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In this paper, research is done in the influence of different terrain and traffic con-
ditions on road sections on the driver’s driving performances, i.e. on the car en-
ergy efficiency and CO, emission. A methodology aimed at determining to which
extent unfavorable traffic and/or terrain conditions on a road section contribute to
the driver’s worse driving performances, and also to determine when the driver’s
aggressive driving style is responsible for greater fuel consumption and greater
CO, emission is proposed. In order to apply the proposed methodology, a research
study was carried out in a cargo transportation company and 12 drives who drove
the same vehicle on five different road sections were selected. As many as 284014
of the instances of the data about the defined parameters of the road section and
the driver’s driving style were collected, based on which and with the help of ma-
chine learning a prediction of the scores for the road section and the scores for
the driver's driving style was performed. The obtained results have shown that the
proposed methodology is a useful tool for managers enabling them to simply and
quickly determine potential room for increasing the energy efficiency of the vehicle
fleet and decreasing CO, emission.
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Introduction

Transportation and logistics companies with a vehicle fleet in goods road transporta-
tion have the aim to realize all planned transportation tasks in the observed time, simultaneous-
ly generating as low costs as possible so as to make a bigger profit. As fuel consumption for the
realization of transportation tasks has a significant share in costs [1-3], an increase in the energy
efficiency of a vehicle fleet is one of the significant measures for achieving the goal of the con-
sidered companies [4-6] and is yet increasingly gaining in importance when the environment
is observed since road transportation has a dominant share in final energy consumption in the
transportation sector [7-9].

Exerting an influence on the driver’s style represents one of the measures that may
contribute to an increase in energy efficiency. The considered companies frequently send their
drivers to an eco-driving training course which may result in instantaneous savings in fuel
consumption even up to 15% [10]. No more significant savings of eco-driving training courses,
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however, are achieved in the long-term observation period since drivers tend to return to their
old vehicle driving habits after a certain time has passed [11]. The reasons for said are, first
of all, drivers’ insufficient awareness of the influence a driving style has on fuel consumption
[12], as well as a frequent non-existence of a system for rewarding energy efficient drivers in
the considered companies [13]. In order to achieve the long-term effects of eco-driving train-
ing courses, too, there is a need to supervise the driver’s driving style through the constant
supervision of the values of the vehicle parameters that influence fuel consumption [14]. Stokié¢
et al. [15], the authors scored the driver’s driving style in passenger cars by using the following
vehicle parameters: the engine speed, the vehicle acceleration/deceleration, and the accelerator
pedal position. They determined that the higher the score for the driver (a passive driving style),
the smaller specific fuel consumption [L per 100 km], and vs. In the research study conducted in
[16], a fuzzy logic system type-2 (FLS2) model was developed by using the following vehicle
parameters: the engine speed (ES), vehicle acceleration/deceleration (ACC) and the accelera-
tor pedal position (APP). The same authors established a fact that, apart from the performed
eco-driving training course, there were yet significant differences in the achieved driving scores
that had caused an increase in specific fuel consumption by as much as 52.64%, the other fuel
consumption influential factors (such as traffic conditions, terrain conditions and so on) simul-
taneously being brought to an equal footing with each other.

In de Abreu e Silva [17], a set of multivariate regression models were developed and
a fact was established that the route characteristics such as average commercial speed on the
route, the frequency of a longitudinal road ascent/descent exceeding 5% exert a significant
influence on the energy efficiency of a bus vehicle fleet, among other things. In the conducted
research study [18], it was considered that fuel consumption could double if the road slope were
greater than 4%. Beside the influence of the road slope on fuel consumption, traffic conditions
such as driving in dense urban areas with traffic congestion have a major influence on fuel con-
sumption and therefore, on fuel savings as well [19, 20]. Since road sections differ from one
another as per terrain and traffic conditions, drivers often justify such excessive fuel consump-
tion by stating unfavorable terrain or traffic conditions along the section, not questioning their
driving performances. To determine the driver’s driving performances on a particular section,
contemporary information technologies can be utilized on a vehicle [21]. Using telematics sys-
tems on a vehicle, however, provides us with large amounts of diverse parameters that require
a longer time for their professional analysis, thus making it more difficult for managers to
make timely decisions [22]. For the reason of all that, managers are deprived of a possibility to
quickly and without major cost investments determine when it is unfavorable terrain or traffic
conditions on a section that have contributed to the driver’s worse driving performances and
when it is exclusively bad driving performances (i.e. the driver’s aggressive style) that were the
reason for greater fuel consumption.

