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Abstract

Development of fast and accurate emission models for engine-out and tailpipe of inter-
nal combustion engines (ICEs) using machine learning (ML) and hybrid methods are
the focus of this thesis. The application is on medium and heavy-duty vehicles pow-
ered by both fossil fuels and alternative fuels like hydrogen. This thesis is structured
in three interconnected phases that sequentially build upon each other to establish
steady-state and transient emission models for fossil-fueled and hydrogen-fueled en-
gines.

The first phase proposes a new approach for physics-based combustion modeling
of low-carbon fuels, by replacing traditional thermo-kinetic combustion mechanisms
with computationally efficient ML models for laminar flame speed (LFS) calculation.
LFS is a crucial input for physics-based pre-mixed combustion models. The LFS mod-
els are developed by creating a large dataset of LF'S through combustion mechanism
simulations and training ML, methods using this dataset. The results are models that
can predict LFS for blends of low carbon fuels including hydrogen, methanol, and
ammonia over wide range of temperature, pressure, exhaust gas recirculation (EGR)
and air-fuel equivalence ratio that represents combustion conditions in ICEs. These
models are hundreds of thousands times faster than traditional thermo-kinetic models
in LFS calculation.

To optimize steady-state operation of an engine it is important to model and
predict engine-out emissions. The second phase of this research focuses on develop-
ing steady-state emission models for both fossil-fueled and hydrogen-fueled engines.

Physics-based, black-box (BB), and gray-box (GB) emission models are created and
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compared against each other to predict emissions from a compression ignition (CI)
diesel engine. Subsequently, steady-state BB and GB NOx and soot emissions mod-
els for the hydrogen-diesel engine are developed. The resulting BB and GB models
can predict NOx and soot emissions for both fossil-fueled and hydrogen-fueled en-
gine with R? between 0.95 and 0.99 considering the trade-off between accuracy and
computational cost.

The third phase focuses on transient emission modeling. First, transient emission
models of the dual-fuel hydrogen-diesel engine are developed using the experimen-
tal transient data of engine-out emissions. Training models using steady-state data
and directly training models with transient data are investigated. Classic ML al-
gorithms and deep-learning (DL) time-series networks are utilized for GB and BB
transient emission modeling. The models developed using transient data and times
series network showed the best performance, predicting transient NOx emissions with
R? between 0.96 and 0.97. Next, transient tailpipe emissions from a heavy-duty truck
are investigated using real-driving on-road emission data from a Class 8 truck, from
over 10000 Km of driving. This data is employed to develop various time-series DL
algorithms with different input feature sets, complexity levels, and training dataset
sizes. The best developed model can predict tailpipe real driving instantaneous NOx
emissions with R? of 0.91 and cumulative NOx emissions with less than 2% error.

The computationally efficient BB emission models developed in this study can
predict over 10000 cases per second which makes them suitable for engine and after-
treatment system model-based control. On the other hand, the GB models provide
higher accuracy but require more computational power, which makes them suitable for
diagnostics, calibration, and hardware-in-the-loop (HIL) setups for performance op-
timization and tailpipe emission reduction without requiring expensive experimental
tests. These techniques can contribute to mitigating emissions from the transporta-

tion sector.
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Chapter 1

Introduction and Background

Internal combustion engines output emissions

Transportation sector is a major source of Carbon Dioxide (C£) greenhouse gas
(GHG) emissions worldwide and this sector is dominated by internal combustion
engines (ICEs). Between 1990 and 2019, the transportation sector experienced the
largest increase in GHG emissions production [7]. Furthermore, ICEs are signi cant
sources of other pollutants, including Nitrogen Oxides (NOx), C&Q Soot, Carbon
Monoxide (CO), and unburned Hydrocarbon (UHC) [8].

NOXx refers to a group of gaseous compounds comprising nitrogen and oxygen
atoms, primarily formed as byproducts during the combustion of fossil fuels. Burn-
ing fossil fuels in combustion chambers results in high temperature which contribute
to the formation of NOx emissions. Exposure to NOx can lead to adverse health
e ects, especially in the respiratory and cardiovascular systems. According to the
world health organization (WHO) [9], elevated levels of NOx can exacerbate asthma,
bronchitis, and other respiratory conditions while increasing susceptibility to respi-
ratory infections. Furthermore, NOx emissions not only a ect air quality but also
contribute to the formation of ground-level ozone and ne particulate matter, both
of which have detrimental e ects on human health and the environment [10]. The
transportation sector, particularly heavy-duty trucks, plays a signi cant role in pro-

ducing NOx emissions. Environment and Climate Change Canada [11] reported that

1 This chapter is partially based on [1{6]



the road transportation and mobile equipment sector are responsible for about 47%
(682 kt) of the total NOx emissions. Notably, the combined emissions from heavy-
duty diesel vehicles, o -road diesel vehicles and equipment, and rail transportation
constitute 32% (461 kt) of the total NOx emissions, highlighting their substantial
share of emissions [11].

Soot emissions are byproducts of the combustion process and consist of ne par-
ticles primarily composed of carbon. Soot forms during the incomplete combustion
of hydrocarbon fuels, undergoing processes including nucleation, particle growth, ag-
glomeration, and oxidation [12]. Accurate soot emissions modeling is important due
to three factors: i) Soot emissions can cause serious health problems [12], ii)) Soot
emissions have a complex formation and oxidation mechanism that makes soot mod-
eling the most challenging of all emissions [12], and iii)) Soot emissions regulations are
becoming increasingly strict [13], particularly for real driving emissions (RDE). Soot
emissions depend on various factors, including fuel properties and fuel blending [14,
15]. Soot emissions regulations have progressively reduced the maximum soot mass
that can be produced. More recent emission standards restrict both particle sizes and
particulate number (PN) [12].

Carbon dioxide (CQO,) emissions account for over 80% of all greenhouse gas emis-
sions generated by human activity in Canada [16]. From 1990 to 2020, €®mis-
sions from light-duty gasoline vehicles dropped by 40%, whereas £€émissions from
light-duty gasoline trucks and heavy-duty diesel trucks increased by 120% and 240%,
respectively [16]. The transportation sector is the second major source of £aro-
duction, accounting for over 28% of the total C@ emissions production [16]. Medium
and heavy-duty vehicles are almost exclusively powered by compression ignition (CI)
diesel engines burning diesel fuel. Diesel engines are responsible for 25% of the fuel
consumption and CQ emissions production in the transportation sector, and in re-
cent years this share has been constantly increasing [16]. Additionally, electri cation,

which is progressing rapidly in light-duty vehicles, is more challenging for the medium



and heavy-duty sector [17]. The increasing share of G@roduction, electri cation
challenges, and stricter emission regulations for medium and heavy-duty vehicles ne-
cessitate searching for alternative solutions. This is especially important in the short
and medium terms as despite the progress in electri cation, ICEs will continue to
power the majority of transportation vehicles in the near future as it is depicted in
Figures 1.1 and 1.2 [17]. Emissions regulations have become more stringent, particu-
larly for NO, and soot emissions in vehicles [18]. Figure 1.3 illustrates the evolution
of European heavy-duty legislated particle matter (consist of soot, UHC, and other

particles) and NQ, emissions limits.

Figure 1.1: Market share of newly sold Figure 1.2: Market share of newly sold
light-duty vehicles based on the best casdight-duty vehicles based on worst case
scenario for electric cars [17] scenario for electric cars [17]

Emission reduction techniques in internal combustion engines

Methods to reduce NQ and soot emissions from ICEs can be broadly classi ed into
two main categories. The rst approach focuses on minimizing in-cylinder emis-
sion formation by reducing peak combustion temperatures. Techniques commonly
employed in this approach include exhaust gas recirculation (EGR) [20, 21], water
injection [22, 23], multi-phase fuel injection [3, 21], homogeneous charge compres-
sion ignition (HCCI) [24], and pre-mixed charge compression ignition (PCCI) [25].

However, the implementation of some of these techniques may cause higher emissions



Figure 1.3: Development of European heavy-duty legislated emission limits [19]

of other pollutants like soot. To optimize the performance of these methods and
maintain minimal emission levels, precise combustion control is crucial and can be
achieved using engine model-based combustion control [26, 27]. Employing engine
model-based combustion control for emission regulation requires accurate emission
models, which can be provided by data-driven and hybrid methodologies [28].

