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Highlights  Abstract  

▪ Instantaneous CO2 concentration 

reconstructed using only standard onboard 

engine data. 

▪ Ensemble ML models outperform regression 

in reproducing RDE transient CO2 behavior. 

▪ Exhaust mass flow is the dominant predictor 

of real-world CO2 concentration. 

▪ XGBoost accurately captures rapid CO2 drops 

during fuel-cut and deceleration. 

▪ Method enables low-cost CO2 monitoring 

without PEMS instrumentation. 

 Precise evaluation of vehicle CO₂ emissions under real-world driving 

conditions is essential for meeting stringent regulations. While 

laboratory procedures such as WLTC ensure repeatability, they fail to 

reflect transient conditions typical of everyday driving, and PEMS-based 

RDE measurements remain costly. This study proposes a data-driven 

approach for reconstructing instantaneous CO₂ concentration using 

onboard engine parameters - engine speed, exhaust gas temperature and 

exhaust mass flow rate - without direct CO₂ sensing. Linear, nonlinear 

and ensemble machine learning models were evaluated using an RDE 

dataset of 5200 synchronized observations collected on a mixed urban-

rural route. Ensemble methods, particularly Random Forest (R² = 0.715, 

RMSE = 15,307 ppm) and XGBoost (R² = 0.669), achieved the highest 

accuracy and reproduced steady-state conditions and rapid CO₂ drops 

during fuel-cut events. The results confirm that reliable CO₂ estimation 

can be achieved using a minimal OBD-based input set, enabling cost-

effective emission monitoring and real-time onboard applications. 
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1. Introduction 

Road transport contributes approximately 20–25% of EU CO₂ 

emissions, making emission reduction a key regulatory priority. 

Although standardized procedures such as WLTC and RDE 

enable emission assessment, real-time CO₂ monitoring still 

relies largely on costly PEMS equipment, limiting large-scale 

deployment. While many studies analyze CO₂ emissions using 

laboratory or PEMS data, relatively little attention has been 

given to reconstruction based on a minimal set of onboard 

parameters. 

Estimating CO₂ concentration under real driving conditions 

is challenging due to nonlinear combustion dynamics and 

transient operating states. Most existing approaches require 
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input variables unavailable through standard OBD systems, 

leaving the feasibility of predicting CO₂ concentration using 

only engine speed, exhaust temperature, and exhaust mass flow 

insufficiently explored. 

This study addresses this gap by evaluating whether 

instantaneous CO₂ concentration can be reliably reconstructed 

using these three universally available parameters. Linear, 

nonlinear, and ensemble models are compared to assess 

predictive performance and practical applicability, enabling 

low-cost, real-time CO₂ monitoring without direct measurement. 

The paper is organized as follows: Section 2 reviews related 

work, Section 3 describes the methodology, Sections 4 and 5 

present and discuss the results, and the final section summarizes 

the conclusions. 

2. Literature Review 

Carbon dioxide emissions from road transport have been 

intensively studied, particularly since the introduction of RDE 

testing in the EU in 2016, in the context of climate change 

mitigation and greenhouse gas reduction strategies [1, 2]. 

Transport remains one of the main emission sources, with 

passenger vehicles contributing a substantial share of the total 

carbon footprint [3]. Despite rapid progress in electromobility, 

the continued dominance of internal combustion engines makes 

emission monitoring highly relevant [4]. 

Existing research on emission prediction can be broadly 

classified into four categories: (1) national or sector-level 

forecasting models, (2) laboratory-based studies using engine or 

chassis dynamometers, (3) machine learning approaches based 

on PEMS data, and (4) estimation methods relying on onboard 

diagnostics (OBD). While the first three provide valuable 

insights into emission behavior, their applicability to real-world 

driving is often limited by high instrumentation requirements 

and insufficient representation of transient operating conditions. 

OBD-based approaches offer a more scalable alternative; 

however, many rely on parameters such as torque, lambda, or 

fuel rate, which are not consistently available across vehicle 

platforms. 

Although machine learning methods such as neural 

networks, gradient boosting, and ensemble models have 

demonstrated high predictive accuracy, most studies rely on 

direct CO₂ measurements or fuel-based estimations, thereby 

avoiding the challenge of reconstructing CO₂ concentration 

solely from onboard signals. Moreover, only a limited number 

of studies analyze the informational contribution of individual 

variables or identify minimal feature sets suitable for reliable 

prediction, restricting applicability to large-scale or real-time 

monitoring. 

Regulatory frameworks at national and international levels 

[5, 6] require effective tools for monitoring and reducing CO₂ 

emissions under real driving conditions. Beyond advances in 

powertrain technologies, this necessitates reliable predictive 

models capable of supporting energy efficiency assessment, 

detection of abnormal operating states, and real-time emission 

monitoring [7, 8]. The growing availability of onboard sensors 

and vehicle communication systems enables such approaches, 

facilitating data-driven monitoring without the need for costly 

external equipment [9, 10]. 

Recent studies increasingly focus on real-time emission 

modeling using vehicle operational data [11-13]. For example, 

Li et al. reported high predictive accuracy using road-based 

datasets, although such performance is typically achievable 

under controlled conditions. Udoh et al. demonstrated strong 

results using decision tree models (MAE = 2.20, MAPE = 

1.69%) [14], while Begum et al. achieved high accuracy in 

national-scale forecasting using hybrid machine learning 

approaches [15]. A comprehensive review by Jin [16] further 

highlighted the growing integration of predictive modeling, 

optimization, and feature selection. Nevertheless, many of these 

studies rely on aggregated or laboratory data rather than real-

world RDE measurements. 

An increasing number of studies incorporate vehicle-level 

parameters such as engine speed, exhaust temperature, and 

exhaust mass flow, accessible via CAN or OBD interfaces at 

sampling rates of 1–10 Hz [17-18]. However, the robustness of 

such approaches under highly dynamic real-world conditions 

remains insufficiently explored. Practical deployment requires 

models that are not only accurate but also resilient to changing 

loads, environmental conditions, and sensor disturbances [20, 

20]. 