In this paper, research was done in the extent to which different terrain and traffic condi-
tions on a section influence the achieved driving performances, i.e. the driver’s driving style, and
how all that together influences the vehicle energy efficiency and the environment (through CO,
emission) atthe same time. Based on the literature review and the authors’ own experience, the fol-
lowing parameters describing terrain and traffic conditions on a section: the longitudinal ascent/
descent on a road section, i.e. the slope of a road section (SRS) [%] and average vehicle speed in
atimeframe (ASTF) [km per hour]| were determined. According to the paper [ 16], the parameters
that trustworthily describe the driver’s driving style are the ES [rpm], the APP[%], and the vehicle
ACC [ms™]. A methodology for the evaluation of a road section and the driver’s driving style
from the aspect of energy efficiency was developed using machine learning. The methodology
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aims to determine the extent to which unfavorable traffic and/or terrain conditions have an
influence on the driver’s driving style and thus simultaneously on the energy efficiency of the
vehicle fleet and CO, emission by comparing the score for the road section and the score for the
driver’s driving style.

Methodology for the evaluation of a road section and
the driver’s driving style by applying machine learning

In this study, the machine learning method uses the data pertaining to the driver’s
driving ratings for the recorded values of the driving parameters (ES, ACC, APP) and the data
of the road section ratings for the recorded values of the section parameters (SRS, ASTF). When
appropriate datasets for training and testing are available, the application of the machine learn-
ing technique is simple, fast and efficient, and as for the rating, it does not require complicated
expert rules or expert questionnaires.

Machine learning method

Machine learning was applied so as to simply and quickly calculate the scores for the
road section and the scores for the driver’s driving style, which would enable efficient support
in real time. The term machine learning was first used by the author of the paper [23]. Many
authors have modified the driver’s behavior by using machine learning. The authors of the
paper [24] used the clustering technique, machine learning algorithms and deep learning algo-
rithms to classify drivers’ behaviors into those eco-friendly and those which are not. In Liu ez al.
[25], deep learning was used as one of the subfields of machine learning for modelling drivers’
behavior. The most frequently used types of machine learning algorithms in the papers are sup-
port vector machines, neural networks, bayesian learners, and ensemble learners, whereas the
algorithms of the decision trees types and instance based algorithms are present to a much lesser
extent [26]. In this research study, several different machine learning algorithms were used for
the prediction of the scores for the sections and the scores for the drivers, while a comparative
analysis of their performances is simultaneously shown in the obtained results.

The machine learning process consists of the following phases: the data preparation,
the model training, the model validation, the model testing and the model application, i.e. the
target variable prediction [27]. The approach known as cross-validation was used in this re-
search study to validate the model. Several different performance measures were used to score
the successfulness of numerical prediction; they are calculated [27]:
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where pi, p,,..., p, are the predicted values of the target variable, and the value p is the average
of the predicted values of the target variable, whereas the values ay, a,, ..., a, are the real values
of the target variable, and the value a is the average of the real values of the target variable,
n simultaneously being the number of the model validation instances.

In order to estimate how successful the selected models will be when applied to some
new data, their performance measures are calculated on the test dataset. After that, the model
performances obtained on the test dataset are subjected to a comparison with the performances
obtained on the training dataset. The model with the best performances on the training dataset
and on the test dataset is selected. The machine learning model that was selected as the best
after the testing phase is applied to the prediction dataset.

Methodology structure

The methodology, fig. 1, has the aim to determine the score for the road section and
the score for the driver’s driving style based on machine learning from the aspect of the vehicle
energy efficiency. By comparing the final score for the section with the final score for the driv-
er’s driving style on the section, it is possible to determine the extent to which fuel consumption
is a result of the influence of traffic and/or terrain conditions, and to which extent the same is a
result of an (in) adequate driving style.
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and the driver’s driving style rating methodology