The second approach to reduce tailpipe emissions involves the use of after-
treatment systems to reduce the produced emissions in combustion engines to be
released into the environment [29]. Some of the most common soot, UHC and CO
after-treatment technologies include: diesel particulate Iters (DPFs) and diesel oxi-
dation catalysts (DOCs). DPFs are the most widely used soot after-treatment tech-
nology. They physically trap and collect particulate matter from the exhaust gas
stream. Over time, the trapped soot accumulates, and the DPF undergoes a regener-
ation process to burn o the collected particulates, converting them into less harmful

gases. DOCs use a catalytic process to oxidize soot particles and other pollutants



such as UHC and CO into less harmful compounds like G@nd water. While DOCs
are less e ective in removing soot compared to DPFs, they are commonly used in
combination with DPFs to improve overall soot reduction.

Lean-burn NOx traps (LNT) and selective catalytic reduction (SCR) are among
the most widely used after-treatment technologies for mitigating NOx emissions [30].
The LNT system functions as a NOx emissions capture mechanism, absorbing NOx
emissions during engine lean operating conditions. During engine rich operating con-
ditions, the captured emissions are released and converted to nitrogen via reactions
with intermediate compounds generated during fuel combustion processes [31]. How-
ever, the LNT's performance is limited in diesel engines, often leading to increased
fuel consumption [32]. So, a rich-lean engine control strategy that minimizes the NOx
emissions is required.

SCR technology is extensively used in various sectors, including power generation,
transportation, and industry, to reduce NOx emissions in exhaust gases. This system
uses a catalyst and a reducing agent (typically ammonia) to transform NOx into ni-
trogen and water vapor. The reducing agent must be properly added using a control
strategy. SCR has demonstrated e ective performance, reducing NOx emissions by
more than 95%, and its popularity has grown due to its high e ciency and reliability
[30, 31]. While SCR technology's e ectiveness decreases at low temperatures [33],
it still outperforms EGR and LNT systems in reducing on-road tailpipe NOx emis-
sions, in both cumulative and peak values [34]. Fast and accurate emission models
are essential for optimal exhaust after-treatment techniques. It can also help to mini-
mize the need for costly experimental tests to evaluate emission reduction techniques
e ectiveness.

To decrease CQ@ emissions, one potential solution is modifying existing engines to
burn alternative zero-carbon fuels, substantially reducing diesel engine carbon tailpipe
emissions, including net CQ, soot, CO, and unburned hydrocarbons [35, 36]. Emis-

sion modeling is also crucial for these ICEs that utilize alternative fuels like hydrogen



or a combination of alternative and fossil fuels, in order to optimize, calibrate, and
control them. This is particularly important for engines burning hydrogen, as hydro-
gen addition can increase NQemissions [36, 37]. Modeling engine-out emissions is
vital for model-based engine control, engine control unit (ECU) calibration, and fault
diagnostics [38{41]. Employing machine learning (ML) methods for emission mod-
eling in ICEs is a promising approach that can provide fast and accurate emission
models for engine control and diagnostics real-time applications [42].

To comply with stricter emission standards, including RDE standards, and at the
same time reducing tailpipe carbon foot print of ICEs, a promising approach is to
use alternative fuels in ICEs and control the engine using arti cial intelligence (Al)
emission control strategies based on predictive emission models [43]. This approach
enables the simultaneous reduction of NQ soot, CO,, and other emissions without
requiring extensive modi cations to traditional ICEs.

This chapter provides an overview of the literature on ICE combustion modeling,
steady-state and transient engine-out and tailpipe emission modeling, and the appli-
cation of alternative fuels in ICEs. Following this review and identi cation of research

gaps, the scope and novel solutions from this thesis will be presented.

1.1 Physics-Based Combustion Modeling

Physics-based combustion modeling in ICEs employs mathematical models to sim-
ulate the intricate processes that occur within the engine. These models can vary
from one dimensional (1D) to three dimensional (3D) simulations, depending on the
required level of detail. When combined with reaction mechanisms, these models
can also predict emissions. While 1D models o er a simpli ed representation of en-
gine processes and are computationally e cient, they often lack accuracy in emission
prediction [12]. In contrast, 3D computational uid dynamic (CFD) models provide

a more comprehensive and detailed analysis, capturing complex phenomena such as

turbulence, ame propagation, and heat transfer. Although these models can accu-
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rately predict emissions, they are computationally expensive and time-consuming [12].
Physics-based models have been widely used for combustion modeling and emission
prediction of diesel engines [44, 45].

The accuracy of physics-based combustion models relies on several factors, one of
which is the correct laminar ame speed (LFS) estimation. LFS plays a crucial role
in the physics-based combustion modeling of premixed combustion processes, as it

in uences the overall performance and emission characteristics of the engine.

1.1.1 Laminar ame speed modeling

A physics-based combustion model, that does not require excessive computation, re-
lies on amelet assumptions which needs the LFS value as an essential input for
premixed combustion [46]. The hydrogen LFS model is therefore critical for mod-
eling hydrogen fueled engines with premixed combustion (port hydrogen injection),
including both spark ignition (SI) engines running on 100% hydrogen and dual-fuel CI
hydrogen-diesel engines. The accuracy of the LFS model plays a signi cant role in the
performance of the physics-based combustion models. An accurate LFS calculation is
needed at each crank angle in a physics-based model. This can be accomplished using
thermo-kinetic combustion mechanisms, but this is a time-consuming process. The
fast estimation of LFS is one of the most challenging aspects of developing gray-box
emission models for hydrogen engines as the physical model needs the LFS value for
each crank angle. LFS is a fundamental property of premixed combustion and is an
estimation of how fast a ame propagates through quiescent mixture of unburned
reactants in an adiabatic process [47]. Mixture properties including reactivity, dif-
fusivity, and exothermicity all a ect LFS values [48]. LFS is closely related to the
fuel-burning rate in the combustion chamber, which in uences combustion e ciency
and emissions production. Thus, an accurate LFS estimation is important for char-
acterising the fuel combustion behaviour in combustion engines. In turbulent com-

bustion models, LFS values may be utilized directly or indirectly for the validation of



chemical kinetic models [49]. Introduced in 1883, the rst theoretical model for the
determination of the LFS was based on the assumption that combustion is sustained
by upward propagation of heat through the layers of unburned gas up to the ignition
temperature [50]. Since 1883, a lot of improvements in LFS modelling have occurred
which are discussed next.

LFS for di erent types of hydrocarbon fuels have been investigated experimentally
in the literature [51{53]. There are also a humber of studies that experimentally in-
vestigated LFS for H fuel [54{56], but fewer studies have focused on ammonia (MH
[56{58] and methanol (CHOH) [59, 60]. However, these experimental methods can
only measure LFS for relatively low pressures and temperatures compared to the typ-
ical temperatures and pressures at which ICEs operate. Thus, LFS models based on
experimental data need to extrapolate the LFS for the entire engine working condi-
tions [61]. Thermo-kinetic combustion mechanisms can be used to calculate LFS at
high temperatures and pressures which occur in the in-cylinder gases at the end of
compression. These thermo-kinetic mechanisms that consider the e ects of di erent
parameters on LFS, often consist of many reactions and are computationally expen-
sive. Even though LFS can only be measured experimentally for low pressures and
temperatures, these limited experimental values of LFS are used as a main criterion
for validating combustion mechanisms for di erent fuels [54, 62, 63]. Using detailed
combustion mechanisms is computationally demanding and impractical for use in
models required for engine model-based control.

ML methods can be used to accelerate LFS calculation in OD and 1D engine models
[64]. ML methods have been applied for di erent applications in combustion engines,
including improving the combustion modeling [65, 66], engine-out emission modeling
[67, 68], engine control [27], and diagnostics [42]. It is also possible to predict LFS
for fuel blends using ML methods. This is specially important because with the
growing emphasis on low-carbon fuels, a more various range of these fuels for ICEs

is expected. Future engines may be designed to run on a range of low-carbon fuels



and their combinations, depending on the availability of these fuels in the particular
geographical location.

