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ABSTRACT 

The accurate prediction of CO₂ emissions from light-duty vehicles is crucial for effective environmental 

regulation and policy development. Addressing the limitations of previous studies that often rely on single-

model approaches, the present research establishes a novel and rigorous performance benchmark by 

systematically evaluating seven distinct Machine Learning (ML) architectures—ranging from linear 

baselines to deep neural networks—to identify the optimal predictive framework for the Canadian context. 

The study evaluated the performance of Linear Regression, Ridge, Random Forest, Gradient Boosting, 

Support Vector Regression (SVR), K-Nearest Neighbors (KNN), and a Neural Network by utilizing a 

public dataset of 7,385 vehicles. Following systematic hyperparameter tuning, the Random Forest model 

demonstrated superior performance, achieving an R² of 0.9982 and a Root Mean Square Error (RMSE) of 

2.49 g/km on the test set. Feature importance analysis confirmed that combined fuel consumption is the 

most dominant predictor of CO₂ emissions. This study establishes a new performance benchmark for CO₂ 

emission modeling in the Canadian context. The former offers a robust, data-driven tool for regulators and 

the automotive industry to support emission reduction strategies. 

Keywords-machine learning; predictive modeling; vehicle emissions; regression analysis; CO₂ emissions  
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I. INTRODUCTION  

The escalating climate crisis, driven by anthropogenic 
greenhouse gas emissions, demands swift and decisive action. 
Carbon dioxide (CO₂) is the primary contributor to global 
warming, and its mitigation is central to international 
environmental agreements and the United Nations' Sustainable 
Development Goals (SDGs) [1]. Specifically, efforts to reduce 
CO₂ align with SDG 13 (Climate Action) and are critical for 
achieving SDG 11 (Sustainable Cities and Communities) by 
fostering healthier urban environments [2]. The transportation 
sector, a major source of global CO₂ emissions, has thus 
become a key focus for policy intervention and technological 
innovation [3]. Accurately modeling and predicting vehicle 
emissions is significant in developing effective strategies to 
decarbonize this sector. 

Canada has established ambitious environmental targets 
within this global landscape, including a commitment to having 
achieved net-zero emissions by 2050 [4]. With the 
transportation sector accounting for approximately 25% of the 
nation's total greenhouse gas emissions, light-duty vehicles 
represent a major challenge and a critical area for regulatory 
focus. This challenge is not unique to Canada; similar trends 
are observed globally. For instance, in the European Union, the 
transport sector accounts for nearly 30% of the total CO₂ 
emissions, with 72% of emissions originating from road 
transport [5]. This alignment highlights the universality of the 
problem and the urgent need for robust predictive models 
across different jurisdictions. To guide its climate strategy, the 
Canadian government relies on data-driven policies that require 
precise monitoring and verification of vehicle emissions [6]. 
This necessity has spurred interest in advanced analytical 
techniques that can model the complex relationships between 
vehicle specifications and their resulting environmental impact. 

ML application is a powerful approach for this task, 
frequently outperforming traditional statistical methods [7]. 
Previous research has demonstrated the efficacy of various ML 
algorithms—such as Random Forest and Gradient Boosting—
in predicting vehicle emissions in diverse international 
contexts, including China and the United States [8]. While 
some studies have explored ML applications for Canadian data, 
a comprehensive and systematic comparison across a broad 
spectrum of models, from simple linear regressions to more 
complex neural networks, remains an underexplored area [9]. 
A critical gap exists in establishing a methodologically rigorous 
benchmark that identifies the optimal predictive model 
specifically tuned for the nuances of the Canadian vehicle fleet.  

The present study proposes a robust comparative 
framework to identify the most effective model for predicting 
CO₂ emissions from light-duty vehicles in Canada, and thus 
address this gap. The former systematically evaluates seven 
distinct ML algorithms: Linear Regression, Ridge Regression, 
Random Forest, Gradient Boosting, SVR, KNN, and a Neural 
Network. These specific algorithms were selected to cover a 
broad spectrum of model complexity, ranging from 
interpretable linear baselines to advanced ensemble and deep 
learning architectures. This diversity allows for a rigorous 
assessment of predictive performance relative to computational 

cost. Furthermore, this data-driven approach established 
physical emission models, such as the COPERT methodology 
[10], by providing granular, vehicle-specific predictions based 
on real-world configuration data rather than aggregate emission 
factors. 

