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Abstract

The article presents issues related to fossil fuel energy consumption and CO2 emissions
from motor vehicles. It identifies the main areas of research in this field in the context
of motor vehicles, namely driver behavior, fuel consumption, and OBD systems. The
research sample consisted of experimental data containing records of a series of test drives
conducted with a passenger vehicle equipped with a gasoline-powered internal combus-
tion engine, collected via an OBD diagnostic interface. Three subsets related to engine
operation and energy demand patterns were distinguished for the study: during vehicle
start-up and low-speed driving (vehicle start-up mode), during urban driving, and during
extra-urban driving. Multiple regression models were constructed for the analyzed subsets
to predict CO2 emissions based on engine energy output parameters (power, load) and
vehicle kinematic parameters. The developed models were subjected to detailed evalu-
ation and mutual comparison, taking into account their predictive performance and the
interpretability of the results. The analysis made it possible to identify the variables with
the most substantial impact on CO2 emissions and fuel energy consumption. The models
allow individual drivers to monitor and optimize vehicle energy efficiency in real-time. The
extra-urban driving model achieved the highest predictive accuracy, with a mean absolute
error (MAE) of 19.62 g/km, which makes it suitable for real-time emission monitoring
during highway driving.

Keywords: CO2 emissions; multiple regression; mathematical modeling; energy efficiency;
real-time monitoring

1. Introduction
The ongoing transformation of the transport sector toward a low-emission economy,

along with increasingly stringent environmental protection regulations, makes precise mon-
itoring of carbon dioxide (CO2) emissions from passenger vehicles increasingly important
both at the systemic and individual levels [1,2]. Existing strategies aimed at reducing the
negative impact of the automotive sector on the climate have primarily focused on vehicle
manufacturers and the implementation of new type-approval standards. However, the role
of the end user is equally significant, as greater awareness of one’s own environmental
impact can lead to more responsible operational and purchasing decisions.
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Modern passenger vehicles are equipped with advanced On-Board Diagnostics (OBD)
systems that enable continuous real-time recording of technical parameters, including data
related to fuel consumption and emission levels. The availability of such data makes it
possible to develop mathematical models that can predict actual CO2 emissions based
on real operating conditions. Particularly promising in this regard is the use of multi-
ple regression methods, which make it possible to consider many explanatory variables
simultaneously, thereby improving the accuracy and reliability of estimation [3]. Using
OBD data as an input source for regression models represents an important step toward
the personalization of assessing the environmental impact of an individual passenger
vehicle user.

1.1. Emission Issues in the Context of the European Union

The reduction in harmful emissions from motor vehicles is currently one of the most
significant environmental challenges observed within the European Union (EU), obligating
member states to take action in this area [4]. The requirements concern greenhouse gas
emissions, including carbon dioxide (CO2), methane (CH4), and nitrous oxide (N2O) [5,6].
Figure 1 presents emission levels between 2016 and 2020 across EU member states. It
can be observed that Germany is the largest CO2 emitter within the European Union,
while Poland ranks third, producing three times more CO2 than the 10-year EU average
(119.3 million tons).

 

Figure 1. CO2 Emissions in European Union Countries in 2016–2020.

The European Union recognizes the transport sector as one of the areas of the economy
with the most harmful impact on the natural environment and human health, as it plays
a significant role in shaping CO2 emission levels within the EU, accounting for approxi-
mately 30% of total CO2 emissions (Figure 2). About 70% of this amount originates from
road transport, with passenger cars generating as much as 61% of it [5]. The number of
registered motor vehicles was also analyzed. In 2021, there were approximately 250 million
vehicles across the European Union, 19% of which were in Germany (48.54 million). Poland
ranked fourth, with a total of 25.87 million vehicles (10%) (Figure 3). The average number
of vehicles per country in Europe is about 10 million. It can be observed that around
3.7 million new vehicles are added annually across the European Union. In Poland the
annual increase amounts to about 850,000 vehicles.
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Figure 2. CO2 emissions from transport in European Union countries in 2020.

 

Figure 3. Number of passenger cars in the EU in 2017–2021.

An important factor is also the average age of vehicles. Figure 4 presents the results
for individual EU countries in 2021. The oldest vehicles are found in Greece (17 years),
while the newest are in Luxembourg (7.6 years). The EU average vehicle age is 12 years,
while Poland ranks eighth, with an average vehicle age of 14.5 years.

Another key aspect is the share of vehicles over 10 years old in European Union
countries. According to 2021 data, the country with the highest proportion of vehicles older
than 10 years is Romania, with 87% (6.5 million vehicles). Greece ranks second, with 84%
(4.5 million vehicles). Poland ranks third with 81% of vehicles (approximately 21 million)
that are more than 10 years old. This is largely due to the fact that many vehicles operating
on Polish roads are imported from other EU countries, and only about 1.3 million of them
are under 3 years old [7]. Luxembourg and Ireland have the lowest shares of vehicles in
this age category, at 25% and 37%, respectively.

Another important factor is the type of vehicle powertrain. According to the 2023
ACEA Vehicles in Use report [8], approximately 51.1% of all passenger cars in the European
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Union are powered by gasoline. Diesel accounts for about 41.9% of vehicles, LPG for 2.5%,
while hybrid electric vehicles (HEV) make up 2.3%. Battery electric vehicles (BEV) represent
only 0.8%, and plug-in hybrid electric vehicles (PHEV) account for 0.7%.

 

Figure 4. Average Vehicle Age in the EU in 2021.

For this reason, the EU has introduced regulations aimed at reducing these emis-
sions. The EU policy in this area focuses, among other measures, on introducing new
and increasingly stringent CO2 emission standards for new passenger cars. These stan-
dards are ultimately intended to achieve climate neutrality by 2050 and a 90% reduction
in transport-related emissions. Although these actions are global in scope, certain local
initiatives can also contribute to reducing CO2 emissions. One of the key measures is
increasing driver awareness of eco-driving principles. Effective transport decarbonization
requires not only systemic changes but also operational-level actions focused on individual
users. Individual driving habits—such as smooth driving, avoiding excessive acceleration
and braking, and efficient fuel use—can have a significant impact on total greenhouse gas
emissions. In order for educational and motivational strategies at the individual level to
produce tangible global effects, it is necessary to provide drivers with appropriate tools
to support their decision-making processes. One such tool may be mathematical models
developed on the basis of data obtained from the On-Board Diagnostic (OBD) system,
which accurately analyze the influence of various factors—such as driving style, vehicle
load, and road conditions—on CO2 emissions. Such measures are particularly important
given the continuously increasing number of vehicles in the European Union. In this
context, the present study undertook research aimed at developing a model for assessing
the formation of CO2 emission levels using a selected vehicle as an example, focusing on
the level of an individual road user.

Based on the literature review, it was determined that the most significant factors in
the context of modeling vehicle emissions can be grouped into three thematic areas: driving
style, fuel consumption, and diagnostic systems.

An analysis of the literature concerning driving style has shown that driver behavior
on the road can significantly contribute to reducing the carbon footprint associated with
road transport. Key aspects in this area include vehicle speed and driving dynamics.
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Another thematic area is fuel consumption, which is directly linked to CO2 emissions.
A review of the literature in this field has shown that a number of forecasting methods are
used in fuel consumption modeling, such as linear regression, decision trees, and neural
networks. A very important issue in this area is the identification of vehicle-related factors
(engine operating parameters, vehicle kinematic parameters, etc.) that directly affect fuel
consumption. The literature review indicates that significant influencing factors include,
among others, vehicle speed, engine rotational speed, engine load, and engine power.

