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Abstract

Light-duty vehicle emissions regulations worldwide impose stringent
limits on particulate matter (PM) emissions, necessitating accurate
modelling and prediction of particulate emissions across a range of
sizes (as low as 10 nm). It has been shown that the decision tree-based
ensemble machine learning technique known as Random Forest can
accurately predict particle size, concentration, and accumulation
mode geometric standard deviation (GSD) for particulate emission
diameters as low as 23 nm from a highly boosted gasoline direct
injection (GDI) engine operating on a single fuel, while also offering
insights into the underlying factors of emissions production because
of the interpretable nature of decision trees.

This work builds on the prior Random Forest research as its basis and
further investigates the relative performance of five decision
tree-based machine learning techniques in predicting these particulate
emission parameters and extends the work to 10 nm particles. In
addition to Random Forest, the selected techniques consist of four
gradient boosting models: GBM, XGBoost, LightGBM, and
CatBoost. Moreover, the influences of fuel chemistry are assessed by
using data from 13 gasoline fuel blends, including blends with ethanol
and methanol – common bio- and e-fuels. The results show that the
CatBoost model achieves the highest prediction accuracy (R2 between
0.77 and 0.932), even when the feature set is reduced to improve
computational efficiency. Random Forest and LightGBM are also
shown to be suitable for PM emissions estimation. Permutation
feature importance was used to highlight the dependence of PM
emissions on both fuel and engine operating parameters – offering
new insights into the effect of fuel properties on particulate emissions
and their formation in highly boosted engines.

Introduction

Gasoline Direct Injection (GDI) engine sales in the European Union
(EU) exceeded those of diesel engines for the first time in 2017 [1].
Compared to Port Fuel Injection (PFI) engines, GDI engines can offer
fuel economy improvements because of precise fuel metering control,
superior volumetric efficiency and improved knocking resistance. The
knocking resistance is enabled by in-cylinder charge cooling, which
has the additional benefit of permitting higher compression ratios [1].
However, direct fuel injection into the combustion chamber reduces
the time available for fuel to vaporise and mix with air and also
increases the chances for wall wetting; all of which can lead to
increased particulate formation [2].

The two primary sources of Particulate Matter (PM) emissions from
GDI engines are the fuel (primarily) and lubricant (secondarliy).

Partial fuel-rich zones, in particular, and liquid droplet combustion
lead to higher levels of particulate matter emissions. In addition, fuel
spray impingement on the piston and combustion chamber surfaces
(so-called wall-wetting) and any liquid remaining around the injector
itself (injector dribble) [3]. These liquid films can lead to incomplete
combustion and the development of a diffusion flame, thereby
contributing to the formation of PM [4].

Downsized GDI engines are becoming more prevalent because they
offer fuel consumption improvements. They operate at higher specific
loads and their design typically includes external boosting using either
a turbocharger or a supercharger [5]. Market examples of downsized
engines include the 21.7 bar BMEP (VW TSI 1.4) and the 22.1 bar
BMEP (EB16.4, fitted to a Bugatti Veyron) [6]. Boosted GDI engines
have been shown to produce smaller size distributions of particulate
matter emissions compared to unboosted engines and diesel engines
[1] and such smaller particles are known to be more harmful to human
health [7].

PM emissions from vehicles were first regulated in 1992. Both the
emission limits and testing methods have been revised multiple times
since then [1], following advances in measurement technology,
accuracy, and increased scientific understanding of the connection
between PM emissions and pulmonary diseases. The current EU
regulations (Euro 6) for light-duty vehicles, regulate emissions by
mass to 2 mg/km and Particle Number (PN) emissions to 6×1011

#/km. The regulations specify the size of the particles to be counted at
PN23, i.e. 50% count efficiency (D50) at 23 nm and a 90% count
efficiency (D90) at 41 nm [1]. The recently approved Euro 7
regulations that will enter into force from 2026 reduce the size of
particles counted to PN10 (i.e. D50 of 10 nm and D90 of 15 nm). This
is because smaller particles are known to be more harmful to human
health [7]. Manufacturers are expected to meet the proposed
emissions limit by using gasoline particulate filters (GPF) [8].

Particulate emission prediction models will play an important role in
the design and control of low particulate emission GDI engines. Both
physical and empirical models have been considered [9]. Physical
models include CFD-appropriate models both for soot and in-cylinder
effects [10, 11]. Empirical models are developed using experimental
(engine operation and design, and fuel) data combined with tunable
factors. Such models are limited in their predictive strength (i.e. they
perform poorly at conditions for which they were not tuned) but are
computationally inexpensive, which makes them suitable for engine
control. Fuel effects on PM emissions have also been modelled using
indices including the Particulate Matter Index (PMI), Particle Number
Index (PNI), and Moriya Index, amongst others. These have been
described in some detail in a recent review paper [12].
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A promising alternative to physical, computationally expensive PM
models are data-driven empirical Machine Learning (ML) models.
ML models use statistical learning tools to predict outcomes using
input features and offer insights on how these inputs affect the target
variable [13]. Ensemble algorithms, a subset of ML techniques,
combine multiple trained models, often yielding better predictive
performance compared to that of a single model.

ML approaches to modelling performance of and emissions from
internal combustion engines are challenging due to the complex
phenomena involved, such as turbulent air and flow mixing inside the
combustion chamber, and in-cylinder temperature and pressure
gradients [14]. Artificial neural networks (ANNs) have been
frequently used for emissions modelling [15]. Back-propagated
ANNs were used by Yuanwang et al. [16] as early as 2002 to analyse
the effect of cetane number on exhaust emissions from a diesel
engine. Good agreement between emissions measurements and
predictions have been reported in the literature [17, 18, 19]. Studies
have also utilized approaches based on physics-guided artificial neural
networks (PGNNs), where ANNs are bounded (or informed) by
physical characteristics of the system [20, 21].

