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Traffic emissions remain a pivotal factor in Bangkok’s air quality issues,
particularly as the city expands and vehicle types become more varied and
traditional emission-inventory tools, such as Computer Programme to
Calculate Emissions from Road Transport (COPERT) and laboratory driving
cycles, are useful but often fall short when applied to congested real-world
conditions. This work responds to that gap by combining laboratory
measurements, regulatory emission factors, and vehicle-registration
information to estimate CO: emissions at the vehicle level. Data from
1,846,111 registered vehicles (January 2023-January 2025) were
consolidated from Environmental Protection Agency (EPA) fuel-economy
tests, COPERT/Euro standards, and the Thai DLT registry. After
harmonizing attributes across all sources, additional features were created
and screened using recursive feature elimination (RFE). Three models were
trained and evaluated using coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE). CatBoost provided
the most reliable predictions (RMSE =23.4 glkm; MAE =14.6 g/km; R?
=0.921), followed by deep neural network (DNN) (R? =0.887) and support
vector regression (SVR) (R? =0.846). RFE consistently identified fuel-
consumption measures, emission factors, and tailpipe CO:2 as the most
influential variables and the results provide a clearer picture of how vehicle
technologies contribute to Bangkok’s CO:2 burden and support policy
measures such as emission taxes, incentives for low-emission vehicles, and
monitoring of high-emission groups.
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1. INTRODUCTION

The transportation sector remains one of the main sources of greenhouse gas emissions in Thailand,
and CO? from vehicle exhaust continues to drive national warming trends at a noticeable scale [1]-[4].
Air pollution linked to traffic also affects public health directly. The impacts are particularly serious
for groups already at risk, including children, older adults, and people with chronic respiratory or

cardiovascular illnesses.

World Health Organization (WHO) reports that outdoor air pollution accounted for roughly 68% of
premature deaths in 2019, mainly from ischemic heart disease, stroke, chronic obstructive pulmonary disease
(COPD), lower respiratory infections, and lung cancer [5]. As of September 2023, Thailand had more than
44 million registered vehicles. When combined with persistent congestion, stop-and-go driving, and mixed
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vehicle technologies, these conditions make CO, emissions in Bangkok far more variable than national
averages would suggest [6].

Such circumstances point to the need for more detailed and data-driven emission-estimation
approaches to support urban planning and evidence-based policy. The recent adoption of Euro 5 and the
transition toward Euro 6 standards reflect Thailand’s efforts to reduce pollutants such as NOX,
PM2s, hydrocarbons, and CO. However, these regulations provide relatively limited guidance on real-world
CO; emissions [7].

Previous research in Thailand has mainly relied on deterministic tools, particularly Computer
Programme to Calculate Emissions from Road Transport (COPERT) and Euro 4-6 emission factors,
which estimate emissions based on standardized driving cycles and typical fuel characteristics [8], [9].
While these methods are widely used, they struggle to capture the complexity of real driving in
metropolitan areas. The research in [8]-[10] shows that COPERT outputs can vary considerably and
sometimes overpredict CO, emissions at low urban speeds, indicating the need for adjustment using local
data and, in some cases, the value of integrating machine learning techniques. Emission factors unique to
Bangkok that are generated from chassis dynamometer testing have also been established to improve
accuracy under local driving conditions [11], even though their practical application is still limited because
of laboratory constraints and small sample quantities. Further analysis with COPERT for the Bangkok
Metropolitan Region provides context for urban emissions [12]; nevertheless, these methodologies still lack
resolution at the vehicle level.

Internationally, machine learning models have demonstrated the ability to outperform traditional
regression for CO, estimation, including explainable machine learning frameworks [13], multi-model
ensembles comparing up to 18 algorithms [14], and applications highlighting the superiority of machine
learning over classical statistical methods in transport-emission analysis [15]. Moreover, CatBoost-based
forecasting has shown strong accuracy for light-duty vehicle CO, prediction and robustness in heterogeneous
fleets similar to Bangkok’s [16]. Broader reviews of machine learning, artificial neural networks, and deep
learning methods in transport-emissions modeling further support the growing shift toward data-driven
approaches [17]. However, most existing machine learning studies rely on certification datasets, small
experimental samples, or vehicle fleets from non-Asian regions, limiting their applicability to complex,
mixed-technology megacities such as Bangkok.

Table 1 presents a comparative overview of conventional emission estimation frameworks and
machine learning approaches frequently applied in transportation-related CO, emission studies. The
comparison highlights their methodological strengths and practical limitations. It also addresses their
relevance to Bangkok's urban traffic conditions and heterogeneous vehicle registration characteristics.

These collective findings reveal two essential gaps. First, few studies integrate detailed vehicle
attributes, such as model year, engine displacement, fuel type, and Euro certification, with standardized
emission factors to enable vehicle-level CO, estimation. Second, to the best of current knowledge,
no prior research has combined EPA laboratory-tested CO. values, COPERT/Euro regulatory factors,
and a large-scale real-world registration dataset within a unified analytical and machine learning framework
for Bangkok.

To address these gaps, this study integrates three complementary datasets:

i) Laboratory-based fuel economy and CO, measurements from the U.S. Environmental Protection
Agency (EPA).

ii) A comprehensive registry of 1.846 million vehicles recorded by the Department of Land Transport
(DLT) in Bangkok between 2023 and 2025.

iii) COPERT/Euro 4-6 emission factors commonly used in international emission-inventory systems.

These sources are harmonized into a unified vehicle-level analytical dataset to develop and evaluate
three machine learning models: CatBoost, support vector regression (SVR), and deep neural networks
(DNN). The models are used to estimate real-world CO, emissions at the individual-vehicle level and to
compare predictive performance across ensemble-based, kernel-driven, and deep learning approaches. In
addition, the analysis examines how key vehicle characteristics, such as engine displacement, fuel type, and
Euro certification, shape CO»-emission behavior, thereby offering empirical insights that may inform targeted
regulatory measures and future transport-emission policies.