Ensuring such robustness requires adaptive mechanisms 

such as noise resistance, online validation, and tolerance to 

sensor degradation. These features significantly enhance the 

long-term applicability of emission models in real-world 
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applications, including fleet management and regulatory 

compliance [22-24]. 

Despite significant progress, a clear research gap remains: 

few studies have validated models capable of reconstructing 

CO₂ concentration using only standard onboard parameters 

under real RDE conditions [25]. While some investigations 

report promising results using real-world data, they often lack 

transparency regarding scalability or operational feasibility [26, 

27]. Others focus primarily on laboratory or aggregated datasets 

rather than the limited parameter sets available during standard 

RDE testing [28, 28]. 

Consequently, further research should focus on models 

based exclusively on parameters natively available during RDE 

tests via OBD-II (e.g., engine speed, exhaust mass flow, exhaust 

temperature), without reliance on external PEMS equipment. 

Such an approach enables broader applicability of RDE data and 

supports scalable, cost-effective emission monitoring for both 

research and regulatory purposes. 

3. Methodology 

3.1. Research Design and Conceptual Framework 

The methodological framework of this study was designed to 

assess whether instantaneous CO₂ concentration during Real 

Driving Emissions (RDE) tests can be reliably reconstructed 

using a minimal set of standard onboard parameters. Unlike 

conventional approaches relying on direct CO₂ measurements 

from PEMS equipment, this work investigates the predictive 

potential of three universally available engine signals: engine 

speed, exhaust gas temperature, and exhaust mass flow. These 

parameters are routinely recorded during RDE tests and offer 

the possibility of developing low-cost, scalable emission 

estimation methods. 

The proposed framework evaluates the feasibility, accuracy, 

and robustness of a data-driven modeling approach under real-

world operating conditions. It integrates physical understanding 

of combustion processes with statistical and machine learning 

techniques to assess whether reliable CO₂ estimation can be 

achieved without direct emission sensing. 

The methodological structure consists of four main stages:  

(1) Data acquisition and preprocessing, ensuring the 

alignment, quality, and analytical suitability of onboard 

diagnostic signals; 

(2) Exploratory technical analysis, including both physical 

interpretation of engine–emission relationships and statistical 

examination of variable interactions; 

(3) Model development, involving regression approaches 

and nonlinear machine learning algorithms; 

(4) Model evaluation, consisting of error quantification, 

residual analysis, variable importance assessment, and 

comparison of predictive capabilities. 

This multi-step structure was designed to integrate physical 

understanding of combustion processes with data-driven 

modeling, while ensuring methodological transparency, 

reproducibility, and generalizability.  

3.2. Data Acquisition and Signal Overview 

3.2.1. RDE Test Procedure and Data Source 

The dataset used in this study originates from a certified RDE 

test conducted on a passenger vehicle equipped with a spark-

ignition internal combustion engine. Although no new 

measurements were performed, a high-resolution empirical 

dataset obtained using a standard Portable Emission 

Measurement System (PEMS) was analyzed. The test route 

covered 6.2 km and included urban, rural, and high-speed 

segments, representing typical real-world driving conditions. 

The dataset consisted of 5,200 synchronized samples 

recorded at 1 Hz, in accordance with RDE regulatory 

requirements (EU 2016/427, EU 2017/1154). Three engine 

parameters were selected as model inputs: engine speed (RPM), 

acquired via OBD-II (SAE J1979 PID 0C); exhaust gas 

temperature (°C), measured using a post-turbine thermocouple; 

and exhaust mass flow (g/s), calculated internally by the engine 

control unit based on airflow estimation and lambda control. 

The target variable, CO₂ concentration (ppm), was measured 

using a PEMS NDIR analyzer and served as the reference signal 

for model training and evaluation. 

3.2.2. Signal Synchronization and Downsampling 

Since data originated from several independent subsystems 

(ECU sensors and PEMS analyzer), it was necessary to align all 

channels to a common time base. The PEMS raw data, 

originally sampled irregularly at 10–12 Hz depending on signal 

type, were resampled to 1 Hz, consistent with the OBD-II 

sampling rate. A zero-phase anti-aliasing low-pass filter was 
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applied to avoid information loss during downsampling. This 

preserves the dynamic characteristics of the CO₂ signal without 

introducing phase distortion - critical for instantaneous 

modeling. 

The adopted procedure included: Application of  

a Butterworth-type low-pass filter with a cut-off frequency of 

0.4 Hz; Cubic-spline interpolation of intermediate values; 

Equidistant resampling at 1 Hz; Alignment of timestamps 

according to GPS clock and ECU event markers. 

3.2.3. Data Quality Assurance and Outlier Handling 

RDE data frequently contain transient artifacts caused by: 

PEMS analyzer delays, sensor synchronization drift, exhaust 

reverse-flow events, fresh-air dilution during deceleration, 

CAN bus latency. 

To mitigate these effects, the following procedures were 

applied: Outliers exceeding ±3.5σ from moving median were 

flagged; Short-duration dips (<1 s) in CO₂ signal were retained, 

as they reflect real combustion cutoff events; Missing values 

(<0.2% of the dataset) were imputed using forward-fill 

interpolation due to the temporal nature of the data; Sensor 

anomalies were manually inspected using sliding-window 

variance analysis. 

The resulting dataset was validated to ensure physical 

consistency: exhaust mass flow ≥ 0 g/s, CO₂ concentration 

between 0 and 160,000 ppm, exhaust temperature ≥ ambient 

temperature. 