ANNs, despite being widely used for estimating engine emissions,
have the disadvantage of being opaque in their architecture, which
limits the insights that can be drawn about the underlying emissions
formation phenomenology. Other ML approaches, like bagging and
boosting, exist that offer better interpretability. Bagging ensemble
algorithms, such as Random Forest and Extra Trees, train models
independently of each other and typically use bootstrapping, which
involves resampling the data with replacement [22]. In contrast,
boosting algorithms are based on iterative learning, where the weight
of the wrongly predicted instances is increased in each iteration. Sahin
[23] compared ANN, Support Vector Machine (SVM), and eXtreme
Gradient Boosting (XGBoost) methods to predict engine performance
and emissions when fuelled with diesel/biodiesel/iso-pentanol blends,
concluding that XGBoost exhibited the best performance in predicting
emissions parameters. Delgado et al. [24] tested 179 classifiers from
17 model families, including neural networks, decision trees, and
support vector machines on University of California, Irvine datasets
for ML research and concluded that Random Forest (RF) gave the
best performance for classification tasks, with boosting models also
among the best. Gonzalez et al. [22] analysed the performance of 13
bagging and boosting algorithms in 76 different classification tasks on
Knowledge Extraction based on Evolutionary Learning (KEEL)
software datasets of medium and large size and concluded that while
RF gives good performance, it can be outperformed by several
boosting algorithms for large datasets.

Papaioannou et al. [25] used a Random Forest model to predict
particulate emissions from a highly boosted GDI engine, showing
good agreement (R2

avg = 0.94) with experimental data. This was the
first time that a multi-output, data-driven model demonstrated
accurate results in predicting PM emissions from GDI engines when
using a relatively simple and computationally inexpensive method like
RF. They also demonstrated the use of the permutation feature
importance method to reduce model inputs (from 82 to 9 inputs) and
draw insights into parameters that drive PM emissions formation.
Some of the data used in the current work comes from the same
experimental dataset.

The Random Forest model methodology is schematically depicted in
Figure 1. During the training phase, N random samples are selected
using bootstrap aggregation with replacement. Next, a regressor tree
is fitted to each sample, with the mean squared error used as the
splitting criterion for the leaves. Each tree casts a unit vote on their
output prediction [26]. RF’s benefits over other ensemble methods
include robustness to outliers and noise, error convergence, and
computational lightness.

The general structure of a gradient boosting model is shown in Figure
2. The model starts with a constant initial guess for the output of all N

Figure 1: Random forest flow chart for a regression problem. Random Forest
is an example of a bagging algorithm, where the final prediction is made by
majority voting.

training samples. In each iteration n, a new weak learner Fn(x) is
added to the ensemble. The weak learner is typically a decision tree.
To compute Fn+1(x), an estimator hm(x) is added to the previous
weak learner, so that Fn+1 (xi) = Fn(xi) + hm(xi) = yi, where yi is
the output value. Hence, the residual ri is given by yi − Fn. The
weight αn of the weak learner is determined by minimizing the loss
function on the training dataset X . To ensure the algorithm converges,
regularization techniques such as shrinkage are typically applied to
the gradient descent step [27]. Gradient boosting models outperform
RF in handling sparse and imbalanced datasets, as well as in
predicting outliers [22].

Several gradient boosting-based algorithms are available, including
XGBoost, GBM, LGBM, and CatBoost. The advantages and
disadvantages of each model are shown in Table 1.

eXtreme Gradient Boosting (XGB or XGBoost) uses decision trees as
regressors [27]. XGBoost’s unique features include automatic ways to
remove missing values and approximate split finding. The latter is
introduced to increase training speed and reduce overfitting, making
XGBoost especially efficient for large datasets [22]. Categorical
Boosting (CatBoost) works with oblivious trees, where the splitting
criterion is the same for the entire tree level [22]. CatBoost also
implements gradients to prevent the prediction shift, defined as a
significant difference between the distributions of the training and test
samples [27]. CatBoost offers a configurable boosting scheme to
prevent overfitting. However, precomputations of the gradients make
CatBoost computationally heavy. LightGBM’s distinct features
include (1) a subsampling technique called Gradient-based One-Side
Sampling (GOSS), and (2) Exclusive Feature Bundling (EFB), which
bundles sparse features into a single feature. GOSS works by creating
multiple training sets for building base trees, composed of a top
fraction of instances with higher uncertainty and a random sample
fraction of instances with lower uncertainty. The weight of the lower
gradient instances is subsequently adjusted to keep the sample
distribution the same.
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Model Advantages Disadvantages
RF Robust, computationally

light, errors converge.
Weak for sparse and im-
balanced datasets, no cat-
egorical variable support.

GBM Good for outliers, adapt-
able to various problems.

Computationally inten-
sive, prone to overfitting.

XGB Handles missing values,
efficient, sparsity-aware,
supports regularization
techniques.

Complex tuning,
resource-intensive.

LGBM Speed-optimized, sup-
ports categorical features.

Sensitive to overfitting,
not suited for small
datasets.

CB Prevents prediction shift,
handles categorical fea-
tures well.

Computationally heavy,
not adjustable to custom
loss function

Table 1: Comparison of selected tree-based models. The 5 ML models are: Ran-
dom Forest (RF), Gradient Boosting Machine (GBM), Light Gradient Boosting
Machine (LGBM), eXtreme Gradient Boosting (XGB), and Categorical Boost-
ing (CatBoost).

Figure 2: Gradient Boosting flow chart for a regression problem. Fn(x) is a
weak learner of nth iteration. Here, αn is the weight of the nth weak learner.

