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Abstract: As a result of ever-growing energy demands, motor vehicles are among the largest contrib-
utors to overall energy consumption. This has led researchers to focus on fuel consumption, which
has important implications for the environment, the economy, and geopolitical stability. This article
presents a comprehensive analysis of various fuel consumption modeling methods, with the aim of
identifying parameters that significantly influence fuel consumption. The scientific novelty of this
article lies in its use of low-cost technology, i.e., an OBD-II interface paired with a mobile phone,
combined with modern mathematical modeling methods to create an accurate model of the fuel
consumption of a vehicle. A vehicle test drive was performed, during which variations in selected
parameters were recorded. Based on the obtained data, a model of the vehicle’s fuel consumption
was built using three forecasting methods: a multivariate regression model, decision trees, and neural
networks. The results show that the multivariate regression model obtained the lowest MSE, MAR,
and MRSE coefficients, indicating that this was the best forecasting method among those tested.
Sufficient forecast error results were obtained using neural networks, with increases of approximately
73%, 10%, and 131% in MSE, MAE, and MRAE, respectively, compared to regression results. The
worst results were obtained with the decision tree model, with increases of approximately 163%, 21%,
and 92% in MSE, MAE, and MRAE compared to the regression results.

Keywords: fuel consumption; OBD-II; mobile phone; GPS; signal processing; regression; decision
trees; neural networks

1. Introduction

Transportation plays an important role in the global economy by facilitating the
movement of people and goods over distances. As a result, the transport industry continues
to experience increasing energy demands. Among the largest contributors to overall energy
consumption is motor vehicles. Increased energy consumption is stimulating interest
in the field of fuel consumption due to the huge impact of this factor on the economy,
environment, geopolitical stability, and national security of individual countries [1].

The financial stability of households and enterprises is an important factor in ensuring
national security [2]. It enables the collection of funds and resources that are necessary for
the state to guarantee its ability to effectively counteract threats to the internal environment
and the external socioeconomic system [3]. A major threat to financial security is inflation,
which increases prices and thus reduces the purchasing power of consumers. Currently,
many factors have a significant impact on increasing inflation. The main ones include
supply disruptions related to the COVID-19 pandemic and the resulting disruption of global
supply chains, as well as sharp increases in energy, fuel, and food prices resulting from the
war in Eastern Europe [4]. On average, European Union (EU) countries recorded an increase
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in inflation from 0.5% in 2020 to 8.8% in 2022. The largest increases were recorded in the
Baltic states, Lithuania, Latvia, and Estonia (up to approximately 18%), while the lowest
was in France (about 5.2%) [5]. The increased inflation and the accompanying economic
slowdown (associated with the risk of undermining financial security) were mainly caused
by increased fuel prices in global markets. The main reasons for this phenomenon are the
reduced processing capacity of refineries located in Europe (in connection with the plan
to switch to green transport), reduced fuel exports by China in 2022, reduced production
by the Organization of the Petroleum Exporting Countries (OPEC), and the economic
sanctions imposed on Russia by the EU. Fluctuations in fuel prices in Poland are shown
in Figure 1. Fuel prices per liter in the EU ranged from an average of EUR 12 in 2021 to a
peak of EUR 1.88 in 2022, with a current average of EUR 1.61 [6]. An analysis of the chart
below indicates a significant increase in fuel prices at the beginning of 2022. Currently, a
downward trend in fuel prices can be observed, but they are still at a higher level than
before the start of the war in Eastern Europe.
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It is important to analyze fuel prices because, in Europe, a significant percentage of
cars are dependent on fossil fuels, such as petrol and diesel; 36.4% of all newly registered
cars in the EU run on petrol, while diesel accounts for 16.4% of registrations. Additionally,
21.6% of new passenger cars in the EU are electric vehicles, while hybrids account for 22.6%
of total car sales [7].

Fuel consumption has a very significant impact on the costs incurred by households
and enterprises, as well as on the emission of harmful pollutants into the environment,
exacerbating the greenhouse effect. For example, in the US, nearly one-fifth of all CO2
emissions is generated by cars and trucks, and the entire transportation sector is responsible
for nearly 30% of all US global warming gas emissions [8]. Fuel consumption has several
adverse effects on the environment, including air and water pollution, the greenhouse
effect, and landscape degradation, with the loss of natural habitats. In addition to these en-
vironmental effects, dependence on fossil fuels can have significant economic and political
implications, because many countries depend on such fuels for their economy (potentially
leading to international conflicts and tensions). Volatility in oil and other prices can have a
negative impact on the global economy. Rising fuel prices caused by, among other things,
unstable geopolitical situations and declarations regarding sustainable development, make
it important to take actions that will lead to the identification of factors influencing fuel
consumption by vehicles and its consequent minimization. Another reason why it is impor-
tant to assess fuel consumption is that there is a limited amount of crude oil available in
the world and the volume of production of vehicles that use alternative energy sources is
currently insufficient [9].
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Taking into account the above factors, it is important to take measures to reduce fuel
consumption during vehicle operation. This is possible by determining factors and parame-
ters that affect increased fuel consumption and by implementing appropriate management
strategies to optimize the costs incurred. That became both the scientific and practical goal
of this study.