3. 3. Exploratory Data Analysis 

3. 3. 1. Physical Interpretation of Variables 

Real-time CO₂ concentration is directly influenced by 

instantaneous fuel consumption, air–fuel ratio, and combustion 

completeness. Because no fuel mass flow sensor is present in 

standard passenger vehicles, the present methodology relies on 

variables that indirectly reflect combustion intensity. 

ExMassFlow is the strongest proxy for fuel burn rate. ExTemp 

indirectly reflects combustion efficiency and heat release. 

EngineSpeed provides contextual information on engine load 

and gear state but is not a direct measure of combustion intensity. 

The raw trajectories (Figure 1) show clear correlations 

between engine transients and fluctuations in CO₂ concentration. 

The numerous short-term drops in CO₂ result from fuel-cut 

events during deceleration, while high plateaus correspond to 

high load or steady cruising. 

3. 3. 2. Statistical Characterization and Correlation 

Analysis 

To complement physical reasoning, statistical exploration was 

performed. Both Pearson's correlation and visual scatterplot 

inspection were carried out (Figure 2). 

Results indicated: Strong correlation between CO₂ and 

ExTemp (r = 0.80), reflecting thermal inertia; Moderate 

correlation with ExMassFlow (r = 0.71), consistent with fuel–

air mass flow proportionality; Weak direct correlation with 

EngineSpeed (r = 0.23), confirming that RPM is not a load 

indicator. 

However, these linear correlations underestimate the true 

relationships, which are nonlinear and conditional. This 

justified the application of machine learning models capable of 

capturing complex dependencies. 

3. 4. Model Development Strategy 

To evaluate the feasibility of CO₂ reconstruction from onboard 

data, models of different complexity levels were tested (see 

Table 1). 

Table 1. Categorization of Linear, Nonlinear and Machine 

Learning Models Applied for CO₂ Prediction. 

Category Models Purpose 

Linear 

Linear Regression, 

Polynomial 

Regression 

Baseline, interpretability 

Nonlinear 

Statistical 
GAM, MARS 

Capturing smooth and 

segmented nonlinearities 

Machine 

Learning 

Random Forest, 

XGBoost 

Capturing complex, 

hierarchical, high-

frequency nonlinear 

behavior 

This spectrum ensures both methodological transparency 

and performance benchmarking. 

The dataset was randomly partitioned using 80% training 

and 20% test splits, preserving temporal order to prevent 

information leakage. Hyperparameter optimization was 

executed using grid search with 5-fold internal cross-validation 

on the training dataset. 

All models were implemented using Python (NumPy, SciPy, 

scikit-learn, pyGAM, XGBoost libraries). 

Random Forest tuning range: n_estimators ∈ [200, 500]; 
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max_depth ∈ [6, 15]; min_samples_leaf = 1–4. 

XGBoost tuning range: max_depth ∈ [3, 10]; learning_rate 

∈ [0.01, 0.2]; subsample ∈ [0.6, 1.0]; colsample_bytree ∈ [0.5, 

1.0] 

Windows of hyperparameters were not arbitrarily chosen - 

they reflect the need to limit model complexity to avoid 

overfitting, especially given moderate dataset size (n = 5200). 

Three commonly accepted performance metrics were used: 

• RMSE – Root Mean Square Error : suitable for 

evaluating large deviations, especially important 

because CO₂ dips can exceed 60,000 ppm in amplitude. 

• MAE – Mean Absolute Error: provides more robust 

average deviation measure, less sensitive to extreme 

outliers. 

• R² – Coefficient of Determination: indicates how well 

the model explains total variance in CO₂ concentration 

- particularly important for RDE signals dominated by 

stochastic behavior. 

Residual plots, time-domain overlays, and variable 

importance measures were also used to evaluate interpretability 

and robustness. 

3. 5. Diagnostic Procedures and Robustness Checks 

Residuals were examined for autocorrelation using the Durbin–

Watson statistic (d ≈ 1.4–1.7, indicating moderate 

autocorrelation due to time-series nature). No systematic bias 

was observed. 

Sensitivity tests included: ±5% noise injected into RPM and 

ExTemp; ±3% bias added to ExMassFlow; random dropout of 

individual samples. 

Random Forest and XGBoost showed the highest robustness; 

GAM was the most sensitive. 

Temporal hold-out validation confirmed that ensemble 

models retain performance even during segments containing 

strong speed/gear transitions and fuel-cut events. 

3. 6. Computational Workflow 

The full computational pipeline contained the following stages: 

Data import and raw signal inspection; Synchronization and 

filtering; Outlier detection and handling; Feature 

standardization (mean normalization for regression models); 

Train/test split; Hyperparameter optimization; Model training; 

Prediction; Evaluation (RMSE, MAE, R²); Visualization and 

post-analysis. 

The entire workflow was designed to be reproducible and 

scalable for future datasets or additional vehicles. 

3. 7. Ethical, Technical, and Practical Considerations 

Although no human subjects or personal data were involved in 

this research, certain methodological safeguards were 

implemented: GPS data was removed to preserve privacy; Raw 

dataset was anonymized; All computations relied solely on 

physical and operational variables. 

From a practical standpoint, the methodology was 

intentionally designed to rely only on parameters universally 

available in modern vehicles, enabling future large-scale 

adoption. 

3. 8. Analysis of uncertainty of results 

Model uncertainty varies strongly with driving conditions. In 

stable segments (±5–7% around 100,000–110,000 ppm), all 

models show reduced errors, with MAE decreasing by 25–35%. 

For example, Random Forest MAE drops from 7,163 ppm to 

4,500–5,300 ppm, while XGBoost reaches 5,000–6,000 ppm 

(22–30% improvement). RMSE follows a similar trend. 

During rapid CO₂ drops of 60–80% within 1–3 s, errors 

increase markedly. Random Forest shows a 40–60% increase 

(up to 70–80% in extreme cases), reflecting its limited ability to 

capture sharp minima. XGBoost performs more robustly, with 

error increases limited to 15–25%, yielding two- to threefold 

lower uncertainty in highly dynamic phases. 