A number of techniques can be used both to optimise the application
of ML but also to gain additional knowledge as a result of the
application of ML. Feature engineering facilitates the integration of
domain knowledge with ML techniques by selecting and transforming
input variables prior to training. A reduction in input dimensionality
enhances the interpretability of the model. The permutation feature
importance technique enables the identification of relevant input
variables by estimating the distribution of measured importance for
each variable [13]. Breaking the link with the target variable reveals
the significance of the feature in the model, indicated by the resulting
drop in the model’s score [25]. Further improvements in the ML
performance can be achieved by tuning the model’s hyperparameters.
Hyperparameters are variables whose values control the learning
process and determine the values of model parameters that a learning
algorithm learns. They cannot be estimated from the data but are
adjusted to suit a specific modeling problem.

This work builds upon the RF modeling work done by Papaioannou et
al. [25] and investigates the relative performance of five bagging and
boosting algorithms in predicting GDI PM emissions. The effects of
fuel composition and engine operating parameters are also explored,
as well as the ability of such machine learning models to estimate

emissions when particles down to 23 nm or 10 nm diameter are
considered. A permutation feature importance exercise is carried out
to highlight the most important parameters for predicting the
particulate matter emissions.

Methodology

Five machine learning models, Random Forest (RF), Gradient
Boosting Machine (GBM), Light Gradient Boosting Machine
(LGBM), eXtreme Gradient Boosting (XGB), and Categorical
Boosting (CatBoost), were trained and validated on a widely-used,
previously published experimental dataset of particulate matter
emissions from a highly boosted GDI engine [6, 28, 29]. This section
will detail the model configuration and briefly overview the
experimental dataset.

Model

The form of the model is y = f(X), where y is the vector of output
features and X is a vector of input features of length N, (x1, x2, . . . ,
xN ). 35 input features were used for model development. These
include the following 17 engine operating parameters: Air/Fuel Ratio
(AFR), angle of max. cylinder pressure, max. cylinder pressure,
engine power, engine torque, exhaust CO, exhaust CO2, exhaust NOx,
exhaust THC, fuel pressure, injection angle, inlet manifold pressure,
intake manifold temperature, intake manifold oxygen, equivalence
ratio, exhaust opacity, throttle position; and the following 18 fuel
parameters: RON, IBP (IP 123), 90% rec (IP 123), FBP (IP 123), RVP
(IP 394/ASTM 5191), and composition (carbon (C), hydrogen (H)
and oxygen (O), paraffins, isoparaffins, olefins (including dienes),
dienes, naphthenes, aromatics, oxygenates, unknowns, methanol, and
ethanol concentration).

Model evaluation was conducted in three parts as summarised in
Figure 3. Experiment 1 considered only a baseline fuel and focused
on the prediction of PN23 (the current Euro 6 standard) for different
engine operating parameters. Experiment 2 added the influence of fuel
composition (whilst still including the effect of engine operating
parameters) by predicting PN23 emissions for 13 different fuels.
Experiment 3 extended the first two experiments by adding prediction
of PN10 (the future Euro 7 standard), across all fuels and engine
operating points. For all experiments, PN concentration, GSD, and
CMD are predicted - the GSD and CMD being the standard deviation
and mean diameter (particle size) of a log-normal fit to the particle
size distribution [2].

Figure 3: Model inputs and outputs for the 3 experiments described in this work.
The 5 ML models used are: Random Forest (RF), Gradient Boosting Machine
(GBM), Light Gradient Boosting Machine (LGBM), eXtreme Gradient Boost-
ing (XGB), and Categorical Boosting (CatBoost).

Model development was performed on an Amazon SageMaker
Notebook (ml.t3.medium EC2 instance). RF and GBM were
implemented using the Python scikit-learn package (version 1.2.0),
employing the multioutput.MultiOutputRegressor method. Dedicated
libraries were used for XGBoost (version 1.7.4), LightGBM (version
3.3.5), and CatBoost (version 1.1.1).
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Hyperparameter search was conducted using Python’s GridSearchCV
function, available in the scikit-optimize library. In Experiment 3,
input features were aggregated per operating region, necessitating a
separate hyperparameter search. The chosen hyperparameters are
listed in Table 2, and the entire hyperparameter space swept is
provided in the appendix.

Table 2: Optimal hyperparameter values for the 5 ML models investigated in
this work. The hyperparameters for Experiments 1&2 and Experiment 3 are
computed separately.

Model Hyperparameter Exp. 1&2 Exp. 3
RF n estimators 34 25

max depth 19 25
min samples split 2 5
min samples leaf 4 4
max features 1 1

GBM learning rate 0.2 0.1
max depth 10 10
min samples split 2 2
max features sqrt 0.25
subsample 1 0.5

XGB learning rate 0.025 0.025
gamma 0 0
max depth 2 2
colsample bylevel 0.25 0.25
subsample 0.5 0.5

LGBM learning rate 0.1 0.1
num leaves 1024 15
top rate 0.4 0.7
other rate 0.05 0.05

CB learning rate 0.3 0.05
max depth 9 9
leaf estimation iterations 1 1
l2 leaf reg 3 3

Model Evaluation Metrics

To assess model accuracy, the coefficient of determination (R2) and
mean squared error (MSE) were used. Algorithm efficiency was
compared using mean score and fit times, recorded over 50 runs using
GridSearchCV.best estimator attributes. Mean score time denotes the
average prediction time, while the mean fit time represents average
time taken to fit the model to a set of parameters. A 75% to 25%
train-test split was selected. The input and target parameters were
standardised prior to training using Equation 1 [25], where x is the
non-standardised parameter, x̄ is the mean of the values of x, and σx

is their standard deviation. MSE results are presented on standardised
parameters.

xstd =
(x− x̄)

σx
(1)

All models are trained and evaluated using the same set of 10 random
seeds to perform the test-train splits of the database for each
experiment.