Fuel consumption in motor vehicles is influenced by vehicle design and technology,
including the following factors: vehicle materials (aluminum coating on a car body can
reduce fuel consumption by up to 13% on hot days by limiting the use of air-conditioning)
and vehicle weight (increased weight leads to increased fuel consumption); aerodynamics
(lower drag coefficients reduce fuel consumption); engine design, type, and technology
(diesel vehicles consume about 12% less fuel than gasoline-fueled vehicles); and the trans-
mission system (more advanced transmission systems, e.g., CVTs and DCTs, have improved
fuel consumption compared to traditional systems). However, technical improvements
leading to more fuel-efficient cars will not always result in overall reduced fuel consump-
tion. This is because many car buyers prioritize size and power over fuel economy. Fuel
economy is more important to used car buyers [10,11], while for new car buyers, this factor
is not the most important [12,13].

Several external factors can impact fuel consumption in motor vehicles, including
weather conditions (ambient temperature, both high and low, affects fuel consumption),
road type and surface conditions (uneven terrain and the presence of hills lead to increased
engine load and rolling resistance, which directly increases fuel consumption), altitude (air
density is reduced in higher altitudes air density, which can decrease fuel consumption),
and traffic congestion (repeated acceleration and deceleration will increase fuel consump-
tion) [10]. Unfortunately, a driver moving along a predetermined and planned route has no
influence on any of these factors [10,13].

On the other hand, the following driver behaviors can significantly lower fuel con-
sumption: using smooth acceleration and gentle braking, as opposed to rapid acceleration
and hard braking; using cruise control, which can help to maintain a constant speed (thus
maintaining a constant engine load and preventing fluctuations) and optimize fuel con-
sumption; engine braking, or using the vehicle’s momentum to maintain speed; avoiding
aggressive driving such as rapid lane changes and tailgating; and using efficient gear
shifting by timely upshifting and downshifting, which maintains optimal engine RPMs in
manual transmission vehicles [14].

Proper vehicle maintenance is essential in order to achieve optimal fuel consumption
and overall vehicle performance. It includes, among other things, regular oil changes
(which reduces engine friction), proper tire inflation and alignment (which reduces rolling
resistance), air filter replacement (which maintains engine performance), and the use of
diagnostic tools, such as OBD-II scanners (which monitor various vehicle parameters
in real-time).

Many drivers develop their driving habits after taking a driving course; often, these
habits initially have a negative impact on the vehicle, and also result in increased fuel
consumption (e.g., exceeding the speed limit, accelerating or braking suddenly, etc.). Over
time, drivers gain experience and their driving style becomes more balanced. However, this
process can be significantly accelerated with the use of currently available technology, such
as mobile phones and OBD-II scanners. These devices enable selected parameters of the
vehicle to be displayed and read in real-time. Analyzing these data allows the construction
of fuel consumption models for specific vehicles, and understanding them can support
drivers in practicing economical driving.
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Literature Review on Fuel Consumption Modeling

The literature analysis showed that fuel consumption modeling is a problem often
addressed in scientific publications. Fuel consumption is typically expressed in liters per
hundred kilometers (L/100 km) or miles per gallon (mpg). Various models exist to predict
fuel consumption based on different factors, and they can be divided into the following
categories: engine map-based models, which are accurate but require extensive data for
every car; regression-based models, which are developed based on regression results
from experiments but have limited physical interpretation; load-based models, which
are based on physical equations for describing phenomena that affect fuel consumption
but are computationally intensive; and hybrid models, the most frequently used models,
which combine features of the above-mentioned models to optimize computation time
and accuracy [10].

A problem often described in the literature is how driving style can influence fuel
consumption [15]. These studies often used the OBD-II interface to obtain the data necessary
for analysis [16–18]. Alessandrini et al. indicated that it is possible to develop a modern
method that identifies the relationship between fuel consumption and the type of road
network covered or even specific vehicle users [19]. Ericsson, on the other hand, pointed
out that increased fuel consumption is significantly affected by sudden changes in vehicle
acceleration and high speed, especially exceeding 100 km/h. The significant impact of the
vehicle’s technical conditions was also discussed [20]. Meseguer et al. noted that reducing
fuel consumption is influenced by minimizing the duration of driving in low gears and
using the higher gears as soon as possible while limiting continuously changing gears [21].

The regression-based studies available in the literature can be divided according to
the type of method used to estimate fuel consumption. Machine learning models based on
support vector machines [9,22], neural networks [23], or decision trees [24] are widely used.
Some studies also use fuzzy logic algorithms [25] or classical regression for modeling [26].