The driver’s role is also crucial in the context of vehicle emissions [9]. Therefore, the
ability to diagnose driving style is particularly important for identifying—and ultimately
eliminating—“negative” and “positive” driver behaviors. The “positive” driving style in-
volves smooth acceleration, maintaining constant moderate speeds, and minimizing throttle
variations. The “negative” (aggressive) style features rapid acceleration, frequent high-load
operation, and variable speed patterns, resulting in higher CO2 emissions. The collection,
analysis, and evaluation of such information may make it possible to identify advanced
patterns and determine the influence of selected factors on vehicle emission levels.

1.2. Literature Review on CO2 Emission Modeling

CO2 emission in motor vehicles is a complex issue that depends on numerous influenc-
ing factors. Their correct identification is essential for the development and implementation
of CO2 emission reduction strategies, particularly to meet the need for a deeper understand-
ing, analysis, and assessment of the influence of individual variables on CO2 emissions.
Therefore—based on a review of the literature—the most significant of these factors were
identified, including, in addition to CO2 emission measurement methods [10]:

• The type of fuel used to power the vehicle [11];
• The driver’s driving style [12–15];
• The amount of fuel consumed [10,11,14,16];
• The share of electrical energy consumers in vehicles that affect driving comfort and

performance, the so-called functional systems [16];
• Kinematic parameters characterizing vehicle motion, such as speed and

acceleration [11,14,15];
• And the diagnostic systems used [17,18].

Modern internal combustion engines in passenger vehicles are mainly powered by
gasoline or diesel fuel. An analysis of CO2 emissions and fuel consumption data for
selected combustion vehicles can be found, among others, in [19]. That study also de-
scribed the differences in CO2 emission regulations across different countries and, based
on the collected data on CO2 emissions and fuel consumption, compared them with
theoretical stoichiometric calculations of CO2 emissions derived from fuel combustion
reactions. A linear regression model was used for this purpose, and the obtained results
showed that compression-ignition (diesel) engines, despite lower fuel consumption, emit
more CO2 per unit of distance traveled compared to spark-ignition (gasoline) engines.

The issue of vehicle manufacturers adapting to the applicable CO2 emission standards
depends on the ability to accurately measure, among other things, fuel consumption
levels and CO2 emissions under typical operating conditions of a vehicle [20,21]. Due to
the need to ensure the repeatability of results, such measurements are carried out under
laboratory conditions, which may lead to significant discrepancies between laboratory
measurements and those obtained during real-world vehicle operation. The article [10]
provides an overview of the causes of differences between measured fuel consumption
in laboratory conditions and in real use, as well as CO2 emissions from passenger cars
operated in Europe.
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The driver is another key factor that must be taken into account when analyzing
CO2 emissions. In the article [12], the impact of driving style on CO2 emissions and fuel
consumption in road transport was examined, showing that it is of significant importance.
The observed differences, described as “calm” and “aggressive” driving, can lead to varia-
tions of up to 40% in fuel consumption and CO2 emission levels. The use of eco-driving
techniques—based on anticipating road situations, avoiding unnecessary acceleration
and braking, and using the engine efficiently—can yield measurable results. This was
demonstrated using the developed Ecoindex algorithm [12], designed to determine a fuel
consumption and CO2 emission index that results from the driver’s behavior, depending
on other factors such as the vehicle’s route or road conditions. Based on the study results,
it was found that at lower vehicle speeds, under urban conditions, driver behavior has
a greater impact on fuel consumption and CO2 emissions compared to highway driving,
where this influence is significantly smaller. Meanwhile, the authors of article [14] noted
that an “aggressive” driving style—characterized by high vehicle speeds, especially those
exceeding 100 km/h—also has a significant effect on increased fuel consumption and CO2

emissions. In turn, the study [22] demonstrated that emission reduction is also influenced
by minimizing the time spent driving in low gears and shifting to higher gears as early as
possible, while avoiding frequent gear changes (in the case of a manual transmission).

The driver, along with all the decisions made during driving, therefore has a key
impact on CO2 emissions. However, due to the presence of other drivers on the road and
external factors, it is not always possible to drive in a balanced manner at a constant speed.
In this context, the article [23] examined changes in CO2 emissions for vehicles operating
at variable speeds on curved road sections. This is particularly important due to the
impact of speed fluctuations during acceleration on energy consumption and greenhouse
gas emissions.

After considering the driver’s influence, it is also necessary to take into account the
effect of functional systems, whose main purpose is to provide better driving characteristics
and increase passenger comfort. The article [16] investigated how these systems affect fuel
consumption and CO2 emissions. The operation of functional systems involves additional
electrical energy consumption and imposes a load on the engine. Examples of such systems
include vehicle air conditioning, ventilated/heated seats, interior lighting, audio-visual
systems, driving modes, and similar features. These systems were evaluated for their
impact on greenhouse gas emissions under real-world driving conditions using a Portable
Emissions Measurement System (PEMS). The study reported in the article shows that using
such conveniences has a significant impact on both emissions and fuel consumption, in
some cases increasing them by more than 50%. This emphasizes the need to consider
the ecological and economic consequences of implementing these systems both in vehicle
design and operation. It also highlights the necessity for further research in this area,
especially considering current trends in vehicle equipment.

Another factor affecting CO2 emissions is the vehicle’s speed and acceleration. This
topic has been addressed, among others, by the authors of article [24], which focused
on developing models for predicting carbon dioxide emissions based on instantaneous
vehicle speed and acceleration values, using a mathematical regression method. A sig-
nificant linear relationship was found between CO2 emissions and both vehicle speed
and acceleration changes. The results emphasize the need to include variations in both
speed and acceleration in CO2 emission models in order to obtain accurate forecasts. The
most commonly used solution for precise vehicle speed measurement is the use of Global
Navigation Satellite Systems (GNSS), which provide high accuracy in position and speed
measurement in Real-Time Kinematic (RTK) mode.
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During driving, the driver may have access to information on instantaneous fuel
consumption and CO2 emission levels obtained from the vehicle’s on-board diagnostic
system. However, these readings may be affected by certain levels of measurement error
regarding the accuracy of fuel consumption and emission data [25]. Studies on NO2 and
CO2 emissions from heavy-duty vehicles equipped with compression-ignition engines
using on-board diagnostic systems were presented in article [17]. In that study, data
obtained from the vehicle’s On-Board Diagnostics system (OBD-II) were compared with
experimental data collected using external measuring equipment on a dynamometer within
the CHTC-HT driving cycle (China Automotive Test Cycle of Heavy-Duty Trucks). The
authors demonstrated that the results calculated based on diagnostic system data were
consistent with those measured by the emission analyzer, since CO2 emissions are directly
correlated with the vehicle engine’s fuel consumption.