The primary objectives of the present study are twofold: 
first, to determine the model with the highest predictive 
accuracy through rigorous hyperparameter tuning and 
evaluation using the R² and RMSE metrics; and second, to 
identify the most influential vehicle characteristics driving CO₂ 
emissions through a detailed feature importance analysis. 
Furthermore, the selection of Canada as the case study is 
primarily driven by the high quality and comprehensive nature 
of its open government data. While the current work is based in 
regions where such granular vehicle data are currently being 
developed, the Canadian dataset provides a reliable 
environment for validating complex ML architectures. This 
ensures that the proposed framework is methodologically 
sound before being adapted to other regions with challenging 
data availability. 

II. RELATED WORKS  

Significant research has focused on forecasting aggregate 
national and sectoral CO₂ emissions using advanced time-series 
and hybrid models. Authors in [11] utilized a novel grey 
prediction model for the US, outperforming traditional ARIMA 
and LSTM benchmarks with conformable fractional 
accumulation. Similarly, authors in [12] applied a hybrid 
mathematical and ML approach to Canadian transportation 
data, forecasting a 50% rise in emissions by 2048, though their 
reliance on aggregated statistics potentially overlooked regional 
nuances. Extending this to the Asian region, authors in [13] 
optimized Neural Networks using Particle Swarm Optimization 
(PSO) to predict long-term trends. While these macro-level 
models demonstrate high accuracy, they often depend on 
forecasted input variables and lack the granularity required for 
component-level verification. 

In complex industrial environments, dynamic and deep 
learning architectures have proven effective for real-time 
monitoring. Authors in [14] developed an adaptive regression 
framework for refinery biofeedstock co-processing, using 
change point detection to handle varying operating modes. 
Authors in [15] advanced this further by proposing a hybrid 
CNN-LSTM model within a "Metaverse" industrial waste 
control platform, achieving an R² of 0.995. However, while 
these distinct approaches highlight the capability of ML to 
handle nonlinear feature interactions, they often face challenges 
regarding generalizability and the scalability of conceptual 
environments, like the Metaverse, to broader regulatory 
contexts. 

Specific to light-duty vehicles, research has benchmarked 
various algorithms to identify optimal predictors. Authors in 
[16] analyzed Canadian vehicle data, concluding that while 
engine size is a dominant factor, a simple Linear Regression 
model was sufficient to achieve an R² exceeding 99.7%.  
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Fig. 1.  Flowchart of the proposed framework. 

The most recent literature from 2024 and 2025 has shifted 
focus from pure accuracy toward model interpretability and 
explainability. A 2025 study introduced an XAI framework for 
vehicle emissions, emphasizing that integrating interpretability 
layers (such as SHAP values) is crucial for regulatory adoption 
[17, 18]. Despite these advancements, a recurring limitation 
across the reviewed literature is the reliance on static datasets 
[16]. Most models do not yet fully account for real-world 
dynamic variables, such as road conditions and driving 
behavior, marking a critical gap that future research must 

address to enhance the external validity of emission 
predictions. 

III. PROPOSED METHOD 

The methodology of this study adheres to the Cross-
Industry Standard Process for Data Mining (CRISP-DM) 
framework, which ensures a structured and repeatable 
workflow encompassing data understanding, preparation, 
modeling, and evaluation. Figure 1 illustrates the overall 
research framework of the study. 
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A. Dataset and Preprocessing 

A publicly available dataset was utilized, sourced from the 
Government of Canada's open data portal, titled 'CO₂ Emission 
by Vehicles' [19]. This dataset comprises 7,385 records of 
light-duty vehicles. Crucially, the dataset includes a measured 
target variable labeled 'CO2 Emissions(g/km)' [20]. This 
variable represents the tailpipe carbon dioxide emissions for 
each vehicle, calculated based on the combined fuel 
consumption (a weighted average of 55% city and 45% 
highway driving). It serves as the ground truth for predictive 
modeling. The dataset also details independent features such as 
engine size (L), number of cylinders, transmission type, and 
fuel type. The correlation matrix between these numeric 
features is presented in Figure 2. 

The target variable for prediction is CO₂ emissions, 
measured in g/km. The correlation between the fuel 
consumption and CO₂ emissions is displayed in Figure 3. 

