o b
->| Volume changes | P __ 5
¥ o
| Flame propagation | € r I
2 S L
- | Crevice flow | z
I : | fill [
+ Turbulence
o ¥ Particle propert
I | Particle mixing | property
T ¥
=1 | Chemistry |
L 2
| Convective heat transfer | i}
v Flame propagation
—| Pressure correction |
¥
| Finalization | Unburnt

FIGURE 3.1: Schematic visualisation of the SRM concept for CI and SI engine
processes [24].
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3.2.1 Overall formulation

In the SRM, the temperature T(t) and species concentrations Y;(f) are treated as random
variables that can vary within the cylinder and determine the composition of the gas mixture
using probability density function (PDF). The in-cylinder mixture is thus represented by
a PDF in phase space, and the particles constitute the realisation of this distribution. In
practice, all stochastic particles in the SRM represent a portion of the in-cylinder mass, and
rather than a PDF, a mass density function (MDF) is used; the MDF can be considered as a
mass-based discretisation of the PDF. The solution for the mass fractions and temperature is
obtained from the transport equation for the MDEFE. These data are further used to calculate
other engine quantities, such as pressure and heat release rate. The joint vector ¢(t) of the
local scalar variables is defined as

e(t) =N1,..., YN, T;t) = (@1, - ., ONs, PN 115 ), (3.1)

where Ng denotes the number of chemical species involved in the reaction mechanism. The

respective joint scalar MDF is given by

Fp(9;t) = Fp(ip1, ..., UNg, PNg115E).- (3.2)

In Equation 3.2, ¥4, ..., ¥N,, PN.+1 are realizations of the random variables
@1, -+, PNy, PNg+1- It is assumed that the scalar variables are statistically homogeneous, i.e.,
their probabilities do not depend on spatial position. This means that within the cylinder, the
MDF is spatially constant. Following these assumptions, the evolution in time of the MDF is
described by the following transport equation

aF(p(tp, t) + o (Qi(W)Ey(9, t)) = mixing term. (3.3)

The terms in Equation 3.3 describe how the MDF varies in time depending on calcu-

0 0
i

lated engine in-cylinder processes, including chemical processes, convective heat loss, piston
motion-induced volume changes, and fuel injection.
These terms are computed using the energy and species conservation equations, which

for CI engines can be written as follows [62]

W Nr wm ’ '
Qi = ?Z Z C'~7i,jﬁf(yi,f - Yi) i=1,..., NSpecies ;] = 1,..., NReactions- (3-4)
=1

1 dp hgA 1N Ng 1 Y
QNS+1 + EE + micp(T - TW) - a i:zthWZ ]; Wi, j + CVW i:Zlmez,f(hz,f - hz)' (3'5)
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In Equations 3.4 and 3.5, w;j and Y; represent the molar formation rate and mass fraction
of species i due to reaction j, respectively; subscript f denotes fuel-specific terms. W; is the
molar mass of species i, p the density, T the mean gas temperature, Ty, the cylinder wall
temperature, ¢, the specific heat at constant pressure, h, the heat transfer coefficient, A the
wall area, h; the species enthalpy, and p the pressure. N and Ns denote the number of
reactions and species.

Global quantities, such as mass m, volume V, and pressure p are treated as spatially
uniform. Volume is computed from engine geometry, while pressure follows the equation of
state.

3.2.2 Fuel injection

In the code version used in this work, the injected fuel is assumed to vaporise immediately
upon injection, meaning the injected rate corresponds to a vaporised rate. The energy for
vaporisation is drawn from the surrounding gas, as a result of mixing. The amount of that
gas/mixing mass is denoted by m,,;,. New particles are added to the MDF, and the injected
fuel alters the temperature and composition of existing particles via added source terms. The
mixing mass is calculated assuming equal pressure between fuel and ambient gas [63, 64].

() — HE(T)

Mmix = My - hm(Tu) — hm(Tm) : (3.6)

Species-wise handling is performed for multi-component fuels, with final temperature T},
derived from fuel thermophysical data.The subscripts f and v denote fuel and vaporisation,
respectively. If the fuel is a mixture of several species, each species is treated individually
with respect to Equation 3.6, since each molecule has a specific vaporisation temperature.
The final temperature of both the injected fuel and the mixing mass, after completion of
the process, will be equal to the vaporisation temperature (T,) at the given pressure. This
temperature is determined from the liquid properties of the injected fuel, which are provided
as input to the SRM [64].

3.2.3 Flame propagation

For SI engine simulations, a two-zone approach within the SRM is adopted for combustion
modelling. Stochastic particles are divided into burnt and unburnt zones, with interactions
restricted within each zone. The mass transfer from the unburnt to the burnt zone is gov-
erned by turbulent flame propagation, which can be described using empirical correlations,
modelled by [65] as shown in Equation 3.7.
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Sf:1+c<”’)". (3.7)

An extended correlation proposed by [66] and implemented in SRM by [67], accounts for
additional thermochemical effects expressed as in Equation 3.8.

g _ { [b » (1 N <Zl,>1.5 ((IS>05> ~04 Uadﬁﬁ;?éu’]
B B 05
-0 ")

Both approaches (Equation 3.7 and Equation 3.8) propose a correlation between the tur-

(3.8)
+d

bulent s; and the laminar flame speed s;. The fluctuation of the turbulent velocity is noted
as u’ in both correlations. The constant C in equation 3.7 is a function of the turbulent length
scale /; and the laminar flame thickness ;. The model constant n in Equation 3.7 is tunable
in the range [0.5 — 1.0]. In 3.8 T, represents the unburned zone temperature and T,; is the
adiabatic flame temperature. All the other values in 3.8 are assigned by the user and their

reference values are reported in Table 3.1 [65, 66].

TABLE 3.1: Default constants in the flame propagation model given by Equa-

tion 3.8.
Constant Symbol Value
Flame thickness ratio ) 0.6
Thermal expansion coefficient o 4.0
Empirical constant b 0.665
Density ratio exponent d 0.967
Model constant Cu 1.654
Turbulence scaling factor Co 0.7
Turbulent viscosity coefficient - 0.09

The laminar flame speed s; is precomputed and stored in a look-up table as a function
of equivalence ratio ¢, temperature, pressure, and EGR rate, using averaged properties of
the unburnt zone. Spark initiation is modelled using a quasi-dimensional flame tracking
approach, as described by [37], and illustrated in Figure 3.2, which shows the evolution of a
spherical flame front applicable to both conventional and PPE configurations.
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FIGURE 3.2: Exemplary evolution of the flame front simulated by the SRM [68]

3.24 Turbulence modelling

Turbulence models are used to compute the change in turbulent kinetic energy and then its
dissipation, which is subsequently used to determine the mixing time that is the main mod-
elled parameter for the SRM. There are a few models for calculating turbulent kinetic energy
available for the SRM [63]. In this section, as an example, the K-¢ turbulence model for sim-
ulating SI engine combustion is presented, which is based on the work reported in [69]. The
model was used in the simulations presented in Section 4.5.

The model uses a series of differential terms that characterise the production and dissi-
pation of k in a cylinder-shaped geometry with a tumble flow motion around the cylinder’s
cross-axis to compute the change of turbulent kinetic energy (%(). Equation (3.9) lists the
production terms for k as valve inflow, axial flow, tumble flow motion, direct injection, com-

pressibility, and dissipation.

de_(dY L (dey | (dk
dt B dt valve dt axial dt tumble

) ™ () sy * ()
dt direct injection dt compressibility dt dissipation '

Equation (3.10) describes the change of angular momentum of the tumble flow motion

(3.9)

Ltr. Inflow through the valves and spin-up from the piston’s acceleration can both generate
angular momentum. Shear forces and outflow from the system cause angular momentum to

decay.

dLtr  (dLtr L dLtr
at dt valve inflow dt spin-up

(3.10)
_ d Ltr _ d Ltg
dt outflow dt shear
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In the above p is the gas density, D¢ is the cylinder bore, Hs is the instantaneous height
between the cylinder head and piston, and u is the turbulent viscosity.The contribution of

tumble flow motion decay to production of turbulent kinetic energy k is described by Equa-

tion ( (3.11)).
dt tumble 1024 D4C . ‘

Equation ((3.12)) is used to compute the turbulent viscosity v; based on turbulent kinetic
energy and dissipation, where C;, is modelled parameter with a default value of 0.09.

k2

v=Cu . (3.12)

The last term in Equation ((3.9)) characterises how dissipation € destroys turbulent kinetic
energy. Acording to [70] the dissipation is inversely related to the integral length scale L and
proportionate to the turbulent kinetic energy k. Dissipation & can therefore be calculated
using Equation ((3.13)). Where C; is the model parameter and L denotes integral length
scal-its’s modelling is presented in [26, 60].

k3/2

From the turbulent kinetic energy, the turbulence fluctuation u’ is determined, which, along
with the turbulent length scale I, enters the turbulent flame propagation model [26]. Fur-
thermore, knowing k, [ and e the scalar mixing time Ty, which is main modelled parameter
for the SRM, can be calculated according to Equation 3.14

k
Tq; = C¢ . <8> , (314)

where the constant Cy relates the scalar mixing time 7 with the turbulent mixing time 7;
and can be adjusted parameter depending on the application.

3.2.5 Particle mixing

In this thesis particle mixing model used proposed by [71] and further improved by [72]
is used. The model was implemented in [62] in the SRM code and updated to consider
the particle weights W, and W, of the notional particles () and (p). As per [60] the
calculation of the median of scalar ¢ of two randomly selected particles () and (p) is shown
in Equation ((3.15)). The Curl mixing model implementation in SRM is investigated by [62,
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73, 64
| ) (1) Wig) P () = Wip) - @) (1)
dt Wig) + W) ' (3.15)
AP (1) _ Wip) - 9(p) (1) = Wig) - P (1)
dt Wig) + W)

3.2.6 Stochastic heat transfer

Heat transfer o the wall is calculated based on the heat transfer coefficient calculated accord-
ing to Woschni’s model [74] give by Equation 3.16.

hy = 326402 p08 . 7053 (Clcm e VT0P0V0> ‘

a—— (3.16)

In Equation (3.16), h, is heat transfer coefficient, C; and C; are heat transfer coefficients,
d, p, v and T are cylinder bore, pressure, volume and temperature respectively. c,, is the
mean piston speed and p,e: is the motored cylinder pressure.

From Equation (3.16) , the total heat transferred to the wall is calculated. To account
for the fluctuations in the heat transfer due to inhomogeneity in the temperature of the in-
cylinder mixture and walls in actual combustion chambers, the stochastic fluctuations are
introduced into the model. Particles exchange heat with the wall probabilistically, where
heat transfer magnitude and particle selection depend on the modelled parameter Cy,; and
random sampling. In practice, via Cy, one can increase or decrease the number of particles
that participate in the heat transfer process. This allows mimicking the inhomogeneity of the
heat transfer, and consequently, in temperature, in actual engines.

3.3 Tabulated chemistry

Tabulated chemistry employing the Combustion Progress Variable (CPV) approach [9] to
simulate combustion and emission formation provides a practical way to incorporate com-
plex reaction kinetics into engine simulations without incurring extensive computational
cost. Instead of solving a large system of chemical reactions during runtime, combustion
chemistry and emission source terms are precomputed from a chosen detailed reaction ki-
netics mechanism and stored in look-up tables.

Within the SRM, this tabulated approach is based on parametrising the combustion progress
in relation to EGR rate, pressure, unburned zone temperature, and equivalence ratio. This
method operates under the assumption that a well-defined progress variable can effectively
reconstruct the thermochemical state throughout the entire reaction trajectory using the CPV
model [9, 33]. In this study, the progress variable is defined via latent enthalpy. Combustion
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chemistry and emission source terms are precomputed and stored in a look-up table, which
is accessed during runtime.

In this thesis, tabulated chemistry is employed as a key enabler of the transient simula-
tions using the SRM-based framework. The CPV tables were generated using a mechanism
validated in earlier studies for surrogate fuels, ensuring accurate representation of ignition
delays, flame speeds, heat release, and exhaust emissions [14, 33, 59]. By embedding these
precomputed reaction kinetics into the SRM, the framework keeps physical realism and re-
duces computational cost, making it suitable for integration with MiL and HiL environments
where real-time performance is essential. The reduction of computational costs is reached re-
gardless of the underlying reaction mechanism size [33].

3.4 FMU and SRM integration

The SRM is compiled as an FMU to enable its integration with MiL/HiL environments.
This method allows smooth interaction between the SRM and external models like MAT-
LAB/Simulink or dSPACE ASM. The integration uses the FMI standard. The FMU acts as
a container for the SRM computation core and follows standard signal exchange protocols.
The resulting compiled model is here referred to as FMU/SRM.

3.41 FMU architecture and implementation

The FMU was built using the FMI 2.0 standard, which supports co-simulation mode. In this
setup, the SRM works as an independent solver that takes input signals and sends output
variables at fixed communication intervals. The FMU interface includes a few components.

— Input ports for changing parameters such as engine speed, start/stop Crank Angle
Degrees (CAD)s, intake and exhaust manifold pressures and temperatures, EGR rate,
fuel mass per injection, and air-fuel ratio (¢).

— Control signal ports for valve timing, updates to the injection strategy, and combustion
phasing.

— Output ports for metrics generated by the SRM, including peak pressure, IMEP, torque,

and cycle-resolved emissions exhaust emissions.

The FMU was created by pairing the SRM solver code with an FMI-compliant XML man-
ifest and binary interface. We compiled the SRM model as a dynamic-link library (DLL)
in Windows environment or shared object (SO) in Linux environment and linked it with
the FMU using a build automation tool that supports FMI standards, such as FMU SDK or
CMake. The co-simulation master, like Simulink or the ASM real-time engine, managed time

synchronisation and solver step alignment to ensure accurate communication.
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3.4.2 Data exchange and real-time scheduling

When starting up, the FMU reads static conditions from SRM setup files. After this startup
phase, transient data exchange begins. The FMU consistently receives updated input sig-
nals from the external simulation master (MiL or HiL), which replaces initial conditions and
allows for cycle-resolved updates.

The FMU operates in asynchronous mode to ensure real-time performance and pre-
dictable behaviour. In this setup, each subsystem SRM, control unit, and environment model-
updates independently to avoid global synchronisation delays. If SRM computations fall
slightly behind during a cycle, the FMU provides the most recent completed outputs to
maintain continuity and prevent gaps in the control loop. We monitor output signals for
consistency over time, seamless hand-off, and physical reasonableness. Real-time execution
tests showed that when the SRM solver was packaged within an FMU, it met the latency and
throughput needs for closed-loop controller interaction in HiL setups. Simulation workflow
and data exchange are schematically presented in Figure 3.3, while details of SRM/FMU
integration are described in next subsection.