ML methods have been applied for LFS prediction and to investigate LFS depen-
dency on a variety of di erent factors in the literature. The e ect of underlying fuel
structure and the physical conditions on LFS have been investigated using arti cial
neural network (ANN) [69]. The e ect of octane number and fuel sensitivity as well
as physical conditions on gasoline LFS was studied using four ML methods [70]. Ex-
perimental data of LFS for H, and propane were used to train an ANN model [71],
and the results show that ANN is more accurate than the analytical formula for LFS
calculations over the entire range of combustion in an ICE engine. ML methods have
also been used for developing empirical LFS models [72], and it has been shown that
using ANN model for LFS prediction is more accurate than using empirical LFS mod-
els [73]. Using a 1D laminar amelet code to predict LFS for methane-hydrogen-air
mixture, an ANN model was trained with 10,000 LFS simulation points [74]. The
temperature and pressure were limited to 800 K and 30 bar, which is much lower than
the temperature and pressure ranges for an,Huelled engine at end of compression
and during the combustion. The results showed that the addition of Hincreases
LFS values. A classi cation of selected relevant studies is shown in Figure 1.4. Two
main limitations of all these studies are: i) they are limited to low temperature and
pressure ranges in comparison to the pressure and temperature ranges of an ICE, ii)
the number of simulated or experimentally measured data points is relatively small,
since only a limited range of physical conditions (pressure, temperature, and equiv-
alence ratio) was used. As a result, the developed models in the previous studies
require extrapolation to represent ICE conditions, which may result in inaccurate
LFS prediction. As shown in Figure 1.4, ML methods have been mostly applied to
LFS modeling where a mixture of fuels is used instead of a single fuel. Existing mul-
tiple fuel studies use a combination of a low carbon fuel (LCF) and a fossil fuel while

the combination of LCFs hasn't been studied.
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Figure 1.4: Prior laminar ame speed modeling studies. MLR stands for multiple
linear regression.

1.2 Steady-State Engine-Out Emission Modeling

While the physics-based combustion modeling is useful for producing physical insight,
a detailed 3D combustion simulation model is computationally expensive [22, 23],
which makes it impractical for model-based calibration and real-time model-based
control. Physical models are accurate for predicting NOemissions, but these models
are less accurate in predicting soot, HC, and CO emissions [12, 28]. It is especially
di cult to physically model soot, since the oxidation and formation mechanisms are
still not fully understood [12, 75] and only detailed physical models are reasonably
accurate [12]. Physical emission models could also be used for investigating the most

important parameters in soot oxidation and formation process [76].

1.2.1 Steady-state emission modeling for fossil-fueled engines

Engine control units (ECUs) are currently not capable of doing the computation that
is required for detailed physical emission models in real time. Thus, these models
cannot be used to control emissions in real-time in model-based control. Data-driven
black-box (BB) models that use measurement data directly for training ML methods

are an alternative approach for modeling emissions. These models could be as accu-
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rate as 3D CFD physical models but require signi cantly less processing time that
is desired for implementation of model-based controllers in ECUs. The BB emission
modeling can be carried out by selecting appropriate ML methods, such as: ANN, sup-
port vector machine (SVM), regression tree (RT), ensemble of regression trees (ERT),
or Gaussian process regression (GPR) [77]. Similar to physical models, the prediction
error is usually higher for soot emissions compared to other emission species for BB
emission modeling [78]. The most popular ML method for soot emissions modeling is
ANN [77], while some studies showed the advantage of other methods. In [79], SVM
and ANN were used for BB emission modeling of a diesel engine using limited amount
of data. Results showed that SVM shows better performance in emission modeling
including soot emissions for limited amount of experimental data.

Data-driven BB models require fewer computations than detailed physical models,
but since they do not contain physical models, they require data when physical con-
ditions change. The need for large and rich set of experimental data in BB models
makes them only suitable for engine control and calibration and for examining the
e ects of di erent engine components if su cient experimental data is available. In
addition, BB models are generally not suitable for studies that require modeling of a
large number of cases since it is often di cult to obtain enough experimental engine
data that span over all engine operating conditions. Extrapolation in the BB models
typically results in poor accuracy. Gray-box (GB) models attempt to address these
problems with BB models. A GB approach combines the bene ts of physical mod-
eling with supervised data-driven analysis. Thus to employ a GB model, a virtual
engine (a OD or 1D simulation model) is paired with an ML method. The ML method
is trained using the input-output data of this virtual engine. In the virtual engine
simulations, many parameters are produced, some are di cult or expensive to mea-
sure directly, e.g., in-cylinder parameters. The requirements to run the real engine
and get experimental data is reduced in GB modeling. This makes the GB models

appropriate for calibration. GB models are typically more reliable than BB models
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for extrapolation and transient analysis because underlying physics is embedded in
the simulation model.

GB models were used to predict NOx, CO, HC, and soot emissions in [80]. A
combination of a 1D-CFD model and a GPR ML method with a xed input feature set
were used in [81] for emission modeling including NOx and soot emissions. Using only
GPR method as the data driven part of the GB model is the limitation of this study.
These results showed that the prediction error is generally larger for soot emissions
in comparison with NOx emissions. The same trend was observed in other studies
[28, 68]. The GB emission modeling for a wide range of emissions was investigated
in [28]. A physical model was used, and di erent data-driven algorithms with xed
input feature sets for di erent emissions were used. For more complicated emissions
including soot and HC, two 3-layer ANN methods were used, whereas other emissions
were modelled by GPR method. This study showed that soot is the most di cult
emission to model with hybrid and classical emission modeling methods. Although
a more advanced ML method (ANN) was used in this study, there are still other
ML methods that could be used for the data driven part. For GB and BB emission
modeling, ANN and SVM methods were trained with the selected features [68]. This
study also showed that soot is a challenging emission to model. In addition, soot
emissions are more accurately modeled with SVM in comparison with ANN. In both
of these studies [28, 68], input feature sets have not been analysed and only physical
knowledge about the emissions formation and oxidation process were used to choose
the xed input feature sets for emission modeling. Using physical knowledge to select
the input feature set, some of the crucial parameters might be missed because our
physical knowledge about soot emissions is not complete.

An alternative way for choosing the input feature set is using ML feature selection
methods. Data can be categorized according to their similarity to di erent groups
using unsupervised clustering methods. Clustering can be used as a pre-processing or

post-processing tool. As a pre-processing tool, clustering enables us to divide input
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data into groups based on their similarity. In that case, each group will be considered
a separate data set and analyzed separately. A well known ML clustering algorithm
is K-means clustering algorithm. In [82], the K-means clustering algorithm is used to
divide vehicles into clusters based on emission production level. Di erent ML methods
were applied to each cluster, and then the methods o ering the highest performance
were selected. The study in [82] shows that clustering of the data in advance can
lead to an improvement in the prediction accuracy. The same approach was used to
classify the combustion events inside an engine cylinder [83]. Clustering has also been
used as a post-processing tool by categorizing the output data of a simulation into
di erent groups making the data easier to analyze. A CFD simulation was used to
calculate the soot formation inside the combustion chamber of a diesel engine [84].
Then, on the basis of the soot formation rate in the engine combustor, the K-means
clustering algorithm was used to partition the combustor into di erent zones. The low
soot areas were distinguished from the high soot areas, helping in the soot formation
analysis and to facilitate nding solutions to reduce soot production in high soot

areas.

1.2.2 Steady-state emission modeling for hydrogen-fueled
engines

One e ective and economic way to reduce tailpipe carbon foot-print in the transporta-
tion sector is to switch to alternative fuels with zero carbon content like hydrogen.
Hydrogen can be used in two primary ways in vehicles: as fuel in internal combustion
engines (ICEs) or as an energy source in electric vehicles (EVs) through the use of
fuel cells, which convert hydrogen into electricity.