The remainder of the article is organized as follows. Section 2 provides a detailed description of the
study area, the data sources used, and the preprocessing steps applied to prepare the data for analysis.
Section 3 describes the experimental workflow and the procedures followed during model training. Section 4
presents the results, including assessments of variable importance, measures of prediction accuracy, and an
analysis of emission characteristics. Section 5 concludes the paper with policy considerations and suggestions
for directions for future work.
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Table 1. Comparative overview of CO; emission estimation methods

Approach/model Strengths Limitations Relevance to Bangkok Key references
context
Thai local Provide localized Limited scalability Useful for regional Nilrit et al. [2], [3],

emission studies

COPERT

Ensemble machine
learning (Random
forest/XGBoost)

SVR

Open vehicle
specification and
fuel economy
datasets

Euro 4-6
certification
standards

Simulation models
(PHEM, MOVES)

Linear/traditional
regression

Gradient boosting
for categorical
data (CatBoost)

DNN

emission factors and
real-world contextual
insights

Consistent,
internationally
recognized, and
suitable for national
inventories

Robust to outliers;
effective for nonlinear
tabular prediction and
feature interaction
modeling

Strong nonlinear
approximation
capability and
effective
generalization
performance

Large-scale
standardized vehicle
information; useful for
feature engineering
and fleet matching
Enables standardized
cross-manufacturer
comparison and
regulatory
benchmarking
Captures dynamic
behavior; high realism
for micro-scale
analysis

Simple; interpretable;
reproducible

Efficiently handles
high-cardinality
categorical variables;
reduces target leakage;
strong performance on
heterogeneous tabular
datasets

Captures hierarchical
nonlinear relationships
and complex feature
interactions

for large fleet-level
prediction and
dynamic forecasting

May overestimate
emissions under low-
speed congestion and
stop-and-go traffic
conditions

Requires careful
encoding and may
suffer from leakage
in high-cardinality
categorical variables

Sensitive to kernel
selection and
hyperparameter
tuning;
computationally
expensive for very
large datasets

May lack localized
driving behavior and
operational
variability

Laboratory-based
values may differ
substantially from
real-world urban
emissions
Requires high-
resolution speed,
time, and trajectory
data

Limited ability to
model nonlinear
interactions and
heterogeneous fleet
behavior

Requires
hyperparameter
tuning and
computational
optimization for
large-scale training

Sensitive to
overfitting; requires
normalization; high
computational cost

calibration and
validation of Bangkok-
specific emission
characteristics
Bangkok’s highly
congested urban traffic
requires empirical
adjustment and
localized calibration
Performs reasonably
well but may struggle
with Bangkok’s
extremely
heterogeneous DLT
categorical structure
Bangkok’s dataset
(~1.8M) poses
computational
challenges

Supports integration
with Bangkok DLT
registration attributes
and fleet heterogeneity

Bangkok fleet includes
many pre-Euro
vehicles and mixed
technologies

Bangkok lacks high-
resolution speed profile
data

Bangkok’s mixed
vehicle technologies
and nonlinear traffic
conditions reduce
predictive capability
Highly suitable for
Bangkok’s diverse
fleet composition and
large categorical
feature space

Effective for large-
scale prediction but
potentially unstable
under mixed
ICE/EV/hybrid fleet
distributions

Sirithian et al. [11],
Kuson et al. [12]

Lejri et al. [8], Dey et al. [9],

COPERT/EEA [18],
Kholod et al. [19],
Ntziachristos et al. [20]

Gurcan [14],
Cmarer et al. [15],
Zhou et al. [16]

Cmarer et al. [15],
Natarajan et al. [21]

Opendatasoft dataset [22],

DLT dataset [23]

European Commission [24],

Fontaras et al. [25]

Lejri et al. [8],
Fontaras et al. [25]

Natarajan et al. [21]

Sun et al. [26],
Feng et al. [27]

Ghorbal et al. [28],
Komara et al. [29],
Gago et al. [30],

Al-Nefaie and Aldhyani [31]

2. MATERIALS AND METHOD
2.1. Study area and data sources

This study focuses on Bangkok, Thailand’s capital and largest city, with over 10 million population
and many urban subdistricts. Figure 1 shows significant business zones, high-traffic routes, and mixed
residential and commercial districts in the specified area. The diversified vehicle fleet in Bangkok, including
passenger vehicles, buses, heavy-duty trucks, motorcycles, and others, provides a realistic environment for
measuring CO, emissions. The incorporation of numerous subdistricts facilitates variability in road
infrastructure, traffic density, and vehicle usage patterns, all of which are critical determinants in emission
modeling. To estimate CO, emissions from vehicles registered in Bangkok, Thailand, this study employs
three primary data sources to construct machine learning models.

Estimating road transport emissions in Thailand using data-driven modeling ... (Phachaya Chaiwchan)
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Figure 1. Study area map

2.1.1. Environmental Protection Agency vehicle emissions and fuel economy dataset

The initial dataset was sourced from the U.S. EPA [22], [25], comprising standardized
laboratory-tested data on vehicle fuel economy, engine displacement, manufacturer specifications, and CO,
emissions measured in grams per kilometer (g/km). The measurements produced at the EPA National
Vehicle and Fuel Emissions Laboratory function as baseline reference values. They also offer dependable
estimates of vehicle-level environmental performance.

2.1.2. Bangkok vehicle registration dataset

The second dataset comprises 1,846,111 vehicle registration records gathered by Thailand’s DLT
from January 2023 to January 2025 [23]. The dataset encompasses vehicle size class, brand, model, fuel
type, engine type, and emission-control technologies. Thereby offering a precise representation of
Bangkok’s on-road vehicle fleet for localized emission modeling and trend analysis.