Permutation Feature Importance

A permutation feature importance study was conducted on a set of
uncorrelated features by shuffling each feature randomly several times
and recording the drop in model score. This was done to identify
parameters that the model considers important for the prediction of
PN emissions. Information about the relative importance of different
engine/fuel parameters on PN emissions can help develop appropriate
control strategies.

Decision-tree-based models’ predictions are not significantly affected

by correlated input features. Bagging ensembles, such as Random
Forests, reduce variance by averaging the predictions of many trees
trained on different subsets of the data, hence their effectiveness is not
significantly affected by the correlated features. In boosting
algorithms, feature selection methods like Gradient-based One-Side
Sampling (GOSS) in LightGBM [30], regularization methods in
XGBoost and GBM [31, 32], and ordered boosting in CatBoost [33]
help mitigate the impact of correlated variables on model
performance. However, during the permutation feature importance
process, it is necessary to remove highly correlated parameters to
avoid misleading importance scores. When features are highly
correlated, permuting one feature might not significantly affect the
model’s performance if another correlated feature can take over its
predictive power. To address this, a Pearson correlation test was
conducted to identify clusters of highly correlated parameters (R
> |0.8|). From each identified group, a single representative
parameter was selected for model development. Figures 4 and 5
display the correlation heatmaps for the remaining (weakly
correlated) engine operating parameters and fuel parameters,
respectively. Full heatmaps for all (correlated and uncorrelated)
parameters are provided in the Appendix.

Figure 4: Pearson correlation heatmap for engine operating parameters used
in permutation feature importance analysis. Correlated feature clusters were
identified, with one representative element retained from each group.

Figure 5: Pearson correlation heatmap for the fuel parameters used in permuta-
tion feature importance analysis.

To implement the permutation importance technique, the model is
first trained, and then a reference score is computed. Then, each
feature is randomly shuffled, and a new score is computed. This
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process is iterated several times to ensure a robust result. The
importance of each feature is calculated as follows [25]:

ix = sref − 1

K

K∑
k=1

skj (2)

Here, sref represents the reference score for the model, K is the
number of shuffles, and skj denotes the new score for the kth shuffle
of the feature j. The feature is deemed significant if its importance is
greater than or equal to 0.05 [34].

The feature effect of Fx is calculated using Equation 3 [35].

Feature effect of Fx = useful information for prediction that Fx possesses

+ interaction power of Fx with other features
(3)

Engine and Emissions Measurement

The experimental dataset used in this work contained Particle Number
(PN) emissions measured from a 2.0-L 4 cylinder GDI prototype
engine (UB100 Ultraboost) using a Cambustion DMS500 analyser,
which provided particle concentration, mode diameter (CMD), and
GSD. Detailed engine specifications can be found in Turner et al.
[36]. The engine experiments were performed using a motoring
dynamometer with external air, fuel, coolant, and oil conditioning
equipment. No after treatment equipment was installed. The dataset
and its collection have been published in previous works [6, 28, 29].
The measurement of PN emissions using the DMS500 and subsequent
calculation of PN10 and PN23 are detailed in two works by Leach et
al. [6, 37]. For convenience, the histograms of concentration and size
(CMD) values for each tested fuel are shown in Figure 6 and Figure 7.

Figure 6: Histogram of PM concentration values for the dataset used in this
work.

Important engine specifications are summarised in Table 3.

Table 3: Test engine specifications.

Engine UB100
Type In-line 4 cylinder
Displacement 1991 cm3

Bore x Stroke 83 mm × 92 mm
Valves per cylinder 2 intake, 2 exhaust
Compression ratio 9:1
Maximum fuel pressure 200 bar
Aspiration External boost

Experimental Test Conditions

The first phase of testing was focused on evaluating the effect of
engine load and spark/fuel injection timing on particulate emissions.

Figure 7: Histogram of count mean diameter (CMD) values for the dataset used
in this work.

The engine was operated at a constant speed of 2000 rpm while the
load was varied between minimum idle to maximum load
(approximately 500 Nm) across nine increments. In the second phase,
the fuels were tested across four operating regions - supercharged,
naturally-aspirated, supercharged-turbocharged transition, and
turbocharged. In addition, in the second phase, the impact of EGR,
inlet air temperature, fuel injection timing, exhaust back pressure, and
excess air-to-fuel ratio (lambda) were tested. Detailed descriptions of
the test conditions were previously given in [6]. Experiment 1
considers all of these data points on the base fuel, Experiments 2 and
3 include all of these points across the fuel matrix.

Fuels

A summary of the properties of the 13 fuels used in experiments 2 and
3 is given in Table 4. Even though these fuels are used herein to assess
whether the inclusion of fuel composition indexes can improve ML
models’ PN emission estimates, they were not selected with PN
emissions in mind. They represent a large spread of the fuels likely to
be used in highly boosted engines.

Table 4: Test fuel specifications.