In summary, the issue of vehicle emissions is a complex one. Based on the literature
review, it can be concluded that the factors influencing the emissions of passenger vehi-
cles, as defined at the level of an individual user, include the driver’s driving style, fuel
consumption, and diagnostic systems. Other characterized factors are related to these. The
driver’s driving style determines the kinematic parameters of vehicle motion; the stan-
dards and methods for measuring CO2 emission levels are closely related to the available
on-board diagnostic systems; and the functional systems, in turn, concern the process of
fuel consumption, and so on.

The purpose of this article is to develop a method for assessing the CO2 emission
level of a passenger vehicle by using data obtained from the OBD interface and through
modeling based on multiple regression, enabling precise and dynamic real-time emission
monitoring. Among the novelties of the study, the following can be distinguished: the
development of driving-mode regression models for CO2 emissions and the demonstration
that OBD-II data alone, without additional measurement equipment (PEMS), enables real-
time emission prediction. The article consists of five sections: an introduction to the subject,
a description of the applied mathematical modeling methods, a presentation of research
results for selected driving modes, a discussion of the results, and conclusions.

2. Materials and Methods
The foundation of this article is experimental research that involved long-term record-

ing of selected parameters of a moving passenger vehicle. For this purpose, a spark-ignition
engine vehicle was selected, driven by a total of six drivers differing in age and driving
experience. This number of participants made it possible to take into account various
driving styles. The measurements were conducted over a period of three years, and the
research area covered the territory of Poland. The total distance traveled by the vehicle
was approximately 12,000 km. During each month of the 36-month study, the randomly
selected drivers were required to drive at least 300 km. To protect the privacy of individual
drivers, the data related to their trips were anonymized. Most routes were planned in
advance (particularly on expressways and highways) and were selected to ensure the
greatest possible variety. The routes included numerous urban sections, expressways, and
frequent stops (engine on/off events), which made it possible to record different driving
modes of the vehicle. The presented study did not include specialized road environments
such as mountainous terrain with steep gradients or extreme weather conditions (heavy
rain, snow, or icy road surfaces). Drivers were instructed to operate the vehicle in a manner
reflecting their everyday driving habits and not to use cruise control during driving [2].
Although the research sample, which included one vehicle and six drivers, does not allow
for generalization of the results to the entire population, the purpose of this study was not
to develop a universal model but rather to present a methodology for modeling CO2 emis-
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sions using OBD data and to evaluate its usefulness in analyzing the influence of selected
operational factors. Limiting the study to a single vehicle made it possible to eliminate
variability resulting from design differences (mass, power, drivetrain configuration), while
involving six drivers allowed for consideration of differences in driving style.

For the acquisition of measurement data related to selected technical parameters
of the vehicle, the OBD interface was used. The hardware layer consisted of a wireless
OBD adapter connected to a smartphone, while a dedicated application provided the
necessary communication software. The Vgate iCar Pro adapter (Vgate Technology Co.,
Ltd., Shenzen, China) was used together with the Torque Pro (Android; ver. 1.12.101; Ian
Hawkins, Newport Pagnell, Buckinghamshire, UK) application to record vehicle data. Data
acquisition via the mentioned adapter was performed at 1 Hz sampling frequency. A
smartphone running the Android operating system was used for Wi-Fi data logging [2].

A review of the literature has shown that CO2 emissions in internal combustion engine
vehicles are influenced by many factors, including vehicle speed, acceleration (deceleration),
engine speed, engine power, engine torque, gear ratio, road gradient, engine load, throttle
position, and others. However, since the aim of this study was to develop a tool dedicated
to any vehicle user, only those factors directly available from the OBD interface or the
smartphone, and those directly affected by the driver’s driving style, were used in the
research. Therefore, the selection of variables excluded technical parameters describing,
for example, vehicle dimensions, mass, engine displacement, and parameters not directly
influenced by the driver, such as intake air temperature or engine coolant temperature.

Parameters that could only be indirectly calculated (based on other variables), such as
vehicle acceleration, current gear, or road gradient, were also excluded. Instead, the focus
was placed on engine performance indicators—namely, engine speed (RPM), engine load,
and engine power—as well as vehicle kinematic parameters, such as vehicle speed [2].

Ultimately, based on the adopted criteria, the values of the previously mentioned
parameters were recorded directly from the diagnostic interface during the measurements,
namely: engine speed (RPM), engine load, engine power, vehicle speed, engine torque,
throttle position, and CO2 emissions [2].

Vehicle speed was recorded using the GNSS receiver built into the smartphone, due to
the low resolution (1 km/h) of the measurements available from the Torque Pro application.
To preserve the quality of the raw data and avoid the influence of filtering on the research
results, no filtering of the recorded signals was applied. Furthermore, since it is not possible
to determine the CO2 emission level while the vehicle is stationary, such observations and
idle operation were excluded from the analysis [2].

The indirect method of CO2 emission measurement used in the study is based on
a carbon balance and data obtained from the fuel flow sensor (via the OBD interface).
Determining the CO2 mass requires assuming complete carbon oxidation and is based
on the known ratio of the molecular masses of CO2 and C, as well as the mass fraction
of carbon in the fuel. This is a commonly used method for determining CO2 emissions
in vehicles. The lack of a direct measurement option results from the absence of a CO2

emission sensor in the standard equipment of passenger cars.
The research methodology consisted of the following stages: data acquisition, prelimi-

nary analysis—calculation of descriptive statistics, correlation analysis of parameters, clus-
ter analysis—k-means clustering to distinct driving modes (start-up, urban, extra-urban),
model development—construction of multiple regression models, model verification—
statistical validation, and model evaluation—performance testing using selected met-
rics. Due to the nature of the dependent variable (taking numerical values), multiple
regression was selected as the modeling approach. Data analysis was performed using
Statistica 13.1 software. In the first stage, a preliminary data analysis was carried out using
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basic descriptive statistics, along with an assessment of variable behavior in relation to
CO2 emissions.

Multiple regression is an extension of one of the most commonly used statistical tools
in data analysis and modeling processes, namely linear regression. It makes it possible
to determine the relationship between a dependent (explained) variable and one or more
independent (predictor or explanatory) variables. This method allows for identifying how
changes in independent variables affect the dependent variable. The main objective of
linear regression is to find a mathematical relationship that most accurately describes the
connection between the analyzed variables while minimizing the errors between predicted
and observed values [2].

Modeling using linear regression is widely applied due to its ability to [26]:

• Test various research hypotheses and develop a model that best describes the relation-
ship between the analyzed variables;

• Understand and interpret the examined phenomenon and the relationships occurring
within it;

• Forecast the analyzed phenomena.

Before proceeding with modeling, the available dataset was divided into two subsets:
a training set and a testing set. The training set is used to build the model, while the
testing set is used to evaluate its fit (by calculating prediction errors). The process of
determining a linear regression model consists of four main stages: specification, estimation,
verification, and application. The first stage, specification, involves formulating the model
in a form that allows for its further analysis and empirical verification. The second stage,
estimation, concerns determining the optimal values of the model parameters. The third
stage, verification, involves checking, by means of statistical methods, whether the obtained
model is correct (including an assessment of the model’s significance and the significance of
its parameters). The final stage, application, involves using a validated model for practical
purposes, such as forecasting [26].

Regression can be expressed in the form of an equation or a system of equations. The
structure of the regression model is presented by the following relationship [26]:

Y = F(X1, X2, . . . , Xk, ε) = β0 + β1 x1 + · · ·+ βk xk + ε, (1)

where Y—dependent variable, X1, X2, . . . , Xk,—independent variables, ε—random com-
ponent, F—unknown functional form of the model.

