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Abstract: Inappropriate or unsafe speed is one of the main factors that affects the number of road
crashes as well as the severity of the consequences. Research shows that speed is an influential factor
in the occurrence of road crashes in more than 30% of road crashes with fatal outcomes and in over
12% of all road crashes. With an increase in speed, the risk of road crashes increases as well as the
severity of the consequences. The perception of the vehicle speed in the traffic lane is one of the
basic prerequisites for the safe functioning of traffic, that is, for the successful and timely interaction
of all road users. Therefore, the challenge of this paper is to examine how the assessment of the
speed of a passenger vehicle in different environments affects the prediction of the respondent’s
participation in road crashes. Bearing the above in mind, an experimental study was carried out, in
real traffic conditions (RTC) as well as in a virtual environment using a driving simulator (DS), at
different passenger vehicle speeds (30, 50 and 70 km/h), and at different perspectives of observing
the oncoming vehicle (observing the vehicle from the front, from the back, from the side and from the
driver’s seat) by the respondents. The respondents had the task of evaluating the passenger vehicle
speed, in all tested conditions and at all tested speeds. Standard statistical models and fuzzy logic
were used to analyze the obtained results. The results show statistically significant differences for all
tested situations and all tested speeds as well as statistically significant differences depending on the
gender of the respondents, the driver’s license category, the driver’s experience, frequency of driving
and depending on whether respondents wear glasses. Bearing in mind the results of the developed
model, by applying fuzzy logic, it can be concluded that the proposed model can be used to assess
the propensity of respondents to participate in road crashes, based on perception of vehicle speeds in
two tested environments.
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1. Introduction

Speed is recognized as an important indicator of road safety [1]. Road crashes caused
by speeding represent a major road safety problem [2]. Unsafe speed, i.e., inappropriate
speed, is one of the main factors that affects the number of road crashes, but also the severity
of the consequences of road crashes [3–6]. Research shows that unsafe or inappropriate
speed is an influential factor in the occurrence of road crashes in more than 30% of road
crashes with a fatal outcome and in over 12% of all road crashes [7].

It is estimated that around 50% of drivers commit a speeding offense at any time, with
a third of road crashes resulting in fatalities occurring as a result of speeding [8]. Research
shows that male drivers are more inclined to speeding, i.e., causing dangerous situations.
Young drivers (up to two years of driving experience) as well as drivers of commercial
vehicles, show a greater tendency to speed [2]. Research shows that as driving experience
increases, the likelihood of speeding increases [9].
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In the Republic of Serbia, the country where this research was conducted, “reckless
action by the driver” is the most dominant group of influencing factors in road crashes
with fatalities, while the most common influencing factors in the mentioned group are
“speed not adapted to traffic and road conditions” and “driving over the speed limit” [10].
The average speed of passenger vehicles on the roads of the Republic of Serbia, in an
inhabited place, during 2021 was 51.4 km/h (85th percentile = 61 km/h), the average speed
of freight vehicles was 46.5 km/h (85th percentile = 55 km/h), the average speed of buses
was 47.3 km/h (85th percentile = 55 km/h), while the average speed of motorcycles was
57.7 km/h (85th percentile = 70 km/h) [11]. During the attitudes survey of road users,
it was observed that respondents consider “aggressive and careless driving” as well as
“speeding” as the main factors in the occurrence of road crashes [12]. The survey of drivers’
attitudes about speed indicated the alarming fact that the largest percentage of passenger
vehicle drivers (46.7%) do not agree that driving over the speed limit, in an inhabited place,
by 20 km/h increases the risk of a road crash. When it comes to motives for speeding, most
drivers (32.6%) pointed out that it contributes to their experience of adapting to the driving
of other drivers in traffic [13].

Many studies have shown that with an increase in speed, the risk of road crashes
also increases. An average increase in average vehicle speed by 1 km/h contributes to an
increase in the total number of road crashes by 3%, while when it comes to road crashes
with fatalities, the total number of road crashes increases by 5% [14]. Research shows
that reducing the average speed by 5 km/h results in a reduction in road crashes with
fatalities by 22%, and a reduction in seriously injured by 16% and lightly injured by 10% [15].
Reducing the average speed by 1% contributes to reducing the number of people killed in
road crashes by 4% and reducing the number of seriously injured by 3%, while with twice
the number of drivers exceeding the speed limit, it leads to an increase in the risk of a road
crash by 10% [16].