Fuel RON (-) MON (-) DVPE (kPa) FBP (°C)
A 103.3 95 26.1 177
B 101.4 88.8 68 176
C 92.8 90.7 30.5 193
D 88.6 87.3 32.9 190
E 95.1 82.2 28.7 138
F 104.2 92.6 23.3 139
G 111.6 101.2 57.4 192
H 95.1 85 53.1 189
I 98.7 86.5 97.4 173
Base 97 85.3 75 188
E20 99.6 85.7 57.8 184
E85 107.4 89.5 44.4 78
GEM 106 88.1 84.4 74

The base fuel (referred to as baseline here) used in these experiments
is a gasoline compliant with the EN228 standard. It contains up to 5%
by volume ethanol (E5) [6]. Fuel H (again, E5) is also
EN228-compliant and contains the minimum research octane number
(RON) required by the standard. Fuel I has a higher octane number
with a higher Dry Vapour Pressure Equivalent (DVPE) and is a typical
winter-grade premium fuel containing no ethanol. Together, Base, H
and I are categorised as market-representative fuels. Fuels A through
D were blended to demonstrate the effect of RON and motor octane
number (MON) on particulate emissions with their RON and MON
being broadly independent. Fuels E and F were blended to test the
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impact of Laminar Flame Speed on combustion parameters and Fuel
G has an artificially boosted RON. Together, Fuels A through G are
categorised as research fuels. E20, E85, and GEM are fuels
containing higher levels of oxygenates. E20 and E85 containing 20%
and 85% by volume ethanol respectively, and GEM is
iso-stoichiometric with E85, containing 23% ethanol and 42%
methanol. These oxygenate fuels were tested to explore the impact of
higher levels of renewable components. Further details of these fuels
and their composition can be found in [28, 29].

Results and Discussion

Results are presented for the validation dataset only. Training dataset
results are not included for brevity.

Effect of Engine Operating Parameters

In Experiment 1, the five ML models were trained and tested using the
baseline fuel data across the whole range of engine operating
parameters. To assess their performance, the results are validated
against the reference RF model configured as in Papaioannou et. al
[25].

Table 5 presents the average score and fit times for all models. The
most computationally intensive aspect of each algorithm’s execution
was the fit time. Notably, Random Forest and Light Gradient Boosting
Machine demonstrated the quickest fit times. In contrast, CatBoost
required significantly more time, ranging from 200 to 400 times
longer due to its ordered boosting scheme. This observation is
consistent with findings in Bentejac et al. [27]. All algorithms
exhibited similar score times, except for CatBoost with default
parameters, which performed 10 times faster.

Both Random Forest and CatBoost, in their default configurations,
yielded competitive results without requiring computationally
expensive hyperparameter tuning. CatBoost, in its default setup,
surpassed other algorithms on average and exhibited a performance
over eight times faster than its tuned version. Conversely, Random
Forest performed slower in its default configuration.

Table 5: Fit and score times for the baseline fuel database.

Model Score time (s) Fit time (s)
RF 0.01 0.46
GBM 0.01 2.08
XGB 0.01 2.21
LGBM 0.01 0.56
CB 0.01 439.29
RF a 0.02 3.10
RF b 0.02 3.10
CB b 0.002 50.6

aHyperparameters recommended in [25]
bDefault multi-output regressor version

The average performance of the algorithms in predicting each of the
particulates’ characteristics across 10 runs is depicted in Figure 8 (R2)
and Figure 9 (MSE), with both figures showing consistent
performance trends. Note that R2 is a measure of accuracy, whereas
MSE is a measure of error. Generally, all algorithms demonstrated
good R2

avg performance, with scores ranging between 0.75 and 0.90.
However, they exhibited significantly degraded performance in
predicting the GSD - the worst performing algorithm for this measure
was XGB (R2

GSD = 0.44, MSEGSD = 0.56) and the best performing
algorithm was CatBoost (R2

GSD = 0.78, MSEGSD = 0.22). Overall,
CatBoost exhibiting the best performance, could be attributed to it
being specifically designed to handle, among other things, correlated
inputs.

Figure 8: The R2 performance of the multi-output regression problem by
the five chosen algorithms on the baseline fuel dataset. The algorithms used
were Random Forest (RF), Gradient Boosting Machine (GBM), eXtreme Gra-
dient Boosting (XGB), Light Gradient Boosting Machine (LGBM), and Cat-
Boost (CB). The model outputs are PN23 Concentration, Count Mean Diameter
(CMD), and Geometric Standard Deviation (GSD).

Figure 9: The MSE performance of the multi-output regression problem by the
five chosen algorithms on the baseline fuel dataset.

Permutation feature importance results for baseline fuel

Figure 10 shows the relative importance of the 10 features considered
in the models. Each column represents a different ML algorithm and
each row represents a parameter. The colours indicate the permutation
feature importance score of these parameters within the algorithm.
Note that the presence of a feature in this figure implies either a
positive or a negative correlation. There is clear consistency between
the five different ML models used. Opacity reading, max. cylinder
pressure, angle of max. cylinder pressure, intake manifold oxygen,
lambda and exhaust CO, NOx, CO2, and THC are all identified as
significant input features across all of the top-performing models. It
can also be seen that the XGB model relies on the least parameters to
predict PN and attributes comparable importance to each of selected
features.

It is worth considering the physical underpinning of the importance of
these parameters. The opacity reading is a coarse, smoke-based,
exhaust emissions measurement and therefore it ought to correlate
closely with PN emissions formation. CO and THC exhaust emissions
indicate incomplete combustion, which is linked to increased PM
emissions [25]. Max. cylinder pressure, angle of max. cylinder
pressure and CO2 emissions correlate with engine load, which is
known to strongly affect PM formation [4, 25]. Intake manifold
oxygen levels and intake manifold temperature are indicative of
Exhaust Gas Recirculation (EGR). EGR reduces in-cylinder
temperature, impacting PN in two competing ways: (1) by decreasing
pyrolysis, thus limiting smaller particulate formation, and (2) by
reducing soot oxidation rates, promoting the formation of smaller
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Figure 10: Permutation feature importance results for the baseline dataset. Fea-
tures with importance greater than or equal to 0.05 are considered significant.

particles [38]. Exhaust lambda correlates closely with PM
emissions—PM emissions are higher for rich mixtures compared to
stoichiometric ones due to reduced soot oxidation [9].