Hydrogen-based ICEs o er several advantages over fuel cell technologies. They
are less expensive to produce, have a longer service life, and do not require special
hydrogen fuel purity standards [85]. Moreover, ICEs can be adapted to use multiple

fuels, making them more versatile and convenient in terms of fuel availability [85].
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Current ICEs can be converted into hydrogen engines or dual-fuel hydrogen engines
with minimal changes and costs, which allows manufacturers to use the existing in-
frastructure for mass production of these engines with minimal modi cations [85].
Dual-fuel hydrogen engines can play a signi cant role in the transition to a pure
carbon-free hydrogen transportation system, especially as the number of active ICEs
is expected to continue to increase over the next 15 years [86]. In particular, the dual-
fuel hydrogen-diesel engine is an alternative powertrain for medium and heavy-duty
tasks. This is because vehicles in these sectors often have longer service life and may
need to operate in remote areas where the infrastructure for alternative fuels may not
be available in near or mid term.

The most popular forms of using hydrogen in Sl engines are: as the only fuel [74,
87{94], as the secondary fuel with gasoline [95{103], and as the secondary fuel with
natural gas [74, 104{108]. Compression ignition engines can not run using hydrogen
as the only fuel because the compression temperature in these engines is typically
insu cient to initiate hydrogen combustion. A second high cetane fuel, like diesel or
bio-diesel fuel is needed in CI engines to ignite the hydrogen-air mixture and operate
using a dual-fuel mode [37]. The combination of hydrogen and other zero carbon
fuels like NH; have also been investigated [109] to further reduce G@missions.
Adding hydrogen to CI diesel engines and converting them to dual-fuel hydrogen-
diesel engines is promising for two main reasons: i) diesel engines produce higher
amounts of CQ and other emissions compared to gasoline engines per liter of fuel [16,
37] and ii) diesel engines are being used mainly for medium and heavy-duty tasks
where the market for converting to battery electric is slow [17].

To assess the impact of hydrogen usage in ICEs and its associated emissions, exper-
imental testing and modeling methods can be employed. Three main types of models
can be utilized for emission prediction in ICEs: physics-based models (also referred
to as white-box (WB) models), data-driven models or black-box (BB models), and

hybrid models (GB models). Physics-based modeling of combustion involves utilizing
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zero dimensional (OD) to three dimensional (3D) numerical models that are based
on fundamental principles and mathematical equations. In contrast, BB models uti-
lize a supervised ML method that is trained using training data (typically collected
from experimental setup) to predict outcomes. GB models combine the strengths of
both WB and BB models by simulating each engine case using a physical model, and
then employing the outputs of the physical model along with experimental data for
ML algorithm training. The additional information provided by the physical model,

in the form of extra features, enhances the ML algorithm's prediction accuracy and
incorporates physics into the prediction process. Studies concentrating on the emis-
sions of hydrogen ICEs in terms of fuels and methodology have been summarized in
Figure 1.5. Most of these studies have focused on experimental testing, and physics-
based numerical modeling has been more commonly employed than ML methods for
emission modeling in hydrogen ICEs. To the best of author's knowledge, GB modeling
has not been investigated in the context of hydrogen engines in the literature.

The majority of the experimental studies reported that adding hydrogen into diesel
engines and converting them to dual-fuel hydrogen-diesel engines can reduce soot (or
particular matter PM), CO and UHC emissions. These engines typically have higher
NOy emissions production as a result of higher combustion temperatures [36, 37].
However, some studies reported that NOemission production remains constant [110]
or can even be decreased [112{114, 118] when converting a diesel engine to dual-fuel
hydrogen-diesel, depending on the hydrogen-diesel energy ratio and engine load. In
[118], NQ, has a direct relationship with the hydrogen-diesel energy ratio and for
high loads an inverse relationship exists, while in [112], the exact opposite is ob-
served. Some studies concluded that increasing the hydrogen substitution ratio up
to a certain point decreases NQemissions and then increases it at higher replace-
ment amounts [113, 122]. In summary, converting diesel engines to hydrogen-diesel
dual-fuel can generally result in decrease of all of the engine-out emissions including

CO, except for NG, emissions. The NQ emissions depend on the engine con gura-
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(ICEs): Experimental, numerical, and machine learning (ML) modeling classi ed by

fuel type and number of fuels used. The research gap addressed by this thesis is
highlighted by \This thesis (Chapter 5)" in the diagram.

17



tion including available combustion control knobs such as exhaust gas recirculation
(EGR) [119, 120], hydrogen injection location (port or direct injection) [121], engine
operating conditions [112, 118], hydrogen substitution ratio [113, 122], and diesel
injection timing [26].

Physical models that use detailed 3D CFD models can be highly accurate for
predicting emissions [12, 22, 23]. However, these models are computationally ex-
pensive and therefore more suitable for o ine applications such as investigating the
e ects of di erent parameters [123{126, 128, 129] and parameter optimization [127]
for dual-fuel hydrogen-diesel combustion. In general, 3D CFD studies focusing on
the e ect of hydrogen addition to diesel engines and predicting emissions production
are in agreement with experimental studies. These studies reported that adding hy-
drogen to diesel engines increases brake thermal e ciency [124, 125, 127, 129] and
the hydrogen-diesel energy ratio has a direct relationship with NGemissions and an
inverse relationship with soot emissions [123{126, 129].

To meet the tailpipe emissions and fuel economy regulations [132], modern engine
controllers must provide high thermal e ciency while minimizing engine emissions
for a wide range of real driving conditions. This may be done using model predictive
control (MPC) techniques [8] where a model of the system is embedded for the real
time combustion control. Since usual ECUs do not possess the computation power
required for managing detailed physical emission models in real-time, these models
are not suitable for real-time emission control. Alternative approaches for model-
ing include data-driven models or BB models that consist of trained ML methods.
Using these models, model-based controllers in ECUs can be implemented with signif-
icantly less required computation time. The most popular ML method for emissions
modeling in ICEs is ANN algorithm [77]. Although BB emission modeling has been
studied extensively for traditional ICEs that burn fossil fuels [8, 42], this method
has not been used as extensively for hydrogen ICEs. Experimental data was used to

develop ANN and SVM models for NQ emission prediction in a dual-fuel hydrogen-
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diesel engine [94]. The results showed that ANN outperformed SVM in N@mission
prediction with an R? of 0.94.

Using experimental data from a hydrogen blended natural gas engine, quadratic
polynomial, ANN and SVM ML models were developed in [108] for NG&mission pre-
diction. The results showed that SVM outperforms ANN and quadratic polynomial
methods with an average error of around 15% and the maximum error of approxi-
mately 60% [108]. Using experimental engine data, an SVM model was developed for
NO, emission prediction of a hydrogen blended compressed natural gas engine [131].
Although systematic optimization methods were not used [131], their results showed
the importance of nding the optimal model parameters. The best SVM model when
compared to the original SVM model reduced the mean absolute percentage error
from 13% to 8% and the maximum relative prediction error from 57% to 26%.

GB or hybrid models can be created by integrating physics into BB models to
improve model performance [28, 68]. Combining the physical knowledge in the form
of fast physics-based models and BB models can result in a fast and accurate GB
model that at least partially encompass physics. GB emission modeling for hydrogen
engines are lacking so far. Previous studies of GB emission modeling for ICES running
with fossil fuels showed enhanced emission prediction performance compared to BB
models [68]. Usually 1D and 0D physical models are used in GB emission modeling

because high dimensional physical models are too computationally expensive.

1.3 Transient Emission Modeling

The investigation of transient emissions from vehicles can be broadly categorized into
two distinct areas: engine-out emissions and tailpipe emission modeling studies. Both
laboratory measurements and real on-road driving tests are employed in the literature
to assess these transient emissions accurately. It is important to note that emissions
measured during real driving conditions not only provide a more realistic evaluation

but also account for the in uence of environmental factors.
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1.3.1 Transient engine-out emission modeling

ML algorithms can be utilized for transient engine-out emission modeling through
GB and BB models in three distinct ways, depending on the algorithm type and
the source of the training data. The most straightforward approach in transient
emission modeling is to utilize steady-state models (SSM). These models consist of
a classical ML algorithm that has been trained using steady-state emission data,
and are now applied for the prediction of transient emissions. Due to the lack of
transient emission data in the training process, these models have limited capacity
to accurately predict the emissions. GB version of these models can perform better
to a certain extent depending on the accuracy of the physical model. This is because
the physical model can provide additional information and and incorporate certain
elements of the transient nature of transient emissions into the ML method. In [133,
134], support vector machine (SVM) algorithm was trained using steady-state data
for predicting NO, emissions from a diesel engine (SSM methodology). Two models
are developed, a low order model with 9 features and a high order model with 29
features. Results showed that the more complex high order model performs better
in predicting transient NO, emissions. The developed models then were used for
model-based control of the engine.