The perception of the motor vehicle’s speed in traffic is one of the basic prerequi-
sites for the safe functioning of traffic, i.e., for the successful and timely interaction of
all road users [17,18]. In order to increase the safety of all road users, it is necessary to
implement three measures: observing the oncoming vehicle, spotting the vehicle and
correctly estimating the speed of the oncoming vehicle and the time required for the
execution maneuver [18,19].

Research suggests that the contrast between the vehicle and the background has an
important effect on the visibility of the vehicle (illumination contrast theory) [19]. In the
research conducted by Pešić et al. [17], it was determined that respondents more accurately
estimate lower speeds (30 km/h and 50 km/h) of passenger vehicles, without daytime
running lights on, in contrast to the situation when respondents estimate lower speeds
with daytime running lights on. At higher speeds (70 km/h and 90 km/h) of the passenger
vehicle, the subjects estimate the speed more accurately with the daytime running lights on,
in contrast to the situation when the subjects estimate a higher speed without the daytime
running lights on [17]. In research conducted by the authors Ivanišević et al. [18] in which
young drivers took part, it was found that the participants underestimated the speed at
the analyzed motorcycle speeds of 50, km/h, 70 km/h and 90 km/h, with and without
daytime running lights with halogen bulbs as well as when the daytime running lights
were on light with LED bulbs, while overestimating the speed of 30 km/h in the situation
when the daytime running lights with halogen bulbs are turned off on the motorcycle
(M = 30.49; SD = 11.50) and when the daytime running lights with LED bulbs are turned
on (M = 36.06; SD = 11.55), and they underestimate the speed of a motorcycle when the
daytime running lights with halogen bulbs are on (M = 22.23; SD = 10.85). Bearing in mind
the aforementioned research, the authors Ivanišević et al. [18] came to the conclusion that
at speeds of 50 km/h, 70 km/h and 90 km/h, observed in all described conditions (with
and without daytime running lights with halogen bulbs as well as when daytime running
lights with LED bulbs are turned on), the respondents with the smallest error estimate the
motorcycle speed when the daytime running lights with LED bulbs are on.
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There is a limited number of studies that have dealt with the differences in vehicle
speed estimation, taking into account the perspective from which the oncoming vehicle
is viewed. Authors Čičević et al. [13] in their research, state that young road users cannot
properly estimate the speed of the vehicle in front of them and the oncoming vehicle,
which can cause problems when overtaking. The authors came to the conclusion that
respondents perceive a speed of 30 km/h mainly as faster, while higher speeds are perceived
as slower [13]. Obviously, the process of perceiving vehicle speed is very complex, and
the research results have significant implications for the safety of different categories of
road users [13].

Fuzzy logic models can be used to predict driver behavior [20–24], but also various
aspects of the traffic profession [25–29]. A group of authors [29], in their work, analyzed
the influence of the perception of speed and the spatial perception on the occurrence of
road crashes and came to the conclusion that the spatial perception by the driver can better
explain the tendency of the driver towards the occurrence of road crashes compared to the
perception of speed.

Bearing the above in mind, this paper aims to examine the tendency of drivers to par-
ticipate in road crashes, based on their perception of speed in real and virtual environments.
In this study, potential research gaps can be identified, including a consistent stimulus
paradigm (such as a single vehicle category, uniform vehicle color, and a specific viewing
perspective, etc.), with the analysis limited to three distinct speeds of vehicles. Additionally,
there is a limitation in the variety of traffic environments considered for speed assessments,
as well as a singular focus on a specific age group (young drivers) of participants.

The paper comprises the “Introduction” section, which delineates the background of
the road safety problem, provides a detailed literature review concerning vehicle speed
perception, and shows the paper’s objectives. Following this is the “Materials and Methods”
section, which meticulously describes the experiment, stimuli, participants, the experimen-
tal procedure, and the method of data collection and processing, including the application
of fuzzy logic. In the ensuing chapter, detailed results of statistical analyses and fuzzy logic
are presented. The subsequent chapter involves a comprehensive discussion and compar-
ison of the obtained results with other studies. The concluding chapter emphasizes the
most crucial conclusions drawn from the study, along with guidelines for future research
directions. For an easier understanding of the structure of the study, a flow chart diagram
is shown in Figure 1.
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2. Materials and Methods

This section is divided into two subsections. The first subsection refers to the descrip-
tion and method of conducting the experiment in order to collect empirical results, while
the second subsection refers to the model development for determining the propensity for
road crashes using fuzzy logic, and based on the speed perception of the passenger vehicle
by the participants in real traffic conditions (RTC) and in a virtual environment (DS).