FMU Interface Layer SRM Solver
MiL / HilL platform (C++ Wrapper)
- Instantiates FMU - Receives inputs every timestep
- Provides engine inputs - Manages communication and
timing

(Fortran based)
- Runs combustion + emissions models
- Uses transient inputs per cycle

ECU / Testbench (HiL or MiL Platform)
- Receives SRM outputs in real time
- Uses data for feedback or validation

FMU Interface (Returns Outputs)
- Shares results with external system

FIGURE 3.3: Simulation workflow with FMU-based SRM.

3.4.3 FMU wrapper and SRM solver integration

The integration involves developing an FMU in C++ that serves as an FMI-compliant wrap-
per around the SRM solver written in Fortran. The FMU provides standard interfaces (func-
tions defined by the FMI 2.0 specification) and passes computational tasks to Fortran through
cross-language linking. The step-by-step integration breakdown is as follows.

— The Fortran-based SRM solver provides routines for initialisation, input handling, com-
bustion cycle computation, and extraction of performance and emissions results.

— On the C++ side, the FMU wrapper implements the standard FMI 2.0 interface func-
tions, ensuring that input/output handling, time-stepping, and model instantiation
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follow the FMI specification. This allows the SRM to be seamlessly linked with exter-
nal simulation platforms such as Simulink or dSPACE environments.

— Linking C++ and Fortran: Compile the Fortran SRM functions into a shared library
(.DLL, .so, or .Dylib) based on the platform. The Fortran functions use an extern "C"
linkage specification to maintain name compatibility with C++. We pay close atten-
tion to how arguments are handled across languages, including variable types, array
structures, and memory alignment, to ensure reliable data exchange. We use platform-
specific dynamic linking, using dlopen on Linux/macOS and LoadLibrary on Win-
dows to load the compiled Fortran libraries during runtime.

— Data Buffering: The FMU stores the last known outputs if the SRM is still solving,
allowing for real-time data availability.

— Time Synchronization: The FMU does not advance if no change in operating parame-
ters, such as engine speed for instance, is detected.

— Error Handling: The SRM can return convergence flags or warnings that the FMU logs
through fmi2Status.

The configuration’s benefits include keeping Fortran’s computational strengths for chem-
istry and thermal modelling. The C++ FMU ensures real-time compatibility with MiL/HiL
tools. Modular linking allows easy testing of different SRM solvers without rebuilding the
whole FMU structure.

3.4.4 Framework for real-time transient simulations

Within this work, the SRM was reconfigured to simulate transient in-cylinder processes
in real-time. Key input variables, including engine speed, valve timing on crank angle
(CAD) basis, intake and exhaust manifold pressure and temperature, exhaust gas recircu-
lation (EGR) rate, fuel mass per injection shot and air-fuel equivalence ratio (¢), are updated
as time-resolved or cycle-resolved parameters. These changes reflect continuously evolving
operating states during transient engine operation.

The SRM model connects with external simulation platforms such as MATLAB/Simulink
or dSPACE ASM engine models through a MiL or HiL setup. Initial state variables are loaded
through the setup files. After this, the FMI starts communication with the complete model.
This interface continuously sends updated engine input parameters to the SRM, replacing
the initialisation values and updating them for each subsequent cycle. After each com-
bustion cycle, the SRM provides real-time engine-out performance parameters and exhaust
emissions at the Exhaust Valve Opening (EVO). Engine metrics include maximum pressure,
IMEP, torque, and the location of the combustion centre. Engine-out emissions would be
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according to fuel type. The list of available parameters can be extended upon request. The

model setup is shown in Figure 3.4.

Functional mockup interface (FMI)

_______________

,1’ N s N
Transient driving Transient outputs
cycle inputs » Torque
= Engine speed SRM = Power .
* Manifold pressure - » ® Fuel consumption
and temperature . * Heat losses
th tabulated
= Valve lift profiles c;lv:zmis‘; un‘:oflel = Exhaust enthalpy
* Air-fuel ratio v = €O, H,0, N,, CO,
= EGR H,, NO, NO,, CH,,
= Oil temperature CH,0
A N s \ /’

______________________________

Feedback to next cycle

Initial temperature, pressure and turbulent kinetic energy

FIGURE 3.4: Concept of transient driving cycle simulations using the SRM
embedded in FMI.

Stand-alone

MIL/ HiL One set of calculations|
available at any time
to outer Software

Engine data Simulated data

SRM integrated

with FMI
One set of engine-data Updates with latest
available at any time SRM calculations
to SRM
FMI/FMU

FIGURE 3.5: FMI/FMU and SRM interfacing.

The simulation setup is designed to accommodate subsystems that operate at different
update rates, thereby maintaining responsiveness and data integrity. While MiL or HiL hard-
ware components may have a sampling period of 1ms. So, enforcing a uniform 1ms time
step across all components is not required. The scheduling approach allows the SRM and
interfacing controllers to run at their own appropriate rates. A schematic of this interface
is shown in Figure 3.5. This strategy reduces computational load and prevents fluctuations
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caused by synchronization. If SRM calculations for a given cycle are not completed in time,
the outputs from the previous cycle are retained and passed to downstream systems. In this

way, the setup preserves real-time and ensures continuity in control feedback loops.

3.5 Vehicle driving cycle procedures

Testing IC engine performance, fuel economy, and exhaust emissions under realistic driving
conditions is an essential task in vehicle development and certification. Standard driving
cycles are employed to provide consistency, comparability, and compliance with regulations
across varying test environments. In this thesis, the simulations are carried out using WLTP

and NRTC driving cycles.

3.5.1 WLTP for on-road light vehicles

The WLTP is a globally adopted standard for testing fuel consumption and emissions of
light-duty vehicles [5]. The WLTP, established under the United Nations Economic Com-
mission for Europe (UNECE), better represents contemporary driving patterns than it’s pre-
decessor, the New European Driving Cycle (NEDC). Comprising four phases-Low, medium,
high, and extra-high it replicates mixed urban, suburban, and highway driving patterns over
a combined distance of 23.3km and a total duration of around 1800s as shown in Figure 3.6
[5]. WLTP Class 3 is particularly for vehicles having a power-to-mass ratio of more than
34 kW/ton and a maximum speed greater than 135 km/h. It includes a combination of
acceleration, deceleration, cruising, and idling stages that stress the transient response of

power-trains and after-treatment systems.
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FIGURE 3.6: WLTP driving cycle.
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WLTP is obligatory for type approval and emissions certification, which constitutes the
legal foundation for market entry and vehicle registration. The cumulative quantity of regu-
lated pollutants-mainly NO,, CO, HC, and Particulate Matter (PM)-released during the cycle
establishes if a vehicle complies with emissions regulations [75]. Precise adherence to WLTP
guarantees real-world representativeness, thus reducing the discrepancy between laboratory

certification and on-road performance [76].

3.5.2 NRTC for off-road machinery

The Non-Road Mobile Machinery (NRMM), like agricultural tractors, construction equip-
ment, and industrial power units, is tested under the non-road transient cycle (NRTC), which
was established by the U.S. Environmental Protection Agency (EPA) and codified in ISO 8178
standards [77]. Unlike WLTP driving cycle, NRTC is aimed at testing the engine performance
rather than the whole vehicle. The test refers to the normalised engine speed varying with

time for 1200s as shown in Figure 3.7 [6, 78].

120%
100%
80%
60%
40%
20%

0% 1 1 1 1 o 1
0 200 400 600 800 1000 1200

Time [s]

Normalized
engine speed [%]

FIGURE 3.7: NRTC driving cycle with normalized engine speed.

The NRTC replicates very dynamic and non-repetitive engine load and speed profiles,
reflecting real-world off-road use, with frequent transients, load reversals, and idle periods.
In contrast to steady-state test. cycles, the NRTC includes both cold-start and hot-start oper-
ating segments, which better reflect field operations [77]. It plays a crucial role especially in
certifying engines to meet tier 4, stage V, and other non-road emission standards. Due to the
severe duty cycles of NRMM applications, the use of the NRTC guarantees that engines are
designed with adequate strength to manage emissions even during extreme transient loads
[79].
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3.5.3 Uncertainty quantification in transient simulations

Uncertainty quantification is essential for comparing simulation and measurement data dur-
ing transient engine operations. Both model-based and data-driven approaches encounter
uncertainty from physical simplifications, noisy inputs, and limited calibration datasets [80,
81]. Models relying on steady-state data often misrepresented in transient behaviour, while
look-up table methods may falter outside data boundaries [81]. Machine learning-based
models also face generalization limits when training data lacks coverage of dynamic scenar-
ios [82][27].

Emissions measurement uncertainties arise from both instrumental limitations, environ-
mental variability during testing, and variability of the measured processes themselves. Fac-
tors such as sensor calibration errors, response time lag, ambient temperature effects, and
exhaust dilution can all distort the accuracy of readings for pollutants like NO,, CO, or hy-
drocarbons. According to [83], inconsistencies in sensor dynamics and placement, especially
during transient conditions, can lead to measurement delays and damped signal profiles
that differ from instantaneous emissions behaviour. Additionally, cold-start events, fuel va-
porisation dynamics, and thermal lag in after-treatment systems often introduce significant
discrepancies that are hard to capture with real-time measurement instruments.

Uncertainty quantification is essential when comparing simulation outputs to experi-
mental emissions data. Typically, statistical validation metrics such as Root Mean Square Er-
ror (RMSE), correlation coefficient (R?), and normalised mean bias to evaluate agreement [83,
84], are applied for that purpose. It’s critical to align both datasets temporally and spatially-
ensuring synchronisation of sampling rates and consistent boundary conditions. The anal-
ysed ranges of data reflect 95% confidence intervals commonly used in uncertainty analysis,
as recommended by the IPCC and EDGAR inventory frameworks [85, 86]. For example,
EDGAR reports global greenhouse gas emissions are accurate within -15% to +20% overall,
while pollutants like N,O and PM exhibit significantly higher uncertainty. When validating
simulations, it’s critical to account for both instrumental uncertainty and modelling assump-
tions. Even strong statistical correlations (e.g., R?2>0.9) may obscure systematic errors caused
by unrecognised dynamics or sensor limitations [83]. Cross-validation,time-aligned signal
comparison, and cycle-average assessments are recommended for robust analysis [84, 87]
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TABLE 3.2: Uncertainty of measurement of various exhaust species.

Pollutant Uncertainty Range Remarks

CO, +10-15% Based on fuel use; low measurement error [85]
NOy +20-40% Combustion and transient-cycle sensitive [83]
HC +25-50% Cold-start and vaporisation effects [84]

CcO +20-30% Depends on air-fuel ratio [83]

PM/Soot £30-60% Nucleation and oxidation variability [86]

CH,4 +30-50% Often underestimated [85]

N>O £50-100% High uncertainty in non-combustion sources [86]

To determine the quality /repeatability of the results simulated by the toolchain employ-
ing the SRM, a literature study was performed to define an accuracy window for each ex-
haust species of interest. That accuracy window defines ranges characteristic of experimental
works that are to be reached by simulations. These accuracy windows for selected exhaust
species are listed in the Table 3.2.

3.6 SRM/FMU in MiL/HiL testing platforms

This work adopts a co-simulation mechanism that combines an FMU/SRM with different
integration environments depending on the application requirements, such as stand-alone
(SA) and ASM-integrated MiL/HiL environments. These configurations enable a bidirec-
tional data exchange between the FMU and surrounding simulation frameworks to perform
a transient engine simulation.

3.6.1 MiL/HiL workflow in dSPACE ASM

The MiL/HiL frameworks adopted in this work for connecting with the presented in Sec-
tion 3.4 FMU/SRM, are based on the dSPACE ASM system. The workflow of integrating the
FMU/SRM is presented in Figure 3.8.
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FIGURE 3.8: Simulation toolchain implementation in MiL and HiL.

For conventional real-time engine and vehicle-level simulation, the engine model is built
on dSPACE ASM, which is essentially a collection of open Simulink models. ASM models
comply with structured signal buses and use a standard set of interfaces to allow efficient
linking to external models. The FMU is framed as an interface against the ASM model using
amodelDescription.xml file, which defines the mapping of input/output variables according
to FMI 2.0.

The simulation toolchain integration and simulation setup for MiL and HiL use a com-
piled Simulink Information Container (SIC) file, which encapsulates simulation logic and
interface definitions. Both the FMU and the SIC are imported into VEOS for MiL execution,
while for HiL, they are imported into ConfigurationDesk, dSPACE’s PC-based environment
for multi-model integration and real-time execution without hardware. VEOS/Configura-
tionDesk automatically recognises the I/O ports on both the FMU and ASM model, allowing
data exchange during run-time.

3.6.2 Components of the ASM

The ASM is a simulation environment based on Simulink in the MATLAB environment that
is used to model the dynamics of vehicles and engine behaviour. The ASM model includes
different plant sub-models and control units, allowing for a comprehensive simulation of en-
gine systems. Transient data generated during simulations is exchanged between the ASM
and the SRM through defined interface ports, thereby enabling an accurate representation of
physical processes, such as combustion, emissions, and control response. The ASM model
communicates with the SRM through a series of predefined ports, where each one corre-

sponds to particular input or output signals as shown in Figures 3.9-3.12
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FIGURE 3.9: Interface for integrating FMU/SRM into ASM model [18, 63].
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FIGURE 3.10: Interface links in the ASM engine model for FMU/SRM [18, 63].

For each of the required engine data by SRM will be connected to a port as shown in

Figure 3.11 The ports are resolved by name through the use of the modelDescription.xml file,

which provides consistent signal mapping between the ASM and SRM models. This XML
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FMU/SRM framework.
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FIGURE 3.12: Ports from FMU/SRM to ASM as feedback.

setup serves as a liaison between the simulation layers, facilitating smooth data exchange.
The MATLAB/Simulink integration with SRM facilitates modular development and testing
of engine control strategies with ease of application in various simulation environments. The
simulated engine output parameters will be feed-backed to ASM as illustrated in Figure 3.12.
The ports are specified in the simulation architecture and resolved by name through the use
of the modelDescription.xml file. This provides the mechanism to ensure that every signal is
properly routed between the ASM and SRM parts, with data integrity and synchronisation
intact. In HiLL environments, the executable form of the ASM model executes in real time so
that dynamic interaction with physical ECUs and real-world inputs is possible, whereas MiL

simulations use virtual timing mechanisms.
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3.6.3 Integration in MiL/HiL frameworks

For HiL simulations, the integrated environment of the ASM model with FMU/SRM exe-
cutes on a SCALEXIO system. A SCALEXIO system (Figure 3.13) is a real-time computing
platform that communicates with physical ECUs and sensors. This enables high-accuracy
testing of engine control strategies in realistic conditions [18]. The soft ECUs in the ASM
model are replaced with actual physical ECUs, and the model is compiled into a real-time
executable that runs on a HiL-connected system, i.e., SCALEXIO. This setup enables the test-
ing of control units under scenarios that are very close to real-world conditions, effectively

closing the gap between virtual testing and real implementation (Figure 3.14).

arace =

— |

=y SCALEXIO dSPACE

FIGURE 3.13: SCALAXIO hardware platform used for the HiL simulations.
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FIGURE 3.14: Integration of ASM model with simulation toolchain in real
hardware environment SCALEXIO.