The second approach for utilizing ML in transient emission modeling involves train-
ing classical ML algorithms with transient emission data. In this methodology, the
emission value at each time step is treated as an individual steady-state case dur-
ing the training process. These models are referred to as quasi steady-state models
(QSSMs) and have the advantage of using the same type of data for both training
and testing. However, the disadvantage of these models is that they cannot account
for the sequential nature of transient emissions. This means for predicting each case
algorithm only relies on the current state and not the previous states, which does not

re ect the reality of transient emissions. Similar to SSMs, the performance of QSSMs
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can be improved through the implementation of a GB version, as the physical model
can provide additional information and capture some aspects of the transient behav-
ior. In [135], QSSM models for NQ emissions are developed using di erent classical
ML methods including ANN, extreme gradient boosting (XG-Boost), random forest
(RF), SVM, and decision tree (DT) using in-cylinder pressure data as the input. Re-
sults showed that all of the ML models are accurate (§ >0.89) and can be used
as the virtual sensors. However, the study had a drawback in that it lacked an as-
sessment of the models on new test data, and only the validation error terms were
reported. This could result in a discrepancy between the performance of the models
on validation data and on unseen test data. In [136], NOemissions data from a Sl
engine for six RDE cycles were used to develop QSSMs using ANN, SVM, polynomial
regressor (PR), RF, light gradient boosting regressor ML models. Both steady-state
and transient performance of the developed QSSMs were tested using two other RDE
cycles and a steady-state map of NOemissions. Results showed that QSSMs can
predict NO, emissions for both steady-state and transient condition with &, greater
than 0.9. It was also found that the QSSMs are more accurate in predicting transient
emissions compared to steady-state emission, as they were speci cally trained using
transient emission data.

The third strategy for modeling transient emissions using ML methods involves the
use of transient sequential models (TSMs). In this approach, a deep learning (DL)
recurrent neural network (RNN) is trained using transient emission data. RNNs have
the capability to capture the sequential nature of transient emissions, meaning that
the emission value at each time step depends on both the inputs at the current time
step and the previous time steps. Two of the most widely used types of RNNs are long
short-term memory (LSTM) and gated recurrent unit (GRU). These models can e ec-
tively handle the time-series nature of the data and can provide improved predictions
of transient emissions compared to traditional models [137]. In [138], both QSSM

and TSM are developed for predicting transient NQ emissions of a Sl engine. Clas-
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sical ANN and LSTM algorithms were used for developing QSSM and TSM. Results
showed that the TSM model outperform the QSSM which is due to the advantage of
LSTM model in TSM that enables it to consider sequential behaviour of the data in
prediction. In [139], RF and SVM algorithms were used to develop QSSM and LSTM
algorithm was used to develop TSM for NQemissions of a Cl engine. Results showed
that the mean absolute error for the TSM is over 20% less than the QSSMs. In [140],
QSSMs and TSMs are developed for NGemissions of two CI engines. SVM and RF
algorithms were used for QSSM development, while the TSMs were developed using
LSTM and GRU algorithms. In addition, noise reduction techniques were used to
improve model performance. The results showed that the TSMs achieved around 10%
lower MAE compared to the QSSMs. Furthermore, the application of noise reduction
techniques resulted in a further improvement in the performance of the models. In
the previous work [27], an LSTM TSM model was trained using transient simulation
data obtained from a physical model of a Cl engine to predict NOemissions. The
resulting TSM model was then utilized to develop a model-based controller for the
engine. However, relying solely on simulation data as the training and test data for
the TSM model is the limitation of this work. Incorporating extra information from

the physical model with the experimentally measured emission values can provide
better training for the ML method in the forms of GB models. Figure 1.6 provides a
summary of the studies on NOx emission modeling in ICEs. Given the large number
of studies on steady-state NOx emission modeling, only sample representations (i.e.
dual-fuel hydrogen-diesel engines) are highlighted in the steady-state section of the
gure. As itis seen in Figure 1.6, most of the studies use some forms of physical mod-
els for engine model-based control and using data-driven models is a new approach

in this eld.
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Figure 1.6: Prior NQ, emission modeling studies on internal combustion engines
(ICEs): Steady-state and transient studies classi ed by modeling method (white-box
(WB), black-box (BB) and gray-box (GB)), and methodology (steady-state models
(SSM), quasi steady-state models (QSSM), and transient sequential models (TSM)).
The research gaps addressed by this thesis is highlighted by \This thesis (Chapter
6)" in the diagram.

1.3.2 Transient tailpipe emission modeling

Due to importance of tailpipe NOx emissions and stringent regulations, a number of
the studies in the literature have focused on tailpipe NOx emissions prediction. Pre-
dicting tailpipe NOx emissions is also important as for optimal SCR system perfor-
mance, it is crucial to inject the appropriate amount of ammonia at the correct time.
Delayed or excessive ammonia injection can lead to ammonia being present down-
stream of the SCR (ammonia slip), resulting in the formation of corrosive byproducts,
air preheater blocking, and reduced e ciency and longevity of the SCR system [31,

156]. The SCR control system adjusts the timing and quantity of ammonia injection
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based on the NOx emissions concentration measured at the SCR reactor's output.
This concentration can be obtained using sensors installed at the output or \virtual
sensors" that can predict the output NOx emissions concentration. The \virtual
sensor” is a NOx emission model that predicts the tailpipe NOx emissions value.
The tailpipe NOx emissions model can be employed for: i) model-based SCR system
control to accurately adjust the timing and quantity of ammonia injection [157], ii)
engine model-based control to decrease NOx emissions formation by modifying engine
control parameters [27], iii) diagnosing SCR systems and NOx emission sensor [158,
159], and iv) on-road vehicle simulation applications [160].

Tailpipe NOx emissions can be modeled using either physical mechanism-based
SCR models or data-driven ML and DL models. Physical SCR models predict out-
put NOx emissions by simulating the chemical reactions between injected ammonia
and the exhaust gas within the SCR system. More complex physical models, with a
higher number of chemical reactions, provide a more accurate representation of the
SCR system [161]. Three SCR physical models with di erent complexity levels were
investigated in [162]. The most complex model considered both di usion and reaction
kinetics, while the other two models focused solely on reaction kinetics. The results
indicated that only the complex model, with an RMSE lower than 20 ppm, was ac-
curate enough for SCR model-based control in a production ECU. A combination of
one-dimensional (1D) engine models and after-treatment models, including SCR, has
been utilized for real-time engine control [163] and hardware-in-the-loop (HIL) setups
[164, 165], which can be employed for engine optimization to achieve lower emissions.
These models can accurately predict cumulative NOx emissions (95% accuracy), but
they have reduced accuracy when predicting instantaneous NOx emissions [163]. An-
other application of physical SCR models is to investigate the internal processes of
the SCR systems in detail, which can be used to enhance SCR performance in reduc-
ing NOx emissions [29, 166]. A combination of physical SCR models and CFD has

been used to study the urea injector shape [167] and analyze the e ects of di erent
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parameters on urea spray within the SCR system [168], to optimize its performance.
The most critical parameter was found to be the SCR intake gas temperature.

One primary limitation of studies on physics-based modeling of SCR systems is
that none of the developed models have been tested in real-driving situations. The
experimental data generated in the lab that is used in modeling studies may not accu-
rately represent on-road conditions. Another issue with these models is the required
complexity to achieve su cient accuracy. This results in computational costs that
are unsuitable for model-based SCR control.

Data-driven NOx emissions models o er the bene t of fast prediction. Further, the
ability to be trained with real on-road driving data, enables these models to consider
crucial parameters for predicting emissions in actual driving situations. A simple
form of these models, known as look-up tables, is employed for tailpipe NOx emis-
sions prediction [169, 170]. They make use of multi-dimensional tables, generated
from experimental data, to correlate input variables with output values, speci cally
tailpipe NOx emissions. When predicting new cases, the models interpolate between
the nearest data points in the table. Although look-up table models are e ective
in examining the impact of various factors on tailpipe NOx emissions and estimat-
ing cumulative emissions with approximately a 10% error [169]. Their accuracy in
estimating instantaneous NOx emissions is lower than cumulative NOx emissions pre-
diction due to the complex transient processes within the SCR system [169, 170]. As
a result, they are unsuitable for transient NOx emissions modeling.