In order to determine the observed scores, it is necessary that the defined parameters
should first be recorded in real exploitation conditions. With the help of GPS device, GPS
co-ordinates are obtained together with the current altitude of a vehicle, whereas the current
vehicle speed is obtained by means of OBDII. Both devices operate on a 1 Hz frequency, i.e.
they measure data in a 1 second interval. Based on these data, it is possible to calculate the value
of the SRS at the /" moment (in the i* second) based on:
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where AAltitude [m] is the altitude difference in the two observed adjacent recorded inter-
vals, At [second] — the time difference in the two observed adjacent recorded intervals, and
V. [km per hour] — the current speed at the i moment. Depending on the achieved value, the
SRS parameter is given one of the scores (from the worst 1 to the best score 5) in the following
manner: the score 1 for SRS > 4%, the score 2 for 2 < SRS < 4%, the score 3 for 0 < SRS <2%,
the score 4 for -2 < SRS < 0%, and the score 5 for SRS <-2%.

Based on the knowledge of the values of the vehicle speed, the ASTF parameter value
at the i moment (in the " second) is calculated in a 45 seconds interval prior to and after the
i moment:

i+45

ASTF, 1 >V, ie{4s,..,n—45} (7)
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where 7/ is the speed achieved in the /* interval for the i moment of observation, and # is the
total number of the records. Depending on the achieved value, the ASTF parameter is given
one of the scores (from the worst 1 to the best score 5) in the following manner: the score 1 for
ASTF <30 km per hour, the score 2 for 30 < ASTF < 50 km per hour, the score 3 for 50 < ASTF
<70 km per hour, the score 4 for 70 < ASTF < 80 km per hour, and the score 5 for ASTF > 80
km per hour. The machine learning SIS is calculated in every second by means of the addition
of the obtained scores for the ASTF and SRS parameters:

SIS = SRS,.oye + ASTF, (8)

score score

Simultaneously, SIS values ranging from 2-10 are possible (the score 2 being the
worst, and the score 10 being the best). With the help of OBDII device, the ES and APP pa-
rameters are obtained apart from the vehicle speed. Based on the current vehicle speeds, the
vehicle acceleration, i.e. the ACC parameter, is also calculated. The input score of the driver’s
driving style (the driver’s input score — DIS) for machine learning is obtained in every second
based on the ES, APP, and ACC parameters and using the FLS2 model, according to the paper
[16]. Simultaneously, DIS values ranging from 1-10 are possible (the score 1 being the worst,
and the score 10 being the best). All the recorded and obtained parameter values, as well as the
calculated DIS and SIS input values, are entered into the relational database management sys-
tem (RDBMS) and datasets for the machine learning phases (training, testing and prediction)
are formed from them. The values of the SRS and ASTF parameters and the input value of SIS
calculated based on the expression (8) are used to evaluate the road section. The SRS and ASTF
parameters are independent attributes, whereas SIS is the dependent variable. The ES, APP and
ACC parameters are the independent attributes, whereas DIS is the dependent variable. As the
final result, the SPS are obtained together with the driver’s driving style predicted scores (DPS)
in every second. The SFS is calculated as the arithmetic mean of the SPS values, whereas the
driver’s driving style final score (DFY) is calculated as the arithmetic mean of the DPS values
on the considered road section, fig. 1.

In order for the proposed methodology not to be too complicated, it does not include
the other, less significant factors relevant for fuel consumption, such as the vehicle load mass or
the weather conditions. The inclusion of the influences of the vehicle load mass and the weath-
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er conditions on fuel consumption within the framework of the proposed methodology would
require a significantly longer period of time to have the data recorded and analyzed.

Conducted research

The proposed methodology was applied in the Delmax Ltd. Company. The company
has its own vehicle fleet for cargo transportation. The research study was carried out in the
period from April to June 2021. One van that was performing the planned transportation tasks
within the framework of real exploitation conditions was used. The used van was manufactured
in 2017, had a 96 kW power engine, whereas the maximum allowed vehicle mass was 3500 kg.
During the research study, the van was transporting very similar cargo amounts so as to prevent
the influence of a different cargo mass on fuel consumption. The van tire pressure was as pre-
scribed and equal, whereas the weather conditions were without precipitations and without the
wind so as to avoid the influence of the mentioned factors on fuel consumption.