The regression function most commonly takes a linear form (linear regression), but
it may also take the form of an exponential, power, logarithmic, or other type of function
(nonlinear regression) [26]. When the relationship is analyzed between one dependent
variable and several independent variables, this is referred to as multiple regression [26].

The parameters β0, β1, βk of the model are unknown. They should be estimated
on the basis of a research sample, using the least squares method (LSM). LSM involves
selecting parameters for which the sum of squares of deviations from the model is as small
as possible, as described by equations [2,26,27]:

∑k
i=1(yi − ŷi)

2 = ∑k
i=1 (yi − β1xi − β0)

2 → min , (2)

where yi—the i-th empirical value of the dependent variable Y, xi—the i-th value of the
independent variable X, ŷi—the i-th theoretical value determined on the basis of the
model, β0—the free term of the regression equation, β1, β2, . . ., βk—unknown values of the
regression model parameters.
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The estimated regression function then takes the form [2,26,27]:

ŷ = b0 + b1x1 + b2x2 + · · ·+ bkxk + ε, (3)

where x1, x2, . . . , xk—explanatory variables (independent), bj—model parameters (regres-
sion coefficients) for the j-th variable, j = 1, 2, . . ., k, ε—random component.

The value of the estimator of the j-th linear regression coefficient bj makes it possible
to determine by how many units the value of the dependent variable will increase (or
decrease) when the value of the j-th independent variable increases by one unit, assuming
that the other variables in the model remain unchanged. This property is of great practical
importance due to the simple and direct interpretation of the model.

A multiple regression model requires the fulfillment of the following assumptions [2,26]:

(1) A linear relationship of the independent variable with respect to the parameters of
the regression model.

(2) The number of observations n must be greater than the number of estimated parame-
ters, i.e., n ≥ k + 1.

(3) Individual independent variables are not linear combinations of the other
independent variables.

(4) The random error term has an expected value of 0 for all i = 1, 2, . . ., n.
(5) The variance of the random error term is identical for all observations (homoscedasticity).
(6) The random error terms are uncorrelated.
(7) The random error term follows a random distribution for any set of observations.

3. Results
The modeling of CO2 emissions began with a preliminary data analysis and an exami-

nation of the behavior of the independent and dependent variables. Based on this analysis,
appropriate mathematical models were selected. In the first step, basic descriptive statistics
of the analyzed variables were calculated (Table 1).

Table 1. Descriptive statistics of selected variables.

Variable Studied Mean Median Standard Deviation Skewness Kurtosis

linear speed of the vehicle v [km/h] 67.69 63.00 39.69 0.07 −0.32

relative engine load L% [%] 39.01 36.86 20.91 0.61 −0.22

engine speed in RPM n [obr/min] 1839.09 1865.75 540.79 −0.33 −0.56

engine power P [kW] 8.56 8.12 5.35 1.33 2.91

engine torque T [Nm] 42.80 36.33 23.72 1.48 2.67

relative throttle position φ% [%] 14.76 12.94 12.87 2.78 11.09

CO2 emissions mCO2 [g/km] 270.98 191.86 410.66 11.31 215.91

The calculated descriptive statistics indicate that the variables vehicle linear speed,
relative engine load, and engine speed (RPM) have means close to their medians, which
suggests the absence of outliers in the dataset and indicates a symmetric distribution. Fur-
thermore, the calculated skewness and kurtosis values suggest that these variables follow a
distribution close to normal. For the remaining variables, these values indicate a degree of
asymmetry in the distribution. Therefore, the next step involved testing the conformity of
the distributions of the analyzed variables with the normal distribution. The Kolmogorov–
Smirnov test was used for this purpose. At the chosen significance level of α = 0.05, the
test statistic D was calculated for each variable, along with the corresponding p-value.

https://doi.org/10.3390/app16020934

https://doi.org/10.3390/app16020934


Appl. Sci. 2026, 16, 934 11 of 27

For the variables vehicle linear speed, relative engine load, and engine speed (RPM),
the p-values do not provide sufficient evidence to reject the null hypothesis, which assumes
that the samples come from a population with a normal distribution. In contrast, for the
variables engine power, engine torque, and CO2 emissions, the results did not support
acceptance of this hypothesis (Table 2).

Table 2. Kolmogorov-Smirnov test results.

Variable Studied Value of Test Statistic D p Value

speed of the vehicle v [km/h] 0.007 0.08

relative engine load L% [%] 0.008 0.10

engine speed in RPM n [obr/min] 0.004 0.12

engine power P [kW] 0.111 0.01

engine torque T [Nm] 0.174 0.00

relative throttle position φ% [%] 0.145 0.01

CO2 emissions mCO2 [g/km] 0.276 0.01

In the next step, the linearity of the selected dependent variables in relation to the CO2

variable was checked (Figures 5–8). The speed of the vehicle was analyzed first.
The above analysis showed that the level of CO2 emissions varies significantly de-

pending on the vehicle speed. The average CO2 emission at low speeds is higher than at
higher speeds. Subsequently, plots of the variables relative throttle position, relative engine
load, and engine speed (RPM) were generated (Figures 6–8).

Due to the high variability observed, the subsequent analysis involved dividing the
observations into similar groups. For this purpose, the k-means clustering method was
applied. In the first step, using the elbow method, the optimal number of clusters was
determined (Figure 9), and then, three homogeneous groups of observations were identified
within the analyzed dataset.

The mean values of individual variables within the identified groups are presented in
Table 3, while their frequencies are shown in Table 4.

Figure 5. CO2 emissions depending on vehicle speed.
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Figure 6. CO2 emission as a function of relative throttle position.

Figure 7. CO2 emission as a function of relative engine load.

Figure 8. CO2 emission as a function of engine speed.
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Figure 9. Optimal number of clusters determined using the elbow method.

Table 3. Means of variables in individual clusters.

Cluster
No.

Linear Speed
of the

Vehicle [v]
[km/h]

Relative
Engine Load

L% [%]

Engine
Speed in
RPM n

[obr/min]

Engine
Power P

[kW]

Engine
Torque T

[Nm]

Throttle
Position φ% [%]

CO2
Emissions

mCO2 [g/km]

1 16.78 24.65 1411.49 4.41 28.70 6.95 365.60

2 105.68 42.48 2252.47 9.85 41.82 15.93 166.25

3 49.17 66.64 1910.11 14.36 67.70 26.03 213.40

Table 4. Number of observations in clusters.

Number of Cluster Number of Observations Share (%)

1 3846 16.86

2 9318 40.85

3 9647 42.29

The above analysis of the emission function in relation to the selected parameters
demonstrated that the available database should be divided into three groups, correspond-
ing to the engine operating modes, namely: the vehicle start-up mode (cluster 1), the urban
driving mode (cluster 3), and the extra-urban driving mode (cluster 2). The average vehicle
speeds for these modes were 16 km/h, 49 km/h, and 105 km/h, respectively. It can be
assumed that the vehicle start-up mode includes speeds of up to approximately 35 km/h,
the urban driving mode covers speeds up to 85 km/h, while the extra-urban driving mode
refers to speeds above 85 km/h.

