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 Vehicle carbon dioxide emissions are an important environmental concern 

that requires prediction methods with both high accuracy and transparent 

explanations. This study proposes an interpretable neural network (INN) 

framework for estimating vehicle carbon dioxide emissions using a public 

Canadian fuel-consumption and emissions dataset. A feed-forward neural 

network is employed for regression, while SHapley additive exPlanations 

(SHAP) are used to interpret the contribution of each input feature. The 

proposed model is compared with linear regression, Bayesian regression, 

support vector regression (SVR), and extreme gradient boosting (XGBoost). 

Experimental results show that the neural-network model achieves a root 

mean squared error (RMSE) of 4.98, a mean absolute percentage error 

(MAPE) of 0.0128, and a coefficient of determination (R-squared) of 

0.9926, outperforming all baseline models. SHAP analysis identifies 

combined fuel economy, city fuel consumption, and highway fuel 

consumption as the most influential predictors. Higher fuel economy is 

associated with lower predicted emissions, whereas higher city and highway 

fuel consumption increases predicted emissions. These findings demonstrate 

that the proposed framework provides accurate and interpretable vehicle 

carbon dioxide emission estimation. 
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1. INTRODUCTION 

Climate change has become one of the most pressing global challenges, primarily driven by the 

accumulation of greenhouse gases (GHGs) in the atmosphere. These gases, including carbon dioxide (CO₂), 

methane (CH₄), and nitrous oxide (N₂O), play a crucial role in regulating Earth's temperature by absorbing 

and emitting infrared radiation [1]. However, when their concentrations exceed natural levels, they disrupt 

the atmospheric balance, leading to severe environmental consequences such as rising global temperatures, 

extreme weather patterns, and ecological disturbances. Among the key contributors to GHG emissions is the 

transportation sector, which continues to expand due to increased mobility and economic growth. Motorized 

vehicles, which predominantly rely on fossil fuels, are among the largest sources of carbon emissions. These 

emissions not only accelerate global warming but also degrade air quality, negatively impacting human 

health and ecological sustainability [1], [2]. As urbanization and population growth continue, the number of 

vehicles on the road is rising significantly, leading to a steady increase in emissions [3]. The main GHGs 

https://creativecommons.org/licenses/by-sa/4.0/
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released from vehicle exhaust include CO₂, nitrogen oxides (NOx), and fine particulates, which contribute to 

both global climate change and localized air pollution [4], [5]. 

To illustrate the scale of vehicle emissions, Figure 1 (source https://www.bbc.com/news/science-

environment-49349566) presents information on carbon emissions released by vehicles, highlighting their 

substantial contribution to total GHG emissions. This significant contribution emphasizes the urgent need for 

reliable monitoring and prediction methods to assess vehicle emissions and support effective mitigation 

strategies. 

 

 

 

 

Figure 1. Carbon emissions from vehicles 

 

 

Given the growing environmental concerns associated with vehicular emissions, there is a critical 

need to develop accurate and reliable methods for predicting carbon output. Monitoring and predicting 

emissions can play a crucial role in designing sustainable transportation policies and encouraging the 

transition to cleaner technologies. However, traditional methods used for emission prediction, such as 

statistical regression models, may have limited ability to capture complex and nonlinear relationships among 

vehicle characteristics, fuel-consumption patterns, and CO₂ emissions [4]. 

To overcome the limitations of conventional models, machine learning (ML) and deep learning 

(DL) techniques have been increasingly explored in recent years. DL models, particularly long short-term 

memory (LSTM), and bidirectional LSTM (BiLSTM), have shown strong predictive capabilities for CO₂ 

emissions. For instance, Al-Nefaie and Aldhyani [6] applied DL models to open vehicle emissions dataset 

and achieved accuracy rates exceeding 80%. Their results demonstrated the effectiveness of AI-driven 

models in improving prediction accuracy. 

However, despite their high predictive performance, DL models suffer from a major drawback: a 

lack of interpretability. Many of these models operate as "black boxes," making it difficult to understand the 

reasoning behind their predictions. This lack of transparency poses challenges for policymakers, 

environmental regulators, and industry stakeholders, who require clear and interpretable insights to 

implement effective emission control strategies [7]. In practical applications, predictive accuracy alone is 

insufficient because decision-makers also need to understand the extent to which engine characteristics, fuel 

type, and fuel-consumption variables contribute to individual emission estimates. 