Based on the conversation made with the company managers, a total of 12 male driv-
ers of 35 to 60 years of age and with over 5 years of professional driving experience and who
had but recently gone through an eco-driving training course were selected. Each driver drove
the selected vehicle on the same intercity route of the total length 330 km during one single day.
During the period of research on the considered route, there were no road maintenance works
or more serious traffic accidents. To determine the influence of different terrain and traffic con-
ditions on the driver’s driving performances (the driving style) and fuel consumption, as well
as CO, emission, a total of the five route road sections, tab. 1, different from each other were
selected and analyzed. The considered road sections are of the same road category and do not
have any sharp curves.

Table 1. The presentation of the data about the analyzed road sections

Section-related data S1 S2 S3 S4 S5
Length [km] 14.8 14.0 6.0 6.0 28.8
Average longitudinal road ascent/descent (slope) [%] 0.24 0.90 -2.72 3.42 —0.55
Share of the length of the section in the settlement [%] 71 0 30 30 37

The recording and calculation of the defined parameters was so performed as de-
scribed in section Methodology structure. The collected data were automatedly stored in the
RDBMS on a daily basis. The data set in order were exported from the database in the format
necessary to build and apply the machine learning model. All the available records consisting
of the SRS, ASTF, and SIS data were divided into a set of the model training data (the two-thirds
of the total number of the records) and a set of the model testing data (the one-third of the total
number of the records). The machine learning models based on the following algorithms: Lin-
earRegression, MultilayerPerceptron, M5P, Random Forest, Random Tree and REPTree were
trained on the training dataset in the Weka software tool. Then, according to the expressions
(1)-(5), the test dataset was used to calculate those models’ performance measures on that data-
set. The model that showed the best performances on both datasets was applied to a new pre-
diction dataset consisting of the SRS and ASTF data. As the final result of the application of the
machine model, the SPS in every driving second were obtained. Based on the obtained SPS, the
SFS were calculated. In the identical manner, the models of machine learning on records were
built and applied for the ACC, APP, ES, and DIS data in order to calculate the DFS.

While performing transportation work, the data about the average specific fuel con-
sumption — ¢ [L per 100 km] on the considered sections were retrieved from the on-board com-
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puter on the vehicle. The amount of CO, emission [kgkm™'] was calculated based on the linear
dependence with the values g [28, 29].

Obtained results with discussion

Based on the conducted research study, the values of the defined parameters for the
section (SRS, ASTF) and the driver’s driving style parameters (£S, APP, ACC) in every second
were obtained, based on which the input SIS and DIS values were calculated. A total of 284014
records were made, on which the machine learning method was applied within the framework
of the proposed methodology. In order to ensure the representativeness of the datasets on which
the training and testing of the machine learning models was performed, the data describing the
driving of 12 different drivers on the five different road sections were used. Recording the driv-
ing parameters of the different drivers allowed the predictive models to encompass the different
driving styles. Recording the road section parameters on the different road sections enabled the
machine learning models to include the different terrain and traffic conditions.

When the obtained values of the SRS and ASTF parameters as per considered sections
are analyzed, fig. 2, it is possible to perceive that the SRS value exceeding 4% is most frequent-
ly present on the section S4, which means that this section has the most unfavorable terrain
conditions from the point of view of energy efficiency. On the other hand, the section S3 has
the most frequent values SRS < -2, which makes this section the most favorable as per terrain
conditions. The sections S1, S2, and S5 are similar to one another as per terrain conditions and
their SRS values are prevailingly from —2-2%. It is also noticed that the drivers most frequent-
ly achieved the ASTF value greater than 80 km per hour and the rarest ASTF value below 30
km per hour on the section S2. According to said, there are rare traffic bottlenecks on the sec-
tion S2 and the vehicle may move at a greater vehicle speed. On the section S1, the drivers
most frequently achieved the ASTF value in the interval from 30-50 km per hour, but they also
frequently achieved the ASTF value below 30 km per hour. The section S1 is characterized by
frequent higher traffic volume that influence reduction in the vehicle speed, fig. 2.
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Figure 2. The time distribution of SRS and ASTF per road sections

Based on the analysis of the obtained data about the ES, 4PP, and ACC parameters,
tab. 2, a fact was established that the highest average ES value achieved on the section S2 was
1842 rpm, whereas the lowest average ES value achieved on the section S1 was 1509 rpm. On
the section S3, the lowest achieved average APP value was 10%, whereas the highest 4PP
average value was that achieved on the sections S2 and S4 and was 33%. The mentioned differ-
ences appeared as a consequence of the different traffic and terrain conditions on the considered
sections. Apart from that, it was determined that the driver D5 had achieved the lowest average
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ES value of 1421 rpm, whereas the driver D11 had achieved the highest average ES value of
1839 rpm. The driver D10 achieved the lowest average APP value of 19%, whereas the drivers
D3 and D8 achieved the highest average APP value of 26%, tab. 2. Those differences appeared
as a consequence of the drivers’ different driving styles.