To confirm the validity of the proposed division, a homogeneity test was performed
for the selected subgroups. The selection of the test was preceded by an analysis of the
distribution patterns of the CO2 emission variable in each group. As the first step, the
assumption of normal distribution was verified by applying the Kolmogorov–Smirnov test,
in which the test statistic D was calculated. The results are presented in Table 5.

Due to the failure to meet the assumptions required for conducting ANOVA, the
Kruskal–Wallis test was used to compare the variable across the three groups. The calcu-
lated value of the test statistic T and the corresponding p-value are presented in Table 6.
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Table 5. Results of the Kolmogorov–Smirnov test for the normality of the CO2 emission variable.

Driving Mode Value of Test Statistic p Value

Vehicle start-up 0.13 0.01

Urban 0.04 0.01

Extra-urban 0.12 0.00

Table 6. Kruskal–Wallis test results.

Kruskal–Wallis: T = 5631.46 p = 0.00

Driving Mode Total of Ranks Average Rank

Vehicle start-up 71,268,902 18,516.21

Urban 103,018,512 10,673.28

Extra-urban 85,894,852 9226.09

The calculated p-value is smaller than the adopted significance level α = 0.05; therefore,
the null hypothesis should be rejected, and the alternative hypothesis stating that there are
differences in the mean values among the groups should be accepted.

Subsequently, a Tukey post hoc test with the Kramer correction was conducted to
examine the significance of differences in mean CO2 emission values among the clusters.
The calculated test statistics q and their corresponding p-values (Table 7) did not allow the
acceptance of the null hypothesis that the compared group means do not differ statistically.

Table 7. Results of the Tukey–Kramer test.

Driving Mode Vehicle Start-Up
365.60 g/km

Urban
213.40 g/km

Extra-Urban
166.25 g/km

Vehicle start-up 0.00 0.00

Urban 0.00

Extra-urban 0.00 0.00

The identified differences are shown in Figure 10, which presents a box plot of CO2

emissions depending on the driving mode.

Figure 10. Average CO2 emissions depending on driving mode.
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3.1. Multiple Regression Model of CO2 Emissions During Vehicle Start-Up

In the next stage of the study, a multiple regression model was developed to assess
CO2 emissions at the moment of vehicle start-up. The independent variables included
vehicle linear speed, relative engine load, engine rotational speed, engine power, torque,
and relative throttle position.

In the first step, the data were analyzed using selected descriptive statistics recorded
during the initial phase of vehicle movement (Table 8). The mean, median, and standard
deviation values were examined.

Table 8. Basic descriptive statistics of variables in the vehicle start-up cluster.

Variable Studied Mean Median Standard Deviation

maximum speed v [km/h] 16.78 17.00 1.00

relative engine load L% [%] 28.65 25.10 7.06

rotational engine speed n [rpm] 1130.42 1121.50 304.25

engine power P [kW] 4.06 2.82 0.07

torque T [Nm] 32.15 24.69 0.46

relative throttle position φ% [%] 7.53 5.49 0.39

CO2 emission mCO2 [g/km] 365.85 360.01 105.82

The average vehicle linear speed during start-up is 16 km/h, with an average CO2

emission value of 365 g/km. The calculated standard deviations for CO2 emissions and
engine rotational speed indicate high variability in these data. Next, a correlation analysis of
all examined variables was conducted. For this purpose, the Pearson correlation coefficient
was used (Table 9).

Table 9. Correlation coefficients of independent and dependent variables in vehicle start-up mode.

Variable Studied
Vehicle
Speed v
[km/h]

Relative
Engine Load

L% [%]

Rotational
Engine Speed

n [rpm]

Engine Power
P [kW]

Torque T
[Nm]

Relative Throttle
Position [%] φ%

CO2
Emissions

mCO2 [g/km]

vehicle speed
v [km/h] 1.00 0.10 0.84 0.50 0.34 0.27 −0.37

relative engine
load L% [%] 1.00 0.15 0.84 0.47 0.43 0.61

rotational engine
speed n [rpm] 1.00 0.72 0.33 0.29 −0.16

engine power
P [kW] 1.00 0.94 0.45 0.03

torque T [Nm] 1.00 0.45 0.07

relative throttle
position φ% [%] 1.00 0.51

The analysis showed that the correlation coefficient between vehicle speed and engine
rotational speed is 0.84. A similarly high value was calculated for relative engine load
and engine power (0.84). High correlation coefficients were also observed for engine
power and torque (0.94) and engine rotational speed (0.72). These high correlation values
indicate significant multicollinearity among the analyzed variables, reflecting informational
redundancy (a violation of one of the regression model assumptions). Therefore, engine
rotational speed, torque, and engine power were excluded from further analysis. Before
constructing the model, the dataset was divided into two samples, representing 90% and
10% of the entire set, which were then used as the training and test sets, respectively. This
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division allows for the assessment of whether the model achieves satisfactory prediction
results for data not used in model construction and enables verification of its generalization
ability, confirming its practical applicability.

In the first step, the model parameters were estimated and then tested for statistical
significance. A Student’s t-test was performed, calculating the test statistic t and the
corresponding p-value. For all variables, p = 0.00, indicating no grounds to accept the null
hypothesis. The estimated parameter values are therefore significantly different from zero.
The estimated parameter values, along with the test statistics and corresponding p-values,
are presented in Table 10.

Table 10. Estimated parameter values of the multiple regression model in vehicle start-up mode.

N = 3475

Summary of the Regression of the Dependent Variable: CO2 Emissions
R2 = 0.70, F(33,471) = 1164.4, p < 0.00

Estimation Standard Error: 74.74 g/km

b t(3471) p Value

Absolute term 358.72 71.55 0.00

Vehicle speed −2.59 −57.94 0.00

Relative engine load 3.06 19.40 0.00

Relative throttle position −0.75 −2.48 0.01

Next, the model was evaluated. First, the coefficient of determination R2 was calcu-
lated, which equals 70%. This indicates that the model explains 70% of the variability in
the CO2 emission variable, which can be considered a good result.

The overall significance of the structural parameters was also tested. The calculated
value of the test statistic in the generalized Wald test is F = 1164.4, with a corresponding
p-value = 0.00, indicating that all regression coefficients in the model are significantly
different from zero. Based on this, the regression model equation was obtained:

y = 358.71 − 2.59·V + 3.06·L% − 0.75·φ%,

where V—vehicle speed, L%—relative engine load, φ%—throttle position.
Next, the residuals’ distribution was examined, beginning with an assessment of

conformity to the normal distribution. The calculated Chi-square test statistic is 267.18,
with a corresponding p-value = 0.09, indicating no grounds to reject the null hypothesis
that the residuals follow a normal distribution.

To verify the assumption of no residual autocorrelation, the autocorrelation function
(ACF) and the partial autocorrelation function (PACF) of the random component were
determined. No statistically significant autocorrelation values were observed, indicating
that the residuals of the model are randomly distributed. Additionally, the Durbin–Watson
test was performed. The calculated test statistic for the Durbin–Watson test is DW = 1.925,
while the lower and upper critical values are dL = 1.91 and dU = 1.92, respectively. Since
the test statistic is less than 2 and greater than the upper critical value, it can be concluded
that there is no autocorrelation in the residual component.