To enhance the model's predictive capability, a new feature, 
Engine_Size_per_Cylinder, was engineered by dividing the 
engine size by the number of cylinders to effectively capture 
engine efficiency. For feature selection, the absolute correlation 
of each input feature with the target variable was analyzed, and 
the six most correlated features were retained for modeling 
[21]. No features correlated above the 0.95 threshold, 
indicating that multicollinearity was not a significant concern. 
The correlation between engine size per cylinder and CO₂ 
emissions is portrayed in Figure 4. 

The dataset was split into a training set of 5,907 records and 
a testing set of 1,477 records. For efficiency and optimal model 
performance, a conditional preprocessing pipeline was 
constructed. Numerical features for standard regression and 
distance-based models (Linear, Ridge, SVR, KNN) were scaled 
using StandardScaler (Z-score normalization). In contrast, 
specifically for the neural network model, the inputs were 
transformed using MinMaxScaler to the [0, 1] range to 
facilitate faster convergence and prevent vanishing gradient 
issues. 

 

Fig. 2.  Correlation matrix between numeric features. 

 

 

Fig. 3.  Scatter plot between fuel consumption and CO₂ emissions. 

 

Fig. 4.  Scatter plot between engine size per cylinder and CO₂ emissions. 

B. Modeling and Optimization 

A comparative analysis was conducted using seven 
supervised regression algorithms to identify the most effective 
model for predicting CO₂ emissions. The evaluated models 
included Linear Regression, Ridge Regression, Random Forest, 
Gradient Boosting, SVR, KNN, and a neural network 
(Multilayer Perceptron). All models were trained on the same 
preprocessed training data and evaluated on the unseen test set 
to ensure a fair and consistent comparison. To mitigate the 
effects of randomness and ensure reproducibility, a fixed 
random seed was applied to all algorithms and data splits 
during the experimental runs. 

Based on the initial comparative results, the Random Forest 
model demonstrated the highest performance and was selected 
for further optimization. Hyperparameter tuning was performed 
using GridSearchCV with 5-fold cross-validation to find the 
optimal combination of model parameters [22]. The search grid 
focused on key hyperparameters, including n_estimators, 
max_depth, min_samples_split, and min_samples_leaf. 

C. Evaluation Framework 

The predictive performance of each model was 
quantitatively assessed using four standard regression metrics 
as defined and benchmarked in [23]. To measure the proportion 
of variance in CO₂ emissions explained by the model, the R2 



Engineering, Technology & Applied Science Research Vol. 16, No. 1, 2026, 32260-32266 32264  
 

www.etasr.com Satya et al.: Machine Learning Prediction of CO₂ Emissions from Light-Duty Vehicles in Canada 

 

metric was used, where a value closer to 1 signifies a better 
model fit: 

�� = 1 − ∑ ��	
���
��	��
∑ ��	
��
��	��

    (1) 

To evaluate the model's error in the original units (g/km), 
the RMSE was calculated. RMSE represents the square root of 
the average of the squared differences between the actual (��) 
and predicted ( ��� ) values and is particularly sensitive to 
significant errors: 

RMSE = ��
� ∑ ��� − ���
�����    (2) 

In addition, the Mean Absolute Error (MAE) was used to 
measure the average absolute differences between the predicted 
and observed values, providing a linear score where all 
individual errors are weighted equally: 

MAE = �
� ∑ |�� − ���|����    (3) 

Finally, the Mean Absolute Percentage Error (MAPE) was 

employed to interpret the error in relative terms, which 

expresses the average absolute prediction error as a percentage 

of the actual values: 

MAPE = �
� ∑ |"	
#	|

"	
���� × 100%   (4) 

A feature importance analysis was conducted on the final 
optimized Random Forest model to enhance model 
interpretability. This technique evaluates the contribution of 
each input feature to the prediction accuracy by measuring its 
impact on the model's performance. This process identifies the 
most significant factors influencing vehicle CO₂ emissions, 
providing valuable insights for policy and manufacturing 
decisions. 