The training dataset for the prediction of the scores for the driver’s driving style con-
sisted of 122559 instances, the test dataset consisted of 61279 instances and the prediction data-
set consisted of 48588 instances, which in total was 232426 instances. Based on the machine
learning model performances calculated according to the expressions (1)-(5) on the training
dataset, (tab. 3, and the test dataset, the model based on the Random Forest algorithm proved
to be the best. The DPS values were obtained using this model. The coefficient of correlation
between DIS and DPS in this model has a value 0.9998, whereas the mean absolute error has a
value 0.0262. It can be seen that this model has the best performances according to the remain-
ing error measures as well, tab. 3.

Table 2. The achieved average ES, APP and ACC values as per drivers on the road sections
Section| Parameter | D1 D2 | D3 | D4 | D5 | D6 | D7 | D8 | D9 | D10 | D11 | D12
S1 ES [rpm] | 1558 | 1567 | 1593 | 1343 | 1292 | 1223 | 1628 | 1666 | 1511 | 1548 | 1551 | 1626
APP [%] | 21 20 23 22 22 22 19 24 21 16 18 19
ACC [ms?]| 0.02 [-0.01| 0.01 | 0.02 | 0.01 | 0.00 | 0.02 | 0.01 | 0.00 | 0.00 | 0.01 | 0.01
S2 ES [rpm] | 1779 | 1895 | 1924 | 1600 | 1523 | 1549 | 2001 | 2045 | 2255 | 1963 | 1868 | 1707
APP [%] | 31 33 37 34 31 34 34 35 43 29 29 28
ACC [ms?]| 0.01 | 0.00 | 0.01 | 0.01 | 0.01 | 0.00 | 0.00 |-0.01| 0.00 | 0.01 | 0.00 | 0.01
S3 ES[rpm] | 1862 | 1931 | 1769 | 1630 | 1505 | 1598 | 1603 | 1693 | 1339 | 1658 | 1769 | 1878
APP [%] 8 12 13 9 11 8 9 16 7 8 8 6
ACC [ms?]|—0.04 |-0.05 | -0.04 | —0.02 | -0.01 | —0.04 | —0.04 | 0.00 |—0.04 | —0.04 | -0.03 | -0.04
S4 ES [rpm] | 1666 | 1573 | 1812 | 1389 | 1443 | 1437 | 2062 | 1986 | 1731 | 1645 | 2236 | 1751
APP [%] | 33 32 38 31 35 35 35 36 35 26 29 29
ACC [ms?]| 0.04 | 0.04 | 0.05 | 0.02 | 0.02 | 0.04 | 0.02 | 0.02 | 0.05 | 0.01 | 0.05 | 0.05
S5 ES [rpm] | 1488 | 1603 | 1626 | 1353 | 1344 | 1393 | 1657 | 1712 | 1601 | 1493 | 1771 | 1544
APP [%] 16 19 21 20 18 21 21 21 18 15 19 18
ACC [ms?]|-0.01| 0.00 |-0.02 |-0.01 [-0.01 | 0.00 | 0.00 | 0.00 [—0.01 [-0.01 | 0.00 |—0.01

Table 3. The driver’s scores prediction model performances — the training dataset

Al Correlgtion Mean Root mean Relative ) Root relativi
coefficient | absolute error | squared error | absolute error [%] | squared error [%]
Linear regression 0.8629 0.8682 1.1354 47.9015 50.5418
Multilayer perceptron 0.967 0.4297 0.576 23.7063 25.6384
M5P 0.9992 0.0505 0.0877 2.7858 3.9019
Random forest 0.9998 0.0262 0.0495 1.4482 2.2054
Random tree 0.9993 0.0514 0.085 2.8367 3.7825
REP tree 0.9992 0.0583 0.0926 3.2174 4.1207
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The training dataset for the section scores prediction consisted of 29635 instances, the
test dataset consisted of 14817 instances and the prediction dataset consisted of 4136 instances,
which in total was 48588 instances. In this model group, too, the best performances were those
demonstrated by the random-forest-algorithm-based model. Applying this model to the predic-
tion dataset, the SPS values were obtained. The coefficient of correlation between SIS and SPS
in this model has a value of 0.9999, whereas the mean absolute error has a value of 0.001. Table
4 accounts for the SIS and SPS values, as well as those for DIS and DPS, on the selected subset
of the test dataset.