Fuel consumption can be modeled with the use of analytical, statistical, or experimental
techniques. Hien et al. [27] conducted a predictive study of fuel consumption and carbon
dioxide emissions by constructing a model to predict changes in the near future. With the
use of descriptive and inferential statistics, a comprehensive outlook of fuel consumption
variation based on dimensional and technical factors was given. Machine learning and
deep learning techniques also enabled the determination of a correlation between vehicle
specifications and total fuel consumption as a single input–single output or multiple input–
single output relation.

Bifulco et al. [28] developed a model for computing instantaneous fuel consumption
based on data from the vehicle’s OBD-II port. The analysis was aimed at validating the
model performance taking into account different factors and determining the percentage
deviation between predicted values given by the model and observed values. The authors
showed that instantaneous fuel consumption could be predicted with the use of various
models based on a few input variables, and better estimations could be obtained when
values were aggregated into fairly long time windows.

Zhao et al. [29] conducted a study of methods to predict vehicle fuel consumption
by means of algorithms and statistical models, including neural networks and traditional
machine learning. According to the authors, the estimation model for fuel consumption
based on neural networks had high accuracy only if the input data were sufficient. Also, the
use of hybrid fuel consumption models, consisting of multiple machine learning methods,
was found to lead to more reliable results.

According to the analysis Abediasl et al. [30] performed with the use of on-board
diagnostics (OBD-II) data, machine learning algorithms using the random forest (RF) tech-
nique produced more accurate predictions compared to other tested techniques, including
gradient boosting and neural networks.

In conclusion, several modern, complex tools are used to model the discussed problem,
including machine learning, or deep learning, but there is a noticeable lack of studies using
simple mathematical models, such as regression models, and comparing the effectiveness
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of their predictions with more advanced models. In addition, simple regression models
enable a thorough analysis of the degree of influence of individual explanatory variables
on fuel consumption, which is not possible with the use of machine learning models or
neural networks. Therefore, the aim of this study was to model vehicle fuel consumption
using three methods—regression, decision trees, and neural networks—based on the data
provided by a low-cost OBD-II interface.

2. Materials and Methods

On-Board Diagnostic II (OBD-II) is a diagnostic system used in cars that enables
access to a variety of real-time data related to vehicle performance and emissions. The OBD
standard (OBD-I) was introduced in the mid-1990s, and all gasoline cars sold in the EU since
2001 (all diesel cars since 2004) have been required to have an OBD-II system. This system
can read information about the vehicle sensor’s status from the engine control unit (ECU)
through the use of an OBD-II adapter, which is connected directly to the vehicle [31,32].

2.1. Research Methodology

The OBD-II adapter typically uses various communication standards that allow data
exchange. The most common are wireless communication methods (Bluetooth or Wi-Fi),
which allow mobile phones to be used to read selected technical parameters of the car.
There are also several OBD-II applications available for mobile phone devices, such as
Torque Pro (Android; ver. 1.12.101; Ian Hawkins, Newport Pagnell, Buckinghamshire, UK),
DashCommand (iOS and Android; ver. 4.8.15; Palmer Performance Engineering, Orem,
UT, USA), and EngineLink (iOS; ver. 8.0; K Solution LLC, Phoenix, AZ, USA) [33,34]. Most
of OBD-II applications allow monitoring of selected car parameters, and some, including
Torque Pro, also allow logging of all available parameters from the ECU, including those
of the phone’s built-in sensors [35]. Parameters that can be read from the OBD-II include
engine speed, vehicle speed, engine load, engine coolant temperature, fuel pressure, and
mass air flow rate. The system enables self-diagnostics, reporting, and real-time vehicle
data monitoring. Using the data, OBD-II can provide real-time feedback to drivers, allowing
them to make corrections to their driving behavior to optimize fuel consumption.

Although the OBD-II standard is universal for cars currently being manufactured and
sold in the European Union, the same technical parameters cannot be read from every car.
In this case, a great deal depends on the technical parameters of the car. In addition to
reading the technical parameters from the ECU, applications such as Torque Pro enable
the recording of data from the integrated GPS module in the mobile phone. This makes it
possible to record the vehicle’s path during the trip. Since GNSS (a functional extension of
GPS) is a commonly used system for locating and analyzing the movement of vehicles, it is
extremely important to determine its accuracy [36,37].

Because they are readily available to the ordinary user and due to the increasing
possible uses of electronic devices such as mobile phones, OBD-II interfaces, and mobile
applications, the selected technical parameters were acquired in order to build a model of
their impact on fuel consumption.

To obtain these data, a test car was selected and was along a route with a total length
of approximately 320 km (Warsaw-Rzeszów, Poland) under real traffic conditions. The
vehicle used for the road test was a Mazda 3 (Mazda Motor Corporation, Fuchu, Japan) it
is shown in Figure 2 and its technical specifications are given in Table 1. The vehicle was
driven by one driver. The route was chosen due to the variety of terrain elevation and the
presence of urban sections and expressways (different speed limits).
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Table 1. Technical specifications of the selected vehicle.