MiL simulations, on the other hand, are run in a virtual environment, usually on a con-
ventional PC. The virtual environment is provided by dSPACE VEOS [18]. VEOS is the
dSPACE platform for PC-based simulation of models and virtual ECUS (VECU) and net-
work communication. It lets ASM models be connected via FMI to FMU /SRM (Figure 3.15).
The ASM model supports both MiL and HiL simulation environments. In MiL simulations,
the ASM model is translated into an executable code that runs in a virtual computation envi-

ronment, thus allowing developers to test control algorithms without the need for physical

hardware.
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FIGURE 3.15: Integration of ASM model with FMU/SRM in virtual computa-
tional environment VEOS.
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3.6.4 Simulations in stand-alone modes

A stand-alone simulation mode has been developed for debugging, verification, and com-
prehensive testing of transient simulations as well as for the case where transient driving
cycle input data are available from measurements. Figure 3.16 illustrates the schematic
flowchart of this setup.

@ FMU

 ———— text
Tool chain
-—

text

Simulated engine
performance parameters
and exhaust emissions

Command line
interface

Transient driving cycle
operating characteristics

FIGURE 3.16: Toolchain’s implementation in a stand-alone environment.

In this configuration, all transient engine conditions are sourced from text-based input
files. The FMU/SRM is connected to these input files via FMI and operates in a command-
line interface, ensuring platform independence and portability across both Windows and
Linux systems.

This stand-alone mode is particularly advantageous for testing and rapid prototyping,
especially when integration with Simulink/ASM is not required or not available. Addition-
ally, this approach facilitates transient simulations without the need for a MiL or HiL envi-
ronment. By importing these text files into a Simulink environment, the SRM FMU can also
be executed within Simulink, thereby supporting both stand-alone and co-simulation envi-
ronments. The stand-alone Simulink/SRM intergeneration environment is shown in Fig-
ure 3.17. In this configuration, the SRM can be directly imported as an FMU into a Simulink
framework and can be connected to ports defined by modelDescription.xml.

3.7 ANN-based meta-model

In order to offset the computational resources associated with transient engine simulations
with the developed toolchain, a meta-model employing an ANN has been developed. The
purpose of this development was to provide a methodology for applications that could be
simulated faster than real-time, such as testing other sub-models and their control algo-
rithms, without requiring changes in the modelling of the in-cylinder processes. Hence, the
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FIGURE 3.17: Simulation toolchain working in stand-alone mode and inte-
grated in MATLAB/Simulink.

training of the ANN is carried out based on the physics-based model employing the SRM,
and the whole development of the ANN is here considered preliminary.

In this work, a Keras’ sequential class is employed [88] to construct a three-layer neural
network, programmed in Python with the TensorFlow [89] and scikit-learn [90] libraries.
The architecture of the network consists of an input layer with 128 neurons, followed by
a second layer containing 64 neurons, and concluding with an output layer having same
number neurons as the quantity of outputs. A Reflective Linear Unit (ReLU) is used as the
activation function to enhance the network’s performance, which allows for the introduction
of non-linearity. The optimisation of the model was achieved through the Adam optimisation
algorithm [91], which implements stochastic gradient descent.

The workflow of developing, training the meta-model, and its application is illustrated
in Figure 3.18. The diagram illustrates the development process of a neural network model
used to predict engine-out emissions and performance based on transient engine data from
the physics-based toolchain and using the SRM. Initially, transient engine data and corre-
sponding engine-out emissions and performance data are used to train the neural network.
Once trained, the model is evaluated by using transient engine data to predict engine-out
data, which is then compared to the toolchain’s simulation data to check the prediction accu-
racy. If the assumed accuracy is not within the acceptable range, the process loops back for
further training with updated data. The loop repeats until the accuracy meets the assumed

threshold, which in this work was assumed to be 5.
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FIGURE 3.18: ANN training and prediction model.

3.8 Simulation toolchain

This section integrates the modelling components discussed in Sections 3.2-3.7 which is
schematically illustrated in Figure 3.19. The principal contribution of this work lies in the
development of a unified simulation framework, enabling real-time transient engine simula-
tions by combining the SRM, tabulated chemistry for combustion and emissions formation,
FMU interfaces, and surrogate ANN meta-model and the possibility to couple them within
testing platforms such as MiL and HiL.

Generic structure

The simulation toolchain development aims to establish a physically detailed and computa-
tionally efficient transient engine real-time simulation framework. This is achieved through
the integration of the SRM with the FMI and FMU standards. By enabling the SRM to han-
dle transient inputs, such as variable engine speeds and injection strategies, transient simu-
lations are possible. Exporting the enhanced SRM as an FMU ensures compatibility with
MiL/HiL platforms, enabling a seamless system-level transient simulation environment.
Such a defined toolchain is considered a physics-based driving cycle simulator.

To meet the demands of real-time execution, the framework is optimised for computa-
tional efficiency without sacrificing accuracy. Its validity is demonstrated through testing
using driving cycle data on both CI and SI engines. These tests serve not only to confirm
the model’s realism but also highlight its flexibility across fuel types. The development of a
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FIGURE 3.19: Components of the developed toolchain resulting in a physics-
based driving cycle simulator.

surrogate ANN meta-model enables even faster simulations for beyond real-time simulation
demands. Altogether, the architecture bridges the gap between high-accuracy combustion
modelling and real-world application, advancing the field of engine simulation and control
systems development. The Table 3.3 describes each component of the developed toolchain
presented in Figure 3.19. Here, the toolchain refers to engine transient driving cycle sim-
ulations, but the development allows for using the framework with any type of transient
data.

TABLE 3.3: Mapping of simulation toolchain elements to technical objectives.

Diagram element Role in in the toolchain

SRM 0D model of engine in-cylinder processes
Tabulated chemistry | Modelling of combustion and pollutant
Fuel surrogate formulation

FMI/FMU Interfacing, modularity and system-wide compatibility
Driving cycle data Inputs to run engine transient driving cycle

MiL/HiL platforms | Integrity with 3" party testing platform

ANN meta-model A surrogate meta-model for computational cost reduction

In the diagram in Figure 3.19, transient engine simulations sit at the centre, surrounded
by seven interconnected components. While each element contributes a specialised capa-
bility like SRM for modelling of in-cylinder processes or tabulated chemistry for detailed
but CPU efficient prediction of combustion and pollutant formation the true power of this
ecosystem is unlocked through the FMU. FMU is the programmable interface that binds all
these models into a unified simulation framework. By encapsulating each model into FMU,
one creates modular, interoperable units that can be executed together, regardless of their
origin or complexity. This modularity is what makes real-time transient simulations feasible.
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For example, driving cycle data feeds transient input conditions into the FMU-based sys-
tem. The SRM and tabulated chemistry models, wrapped as FMU, respond to these inputs
with high-accuracy combustion and emissions outputs. The FMU framework ensures that
all these components communicate seamlessly, whether the simulation runs on a MiL /HiL
platform or is integrated with third-party tools. In essence, by programming FMU, the entire
simulation toolchain is orchestrated into a synchronised, scalable, and portable simulation

environment—making transient engine modelling not only possible but efficient and robust.

Toolchain configuration in dSPACE system

The simulation toolchain’s working methodology is shown in Figure 3.19. In both MiL
and HiL simulation setups, the dSSPACE ASM Simulink model serves as the transient input
provider to the SRM wrapped in an FMU.

ASM model ControlDesk ‘4 \ '
On Initialization : Q

Vo5 (_\ : fmi2lnstantiate :

fmi2SetExperiment :

I
1
1
1
1
1
1
VEOS | @
— ! DI-SRM
MiL T > <:> : Simulation loop
N = RN i
Veos N 1 fmi2Async
— I :D:l
1
SCALEXIO I
4 : fmi2SetReal
HiL e ) | . fmi2Dostep
— sy el [ 1 fmi2GetReal
@ 1
9
RN VIV
Transient data Transient 0D SRM

FIGURE 3.20: Toolchain configuration in MiL/HiL systems from dSPACE.

For MiL simulations, the Simulink model is exported as a 32-bit SIC file and integrated
within VEOS, which acts both as the integrator and simulator. The FMU, containing the
combustion solver, is linked to the ASM model through port name matching defined in the
FMU’s modelDescription.xml and the ASM output signal names. When names match, the
connections are automatically established. The result is a virtual simulation environment
where the ASM provides transient operating conditions and the FMU performs combustion
calculations. This co-simulation is managed and monitored in dSPACE ControlDesk, which
also allows toggling optional inputs, such as enabling or disabling feedback.

In HiL simulations, the same integration concept is applied, but with a real-time execu-
tion framework. The ASM model is exported as a 64-bit SIC file and integrated with the
FMU-based transient 0D SRM using ConfigurationDesk. As in MiL, signal connections are
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resolved automatically by port name matching. The integrated model is deployed to real-
time hardware, and simulations are executed in a deterministic environment. ControlDesk
remains the user interface for data monitoring and interaction, enabling real-time control
over optional FMU inputs. This setup ensures consistent integration logic across MiL and
Hil.
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Chapter 4

Results and discussion

4.1 Background

This chapter presents the simulation results applying the developed simulation toolchain as
described in Section 3.8. The primary goal is to evaluate the accuracy, robustness, and com-
putational performance of the developed simulation toolchain for simulating performance
parameters and exhaust emissions of CI and SI engines operated under WLTP and NRTC
transient driving cycles. The chapter begins by discussing the integration of the SRM-based
engine model via FMU/FMI technology into MiL and HiL platforms, which defines a com-
plete toolchain resulting in a physics-based driving cycle simulator. Next, the capability of
predicting engine performance parameters and exhaust emissions from an on-road CI engine
under the WLTP driving cycle is presented. Specifically, aspects of driving-cycle to driving-
cycle variability in exhaust emissions are discussed. The next two sections dealt with using
the toolchain to simulate SI engines operated during the cold-start phase of the driving cycle.
The subsequent section is devoted to analysing the co-simulation of the engine and catalyst,
which is considered a step towards system-level simulations. Finally, results obtained from
the ANN-based meta-model of the physical driving cycle simulator employing the SRM are
presented. The content of this chapter is based on the published results [24, 25, 26, 27].

4.2 MiL/HiL platforms-based engine simulations

This section evaluates the toolchain’s real-time performance by integrating the simulating
toolchain into both MiL and HiL platforms via FMI/FMU technology as introduced in Sec-
tion 3.6. The goal is to demonstrate the functionality of the complete toolchain, including its
integrity with the MiL/HiL platforms, and to qualitatively evaluate its performance.
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4.2.1 Engine data and test case definition

The engine and driving cycle data utilised in this study are obtained from the dSPACE ASM
package. The engine is a six-cylinder SI engine fuelled with gasoline and employs a port
fuel injection system. The engine data were used to build the SRM of the engine in-cylinder
processes. The transient load and speed demands on the engine are governed by a standard-
ised driving cycle from the WLTP. By applying the driving cycle profile, the engine model
is subjected to transient operating conditions that cover a representative range of vehicle
usage scenarios, including idling, urban driving, and high-speed motorway operation. The
SRM was built and configured according to the geometry data in Table 4.1. Simulations were
conducted with Primary Reference Fuel (PRF) consisting of a blend of n-heptane (N-C7H16)
and isooctane (I-C8H18). The fuel mixture used in this study has a mass fraction of 5.40%
n-heptane and 94.60% iso-octane and represents commercial gasoline.

TABLE 4.1: Engine specification.

Parameter Unit Value
Bore mm 79.8
Stroke mm 75
Rod Length mm 140
Compression Ratio - 9.5:1
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FIGURE 4.1: Simulated engine speed, equivalence ratio, spark timing and EGR
during the WLTP driving cycle.
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4.2.2 Exemplary results

The engine input parameters provided to the toolchain from the MiL and HiL models are

shown in Figure 4.1. These inputs include engine speed, equivalence ratio, spark timing and

EGR rate.
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FIGURE 4.2: Dashborad view of the MiL/HiL simulations in dSPACE config-
urationDesk [18, 63].

Figure 4.2 illustrates the real-time execution environment of the MiL/HiL simulations
using dSPACE ControlDesk, which is the recording utility that enables data logging during
simulation runs. The dashboard view presents the live recording of engine-out emissions
and key performance parameters during a transient WLIP cycle, and confirms the successful
deployment and monitoring setup of the SRM-based FMU within the SCALEXIO or VEOS
platform. These visualisations validate the integration and operational fidelity of the simu-
lation framework under transient conditions.

Figure 4.3 presents simulated results for maximum in-cylinder pressure and the cumu-
lative emissions of CO,, CO, uHC and NOy, over a 1800s WLTP driving cycle, using both
MiL and HiL frameworks. The simulation results from MiL and HiL show close agreement,
demonstrating consistency across both platforms.
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FIGURE 4.3: Results from MiL and HiL simulations of an SI engine.

4.2.3 Summary

This study demonstrates the integration of the SRM-based FMI/FMU framework into MiL
and HiL platforms, enabling real-time engine simulations based on the methods outlined
in Section 3.6. The engine model data were sourced from the dSPACE ASM package. The
results confirm the flexibility and reliability of the developed toolchain across simulation
environments, with consistent outputs observed between MiL and HiL. Minor discrepancies
observed in cumulative emissions are attributed to the stochastic cycle-to-cycle variation that
results in driving-cycle to driving-cycle variations, and here we simulated a single realisation
of the driving cycle (see also the discussion in Section 3.5.3 and Section 4.3.5).
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4.3 ClIengine simulations under WLTP driving cycle

The purpose of this section is to demonstrate and evaluate the application of the developed
toolchain to simulate CI engine operation under the WLTP driving cycle. This evaluation
aims to assess the model’s capability to accurately predict in-cylinder performance, combus-
tion characteristics, and emissions behaviour under real-time transient operating conditions
representative of regulatory certification testing. Furthermore, stochastic variability of pre-
dicted exhaust emissions under transient conditions is analysed in reference to the variabil-
ity of corresponding measurement data. The data used in this study were adopted from the
published journal article [44].