DL algorithms can capture complex physical processes [4], making them appropri-
ate for representing the complexity within the SCR system. DL models were devel-
oped to predict engine out and tailpipe NOx emissions from a heavy-duty diesel engine
and a diesel-electric engine [159]. The results showed that engine-out NOx could be
predicted more accurately than tailpipe NOx. However, using SCR parameters such
as inlet NOx, temperature, and mass ow rate, tailpipe NOx could still be predicted

with high accuracy, with test R? > 0:90. The main limitation of this study [159]
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is that only the lab-generated experimental data were used for model development
and testing, whereas predicting tailpipe NOx emissions during real on-road driving is
more di cult due to changing test conditions. Another limitation is that the devel-
oped deep networks only consist of fully connected layers [157], which cannot consider
the dynamic (sequential) nature of the transient emissions in prediction. Time series
networks, can capture this nature and can be used to improve prediction accuracy.
Sequential models with LSTM networks, as well as SVM and back-propagation neural
networks, were employed to predict SCR system output NOx emissions for a power
plant [157]. Classic ML algorithms, including SVM and back propagation neural
networks, were unable to capture the SCR NOx emissions trend and were highly in-
accurate while the time series LSTM network prediction matched the experimental
SCR NOx emissions with test mean absolute percentage error (MAPE) lower than
5%. A classi cation of existing studies in the literature that focus on tailpipe NOx
emissions modeling in ICEs equipped with SCR after-treatment systems is shown in

Figure 1.7.

1.4 Problem Identication and Proposed Solu-
tions

As discussed above, the transportation sector predominantly relies on internal com-
bustion engine (ICE)-powered vehicles, a trend that is expected to persist, especially
for medium and heavy-duty trucks that primarily utilize diesel engines [17]. However,
these trucks emit harmful pollutants such as CO, soot, UHC, and NQ which pose
signi cant risks to human health. Emissions from ICEs, excluding Cg@ can be sub-
stantially reduced through various methods, including supercharging, exhaust after-
treatment techniques, proper calibration, optimization of engine components, and the
implementation of e cient engine and exhaust after-treatment control strategies [8].
Developing fast and accurate emission models is a crucial prerequisite for success of

the techniques that rely on real-time control.
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Figure 1.7: Tailpipe NG, emission modeling studies for internal combustion engines
(ICEs) with SCR in after-treatment system, ML stands for machine learning, DL
stands for deep learning).The research gaps addressed by this thesis is highlighted by
\This thesis (Chapter 7)" in the diagram.

To decrease the tailpipe carbon footprint in ICEs, one approach is to modify exist-
ing engines to burn alternative zero-carbon fuels like hydrogen. This method requires
minimal changes to the current infrastructure and can be implemented by retro tting
already built trucks to operate on dual-fuel diesel-hydrogen systems. This approach
signi cantly reduces the carbon footprint, providing a transitional pathway to zero-
emission vehicles while the necessary infrastructure is being developed.

Fast and accurate steady-state and transient emission models are essential for
these new ICEs that utilize alternative fuels such as hydrogen or a combination of
alternative and fossil fuels, like hydrogen-diesel blends, in order to optimize, calibrate,
and achieve optimal engine emissions control. Research gaps in the eld of ICE
emission and combustion modeling that this thesis is trying to address are grouped

in three parts:

" Laminar ame speed modeling for alternative, hydrogen-fueled ICEs;
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" Steady-state emission modeling for fossil-fueled and hydrogen-fueled ICEs;

" Transient emission modeling for fossil-fueled and hydrogen-fueled ICEs;

1.4.1 Laminar ame speed modeling

In the literature, one of the primary research gaps in the eld of physics-based com-
bustion modeling for ICEs utilizing alternative fuels is the lack of fast and accurate
LFS models. Chapter 3 of this thesis addresses these research gaps in this eld by
developing ML LFS models for low-carbon fuels. The main parts of this work are

summarized as:

" Laminar ame speed modeling has mainly been investigated at low temperature
and pressure in the literature. To represent ICE conditions, these models require
extrapolation, which may result in inaccurate predictions. In Chapter 3 of this
thesis, thermo-chemical combustion mechanisms are used to calculate the LFS
using design of experiments (DOE) to cover temperature and pressure ranges
that closely resemble actual engine operating conditions. Consequently, the
developed models do not require extrapolation for determining LFS in ICE

operating conditions.

To train an ML method for accurate LFS prediction, a large amount of data is
required. This is because LFS has a complex and non-linear behavior. Many
previous LFS studies have relied on small DOEs for training ML models to
predict LFS. In contrast, in Chapter 3 of this thesis the LFS is estimated for
large DOE sets with over 150,000 cases in total, exceeding previous studies with

a maximum of 50,000 data points [64].

As the emphasis on low-carbon fuels grows, a diverse range of such fuels for
ICEs is anticipated. Future engines may be designed to operate on various
low-carbon fuels or a combination of these fuels, depending on their availabil-

ity in speci c geographical locations. Although NH is a zero-carbon fuel, no
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study has explored the application of ML methods for modeling LFS for NH
Moreover, no study has investigated the development of ML methods capable
of predicting LFS for a blends of low-carbon fuels. The complex combustion
mechanism of NH renders LFS calculation computationally expensive for use
in OD and 1D engine models. This highlights the importance of employing fast
and accurate ML methods for calculating LFS for NKl and its combination
with other low-carbon fuels. In Chapter 3 of this thesis, ANN and SVM ML
models are developed to estimate LFS values for any combination of the three

most prevalent low-carbon fuels: Bl CH30H, and NH;s.

1.4.2 Steady-state emission modeling

Current research gaps in the literature in the eld of steady-state emission modeling
can be divided into two main categories: Fossil-fueled ICEs and hydrogen-fueled
ICEs. Part Il of this thesis focuses on developing WB, GB, BB steady-state emission
models for medium-duty and heavy-duty engines powered by fossil fuels and hydrogen.
Chapter 4 and Chapter 5 of this thesis address the following gaps in emission modeling

for diesel ICEs and hydrogen-diesel ICEs:
Fossil-fueled ICEs

The main research gaps in the study of emission modeling for medium-duty and heavy-

duty fossil-fueled ICEs, which are addressed in Chapter 4 of this thesis, include:

" Although some papers have investigated the e ects of various parameters on
diesel engine emission production, such as fuel properties [171], there is limited
published soot emissions data for complete speed-load maps from medium-duty
diesel compression ignition engines. This is due to the di culty and cost of ac-
curately measuring soot emissions and the extensive calibration e orts required
for emission analyzers. In Chapter 4 of this thesis, soot emissions data for a

full speed-load map of a 4.5 L 4-cylinder diesel engine is measured, providing a
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benchmark to test di erent modeling methods in Section 4.1 of Chapter 4.

The performance of ML methods in emission modeling is heavily dependent on
the input feature set. It is common to primarily use physical knowledge for
selecting input features, but this risks missing crucial features due to unknown

or misunderstood physical relationships. This is particularly important in GB
emission modeling, as the physics-based model generates numerous features,
making it di cult to choose a subset based on physical knowledge. In Chapter

4 of this thesis, various input feature sets based on ML feature selection and

physical knowledge are investigated to determine the optimal input features.

Previous studies have used conventional ML methods such as SVM, ANN, and
GPR with xed input feature sets for soot emissions modeling. However, com-
prehensive studies investigating di erent ML methods and feature sets for soot
emissions modeling are still lacking. In Chapter 4 of this thesis, eight di er-
ent ML methods with ve di erent input feature sets (40 models in total) are

employed for soot emissions modeling and then evaluated.