2.1. Data Collection

In order to collect empirical data for the purposes of this research, an experiment was
conducted with the aim of examining differences in the speed perception of an oncoming
passenger vehicle, in a situation where the subject observes the vehicle in front in real traffic
conditions (RTC) and in a virtual environment using a driving simulator (DS). Respondents
task was to estimate the speed of the passenger vehicle in all described conditions, at
all tested speeds (30, 50 and 70 km/h). Also, respondents answered questions about
demographic characteristics (gender and age), possession of a driver’s license (category
and years of possession), frequency of driving, whether respondents wear glasses or
not [18,21,22] and participation in road crashes [20].
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87 respondents participated in the experiment. One group of respondents consists of
young drivers who have a driver’s license, while the second group consists of respondents
who are currently attending driver training programs in driving schools. Respondents
did not receive any compensation for participation. Also, all ethical measures, rights and
discretion of the respondents were respected during the research. Each respondent was
tested individually and underwent preliminary trials.

2.1.1. Procedure

For the purposes of this experiment, the participants were presented with six different
situations: three different situations of speed estimation in real traffic conditions (RTC
environment) and three different situations of speed estimation in a virtual environment
using a driving simulator (DS environment).

There was no horizontal or vertical signalization at the testing ground. The environ-
ment included common vegetation to avoid influencing participants’ expectations about
the motion of the visual targets and to prevent distraction [21]. The same conditions were
simulated using a driving simulator. In the research, the participants had the task of es-
timating the passenger vehicle speed in all described situations, at all tested speeds. The
respondents gave their answers orally, while the assistant in the experiment entered the
spoken values into the online questionnaire [18,21,22]. The questionnaire also contained
questions related to demographic characteristics (gender and age), possession of a driver’s
license (category and years of possession), frequency of driving [18,21,22] and data on the
respondents’ participation in road crashes [20].

2.1.2. Experimental Protocol

The experiment was conducted during August and September 2022. year. At the be-
ginning of the experiment, each participant received his own combination of experimental
stimulus order, which was chosen by using a random number generator. This procedure
was carried out in order to neutralize the anchoring effect, by means of counterbalanc-
ing. Counterbalancing is accomplished by randomizing the order of presentation of the
test stimuli [18,20–22].

The respondents estimated the passenger vehicle speed (at tested speeds of 30, 50
and 70 km/h) in real traffic conditions (RTC) and in a virtual environment using a driving
simulator (DS), observing the oncoming vehicle from the front.

Each participant had a total of 6 tasks related to the passenger vehicle speed estimation
(3 situations in real traffic conditions (RTC) and 3 situations in a virtual environment using
a driving simulator (DS). The order of presentation of the situations was different for
each participant [21]. The participants were not offered answers, but they estimated the
speeds themselves. The estimated speeds were spoken by the subjects after each presented
situation, while the assistant in the experiment entered the spoken values into the online
questionnaire.

2.1.3. Participants

87 respondents, average age 21.54 (Xmin = 19; Xmax = 25), participated in the research.
The share of male respondents in the sample is 50.6%, while the share of female respondents
is 49.4%. The highest percentage of respondents, 70.1%, have a driver’s license for a pas-
senger car, while 20.7% of respondents have a driver’s license for a motorcycle, passenger
car or truck. More than a third of respondents, 34.5%, have had a driver’s license for more
than 5 years, 28.7% of respondents do not have a driver’s license, 18.4% of respondents
have a driver’s license for a period of up to 3 years and 18.4% of respondents have a
driver’s license for 3 to 5 years. The largest percentage of respondents drive a motor vehicle
almost every day (21.8%) as well as between 3 and 5 times a week (21.8%), while 20.7% of
respondents participate in traffic less than 3 times a week. In total, 59.8% of respondents
indicated that they do not use glasses, while 40.2% of respondents indicated that they use
glasses while driving. In total, 82.8% of respondents participated in road crashes, whereby



Mathematics 2024, 12, 421 6 of 20

70.1% of respondents experienced one road crash, 8% of respondents experienced two road
crashes, and 4.6% of respondents experienced three road crashes.

Participants were recruited at the Faculty of Traffic and Transport Engineering—
University of Belgrade. Potential participants were selected randomly, and they were
not obliged to participate in the study. The study adhered to the Code of Ethics and
Conduct of the Serbian Psychological Association. The participants did not receive any
compensation for participation in the research.