Next, the heteroscedasticity of the residuals was examined using White’s test. The
calculated test statistic is F = 38.81, with a corresponding p-value = 0.08. This indicates
no grounds to reject the null hypothesis, allowing the assumption that the variance of the
residual component does not vary across explanatory variables, i.e., the homoscedasticity
assumption is satisfied (residual variance is uniform).
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The above analyses confirm the correctness of the model, and therefore, in the next
stage, a goodness-of-fit assessment was performed. For this purpose, a test data set was
used, separated from the same sample as the training data set. This made it possible to
verify whether the model has appropriate and satisfactory predictive properties. Key fit
metrics were calculated and are presented in Table 11.

Table 11. Estimated prediction errors and information criterion in vehicle start-up mode.

Metric Name Metric Value

Mean squares residuals (MSE) 4452.71

Mean absolute error 37.79

Relative mean squared error 27.60

Relative average deviation (MRAE) 0.48

Mean absolute prediction error (MAPE) 0.20

AIC criterion 39,373.26

The mean absolute error (MAE) of the model is 27.60 g/km, indicating the average
distance between predicted and observed values. For the average CO2 emission in this
cluster, which is 365.85 g/km, this result can be considered good. The mean absolute
percentage error (MAPE) is approximately 20%, reflecting the average magnitude of the
prediction error, which is a satisfactory result. These metrics indicate that the model’s
predictive capabilities are at a good level.

Next, a plot of observed versus predicted values was generated (Figure 11).

 
Figure 11. Observed and predicted values for the multiple regression model in vehicle start-up mode.

Visual inspection shows that the model closely follows the empirical data, appropri-
ately responding to increases and decreases in the predicted values.

3.2. Multiple Regression Model of CO2 Emissions in Urban Driving Mode

Next, a model for CO2 emissions during urban driving was developed. In the first
step, the data were analyzed using selected descriptive statistics, calculating the mean,
median, and standard deviation values (Table 12).
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Table 12. Basic descriptive statistics of variables in urban driving mode.

Variable Studied Mean Median Standard Deviation

vehicle speed [km/h] 49.17 49.00 10.64

relative engine load [%] 32.37 28.63 18.72

rotational engine speed [rpm] 1738.33 1735.75 247.57

engine power [kW] 8.23 6.11 5.23

torque [Nm] 44.65 32.50 26.50

relative throttle position [%] 11.70 8.63 10.14

CO2 emissions [g/km] 213.21 175.52 144.24

The average vehicle linear speed in this cluster is 49 km/h, which is close to the median,
indicating the absence of extreme outliers in its distribution and a roughly symmetrical
distribution. The average CO2 emission is 213 g/km, with a median of 175 g/km and
a standard deviation of 144.24 g/km. This indicates high variability in this variable. Next,
the relationships between the independent variables and the dependent variable were
analyzed. For this purpose, the Pearson correlation coefficient was used. The results are
presented in Table 13.

Table 13. Correlation coefficients of independent and dependent variables.

Variable
Studied

Linear Vehicle
Speed [km/h]

Relative Engine
Load [%]

Rotational Engine
Speed [rpm]

Engine
Power [kW]

Torque
[Nm]

Relative Throttle
Position [%]

CO2 Emissions
[g/km]

linear vehicle
speed [km/h] 1.00 0.06 0.25 0.12 0.07 0.12 −0.20

relative engine
load [%] 1.00 −0.01 0.83 0.58 0.24 0.82

rotational
engine speed

[rpm]
1.00 0.75 0.07 0.05 0.08

engine power
[kW] 1.00 0.97 0.49 0.47

torque [Nm] 1.00 0.52 0.49

relative throttle
position [%] 1.00 0.69

The correlation coefficient was calculated to be high for engine power and torque (0.97),
relative engine load (0.83), and engine rotational speed (0.75). Therefore, engine torque, en-
gine rotational speed, and engine power were excluded from further analysis. It should also
be noted that all selected variables exhibit a linear relationship with the dependent variable.

Next, the model was constructed. Once again, the training data set was used as a basis.
In the first step, the model parameters were estimated and then tested for statistical signifi-
cance. A Student’s t-test was applied, calculating the test statistic t and the corresponding
p-value. The estimated parameter values, along with the test statistics and p-values, are
presented in Table 14. For all variables, p = 0.00, indicating no grounds to accept the null
hypothesis, and therefore the estimated parameters are significantly different from zero.

Based on this, a formal verification of the model was conducted. The coefficient of
determination (R2) of the model is 63%, indicating that 63% of the variability between the
variables is explained by the model, which can be considered satisfactory.

The overall significance of the structural parameters was also tested. The calcu-
lated value of the test statistic in the generalized Wald test is F = 4894.9, with a corre-
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sponding p-value = 0.00, indicating that the null hypothesis should be rejected in favor of
the alternative.

Table 14. Estimated parameters of the multiple regression model in urban driving mode.

N = 8712

Summary of the Regression of the Dependent Variable: CO2 Emissions
R2 = 0.63; F(3.8708) = 4894.9 p < 0.00

Estimation Standard Error: 88.02

b t(8708) p Value

Absolute term 182.84 62.74 0.00

Linear speed of the vehicle −4.11 −78.18 0.00

Relative engine load 4.23 32.40 0.00

Relative throttle position 9.02 25.69 0.00

Thus, all estimated parameters in the model are significantly different from zero. Based
on this, the regression model equation was obtained:

y = 182.84 − 4.11·V + 4.23·L% + 9.02·φ%,

where V—linear vehicle speed, L%—relative engine load, φ%—throttle position.
Next, the residuals’ distribution was examined, beginning with a check for confor-

mity to the normal distribution. The calculated Chi-square test statistic is 1761.49, with
a corresponding p-value = 0.07, indicating no grounds to reject the null hypothesis; there-
fore, the residuals follow a normal distribution.

Subsequently, residual autocorrelation was assessed using the Durbin–Watson test.
The autocorrelation function and partial autocorrelation function of the random compo-
nent were determined. No statistically significant autocorrelation values were observed,
indicating that the residuals are randomly distributed.

Next, the value of the DW test statistic was calculated and the critical values dL and dU
were determined, assuming k = 6 (number of model parameters) and T = 8712 (number of
observations). The calculated value of the test statistic is DW = 1.94, while the threshold
values are dL = 1.92 and dU = 1.93. The test statistic is less than 2 and greater than the
upper critical value, which allows the conclusion that there is no autocorrelation in the
residual component (there are no grounds to reject the null hypothesis).

Next, the assumption of heteroscedasticity of the residuals was tested. The calculated
test statistic in White’s test is F = 111.28, with a corresponding p-value = 0.06, indicating
no grounds to reject the null hypothesis.

This suggests that the random component is homoscedastic, meaning its variance
remains constant across different values of the explanatory variables.

This analysis confirmed that the assumptions of the regression model are satisfied,
validating the model. Consequently, the test dataset was used to assess the model’s
goodness of fit, and the key error metrics of the model were estimated (Table 15).

The mean absolute error of the model is 60.57 g/km, indicating the average deviation
between the predicted and observed values. For the mean CO2 emission value in this
cluster, amounting to 213.21 g/km, this result can be considered satisfactory. The mean
absolute percentage error is 38%, which reflects the average magnitude of the prediction
error and can be regarded as an acceptable level. The above results indicate that the
predictive capabilities of the model are at a satisfactory level.