Parameter Data

Manufacturer Mazda
Model 3

Year of manufacture 2016
Body type 4-door sedan

Weight 1280 kg
Drive axle Front

Fuel Gasoline
Engine displacement 1998 cm3

Gearbox type Manual: 6 forward gears, 1 reverse gear
Maximum engine power 88 kW at 6000 rpm
Maximum engine torque 210 Nm at 4000 rpm

Maximum velocity 198 km/h
Acceleration time from standing to 100 km/h 8.8 s

A low-cost (approximately EUR 28) Vgate iCar Pro Wi-Fi OBD-II adapter (Vgate,
Shenzhen, China) [37] with the Torque Pro application was used to record the data from
the car (Figure 3). A low-cost LG G6 mobile phone (Android OS, release date 2017; LG
Electronics, Seoul, Republic of Korea) was used for data logging via Wi-Fi. The sampling
frequency of the gathered data was set to 1 Hz (built-in smartphone GPS module limitation).
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Prior to selecting the parameters for creating the model, an analysis was performed,
which indicated many parameters affecting the fuel consumption of a car. Next, the
parameters on which the driver has no direct influence were rejected: intake air temperature,
engine coolant temperature, etc. However, the final choice of parameters was based on
the criterion of readout availability (from the OBD-II or mobile phone) or the possibility
of calculating the parameter (indirectly from other variables), because not all relevant
parameters (including current gear) are directly available to read from the low-cost OBD-II
interface. Finally, the following parameters were selected to build the model: current
gear, engine speed, vehicle speed, vehicle acceleration, engine load, and road slope. These
variables are presented, categorized by type and the method of obtaining them, in Table 2.

Table 2. Acquired data specifications.

Parameter Type Parameter Name Details

Input Gear Calculated
Input Slope Calculated
Input Engine load Read from OBD-II
Input Engine speed Read from OBD-II
Input Speed Read from GPS
Input Acceleration Calculated

Output Fuel consumption Calculated

Basic descriptive statistics of the variables were calculated and the significance of their
impact on the modeled dependent variable was assessed (Tables 3 and 4).

Table 3. Descriptive statistics of analyzed variables based on OBD data.

Variable Mean Minimum Maximum Std. Dev.

Fuel consumption (L/100 km) 6.38 0 118.45 5.64
Slope (◦) 0.940 −11.74 11.63 1.58

Engine load (%) 40.86 9.02 100.00 20.92
Engine speed (rpm) 1812.74 527.50 2743.00 414.36

Speed (km/h) 79.43 0.54 133.60 27.74
Acceleration (m/s2) 0.00 −4.37 4.27 0.41

Table 4. Correlation between dependent variable and independent quantitative variables.

Variable Fuel Consumption

Slope (◦) −0.42
Engine load (%) 0.61

Engine speed (rpm) 0.30
Speed (km/h) −0.35

Acceleration (m/s2) 0.30

Both engine speed (Figure 4) and engine load (Figure 5) were read directly through
the OBD-II interface. Engine speed is a significant factor because it is directly related to the
operation of the engine: continuous too-high or too-low RPM can cause increased wear
and significantly increased fuel consumption.
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Figure 5. Time variation of engine load.

Engine load (Figure 5) is commonly expressed as a percentage of the maximum
available power. This parameter is computed using mass air flow (MAF), throttle position
sensor (TPS), manifold absolute pressure (MAP), engine speed (RPM), and other data. The
exact formula can vary based on the vehicle’s ECU, and some of the sensors may not be
used for calculation. A high engine load percentage may indicate aggressive driving or
driving up inclines, while a low engine load percentage may indicate assertive driving or
cruising at a steady speed on a flat surface.

Vehicle speed (Figure 6) is read directly from the phone’s GPS module. This parameter
is also available from the OBD-II, but data from GPS are more accurate in this case.
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The slope of the road (Figure 8) was determined based on the transformation of the
GPS coordinates latitude, longitude, and altitude to north, east, down (NED), which is a
geographical coordinate system often used in navigation due to local tangent plane (Earth’s
curvature can be ignored for small areas such as roads), its alignment with gravity (the
down axis is aligned with gravity), compatibility with GPS (simple conversion form GPS
output), etc.
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The results represent raw data that have not been filtered, except for slope (moving
average from three measurement points). It was decided to omit the filtering process to
assess the quality of the obtained raw data and whether they could be subsequently used
in practical solutions operating in real-time.
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Since it is not possible to determine fuel consumption in L/100 km when the vehicle is
idling (no displacement), the following rule for data selection was adopted: speed > 0 and
gear > 0.

2.2. Modeling Methods

Out of all the methods mentioned in the reviewed literature used to determine vehicle
fuel consumption, three methods were selected: multiple regression model (Section 2.2.1),
decision trees (Section 2.2.2), and neural networks (Section 2.2.3). All three methods require
data preprocessing to remove missing values and outliers. Multiple regression assumes
linearity, while decision trees and neural networks can model nonlinear relationships.
Neural networks require more computational resources and a more complex configuration,
including defining the architecture and learning method. Each model was based on the
same set of data.