2.1.3. Emission standards and mapping variables

The third dataset includes CO, emission factors obtained from COPERT 5 and Euro 4-6 emission
certification standards, as reported by the European Environment Agency [18]-[20], [24], [32]. Emission
factors were allocated to each registered vehicle based on criteria including certification level, fuel type, and
engine technology. In the absence of direct emission numbers from EPA records, COPERT -based estimates
were utilized, and this correlation facilitates a standardized comparison of measured and regulatory emission
values and supports the prediction of CO2 emissions across various vehicle classes.

2.2. Data preprocessing

Real-world vehicle emissions differ by 30%-40% from laboratory test values due to driving
behavior, traffic conditions, and environmental factors not represented in controlled testing [25]. The
implementation of a structured data pretreatment and integration procedure was necessary to resolve these
disparities. It also enhances the realism of emission estimation for Bangkok.

2.2.1. Data cleaning and harmonization

All datasets were standardized to ensure consistency in variable names, units, and categorical
formats. Manufacturer and model fields were normalized across EPA and DLT records. Invalid, duplicated,
or incomplete entries were removed. Vehicles that could not be associated with emission factors, such as
non-motorized or special-purpose vehicles were excluded from the analysis.

2.2.2. Integration of EPA, DLT, and COPERT/Euro data
A multi-stage integration procedure was applied to combine the three primary data sources:
i) EPA laboratory-tested CO, emissions and vehicle specifications; ii) DLT vehicle registration records for
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Bangkok from January 2023 to January 2025; and iii) COPERT and Euro 4-6 emission factors. Every
registered vehicle was correlated with EPA information according to brand, model, engine displacement, and
fuel type. In the absence of laboratory-measured CO, data, coefficients derived from the COPERT
methodology were allocated based on vehicle classification, fuel type, and Euro certification. This
methodology guaranteed that every 1,846,111 vehicles were allocated a designated CO; reference value for
the construction of the machine learning model.

From the full 1.846 million vehicles, 717,089 vehicles (=38.8%) could be matched with valid emission
information (EPA or COPERT). Table 2 summarizes the characteristics of the resulting integrated dataset. This
empirical summary corresponds with documented vehicle trends in Bangkok, illustrating a fleet
predominantly composed of gasoline passenger vehicles, alongside an increasing prevalence of battery
electric vehicles (BEV) and late-Euro-standard automobiles.

Table 2. Summary statistics of the integrated Bangkok fleet dataset

Variable Value/distribution
Total matched vehicles 717,089
Vehicle class (%) Passenger cars 94.5%, motorcycles 2.8%, pickups/SUVs 1.8%, and others 0.9%
Fuel type (%) Gasoline 93.7%, BEV 3.7%, diesel 1.6%, and hybrid/PHEV 1.0%
Engine displacement (cc) MeanSD =2,05745,714
Euro standard distribution Euro <3 (37.7%), Euro 4 (38.3%), Euro 5 (12.3%), and Euro 6 (11.4%)
EPA CO; (g/km) Mean£SD =322.2+55.3
Registration year range 1990-2025

2.2.3. Feature engineering

Several derived variables were created to improve predictive capacity of machine learning models.
Engine displacement was grouped into practical categories (e.g., <1.2 L, 1.2-1.8 L, 1.8-25 L, and >25 L)
to capture nonlinear relationships between engine size and CO, output. Euro emission standards were
assigned based on regulatory implementation timelines and vehicle manufacturing years, while vehicle
classes, like passenger cars, pickup trucks, motorcycles, electric vehicles, and sport-utility vehicles, were
categorized to reflect functional differences in real-world operation. Fuel system configurations were further
classified into internal combustion engine (ICE), hybrid, plug-in hybrid (PHEV), and BEV types.
A standardized estimate of annual mileage was applied across vehicles to support subsequent aggregation and
comparative analysis. Categorical features were processed according to the requirements of each modeling
technique: CatBoost was able to ingest raw categorical variables directly using its native encoding
mechanisms, whereas SVR and DNN required numerical transformation via one-hot encoding or
embedding representations.

2.2.4. Cross-validation strategy

To enhance robustness and reduce sample bias, a 5-fold cross-validation method was employed
instead of a static train—validation—test division and the dataset was randomly partitioned into five equal
subsets, with each fold utilized repeatedly as the testing set while the remaining four functioned as the
training set. Performance metrics, including coefficient of determination (R?), root mean square error
(RMSE), and mean absolute error (MAE), were calculated for each repeat, with the mean and standard
deviation subsequently reported. Hence, this cross-validation strategy ensures that model evaluation remains
stable and representative across diverse vehicle types, fuel categories, and emission levels.

2.2.5. Model input preparation

The machine learning models were trained utilizing vehicle-level predictors, including engine
displacement, fuel consumption, fuel type, vehicle class, and Euro emission standard. Before final model
building, recursive feature elimination (RFE) was utilized to ascertain the most significant predictors and
minimize redundancy in the feature set. This comprehensive preprocessing pipeline, incorporating regulatory
parameters, empirically validated emission values, and actual fleet characteristics, yielded a high-resolution
dataset appropriate for supervised learning. The curated dataset offers a solid basis for precisely modeling
vehicle-level CO; emissions under various traffic and vehicle conditions in Bangkok’s urban setting.

2.3. Modeling techniques

Three supervised machine learning models were used to estimate vehicle-level CO, emissions using
heterogeneous urban fleet data: DNN, SVR, and CatBoost. These models were chosen to overcome the
shortcomings of deterministic emission models. They address their complementary strengths, which include
handling categorical features, modeling nonlinear interactions, and capturing high-complexity patterns.

Estimating road transport emissions in Thailand using data-driven modeling ... (Phachaya Chaiwchan)
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2.3.1. CatBoost

CatBoost is a gradient-boosting method specifically designed for tabular datasets that excels in
handling categorical variables without necessitating considerable preparation. It builds an ensemble of
decision trees in successive phases, with each tree rectifying the residual errors of its predecessors,
so achieving elevated forecast accuracy. CatBoost is thus ideally suited for heterogeneous vehicle data,
including brand, model, fuel type, Euro emission standard, and manufacture year, frequently seen in emission
modeling research [25].