GAM and MARS exhibit the highest sensitivity to abrupt 

changes, with error increases of 60–90%, resulting in the lowest 

predictive accuracy. Overall, errors decrease by 20–35% under 

stable conditions and increase by 40–80% during rapid 

transitions. Random Forest provides the lowest average error, 

while XGBoost offers the best balance between accuracy and 

responsiveness under dynamic RDE conditions. 

3. 9. Limitations of the Methodology 

The modeling framework is limited by: Single-vehicle dataset 

used for model validation; Absence of torque, fuel-rate, and 

vehicle load measurements; Assumption of sensor reliability; 

Non-use of deep learning approaches, which may outperform 

current models but require larger datasets. 

These limitations shape recommendations for future 



 

Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 3, 2026 

 

methodological improvements. 

4. Results 

4.1. Preliminary Data Analysis 

The RDE dataset consisted of synchronized time series of CO₂ 

concentration, exhaust mass flow, exhaust temperature, and 

engine speed. For analysis, three onboard parameters were 

selected: engine speed, exhaust mass flow, and exhaust 

temperature. 

Figure 1 illustrates the highly dynamic nature of real-world 

driving. Engine speed varies considerably between urban and 

extra-urban conditions, while exhaust mass flow closely follows 

these changes and reflects instantaneous combustion intensity. 

Exhaust temperature evolves more gradually due to thermal 

inertia, stabilizing after warm-up and increasing under higher 

load conditions. 

CO₂ concentration exhibits a high baseline (~100,000 ppm) 

with frequent sharp drops caused primarily by transient flow 

effects rather than combustion losses. These dynamic 

characteristics strongly influence model performance and must 

be considered when evaluating CO₂ reconstruction accuracy.

 

Figure 1. Time series of CO₂ concentration and key vehicle operating parameters from the RDE test; 

To provide an initial assessment of relationships between the 

selected variables and CO₂ concentration, a linear correlation 

analysis was performed, acknowledging that time-series 

autocorrelation may affect coefficient values. All three variables 

showed statistically significant correlations with CO₂ 

concentration (p < 0.05), although their strength was generally 

moderate to weak. 

Exhaust mass flow exhibited a positive correlation with CO₂ 

concentration, consistent with the direct relationship between 

fuel consumption and emissions. Exhaust temperature showed 

a negative correlation, indicating that higher temperatures are 

generally associated with more efficient combustion. Engine 

speed exhibited a weak and nonlinear relationship, reflecting the 

influence of additional factors such as load, gear selection, and 

transient operating conditions. 

The relationships between the variables and CO₂ 

concentration are illustrated using correlation matrices and 

pairwise plots in Figure 2.
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Figure 2. Correlation matrix and pair plots of variables affecting CO₂ concentration  

Figure 2 illustrates the relationships between CO₂ 

concentration and key engine parameters. The strongest 

correlations occur for exhaust gas temperature (r = 0.80) and 

exhaust mass flow (r = 0.71), confirming that combustion 

intensity is the main driver of CO₂ variability. Increasing mass 

flow leads to higher CO₂ levels, although with dispersion caused 

by transient RDE conditions. 

Exhaust temperature shows a nonlinear relationship with 

CO₂, reflecting thermal inertia and explaining why nonlinear 

models better capture emission dynamics. In contrast, engine 

speed exhibits only a weak correlation (r = 0.23), as it does not 

directly represent engine load under real driving conditions. 

The correlation between mass flow and temperature (r = 

0.67) further highlights their combined influence on combustion 

behavior. Overall, the analysis confirms that CO₂ emissions are 

primarily governed by thermal and mass-flow-related processes, 

while engine speed plays a secondary role. These findings 

support the need for nonlinear, data-driven models when 

analyzing emissions under RDE conditions. 

4.2. Linear Regression Model 

As a first step – serving as a reference point – a simple linear 

regression model was developed, in which the dependent 

variable was CO₂ concentration and the independent variables 

were the three aforementioned vehicle parameters. This model 

achieved a coefficient of determination R² = 0.061, which 

confirms the earlier considerations and indicates that it 

explained only 6.1% of the variability in CO₂ concentration. All 

variables except engine speed proved statistically significant at 

the significance level α = 0.05. The strongest positive effect on 

CO₂ concentration was observed for exhaust mass flow (184.33), 

while exhaust temperature had a negative effect (-47.22). 

Engine speed (-1.44) had no significant effect on CO₂ 

concentration (p = 0.13). The estimation errors amounted to 

RMSE = 26,434 and MAE = 15,976, which clearly 

demonstrates the inadequacy of this model for predictive 

applications. 

Therefore, an extension of the classical linear regression 

model was proposed, including quadratic terms and potential 

interactions between the predictors. This approach makes it 

possible to capture curvilinear relationships that could remain 

unnoticed in the simple model, while maintaining the 

interpretability of the estimated parameters. The estimated 

model took the following form: 

𝐶𝑂2 = 96170 + 596.2  𝐸𝑥𝑀𝑎𝑠𝑠𝐹𝑙𝑜𝑤

− 1.873 𝐸𝑥𝑀𝑎𝑠𝑠𝐹𝑙𝑜𝑤2 − 199.3 𝐸𝑥𝑇𝑒𝑚𝑝 

+  1.135 𝐸𝑥𝑇𝑒𝑚𝑝2 +  32.73 𝐸𝑛𝑔𝑖𝑛𝑒𝑆𝑝𝑒𝑒𝑑

− 0.01313 𝐸𝑛𝑔𝑖𝑛𝑒𝑆𝑝𝑒𝑒𝑑 

All model components were statistically significant (p < 

0.001). The strongest predictor of CO₂ concentration was 

exhaust mass flow, for which both linear and quadratic terms 

were significant, confirming a nonlinear relationship. The 

positive linear term indicates that increasing flow raises CO₂ 

concentration, while the negative quadratic term suggests 

saturation effects at higher values. A similar nonlinear behavior 

was observed for exhaust temperature, indicating the existence 

of an optimal thermal range for efficient combustion. Engine 

speed showed a weaker influence, with a positive linear effect 

and a diminishing impact at higher speeds. 