2.2.1. Multiple Regression Model

Multiple regression quantifies the relationship between multiple independent vari-
ables and a dependent variable. Including many independent variables in the regression
model allows for more accurate and reliable forecasting. It is assumed that the model
should contain variables strongly correlated with the dependent variable but at the same
time be weakly interdependent. Multiple regression analysis is considered to be an exten-
sion of rectilinear regression analysis, with one explanatory variable including a larger
number of them [38]. The linear model of multivariate regression is given as Equation (1):

Y = β0 + β1·x1 + β2·x2 + . . . + βk·xk + εi (1)

where Y is the expected value of the variable Y, provided that the variable Xi takes the
value xi; βj represents the model parameters (regression coefficients); and εi represents
internal disturbances.

Model parameters βj are estimated using the least squares method (LSM), based on
the assumption that when making the estimation, one should try to minimize the error
consisting of differences between observed values yi and model predicted values ŷi. The
estimated parameters, in accordance with this method, should take values such that the
condition for the sample data is met (2):

k

∑
i=1

(yi − ŷi)
2 =

k

∑
i=1

(yi − bixi − bo)
2 → min (2)

where yi is the empirical value of variable Y and ŷi is the theoretical value determined by
the model.

The estimated regression function takes the following form (3):

yi = b0 + b1·xi1 + b2·xi2 + . . . + bk·xik + ei = ŷi + ei (3)

where i = 1, 2, . . ., n indicates the observation items numbered consecutively, bj is a
regression coefficient, and ei is a residual, defined as the difference between empirical and
theoretical values.

Model diagnostics can be performed by residual analysis or collinearity analysis of
explanatory variables. Quantitative residual analysis includes testing the normality of
the random component distribution (e.g., Shapiro–Wilk test, chi-square) and performing
graphical analysis to examine the distribution of residuals, the homogeneity of the variance
of the random component for different variants of the explanatory variables (e.g., Bartlett’s
test), and no autocorrelation of the random term (e.g., Durbin–Watson test) [39].
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2.2.2. Decision Trees

Classification and regression trees can be used in multivariate analysis to enable
the study of the relationship between the dependent variable and independent variables
measured on the weak scale, i.e., nominal or ordinal, and the strong scale, i.e., interval and
quotient. They are a visual representation of the model [40]:

Y = f (xi) =
K

∑
k=1

αk I(xi ∈ Rk) (4)

where Y is the dependent variable, XL represents explanatory variables, L is the number of
explanatory variables, K is the number of segments, Rk (k = 1, . . ., K) indicates subspaces of
the space of explanatory variables, xi represents observations from a recognizable set, αk
denotes model parameters, and I is the index function.

The method of defining the index function is selected based on the type and nature of
the explanatory variables. In the case of metric variables, the Rk segments are defined by
their limits in space XL according to the following function:

I(xi ∈ Rk) =
L

∏
l=1

I (v(d)kl ≤ xil ≤ v(g)
kl ) (5)

where the values v(d)kl and v(g)
kl represent the upper and lower limits of the segment in the

lth dimension of the space.
If the dependent variable is measured on a numerical scale from the group of strong

scales, then a regression model should be used, the visualization of which will be a regres-
sion tree. Model parameters are calculated according to the following relationship:

αk =
1

N(k) ∑xi∈Rk
yi (6)

where N(k) is the number of observations in segment Rk, and yi denotes the values of the
dependent variable in segment Rk.

The last step in building the model is to assess it, which is carried out by analyzing
the quality of the division of the space of explanatory variables, using two main assess-
ment measures:

• Classification error, Gini index, and entropy measure for qualitative variables;
• Variance of the dependent variable for quantitative variables [41].

2.2.3. Neural Networks

Artificial neural networks (ANNs) are inspired by natural structures and constitute a
simplified model of how the human brain works. They are composed of simple units called
neurons, which are intended to mimic real neurons existing in the human brain. Neurons
are connected in layers, which are part of the overall structure of the neural network [42].

The design of a neural network depends on its purpose and can be categorized into
two types: feedforward neural networks (FNNs), where data moves from input to output
(only in one direction), and recurrent neural networks (RNNs), where information flow
can create loops. FNNs are widely used because of their simplicity. They include a type of
network known as a multilayer perceptron (MLP) [42,43], which consists of at least three
layers: an input layer (which processes inputs), one or more hidden layers (with neurons),
and an output layer (which provides outputs). Each neuron in a layer connects to every
other neuron in the subsequent layer, which makes an MLP a fully connected network.
These connections have weights, which the network adjusts during training to reduce
errors and improve accuracy [44].
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The operation of the network can be presented mathematically as follows:

yk = f1

[
K

∑
i=1

w(2)
ki f2

(
N

∑
j=0

w(1)
ij xj

)]
(7)

where xj is the input vector, yk is the output vector, wki is the matrix with weights of the
neural network, k is the number of hidden layer neurons, f 1(u) is the output layer activation
function, and f 2(u) is the input layer activation function [45].

The number of hidden neurons in an MLP is a significant consideration that affects
its performance. The appropriate number of hidden neurons is chosen mostly by the
experimental method (iterative trial and error).