Table 4. The presentation of a few consequent real and predicted scores for the sections and
scores for the drivers inclusive of the values of the appropriate independent parameters

inst’ | ASTF SRS SIS SPS ES APP ACC DIS DPS
1 80.15 0.73 8 8 1753 0.47 —0.28 8.66 8.64
2 79.91 1.06 7 7 1704 30.98 —0.27 6.60 6.58
3 79.68 1.75 7 7 1774 38.50 0 4.57 4.57
4 79.44 2.87 6 6 1888 33.33 0.83 3.50 3.46
5 79.19 3.24 6 6 1969 27.70 0.55 4.84 4.85

The achieved SF'S and DFS values substantially differ from one another as per ana-
lyzed sections due to the different terrain and traffic conditions, but they also differ even be-
tween the drivers on the same sections because of their different driving styles, tab. 5. By ana-
lyzing the obtained data about SF'S and DFS, as well as g and CO,, tab. 5, it was determined that
the section S3 was the most favorable from the aspect of energy efficiency, on which the highest
average SF'S value was 7.7, only to be followed by the section S2 with 7.31, then S5 with 6.82
and S1 with 5.76, whereas the most unfavorable section was the section S4, on which the lowest
average SF'S value was 5.39. The mentioned differences in the SFS values were a consequence
of the different terrain and traffic conditions on the analyzed sections. It was determined, how-
ever, that the drivers achieved the lowest average DFS value of only 5.49 on the section S2,
which is one of the most favorable sections from the aspect of energy efficiency. As the section
S2 enables a greater vehicle speed due to rare traffic bottlenecks, the drivers characterized by
an aggressive driving style abused that convenience and frequently drove the vehicles at a very
high speed. The same drivers were forced to drive their vehicles in an energy efficient manner
on the sections S1 and S5, on which no greater vehicle speed is allowed, so they achieved the
average value of DFS 7.24 on S1 and DPS 7.51 on S5.

The achieved DFS values are inversely proportional to the values g and CO,, tab. 5.
The lowest average value of g 6.7 L per 100 km was achieved on the energy most favorable
section S3, on which the highest average DFS value of 7.76 was also achieved. The highest av-
erage value of ¢ 9.21 L per 100 km, however, was not achieved on the energy most unfavorable
section S4, but on the section S2, on which an aggressive driving style is enabled to the greatest
extent, where the average DF'S value is only 5.49. Based on the average SFS value, a fact was
established that the terrain and traffic conditions on the analyzed sections differ from each other
by 46.22%, which influenced the difference in specific fuel consumption —¢g and CO, emission
by 48.98%. To a certain extent, that was also contributed to by the different driving styles prac-
ticed by the tested drivers. If the driver met the condition that DF'S > SF, it can be accepted
that the unfavorable terrain and traffic conditions on the section were the only one reason for the
obtained potentially higher value of ¢ and CO,. When the driver did not meet the condition that
DFS > SF§, then it is absolutely certain that the driver’s aggressive style had also contributed
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to a higher value of ¢ and CO, apart from the unfavorable terrain and traffic conditions on the
road section. The analysis of the data given in tab. 5 shows that the condition that DFS > SFS on
the section S1 was met by all the 12 drivers, whereas that condition was only met by the driver
D5 on the section S2.