Including polynomial terms improved model performance, 

increasing the coefficient of determination from 0.06 to 0.18, 

corresponding to a threefold rise in explained variance. The 

resulting errors (RMSE = 26,434; MAE = 15,976) indicate 

improved but still limited predictive capability. This confirms 



 

Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 3, 2026 

 

that linear models are insufficient to fully capture CO₂ dynamics 

and that more flexible, nonlinear approaches are required. 

Therefore, these models serve primarily as a baseline for 

comparison with advanced machine learning methods applied 

in subsequent analyses. 

4.3. Nonlinear and Ensemble Models 

4.3.1. Random Forest Model 

Due to the limited performance of linear regression, a Random 

Forest (RF) model was applied to capture nonlinear 

relationships between variables. The dataset was divided into 

training (80%) and testing (20%) subsets. The RF model 

achieved improved predictive performance, with RMSE = 

15,306, MAE = 7,163, and R² = 0.715, indicating strong 

capability in reproducing CO₂ concentration trends. 

Figure 3 compares measured and predicted CO₂ 

concentrations. The RF model accurately follows the overall 

signal structure, particularly in stable operating regions where 

CO₂ levels remain within 90,000–110,000 ppm. This confirms 

its ability to represent steady combustion conditions and long-

term emission behavior. 

During rapid CO₂ drops associated with transient driving 

events, the model correctly identifies the timing of changes but 

tends to underestimate their magnitude. This behavior results 

from the averaging nature of Random Forest, which smooths 

short-lived extremes. Nevertheless, the model preserves 

temporal consistency and avoids unrealistic oscillations, 

making it well suited for capturing global emission patterns 

under highly dynamic RDE conditions. 

At higher CO₂ levels, minor prediction noise is observed, 

reflecting typical ensemble behavior rather than systematic 

error. Overall, the RF model demonstrates a strong balance 

between stability and responsiveness and serves as a reliable 

reference for comparison with more advanced modeling 

approaches.

 

Figure 3. Random Forest model: actual CO₂ concentration (black) and predicted (green, dashed line) during the test. 

Figure 3 shows that during relatively stable operating 

periods (e.g., 1000–2000 s and 3000–4000 s), the Random 

Forest (RF) model reproduces CO₂ concentration with high 

accuracy. This confirms that stable combustion regimes are 

modeled most effectively, whereas prediction errors increase 

mainly during rapid transients. This behavior is consistent with 

the correlation analysis, which indicated that CO₂ concentration 

is primarily governed by thermal and mass-flow-related 

processes. 

During abrupt CO₂ drops, the RF model correctly identifies 

the timing of changes but underestimates their magnitude. This 

limitation results from the smoothing nature of decision trees, 

which attenuate short-lived and highly irregular extremes. 

Nevertheless, the model preserves the overall signal structure 

and avoids artificial oscillations, maintaining high robustness 

under dynamic RDE conditions. 

Overall, the Random Forest model provides strong 

predictive reliability at the macro scale. Although it does not 



 

Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 3, 2026 

 

fully reproduce extreme minima, it accurately captures global 

CO₂ trends and temporal patterns, confirming its suitability as  

a baseline model for evaluating more advanced nonlinear 

approaches. 

Variable importance analysis (Figure 4) indicates that 

exhaust mass flow is the dominant predictor, followed by engine 

speed and exhaust gas temperature. Mass flow shows 

approximately 1.4–1.5 times higher importance than engine 

speed and about twice that of temperature, reflecting its direct 

relationship with fuel consumption and CO₂ formation. This 

result is consistent with the correlation analysis (r = 0.71). 

Engine speed ranks second in importance, providing 

contextual information that helps distinguish operating regimes 

such as high load and freewheeling, despite its relatively weak 

linear correlation with CO₂ (r = 0.23). Exhaust gas temperature 

shows the lowest importance due to its delayed thermal 

response and partial redundancy with other predictors, limiting 

its contribution to short-term dynamics. 

Overall, the Random Forest model effectively captures 

nonlinear interactions between variables, with mass flow as the 

primary driver, speed as contextual support, and temperature as 

a secondary factor. This confirms that variable importance in 

ensemble models reflects both physical relevance and 

informational uniqueness rather than simple linear correlation.

 

Figure 4. Predictive importance of input variables according to the Random Forest model. 

The importance plot also provides insights into the model’s 

limitations and potential improvements. One of them is the 

apparent lack of sensitivity to instantaneous dips observed in the 

prediction plot (the Random Forest model failed to accurately 

reproduce the depth of CO₂ dips). This shortcoming can be 

attributed to the model relying too heavily on mass flow and too 

little on temperature dynamics. Although temperature is inert, 

its inclusion in longer-memory models (e.g., LSTM or GRU 

architectures) can help to better understand systematic trends 

related to combustion process stability and fuel cutoff cycles. 

The results confirm the earlier observations: the 

ExMassFlow variable most accurately reflects the variability of 

CO₂ concentration. In contrast, the ExTemp variable has limited 

informational value in the current dataset, which suggests its 

secondary nature relative to the other variables. 

4.3.2. XGBoost Model 

The XGBoost model was trained using the same 80/20 train–

test split as the Random Forest model. Its predictive 

performance was slightly lower (RMSE = 16,498; MAE = 7,718; 

R² = 0.669), yet it demonstrated high accuracy in reproducing 

CO₂ dynamics. 