Other key components of neural networks are activation functions (mostly nonlinear):
hyperbolic tangent function (tanh.), logistic, exponential, etc. The introduction of nonlin-
earity allows MLPs to model complex data. Hidden layers also have parameters, called
weights, which are modified during the process of learning neural networks.

Training an MLP involves adjusting the weights based on the error of network predic-
tion. The goal of the whole process is to minimize it. This is usually performed with the
use of backpropagation or gradient descent [44].

3. Results

This section presents the results of forecasting, divided as follows:

• Multiple regression model (Section 3.1);
• Decision trees (Section 3.2);
• Neural networks (Section 3.3).

3.1. Multiple Regression Model

In the first step, during model construction, the dependent and independent variables
used during the study were identified. The data were obtained from the OBD-II system.
The quantitative variable fuel consumption (L/100 km) was identified as the dependent
variable. Five continuous quantitative variables were selected as independent variables:
slope (◦), engine load (%), engine speed (rpm), speed (km/h), and acceleration (m/s2), and
one incremental variable: gear (1–6). Then, the basic descriptive statistics of the selected
variables were calculated and the significance of their impact on the modeled dependent
variable was assessed (Tables 3 and 4). For this purpose, the correlation coefficient was
assessed for continuous quantitative variables and the statistical Mann–Whitney U test was
performed for the discrete variable gear. All continuous quantitative variables are related
to the studied dependent variable. The correlation analysis showed a moderate or strong
Influence on fuel consumption. In addition, it should be noted that slope and speed are
destimulants, so fuel consumption decreases as they increase, while engine load, engine
speed, and acceleration are stimulants.

However, the Mann–Whitney U test showed that for the calculated value, test statistic
Z = 11.08, corresponding to p-value = 0.00. This means that the null hypothesis, that the
values come from one population against the opposite alternative, should be rejected. Thus,
there is a statistically significant impact of the variable gear on the dependent variable
under study.

The next step was to build the model. The construction began by analyzing the
distribution of independent variables and the relationships between them, with a particular
emphasis on their linear course and the lack of relationships between individual predictors.
Then, the parameters of the model were estimated and the type of influence of the predictors
on the dependent variable was determined. All estimated parameters of the model turned
out to be statistically significant, as evidenced by the calculated p-value, which is lower
than the designated significance level of 0.05, making the rejection of the null hypothesis in
the parameter significance test against the alternative hypothesis that the parameter values
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are statistically significant not 0. The estimated values of the regression parameters are
presented in Table 5.

Table 5. Estimated parameters of multiple regression models.

Explanatory Variable b p

Intercept 6.03 0.00

Slope (◦) −0.04 0.00

Engine load (%) 0.17 0.00

Engine speed (rpm) 0.01 0.04

Speed (kmh) −0.11 0.01

Acceleration (m/s2) 0.94 0.00

Gear −1.31 0.00

In addition, the calculated value of test statistic F (40.12) and the corresponding p = 0.00
proves that the regression equation is correct and statistically significant. The value of
the model determination coefficient is 85%, which means that the examined independent
variables explain 85% of the variability of fuel consumption.

The final equation for a multiple regression model that forecasts fuel consumption is
as follows (4):

Fuel consumption
= 6.03− 0.04·slope + 0.17·engine load− 0.01·engine speed
− 0.11·speed + 0.94·acceleration

(8)

The final step in making predictions using a multiple regression model is model
verification, which checks that the residual assumptions are met. In a properly constructed
model, they should have a normal distribution as well as homoscedasticity and there
should be no autocorrelation between them.

The random component normality test was performed based on the Shapiro–Wilk
test. The value of the test statistic w was at the level of 0.085 and the corresponding
probability level p = 0.01. This means that there is no basis to accept the null hypothesis
that the distribution of residuals is close to the normal distribution. As a result, it should be
concluded that there may still be dependencies in the model that have not been explained.
This may be because fuel consumption is affected by many factors other than the technical
parameters of the engine or the driver’s driving style, e.g., factors related to weather
conditions. Nevertheless, with such high discrimination, including the data in the model
could lead to difficulties in analyzing the impact of individual factors on the studied
dependent variable.

Next, the fulfillment of the assumption concerning the homoscedasticity of residues
was analyzed. For this purpose, the White test was used. The null hypothesis for this
test says that the random term is heteroscedastic. The calculated value of the test statistic
is 116.08, and the corresponding p-value is 0.00. As a result of this observation, the null
hypothesis concerning the alternative hypothesis should be rejected, based on which it
can be concluded that the model assumption regarding the constant value of the model
residuals is satisfied.

Finally, the autocorrelation of model residuals was analyzed. For this purpose, the
Durbin–Watson statistic was calculated at 1.97, proving that there is no correlation between
the random components.

This means that the residuals of the model are random and there are no other de-
pendencies that are not included in the model. The presented analysis, and in particular
the estimated value of the determination coefficient, indicates that the constructed model
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can be considered satisfactory. In addition, the equation of the multiple regression model
should be considered correct.