Reduced models

It is desirable to limit the number of input parameters needed by a
model to reduce experimental effort required to collect the data. The
permutation feature importance results are used to guide model
reduction by removing parameters that do not have a significant
influence on the model results. The resulting reduced models use
between 47% and 59% of the original feature space, as has been
summarised in Table 6 for the various algorithms.

Table 6: Permutation feature importance results for the baseline dataset for full
and reduced models.

Model No. of features Conc. CMD GSD
Orig. Red. ∆ R2 (Orig. vs Red.) (%)

RF 17 9 2.8 16.0 29.0
GBM 17 10 -1.9 13.3 15.5
XGB 17 8 -7.7 8.1 -3.6
LGBM 17 10 1.4 18.9 -57.1
CB 17 10 -4.4 4.8 7.8

Figures 11 and 12 respectively illustrate the R2 and MSE results for
the reduced models and Table 6 compares the reduced models’
performance to that of full models. The reduced models predict CMD
with higher accuracy than the original models, likely due to the
removal of correlated features in reduced models. For XGBoost and
LGBM, the test R2

avg score for the reduced models decreases by 1 and
13 %, respectively. The other algorithms show improvements of 2%
to 16%. For XGBoost, reducing features of 52% (9 features) results in
a 1.1% decrease in prediction accuracy. Furthermore, for the two
algorithms that experience a drop in the R2 score, the decrease is
primarily attributed to lower accuracy in predicting the GSD, which
holds substantially lower importance for characterizing emissions.
XGBoost and LightGBM demonstrated the lowest R2

avg among the
models. Overall, the models’ performance is affected in only
relatively minor way despite substantial reductions in the number of
parameters. The best performance is exhibited by CB (R2

avg = 0.89,
MSEavg = 0.12), followed by RF (R2

avg = 0.88, MSEavg = 0.17) and
GBM (R2

avg = 0.87, MSEavg = 0.13).

Predicting PN emissions from different fuels

Experiment 2 was performed on a dataset containing information on
engine operation and fuel characteristics for the full dataset (see
Figure 3) of 13 fuels. For reference, the best physical model

Figure 11: The R2 performance of the reduced models on the baseline fuel
dataset.

Figure 12: The MSE performance of the reduced models on the baseline fuel
dataset.

performance (various PM indices) achieved R2 values of 0.28 to 0.82
for predicting PN concentration across all fuels [28]. The R2 and
MSE of the ML algorithms are shown in Figures 13 and 14,
respectively. Here, as this is the first time that PN emissions from a
GDI engine have been predicted using ML models (to the authors’
knowledge), there is no benchmark model to compare to. A
substantial improvement in performance for all models, compared to
both the baseline dataset and previous index-based approaches is
evident - R2 values above 0.9 are seen for both PN23 concentration
and CMD for almost all models. This good performance can be
attributed to both the inclusion of additional features (the addition of
fuel parameters has increased the number of features to 35 from 17)
and the increased volume of data in this database (adding the different
fuels has roughly quadrupled the size of the dataset).

The algorithms predict CMD with the highest accuracy (R2
avg = 0.93,

MSEavg = 0.07) and GSD with the lowest accuracy (R2
avg = 0.78,

MSEavg = 0.23). Similarly to Experiment 1, the highest average
performance is achieved by the CB algorithm (R2

avg = 0.93, MSE2
avg =

0.07), closely followed by RF and GBM algorithms (both achieve
R2

avg = 0.92 and MSE2
avg = 0.08)

The target vs. predicted variables for the model performances for
concentration, CMD, and GSD, trained and tested on the same sample
dataset, are shown in Figures 15, 16, and 17, respectively. CB, RF,
and GB perform the best among the algorithms and for this particular
seed; RF performs better than CB.

Permutation feature importance results for the full 13-fuel
dataset

The results of the permutation feature importance study for
Experiment 2 are presented in Figure 18, which displays the features
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Figure 13: Multi-output regression R2 scores for predicting PN emissions from
13 different fuels.

Figure 14: Multi-output regression MSE results for predicting PN emissions
from 13 different fuels.

Figure 15: Concentration prediction vs. target for the 13-fuel dataset of the
tested models.

which were found significant in at least one model. Apart from
XGBoost (which had only three significant parameters), the
algorithms identified a combination of fuel parameters and engine
operating parameters as significant features. The significant features
include specific engine operating parameters such as intake manifold
oxygen, exhaust CO2, max. cylinder pressure all of which align with
previous findings for baseline fuel. Additionally, angle of max.
cylinder pressure, NOx, THC, intake manifold temperature, lambda,
and opacity readings were all identified as significant by at least one
algorithm. These parameters are known to be related to PM emissions

Figure 16: CMD prediction vs. target for the 13-fuel dataset of the tested mod-
els.

Figure 17: GSD prediction vs. target for the 13-fuel dataset of the tested models.

as discussed in the previous section [9, 25].

Figure 18: Permutation feature importance results for all fuels. Only features
considered statistically significant in at least one model are included.

Among the fuel parameters, all four best-performing models identify
RVP (Reid Vapor Pressure) and aromatics as significant factors.
Vapour Pressure (whether RVP or DVPE), a measure of the volatility
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of gasoline, is a key component of a number of the indices that have
been used to predict PM emissions in the past and is known to have a
substantial influence on in-cylinder fuel evaporation and hence PM
emissions formation [12]. Aromatics with high boiling points and
high double bond equivalent (DBE) values tend to produce higher PN
emissions [39]. Other parameters highlighted by at least one model
include fuel components such as paraffins, dienes, and ‘unknowns’
content. Paraffins have been reported to contribute to a sooting
tendency in a fuel blend hence correlating to PM formation [40].
Conjugated dienes (a less reactive form of dienes that also have high
DBEs) are produced during the petroleum refining process and are
known to contribute to the instability of petroleum products [29].