As shown in Figure 5, XGBoost closely follows both the 

baseline CO₂ level and rapid transient changes, outperforming 

Random Forest particularly during sharp drops. The model 

accurately captures both the timing and depth of these events, 

reflecting its ability to learn complex nonlinear patterns through 

iterative error correction. At stable CO₂ levels (approximately 

100,000–120,000 ppm), predictions remain smooth and highly 

consistent with measured data. 

Even under highly dynamic conditions, XGBoost maintains 

stability and reproduces rapid fluctuations effectively. Minor 

overshooting may occur during extreme transitions, but this 

does not significantly affect overall accuracy. Overall, XGBoost 

provides a more precise representation of CO₂ dynamics than 

Random Forest, particularly for transient behavior, making it 
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well suited for advanced emission modeling under real-world driving conditions.

 

Figure 5. XGBoost model – actual and predicted values of CO₂ concentration. 

Analysis of Figure 5 shows that XGBoost maintains high 

accuracy even during pronounced CO₂ drops, correctly 

reproducing both their timing and depth. This confirms its 

ability to capture rapid transients as well as longer-term signal 

structures, which is essential for reliable real-time emission 

prediction. Compared with Random Forest, XGBoost performs 

more consistently under highly dynamic RDE conditions. 

Its advantage is most evident in reproducing deep CO₂ drops 

while maintaining stable predictions during steady operation. 

Although minor overshooting may occur during extreme 

transitions, overall signal integrity is preserved, confirming 

suitability for highly nonstationary emission data. 

Figure 6 explains this behavior through variable importance 

analysis. Exhaust mass flow is the dominant predictor, followed 

by engine speed and exhaust gas temperature. This hierarchy is 

physically consistent: mass flow reflects combustion intensity, 

speed provides operational context, and temperature represents 

slower thermal dynamics. Despite its high correlation with CO₂, 

temperature contributes less to instantaneous prediction due to 

its delayed response. 

Overall, XGBoost effectively exploits nonlinear interactions 

between variables, enabling accurate representation of both 

rapid transients and long-term trends. This explains its superior 

performance relative to Random Forest and confirms its 

suitability for CO₂ prediction under real-world driving 

conditions.

 

Figure 6. Informational value of variables in the XGBoost model according to the node purity index. 
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In conclusion, the analysis of the information value of the 

variables in the XGBoost model reveals a logical and physically 

based hierarchy of variables, in which exhaust gas mass flow 

dominates, while speed and temperature act as additional 

contextual predictors. This distribution is consistent with both 

the principles of engine operation and the results of the analysis 

of previous XGBoost predictions. This confirms that the 

XGBoost model correctly identified the most important 

predictors of CO₂ emissions and effectively used their 

information structure to create highly accurate predictions. 

The results of the XGBoost model confirm that the structure 

of CO₂ concentration relationships is complex, and the best 

predictive performance is achieved by algorithms capable of 

capturing nonlinearities and conditional dependencies between 

predictors. Additionally, similar to the RF model, the most 

important information about CO₂ concentration is contained in 

the exhaust flow and engine speed parameters. 

4.3.3. GAM Model 

The Generalized Additive Model (GAM) was applied to assess 

its ability to model nonlinear CO₂ dynamics under RDE 

conditions. The model achieved moderate performance (RMSE 

= 20,881; MAE = 12,379; R² = 0.469), clearly inferior to 

Random Forest and XGBoost. Figure 7 shows that GAM 

reproduces the general CO₂ trend reasonably well, particularly 

at medium and high concentration levels, but performs poorly 

during rapid and deep concentration drops. 

The model captures average emission levels but fails to 

reproduce sharp transitions, especially during abrupt decreases 

typical of real driving conditions. These limitations arise from 

the additive structure of GAM, which restricts its ability to 

represent highly nonlinear and rapidly changing interactions 

between engine parameters. As a result, the model tends to 

smooth extreme variations and underestimate the depth of CO₂ 

drops. 

Although GAM performs adequately in stable operating 

regions, it lacks the responsiveness required to model highly 

dynamic emission behavior. This contrasts with ensemble 

methods, particularly XGBoost, which more effectively capture 

both the timing and magnitude of rapid changes. Consequently, 

GAM is suitable for representing long-term trends but is less 

effective for modeling short-term, high-intensity fluctuations 

typical of real-world driving conditions.

 

Figure 7. GAM model: actual and predicted CO₂ concentration as a function of time. 

The GAM model reproduces overall CO₂ trends but 

performs poorly during rapid transitions, reflecting the 

limitations of additive modeling under highly dynamic 

conditions. While effective in stable regimes and useful for 

interpretability, it lacks the responsiveness required for accurate 

short-term prediction. Consequently, GAM is better suited as an 

explanatory rather than a predictive model for real-world 

driving conditions. 
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Figure 8. Predictor importance in the GAM model: assessment 

based on F-statistic values. 

Figure 8 highlights clear differences between the GAM and 

ensemble models in terms of variable importance. While 

Random Forest and XGBoost emphasize exhaust mass flow as 

the dominant predictor, GAM assigns the highest importance to 

engine speed. This reflects fundamental differences in model 

structure: ensemble methods capture interactions between 

variables, whereas GAM relies on additive smooth functions 

and therefore emphasizes predictors with stable, nonlinear 

trends. 

The dominance of speed in the GAM model explains its 

limited ability to reproduce sharp CO₂ drops. Although speed 

captures systematic operating regimes, it cannot represent rapid, 

interaction-driven events such as fuel cut-off, which require 

joint interpretation of multiple variables. As a result, GAM 

performs well in describing long-term emission behavior but 

underperforms in highly dynamic conditions. 

Mass flow remains an important predictor, providing direct 

information on combustion intensity, while exhaust temperature 

plays a secondary, stabilizing role due to its thermal inertia. This 

hierarchy confirms that GAM prioritizes smooth, interpretable 

relationships over responsiveness to rapid transients. 