2.1.4. Stimuli
Characteristics of Vehicle

For the purposes of this research, a “Skoda” type “Kamiq” passenger vehicle was used.
Its dimensions are 4241 mm in length, 1793 mm in width and 1531 mm in height [21].

Passenger Vehicle Speeds

Three passenger vehicle speeds (30, 50 and 70 km/h) were selected for the research
based on the legal regulations of the country where the research was conducted as well as
on the basis of available studies that analyzed estimates of passenger vehicle speeds [17].

Characteristics of the Driving Simulator

The driving simulator was used to display the traffic situation in a virtual environment
(RTC), and in order to examine the differences in the estimation of the vehicle speed. The
driving simulator incorporates three 42′′ plasma displays that give the respondents 180◦

horizontal and 50◦ vertical fields of view of the simulated environment. Each display
has a resolution of 1360 × 768 pixels and a refresh rate of 60 Hz. It has previously been
found that for the correct speed perception, a horizontal field of view of at least 120◦ is
needed [22]. The traffic situation, which was defined on the testing ground, was also
simulated in a virtual environment by means of a driving simulator. The characteristics
of the passenger vehicle in real traffic conditions corresponded to the characteristics of
the passenger vehicle in the virtual environment. In addition to the visual information,
the respondents were also presented with sound information from the traffic surrounding
them. Before starting the test, respondents were instructed about the use of the equipment
inside the driving simulation [18].

Collecting and Processing Data

Demographic data of the participants in the experiment were collected through an
online questionnaire and then imported into the software package MS Excel 2018 [21].
After importing, the data were examined and validated. Next, the statistical analysis of the
obtained data was conducted in the software package IBM SPSS Statistics v.22 [17,18,22].
The normality of distribution was tested by inspection of histograms and the Kolmogorov–
Smirnov test. Since the data for all the measured variable distributions were normally
distributed, we used parametric methods [17,18,22]. To assess the significance of differences,
the Independent Samples t-test, Paired-Samples t-test, One-way ANOVA and Post Hoc
(Tukey) test were used [17,18,22].

The null hypothesis (Ho) was: There is no statistically significant difference in the
perception of passenger vehicle speeds, for all speed tests and in all tested situations. An
alternative hypothesis (Ha) is:

Hypothesis 1 (H1). There are statistically significant differences in the perception of passenger
vehicle speeds, for all tested speeds, in all tested situations;

Hypothesis 2 (H2). There are statistically significant differences in the perception of passenger
vehicle speeds, depending on the gender of the respondents;
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Hypothesis 3 (H3). There are statistically significant differences in the perception of passenger
vehicle speeds, depending on the driver’s license category;

Hypothesis 4 (H4). There are statistically significant differences in the perception of passenger
vehicle speeds, depending on the driver’s experience;

Hypothesis 5 (H5). There are statistically significant differences in the perception of passenger
vehicle speeds, depending on the frequency of driving.

The threshold for the statistical significance (a) was set to 5%. Consequently, if prob-
ability (p) is smaller or equal to 0.05, H0 is rejected, and Ha is accepted. On the contrary,
if p > 0.05, H0 is not rejected. The Bonferroni post hoc test was used for the additional
comparison between groups [17,18,22].

2.2. Model Development for Determining Propensity for Road Crashes Using Fuzzy Logic

Because the answers of respondents related to the assessment of speed and space
involve a certain level of imprecision and fuzziness, we assumed that the implementa-
tion of fuzzy inference systems would be a convenient tool for data processing. Fuzzy
logic is widely used for explaining driver behaviour. The previous implementation can
be segmented as follows: examination of the interaction between the driver and road
infrastructure: examination of the interaction between the driver and in-vehicle systems,
testing the psychophysical characteristics of drivers, and determining a driving style. The
motivation to use fuzzy logic for modelling the tendency of drivers to participate in road
crashes based on speed assessments and spatial abilities of drivers is actually the introduc-
tion of a new field of implementation. This new area can be called the perception of road
traffic conditions and relations [20].

After collecting the empirical data necessary for this research, a model was developed
for determining the tendency to participate in road crashes, using fuzzy logic, based on the
speed perception of passenger vehicles by participants in real traffic conditions (RTC) and
in a virtual environment (DS).

The input variables of the fuzzy logic system refer to the speed perception of the
passenger vehicle in all described conditions (RTC and DS), at all tested speeds (30, 50 and
70 km/h), by each participant in the experiment, while the output variable refers on the
number of crashes experienced by the respondent, i.e., determining propensity for road
crashes. The minimum, mean, maximum values and standard deviation of each variable
on the tested sample of 87 participants are shown in Table 1. Formulas for calculating the
mean and standard deviation are as follows:

Table 1. Descriptive statistics of passenger vehicle speed in RTC and DS environments.