Post-processing methods for model selection and analyzing results have not been
utilized in previous emissions modeling studies. In Chapter 4 of this thesis, a
systematic unsupervised ML method is employed for analyzing and comparing
di erent engine emissions models. Two K-means clustering algorithms that
function as lters are used to select the best emissions models. This approach

should be applicable to other engine modeling studies.

Hydrogen-fueled ICEs

In Chapter 5 of this thesis, the steady-state emissions of a dual-fuel hydrogen-diesel

engine are modeled using WB, GB, and BB emission models, addressing the following

research gaps in the current literature:
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While GB emission modeling has proven superior to BB emission modeling for
traditional ICEs burning fossil fuels, there has been no study of GB emission
modeling for hydrogen engines. In Chapter 5, BB and GB soot and N@mis-
sion models for a dual-fuel hydrogen-diesel CI engine are developed. The BB
models o er the best computational e ciency useful for real-time combustion
control implementation in an ECU. The GB models provide greater accuracy
with higher computational expense, making them more suitable for an HIL

setup in calibrating engine combustion controllers.

ML-based LFS models have not been incorporated as a module in physics-based
combustion engine modeling. These models can calculate LFS more rapidly
than combustion kinetics models, reducing the overall computational cost of
physics-based engine models. In Chapter 5 of this thesis, the hydrogen ML
LFS models from Chapter 3 are embedded in physics-based models of hydrogen
engines. The ML LFS model is validated using in-cylinder pressure traces for

both an Sl hydrogen engine and a CI dual-fuel hydrogen-diesel engine.

All of the previous studies about emission modeling of hydrogen-fueled engines
[87, 108] are done for only single type engine. In Chapter 5 combustion models
are developed for both SI and CI and both single-fuel and dual-fuel hydrogen
engines. The experimental setup for both engine types are described. The
proposed models are tested against experimental data for predicting in-cylinder
pressure trace, indicated mean e ective pressure (IMEP), 50% burned fuel crank

angle (CA50), and peak pressure for both SI and CI hydrogen engines.

The input feature-set selection and hyperparameter optimization are two criti-
cal factors a ecting ML model performance. In Chapter 5 of this thesis di erent
input feature sets and ML methods are applied for GB and BB models. Fur-
thermore, a systematic method is used to optimize the hyperparameters of ML

methods, ensuring the high accuracy is achieved. This distinguishes the study
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in Chapter 5 from previous researches [74, 94{96, 108, 130, 131], which uti-
lized ML methods for emission prediction without systematically optimizing

ML methods and input feature set.

1.4.3 Transient emission modeling

Transient emission modeling studies can be categorized into engine-out and tailpipe
emission modeling. Engine-out emissions represent the engine exhaust emissions be-
fore any after-treatment, while tailpipe emissions represent the nal emissions after
passing through all of the after-treatment systems. Due to the complexity of after-
treatment systems, tailpipe emission modeling can be more challenging to model.
Furthermore, tailpipe emission experimental data can be obtained in a laboratory set-
ting or from real on-road driving conditions, with the latter providing a more realistic
representation of environmental factors. In this thesis, Chapters 6 and 7 investigate
engine-out and tailpipe transient emission modeling using both lab-generated and real
on-road driving data. Due to the di culty of transient soot emission measurements

particularly on-road, Part IV focuses on NQ emissions.
Hydrogen-diesel engine-out transient emission modeling

Chapter 6 of this thesis utilizes laboratory-generated engine-out emission data from a
dual-fuel hydrogen-diesel engine to develop emission models. This chapter addresses

the following gaps in the current literature:

" The current literature predominantly focuses on transient emission studies for
traditional Sl and CI ICEs fueled by fossil fuels. However, there is a signi cant
lack of research on transient emission modeling for engines utilizing alterna-
tive fuels, particularly hydrogen. These engines are well-suited for medium and
heavy-duty tasks, which are more challenging to electrify compared to light ve-
hicles [17]. Hydrogen addition can increase combustion temperatures and ,NO

emissions, making accurate transient NOemission models crucial for e ective
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model-based control of dual-fuel hydrogen-diesel engines. Chapter 6 of this the-
sis presents a comprehensive investigation into the development of various NO

transient emission models for a dual-fuel hydrogen-diesel engine.

Data-driven modeling of transient emissions can be accomplished using three
main methodologies: SSM, QSSM, and TSM. While some studies have com-
pared the performance of two of these methods, there is a lack of research
investigating and comparing the performance of all three models for the same

engine and dataset. Chapter 6 compares the performance of SSM, QSSM, and
TSM methodologies on both steady-state and transient NCemission data from

a hydrogen-diesel CI engine, providing insights into the strengths and limita-

tions of each methodology.

GB emission modeling has been shown to enhance steady-state emission mod-
eling [67, 68]. However, the application of GB modeling for transient emission
modeling remains unexplored in the literature. Chapter 6 of this thesis investi-
gates the use of GB modeling techniques in the form of SSM, QSSM, and TSM

for modeling transient NQ, emissions.

For model-based engine control, it is crucial to have a computationally e -
cient and accurate emission model. To address this, Chapter 6 investigates a
range of di erent architectures and algorithms for time-series TSM modeling
and compares their performance in terms of both accuracy and computational
cost. Chapter 6 provides guidance on choosing the most appropriate TSM model
based on the desired trade-o between accuracy and computational cost, taking
into consideration the available computational resources. The results can help
researchers and practitioners make informed decisions about which TSM model
is best suited for their particular application, ensuring that the model is both

accurate and computationally e cient.
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Heavy-duty truck transient emission modeling

Chapter 7 of this thesis utilizes an extensive dataset of real on-road driving NO
emissions from a class 8 heavy-duty diesel truck to develop tailpipe transient emission

models and address the following gaps in the literature:

" Existing literature on DL models for tailpipe NO, emissions predominantly
relies on lab-generated data, which may not fully capture the system behavior
in real on-road driving situations due to the data not fully covering all on-road
simulations. In Chapter 7, real-driving data from a heavy-duty truck is used
to train a time-series DL algorithm. The dataset used in Chapter 7 comprises
over 4 million data points, measured at 10Hz sampling frequency, making it
nearly ten times larger than the most extensive tailpipe NQemissions dataset
previously reported in the literature. This data was collected from 37 highway
trips with varied weather, truck weights, road conditions and temperature. This
provides the most comprehensive dataset compared to similar studies [34, 170,
172], which collected on-road emission data over a few trips with consistent
ambient conditions. Additionally, in Chapter 7, the impact of dataset size by
four di erent datasets is examined, providing insight into the importance of

dataset size.

A prior study on DL modeling for tailpipe NOx emissions [159] has primarily
concentrated on feed-forward DL models. These models lack the ability to
capture the transient (sequential) nature of NQ emissions when modeling SCR
system output NO, emissions. In Chapter 7, four di erent time-series LSTM
networks with di erent levels of complexity are examined to model the tailpipe
NO, emissions of a heavy-duty truck equipped with an SCR after-treatment

system.

" Tailpipe NO, emissions modeling studies [157, 159, 170] have been limited to
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using a single input feature set. However, various applications often require
models where the input feature set depends on the available data and the speci c
application. In Chapter 7, three models utilizing three di erent input feature
sets are developed, each requiring di erent levels of information, making them
suitable for a wide range of applications. In addition, this approach provides
insight into the impact of input features on the tailpipe NQ, emissions model

accuracy.

Instantaneous and cumulative performance metrics that are used for evaluating
the transient emission models in previous studies [157, 159, 170] are unrealistic
in predicting if the emission is below or above the regulation. This is especially
important in the automotive industry, as exceeding emission limit may result in
non-compliance with emission regulations. In Chapter 7, model predictions are
compared to the Tier 3 standard, and the F1 score metric is utilized to evaluate
how well the models can predict whether the tailpipe NQemissions exceed or

comply with the standard.

1.5 Contributions and Thesis outline

1.5.1 Thesis outline

This thesis is organized into ve main parts that are described in eight chapters. The

ve parts and chapters within each part are schematically shown in Figure 1.8. The

main parts and chapters of this thesis are as follows:

PART I. Introduction and Experimental Setups

{ Chapter 1 provides background, motivation, and main contributions of

this thesis.