In the next step, the predictive ability of the model was tested by applying V-fold cross-
evaluation, which consists of dividing the statistical sample into subsets, and then carrying
out all analyses on some of them, the so-called training sets, then using the remaining ones,
the so-called test sets, to confirm the reliability of the results. The V-fold cross-score fitting
results were as follows:

• Mean square error (MSE) = 3.19;
• Mean absolute error (MAE) = 1.25;
• Relative average deviation (MRAE) = 0.13.

The mean absolute error is 1.25 L, which leads to the conclusion that the model has
good prognostic ability.

Finally, Ramsey’s regression specification error test (RESET) was carried out to confirm
whether the linear functional form of the model is correct. For the calculated test statistic
value of 240.89, the corresponding p-value is 0.00. This means that the model proposed for
prediction is not the best possible solution. Therefore, in the next step for forecasting fuel
consumption, a machine-learning model based on decision trees was proposed.

3.2. Decision Trees Model

In the next step, a machine learning model for forecasting fuel consumption was
constructed. For this purpose, a traditional CART model and a random forest were built
and compared. The CART decision tree model was the first to be built. Before starting the
analysis, the boundary settings of the presented solution were defined as follows:

• Stopping rule: prune on variance;
• Minimum number of cases n = 100;
• Maximum of nodes n = 1000;
• V-fold cross-validation: v-value = 10.

Based on the obtained results (Figure 12), it can be concluded that the highest fuel
consumption occurs when the predictor values belong to leaf 332, which show the following
parameters: engine load > 44.5%; gear: 1 or 2; speed < 7.5 km/h. For these parameters, the
median of instantaneous fuel consumption is over 60 L/100 km.
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At the same time, a ranking of predictors that have the greatest impact on the modeled
phenomenon was developed (Table 6). According to the calculations, in the analyzed model,
the variables gear, speed, and engine load have the greatest influence on fuel consumption.

Table 6. Predictor importance ranking for developed CART decision tree.

Explanatory Variable Importance

Gear 100
Speed (km/h) 96

Engine load (%) 87
Acceleration (m/s2) 33
Engine speed (rpm) 24

Slope (◦) 16

Finally, an evaluation was performed using the cross-validation method with v-value = 10.
For the developed model, the errors were at the following level:

• MSE = 8.30;
• MAE = 1.36;
• MRAE = 0.22.

The second model was built using a random forest.
Before starting the analysis, the boundary settings of the presented solution were

defined as follows:

• Stopping rule: percentage decrease in training error, 5%;
• Random test data proportion: 30%;
• Number of trees = 20;
• Minimum n in child node = 5;
• Maximum n of levels n = 10;
• Maximum n of nodes n = 1000.

In the next step, in order to properly assess the model’s goodness of fit, the sample
was divided into two sets: training and testing. The training set was used to build the
model and the test set to evaluate it.

During the construction of the model, the predictors were ranked again, indicating
which had the greatest impact on the studied phenomenon (Table 7). Again, the variables
engine load, speed, and gear had the greatest impact on the examined phenomenon, but in
a different configuration than in the CART model.

Table 7. Predictor importance ranking for developed random forest model.

Predictor Importance

Engine load (%) 100
Speed (km/h) 81

Gear 78
Acceleration (m/s2) 40
Engine Speed (rpm) 24

Slope (◦) 19

The developed model was saved in the form of PPLM code and then implemented
based on the data contained in the test sample.

The model errors were at the following level:

• MSE = 8.38;
• MAE = 1.51;
• MRAE = 0.25.
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3.3. Neural Networks

Since the process of creating and teaching neural networks is experimental, it was
decided to create approximately 750 networks in order to find the one with the fewest
prediction errors. Input and output variables were adopted in accordance with the
previous methodology.

The random sampling method was chosen with the following sizes: training sample,
80%; test sample, 10%; and validation sample, 10%. In order to force the identical learning
process for each network, a fixed seed was chosen for all training networks.

MLP was chosen as the neural network due to its universality and ease of imple-
mentation. The number of hidden layers was limited to one, with 5 to 35 neurons in this
layer. The activation functions used in the hidden layer were logistic, exponential, and
hyperbolic tangent (tanh), and those in the output layer were identity, logistic, exponential,
and tanh. Due to the large number of created neural networks, one learning algorithm was
adopted, Broyden–Fletcher–Goldfarb–Shanno (BFGS), in order to allow the possibility of
subsequent comparison of results. Finally, one error function was selected for all created
neural networks, sum of squares (SOS).

The results of teaching neural networks can be found in Appendix A. The analysis of
the results (Figures A1 and A2) shows that there is no clear relationship (i.e., low correlation)
between the number of neurons and the performance of the neural networks.