4.3.1 Engine specification and investigated steady-state operating points

The reference vehicle is a diesel-powered D-segment passenger car with a curb weight of
1500 kg. It is equipped with a manual transmission with 6 speeds and rear-wheel drive. The
vehicle’s engine is a 4—cylinder, 2.0L direct injection, CI engine that has both high-pressure
and low-pressure exhaust gas re-circulation systems. More details about the reference engine
can be found in the published work [44]. The engine specifications are outlined in Table 4.2.

TABLE 4.2: Specification of engine parameters of CI engine.

Parameter Unit Value
Bore mm 83.0
Stroke mm 92.35
Rod Length mm  140.06
Pin Offset mm 0.5
Compression Ratio - 15.5:1

As a reference for SRM training, sixteen operating points were selected. These were
representative of the engine operation under WLTP. The operating points (OP) are presented
in Table 4.3. The operating conditions of the engine used for this investigation are outlined
in Table 4.3. The engine map covers a speed range from 1000 to 3500rpm, and torque ranges
from 0 to 250 N - m. The relative stoichiometric ratio (A) range spans from 1 to 5 down, and
the exhaust gas recirculation (EGR) rate ranges from 0 up to 50%.

4.3.2 Reference diesel fuel and its surrogate

The engine is operated with B7 Diesel with a cetane number (CN) of 53.3. The fuel is blended
with 7 vol-% of biodiesel. The diesel fuel is represented by a multi-component surrogate
from LOGEfuel package [63]. The composition of the surrogate is outlined in Table 4.5. The
properties of the surrogate are compared with the fuel used in the experimental work in
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TABLE 4.3: Engine operating points for engine model training.

Operating point Engine speed [rpm] Torque [Nm] A[-] EGR[%]

1 1000 79.046 1.51 31.88
2 1250 221.768 1.39 0.80

3 1250 142.819 1.32 19.47
4 1500 63.273 1.62 42.70
5 1500 0.046 4.61 49.07
6 1750 189.978 1.45 20.95
7 1750 316.898 1.49 5.78

8 1750 47.551 2.04 43.07
9 2000 47.445 1.93 43.83
10 2000 222.192 1.45 21.90
11 2000 316.605 1.42 10.80
12 2750 142.855 1.68 30.31
13 2750 253.173 1.55 11.86
14 3500 94.924 2.59 19.75
15 3500 15.781 4.40 30.79
16 3500 221.539 1.86 0.84

Table 4.4. The surrogate closely matches the CN, lower heating value (LHV) and C:H:O ratio

of the experiment fuel.

TABLE 4.4: Comparison of reference Diesel fuel and its surrogate counterpart.

Parameter Unit  Experiment Surrogate
CN - 52.5-52.9 53.0
LHV M]/kg 42.71 42.56
C:H:O - 13.625:1.0:1.0 12.07:19.4:0.12

TABLE 4.5: Liquid volume fraction (LVF) of surrogate components.

Species Unit LVF
n-Decane %  65.0
«-Methylnaphthalene %  27.0
Methyl decanoate %o 8.0

4.3.3 Reference model results at steady-state conditions

The calibration was conducted for OPs listed in Table 4.3. The calibration relied on deter-
mining the constants of the turbulence model from which the mixing time was derived. It
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was targeted at finding one set of model parameters that would be valid for the entire en-
gine matrix of operating points under consideration. The calibration procedure is beyond
the scope of this work and is omitted.

The pressure profile from the steady-state training for the operating points 2 and 8 from
Table 4.3 is shown in the upper left and right of Figure 4.4, respectively, and is compared
against the reference pressure profiles. Simulation pressure matched well with the measured
history. The Rate of Heat Release (RoHR) is shown in the lower left and right of the Fig-
ure 4.4, respectively. Although the simulation RoHR is having fluctuations, the overall trend
is matching the reference RoHR. Similar accuracy was obtained in other operating points
that resulted in an acceptable match between the simulated and reference data for maximum
peak in-cylinder pressure and combustion centre (CA50) as presented in Figure 4.5
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FIGURE 4.4: Comparison between the simulated and the reference pressure
and RoHR profiles for operating points 2 and 8 from the Table 4.3.

Simulated exhaust emissions for all the operating points from Table 4.3 are shown in
Figure 4.6. For operating points 1, 2, 3, 8, 9, 10, 12, 13, 14 and 16, the CO, agrees reasonably
with the experimental values. For OP 6,7, and 11, which are among the high load points, the
predicted CO; is lower than the reference value. Overall, the simulated CO is higher than the
experimental one, except for the operating points 5, 8, 9 and 15. For operating points 5, 8 and
9, the experimental value is higher than the optimised CO value. For operating point 15, the
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predicted CO is almost equal to the experimental one. For all operating points, the simulated
HC overpredicts the reference data. Reference NO, is well matched by simulations for all
operating points except for OP 2, 7 and 11, where simulated NO, values are lower than the
experimental values.
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FIGURE 4.5: Simulated maximum peak cylinder pressure and combustion cen-
tre compared to the reference data.
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FIGURE 4.6: Simulated CO,, CO, NO, and HC compared to the reference data
for all the operating points from Table 4.3.
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4.3.4 Transient simulation results

The trained engine model is validated against reference data from the WLTP driving cycle.
The results for peak cylinder pressure (PCP) and CA50 are presented in Figure 4.7. Over-
all, good agreement between the simulated and reference data is obtained.
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FIGURE 4.7: Comparison between the simulated and reference results for PCP
(A) and CA50 (B).

Figure 4.8-Figure 4.12 presents a comparison between the simulated and reference results
for selected emissions, such as CO,, CO, NO,, HC and soot, during the WLTP cycle. Overall,
quite good agreement is obtained. HC, CO and soot are underestimated during the majority
of the cycle, but at around 1500s of the cycle, the concentrations increase, resulting in an
increase of the cumulative values that at EVO show a somewhat reasonable match to the
reference data. Some overestimation of NOy is observed after low-pressure EGR is started at
around 1200s in the driving cycle [44], but overall, the agreement is high.
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FIGURE 4.8: Simulated and reference CO; as rate (A), and cumulative (B) data.
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FIGURE 4.9: Simulated and reference CO as rate (A), and cumulative (B) data.
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FIGURE 4.10: Simulated and reference HC as rate (A), and cumulative (B) data.
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FIGURE 4.11: Simulated and reference NO, as rate and cumulative data.

4.3.5 Analysis of stochastic variation of exhaust emissions

This section investigates the variability of the simulated exhaust emissions in reference to the
variability of the measured data. Fifty identical simulations were conducted and compared
against experimental accuracy windows (see also Section 3.5.3). The results for CO, and CO
are presented in Figure 4.13 and Figure 4.14 shows results for NO, and HC.
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FIGURE 4.12: Simulated and reference soot as rate and cumulative data.

Overall, for all considered exhaust species, all individual driving cycles at the end of the
WLTP cycle (at 1800s) fall into the determined accuracy windows, which are 10%, 30%, 20%,
50% and 60% for CO,, CO, NO,, HC and soot, respectively.
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FIGURE 4.13: Cumulative histories of CO, and CO from consecutive fifty
driving-cycles and their average history compared with reference data and
plotted over the accuracy window of test-bench measurement.
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FIGURE 4.14: Cumulative histories of NO, and HC from consecutive fifty
driving-cycles and their average history compared with reference data and
plotted over the accuracy window of test-bench measurement.



Chapter 4. Results and discussion 53

1000 T T T T T 16 r r T T
— Ref. No. of simulations
= 7501 Sim. - individual driving cycles 12 o 2 B 20 1 40 g N7
£E Accuracy window S BTz 5 1 30 57 50 {ii =
= 500f —.— Mean > 8 mFEE 10 ==’ o ]
o) O =I’ .
0 o250t O . ==’ =
_ s ; N [ i} o | ‘.
anppmn S L
0 300 600 900 1200 1500 1800 -

Time [s] Emission parameter

FIGURE 4.15: Cumulative histories of soot from consecutive fifty driving-

cycles and its average history compared to the reference data and plotted over

the accuracy window of test-bench measurement (left) and coefficient of vari-
ance for selected emissions (right).

Right of the Figure 4.15 presents a grouped bar chart showing the coefficient of variance
(CV) in % for five considered emission species (CO,, CO, NO,, HC, and Soot), across differ-
ent simulation counts (2, 5, 10, 20, 30, 40, 50 simulations). The CV is the standard deviation
divided by the mean of an integrated (cumulative) emissions expressed as a percentage.

CV = ‘; % 100. (4.1)

In the equation 4.1 ¢ is the standard deviation and y is the arithmetic mean, the equation 4.1
provides a normalised measure of variability that is independent of the scale of the mean. In
the case of simulations, CV examines how much variation can be expected from the mean
outcome to other outcomes for each subset of simulations. A low CV means that the sim-
ulation results are close to average (such as high consistency), while a high CV indicates
stronger fluctuations (less stability or stronger sensitivity).

In Figure 4.15, on the right, each group of bars corresponds to a single species, with
different hatch patterns representing different simulation counts. Numerical CV values are
annotated above the bars for clarity. CO, exhibits very low CV (~ 0.1-0.3%), indicating
highly consistent predictions across simulations. CO and NO, show moderate variability
(0.3-0.6%), with NOy slightly more sensitive at some simulation counts. HC CV increases
gradually (~ 1-5%), reflecting moderate-to-high sensitivity, while soot shows the highest
CV (~ 10-13%), suggesting substantial stochastic effects or model sensitivity.

Increasing the number of simulations does not uniformly reduce variability. For most
species, CV stabilises after ~ 10-20 runs, but soot varies even at 50 simulations. Low CV
(COy) indicates robust and predictable emissions, moderate CV (CO, NO,, HC) suggests
reasonable stability with some sensitivity. A high CV for soot indicates for high sensitivity
of its prediction.
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4.3.6 Summary

This section presents a comprehensive evaluation of a developed toolchain applied to a CI
engine operating under the WLTP driving cycle.

Initial validation under steady-state operating points demonstrates strong agreement be-
tween simulated and experimental combustion metrics, including pressure profiles, RoHR,
max pressure, and CA50. Emissions predictions for CO,, CO, NO,, and HC show reasonable
accuracy.

The trained at steady-state conditions model was applied to simulate the transient en-
gine behaviour under the WLTP cycle. Combustion metrics maintain good alignment with
reference data. Emissions trends are well captured. CO, and CO match closely with experi-
mental counterparts. Similarly, NO, is also accurately predicted. Some discrepancy between
the simulated and reference data is attributed to the effects of activating low-pressure EGR in
the phases of the cycle. HC is consistently underestimated during the majority of the cycle,
but its end-cumulative value is found within the accuracy window. Similarly to HC, soot
emissions are over-predicted in rate but align cumulatively.

To quantify the stochastic variability of the obtained results from transient simulations,
50 consecutive runs of the WLTP cycle were conducted using identical engine data. Results
show that a statistically stable mean for CO,, CO, and NOy can be achieved with 15 simula-
tions, while HC and soot require 25 and 35 simulations, respectively. Simulated pollutants
fall within experimentally defined accuracy windows, confirming the model’s reliability for
transient emissions prediction and offering practical guidance on simulation count for robust
statistical analysis.

This systematic evaluation demonstrates the toolchain’s capability to simulate CI engine
behaviour under driving cycles with high accuracy and computational efficiency. As the
simulation finishes in 30 minutes of a 30-minute driving cycle, this supports its use in real-
time emissions prediction and virtual calibration workflows.

4.4 Simulation WLTP cold start of a CNG engine

This section applies and assesses the developed toolchain for simulating SI engine behaviour
during cold start conditions under the WLTP driving cycle for passenger car applications
using CNG as fuel. The cold-start phase significantly influences overall cycle emissions and
fuel consumption in regulatory testing. The content of this section has been adopted from
the published journal article [24].

This section extends the validation to a SI engine fuelled with CNG under cold-start con-

ditions. Experimental reference data were collected from [92, 93], where controlled tests were
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carried out at four distinct ambient temperatures: —7°C, 0°C, 8°C, and 20 °C. The devel-
oped simulation toolchain was applied to replicate these experiments, and its predictions
were compared to the measured data at each temperature setting. Furthermore, additional
investigations were conducted to assess how Natural Gas (NG) composition influences cold-
start emissions. Three representative mixtures were studied: High-caloric Gas (H-Gas):- pre-
dominantly methane, exhibiting the highest stoichiometric air—fuel ratio and Wobbe index,
Low-caloric Gas (L-Gas):- containing approximately 20% nitrogen, resulting in the lowest
Wobbe index and a reduced energy density, Hydrogen-enriched gas:- containing 10% Hp,
characterized by a higher Wobbe index and faster flame speeds. The impact of air—fuel ratio
(A) variations was also analysed. For each ambient temperature, A was incrementally in-
creased from stoichiometric conditions (A=1.0) to lean mixtures (A=1.3 and A=1.6), enabling
a systematic evaluation of lean-burn strategies on engine-out emissions and combustion per-
formance. This section provides insights into how fuel properties and mixture settings in-
teract with cold-start phenomena, which are critical for regulatory compliance and practical
engine optimisation.

4.4.1 Engine specifications

The specifications of the engine are detailed in Table 4.6. While the engine is originally de-
signed for gasoline use, it has been enhanced with a direct-injection system tailored for nat-
ural gas. By leveraging the high octane rating associated with natural gas, the compression
ratio was raised from 10:1 to 13:1. The testing apparatus comprises a 250 kW dynamome-
ter functioning at 6000 rpm, capable of conducting both transient and steady-state opera-
tions. Continuous monitoring of gas quality is implemented, allowing adjustments through
controlled introductions of CO;, Ny, and Hj. To replicate cold start scenarios, both the oil
and coolant circuits are cooled to -7 °C utilising a specialised conditioning unit (refer to B of
Figure 4.19). Additionally, the test bench is equipped with an open engine control system
that facilitates the customisation of catalyst heating strategies. Measurement capabilities in-
clude the AVL AMA i60 for detecting emissions such as CO, CO,, NO, NOy, and unburned
hydrocarbons; furthermore, a DX4000 FTIR system is employed to measure various gases
including CO, CO,, NO, NOy, SO,, NH3, CH;0, and CHy.

TABLE 4.6: Engine characteristic.

Parameter Unit Value

Bore mm 719
Stroke mm  82.0
Rod Length mm  137.0
Pin Offset mm 0.5
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4.4.2 Surrogate fuel

The composition of natural gas utilised in the experiment is detailed in Table 4.7, which
presents one fuel characterised by a lower superior Wobbe index (Low Ws) and another with
a higher superior Wobbe index (High W;). A surrogate model in the form of CPV has been
created based on an average natural gas composition derived from six distinct fuel samples
collected during the experiment, and based on the reaction mechanism from [94]. Some more
information about the generation of CPV and the laminar flame speed table is found in [24]
that stands behind this section.