A major benefit of CatBoost its ordered target-based encoding, an approach that prevents target
leakage by ensuring that categorical encodings are generated entirely from information available prior to each
observation and this method substantially reduces overfitting, a prevalent problem in gradient boosting when
applied to high-cardinality categorical features. CatBoost additionally incorporates ordered boosting, a
variant of conventional boosting that significantly reduces prediction bias. The CatBoost prediction adheres
to the standard gradient boosting framework, articulated as (1).

§(x) = Fo(x) + =1 nche (x) 1)

Where ., is the predicted CO, emissions, Fo(x) is an initial model prediction (mean of CO), f;(x) is the
prediction from the t decision tree, 1, is the learning rate, and T is the total number of trees.

This work involved the tuning of CatBoost by adjusting critical hyperparameters such as tree depth,
iteration count, and learning rate. Regularization techniques, specifically ordered boosting, were employed to
reduce overfitting. These techniques also improved generalizability across Bangkok’s varied vehicle fleet.

2.3.2. Support vector regression

SVR, an extension of the support vector machine framework, was included as a baseline
regression model to benchmark traditional machine learning performance against ensemble (CatBoost) and
deep learning (DNN) methods. Using the radial basis function (RBF) kernel, SVR can effectively model
intricate nonlinear associations across vehicle-level predictors, including engine size, fuel type, Euro
standard, and fuel consumption. However, SVR is known to be sensitive to hyperparameter selection and
may become computationally expensive when applied to large-scale datasets such as Bangkok’s
1.84 million—vehicle registry.

The goal of SVR is to learn a function f(x) that deviates from the true target values y by no more
than a tolerance margin &, while maintaining the function as flat as possible. This yields the e—insensitive
regression function, defined as (2).

yx)=w-x+b 2

Where $(x) is the predicted CO, emission value, w is the weight vector learned by the model, x is the
feature vector, which may include fuel type, Euro standard, miles per gallon (MPG), engine size,
vehicle type, and other minus substances, and b is the bias term. SVR uses the e—insensitive loss function,
defined as (3).

oy 0, ifly-9ls
L(y.y) = {| y—9l—¢ otherwise ®

By disregarding errors lower than ¢, this formulation enables the model to concentrate on notable deviations
instead of indiscriminately minimizing all training errors. Hyperparameters C, y, and & were optimized using
k-fold cross-validation to mitigate overfitting and ensure robust performance across diverse vehicle
categories. Although SVR provides a rigorous theoretical foundation, its scalability limitations and sensitivity
to kernel parameters make it less effective for very large heterogeneous datasets, which is reflected in its
comparatively lower predictive accuracy in this study.

2.3.3. Deep neural network

A feedforward DNN was implemented to model the complex nonlinear interactions between
vehicle characteristics and CO; emission behavior. Although DNNs are traditionally applied to classification
problems, they also demonstrate strong performance in regression tasks. In these tasks, the objective is to
predict continuous numerical values such as vehicle-level CO, emissions derived from engine, fuel, and
regulatory attributes.

The forward propagation process for each layer | in the network is defined as (4).
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2O — gD 4 p® 4)

Where z® is the output of layer [ before applying the activation function (pre-activation value), W®
represents the weight vector of the connections in layer I, a®~? is the output (activation) from the previous
layer (I-1), and b denotes the bias term in layer [. Activation is then computed as (5).

a® = 6(z0) ®)

The DNN employed the rectified linear unit (ReLU) as the activation function because of its
stability and efficiency in deep architectures. Model optimization utilized the Adam optimizer, which
adjusts learning rates throughout training to enhance convergence speed. To mitigate overfitting,
particularly crucial for extensive and diverse datasets, regularization approaches were employed, including
dropout layers and early stopping. The network’s depth, neuron count per layer, and dropout rates were
optimized by cross-validation on the training dataset, and this design allows the DNN to capture
hierarchical and nonlinear correlations among vehicle variables, offering an effective complementary
modeling method to SVR and CatBoost.

2.3.4. Hyperparameter tuning and overfitting mitigation

All three machine learning models were tuned utilizing a 5-fold cross-validation technique to
guarantee consistent generalization performance throughout Bangkok’s diverse vehicle fleet dataset,
which consists of 1,846,111 records. Cross-validation was employed to reduce sample bias. It was also used
to obtain performance estimates that are resilient across different vehicle categories, fuel types, and
emission regulations.

For CatBoost, hyperparameter optimization focused on tree depth (6-10), learning rate (0.01-0.3),
number of boosting iterations (500-2,000), and L2 leaf regularization (1-10). Random and grid searches
were utilized according to the sensitivity of the parameters. The ordered boosting mechanism of CatBoost,
which inhibits target leakage during categorical feature encoding, functioned as a principal method for
mitigating overfitting, while early stopping based on validation loss was employed to avert superfluous
iterations on the extensive dataset.

For SVR with RBF kernel, regularization parameter C (0.1-100), kernel coefficient y (1e-4-1e-1),
and e-insensitive margin & (0.001-0.1) were tuned via exhaustive grid-search. Because SVR exhibits high
computational costs on datasets exceeding one million samples, representative stratified sub-sampling was
applied to maintain feasibility while preserving the distribution of key vehicle attributes (fuel type, engine
size, and Euro standard). The standardization of continuous predictors and the intrinsic margin-based loss
function further aided in the regulation of overfitting.

The DNN’s architecture was optimized by varying the number of hidden layers (2-5), neurons
per layer (32-256), learning rate (0.0005-0.01), and dropout rates (0.1-0.4). The model employed RelLU
activation with Adam optimization to facilitate efficient convergence in the high-dimensional feature space.
Overfitting was alleviated with the implementation of dropout layers, L2 weight regularization, and early
halting initiated by a plateau in validation performance. The batch size was determined by graphics
processing unit (GPU) memory limitations to improve training efficiency and ensure gradient stability.