Next, a plot of observed versus predicted values was generated (Figure 12).
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Table 15. Estimated prediction errors and information criterion in urban driving mode.

Metric Name Metric Value

Mean squares residuals (MSE) 7513.39

Mean absolute error 60.57

Relative mean squared error 3.45

Relative average deviation (MRAE) 0.52

Mean absolute prediction error (MAPE) 0.38

AIC criterion 10,261.56

 
Figure 12. Observed and predicted values for the model in urban driving mode.

The model follows the data, accurately reflecting the nature of CO2 emissions variability.

3.3. Multiple Regression Model of CO2 Emissions in Extra-Urban Driving Mode

As the next step, a model of CO2 emissions to the environment during extra-urban
driving was developed using a multiple regression approach. The analysis began with the
calculation of selected descriptive statistics, including the median, mean, and standard
deviation (Table 16).

Table 16. Basic Descriptive Statistics of the Model in Extra-Urban Driving Mode.

Variable Studied Mean Median Standard Deviation

vehicle speed [km/h] 105.68 108.00 17.92

relative engine load [%] 48.55 47.84 20.24

rotational engine speed [rpm] 2263.58 2290.00 311.19

engine power [kW] 11.02 9.56 4.60

torque [Nm] 46.82 37.60 19.85

relative throttle position [%] 20.36 18.43 14.21

CO2 emissions [g/km] 166.25 172.53 64.60

The average linear velocity of the vehicle in extra-urban driving mode is 105 km/h,
with an average CO2 emission level of 166 g/km. The mean CO2 emission value is lower
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than the median, which indicates that the distribution of this variable is left-skewed.
A high standard deviation value was also observed, indicating substantial variability in the
data. Subsequently, the Pearson correlation coefficient was calculated for the explanatory
variables and the dependent variable (Table 17).

Table 17. Correlation Coefficients of Explanatory and Dependent Variables in Extra-Urban
Driving Mode.

Vehicle
Speed
[km/h]

Relative
Engine Load

[%]

Rotational
Engine

Speed [rpm]

Engine
Power [kW]

Torque
[Nm]

Relative
Throttle

Position [%]

CO2
Emissions

[g/km]

vehicle speed
[km/h] 1.00 0.22 0.89 0.13 −0.15 0.05 0.14

relative engine
load [%] 1.00 0.20 0.82 0.94 0.38 0.91

rotational engine
speed [rpm] 1.00 0.77 −0.14 0.05 0.18

engine power
[kW] 1.00 0.94 0.48 0.38

torque [Nm] 1.00 0.49 0.33

relative throttle
position [%] 1.00 0.69

The conducted analysis showed that the correlation coefficient between vehicle speed
and engine speed is 0.89. Similarly high values were obtained for the variables relative en-
gine load and torque (0.94), as well as engine power (0.82). The high correlation coefficients
among the analyzed variables indicate significant multicollinearity, implying informational
redundancy and a violation of one of the assumptions of the regression model. Due to this
violation (high correlation values between variables), the variables engine speed, torque,
and engine power were excluded from further analysis.

Subsequently, parameter estimation for the model was carried out according to the
adopted procedure, and the parameters were tested for statistical significance. The
t-Student test was applied, and the t statistic as well as the corresponding p-value
were calculated.

The estimated parameter values, along with the t-statistic and the obtained p-value,
are presented in Table 18. For all variables, the p-value equals 0.00, which means there
are no grounds for accepting the null hypothesis; therefore, the estimated parameters are
statistically significantly different from zero.

Table 18. Estimated parameters of the multiple regression model in extra-urban driving mode.

N = 8380

Summary of the Regression of the Dependent Variable: CO2 Emissions
R2 = 0.78; F(3.8376) = 9910.2, p < 0.00

Estimation Standard Error: 30.19

b t(8376) p Value

Absolute term 56.51 34.70 0.00

Vehicle speed −0.56 −33.54 0.00

Relative engine load 3.21 63.93 0.00

Relative throttle position 1.92 14.92 0.00
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Subsequently, the formal verification of the model was carried out. The coefficient of
determination R2 equals 0.78, which indicates that 78% of the relationships between the
variables are explained by the model.

The joint significance of the structural parameters was also tested using the Fisher–
Snedecor test. The calculated value of the test statistic (46) is F = 9910.2 and the corre-
sponding probability level is p = 0.00, which means that the null hypothesis should be
rejected in favor of the alternative hypothesis, and therefore all of the estimated parameters
differ significantly from zero. Based on this, the regression model equation was obtained:

y = 56.51 − 0.56· V + 3.21· L% + 1.92·φ%

where V—vehicle speed, L%—relative engine load, φ%—throttle position.
Subsequently, an analysis of the residual distribution was conducted, beginning with

an assessment of its conformity to the normal distribution. The calculated value of the
chi-square test statistic is 7.28, and the corresponding probability level p = 0.20 indicates
that there are no grounds for rejecting the null hypothesis. Therefore, the residuals follow
a normal distribution.

In the next step, the autocorrelation and partial autocorrelation functions of the random
component were determined. No statistically significant autocorrelation values were found,
which means that the residual distribution of the model is random. Additionally, the
Durbin–Watson test was performed. The calculated value of the test statistic is DW = 1.81,
while the threshold values are dL = 1.79 and dU = 1.80. The calculated value of the test
statistic is greater than 2 and above the upper critical value, which indicates the absence of
autocorrelation in the residual component.

Next, White’s test was conducted to examine the presence of heteroscedasticity in the
residuals. The calculated test statistic is F = 39.92, with a corresponding p-value = 0.07,
indicating no grounds to reject the null hypothesis.

This suggests that the random component is homoscedastic, meaning its variance does
not vary across the values of the explanatory variables.

These results confirm that the model is valid. After positive verification, the goodness
of fit was assessed. In the first step, prediction errors and the AIC (Akaike Information
Criterion) were estimated (Table 19).

Table 19. Estimated prediction errors and information criterion in extra-urban driving mode.

Metric Name Metric Value

Mean squares residuals (MSE) 1145.47

Mean absolute error 19.62

Relative mean squared error 0.27

Relative average deviation (MRAE) 0.18

Mean absolute prediction error (MAPE) 0.19

AIC criterion 79,686.44

The mean absolute error (MAE) of the model is 19.62 g/km, indicating the average
deviation between the predicted and observed values. For the mean CO2 emission in this
cluster, which is 166.25 g/km, this result can be considered very good. The mean absolute
percentage error (MAPE) is approximately 19%, reflecting the average magnitude of the
prediction error, which is a satisfactory result. These metrics indicate that the model’s
predictive capabilities are at a good level.

Next, a plot of the observed and predicted values was generated (Figure 13).
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Figure 13. Observed and predicted values for the multiple regression model in extra-urban
driving mode.

Visual inspection shows that the constructed model closely follows the data, accurately
reflecting both decreases and increases in the modeled values.