In the next stage of the analysis of the results, global sensitivity analysis was performed
on 100 neural networks with the lowest error test performance values. This is a method
for determining the validity of particular input variables of a neural network. For every
network considered for the analysis, a coefficient for each input is calculated that describes
the increase in error when the mentioned input variable is removed. If the value of the
coefficient is equal to or less than 1, then the particular input variable can be removed with-
out loss of quality of the neural network. However, if the value is greater than 1, it means
that the network has a sensitivity to the variable proportional to the value. Cumulative
averaged results of the global sensitivity analysis are presented In Figure 13 [43].
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The sensitivity analysis shows that the variables with the greatest impact on fuel
consumption (in descending order) are speed (4.89), engine load (2.66), engine speed (2.07),
and gear (1.90). Acceleration and slope (with values close to 1) can be ignored or even
removed without degrading network performance.

Among all created neural network models, one model was selected with the highest
testing and learning performance. Details of the parameters of the created network are
as follows:

• Structure: MLP 6-35-1;
• Training data sample performance (correlation): 0.88;
• Test data sample performance (correlation): 0.89;
• Validation data sample performance (correlation): 0.86;
• Training data sample error: 3.75;
• Test data sample error: 2.76;
• Validation data sample error: 4.03;
• Activation function of hidden layer: Tanh;
• Activation function of output layer: Logistic.

The fitting results of the chosen neural network for all data samples are shown in
Figure 14. Neural network predictions and actual targets (for comparison) for the testing
data samples are shown in Figure 15.
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The fitting results for the described neural network (test data samples) are as follows:

• MSE = 5.51;
• MAE = 1.37;
• MRAE = 0.30.
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4. Discussion

The use of low-cost equipment reduces the possible sampling frequency, thus limiting
the subsequent analysis of the collected data. The sampling frequency of the GPS modules
implemented in mobile phones with the Android operating system is most often 1 Hz. In
the case of the OBD-II interface, the limitations relate mainly to the hardware in terms of
the bandwidth of the OBD-II module and the mobile phone (i.e., calculation capability).

The low-cost devices used in the article (OBD-II adapter, mobile phone) determine the
quality of the data obtained to create fuel consumption models. The use of more expensive
devices would allow for an increased amount of data (higher sampling frequency) and
higher data fidelity, which in turn would allow more accurate models to be built.

In addition, the use of additional sensors, e.g., an inclinometer, which can directly
measure a given parameter, in this case, the slope of the terrain, would allow for less
time-consuming data processing (conversion of geographical coordinates) and possibly
fewer errors.

The direction of future research could be to implement selected fuel consumption
models on available embedded systems, e.g., Raspberry Pi, in order to determine their
accuracy in real-time while driving a vehicle. In the case of successful verification of
selected models, attempting to create a real-time decision support system for drivers could
be an interesting direction.

5. Conclusions

The article presents an analysis of selected fuel consumption modeling methods and
parameters that have a significant impact on the studied phenomenon. The scientific
novelty of the article is in the use of low-cost technology, i.e., an OBD-II interface paired
with a mobile phone, combined with modern mathematical modeling methods to create
an accurate model of the fuel consumption of a vehicle that is available to every driver.
The study was also carried out to develop fleet management strategies to enable transport
enterprises to minimize their costs and stabilize their financial security. Nowadays, this
security is threatened by inflation and sharp increases in fuel and energy prices. In order to
obtain answers to the research problems, multivariate regression, a decision tree (based on
the CART algorithm), and neural network models were built.

The obtained results indicate that the multivariate regression model obtained the
lowest MSE, MAR, and MRSE coefficient values, which means it can be considered the best
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of the analyzed forecasting methods. Satisfactory forecasting error results were obtained
using neural networks: an approximate 73% increase in MSE, an approximate 10% increase
in MAE, and an approximate 131% increase in MRAE compared to the regression results.
The worst results were achieved by the decision tree model: an approximate 163% increase
in MSE, an approximate 21% increase in MAE, and an approximate 92% increase in MRAE
compared to the regression results.

Implementing the developed forecasting models also allowed for an analysis of the
impact of selected variables on fuel consumption. In the multivariate regression model,
the phenomenon under study was most influenced by vehicle acceleration, with a 1 m/s2

increase resulting in a 0.94 increase in fuel consumption. In the decision tree model, the
predictor gear, speed, and engine load had the greatest impact on the dependent variable,
while engine speed and road slope had the smallest impact. In the neural network model,
speed, engine load, and engine speed had the greatest impact, and acceleration and road
slope had the smallest impact.

The key predictor in the most accurate multivariate regression model was acceleration,
which had the least impact on the modeled phenomenon in the other two models. These
differences result primarily from the different mathematical models in each method.

By using a low-cost OBD-II interface in combination with a simple multivariate regres-
sion model, it is possible to develop an operating cost management strategy (in terms of
minimizing vehicle operating costs) for transport companies, without having to invest in
expensive, technologically advanced TMS-class IT software, e.g., proper IT equipment.

The analysis of fuel consumption may be extended in the future by increasing the
number of parameters analyzed, e.g., by including weather conditions, type of road, or
vehicle technical parameters (engine, sensors, etc.). In addition, as part of future research,
the authors plan to compare more mathematical methods in terms of their ability to predict
fuel consumption.
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