All hyperparameter ranges were derived from previous research on automobile emission modeling
and refined through the first pilot experiments conducted on subsets of the Bangkok dataset. The tuning
techniques were crucial for maintaining the models’ generalizability across various vehicle categories. They
also ensured robustness across realistic emission scenarios in metropolitan megacities.

3. EXPERIMENTAL

This section presents the experimental workflow used to construct, calibrate, and evaluate the
machine learning models for estimating vehicle-level CO, emissions in Bangkok. The workflow consists of
seven sequential phases: data acquisition, dataset integration, preprocessing, feature engineering,
model development, hyperparameter optimization, and final evaluation, designed to ensure methodological
transparency and full reproducibility. Figure 2 summarizes the complete analytical pipeline adopted in
this study.

3.1. Data preparation and data integration

To develop a comprehensive vehicle-level database for modeling CO, emissions from the
1,846,111 vehicles registered in Bangkok, three complementary datasets were integrated: i) laboratory-tested
fuel economy and CO, emission measurements provided by the U.S. EPA [11], ii) national vehicle
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registration records acquired from the DLT between January 2023 and January 2025, and [12], and
iii) CO, emission factors obtained from the COPERT 5 model and the Euro 4-6 regulatory standards issued
by the European Environment Agency [18]-[20], [24], [32]. The EPA dataset supplied standardized pollution
benchmarks, engine specs, and fuel economy ratings. Meanwhile, the DLT dataset presented a detailed
depiction of Bangkok’s actual vehicle fleet makeup, encompassing brand, model, size class, engine
configuration, and fuel type.

To merge these datasets, EPA and DLT entries were harmonized using shared identifiers such as
manufacturer, model name, engine displacement, and fuel system attributes. Fuzzy-matching procedures
were employed to resolve variations in naming conventions across sources and to identify the closest EPA
equivalent for each registered vehicle. When a match to EPA data could not be established, COPERT -based
CO: coefficients were assigned according to vehicle class, fuel type, and Euro certification level.

After integrating all sources, records lacking both EPA values and COPERT -assignable emission
factors were removed. This filtering step produced 717,089 vehicles (38.8% of the original fleet) with
complete and valid attributes required for CO, estimation and machine learning modeling. This integrated
dataset formed a stable, internally consistent basis for subsequent analysis.

“ ..\ *EPA Fuel Economy & CO. Dataset
LData Acquisition B, | 7T vehicle Registration Records (2023-2025)
[ *COPERT 5 & Euro 4-6 Emission Factors

«Match EPA « DLT via brand/model/engine
2. Data Integration « Fuzzy-matching for naming inconsistencies
«Assigh COPERT factors to unmatched vehices

«Remove incomplete or conflicting records
«Convert MPG — [./km, computz g/km— kg/year
« Assign Euro standard by registration year
+Encode calegprical variables

« Standardize numerical features (for SVR/DNN)

3. Preprocessing & Cleaning.

4, Feature Engincering «Engine displacement groups
«Fuel type, vehicle class, fuel system
*Euro level, model year, amual mileage

«Derived CO; emission variables
5. Model Development *CatBoost (ordered boosting)

«Support Vector Regression/ItBF kernel)
*Deep Neural Network (DNN)

6. Hyperparameter +5 fold cross-validation
Optimization +Random & grid search

«Early stopping

«Stratified subsample tuning for SVR

7. Model Evaluation &
Diagnostics *RMSE, MAE, R?
« 1,000-bootstrapconfidence intervals

« Residual diagnostics

Figure 2. Workflow of CO, emissions estimation and machine learning analysis

3.2. Emissions estimation methodology

CO, emissions for each vehicle were estimated using internationally recognized methodologies,
including the IPCC 2006 guidelines for National Greenhouse Gas Inventories [33], 2019 refinement [34], and
the European Environment Agency’s COPERT 5 framework [20] and the EPA dataset’s fuel economy
numbers were normalized by converting MPG to liters per kilometer (L/km) to guarantee consistency with
emission factor estimates used in both the IPCC and COPERT approaches. For each vehicle record, annual
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CO; emissions were computed as the product of fuel consumption, the corresponding emission factor
(expressed in grams of CO, per liter of fuel), and an assumed annual driving distance of 15,000 km,
consistent with regional transportation studies. The general estimation formula is expressed as (6).

C0, = Fuel Consumption (ﬁ) x Emission Factor (g/L) x 15000 (6)

Where fuel consumption denotes the standardized fuel-use rate, and the emission factor represents the
amount of CO, emitted per liter of fuel combusted. Emission factors vary according to fuel type, combustion
characteristics, and Euro emission certification levels (Euro 4-6), following European Environment Agency
COPERT framework and standardized greenhouse gas emission factor references [10], [20], [35]-[37]. This
hybrid estimation approach, integrating empirical EPA-based emission benchmarks with COPERT-derived
regulatory coefficients, ensures scientifically consistent and policy-relevant CO, estimates for all
717,089 registered vehicles, thereby providing a robust foundation for supervised machine learning analysis.

3.3. Data cleaning and preprocessing

A structured preprocessing pipeline was implemented to ensure that integrated EPA-DLT-COPERT
dataset was consistent, complete, and analytically reliable. After merging the three sources, several
inconsistencies and missing values were identified, particularly in fuel-economy measurements, CO; values,
and fuel-type classifications. Furthermore, records lacking essential attributes required for emission
estimation—such as fuel type, engine displacement, or EPA/COPERT emission values—were removed to
avoid systematic bias. For variables with partial missingness (e.g., MPG for certain model-year groups),
within-category median imputation was applied to preserve distributional characteristics.

Due to the absence of specific Euro emission criteria in DLT registrations, each vehicle was
categorized into Euro 3-6 based on its registration year, adhering to legislative adoption timetables as shown
in Table 3. This rule-based classification guaranteed alignment with COPERT emission factors. It also
enabled uniform factor allocation across vehicle classifications.