4. Discussion
In addition to the classical linear regression approaches discussed in the presented

article, more advanced time-series modeling techniques have been used for emission
prediction. Autoregression with exogenous variables (VARX) models have been applied to
capture temporal dependencies in vehicle emission data [28]. Other approaches involved
the use of deep learning (MLP with 5 hidden layers) for CO2 emission prediction, achieving
high accuracy (R2 = 0.9938) [29]. The application of portable emissions measurement
systems (PEMS) combined with OBD data and artificial neural networks can form the basis
of the real driving emission (RDE) prediction [30]. However, this approach is impractical
due to the use of the high-cost PEMS.

Table 20 presents a summary of the estimated intercepts and coefficients of the param-
eters for the three models. It should be noted that the highest average CO2 emission occurs
during vehicle start-up (365.60 g/km), while the lowest occurs during extra-urban driving
(166.18 g/km).

Table 20. Comparison of multiple regression model parameters across the three driving modes.

Explanatory Variable Parameter Value in
Vehicle Start Mode

Parameter Value in Urban
Driving Mode

Parameter Value in
Extra-Urban Driving Mode

Absolute term 358.72 182.84 56.51

Vehicle speed −2.59 −4.11 −0.56

Relative engine load 3.06 4.23 3.21

Relative throttle
position −0.75 9.02 1.92

Regardless of the driving mode (vehicle start-up, urban driving, extra-urban driving),
any increase in vehicle speed leads to a reduction in CO2 emissions to the environment. Dur-
ing vehicle start-up, each 1 km/h increase in speed reduces CO2 emissions by 2.59 g/km;
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during urban driving, emissions decrease by 4.11 g/km; and during extra-urban driving,
they decrease by 0.56 g/km.

For the variable relative engine load, each 1% increase results in a CO2 emission
increase of 3.06 g/km, 4.23 g/km, and 3.21 g/km for vehicle start-up, urban driving, and
extra-urban driving, respectively.

For the variable relative throttle position, a 1% increase during vehicle start-up
leads to a decrease in CO2 emissions by 0.75 g/km. During urban and extra-urban driv-
ing, a 1% increase in this variable causes CO2 emissions to increase by 9.02 g/km and
1.92 g/km, respectively.

Analysis of the individual models (Table 21) showed that the highest estimation error
occurs in the urban driving regression model (88.02 g/km), while the lowest error is
observed in the extra-urban driving model (30.19 g/km). This is because the average CO2

emissions are highest when the vehicle is moving at low speeds. The lowest mean absolute
error is found in the extra-urban driving model (19.62 g/km), while the highest is in the
urban driving model (60.57 g/km).

Table 21. Comparison of the goodness of fit of the multiple regression models.

Model Estimation
Error

Mean Absolute
Error (MSE)

Relative Mean
Squared Error

Relative Average
Deviation
(MRAE)

Mean Absolute
Prediction Error

(MAPE)

Vehicle start mode 74.74 37.79 27.60 0.48 0.20

Urban driving mode 88.02 60.57 3.45 0.52 0.38

Extra-urban driving mode 30.19 19.62 0.27 0.18 0.19

The developed models also allowed for detailed conclusions. In the case of multivari-
ate regression models, it was found that:

Regardless of the driving mode, an increase in vehicle speed by 1 km/h results in
a decrease in CO2 emissions.

A 1% increase in relative engine load leads to an increase in CO2 emissions. The largest
effect was observed in urban driving (4.23 g/km).

A 1% increase in relative throttle position leads to a decrease in CO2 emissions by
0.75 g/km during vehicle start-up, while in other modes it causes an increase (urban:
9.02 g/km, extra-urban: 2.34 g/km).

The studies confirmed that the highest average CO2 emissions occur during vehicle
start-up (365.60 g/km), while the lowest occur during extra-urban driving (166.18 g/km).
Regardless of the driving mode, an increase in vehicle speed leads to a reduction in CO2

emissions to the environment. During vehicle start-up, each 1 km/h increase in speed re-
duces CO2 emissions by 2.59 g/km; during urban driving, emissions decrease by 4.11 g/km;
and during extra-urban driving, they decrease by 0.56 g/km. A 1% increase in relative
engine load results in a CO2 emission increase of 3.06 g/km, 4.23 g/km, and 3.21 g/km
for vehicle start-up, urban driving, and extra-urban driving, respectively. A 1% change in
relative throttle position causes CO2 emissions to decrease by 0.75 g/km during vehicle
start-up and to increase by 9.02 g/km and 2.34 g/km during urban and extra-urban driving,
respectively. Furthermore, analysis of the individual models showed that the urban driving
regression model has the highest estimation error (88.02 g/km), while the extra-urban
driving model has the lowest (30.19 g/km). Regarding mean absolute errors, the vehicle
start-up model exhibits the lowest value (37.79 g/km), whereas the urban driving model
has the highest (60.57 g/km).
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The developed models are applicable to gasoline-powered internal combustion en-
gines. The models cannot be directly applied to hybrid electric vehicles (HEV), plug-in
hybrid electric vehicles (PHEV), battery electric vehicles (BEV), or diesel engines.

5. Conclusions
The application of multiple regression methods for modeling CO2 emissions allowed

not only for understanding the general relationships that describe CO2 emissions but also
for identifying specific factors whose control can contribute to their reduction. The article
demonstrated that monitoring vehicle speed, relative engine load, and relative throttle
position during driving enables such control. Consequently, an individual passenger
vehicle driver, regardless of the driving mode, can influence CO2 emissions. This shows
that the measurable and user-controllable factors listed above have a significant impact on
CO2 emission levels, which constituted the first specific objective of this study. It is also
worth emphasizing that, unlike standard laboratory tests—which often rely on averaged
parameters and assumed driving conditions—OBD data analysis allows for accounting for
dynamic changes arising from real vehicle usage, such as variations in speed, engine load,
engine rotational speed, torque, engine power, and relative throttle position.

It is recommended to maintain relative engine load at no more than 45–50% and avoid
opening the throttle above 50%. When driving, it is advisable to drive at a steady, moderate
speed, limiting frequent speed changes and sudden acceleration and braking. In urban
driving conditions, it is recommended to drive at the highest possible speed limit in the
area, while when driving outside urban areas, maintain a constant speed between 85 and
140 km/h, as CO2 emissions and fuel consumption increase dramatically above 140 km/h.

Moreover, the study found that the OBD interface, commonly used in passenger
vehicles, can serve as an excellent tool for mitigating negative environmental impacts,
accessible to individual users without additional costs. Continuous access to selected
engine operating parameters and other key vehicle performance characteristics allows for
informed decisions regarding, for example, vehicle speed.

Future research directions include expanding the analysis to a larger number of
vehicles, including hybrids and plug-in hybrids, and taking into account various driver
assistance systems that influence driving style and eco-efficiency. Additionally, monitoring
and analyzing driving parameters in real-world driving conditions is planned to better
manage CO2 emissions. The developed models can be directly implemented in real-time
mobile applications to provide drivers with instantaneous CO2 emission recommendations.
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Abbreviations
The following abbreviations are used in this manuscript:

ACF autocorrelation function
CHTC-HT China Automotive Test Cycle of Heavy-Duty Trucks
GNSS Global Navigation Satellite System
MAE Mean Absolute Error
MAPE Mean absolute prediction error
MSE Mean Squared Error
OBD On-Board Diagnostics
PACF Partial autocorrelation function
PEMS Portable Emissions Measurement System
RPM Revolutions per minute
RTK Real-Time Kinematic
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