TABLE 4.7: Natural gas composition for reference and surrogate fuel.

Species / Property Low Wy High Wy  Surrogate

CH, [mol%] 96.74 97.03 96.85
CoHg [mol%] 1.83 2.18 2.09
N, [mol%] 0.60 0.58 0.55
CO, [mol%] 0.63 0.11 0.40
H, [mol%)] 0.00 0.00 0.05
CO [mol%)] 0.20 0.10 0.06
AFRg 16.58 16.89 16.71
LHV [M]/kg] 48.03 47.99 47.06
Ws [M]/m3] 47.37 48.06 46.72

4.4.3 SRM configuration

The configuration of the SRM for this study, presented in Table 4.8, is based on the findings
from previous research [95], with an adjustment to the particle count, which is increased to
200 to facilitate the demands of transient simulations. Furthermore, the number of cycles for
the steady-state model training is established at 150 to accommodate the cyclic fluctuations
observed in the experiments. This study employs the cyclic variation model [96], which
assumes a Gaussian distribution for parameters such as spark timing (6;pa,t), scalar mixing
time (7,), and turbulence frequency (u’).

TABLE 4.8: SRM setup.

Parameter Value

Number of particles [-] 200
Time step [°CA] 0.5
Number of cycles [-] 150
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The Woschni heat transfer model [74] used default model constants (C1=2.2800 and C,=0.0035),
and the piston/head surface area multiplier was set to 1.52. Additionally, the crevice volume
is configured to represent 4% of the cylinder clearance volume, which includes unburned
mass that becomes trapped during the compression and combustion phases, subsequently
released during the expansion stroke.

The K-k turbulence model [60, 61] is used. Its configuration is detailed in Table 4.9. The
default values recommended by [97] are employed, with the scalar mixing time factor C,,
established at 1. The injection parameter (C;;;) is assigned a value of zero, as fuel mass is
introduced during the opening of the intake valve, allowing us to disregard the effect of
direct injection on turbulent kinetic energy (k).

TABLE 4.9: K-k turbulence model parameters.

Parameter value

Cinj 2.2800
Ceomp 0.0035
Chre 2.2800
Cuiss 0.0035
Clen 2.2800
Cp 0.0035
Can 2.2800
Can 0.0035
Cy 0.0035

44.4 Engine steady state operating points

The steady-state operating points are detailed in Table 4.10. This table also presents the
standard deviation of spark timing, denoted as csr, along with the laminar time (tj;inar)
associated with the early flame kernel model. These parameters were calibrated to align
with the in-cylinder pressure observed during experiments. Laminar time characterises the
propagation of the laminar flame immediately following spark ignition and remains constant
across varying operating conditions. Notably, the standard deviation of spark timing tends

to increase with greater torque levels.
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TABLE 4.10: Steady-state operating point model training.

ID  Speed [rpm] Torque [Nm] o5t [°CA] fiaminar [115]

OP1 1050 40 21 600
or2 2000 100 3.1 600
OoP3 2500 170 4.1 600
Or4 3000 40 2.1 600
OP5 3000 140 3.1 600
OP6 3500 170 4.1 600
opr7 5000 40 3.1 600
or8 5000 100 3.1 600
OoP9 5000 170 4.1 600

4.4.5 Reference model results at steady state conditions

The steady-state results of the pressure and RoHR is Figure 4.16. The data presented reflect
averaged results from 150 cycles of both experimental and simulated conditions. In general,
the simulation provides a precise representation of the combustion behaviour observed in
the experiments. As this chapter concentrates on the performance of the simulation toolchain
under transient conditions, the results for the rest of the steady-state OPs are not presented

here, and they are found in [24].
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FIGURE 4.16: Comparison between reference and simulated histories of in-
cylinder pressure (A) and RoHR (B) for operating point 1.

Maximum pressure and CO; emissions are illustrated in Figure 4.17 A and B, respectively
and for all operating points. The predicted values for both max. pressure and CO; emissions
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align closely with experimental results. However, notable discrepancies are observed in OP3.
The reference result for OP3 is significantly higher than those recorded for other steady-state
conditions, which contradicts expectations based on the provided fuel mass. Consequently,
this experimental result is classified as an outlier.
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FIGURE 4.17: Comparison between reference and simulated maximum peak
cylinder pressure (A) and CO; (B) for all operating points.

The predicted emissions of CO and NO, are illustrated in sub-figures 4.18a and 4.18b
of 4.18. The results indicate a strong correlation with the experimental data for CO, which
exhibits levels between 6000 and 10000 ppm mole fraction. The predicted NO, emissions
align closely with the experimental findings at low-load and mid-load operating conditions.
However, for operating points OP3 and OP6, the simulated NO, values are significantly
lower than expected.
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FIGURE 4.18: Comparison between reference and simulated CO (A) and NO,
(B) for all operating points.
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44.6 Transient simulations

The driving cycle analysed is a simplified version of the WLTP, as illustrated in Figure 4.19.
The simulations refer to the cold start tests at different ambient temperatures: 20°C, 8°C, 0°C,
and -7°C. The histories of intake manifold pressure and temperature due to these different
ambient temperatures are illustrated in Figures 4.20 and 4.21
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FIGURE 4.19: (A) WLTP velocity profile compared to the simplified WLTP
used in the current investigations. (B) CNG engine speed profile of the sim-
plified WLTP cold start cycle. The yellow colour marks the idling phases, the
green colour marks the acceleration phases, and the red colour marks the de-
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FIGURE 4.21: Simulated inlet manifold temperature at 20°C, 8°C, 0°C and -7°C
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During a cold start lasting 500 seconds, the inlet manifold temperature increases due to

the warming of the engine oil. The engine model accurately reflects the measured natural gas
mass flow (mCNG) across all four ambient temperatures, as depicted in Figure 4.22. Notably,
natural gas flow rises as ambient temperatures drop, attributed to heightened friction losses
at lower temperatures.
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FIGURE 4.22: Comparison between simulated reference mass flow of CNG for
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different ambient temperatures.



Chapter 4. Results and discussion 62

Overall, the predicted CO, (Figure 4.23) is in the range of experimental data. However,
at the second idling phase (occurring at 100 seconds), measured CO, decreases, which is not
replicated by the model. Similarly, during both the second and third de-acceleration phases,
the trends of the experimental data are not mirrored by the model.

The simulated CO (Figure 4.24) reasonably matches the measured counterpart. During
initial idling phases, there is a notable rise and fall during subsequent acceleration phases
that aligns with experimental observations. In contrast, fluctuations in CO occur signifi-
cantly during the second idling phase. Furthermore, post-second and third deceleration
phases see an increase in CO that is unpredicted by the model.

The simulated NO, (Figure 4.25) aligns remarkably well with the experimental results.
As the system transitions into the acceleration phase, there is a noticeable increase in NOy. In
the subsequent idling phase at 100 seconds, NO, declines but stabilises within a range of 200-
300 ppm. As ambient temperatures drop, a decrease in NOy is observed, which is attributed
to the influence of lower cylinder temperatures impacting the thermal NO, formation path.

For CHjy (Figure 4.26), there is a reasonable correlation with experimental data through-
out both the initial idling and subsequent cruise phases. Nevertheless, the significant surge
observed during the second idling phase and during both de-acceleration phases is not cap-
tured by the model. This discrepancy may be due to an intensified flame quenching effect
occurring during these periods, leading to elevated unburned CHy emissions that are not
accounted for in the model. The current model lacks a flame-wall quenching component
and thus cannot simulate this phenomenon accurately. Additionally, at an ambient tempera-
ture of -7°C, experimental observations indicate heightened unburned CHy4 emissions during
both initial idling and acceleration phases, which potentially result from flame quenching
against cold cylinder walls.
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FIGURE 4.24: Simulated and reference CO during the driving cycle and for
different ambient temperatures.
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The summary of the prediction of engine-out emissions is shown in Figure 4.27, which
presents cumulative results at EVO. Overall, the engine model captures the trend of CO,,
NO,, and CO emissions for different ambient temperatures. For CH,, the model shows a
slight increase for decreasing ambient temperatures, but is not able to closely capture the
trend of the experimental data. The incorporation of flame-wall quenching could improve
the predictability of the engine model at low ambient temperatures.

400 3

CO [g]

20°C  8°C 0°C  -7°C 20°C  8°C
Ambient Temperature

FIGURE 4.27: Simulated and reference emissions at EVO and for different am-
bient temperatures.

Effect of NG composition on engine-out emissions at different ambient temperatures

The influence of NG composition on emissions produced during cold start engine operations
is examined for three distinct fuels, as outlined in Table 4.11. The High-caloric Gas (H-Gas)
is characterised by its elevated methane (CH4) content. Conversely, the Low-caloric Gas (L-
Gas) consists of 20% nitrogen (N2) within its mixture, exhibiting the lowest stoichiometric
air-fuel ratio and Wobbe index. The third fuel variant incorporates 10% hydrogen (H2) in its
formulation and boasts the highest Wobbe index among the three. To maintain consistent
torque levels with the reference H-Gas fuel, adjustments are made to the fuel mass for both
L-Gas and the 10% H2 blends. Notably, the relative air-fuel ratios remain identical across all
three fuels.
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TABLE 4.11: Natural gas compositions.

H-Gas L-Gas 10% H,
CHy [-] 96.85 7791  87.18
CoHg [%] 2.09 1.68 1.88
N> [%] 0.55 20.0 0.05
CO; [%] 0.48 0.39 0.43
H; [%] 0.02 0.02 10.0
C3Hg [%] 0.01 0.01 0.01
AFRg; [-] 16.74 11.85 16.98
p [kg/m3| 0.71 0.87 0.36
LHV [M]/kg] 4894 34.64 49.96
Ws [M]J/m3] 46.72  36.61 47.35

The simulated exhaust temperature at EVO, as depicted in Figure 4.28, reveals that L-Gas

fuel exhibits a lower temperature. This observation suggests reduced combustion tempera-

tures within the cylinder. Additionally, there is a noticeable decline in exhaust temperature

corresponding to lower ambient temperatures.
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FIGURE 4.28: Comparison of exhaust temperature at EVO for H-Gas, L-Gas
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and 10% Hy enriched natural gas for different ambient temperatures.
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In Figure 4.29, the cumulative mass of CO; is illustrated. Across all four ambient tem-
peratures, H-Gas fuel yields the highest CO, emissions due to its superior atom-based C/H
ratio compared to the other fuels investigated (H-Gas: 1.0155/4.0008; L-Gas: 0.8169/3.2183;
10% H2: 0.9141/3.8011). At an ambient temperature of 20°C (and -7°C), the cumulative CO,
mass recorded after a cold start lasting 500 seconds for H-Gas, L-Gas, and 10% H2 fuels is
305g (346g), 300g (340g), and 294g (334g) respectively. As ambient temperature decreases,
the CO, mass increases due to increased fuel injection aimed at compensating for the ele-
vated friction losses associated with colder engine oil.

The cumulative CO mass is shown Figure 4.30. For 20°C (-7°C) ambient temperature,
the cumulative CO mass for H-Gas, L-Gas and 10% H2 fuels is 16g (15g), 16g (14.9g) and
16g (14.9g) respectively. Hence, no significant change of CO mass is found by changing the
natural gas composition. For decreasing ambient temperature, the CO mass is decreasing,
while it increases again for -7°C due to lower combustion efficiency during the initial 100
seconds of the cold start.

The cumulative NO, mass is shown in Figure 4.31. For 20°C (-7°C) ambient temperature,
the cumulative NO, mass for H-Gas, L-Gas and 10% H fuels is 2.02g (1.74g), 1.6g (1.3g) and
2.14g (1.87g) respectively. The NO, mass is increasing the most during the high torque phase
at 200 - 300 seconds because of the higher combustion temperature. The higher NO, mass
of the 10% H fuel is because of advanced combustion and higher combustion temperature.
The higher H; content in the natural gas increases the laminar burning velocity compared to
H-Gas and L-Gas fuels, whereby the burn duration is reduced.

The cumulative CH4 mass is shown in Figure 4.32. For 20°C (-7°C) ambient temperature,
the cumulative CH4 mass for H-Gas, L-Gas and 10% H2 fuels is 4.56g (4.81g), 4.4¢g (4.6g) and
4.4¢g (4.6g) respectively. The higher CHy content for H-Gas fuel impacts the higher cumu-
lative unburned CHy4 mass at the end of the cold start. For all three fuels, the CH4 mass is
increasing with lower ambient temperature because of lower combustion efficiency.

The cumulative Hy mass is compared in Figure 4.33 for H-Gas, L-Gas and 10% H; en-
riched fuel at different ambient temperatures. For 20°C (-7°C) ambient temperature, the
cumulative H2 mass for H-Gas, L-Gas and 10% Hp fuels is 292mg (278mg), 286mg (269mg)
and 356mg (344mg) respectively. The increased H; content for the 10% H fuel is the reason
for the higher cumulative H, mass after cold start.

The cumulative CH,O mass is shown in Figure 4.34. For 20°C (-7°C) ambient temper-
ature, the cumulative CH4 mass for H-Gas, L-Gas and 10% H2 is 7.7mg (14.3mg), 8.45mg
(15.9mg) and 10.1mg (15.34mg) respectively. At20 °C ambient temperature, the higher CH,O
mass for the 10% H, fuel is caused by a strong increase during the initial idling phase, while
during the subsequent phases the change of CH,O mass is similar to H-Gas and L-Gas fu-
els. With decreasing ambient temperature, the CH>O mass continues to rise, while no clear
trend depending on the natural gas composition can be observed. The strongest increase for
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CH,O mass is found during the first 100 seconds of the cold start, when the air-fuel mixture

is fuel-rich, and the cylinder temperature is still low.
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FIGURE 4.29: Comparison of cumulative CO2 mass for H-Gas, L-Gas and 10%
H; enriched natural gas for different ambient temperatures.
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FIGURE 4.33: Comparison of cumulative mass of Hy for H-Gas, L-Gas and
10% H, enriched natural gas for different ambient temperatures.

10
8t — H-Gas
""""" L-Gas
6 [ +10% H2 | T
4 e
g 2 Tamp = 20°C
— 0
2 10
I
> 8 Tamp = 0°C
6
4 _,,»j———""’_>__"’““'__'
2 rj:—ff:’f"
0

0 100 200 300 400 500 O 100 200 300 400 500
Time [s]
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The predicted engine-out CO, mass per kilometre for the different natural gas compo-
sitions is compared to the Euro 6 emission limit of 95g/km in left side of the Figure 4.35.
The Euro 6 emission limit is valid for tailpipe emissions, while here we consider engine-out
emissions. The CO, emissions of 96g/km are achieved using 10% H2-enriched natural gas
at 20°C ambient temperature and are closest to the Euro 6 emission limit. The highest CO,
emissions are predicted for H-Gas because of the higher C:H ratio of the fuel. For decreas-
ing ambient temperature, the CO, mass per kilometre is increasing to 112g/km because of
higher fuel consumption.