Overall, Figure 8 demonstrates that GAM offers valuable 

interpretability and insight into long-term emission trends but 

lacks the structural flexibility required for accurate modeling of 

rapid CO₂ fluctuations. Consequently, it serves best as  

a complementary explanatory tool alongside more responsive 

ensemble models. 

4.3.4. MARS Model 

The MARS (Multivariate Adaptive Regression Splines) model 

shows moderate predictive performance (RMSE = 20,753; 

MAE = 11,926; R² = 0.476), clearly inferior to Random Forest 

and XGBoost. As shown in Figure 9, it reproduces general CO₂ 

trends under stable operating conditions but fails to capture 

rapid and deep concentration drops. 

MARS performs reasonably well when CO₂ levels remain 

stable (≈95,000–115,000 ppm), reflecting its ability to model 

long-term emission behavior. However, during rapid transitions 

it underestimates drop magnitude due to its piecewise linear 

structure, which smooths abrupt changes. In highly dynamic 

regions, the model also shows increased noise and reduced 

responsiveness, limiting its effectiveness under RDE conditions. 

Despite these limitations, MARS provides valuable 

interpretability by identifying structural changes and operating 

regimes. While unsuitable for accurate real-time prediction, it 

remains useful for analyzing long-term trends and supporting 

explanatory analysis alongside more advanced ensemble 

methods such as XGBoost.

 

Figure 9. MARS model: actual and predicted CO₂ concentration as a function of time. 
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The MARS model demonstrates moderate performance in 

predicting CO₂ emissions under real driving conditions. It 

reproduces overall trends and stable operating regimes but 

performs poorly during rapid emission drops. Compared with 

Random Forest and XGBoost, MARS shows lower sensitivity 

to abrupt changes, making it less suitable for short-term 

prediction despite being more flexible than classical linear 

models. 

MARS therefore represents an intermediate approach: more 

expressive than linear regression and GAM, yet less accurate 

and responsive than ensemble methods. Its main advantage lies 

in interpretability and the ability to reveal structural 

relationships rather than in precise dynamic prediction. 

Variable importance analysis (Figure 10) indicates that 

engine speed is the dominant predictor, followed by exhaust 

mass flow and exhaust temperature. This differs from ensemble 

models, where mass flow dominates, and reflects the additive 

structure of MARS. Engine speed exhibits strong nonlinear 

effects across operating regimes, while mass flow contributes 

more smoothly and temperature plays a minor role due to its 

slow response. 

Overall, MARS captures long-term emission behavior and 

structural patterns but lacks the responsiveness required for 

accurate modeling of rapid CO₂ fluctuations. It is therefore best 

suited as a complementary, interpretative tool alongside more 

accurate ensemble methods such as XGBoost. 

 

Figure 10. Informational value of variables in the MARS 

model according to the GCV and RSS criteria 

An important insight from this analysis concerns how 

variable importance is interpreted in the MARS model. Unlike 

ensemble methods, which evaluate variables based on their 

contribution to error reduction, MARS assigns importance 

according to how effectively a variable enables local 

segmentation of the data. As a result, variables exhibiting strong 

local nonlinearities are favored. Engine speed shows the 

strongest such behavior, followed by exhaust mass flow, while 

exhaust temperature contributes the least. 

This explains the behavior observed in Figure 9. The MARS 

model reproduces overall CO₂ trends well in stable regions but 

loses accuracy during sharp declines. Although engine speed 

provides strong nonlinear structure, it is insufficient to capture 

abrupt CO₂ drops, which are primarily driven by rapid changes 

in mass flow. Since MARS relies on segmented approximations, 

it struggles to represent such sudden transitions. 

Overall, the variable importance ranking derived from GCV 

and RSS confirms a clear hierarchy: engine speed dominates 

nonlinear structure, mass flow provides direct physical 

relevance, and temperature acts as a slow background variable. 

This structure aligns with earlier model analyses and helps 

explain both the strengths and limitations of MARS in modeling 

RDE emission dynamics. 

5. Discussion 

To comprehensively compare model performance, RMSE, 

MAE, and R² metrics were analyzed (Table 2, Figures 11–12). 

The results clearly demonstrate a performance hierarchy among 

the tested models. 

Simple linear and quadratic regressions performed poorly 

(RMSE > 24,000 ppm; R² ≤ 0.18), confirming that linear 

approaches are inadequate for modeling highly nonlinear and 

nonstationary RDE data. GAM and MARS achieved moderate 

improvements (R² ≈ 0.47), capturing general emission trends 

but failing to reproduce sharp CO₂ drops. Their additive 

structures limit responsiveness to abrupt signal changes, despite 

improved interpretability. 

The best performance was achieved by ensemble methods. 

XGBoost reached RMSE ≈ 16,499 ppm, MAE ≈ 7,718 ppm and 

R² = 0.669, accurately reproducing both baseline levels and 

rapid emission drops. Random Forest achieved the lowest 

overall error (RMSE ≈ 15,307 ppm, MAE ≈ 7,163 ppm, R² = 

0.715), demonstrating strong robustness to noise and high 

predictive stability, although it slightly underestimates extreme 

minima. 

Overall, ensemble methods clearly outperform regression-

based approaches under RDE conditions. Random Forest 

provides the highest overall accuracy, while XGBoost better 
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captures sharp transient events. These results confirm that 

modeling real-world CO₂ emissions requires nonlinear, 

ensemble-based methods capable of handling highly dynamic 

and chaotic signal structures. 

Table 2. Summary of results for all models. 

Model RMSE MAE 𝑹𝟐 

Linear regression 26 435 15 977 0.061 

Quadratic regression 24 734 15 809 0.180 

GAM 20 882 12 379 0.469 

MARS 20 753 11 926 0.476 

XGBoost 16 499 7 718 0.669 

Random Forest 15 307 7 163 0.715 

Figure 11 compares model performance using RMSE and 

MAE, highlighting clear differences in predictive accuracy. 