Table 5. The achieved SFS and DFS values, fuel consumption and
CO; emission as per drivers and road sections

Section Drivers Dl | D2 | D3 | D4 | D5 | D6 | D7 | D8 | D9 | D10 | D11 | D12
S1 SFS 599 1595|595 |561|582]|561]562|6.10|584|533]5.61|5.68
DFS 723 1740|692 |791 777|798 6.61|629|701|715|7.53]|7.14

q[Lper100km]| 7.1 | 6.9 | 74 | 65 | 6.6 | 65| 7.7 | 80 | 73 | 7.1 | 6.8 | 7.1
CO, [kgkm™'] | 0.18 | 0.18 | 0.19 | 0.17 | 0.17 | 0.17 | 0.20 | 0.21 | 0.19 | 0.19 | 0.18 | 0.19
S2 SFS 7.8217.62|723|7.04]645)|694|7.74 742|789 |7.17|7.36 698
DFS 6.10 | 545 | 5.08 | 6.13 | 6.62 | 6.20 | 4.89 | 4.53 | 3.57 | 5.24 | 5.63 | 6.45
g[Lper100km]| 83 | 92 | 98 | 82 | 7.7 | 81 | 10.1 | 10.8 | 12.5| 9.5 | 89 | 7.8
CO, [kgkm™'] | 0.22 | 0.24 | 0.26 | 0.21 | 0.20 | 0.21 | 0.26 | 0.28 | 0.33 | 0.25 | 0.23 | 0.20
S3 SF'S 825853740 |7.75|7.86|8.10|7.52|819|6.81|7.52|721|7.28
DFS 7.27 1682|737 |8.12 | 842 | 831 | 7.77 | 7.25 | 8.64 | 8.11 | 7.65 | 7.36
q[Lper100km]| 7.0 | 75 | 69 | 64 | 62 | 62 | 6.6 | 7.1 | 6.0 | 64 | 6.7 | 7.0
CO,[kgkm™] | 0.18 | 0.19 | 0.18 | 0.17 | 0.16 | 0.16 | 0.17 | 0.18 | 0.16 | 0.17 | 0.18 | 0.18
S4 SFS 521 534|593 |505|559]|5.74|5.11 | 6.07 | 520 | 449 | 548 | 5.45
DFS 6.37 | 7.04|551|7.08649 660|449 |443|574 652|341 598
q[Lper100km]| 7.9 | 72 | 9.1 | 72 | 7.8 | 7.7 | 109 | 11.0 | 87 | 7.8 | 129 | 8.4
CO, [kgkm™'] | 0.21 | 0.19 | 0.24 | 0.19 | 0.20 | 0.20 | 0.28 | 0.29 | 0.23 | 0.20 | 0.34 | 0.22
S5 SFS 6.53 1699|717 | 6.67 | 6.73 | 6.85| 6.96 | 7.01 | 6.70 | 6.64 | 6.86 | 6.76
DFS 8.17 | 748 | 7.02 | 8.10 | 8.18 | 8.05 | 6.82 | 6.51 | 7.54 | 7.96 | 6.55 | 7.78
q[Lper100km]| 63 | 69 | 73 | 64 | 63 | 64 | 75 | 7.8 | 6.8 | 65 | 7.7 | 6.6
CO, [kgkm™'] | 0.17 | 0.18 | 0.19 | 0.17 | 0.17 | 0.17 | 0.19 | 0.20 | 0.18 | 0.17 | 0.20 | 0.17

The driver D5 met the condition that DFS > SF'S on all the considered road sections,
which makes him a driver characterized by a moderate (passive) driving style, thus contributing
to a lower value of ¢ and CO,. The drivers D3, D7, D8, and D11 did not meet the condition
that DFS > SF'S on the largest number of the considered road sections, which classifies them
into the drives characterized by an aggressive driving style, because of which they achieved the
unnecessarily greater values g and CO,.

Conclusions

In this paper, research was done in the influence of the terrain and traffic characteris-
tics of a road section on the driver’s driving performances and how, taken together, the same
influences fuel consumption and CO, emission. A methodology for the evaluation of a road sec-
tion and the driver’s driving style by applying machine learning was proposed. The application
of machine learning enables a simple and quick calculation of the section score and the driver’s
driving style score. It was determined on a sample of 281014 data in total that there was a very
high agreement between the predicted SPS and DPS values and the input SIS and DIS values.
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The correlation coefficient between SIS and SPS has the value 0.9999, with the mean absolute
error 0.001, and the correlation coefficient between DIS and DPS has the value 0.9998, with the
mean absolute error 0.0262. Comparing the SF'S with the DFS, it can be determined whether
it is exclusively the unfavorable terrain and/or traffic conditions on the section that have in-
fluenced the driver’s worse driving performances, or it is also the driver’s aggressive driving
style that has contributed to a greater fuel consumption and higher CO, emission. The proposed
methodology was applied to the 12 drivers who drove the same vehicle on the five road sec-
tions with different terrain and traffic conditions during one day within the framework of the
transportation tasks assigned to them in the company, and the following conclusion were made.
® The drivers with a higher DFS value had a lower specific fuel consumption ¢ and CO,
emission. On the road section S3, driver D5 achieved the DFS value 8.42 and the ¢ value
6.2 1 per 100 km, whereas on the road section S4, driver D11 achieved a lower DF'S value of
only 3.41, thus having a much greater ¢ value of 12.9 L per 100 km, tab. 5.