The predicted engine-out NO, mass per kilometre in the right side of Figure 4.35, is sig-
nificantly higher for all investigated natural gas fuels compared to the Euro 6 emission limit.
This highlights the necessity of an additional after-treatment system to reduce the tail-pipe
NO, emissions. The highest NO, emissions of 0.7g/km are produced at 20°C ambient tem-
perature using the 10% Hy enriched natural gas fuel because it burns at higher combustion
temperatures. Generally, the NO, emissions decrease with decreasing ambient temperature,
while additional fuel injection at -7°C ambient temperature increases NO, emissions again.
The lowest NO, emissions of 0.35g/km are predicted at 0°C ambient temperature using L-
Gas fuel.
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----- CO, limit = 95 g/km - NOy limit = 0.07 g/km

— 110} “* H-Gas —0.6
IS B L-Gas IS
=< % H <
S100} === +10%Ho 30.4f
S -9
© 90 Z0.2

80—"500C 8°C 0°C -7°C 0.0—300C 8°C 0°C -7°C

Ambient Temperature Ambient Temperature

FIGURE 4.35: Comparison of (left) CO; (right) NOy mass per kilometre for
H-Gas, L-Gas and 10% H2-enriched natural gas for different ambient temper-
atures, where the dashed line shows the Euro 6 emission target for CO,.

The predicted CH4 mass per kilometre in left side of Figure 4.36 is significantly increased
for all investigated natural gas fuels and ambient temperatures compared to the Euro 6 emis-
sion limits. For L-Gas and 10% H; enriched natural gas the CH4 emissions are reduced by
50mg/km compared to H-Gas for all ambient temperatures. Further, the need of an after-
treatment system for CHy emissions is evident from the high CH; masses in the exhaust
manifold to achieve the Euro 6 emission limits of 10mg/km. The increase of CHy mass with
decreasing ambient temperature indicates higher conversion rates of the after-treatment cat-
alyst are required at low ambient temperature. This requires sophisticated catalyst heating
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strategies at low ambient temperatures to reach the high temperatures needed for efficient
catalyst operation. At ambient temperature of 20°C, 8°C and 0°C all investigated fuels show
lower CH,O emissions as shown in right side of Figure 4.36 compared to Euro 6 emission
limit of 5mg/km. At -7 °C ambient temperature, the predicted CH,O emissions increase
because of lower combustion efficiency. The highest CH,O emissions of 5.2mg/km are pre-

dicted for L-Gas at -7°C ambient temperature.
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FIGURE 4.36: Comparison of (left) CHy (right) CH,O mass per kilometre for
H-Gas, L-Gas and 10% H2-enriched natural gas for different ambient temper-
atures, where the dashed line shows the Euro 6 emission target for CHy.

Effect of air-fuel ratio on engine-out emissions at different ambient temperatures

In this subsection, the toolchain is applied to investigate the effect of air—fuel ratio variation
on exhaust emissions. Lean combustion is widely adopted in SI engines to reduce fuel con-
sumption and exhaust output [98]. Under lean conditions, NO, emissions can be substan-
tially lowered owing to reduced peak combustion temperatures, while engine efficiency may
be improved. Consequently, the influence of lean operation on performance and engine-out
emissions is assessed under cold-start conditions, with the air—fuel ratio varied at A = 1.0,
A=13,and A = 1.6.

The simulated indicated torque is presented in Figure 4.37. Increasing A from 1.0 to 1.3
permits stable operation at comparable torque levels, even under low ambient temperatures.
However, further raising A to 1.6 provides stable operation only at 20°C, while at reduced
ambient conditions the engine response becomes erratic. In particular, torque losses are ob-
served during the first cruise and the second idling phase at around 100 seconds. At 0°C and
-7°C, the target torque cannot be achieved during the later cruise phases of the cold-start

cycle.
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FIGURE 4.37: Comparison of cumulative CO, mass for A=1.0, A=1.3 and A=1.6
for transient cold start at 20°C, 8°C,, for A=1.0, A=1.3 at 0°C and -7°C ambient
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FIGURE 4.38: Comparison of torque for A=1.0, A=1.3 and A=1.6 for transient
cold start at 20°C, 8°C,, for A=1.0, A=1.3 at 0°C and -7°C ambient temperatures.

A comparison of exhaust emissions is carried out for A = 1.0 and A = 1.3 across 20°C,
8°C, 0°C, and -7°C. Since the predicted torque for A = 1.6 at 0°C and —7°C is considerably
lower than the experimental values, the intended speed/distance profile cannot be repro-
duced, and therefore emissions under these conditions are not evaluated. The simulated
cumulative CO, mass for different A values is depicted in Figure 4.38. With leaner mixtures,
total CO, decreases: at 20°C, the accumulated mass is 305g, 270 g, and 231 g for A = 1.0,
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A = 1.3,and A = 1.6, respectively. For A = 1.6 at 20°C and 8°C, the simulated CO, corre-
sponds to 77 g/km and 78 g/km. Thus, operation at A = 1.6 makes it possible to comply

with the Euro 6 CO; target of 95 g/km at both 20°C and 8°C.
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FIGURE 4.39: Comparison of cumulative CO mass for A=1.0, A=1.3 and A=1.6
for transient cold start at 20°C, 8°C,, for A=1.0, A=1.3 at 0°C and -7°C ambient
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FIGURE 4.40: Comparison of cumulative CH4 mass for A=1.0, A=1.3 and A=1.6
for transient cold start at 20°C, 8°C,, for A=1.0, A=1.3 at 0°C and -7°C ambient

Under stoichiometric operation, CHy mass amounts to 5.2g at 20°C and rises to 59g
at —7°C. Raising A to 1.3 reduces CHy to 4.1 g at both 20°C and -7°C. Figure 4.40 shows a
pronounced increase in cumulative CHy for A = 1.6 at 8°C, mainly attributed to reduced
combustion efficiency during the first cruise and second idling phase when torque declines.

temperatures.
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FIGURE 4.41: Comparison of cumulative NOy mass for A=1.0, A=1.3 and A=1.6
for transient cold start at 20°C, 8°C, for A=1.0, A=1.3 at 0°C and -7°C ambient
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FIGURE 4.42: Comparison of cumulative Hy mass for A=1.0, A=1.3 and A=1.6
for transient cold start at 20°C, 8°C, for A=1.0, A=1.3 at 0°C and -7°C ambient

temperatures.

The variation of A also has a strong influence on NOy, as illustrated in Figure 4.41. For

stoichiometric operation at 20°C, NO, reaches 2.0g. At 0°C, it decreases to 1.3 g, while at
-7°C it increases again. At A = 1.3, NOy is reduced to 1.0 g at 20°C, with the lowest value of
0.55 g recorded at 0°C. Increasing A to 1.6 reduces NOy further, partly as a result of unstable

combustion in the initial phases.
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The cumulative H; emissions are shown in Figure 4.42. It shows a 556 mg peak under sto-
ichiometric operation at 20°C. Increasing A to 1.3 and 1.6 substantially lowers H; to around
50 mg for 20°C and 8°C. Notably, at A = 1.6 and 8°C, the H, mass remains unaffected by er-
ratic combustion. For stoichiometric conditions and 20°C ambient temperature, CH,O mass
reaches 10 mg and decreases at 8°C, 0°C, and —7°C. Raising A to 1.3 leads to a marked re-
duction of CH,O below 1 mg at 20°C. A similar reduction is observed at 8°C, 0°C, and —7°C.
However, at A = 1.6 and 8°C, CH,O emissions rise again owing to poor combustion effi-
ciency, in a manner similar to CHy. The increase is most evident during the second idling

phase at 100 seconds of the cold start.
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FIGURE 4.43: Comparison of in CO; mass per kilometre for A=1.0, 1.3 and 1.6
for transient cold start at 20°C, 8°C, 0°C and -7°C ambient temperatures. The
dashed line shows the Euro 6 emission target for CO5.

The predicted CO, emissions gram per kilometre for the different relative air—fuel ratios
are compared with the Euro 6 limit of 95 g/km in left side of the Figure 4.43. Increasing A to
1.3 reduces CO; output by 10-14 g/km, such that emissions fall below the Euro 6 threshold
at 20°C, 8°C, and 0°C. A further increase to A = 1.6 lowers CO, even more compared with
A = 1.3, predicting values of 75 g/km at 20°C. However, under 8°C conditions, the required
torque cannot be achieved, and therefore these results are not representative.

The corresponding NO, emissions gram per kilometre is shown in B of Figure 4.43. At
A = 1.3, reductions of 0.24-0.38 g/km are obtained, with the lowest value of 0.18 g/km oc-
curring at 0°C, since reduced ambient temperature lowers combustion temperature. Raising
A to 1.6 provides an additional decrease, allowing the Euro 6 limit of 0.07 g/km to be met
at 20°C. Nonetheless, for colder conditions, the necessary torque is not achieved, so the pre-

dicted NO, values cannot be considered reliable.
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FIGURE 4.44: Comparison of CH, mass per kilometre for A=1.0, 1.3 and 1.6
for transient cold start at 20°C, 8°C, 0°C and -7°C ambient temperatures. The
dashed line shows the Euro 6 emission target for CHy.

The predicted CHy rate milligram per kilometre is shown in left of the Figure 4.44 indicate
a decrease of 450-550 mg/km when operating with A = 1.3. The minimum CHy output of
990 mg/km is observed at 8°C. With A = 1.6, emissions are further reduced to 780 mg/km
at 20°C. However, erratic engine operation at 8°C leads to reduced combustion efficiency,
resulting in higher unburned CHj release.

The CH,O emissions rate milligram per kilometre is shown in right of the Figure 4.44,
reach their highest levels for all ambient temperatures under stoichiometric conditions. In-
creasing A to 1.3 significantly lowers CH,O, bringing it below the Euro 6 limit. At A = 1.6,
CH,O is further reduced at 20°C. In contrast, at 8°C an increase is observed due to reduced
combustion efficiency, resembling the trend seen for CHy. This effect is most pronounced

during the second idling phase of the cold start.

4.4.7 Summary

This study examines the WLTP cold-start behaviour of a CNG engine under varying am-
bient temperatures, fuel compositions, and air-fuel ratios. To this end, engine performance
and exhaust emissions, including CO,, CO, NO,, CHy, CH;O, and Hj, are assessed during
the WLTP cold-start cycle for different ambient temperatures:20°C, 8°C, 0°C, and-7°C. The
WLTP cold-start cycle considered in this work lasts 8.33 minutes and has been simplified
for CNG engine test bench implementation. The simulation with the tabulated chemistry
model achieves a runtime of 8.00 minutes, fulfilling real-time requirements. The model’s
outcomes highlight the influence of ambient temperature, gas composition, and air-fuel ra-

tio on engine-out emissions.

* During the initial 100 seconds, fuel enrichment combined with low cylinder wall tem-
peratures lowers combustion efficiency, leading to significant increases in CO and CHy

levels.
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* Reducing ambient temperature from 20°C to —7°C raises CO, and CH4 mass at the
end of cold start phase. Increased friction losses at low temperatures result in higher
fuel consumption, thereby elevating CO, output, while flame quenching on cold cylin-
der walls contributes to additional CHy4 release. Conversely, CO and NO, emissions
decline at 8°C and 0°C due to reduced combustion temperatures.

¢ H-gas, having the highest C:H ratio, produces the greatest CO, mass by the end of the
driving cycle. Natural gas blended with 10% H; offers the largest reduction in CO,
output, achieving the Euro 6 limit of 95 g/km at 20°C.

¢ L-gas, with the lowest Wobbe index, results in the smallest NO, mass because of its
lower combustion temperatures. However, enriching the gas with 10% H, increases
NOy, as higher combustion temperatures are induced.

¢ Operating with A = 1.3 markedly lowers CO, NO,, CHy, and CH,O across all tested
ambient conditions (20°C, 8°C, 0°C, and -7°C), while maintaining stable engine oper-

ation even at low temperatures.

* The Euro 6 CO; target of 95g/km is attainable at A = 1.3 for ambient conditions of
20°C, 8°C, and 0°C. In addition, NO,, CHy4, and CH;O emissions are substantially
reduced. Employing an optimised after-treatment system tailored for lean operation
could further enhance the efficiency of the overall system.

* Increasing A to 1.6 causes unstable operation, particularly at 8°C, 0°C, and -7°C. This
instability manifests as torque drops during the early cruise phase and the second
idling phase. Consequently, CHs and CH,O rise considerably by the end of the cold
start. Therefore, the A-operation at 1.6 does not appear advantageous for the investi-
gated CNG engine.
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4.5 Simulation of off-road CNG engine under NRTC

This section applies and assesses the developed simulation toolchain by simulating the SI
engine operated during cold start conditions under the NRTC driving cycle in cold-start con-
ditions at ambient temperatures of 10°C and 25°C. for agricultural tractor car applications
using CNG as fuel. The objective is to evaluate the model’s ability to reproduce transient
variations in combustion, performance, and emissions during the critical cold-start phase,
which significantly influences overall cycle emissions and fuel consumption in regulatory
testing. For these simulations, the SRM incorporates turbulence modelling using the k—e
formulation described in the earlier section. Model predictions are validated against exper-
imental transient data. The experimental reference data and simulation data used in this
study were obtained from the published journal article [26].

4.5.1 Engine specifications

The experiments were conducted on a medium-duty prototype gas engine developed from
the Deutz AG TCD four-cylinder, 3.6L04 diesel engine [99, 100]. Details of the engine spec-
ifications are shown in Table 4.12. For the natural gas operation, a gas dosing unit with a
custom developed gas mixer was installed in the air pathway of the engine.

TABLE 4.12: Specification of engine parameters of SI engine.

Parameter Unit Value
Bore mm 98
Stroke mm 120
Rod Length mm 137.0
Compression Ratio — 11:1

4.5.2 Reference experimental data

The reference engine was operated during cold start conditions under the NRTC driving cy-
cle. Figure 4.45 defines operating points used for the model defines operating points used
for model training at steady-state conditions, along with a span of points defining the condi-
tions during the NRTC cycle. Figures 4.46-4.47 shows the reference speed and torque profiles
and relative air-fuel ratio during the NRTC cycle.