Linear and quadratic regressions perform worst (RMSE > 

24,000 ppm, R² ≤ 0.18), confirming their inability to represent 

the nonlinear and nonstationary nature of RDE CO₂ emissions. 

Nonlinear methods (GAM and MARS) improve 

performance (RMSE ≈ 20,000 ppm, R² ≈ 0.47) but remain 

limited in capturing sharp emission drops, which dominate real-

world driving dynamics. 

The best results are obtained with ensemble models. 

XGBoost achieves RMSE ≈ 16,500 ppm and MAE ≈ 7,700 ppm, 

effectively reproducing both baseline trends and rapid 

fluctuations. Random Forest performs best overall (RMSE ≈ 

15,300 ppm, MAE ≈ 7,160 ppm), offering the highest 

robustness and lowest global error, although it slightly smooths 

extreme events. 

Overall, accurate CO₂ modeling under RDE conditions 

requires flexible ensemble methods. Random Forest provides 

the most stable overall performance, while XGBoost better 

captures short-term transients. Simpler models remain useful 

for interpretation but are insufficient for reliable real-world 

prediction.

 

Figure 11. Comparison of RMSE and MAE errors depending on the applied model. 

Figure 12 compares the coefficient of determination (R²) for 

all analyzed models, highlighting their ability to explain 

variability in CO₂ emissions under RDE conditions. Linear and 

quadratic regressions perform poorly (R² = 0.061 and 0.178), 

confirming that simple models are inadequate for highly 

nonlinear and chaotic emission processes. 

Nonlinear methods such as GAM and MARS achieve 

moderate performance (R² ≈ 0.47), capturing general emission 

trends but failing to reproduce sharp and rapid CO₂ fluctuations 

typical of real-world driving. Their additive and segment-based 

structures limit their ability to model abrupt signal changes. 

The best results are achieved by ensemble models. XGBoost 

reaches R² = 0.669, demonstrating strong capability to capture 

complex, highly dynamic emission patterns, particularly sharp 

drops. Random Forest achieves the highest performance (R² = 

0.715), indicating superior overall stability and robustness. 

While XGBoost better reproduces extreme local variations, 

Random Forest provides a more balanced representation of 

global signal behavior. 

Overall, Figure 12 confirms a clear hierarchy of modeling 

performance: linear models are inadequate, nonlinear additive 

models offer moderate improvements, and ensemble methods - 

especially Random Forest and XGBoost - are most suitable for 

accurate CO₂ emission modeling under real driving conditions.
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Figure 12. Comparison of R² coefficients of determination obtained for all models. 

This analysis also allows us to draw a generalized 

methodological conclusion: R² values very clearly reflect the 

general applicability of the modeling methods. If the goal is 

structural and interpretive analysis, GAM may be a suitable 

choice. If the goal is to identify segmental nonlinearities, MARS 

is a useful tool. However, if the goal is maximum accuracy and 

explanation of variation, especially in the case of non-stationary 

RDE signals, ensemble tree methods are incomparably superior. 

Finally, Figure 12 once again confirms that the comparison 

and analysis of methods performed in our study are 

methodologically sound – CO₂ emission modeling requires 

advanced methods capable of handling high noise and nonlinear 

relationships, and Random Forest and XGBoost remain the 

undisputed leaders in terms of R². 

6. Conclusions 

1. The study demonstrates that CO₂ concentration in 

passenger vehicles can be accurately predicted using 

only three standard engine parameters - engine speed, 

exhaust gas mass flow, and exhaust temperature - 

without direct CO₂ measurement. This confirms the 

feasibility of low-cost prediction systems that do not 

require PEMS equipment. 

2. Exhaust gas mass flow proved to be the most 

informative and physically meaningful predictor, 

consistently dominating variable importance rankings 

and reflecting its direct relationship with combustion 

intensity under real RDE conditions. 

3. Ensemble methods (Random Forest and XGBoost) 

clearly outperformed regression-based approaches, 

explaining over 66–71% of CO₂ variability (R² = 0.669 

and 0.715). This confirms their suitability for modeling 

the highly nonlinear and transient nature of RDE 

signals. 

4. Random Forest achieved the best overall predictive 

performance (RMSE = 15,307 ppm, MAE = 7,163 

ppm), providing the most stable and accurate results 

and making it the most suitable method for systematic 

CO₂ monitoring applications. 

5. XGBoost most accurately reproduced rapid CO₂ drops, 

which account for a large share of signal variability in 

RDE data. This makes it particularly well suited for 

modeling extreme dynamics and real-time control 

applications, such as fuel injection or emission 

regulation. 

6. GAM and MARS models showed moderate 

performance, accurately capturing overall CO₂ levels 

but failing to represent rapid signal fluctuations. Their 

R² values (~0.47) indicate usefulness for structural 

interpretation rather than high-precision prediction. 

7. Linear and quadratic regression models proved 
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inadequate for RDE applications, with very low 

explanatory power (R² = 0.061 and 0.180) and high 

errors (>24,000 ppm RMSE), rendering them 

unsuitable for practical CO₂ reconstruction. 

8. The results confirm that standard RDE-accessible 

parameters (ExMassFlow, RPM, ExTemp) contain 

sufficient information to enable real-time CO₂ 

monitoring, potentially reducing dependence on costly 

measurement systems. 

9. The modeling workflow - including data 

synchronization, filtering, and hyperparameter 

optimization - proved critical for achieving high 

accuracy, highlighting that data preparation is as 

important as model selection. 

10. Future research should expand the input feature set and 

validate model robustness across a wider range of 

vehicles and driving conditions. Incorporating 

additional variables (e.g., load, manifold pressure, 

environmental conditions) is expected to further 

improve generalization and long-term predictive 

performance.
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