Reduced models

The performance of the reduced models is summarised in Table 7.
Again, some substantial reductions in the number of features required
to run the models are seen, with the reduced models only utilizing
between 9% and 40% of the original feature space. It is observed that
the performance of GBM, CatBoost and XGBoost decrease, with
XGBoost showing a significant drop for each target variable.
Conversely, the performance of RF and LGBM improves by a small
amount. Overall, the models’ performance is affected in only
relatively minor way despite substantial reductions in the number of
parameters.

Table 7: Permutation feature importance results for the 13-fuels dataset for full
and reduced models.

Model No. of features Conc. CMD GSD
Orig. Red. ∆ R2 (Orig. vs Red.) (%)

RF 35 9 3.5 -0.7 -0.2
GBM 35 14 -1.3 -1.3 -1.9
XGB 35 3 -29.3 -10.1 -43.2
LGBM 35 10 2.4 1.5 6.4
CB 35 6 -3.1 -1.0 -9.4

The results of the Reduced Models are shown in Figure 19 (R2) and
Figure 20 (MSE). XGBoost performed the worst among the
algorithms; therefore, features selected by this algorithm will not be
further analysed. The best performance is exhibited by RF (R2

avg =
0.93, MSEavg = 0.07), GB and LightGBM (both performing at R2

avg =
0.91, MSEavg = 0.09). The performance of RF and LightGBM
improved in comparison to the full models, while requiring 9, 10 and
14 features respectively. Out of these features, more than a third are
fuel characteristic parameters known beforehand. The performance of
CatBoost (R2

avg = 0.89, MSEavg = 0.11) degraded in comparison to the
full model; however, it remains competitive with other models.

Figure 19: Multi-output score results for predicting PN emissions from 13 dif-
ferent fuels with reduced models.

Figure 20: Multi-output MSE results for predicting PN emissions from 13 dif-
ferent fuels with reduced models.

PN10 results

The results of Experiment 3, predicting the PN10 (PN down to 10 nm
diameter) for all fuels, are depicted in Figures 21 (R2) and 22 (MSE).
In contrast to Figures 13 and 14, which show the equivalent plot for
the PN23 across all fuels, overall the R2 values are lower, perhaps
indicating a higher variability in the measurement of PN10 compared
to PN23. CatBoost (R2

avg = 0.84, MSEavg = 0.16), Random Forest
(R2

avg = 0.83, MSEavg = 0.17) and GBM (R2
avg = 0.81, MSEavg = 0.19)

emerge as the top-performing algorithms. Across all five models,
GSD remains the variable with the lowest prediction score, as
observed previously.

Figure 21: Multi-output regression R2 results for PN10 data.

Figure 22: Multi-output regression MSE results for PN10 data.

The target vs. predicted variable for the model performances for
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PN10 concentration, CMD and GSD, trained and tested on the same
sample dataset, are shown in Figures 23, 24 and 25 respectively.

Figure 23: Concentration predictions vs. targets for the PN10 dataset of the
tested models.

Figure 24: CMD predictions vs. targets for the PN10 dataset of the tested mod-
els.

Permutation Feature Importance for PN10 dataset

The statistically significant features identified by each model are
depicted in Figure 26. The features identified align with those
discussed in Experiments 1 and 2. Additionally, the olefins (including
dienes) parameter, napthenes and RON emerged as significant.
Olefins content is known to impact PM emissions [41, 42]. Olefins
facilitate larger soot particle formation at medium and high speeds.
Reduction in olefin content decreases particulate mass but not
particulate number, indicating that it favours the smallest particles, as
shown in Wei et al. [42]. This may explain why reduced CatBoost,
the sole model to identify olefin content as a significant feature,
achieved a higher R2 in this Experiment, which is looking at PN10.
Naphthenes are known to promote PN formation, although their
influence is lower than that of aromatics [3]. Higher Research Octane
Numbers are often achieved with higher levels of aromatic
components (which have a very high RON) that promote PM
emissions formation as discussed elsewhere in this paper. [43].

Figure 25: GSD predictions vs. targets for the PN10 dataset of the tested mod-
els.

Figure 26: Permutation feature importance results for sub-10 nm dataset.

Reduced Model

Table 8 shows a summary of the results for the reduced dataset.
Overall, a decrease in scores is observed, with slight improvements of
up to 1.3% seen in CatBoost and GBM. Of note is that GBM,
LightGBM and RF require fewer features for the PN10 dataset,
compared to the PN23 dataset (Table 7) and the feature space is
between 20% and 26% of its original size. The reduction in scores
between original and reduced models is most significant for GSD, as
observed previously, but the differences are lower than before,
perhaps due to accuracy being generally lower.

Table 8: Permutation feature importance results for the sub-10 nm dataset for
full and reduced models.

Model No. of features PN10
Conc.

CMD GSD

Orig. Red. ∆ R2 (Orig. vs Red.) (%)
RF 35 7 -1.6 -0.4 -7.0
GBM 35 9 5.7 0.3 -2.1
XGB 35 7 -1.5 -6.6 -15.7
LGBM 35 7 1.1 -3.8 -12.5
CB 35 9 0.9 -0.3 -0.5

The results of the Reduced Models are shown in Figure 27 (R2) and
Figure 28 (MSE). The best performing algorithm is CatBoost (R2

avg =
0.84, MSEavg = 0.16), as before, followed by GBM (R2

avg = 0.82,
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MSEavg = 0.18) and RF (R2
avg = 0.80, MSEavg = 0.20). Note, however,

that CatBoost is significantly more computationally expensive than
other algorithms. These findings suggests that, if compute power is
particularly expensive, exploring algorithms with good performance
other than CatBoost, such as RF, GBM, LightGBM and Random
Forest, could be beneficial for optimal speed and accuracy.