While Al-Nefaie and Aldhyani [6] successfully improved emission prediction accuracy, it did not 

address the critical issue of model interpretability. The inability to explain how vehicle features, such as 

engine size, fuel type, and vehicle weight, affect emissions limits the practical application of these models in 

real-world decision-making. As a result, there is a growing demand for DL models that not only provide 

accurate predictions but also offer explainable insights into their decision-making process. 

To bridge this gap, this study proposes an interpretable prediction framework based on interpretable 

neural networks (INNs), which combine neural networks with SHapley additive exPlanations (SHAP) to 

estimate carbon emissions from vehicles. The neural network is used for prediction, while SHAP is applied to 

provide feature-level explanations and quantify the contribution of each variable. This approach enables the 

identification of key factors influencing emissions and improves model transparency. As a result, the 
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proposed framework achieves both high predictive performance and interpretability, making it suitable for 

environmental policy-making and regulatory applications. 

In addition, many countries aim to achieve net-zero emissions by 2050. Given the significant 

contribution of vehicle emissions, as shown in Figure 1, there is a clear need for models that are both 

accurate and interpretable. Canada is one such country that has set a net-zero target for 2050 and provides 

publicly available data on vehicle fuel consumption and CO₂ emission measurement. This commitment is 

formally established through the Canadian net-zero emissions accountability act, which mandates a 

transparent and accountable process for achieving its national emissions targets [8]. Canada is therefore 

selected as the case-study context because it provides an appropriate combination of an established national 

emission-reduction commitment, publicly accessible vehicle data, and an increasing need for transparent 

evidence to support vehicle-emission assessment. The proposed framework is expected to be extendable to 

datasets from other countries in support of broader net-zero emission goals. 

This study makes the following contributions to carbon emission analysis and AI-driven 

environmental monitoring: i) we develop an interpretable DL model that promotes transparency in emission 

prediction, addressing the limitations of black-box approaches, ii) we combine neural networks with SHAP to 

provide feature importance analysis, enabling a quantitative explanation of how vehicle characteristics 

influence emission outputs, iii) we demonstrate that the proposed approach effectively balances predictive 

accuracy and interpretability, making it suitable for real-world regulatory and policy-making applications, 

and iv) we identify key factors influencing CO2 emissions, providing insights that support the development of 

sustainable transportation policies and eco-friendly vehicle technologies. 

In summary, this study proposes an interpretable neural-network framework that combines a neural 

network for CO₂ emission prediction with SHAP for post-hoc explanation. The scientific contribution lies in 

the integration of comparative model benchmarking, global feature-importance analysis, and directional 

dependence analysis within a unified neural network centered framework for Canadian vehicle emission data. 

By addressing the interpretability limitations of neural-network models, the proposed approach provides 

accurate predictions and transparent feature-level evidence for environmental analysis and decision-making. 

 

 

2. METHOD 

This section describes the proposed methodology, including the overall framework, the  

neural-network model for prediction, the baseline models used for performance comparison, and the SHAP 

based interpretation approach. The proposed approach combines a feed-forward neural network with  

post-hoc SHAP explanations; therefore, the term INN in this study refers to an explainable prediction 

framework rather than a newly developed intrinsically interpretable architecture. The workflow of the 

proposed method is illustrated in Figure 2. 

 

 

 

 

Figure 2. Proposed framework 

 

 

2.1.  Overall framework 

The proposed framework consists of four main stages: data processing, prediction, interpretation, 

and result analysis, with relevant references ensuring scientific validity [9], [10]. First, the dataset is used to 

train a neural network model for CO2 emission prediction. Next, SHAP is applied to interpret the model’s 

predictions by quantifying the contribution of each input feature. The resulting explanations are then 

analyzed to identify key factors influencing emissions. Finally, conclusions are drawn based on both 

predictive performance and interpretability. The overall workflow is shown in Figure 2. 
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2.1.1. Neural networks 

The first component of the proposed method, the INNs model, leverages a neural network for 

prediction where the input data undergo multiple layers of weighted transformations and nonlinear 

activations. In this process, understanding a prediction requires considering a large number of parameters 

interacting in a complex manner [11]. As a result, interpreting the behavior and predictions of neural 

networks is inherently challenging and often requires specialized interpretation methods. 

While model-agnostic approaches such as local surrogate models or partial dependence plots can be 

applied, there are advantages to using interpretation techniques tailored for neural networks. First, neural 

networks learn hierarchical representations and abstract features within their hidden layers, which are not 

directly observable and therefore require dedicated methods to analyze. Second, the model’s gradient 

information can be used to derive explanations efficiently, offering computational advantages over model-

agnostic approaches that treat the model as a black box. More importantly, deep neural networks are 

particularly effective at learning high-level feature representations, reducing the need for extensive manual 

feature engineering [7], [12]. 