To improve predictive performance, several engineered features were developed, including
displacement categories, fuel-system classifications (ICE, hybrid, PHEV, and BEV), Euro certification
levels, and derived emission metrics. Numerical variables were standardized for SVR and DNN to enhance
convergence stability, whereas CatBoost utilized raw values owing to its resilience with varied tabular data.
This multi-step preparation pipeline generated a refined, standardized dataset appropriate for extensive
supervised learning, while ensuring methodological transparency and repeatability within Bangkok's diverse
urban fleet.

Table 3. Euro emission standard
Registration year  Euro standard assigned

<2009 Euro 3 or under
2010-2014 Euro 4
2015-2019 Euro 5

>2020 Euro 6

3.4. Machine learning techniques

Three supervised machine learning algorithms, CatBoost, SVR, and DNN, were utilized to forecast
vehicle-level CO; emissions from Bangkok’s diverse urban fleet. These models were chosen for their
complementary abilities to capture nonlinear patterns, manage mixed categorical and numerical structures,
and simulate high-dimensional connections typically found in transportation-emission data. Previous studies
have established the appropriateness of CatBoost for tabular datasets with high-cardinality categorical
features [26], [27], the efficacy of DNN in capturing multiscale nonlinear interactions in environmental and
engineering contexts [28]-[30], [38], and the theoretical resilience of SVR as a robust nonlinear benchmark
for regression tasks [31].

CatBoost, a gradient-boosting decision-tree algorithm, was optimized with ordered boosting and
target-based encoding to mitigate target leakage and diminish prediction bias. Its inherent capacity to process
unrefined categorical variables, such as vehicle brand, model, fuel type, and Euro certification, negated the
necessity for substantial encoding, rendering it particularly appropriate for Thailand’s varied and
high-cardinality vehicle register. Crucial hyperparameters, such as tree depth, learning rate, and the number
of boosting iterations, were modified to improve generalization performance among fleet subgroups.
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SVR with RBF kernel served as a theoretically grounded nonlinear baseline. The method is capable
of modeling complex relationships among engine displacement, Euro standard, fuel type, and fuel-economy
variables. Because SVR becomes computationally prohibitive on datasets exceeding one million samples,
hyperparameter tuning was conducted on stratified subsamples that preserved the distributional
characteristics of the overall fleet. Model parameters (C, y, and €) were optimized to balance flexibility and
resilience against overfitting.

A fully connected feedforward DNN architecture was implemented to capture multilevel nonlinear
relationships inherent in real-world emission behavior. The network employed RelLU activation, the
Adam optimizer, and regularization techniques, including dropout, batch normalization, and early stopping,
to stabilize training and control overfitting. Architectural parameters such as the number of hidden layers,
units per layer, learning rate, and dropout ratios were tuned through cross-validation to ensure robust
predictive performance.

All three models were trained utilizing the identically designed feature set delineated in
sub-section 3.3 to guarantee equity in comparison assessment. The evaluation of the model performance
utilized RMSE, MAE, and R2 It facilitated a thorough and internally coherent comparison among
ensemble-based, kernel-based, and deep learning methodologies.

3.5. Hyperparameter optimization

To improve forecast accuracy and guarantee strong generalization to Bangkok’s diverse fleet, all
three models underwent extensive hyperparameter optimization. Additionally, a 5-fold cross-validation
method was used for all models to minimize sampling bias. It was crucial for generating accurate performance
estimates given the dataset’s diverse distributions of fuel types, engine displacements, and Euro standards.

CatBoost parameters were optimized using a combination of randomized search and grid
refinement. Key parameters included tree depth (6-10), learning rate (0.01-0.3), number of boosting
iterations (500-2,000), and L2 leaf regularization (1-10). Ordered boosting, which prevents target leakage
when encoding high-cardinality categorical variables, served as an essential regularization mechanism. Early
stopping was applied to avoid unnecessary boosting iterations once validation loss plateaued.

Optimization was performed on stratified subsamples that preserved the distribution of fuel type,
engine displacement, and Euro standard, based on the computational expense of SVR on datasets. A thorough
grid search optimized the penalty parameter C (0.1-100), kernel coefficient y (1e-4-1e-1), and e-insensitive
margin ¢ (0.001-0.1). The standardization of continuous features ensured numerical stability, while the
margin-based loss function was regularized to mitigate overfitting.

The hyperparameters of the DNN, network depth (2-5 layers), and number of neurons per layer
(32-256), learning rate (0.0005-0.01), and dropout ratios (0.1-0.4), were optimized by iterative validation.
The ReLU activation function and the Adam optimizer facilitated efficient convergence in high-dimensional
feature spaces. Regularization methods, including dropout, L2 weight decay, and early stopping, were
employed to enhance training stability and mitigate overfitting, which is particularly crucial due to the
dataset’s scale and diversity.

All hyperparameter configurations were initially assessed on subsets of the integrated database to
ensure computational feasibility. Final tuning parameters were chosen based on their capacity to balance
model accuracy. They also ensured convergence stability and generalization across vehicle categories, fuel
systems, and emission levels.

3.6. Model evaluation and statistical testing

The predictive performance of the three machine learning models was evaluated using a
comprehensive evaluation framework to ensure a rigorous and internally consistent comparison. The R?,
MAE, and RMSE, three widely utilized metrics for assessing regression quality in environmental and
transportation modeling, were employed to quantify the models' accuracy. The metrics were computed under
consistent experimental conditions to guarantee comparability among CatBoost, SVR, and DNN.

A nonparametric bootstrap approach with 1,000 resamples was employed for each statistic to
address sampling variability within the extensive and diverse fleet dataset. The resultant 95% confidence
intervals quantify model uncertainty and diminish reliance on a singular train-test division, thus enhancing
the resilience and reliability of performance assessments. This methodology conforms to best practices in
data-driven emission modeling, wherein assessing uncertainty is equally crucial as presenting point values.