IV. RESULTS AND DISCUSSION 

A. Exploratory Data Analysis Findings 

Initial exploratory data analysis revealed strong 
relationships between several vehicle specifications and the 
target variable, CO₂ emissions. The correlation analysis 
confirmed that Fuel Consumption Comb (L/100 km) had the 
highest positive correlation (r = 0.92) with CO₂ emissions, 
closely followed by Fuel Consumption City (r = 0.92). Other 
significant predictors included the Engine Size (r = 0.85) and 
the Number of Cylinders (r = 0.83). These findings underscore 
the primary role of fuel consumption and engine characteristics 
in determining a vehicle's emission levels. 

B. Model Performance Comparison 

The initial evaluation of the seven ML algorithms provided 
a clear performance hierarchy. As summarized in Table I, the 
ensemble methods—Random Forest and Gradient Boosting—
along with the Neural Network, demonstrated the highest 
predictive accuracy. The Random Forest model emerged as the 
top performer with the highest initial R² and the lowest error 
metrics. In contrast, the SVR model yielded the lowest 
accuracy among all tested algorithms. 

TABLE I.  PERFORMANCE COMPARISON OF UNTUNED 
ML MODELS IN THE TEST DATA 

Model R² 
MAE 

(g/km) 

RMSE 

(g/km) 

MAPE 

(%) 

Random Forest 1.0000 1.90 2.51 0.78 

Gradient Boosting 0.9970 2.45 3.56 0.99 

Neural Network 0.9950 2.54 4.04 1.05 

KNN 0.9920 2.78 4.54 1.14 

Linear Regression 0.9950 2.15 3.45 0.87 

Ridge Regression 0.9950 2.18 3.46 0.88 

SVR 0.9840 3.81 6.39 1.57 

 

C. Optimized Model Performance 

The Random Forest model was selected for hyperparameter 
tuning to further enhance its performance. The optimal 
parameters identified through GridSearchCV are presented in 
Table II. 

TABLE II.  OPTIMAL HYPERPARAMETERS FOR RANDOM 
FOREST REGRESSOR  

Hyperparameter Optimal value 

n_estimators 200 

max_depth 20 

min_samples_split 2 

min_samples_leaf 1 

 
After applying these optimal parameters, the model's 

performance was re-evaluated on the test set. Table III shows 
that the tuned model achieved an R² of 0.9982 and an RMSE of 
2.49 g/km, indicating an exceptionally accurate and robust 
predictive capability. This slight improvement over the already 
high-performing baseline model confirms the value of 
systematic optimization. 

TABLE III.  RANDOM FOREST PERFORMANCE BEFORE 
AND AFTER HYPERPARAMETER TUNING  

Metric Dataset Before tuning After tuning 

R² Test 1.0000 0.9982 

R² Train 1.0000 0.9994 

RMSE (g/km) Test 2.5100 2.4898 

RMSE (g/km) Train 1.3900 1.3803 

 
Although the RMSE improved (decreased) from 2.51 g/km 

to 2.49 g/km after tuning, the R² value experienced a marginal 
decrease. This behavior is attributed to the regularization effect 
of the optimized hyperparameters, specifically the restriction of 
tree depth (max_depth = 20). The unconstrained 'default' 
Random Forest likely captured noise or specific outliers to 
maximize the variance explained (R²), potentially leading to 
slight overfitting. In contrast, the tuned model prioritized the 
minimization of RMSE as the objective function. In the context 
of physical emission inventories, a reduction in the average 
RMSE magnitude is prioritized over a negligible drop in the 
correlation coefficient, as it reflects a more precise estimation 
of the actual pollutant mass. The benchmark comparison with 
recent studies on the same Canadian dataset is presented in 
Table IV. 
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TABLE IV.  BENCHMARK COMPARISON WITH RECENT 
STUDIES ON THE SAME CANADIAN DATASET  

Study Methodology R² 
RMSE 

(g/km) 

Proposed 

method 
Optimized Random Forest 0.9982 2.49 

[18] Gradient Boosting 0.9973 3.36 

[16] Linear Regression 0.997 N/A 

[24] Deep Learning (CarbonMLP) 0.9938 N/A 

 
Table IV presents a direct quantitative comparison between 

the proposed optimized Random Forest model and recent state-
of-the-art studies utilizing the same Canadian vehicle dataset. 
The results demonstrate that the proposed method establishes a 
new performance benchmark, achieving an R² of 0.9982 and an 
RMSE of 2.49 g/km, which surpasses the Gradient Boosting 
approach with R² = 0.9973 [18], the Linear Regression baseline 
with R² = 0.9970 [16], and the Deep Learning 'CarbonMLP' 
architecture with R² = 0.9938 [24]. This empirical superiority 
indicates that while deep learning and boosting techniques are 
powerful, the hyperparameter-tuned Random Forest algorithm 
is more effective at modeling the specific nonlinear interactions 
within this tabular domain, offering a more precise tool for 
regulatory verification with lower computational complexity. 