4.5.3 Surrogate fuel and tabulated chemistry

The natural gas composition of the reference and the surrogate fuel is outlined in Table 4.13.
The properties of the surrogate model closely match the properties of the real fuel. The model
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FIGURE 4.47: Relative air-fuel ratio during the NRTC cycle for 25°C and 10°C.
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is used in the form of CPV, which was derived from the reaction mechanism from [94]. The
model includes an improved nitrogen-hydrocarbon chemistry and is validated for ignition
delay time, laminar flame speed and speciation. The reaction mechanism consists of 172
species and 2697 reactions. More information regarding CPV generation is found in a source
article [26]

TABLE 4.13: Natural gas composition of the reference and surrogate fuel.

Component Experiment (%) Surrogate (%)

CHy 93.7 93.7
CoHe 3.6 3.6

N> 0.98 0.98

CO, 0.97 0.97

H, 0.19 0.19
n-C4Hjp 0.16 0.16
AFRy 1 1658 1674
o (kg/m?) 0.71 0.71
LHV (M]J/kg) 48.44 48.94

W (M]/m?) 47.37 46.72

4.5.4 SRM configuration and training operating points

The SRM is set up with 200 particles. The steady-state model training uses 250 stochastic
cycles to account for the cyclic variation during actual engine operation. The cyclic variation
model of [14] is used in this work. The model implies a Gaussian distribution for the spark
timing (6 spark) and the turbulence frequency (u’). The standard deviation for 6 spark is
set to 2.28 [CAD] and 0.0035 for u” [m/s]. Woschni heat transfer model [74] is applied with
C1=2.28 and C,=0.0035, and piston surface area multiplier set to 1.5. The crevice volume is
set to 4% of the cylinder clearance volume, accounting for trapped unburned mass during
the compression and combustion phases and release during the expansion stroke. The k-€
turbulence model parameters are outlined in Table 4.14. The scalar mixing time factor Cg is
set to 1.

The turbulent flame propagation model and early flame propagation model parameters
b; and K are set as 2.6 and 5.0, respectively, which will be the same for all steady state
and transient operating conditions. The model parameter 77c of the early flame propagation
model is adjusted for different operating conditions.

The steady-state operating points are outlined in Table 4.15. The table additionally in-
cludes the standard deviation of spark timing (¢st) and the correction parameter (7.) of the
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TABLE 4.14: k-¢ turbulence model parameters.

Parameter Value

Cy 35
Cen 2.0
Cer 1.0
C, 0.09

early flame kernel model which were adjusted to match the in-cylinder pressure of the ex-
periments. The standard deviation of the spark timing is increasing for higher torque. The
comparison of steady-state points with driving cycle torque is shown in Figure 4.45.

TABLE 4.15: Steady-state operating point model training.

ID Speed[rpm] Torque [Nm[ o357 [°CA] 7#c [mm]

OP1 1950 350 1.1 16.5
or2 1950 245 1.1 16.0
OP3 1950 175 21 18.0
Oor4 2200 245 1.1 16.0
OP5 2200 140 2.1 18.0
OoP6 1400 70 21 18.0
OP7 1400 245 1.1 155
or8 1400 210 1.1 15.5
OP9 1950 35 4.3 21.0

4.5.5 Reference model results at steady state conditions

The simulation results of in-cylinder pressure and RoHR for OP1 are shown in A and B of
Figure 4.48. For the rest of the OP’s steady-state results, please refer [101]. The profiles of
the experiment and simulation are averaged for 250 cycles. Overall, the simulation closely
predicts the combustion of the experiments. The comparison of engine-out CO, and CO
emissions of the steady-state operating points are shown in Figure 4.49. The predicted CO,
emissions are closely matching with the experiments. The predicted CO emissions shows a
lower level of prediction in simulations at all operating points. The predicted NO, and CHy
emissions are shown in Figure 4.50 A and B, respectively, which shows the closest match for
low-load and mid-load operating points, while for OP6, OP7 and OPS, the simulation NO,

is too low.
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4.5.6 Transient engine simulations

The simulation toolchain is validated for transient cold start experiments at 25°C, and 10°C
ambient temperature. The cylinder wall temperature of the engine model changes depend-
ing on the load of the engine and the oil temperature, as shown in Figure 4.51. At the begin-
ning, the wall temperature is equal to the ambient temperature. During the first acceleration
and cruise phase, the engine oil heats up and the wall temperature increases. As the ambient
temperature decreases, the wall temperature decreases, and the lowest wall temperature is
predicted for 10°C ambient temperature. Relative air-fuel ratio, it is found that the simulated

values from the transient simulations, which are shown in Figure 4.52, accurately match the

experiments.
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FIGURE 4.51: Cylinder liner temperatures for 25°C, and 10°C ambient temper-

atures.
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FIGURE 4.52: Comparison of experiment and simulation relative air-fuel ratio
for transient cold start at 25°C, 10°C ambient temperatures.

The predicted fuel mass flow is shown in Figure 4.53. For the 25°C simulated fuel mass
flow matches with experimental fuel mass flow. For the 10°C ambient temperature simu-
lation fuel mass flow is over predicted. The simulated indicated mean effective torque is
shown in Figure 4.54 compared against break torque from experiment. The simulated in-
dicative torque is higher compared to break torque.
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FIGURE 4.54: Reference and experimental torque at 25°C, 10°C ambient tem-
peratures.

The predicted CO; is shown in Figure 4.55. At ambient temperatures 25°C and 10°C it
is under-predicted. As the ambient temperature decreases, CO, increases due to more fuel
being injected to overcome frictional losses due to cold-engine oil. The predicted NO, (Fig-
ure 4.57) is overall higher than the experiment for 25°C. For the 10°C ambient temperature,
the predicted NO, for the first 50s, from 75s to 100s, 250s to 280s of the driving cycle is in line
with the experiment. For the remaining part of the driving cycle, NO,is lower than in the
experiment. Overall the trend of NO, prediction by the engine model for 10°C is lower than
the experiment because of the lower cylinder temperatures. The overall CO (Figure 4.56)
prediction for ambient temperature of 25°C is under-predicted by the engine model. For am-
bient temperature 10°C, CO is oscillating and predicted with frequent peaks due to irregular
engine operation. CHy (Figure 4.58 for both ambient temperatures 25°C, 10°C is not pre-
dicted well. Possibly a stronger flame quenching effect during these phases causes increased
unburned CHy emissions, which is not predicted by the engine model. As the engine model
does not include of a flame-wall quenching model, it is unable to simulate this effect. The
simulations also reveal higher unburned CH4 emissions during the whole driving cycle at

10°C ambient temperature, which may be a result of flame quenching on the cylinder walls.
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Cumulative emissions after the driving cycle duration 7min, the total emissions for CO,,
NO, are shown in Figure 4.59. For CO and CH,4 masses are shown in Figure 4.60. Increase
in ambient temperature from 10°C to 25°C resulted in a decrease in total CO, produced.
Predicted cumulative NOy is increased as the ambient temperature increases. Cumulative
predicted CO is decreased as the ambient temperature decreases. Cumulative predicted CHy
is decreased with increase in ambient temperature from 10°C to 25°C, as the temperature

increases consequently increased fuel consumption, the fuel remaining in exhaust emissions

decreases.
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FIGURE 4.59: Comparison of experiment and simulation cumulative CO; and
CO for transient cold start at 25°C, 10°C ambient temperatures.

4.5.7 Summary

This study analyses the NRTC cold start behaviour of a CNG-powered heavy-duty agricul-
tural engine under ambient conditions of 25°C and 10°C. The assessment focuses on engine
performance and exhaust emissions including CO,, CO, NO,, and CHy. Simulations are
executed using the simulation toolchain developed in this work. Simulations refer to the
simplified NRTC cold start cycle tailored for the CNG test bed that spans 400 seconds.
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FIGURE 4.60: Comparison of experiment and simulation cumulative NO, and
CH, for transient cold start at 25°C, 10°C ambient temperatures.

A reduction in ambient temperature from 25°C to 10°C leads to increased frictional
losses and elevated fuel consumption. Due to lower combustion temperatures, CO
and CH4 emissions show a decreasing trend at 25°Cand 10°C, respectively.

* CHjy emissions exhibit a slight rise with decreasing ambient temperature. However,
the simulation does not fully reproduce the experimental trend. Integrating flame-wall
quenching in the model could enhance the performance.

¢ Predicted NO, emissions exceed experimental values overall, but the gap narrows as
ambient temperature declines. Lower cylinder temperatures at 10°C contribute to re-
duced NO,.

¢ The shift from 25°C to 10°C results in a modest increase in CO, mass, attributed to

higher fuel demand caused by cold-induced oil friction losses.

4.6 Co-simulations of ammonia-biodiesel engine and SCR

Reducing pollutant emissions from IC engines requires simultaneous optimisation of in-
cylinder combustion and exhaust after-treatment. These subsystems are closely coupled -
changes in combustion influence exhaust composition, temperature, and flow rates, which
directly impact after-treatment systems. Traditional modelling approaches often treat these
domains separately, limiting the ability to evaluate integrated performance and optimise
both systems together.

In this work, the developed toolchain was adopted for coupled simulations of engine
and aftertreatment systems via the FMI standard [102]. Specifically, the methodology was
applied to study the Selective Catalytic Reduction (SCR) catalyst connected to the ammonia-
biodiesel fuelled engine. The primary aim is to provide a flexible, modular toolchain capable
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of transient, physics-and chemistry-based co-simulation of engine and after-treatment sys-
tems. The framework is device-agnostic. While a SCR unit is used here as a demonstration
case, the same approach can be applied to other systems, such as Diesel Oxidation Catalysts
(DOC), Three-Way Catalysts (TWC), or particulate filters. The content of the section is based
on the published results [103, 25].

4.6.1 Toolchain architecture

The co-simulation toolchain architecture is schematically illustrated in Figure 4.61 [103, 25].
The after-treatment system is modelled in [63] using a 1D Catalytic Reactor Model (CRM)
representing SCR catalyst [104]. The CRM solves mass and heat transport along the catalyst
channel, heat conduction through the substrate, and surface reaction kinetics. In this study,
the surface chemistry included 23 gas-phase species, 31 surface species, and 118 irreversible
reactions. FMI technology allows the SRM and CRM to be compiled into FMUs. The FMUs
are connected in MATLAB/Simulink. At each simulation time step, the SRM provides the
CRM with exhaust gas pressure, temperature, mass flow rate, and species concentrations
such as NO, NO,, NH;3;, CO, CO,, Hy, HyO, C3Hg. The CRM returns back-pressure and
outlet composition if required for closed-loop operation. The workflow of using the coupled
SRM and CRM follows three steps.

* Independent calibration of SRM and CRM using experimental datasets as reference.
* FMU generation for each model.

* Execution of co-simulation, exchanging synchronised data at a defined time step.

4.6.2 Test case definition

To demonstrate the capability of the developed toolchain, it was applied to a single-cylinder
Lifan C186F CI engine modified for dual-fuel operation with ammonia-biodiesel. Both fu-
els were directly injected into the cylinder - ammonia via a Gasoline Direct Injection (GDI)
injector at 100 bar, and biodiesel via a common rail (CR) injector at 1500 bar. The modified
cylinder head, with injector placement and angles, is shown in 4.62.

Following the workflow from the previous sub-section, first, the SRM was calibrated us-
ing measured in-cylinder pressure traces and exhaust gas composition [105]. For the demon-
stration, a steady-state operating point at 1500 rpm, 5 bar Indicated Mean Effective Pres-
sure (IMEP), and an Ammonia Energy Share (AES) of 21% was selected. Biodiesel was in-
jected at -17.1° ATDC and ammonia at -14.9°ATDC. The the surface chemistry mechanism
for the SCR model was trained against experimental data from Fe-ZSM-5 SCR catalyst. Sub-
sequently, both SCR and CRM models were converted into FMU framework and applied
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FIGURE 4.61: Virtual representation of the real-world engine-SCR system
through the FMI-based coupling of the SRM and CRM [103, 25].

Reactor level

FIGURE 4.62: Modified cylinder head with dual injectors for ammonia and
biodiesel [105].

in co-simulations. During the co-simulation model’s execution, species concentration in ex-
haust gas predicted by the SRM were supplied via FMI to the CRM model.
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FIGURE 4.63: Example co-simulation result showing SRM-predicted in-
cylinder pressure and RoHR histories, and emissions along-with measured
data at the demonstration operating point[25].

4.6.3 Exemplary results

The SRM working within the co-simulation toolchain reproduced in-cylinder pressure, RoHR,
and combustion phasing with good agreement to experimental data, with only minor devi-
ations in the premixed combustion peak (-5° to -1° ATDC). Similarly, good agreement is
observed for exhaust emissions (4.63).

The SCR simulation predicted a baseline NO, conversion of 90.1% and an NH3 conver-
sion of 51.6% at the given inlet temperature (550 K) and composition. These values were in
line with literature trends for Fe-ZSM-5 catalysts [106].

To illustrate the flexibility of the toolchain, a brief sensitivity analysis was performed by
varying catalyst length, diameter and catalyst loading. Increasing the catalyst length by 50%
increased NO, conversion to 94.6%, while reducing the length by 30% reduced conversion
significantly. Similar trends were observed for the diameter-its increasing by 30% increased
NO, conversion by a few percentage points, while decreasing by 30% reduced conversion
significantly. Increasing catalyst loading by 30% improved NO, conversion by 3.8%, while
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reducing it by 30% reduced efficiency by 8%.
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FIGURE 4.64: Effect of catalyst length, diameter, and loading variation on NO,
and NHj conversion [25].

While NO, reduction was effective, notable ammonia slip was observed. This was at-
tributed partly to competing reactions involving CO and unburned hydrocarbons in the ex-
haust. In practice, this could be addressed by integrating an ammonia slip catalyst down-
stream.

4.6.4 Summary

This work investigated numerically, using the developed toolchain, the impact of the SCR
catalyst’s properties on ammonia reduction under engine-relevant operating conditions. The
framework supported full chemistry on both the engine and catalyst sides. The engine model
employing the SRM provided for the SCR input species concentration along with tempera-
ture, pressure and mass flow. The obtained results for the SCR show a good NO, and NHj3
conversion efficiency. Sensitivity analysis of length, diameter, and catalyst loading was per-
formed using the virtual catalyst, providing critical insights into their influence on catalytic
performance for NO-SCR systems. Increasing the size and amount of active material results
in an increase in NO, conversion. Overall, further investigations are required to understand
the high ammonia slip.