In addition to the numerical results, the study also examined how each model behaved across
different parts of the dataset. This was done through a set of residual-based diagnostics, including
scatterplots, kernel-density curves, and error-distribution checks. These analyses were used to detect issues
such as heteroscedasticity, persistent bias, or unusual error patterns in specific vehicle groups. Particular
attention was given to segments that often behave differently, such as heavy-duty trucks, hybrid vehicles, and
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small-engine motorcycles, to confirm that no model performed well only because of certain dominant
categories in the data.

By integrating conventional performance metrics with uncertainty analysis and detailed residual
inspection, the evaluation offers a clearer and more grounded picture of how the models actually function.
This layered approach provides a dependable basis for interpreting the results in later policy discussions. It
also supports the application of the models to practical emission-forecasting scenarios.

4. RESULTS AND DISCUSSION

This section presents the empirical findings derived from the integrated EPA-DLT-COPERT
dataset and the three machine learning models. Analyses encompass temporal fleet characteristics, fuel
economy-emission correlations, feature associations, and model performance evaluated with uncertainty
metrics. All outcomes directly correspond with the consolidated methodological framework depicted earlier
in Figure 2.

4.1. Fleet characteristics and temporal patterns

Prior research on CO, emissions from vehicles has mostly used simulation-based models, like the
COPERT model, or standardized laboratory tests to estimate emissions. However, because of unconsidered
elements, including driving habits, traffic jams, and varying environmental conditions, such approaches
frequently fall short in real-world scenarios. Furthermore, a lot of models don’t incorporate real registration
data or contemporary machine learning techniques that can deal with nonlinear and high-dimensional data.
To overcome these constraints, this study combines laboratory-tested emissions, empirical registration data,
and sophisticated machine learning techniques to increase the accuracy of CO, emission prediction in
Bangkok, Thailand.

Figure 3 presents the temporal distribution of vehicle registrations across seven major categories and
the violin plots visualize how each category is distributed over time, highlighting differences in registration
concentration rather than absolute counts. Private passenger cars with not more than seven seats exhibit the
widest and most concentrated density, indicating that this category consistently accounts for a substantial
share of newly registered vehicles. Private passenger vehicles with more than seven seats and private freight
vehicles show moderately wide distributions, suggesting steady but less dominant registration patterns.
Categories related to public transit, such as private buses and taxis, demonstrate relatively narrow and stable
distributions, reflecting their steady operational demand. Rented three-wheeled vehicles demonstrate a
concentrated density in 2023, but commercial service vehicles show a broader distribution extending into late
2024 and early 2025, reflecting a more diverse registration timetable within this category. The temporal
distribution reveals a fleet composition predominantly consisting of light-duty private vehicles, but
commercial and public transport categories display a lesser, still consistent presence. The discrepancies in
category-specific registration trends are substantial, as they directly influence the overall CO; emission
profile of Bangkok’s vehicle fleet.

Private Passenger Car (Not Exceeding 7 Seats) ‘
Private Passenger Vehicle (More Than 7 Seats) H
Private Freight Vehicle H—.

Private Bus

Taxi (Passenger Transport Vehicle Not Exceeding 7 Seats) “?

Hired Three Wheeled Vehicles A/\><>
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€
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Figure 3. Temporal distribution of vehicle types in Thailand
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4.2. Relationships between fuel consumption and CO2 emissions

Figure 4 illustrates the relationship between combined fuel consumption (L/100 km) and CO;
emissions (g/km) across three major fuel types: gasoline, diesel, and hybrid vehicles. A strong positive
association is apparent. Vehicles with higher fuel consumption per distance consistently generate higher CO,
emissions, reflecting the fundamental carbon content of the fuels.
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Figure 4. CO; emissions by fuel consumption

Gasoline vehicles cluster toward the higher end of both fuel consumption and CO- output, indicating
less efficient combustion relative to other categories. Diesel vehicles exhibit a wider dispersion: several
models achieve comparatively lower CO; emissions due to higher thermal efficiency, while others display
emission levels similar to gasoline vehicles, which may be attributed to greater engine loads, aging
technologies, or deteriorated emission-control systems. Hybrid vehicles occupy the lower region of the
distribution, confirming reduced tailpipe emissions resulting from electric-motor assistance.

The benchmark CO- ranges by fuel type in Table 4, which are derived from EPA, COPERT,
and regional studies, provide context for these trends. With gasoline vehicles typically falling between
215 and 240 g/km, diesel vehicles between 260 and 320 g/km, hybrids between 95 and 130 g/km, motorbikes
between 65 and 90 g/km, and heavy-duty vehicles between 380 and 480 g/km, the observed emission levels
in the Bangkok fleet nearly match these international reference values. These comparisons substantiate the
credibility of the combined EPA-COPERT estimating approach and underscore the impact of fuel
characteristics, combustion efficiency, and vehicle technology on actual emission performance. These

relationships confirm that fuel type and driving efficiency remain primary determinants of CO, performance
across the Bangkok fleet.

Table 4. Typical CO, emission ranges by fuel type

Fuel type Mean CO;, (g/km)  Typical range from literature Interpretation
Gasoline 215-240 EPA: 210-260 Consistent with light-duty vehicle norms
Diesel 260-320 COPERT: 250-350 Higher emissions due to fuel density
Hybrid 95-130 EPA: 80-120 Reduced engine load
Motorcycle 65-90 ADB/Thailand 2022 Small displacement
Heavy-duty 380-480 COPERT: 350-500 Large variation from load conditions
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4.3. Feature importance and correlation structure

The most significant predictors of vehicle-level CO, emissions were identified using RFE, which
improves model interpretability and reduces redundancy. RFE was applied using a random forest regressor to
iteratively rank and eliminate the least informative variables due to the high dimensionality of the integrated
EPA-DLT-COPERT dataset. This dataset includes fuel consumption metrics, tailpipe CO, values, fuel
economy indicators, fuel types, and emission factors.