D. Feature Importance 

The feature importance analysis of the final optimized 
Random Forest model identified the most influential factors in 
predicting CO₂ emissions. The results confirmed that Fuel 
Consumption Comb (L/100 km) was the most important 
predictor. Other highly ranked features included Fuel 
Consumption Comb (mpg) and Fuel Type_Ethanol, 
corresponding to vehicles using E85 fuel. 

E. Discussion 

This study successfully developed and validated an ML 
model with exceptionally high accuracy for predicting CO₂ 
emissions from Canadian light-duty vehicles. The key finding 
is that an optimized Random Forest model achieved an R² of 
0.9982, establishing a robust performance benchmark. The 
superior performance of the Random Forest model can be 
attributed to its ensemble nature, which combines multiple 
decision trees to capture complex, nonlinear interactions 
between features like engine size and fuel consumption that 
simpler models might miss. 

To address concerns regarding potential overfitting and 
ensure model robustness, the 5-fold cross-validation procedure 
was analyzed for stability. The performance metrics remained 
consistent across the five random splits, indicating that the 
model's predictive power is not an artifact of a specific data 
partition. However, this validation is limited to the Canadian 
dataset. To fully establish the model's transferability, future 
validation phases must involve 'out-of-sample' testing on 
independent datasets from different geographic regions (e.g., 
U.S. or European fleet data) to confirm whether the optimized 
algorithm has similar performance across varying regulatory 
environments. 

The findings are consistent with the broader literature, 
which consistently identifies ML as a powerful tool for 
emission prediction. For instance, the achieved accuracy 

slightly exceeds the R² of 99.7% reported in [16], where the 
same dataset was used and a simpler Linear Regression model 
was found to be sufficient. This suggests that while linear 
relationships dominate this dataset, ensemble models such as 
Random Forest can capture residual nonlinearities to achieve 
state-of-the-art performance. In contrast to the national-level 
forecasting models developed in [13], the model provides 
granular, vehicle-specific predictions, making it more suitable 
for regulatory verification and component-level analysis. 

For Canadian policymakers, this high-accuracy model is a 
powerful tool to verify manufacturer-reported data and 
simulate the effects of new emission standards. However, the 
integration of such predictive systems into national regulatory 
frameworks extends beyond technical accuracy; it raises 
critical questions regarding ethical AI and algorithmic 
accountability. To maintain public trust, the deployment of 
these models must prioritize transparency, ensuring that 
emission predictions are explainable and not merely 'black box' 
outputs. Policymakers must also rigorously audit for potential 
data biases, where a model might inadvertently penalize 
specific vehicle classes or regional driving patterns due to 
unbalanced training data. Therefore, these ML tools function as 
a preliminary 'digital audit' layer to flag anomalies for physical 
re-verification, rather than replacing traditional certification 
entirely. This hybrid approach ensures a fair, traceable 
compliance ecosystem that leverages AI efficiency while 
upholding rigorous environmental standards. 

V. CONCLUSION 

This study systematically evaluated seven Machine 
Learning (ML) models to predict the CO₂ emissions from 
Canadian light-duty vehicles, identifying the optimized 
Random Forest model as the superior predictor with an R² of 
0.9982 and a Root Mean Square Error (RMSE) of 2.49 g/km. 
The novelty of this work lies in establishing a rigorous 
comparative benchmark that empirically demonstrates the 
necessity of ensemble learning methods over traditional linear 
models to accurately capture the nonlinear dependencies 
between engine specifications and fuel efficiency. These 
findings provide a robust, data-driven tool for regulators to 
verify manufacturer claims and audit compliance with greater 
precision than aggregate factor methods. While the current 
study is limited to static catalog data, this validated framework 
lays the foundation for future research to integrate dynamic 
real-world telemetry, thereby bridging the gap between 
laboratory certification benchmarks and on-road emission 
reality. 
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