The neural network architecture used in this study is illustrated in Figure 3, which consists of an 

input layer, two hidden layers, and an output layer for regression. The input layer receives vehicle-related 

features from the dataset and serves as the entry point of the model. The hidden layers perform a series of 

nonlinear transformations, enabling the model to capture complex relationships between input variables and 

CO2 emissions. The output layer produces the final prediction based on the learned representations. The 

specific structure of the output layer depends on the task [13]. In this study, it is designed to perform 

regression for CO2 emission estimation. An example of the neural network architecture is shown in Figure 3. 

 

 

 
 

Figure 3. Basic architecture of a neural network 
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Despite their strong predictive capability, neural networks are often considered black-box models 

due to their limited interpretability. This limitation motivates the use of an additional interpretation method, 

as described in the next section. 

 

2.1.2. SHapley additive exPlanations 

The second component of the proposed method is SHAP, an interpretation technique that is not tied 

to a specific neural network architecture. Instead, it provides a unified framework for explaining predictions 

across various ML models, including DL and ensemble methods [14], [15]. SHAP values provide a 

quantitative measure of the contribution of each feature to a model’s prediction. Specifically, SHAP explains 

the prediction for a given instance x by assigning an importance value to each feature, indicating its 

contribution to the final output. This approach is based on the concept of Shapley values from cooperative 

game theory [12], [16], where features are treated as players in a game, and the prediction is considered the 

total gain to be fairly distributed among them. 

In this formulation, each feature contributes to the prediction depending on its marginal contribution 

across different combinations of features. For tabular data, each player corresponds to a feature or a set of 

attribute values, and SHAP evaluates how the inclusion or exclusion of each feature affects the prediction 

[16], [17]. A key advantage of SHAP is its formulation as an additive explanation model, which expresses the 

prediction as a linear combination of feature contributions. This formulation unifies ideas from Shapley 

values and local explanation methods such as LIME [16], [18]. The SHAP explanation model is  

defined as (1):  

 

𝑔(𝑧′) = 𝜙0 + ∑ 𝜙𝑗𝑧𝑗
′𝑀

𝑗=1  (1) 

 

Where 𝑔(𝑧′) denotes the additive explanation model, and 𝑧′ ∈ {0,1}𝑀 represents a coalition vector indicating 

the presence or absence of input features. The variable 𝑧𝑗
′ indicates whether feature 𝑗 is included in the 

coalition, where 𝑧𝑗
′ = 1 means that the feature is present and 𝑧𝑗

′ = 0 means that the feature is absent. The 

symbol 𝑀 denotes the total number of input features or the maximum coalition size. The term 𝜙0 represents 

the expected model output or baseline prediction, while 𝜙𝑗 denotes the SHAP value assigned to feature 𝑗. The 

SHAP value 𝜙𝑗 quantifies the contribution of feature 𝑗 to the difference between the baseline prediction and 

the final prediction for a particular instance. 

In this study, SHAP is applied to interpret the predictions of the neural network model by 

quantifying the contribution of each input feature to CO2 emissions. This enables a detailed understanding of 

how vehicle attributes influence model outputs. However, it should be noted that while SHAP provides 

valuable insights into feature importance, interpretation must be performed carefully, as feature contributions 

may vary depending on feature interactions and data distribution [16], [19]. Overall, SHAP enables a 

transparent analysis of model predictions by revealing the contribution of each feature, thereby supporting 

interpretable and reliable CO2 emission estimation. 

 

2.2.  Experimental setup 

2.2.1. Dataset 

As stated in the Introduction, this study utilizes a vehicle emissions dataset from Canada, obtained 

from the Kaggle repository and originally curated from the Canadian government open data website. The 

dataset contains various vehicle attributes that influence CO2 emissions, including engine characteristics and 

fuel consumption metrics. These features are used as inputs to the neural network model to predict CO2 

emissions. By analyzing these features, the study aims to identify key factors contributing to vehicular carbon 

emissions and provide insights into potential emission reduction strategies. The dataset consists of numerical 

variables represented as integer and floating-point values. Table 1 summarizes the key features used in this 

study. 

 

 

Table 1. Datasets features 
Variable Type 

Engine size (L) Float 

Cylinders Int 
Transmission Int 

Fuel type Int 

Fuel consumption city (L/100 km) Float 
Fuel consumption hwy (L/100 km) Float 

Fuel consumption comb (L/100 km) Float 

Fuel consumption comb (mpg) Float 
Engine size (L) Float 
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The dataset includes a wide range of vehicle models with diverse characteristics, enabling a 

comprehensive analysis of CO2 emissions in the transportation sector. Among these features, engine size is 

an important factor, as larger engines generally produce higher emissions due to increased fuel consumption. 