® The less favorable terrain and/or traffic conditions on the section, the greater the value of ¢
and CO,. The considered drivers achieved an average g value of only 6.7 L per 100 km on
the most favorable road section S3 (SF'S = 7.70), whereas on the unfavorable road section
S4 (SFS = 5.39), they achieved an average ¢ value of as much as 8.9 1 per 100 km, tab. 5.

e Favorable terrain and traffic conditions on the section do not always have an influence on
a lower value of ¢ and CO, because of the demonstration of some drivers’ aggressive driv-
ing style in those conditions. Because of the drivers with an aggressive driving style, the
average ¢ value achieved on the favorable road section S2 (SFS = 7.31) was as much as 9.2
L per 100 km, whereas on the less favorable road section S1 (SFS = 5.76), the average ¢
value was 7.1 L per 100 km, tab. 5.

®  When the driver has met the condition that DFS > SF'S on some road section, a potentially
greater fuel consumption and CO, emission are considered to have exclusively occurred
because of unfavorable terrain and/or traffic conditions on the road section, not because of
the driver’s driving style. On the road section S4, Drivers D3, D7, D8, and D11 did not meet
the condition that DFS > SF'S, so they achieved a much greater value of ¢ and CO, compared
to all the other drivers, and the reason for that being their aggressive driving style, tab. 5.

® The drivers who met the condition that DFS > SFS on the majority of the observed road
sections are energy efficient drivers with characterized by a moderate (passive) driving
style, whereas the drivers who did not meet the condition that DFS > SFS on the majority
of the road sections are energy inefficient drivers characterized by an aggressive driving
style. Driver D5 with a moderate driving style was the only one to meet the condition that
DFS > SFS on all the five road sections, thus achieving the average ¢ value of only 6.92
L per 100 km, whereas drivers D3, D7, D8, and D11 with an aggressive driving style did not
meet the condition that DFS > SF'S on the largest number of the road sections, thus achiev-
ing greater average ¢ values of 8.10 L per 100 km, 8.54 L per 100 km, 8.93 L per 100 km,
and 8.61 L per 100 km, respectively. The driving style of the other drivers classified them
in-between driver D5 and drivers D3, D7, DS, and D11, tab. 5.

It can be concluded that being knowledgeable of the SF'S and DFS values is signifi-
cantly helpful for the managers of the considered companies when they have to determine the
influence of the terrain and traffic conditions of a road section on the achieved driver’s driving
performances. The proposed methodology represents a tool useful for managers with the aim
of increasing the energy efficiency of the vehicle fleet and protecting the environment. The pro-
posed methodology was applied to vans, but it can also be applied to other commercial vehicles,
such as trucks or articulated vehicles with semi-trailer and passenger vehicles as well. Future
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directions for research will be directed towards the determination of the influence of the cargo
mass in the vehicle on the driver’s driving performances.
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Nomenclature
ACC - acceleration/deceleration, [ms] q — specific fuel consumption, [L per 100 km]
a; — the i" actual value of the target variable, SFS — section’s final score, [—]
[-] SIS - section’s input score, [—|
APP — accelerator pedal position, [%] SPS - section’s predicted score, [-]
ASTF — average vehicle speed in a time frame, SRS - slope of road section, [%]
[km per hour]
CO, - specific CO, emissions, [kgkm™] Acronyms
DFS — driver’s final score, [-] FLS2 - fuzzy logic system type-2
DIS - driver’s input score, [—] OBDII - on-board diagnostics
DPS — driver’s predicted score, [] D1-D12 - tested drivers
ES  — engine speed, [rpm] RDBMS - relational database management system
Di — the " predicted value of the target S1-S5  — analyzed road sections

variable, [-]
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