Throughout multiple cycles, RFE consistently identified variables directly linked to combustion
intensity and energy consumption as the most significant predictors. This encompasses annual petroleum
consumption, tailpipe CO. emissions from EPA data, combined/city/highway MPG, and the
COPERT-derived EF_CO; factor. These picks accord with the physical laws regulating carbon emissions,
wherein increased fuel use and diminished fuel efficiency directly relate to heightened emissions.

Figure 5 illustrates these correlations through a correlation heatmap. Fuel-economy measurements
(city, highway, and combined MPG) have substantial negative correlations with CO: emissions
(r =—0.77 to —0.82), demonstrating the expected inverse link between fuel efficiency and carbon emissions.
In contrast, annual fuel consumption and EPA tailpipe CO2 have a strong positive correlation (r =0.49) and
the Euro-adjusted emission factor EF_CO, demonstrates a moderate positive correlation, affirming its
importance in regulatory evaluation. Taken together, the RFE outcomes and correlation structure confirm
that the engineered dataset captures key mechanistic drivers of CO, emissions. They also validate the
feature selection and preprocessing technique detailed in section 3, ensuring that subsequent machine
learning models depend on predictors that are both statistically sound and scientifically significant.
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Figure 5. Correlation heatmap of selected features and CO, emissions
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4.4. Model performance comparison

Table 5 displays the predictive accuracy of the three machine learning models—CatBoost, DNN,
and SVR, utilizing the integrated EPA-DLT-COPERT dataset. CatBoost demonstrates superior predictive
accuracy, attaining the lowest RMSE and MAE, alongside the greatest R?, indicative of its proficiency in
managing heterogeneous tabular data and high-cardinality categorical variables, and the DNN model exhibits
comparable performance, albeit with significantly reduced accuracy, particularly in tail-distribution scenarios
where deep neural architectures may be susceptible to infrequent vehicle classifications. Also, SVR exhibits
the poorest performance, aligning with its established constraints on extensive nonlinear datasets. The
findings indicate that ensemble learning and deep learning methodologies are superior to kernel-based
techniques for extensive, diverse transportation datasets.

Table 5. Model performance metrics
Model RMSE (g/km)  95% ClI MAE (g/km) R?

CatBoost 234 22.7-245 14.6 0.921
DNN 28.1 27.0-29.6 18.2 0.887
SVR (RBF) 32.8 31.4-34.3 21.0 0.846

Figure 6 presents a comparison of actual CO, emissions and projected values for a sample of
2025 automobiles. The proximity of the observed and predicted bars for the majority of vehicle entries
implies a robust fit and dependable generalization, and slight disparities likely emerge from unobserved
variables (e.g., aftermarket modifications and actual driving loads) not included in the current datasets. This
convergence between actual and expected values demonstrates the appropriateness of the proposed modeling
framework for practical emission estimation and fleet-level forecasting.

Predicted vs Actual CO2 Emissions for 2025 Vehicles
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Figure 6. Comparison of actual and predicted CO, emissions (g/km) for 2025 vehicle registrations

4.6. Implications for transport and environmental policy

The prevalence of lightweight private vehicles indicates that policies focused on fuel efficiency,
engine technology, and electricity in this sector would produce the most significant emission reductions and
the persistent increase in diesel-fueled business vehicles underscores potential for focused retrofitting or
expedited transition to greener options. In addition, the robust effectiveness of data-driven models like
CatBoost and DNN illustrates that machine learning methodologies can enhance conventional inventory
techniques such as COPERT by identifying nonlinearities and real-fleet attributes that traditional models
could neglect. Furthermore, incorporating predictive methods into national monitoring systems could

Int J Adv Appl Sci, Vol. 15, No. 2, June 2026: 501-517



Int J Adv Appl Sci ISSN: 2252-8814 a 515

facilitate more dynamic, evidence-based policy actions, such as pinpointing high-emission fleet segments or
directing incentive programs for lower-emission technology.

5. CONCLUSION

This research illustrates the significance of integrating real-world vehicle registration data with
laboratory-derived emission metrics and machine learning methodologies to assess CO, emissions at the
individual car level for Bangkok’s diverse fleet. Through integrating EPA fuel-economy records,
COPERT/Euro emission factors, and over 1.8 million DLT registrations, the resultant dataset encapsulated
essential technical characteristics, fuel consumption, emission factors, displacement, fuel type, and Euro
standards, recognized for influencing real-world emission behavior. Also, the implementation of RFE
enhanced model interpretability by consistently identifying fuel-consumption variables, tailpipe CO,, and
emission-factor characteristics as the most significant predictors, in accordance with the fundamental
principles of fuel combustion. CatBoost surpassed DNN (R? =0.887) and SVR (R? =0.846), demonstrating
superior prediction accuracy (RMSE =23.4 g/lkm, R? =0.921). The enhanced accuracy and stability observed
were attributed to CatBoost's proficiency in handling heterogeneous tabular data, nonlinear relationships, and
categorical variables characterized by high cardinality. Although DNN can capture complex multiscale
patterns, its performance was somewhat inferior to that of CatBoost and SVR, which exhibited elevated error
rates and reduced scalability even after hyperparameter adjustments, highlighting its limitations for large and
diverse vehicle datasets.

6. FUTURE WORK

Future extensions of this work should incorporate more granular temporal and spatial data, such as
daily driving profiles, congestion levels, and road-type classifications, to enhance the generalizability of the
models. Additional contextual variables, including meteorological conditions, traffic intensity, and
vehicle-usage patterns, may further strengthen predictive accuracy and enable scenario-based forecasting.
Employing explainable artificial intelligence (XAI) approaches such as Shapley additive explanations
(SHAP) could provide clearer insights into model reasoning, supporting transparent and evidence-based
policymaking. Finally, integrating these models into operational platforms, like transport-planning
dashboards, emissions-monitoring systems, or real-time mobility applications, would offer practical tools for
regulatory agencies and urban planners seeking to reduce transportation-related emissions and support
Thailand’s long-term climate commitments.
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