{ Chapter 2 presents the details of the experimental setups used in this

study, including CI diesel engine, SI hydrogen engine, CI hydrogen-diesel
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Figure 1.8: Schematic of the thesis organization. The dashed lines show the results
from the early phases is being used in the successive phases.

engine, and tailpipe heavy-duty diesel truck emission measurement system.

A

PART Il: Machine Learning in Laminar Flame Speed Modeling
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{ Chapter 3 describes developed ML-based LFS models for low-carbon fuels

including hydrogen, methanol, and ammonia.

A

PART IIl: Machine Learning in Steady-State Emission Modeling
{ Chapter 4 describes developed steady-state WB, GB and BB soot emis-
sion models for a medium-duty CI diesel engine.

{ Chapter 5 describes developed steady-state WB, GB and BB soot and
NO, emissions models for a medium-duty CI diesel-hydrogen engine as

well as combustion models for a SI hydrogen engine.

~

PART IV: Machine Learning in Transient Emission Modeling

{ Chapter 6 provides developed DL transient GB and BB NQ emissions

models for a medium-duty CI diesel-hydrogen engine.

{ Chapter 7 provides developed DL transient BB models for tailpipe NO

emissions of a heavy-duty diesel truck using real-driving data.
" PART V: Conclusions

{ Chapter 8 provides conclusions of this thesis.

1.5.2 Contributions

A summary of the main contributions of this thesis are:

~

PART I: Introduction and Experimental Setups

{ Synthesis of exciting literature in the area of steady-state and transient
engine-out and tailpipe emission modeling using physical, data-driven and

hybrid methods.

{ Identi ed major research gaps that needs to be addressed for successful

engine combustion and tailpipe emission control.
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{ Exploratory analysis of engine-out steady-state and transient emission data

for soot and NQ, emissions from a diesel engine and hydrogen-diesel engine.

{ Exploratory analysis and pre-processing of real-driving transient tailpipe

emission data for a heavy-duty diesel truck.

~

PART Il: Machine Learning in Laminar Flame Speed Modeling

{ Created extensive LFS datasets for low carbon fuels including hydrogen,
methanol, and ammonia using selected thermo-kinetic combustion mecha-

nisms.

{ Developed fast and accurate ML-based LFS models for low carbon fuels

including hydrogen, methanol, and ammonia.

{ Developed a fast and accurate ML-based model that can predict LFS for
combinations of low carbon fuels including hydrogen, methanol, and am-

monia.

A

PART IIl: Machine Learning in Steady-State Emission Modeling
{ Developed WB, BB and GB for steady-state soot emission prediction of a
medium-duty diesel engine using di erent ML methods.

{ Provided a systematic way of input feature set selection using combination

of expert knowledge and an ML-based method.

{ Provided a systematic way of post-processing and model selection using a

clustering ML-based method.

{ Developed WB, BB and GB for steady-state soot and NOemission predic-

tion of a medium-duty hydrogen-diesel engine using di erent ML methods.

{ Provided a novel approach for physics-based combustion modeling by using

ML-based LFS models inside combustion model and testing and validating
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this approach by modeling a hydrogen Sl engine and a hydrogen-diesel CI

engine.

{ Provided a systemic way of input feature-selection, ML model selection
and hyperparameter optimization for emission modeling in hydrogen-fueled

ICEs.

~

PART IV: Machine Learning in Transient Emission Modeling

{ Comprehensive study of di erent methodologies for transient emission

modeling in ICEs including SMM, QSSM, and TSM methodologies.

{ Developed transient BB and GB emission models for a hydrogen-diesel ClI
engine.

{ Introduced a method for systematic input feature-set selection using ve
di erent ML-based FS algorithms in combination with expert knowledge

for transient emission modeling.

{ Presented a range of transient deep-learning emission models, each with
varying degrees of complexity and computational requirements, to match
the requirements of di erent applications with speci c needs in terms of

computational power and accuracy.

{ Developed BB deep-learning time-series emission models for tailpipe emis-

sion modeling using extensive real-driving dataset.

{ systematic study of the e ects of dataset size and model complexity on the

performance of the tailpipe emissions models.

{ Developed DL models for tailpipe emission prediction using di erent fea-
ture sets that can be used for a range of applications with di erent available

input data from low to high level.

39



Chapter 2

Experimental Setups 1

2.1 Compression Ignition Diesel Engine

To develop soot emission models for a Cl diesel engine, a 4.5-L medium-duty Cummins
diesel engine is used to collect soot emissions data. The engine speci cations are listed
in Table 2.1. This engine is located and tested in the University of Alberta internal
combustion engine lab. Pictures and the schematics of the experimental setup for
soot emissions data collection are shown in Figure 2.1. Intake air pressure, engine
speed, load, injected fuel amount, and fuel rail pressure are recorded from the engine
ECU. To record these data, the Cummins INLINEG6 interface is used to connect ECU
to the computer, and INSITE Pro Cummins is used to record and monitor data. A
Kistler piezoelectric pressure sensor and Pico current clamp are used to measure the
in-cylinder pressure and the injector command signal to one cylinder.

To measure soot emissions, a Pegasor Particle Sensor (PPS-M) is used. The
schematic of the soot measurement setup is also shown in Figure 2.1b where engine-out
exhaust gas ows through an inlet heater line to the pre-charger. The pre-charger is
used to avoid any charge-related problem in soot measurement [173]. The pre-charger
is essential to the accuracy of soot measurement as in recent emission technology, mi-
croscopic particles in the exhaust may be strongly charged. The Pegasor Pre-Charger

is a self-heated, non-radioactive, negative di usion charger. Using an integrated ion

1 This chapter is partially based on [1{6]
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Table 2.1: Diesel Engine speci cations.

Parameter Value

Engine name Cummins QSB4.5

Engine type In-Line, 4-Cylinder
Displacement 45 1L

Bore Stroke 102 mm 120 mm

Peak torque 624 N.m @ 1500 rpm

Peak power 123 kW @ 2000 rpm
Aspiration Turbocharged and Charge Air Cooled
Certi cation Level Tier 3/Stage 1A

trap, Pegasor can eliminate ions and small charged particles from the sample line
gas and it charges larger particles into a known negative charge state. The sampling
rate of PPS-M is 100 Hz with 100 dB Sensor to Noise Ratio (SNR). This sensor de-
tects particle sizes in the range of [001 290] [mgm?®]. The main PPS-M sensor's

speci cations are listed in Table 2.2.
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(@)

(b)
Figure 2.1: Diesel engine with soot measurement experimental setup. a: Experi-

mental setup, b: Schematic of experimental setup. Full load is 624 N.m at 1500
rpm.
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Table 2.2: The PPS-M sensor speci cations.

Parameter Value

Sensor temperature 200C

Extracted sample temperature 40 up to 850 C

Dilution No need

Time response 0.2s

Measured particle size range 10 nm and up

Trap voltage 60 V (10 nm lower cut) 400 V (23 nm lower cut
, default) 2 kV (90 nm lower cut)

Particle number range 300 up to 101=cm?®
Particle mass range 10° up to 300 mg-m?
Sample pressure 20 kPa to +100 kPa
Clean air/Nitrogen supply 10 LPM @ 0.15 MPa
Operating voltage 24V

Power consumption 6 W
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2.2 Spark Ignition Hydrogen Engine

Table 2.3 shows the main characteristics of the Sl hydrogen engine. The Sl hydrogen
engine is based on a 2 liter single-cylinder diesel engine, which was modi ed to burn
hydrogen, by installing 6 hydrogen injectors, a spark plug and reducing the compres-
sion ratio. The hydrogen is injected into the intake manifold using 6 ring-shaped
injectors with an injection pressure of 9 bar. These injectors are originally designed
for natural gas injection. Also, a ame arrester system is installed between the hy-
drogen injectors and the combustion chamber to prevent mixture back re from the
combustion chamber to the intake manifold. Figure 2.2 shows the schematic of the
experimental setup and pictures of di erent components of the Sl hydrogen engine.

More information about this engine and the experimental setup can be found in [174].

Table 2.3: Hydrogen spark ignition engine characteristics.

Characteristic Spark Ignition
Fuel Hydrogen
Number of cylinders 1
Displacement volume 2 Liter
Stroke 142 mm
Bore 128 mm
Compression ratio 8.5
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