The study shows that the developed toolchain can be directly coupled with a detailed
after-treatment model via FMI/FMU. The coupling supports full transient chemistry on both
engine and catalyst sides without excessive computational cost. The approach is modularthe
SCR FMU could be replaced with any other after-treatment FMU without major modifica-
tions in the toolchain. This forms a foundation for digital twin applications, real-time simu-

lation, and integrated engine after-treatment optimisation.
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4.7 ANN-based simulations of driving cycle

This section presents the simulation results from an ANN meta-model developed to simulate
beyond real-time capability. The developed toolchain employing the physical SRM works in
real time. However, in some applications or optimisation tasks and workflows, it would be
beneficial to run faster than real-time. This is achieved by applying the ANN-based meta-
model, which significantly reduces simulation time while maintaining acceptable accuracy.
Comparative analyses quantify the trade-off between speed and precision, thereby highlight-
ing the feasibility of deploying an ANN-based fast-running meta-model for real-time control
development.

In this study, the ANN-based model was trained using the complete input-output dataset
obtained from transient SRM simulations of a CI engine that were presented in section 4.3.
The input features were time-resolved engine parameters such as engine speed and load,
injection timing, and air-path variables. The outputs captured relevant metrics from com-
bustion and emission species. The model architecture is explained in Section 3.7. All the
ANN settings were shown in Table 4.16. The surrogate model was evaluated using the same
driving cycle dataset, and the predictions were compared to the results from the original
SRM-based modelling.

TABLE 4.16: ANN configuration.

Parameter Value
Input Features 8
Hidden Layers 3

Neurons per Layer [64, 128, 64]
Activation Function ReLU
Output Features 5

Optimizer Adam
Learning Rate 0.001
Loss Function MSE

Batch Size 32

Epochs 500
Early Stopping Patience = 20
Dropout Rate 0.2
Normalization Min-Max Scaling

A comparison of the results obtained from the simulation toolchain and the ANN meta-
model is illustrated in the Figure 4.65 for six primary variables over the span of 1800 seconds.
SRM-based results and ANN-based results exhibit a strong reproduction of trends over the
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complete driving cycle. There are minor discrepancies during rapid transition periods, but
the ANN model surrogate captures the critical dynamics reliably and rigorously. The ANN-
based simulations took less than 10s for the complete driving cycle.

The results in Figure 4.65 show that the maximum in-cylinder pressure and exhaust emis-
sions predicted by the ANN-based model agree with the original data used for training the
ANN, and simulated by the physics-based modelling employing the SRM. The difference be-
tween the two sets of results, in terms of metrics such as Mean Absolute Error (MAE), Mean
Squared Error (MSE),and R? score, is less than 5% for all cases. This highlights the ability of
the trained ANN model to replicate the behaviour of the SRM with high accuracy. Table 4.17
summarises the quality of the obtained result
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FIGURE 4.65: Comparison between results obtained with the ANN model and
the physical model employing the SRM.
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TABLE 4.17: Performance metrics of the ANN model in reference to the SRM
based results.

Output Variable =~ MSE MAE R? Score

Max pressure [bar] 0.0023 0.038 0.984

CO; [g] 0.0011 0.025 0.991
CO[g] 0.0009 0.021 0.987
NOx [g] 0.0015 0.030 0.989
uHC [g] 0.0018 0.033 0.986
Soot [mg] 0.0009 0.021 0.987

4.7.1 Summary

The applied ANN model employed a feed-forward network with three hidden layers and
used ReLU activation. It was optimised with the Adam algorithm, with early stopping and
dropout regularisation to better generalise. The performance evaluation showed very good
agreement between ANN predictions and SRM outputs. Error metrics, when comparing the
ANN-based results with the source SRM-based results, were below 5% across the combus-
tion and emissions metrics together. It should be mentioned that in the current workflow,
the ANN-based model is trained using the results from the physics-based simulations of
the driving cycle that employ the SRM. Hence, the ANN cannot work without the SRM at
this stage. The ANN-based model could support simulations targeted at testing other sub-
models and their control algorithms if they could be simulated faster than real-time, and not
requiring changes in the modelling of the in-cylinder processes. In such circumstances, the
ANN, once trained, could eliminate the need to rerun the full simulation toolchain, saving
computational resources, as for instance simulating the complete WLTP using the ANN takes
below 10s. Nevertheless, because of the aforementioned limits, at this stage this modelling
approach is considered preliminary and requires further development and improvements.
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Chapter 5

Summary

The work introduces a real-time framework for simulating engine performance parameters,
exhaust emissions, and fuel effects of SI and CI engines under transient conditions of actual
driving cycles, such as WLTP and NRTC. The framework is a unified toolchain that integrates
0D SRM with tabulated chemistry for combustion and pollutant formation into MiL and HiL
platforms using the FMI/FMU standard. Such frameworks are of interest to the automotive
industry as they help reduce the costs and time involved in costly experimental and proto-
typing work. The focus has been placed on enabling real-time transient simulations through
the seamless integration of the 0D SRM into standardised co-simulation environments, such
as MiL/HiL, and cross-platform simulations, features which were not available earlier. This
bridges the gap between physical modelling accuracy and practical applicability in engine
development workflows for real-time transient simulations.

The existing SRM was adapted to accommodate continuous changes of engine operating
parameters such as speed, load, fuel injection strategy, and valve timing, allowing transient
simulations. Then, the model was extended to make key engine performance parameters at
each cycle, such as maximum cylinder pressure, IMEP, torque, exhaust emissions, and sev-
eral others, available for the outer-level software to support closed-loop control and system-
level analysis. Next, an FMI/FMU wrapper was developed around the SRM solver, compli-
ant with the FMI 2.0 co-simulation standard. It interfaced with the legacy Fortran SRM code,
ensuring compatibility with platforms such as MATLAB/Simulink, dSPACE ASM, VEOS,
and SCALEXIO. The FMU wrapper includes a dedicated real-time mode to support deter-
ministic execution and synchronised data exchange with external control systems. A port
and name resolution mechanism was developed to facilitate FMI-based coupling with third-
party engine models. Port definitions are standardised via modelDescription.xml, enabling
automatic signal mapping and seamless integration. Subsequently, an integration process
was implemented to embed the engine model into MiL and HiL environments. For MiL,
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standardised signal interfaces were defined to exchange control and plant data. Communi-
cation protocols, data types, and execution rates were alighed with control system require-
ments. For HiL, synchronisation between FMU internal states and external signals was en-
sured to maintain consistent behaviour under real-time constraints. As a result of all these
works, a novel physics-based driving cycle simulator has been developed. The capacity of
the tool has been further extended by developing a twin framework that allows the cou-
pling of engine-related processes with the frameworks for exhaust aftertreatment models to
work in a co-simulation. Finally, a feedforward ANN-based meta-model of the driving cycle
simulator, which acts as a surrogate model, has been developed. The model uses the out-
put performance parameters and emission results from the physical simulator employing
the SRM as input and training data. It was designed for ultra-fast execution and embedded
within the toolchain.

The developed toolchain was applied in both stand-alone mode and integrated MiL /HiL
environments for CI and SI engines under transient driving conditions of WLTP and NRTC
to validate its performance and versatility. Application for CI engines dealt with predict-
ing driving-cycle to driving-cycle variability in exhaust emissions, including NO,, soot, un-
burned hydrocarbons and CO from a diesel-fuelled engine. The study demonstrated that the
number of repeated runs significantly affects the statistical stability of emission predictions.
For the WLTP driving cycle, 15 simulations were sufficient to achieve a stable mean for CO,,
CO, and NOy, while HC required 25 runs and soot required 35 runs. The obtained results lie
within accuracy windows reported in the literature, which are 15%, 30%, 40%, 50%, and 60%
for CO,, CO, NOy, HC, and soot, respectively.

Application for SI engines focused on the analysis of engine behaviour during the cold-
start phase of the driving cycle. The results obtained from a CNG engine operated under
the WLTP across different ambient temperatures, fuel qualities, and air-fuel ratios revealed
strong dependencies between start-up conditions and exhaust composition. Low ambient
temperatures increased CO, and CHy4 emissions due to higher fuel demand and flame ex-
tinction, while reducing NOy at intermediate cold temperatures due to lower combustion
temperatures. H-gas fuels yielded the highest CO,, whereas 10% H, enrichment enabled
compliance with Euro 6 CO; limits at 20°C. Lean operation at A = 1.3 reduced multiple pol-
lutants and maintained stable operation, but A = 1.6 caused instability and elevated CHy
and CH,O at low ambient temperatures.

Similar investigations were performed for the heavy-duty agricultural CNG engine op-
erated under NRTC cold-start conditions. The lowering of the ambient temperature from
25°C to 10°C increased fuel consumption through higher friction losses, modestly raising
CO; emissions. Predicted CHy showed a slight rise with cooling, though model accuracy
could improve with flame-wall quenching effects included. NOy predictions were higher
than experimental data but trended correctly, with colder starts producing less NOy due to
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reduced combustion temperatures. These results confirm the model’s capability to capture
temperature-dependent cold-start trends while highlighting areas for refinement.

The capability of the developed toolchain for co-simulation with aftertreatment systems
was verified based on the coupling with an SCR model applied to simulating an ammonia-
biodiesel-fuelled engine, resulting in a virtual test bench. Specifically, the work focused on
investigating numerically the impact of the properties of SCR catalyst on ammonia reduction
under engine-relevant operating conditions. Results show a good NOy and NHj3 conversion
efficiency. Sensitivity analysis of length, diameter, and catalyst loading was performed using
the virtual catalyst, providing critical insights into their influence on catalytic performance
for NO-SCR systems. Increasing the size and amount of active material results in an increase
in NOy conversion. Overall, further investigations are required to understand the high am-
monia slip. In this work, the framework supported full chemistry on both the engine and
catalyst sides. The modular design allows substitution of the FMU-based SCR with other
aftertreatment models, making the approach suitable for digital twin applications and inte-
grated optimisation of engine after-treatment systems. Furthermore, linking the engine and
after-treatment models with a vehicle longitudinal dynamics model would allow studying
how the whole powertrain behaves over transient cycles, moving closer to a complete virtual
vehicle setup.

The feature of the developed toolchain with regard to applicability to MiL/HiL plat-
forms was verified based on its application to the dSPACE system. Exemplary simulations
were performed for SI engines operated under WLTP. The model setup was sourced from
the dSPACE library and featured a six-cylinder gasoline engine with port fuel injection. The
results obtained for the same engine setup from these two different approaches (MiL/HiL)
agree well with each other with regard to simulated maximum pressure and exhaust emis-
sions. Overall, the integration with FMI/FMU standards enabled real-time execution in MiL
and HiL environments, where the model maintained synchronisation with external control
systems without computational overruns. The results visualised in the configurationDesk
from dSPACE validate the integration and operational accuracy of the simulation framework
under simulated driving cycle conditions.

An ANN-based meta-model of the driving cycle simulation replicates the reference re-
sults with an accuracy window below 5% across combustion-related metrics, such as maxi-
mum in-cylinder pressure and IMEP and exhaust emissions, such as CO,, CO, NO,, HC, and
soot, with simulation time reduced to a fraction of real-time. In the workflow reported in this
thesis, the model is trained using the results from the physics-based simulator of the driving
cycle that employs the SRM. Hence, the ANN-based meta-model cannot work without the
SRM running before. As for now, it could support simulations targeted at testing other sub-
models and their control algorithms if they could be simulated faster than real-time, and

for an unchanged model of the in-cylinder processes. Hence, at this stage, this modelling
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approach is considered preliminary and requires further development and improvements.
Through simulation campaigns, this work demonstrates the capability of the simula-
tion toolchain, employing the SRM integrated via FMU/FMI technology into MiL /HiL plat-
forms, in simulating engine performance parameters and fuel effects under transient driving
conditions for SI and CI engines. The integration with FMI/FMU standards enables seamless
interoperability and real-time execution in MiL and HiL environments. Coupling with after-
treatment models, such as SCR catalyst, further extends the framework’s capability, which
may serve as a virtual test bench. The developed toolchain provides a robust and scalable
approach for real-time predictive simulations, making it directly applicable in both research

and industrial engine development contexts.
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Abbreviations

ANN — Artificial Neural Network
ASM — Automotive Simulink Models
CA50 — Combustion Centre

CI — Compression Ignition

CNG — Compressed Natural gas
CPV — Combustion Progress Variable
DLL — Dynamic-link library

DOC — Diesel oxidation catalyst
ECU — Electronic control unit

EGR — Exhaust Gas Recirculation

EV — Electric Vehicles

EVO — Exhaust Valve Opening

FMI — Functional Mock-up Interface
FMU — Functional Mock-up Unit
H-Gas — High-caloric Gas

HiL — Hardware-in-the-Loop

IC — Internal Combustion

L-Gas — Low-caloric Gas

LHV — Lower heating value
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MDF — Mass density function

MiL — Model-in-the-Loop

MPC — Model predictive control

NRTC — Non-road Transient Cycle

PAH — Polycyclic Aromatic Hydrocarbons
PaSPFR — Partially Stirred Plug Flow Reac-
tor

PDF — Probability Density Dunction

PM — Particulate Matter

RoHR — Rate of Heat Release

SCR — Selective Catalytic Reduction

SDK — Software Development Kit

SI — Spark-Ignition

SRM — Stochastic Reactor Model

VEOS — Virtual ECU and ethernet open sys-
tem

WLTP — Worldwide harmonised Light vehi-
cles test Procedure



Symbols
Symbol Meaning Unit

€ Dissipation of turbulent kinetic energy m?/s?

¢ Equivalence ratio -
$(t) Joint vector of the local scalar variables -

A Lambda (air-fuel ratio indicator) -
Trurb Turbulent mixing time S
Timix Scalar mixing time S

w;j Chemistry source/sink term for species i 1/s

P Realization of the random variables -

C Reaction progress variable -

C, Source term of reaction progress variable (dC/dt) 1/s

C Mixing time constant s

Cp Specific heat capacity at constant pressure J/kg-K

E, Activation energy of reaction r J/mol

E, Activation energy of reaction v J/kg

h Enthalpy J/kg

h, Enthalpy of reaction r J/kg

By max Max value of minimum heat release state J/kg
hg Heat transfer coefficient W/m2K

H Heat of combustion J/kg

k, Reaction rate constant of reaction r 1/s

k Mean kinetic energy J/kg

k Chemical equilibrium constant -

Ly Lumped species reaction rate mol/m3-s

m Mass kg

1 Mass flow rate kg/s

1y Number of reactions in the scheme -

1 Number of chemical species -

p Pressure Pa

R Universal gas constant J/mol-K

5] Laminar flame speed m/s

St Turbulent flame speed m/s

T Temperature K

Ta Ambient temperature K

Ty Unburnt state temperature K

Ty Burnt state temperature K
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Time
Volume
Volume flow rate
Molar mass of species i
Mass fraction of species i
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g/mol
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