However, fuel consumption is identified as the most influential factor, as it directly reflects the amount of 

fuel used per unit distance. Since CO2 emissions are proportional to fuel consumption, vehicles with higher 

fuel usage tend to produce higher emissions. This relationship highlights the importance of improving fuel 

efficiency to reduce carbon emissions. 

 

2.2.2. Implementation details 

The performance of a neural network model is influenced by the choice of hyperparameters, which 

determine both the network structure and the training process. In this study, key hyperparameters are selected 

empirically to ensure stable training and reliable predictive performance. The selected configuration is 

summarized in Table 2. 

 

 

Table 2. Hyperparameter settings 
Hyperparameter Value 

Number of hidden layers 2 

Number of epochs 100 

Number of nodes {64,64} 
Activation ReLU 

Optimizer Adam 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Model training 

Based on the selected hyperparameters, a neural network model was constructed to estimate CO2 

emissions using the features described in Table 1. This approach aligns with recent studies that have 

successfully applied artificial neural networks for fuel consumption modeling [19]. Figure 4 illustrates the 

training process of the model. 

 

 

 
 

Figure 4. Loss curve 

 

 

As shown in Figure 4, the loss value of the proposed model decreases as the number of epochs 

increases, indicating that the model learns effectively during training. In addition, the training and validation 

losses are closely aligned, suggesting that the model does not suffer from overfitting and demonstrates good 

generalization performance. Such behavior is consistent with well-optimized DL architectures where 

hyperparameter tuning and regular monitoring of loss curves ensure robust predictive capability [20]. 

 

3.2.  Model comparison 

To evaluate the effectiveness of the proposed approach, a comparative analysis was conducted 

against several baseline and advanced models, including linear regression, Bayesian regression, support 
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vector regression (SVR), and extreme gradient boosting (XGBoost). These models are widely used for 

regression tasks and provide a benchmark for evaluating predictive performance [21]. Specifically, SVR is 

noted for its effectiveness in high-dimensional spaces [22], while XGBoost has gained prominence for its 

scalability and performance in structured data tasks [23]. 

The performance of the models was evaluated using root mean squared error (RMSE), mean 

absolute percentage error (MAPE), and the coefficient of determination (R²). The proposed model achieves 

an RMSE of 4.9818, a MAPE of 0.0128, and an R² of 0.9926, indicating low prediction error and a strong fit 

to the data. The high R² value suggests that the model explains 99.26% of the variance in CO2 emissions. 

Additional statistical validation techniques, such as hypothesis testing (e.g., t-test or F-test) and cross-

validation, may be considered to further examine the robustness and statistical significance of the observed 

performance. The comparison results are presented in Table 3. 

 

 

Table 3. Benchmark results 
Model RMSE MAPE R2 

Linear regression 17.6115 0.04455 0.90167 

Bayessian regression 17.6130 0.04454 0.90162 

SVR 14.2814 0.02408 0.92539 
XGBoost 16.2758 0.05560 0.89897 

Proposed model 4.9818 0.01280 0.99260 

 

 

As shown in Table 3, the proposed neural network model outperforms all baseline methods across 

the evaluation metrics. It achieves the lowest RMSE, indicating the smallest prediction error, and the lowest 

MAPE, reflecting high prediction consistency. In addition, the model attains the highest R² value, 

demonstrating a strong ability to explain the variance in CO2 emissions. Compared to traditional statistical 

models such as linear and Bayesian regression, as well as advanced ML methods such as SVR and XGBoost, 

the proposed model demonstrates superior predictive capability. These results indicate that the proposed 

approach is effective in capturing the complex relationships between vehicle attributes and CO2 emissions. 

 

3.3.  Model interpretation 

Although the proposed neural network model demonstrates strong predictive performance, it 

remains inherently difficult to interpret due to its black-box nature. To address this limitation, SHAP are used 

to provide post-hoc interpretability. SHAP is based on cooperative game theory and enables the 

quantification of the contribution of each input variable to the model’s predictions [24]. This allows for a 

better understanding of how different features influence CO2 emission estimation. 