Figure 27: R2 results for PN10 data for reduced models.

Figure 28: MSE results for PN10 data for reduced models.

Summary / Conclusions

Five machine learning algorithms were tested for a multi-output
regression problem of predicting size, concentrations, and geometric
standard deviation (GSD) of particles emitted from a downsized
4-cylinder GDI engine operating at up to 35 bar BMEP. The
algorithms tested included Random Forest (a bagging method), and
boosting methods: LightGBM, XGBoost, GBM, and CatBoost. 13
different fuels were examined, comprising market-representative
fuels, research fuels, and oxygenate fuels.

Ordered CatBoost demonstrated the highest accuracy for the two
PN23 datasets among the algorithms tested, and LightGBM
demonstrated the highest accuracy for the PN10 dataset. To reduce
dimensionality, feature engineering and a Pearson correlation test
were implemented, reducing input features from 35 to 9,
encompassing both fuel and engine operating parameters.

Permutation feature importance tests were used to determine
significant engine operation parameters and fuel characteristics,
further reducing dimensionality. For the 13-fuel dataset, the
best-performing models were CatBoost and Random Forest, yielding
R2

avg values of 0.934 and 0.924, respectively. Reduced Random Forest
performed at an R2

avg value of 0.931 using only 6 out of 35 features.
Fuel parameters identified as significant and correlated with emissions
by the best-performing models included Reid Vapor Pressure and

aromatics content, which are both parameters that have fed into
previously developed PM indices.

The ML algorithms in this work have demonstrated, for the first time,
better prediction of the effect of fuel composition on PN emissions
from this engine and dataset compared to three PM indices, which
have previously been evaluated on this dataset. This demonstrates the
utility of such ML models and their potential for superior
performance compared to existing approaches.

A notable aspect of this work is the testing on both 10 nm and 23 nm
diameter databases, which is useful due to the high engine-out PN of
GDI engines and the more stringent Euro 7 regulation to be
introduced from 2026 for light vehicles which will include 10 nm
particles for the first time. Top-performing models demonstrated the
capability to predict particulate emissions, with both full and reduced
CatBoost models achieving R2 values of 0.84 and MSE of 0.16.
Olefins were also identified as contributors to small particulate
formation, identified as significant by CatBoost.

By complementing the ML algorithms with a permutation importance
method, accurate predictions of particulate emissions characteristics
from GDI engines and a better understanding of their dependence on
fuel and engine operating parameters can be gained.

To extend this research, a physics-guided neural network model
(PGNN) could be developed to incorporate principles of physics in
emissions modelling. Other models, such as GPFlow and Artificial
Neural Networks (ANNs), could also be explored. In addition, larger,
more diverse, datasets would aid generalisability and further work on
PN10, perhaps using a dataset taken with a regulatory-grade
instrument, would be of interest.
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Definitions, Acronyms, Abbreviations

AFR Air/Fuel Ratio
ANN Artificial Neural Network
BMEP Brake Mean Effective Pressure
CatBoost Categorical Boosting
CB Categorical Boosting
CFD Computational Fluid Dynamics
CMD Count Mean Diameter
DBE Double Bond Equivalent
DVPE Dry Vapour Pressure Equivalent
EFB Exclusive Feature Bundling
EGR Exhaust Gas Recirculation
EU European Union
FBP Final Boiling Point
GBM Gradient Boosting Machine
GDI Gasoline Direct Injection
GOSS Gradient-based One-Side Sampling
GPF Gasoline Particulate Filter
GSD Geometric Standard Deviation
IBP Initial Boiling Point
KEEL Knowledge Extraction based on Evolutionary

Learning
LGBM Light Gradient Boosting Machine
ML Machine Learning
MON Motor Octane Number
MSE Mean Squared Error
PFI Port Fuel Injection
PGNN Physics-Guided Neural Network
PM Particulate Matter
PMI Particulate Matter Index
PN Particle Number
PNI Particle Number Index
RF Random Forest
RVP Reid Vapor Pressure
RON Research Octane Number
SVM Support Vector Machine
THC Total Hydrocarbon
XGB eXtreme Gradient Boosting
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APPENDIX

Hyperparameters

Table 9: Grid search values for hyperparameters.

Model Hyperparameter Grid search values
RF n estimators 2, 12, 23, 34, 45, 56, 67, 78,

89, 100
max depth 1, 3, 6, 9, 11, 14, 17, 19, 22,

25
min samples split 2, 10, 19
min samples leaf 1, 4, 6, 8, 10
max features sqrt, 1

GBM learning rate 0.025, 0.05, 0.1, 0.2, 0.3
max depth 2, 3, 5, 7, 10, unlimited
min samples split 2, 5, 10, 20
max features log2, sqrt, 0.25, 1
subsample 0.15, 0.5, 0.75, 1.0

XGB learning rate 0.025, 0.05, 0.1, 0.2, 0.3
gamma 2, 3, 5, 7, 10, unlimited
n estimators 2, 5, 10, 20
colsample bylevel log2, sqrt, 0.25, 1
subsample 0.15, 0.5, 0.75, 1.0

LGBM learning rate 0.025, 0.05, 0.1, 0.2, 0.3
num leaves 3, 7, 15, 31, 127, 1024
top rate 0.2, 0.4, 0.6, 0.7
other rate 0.05, 0.1, 0.3

CB learning rate 0.025, 0.05, 0.1, 0.2, 0.3
max depth 3, 6, 9
leaf estimation iterations 1, 10
l2 leaf reg 1, 3, 6, 9
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Input features list

Figure 29: Full Pearson correlation heatmap for engine operating parameters.

Figure 30: Full Pearson correlation heatmap for fuel parameters.
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