Figure 5 illustrates the relative importance of each input variable based on their SHAP values. The 

results show that fuel consumption comb (X8), fuel consumption city (X5), and fuel consumption hwy (X6) 

are the most influential variables in the model. This indicates that fuel consumption-related features play a 

dominant role in determining CO2 emissions, a finding consistent with recent studies analyzing vehicle 

emission datasets using explainable ML [25], [26]. 

 

 

 
 

Figure 5. SHAP values 
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The SHAP values presented in Table 4 quantify the contribution of each feature to the model 

predictions. Specifically, the mean absolute SHAP value represents the average impact of a feature on the 

model output. A higher value indicates a greater influence on the prediction. For example, X8 has the highest 

SHAP value (28.76), indicating that it is the most influential feature in determining CO2 emissions compared 

to the other variables. 

To further analyze the relationships between key variables and CO₂ emissions, Figure 6 illustrates 

the relationships between the three most influential variables (X8, X5, and X6) and the CO₂ estimates 

produced by the model. As shown in Figure 6(a), X8 is associated with lower predicted CO₂ emissions as 

fuel economy increases. Figures 6(b) and (c) show that X5 and X6 exhibit positive relationships with 

predicted CO₂ emissions. This indicates that higher fuel consumption under both city and highway driving 

conditions is associated with higher predicted emissions. This finding is consistent with domain knowledge, 

as greater fuel usage is closely associated with higher carbon output [27]. 

 

 

Table 4. Mean absolute SHAP values 
Variable/feature SHAP value 

X8 28.76 

X5 8.58 

X6 7.04 
X4 5.24 

X7 3.06 

X2 1.52 
X1 1.02 

X3 0.43 

 

 

  
(a) (b) 

  

 
(c) 

 

Figure 6. Feature contributions of the top three variables; (a) fuel consumption comb (X8),  

(b) fuel consumption city (X5), and (c) fuel consumption hwy (X6) 
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For fuel consumption comb (X8), the relationship observed in Figure 6(a) indicates a more complex 

pattern. While variations in X8 significantly influence the model predictions, the relationship is not strictly 

linear and may reflect interactions with other variables or underlying data characteristics. This suggests that 

the combined fuel consumption metric captures additional information beyond individual driving conditions, 

contributing to its dominant importance in the model. 

Overall, the interpretability analysis highlights that fuel consumption-related variables are the 

primary drivers of CO2 emissions in the dataset. These findings are consistent with established knowledge in 

transportation and environmental studies, where fuel consumption is directly linked to carbon output. By 

providing both accurate predictions and interpretable insights, the proposed approach offers a practical tool 

for understanding and analyzing vehicle emissions. These results are particularly relevant for policymakers 

and vehicle manufacturers, as they emphasize the importance of improving fuel efficiency in both urban and 

highway driving conditions. Furthermore, the use of SHAP enhances transparency in the model, enabling 

more informed decision-making in environmental monitoring and sustainable transportation planning. 

 

 

4. CONCLUSION 

This study contributes an interpretable prediction framework for vehicle CO₂ emission estimation 

that effectively balances predictive accuracy and model transparency. The proposed framework combines a 

neural network for prediction with SHAP for post-hoc interpretability. Experimental results demonstrate that 

the proposed model achieves superior predictive performance with an RMSE of 4.98, a MAPE of 0.0128, and 

an R² of 0.9926, outperforming baseline methods including linear regression, Bayesian regression, SVR, and 

XGBoost. The SHAP-based analysis reveals that fuel consumption and fuel economy variables—particularly 

combined fuel economy, city fuel consumption, and highway fuel consumption—are the most influential 

predictors of CO₂ emissions. These findings indicate that improving vehicle fuel efficiency should remain an 

important consideration in emission-reduction strategies. 

From a practical perspective, these findings offer valuable insights for policymakers, environmental 

regulators, and vehicle manufacturers. The ability to identify and quantify the contribution of specific vehicle 

attributes to CO₂ emission predictions supports more informed decision-making for sustainable transportation 

planning. The proposed framework is particularly relevant to the Canadian vehicle-emission context and 

aligns with Canada’s commitment to achieving net-zero emissions by 2050. Despite these contributions, this 

study has several limitations. First, the interpretation relies on SHAP, which provides post-hoc explanations 

based on the trained model. Second, the current analysis is limited to a single dataset from Canada and does 

not account for regional variations. Third, the analysis does not explicitly model the dynamic impact of 

policy interventions over time. Therefore, future work will focus on extending the framework to support 

simulation-based policy analysis, particularly through integration with multi-agent systems or digital-twin 

environments. Additionally, future research will explore its applicability to other countries and the 

incorporation of real-time vehicle data for dynamic emission monitoring. 
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