Environment
Vehicle
Speed

Descriptive Statistics of the Sample

Minimum Speed
Estimate

Mean Speed
Estimate

Maximum Speed
Estimate

Standard
Deviation

RTC 30 5.00 25.57 40.00 7.68

RTC 50 7.00 36.18 50.00 10.17

RTC 70 20.00 49.77 60.00 9.91

DS 30 21.00 39.71 55.00 8.89

DS 50 24.00 52.44 68.00 10.40

DS 70 42.00 65.66 82.00 9.99
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Mean (µ): The mean is calculated by summing up all the values in a dataset and then
dividing by the total number of values (Formula (1)):

µ =
1
N ∑N

i=1 xi (1)

where:

• µ is the mean,
• N is the total number of data points,
• xi represents each individual data point.

Standard Deviation (σ): The standard deviation is a measure of the amount of vari-
ation or dispersion in a set of values. It is calculated as the square root of the variance
(Formula (2)):

σ =

√
1
N ∑N

i=1(Xi−µ
)2

(2)

where:

• σ is the standard deviation,
• N is the total number of data points,
• xi represents each individual data point,
• µ is the mean of the dataset.

When defining the fuzzy sets and the corresponding fuzzy rules, a database was used
that consisted of the speed perception by the respondents and the answers to the questions.
The software used for the purpose of developing a model for determining the tendency to
participate in road crashes using the fuzzy logic system is Matlab R2023b (Figure 2).
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Figure 2. Fuzzy logic system for determining the tendency to participate in road crashes.

The input variables are represented by five fuzzy sets and their membership func-
tions (Figure 3): VPLSE—very poor (low) speed perception, VLSE—very low-speed per-
ception, GSE—good speed perception, HSE—high-speed perception and VHSE—very
high-speed perception.

The output variable represents the number of crashes experienced by the respondent,
i.e., determining the tendency to participate in road crashes. The output variable is dis-
played using five fuzzy sets and their membership functions (Figure 4): VSNTA—very
small number of road crashes, SNTA—small number of road crashes, ANTA—average
number of road crashes, LNTA—large number of road crashes and VLNTA—very large
number of road crashes. Considering that the sample consists of young drivers, the number
of road crashes is relatively small [20], with the possible empirical values of the number of
crashes ranging from a minimum value of 0 to a maximum value of 4 (Figure 4).
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Figure 4. Output variable for the number of road crashes experienced.

After defining the fuzzy sets and corresponding membership functions, a regular
database was generated based on the speed perception of the passenger vehicle by the
respondents. When defining the model, an “and” connection was used to define the rules
and a value of 1 for the rule weights. In accordance with the proposed model, rules were
defined (Figure 5). Based on the created rules, it is possible to obtain the expected number
of road crashes in which the participant will participate based on the speed perception of
the passenger vehicle in the RTC and DS environment.

The null hypothesis (Ho) was: There is no statistically significant difference in deter-
mining the tendency for road crashes. An alternative hypothesis (Ha) is:

Hypothesis 6 (H6). There are statistically significant differences between the results related to the
determining tendency for road crashes in the RTC environment and the empirical results on the
participation of respondents in road crashes;

Hypothesis 7 (H7). There are statistically significant differences between the results related to
the determining tendency for road crashes in the DS environment and the empirical results on the
participation of respondents in road crashes;

Hypothesis 8 (H8). There are statistically significant differences between the results related to the
determining tendency for road crashes in the RTC and DS environment.
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The threshold for the statistical significance (a) was set to 5%. Consequently, if proba-
bility (p) is smaller or equal to 0.05, H0 is rejected, and Ha is accepted. On the contrary, if
p > 0.05, H0 is not rejected.
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3. Results

In this chapter, the results of the research are presented with the aim of showing
potential differences in the estimation of passenger vehicle speed, in situations where the
respondents estimate the passenger vehicle speed by looking at the oncoming vehicle in
real traffic conditions (RTC) as well as by looking at the oncoming vehicle in a virtual
environment (DS), in situations where the examinee estimates the speed of the oncoming
vehicle viewed from the front.

3.1. Descriptive Statistics—Estimation of the Passenger Vehicle Speed

Figure 6 shows the descriptive statistics of passenger vehicles’ speed estimation in
RTC and DS environments, in situations where the participant observes the oncoming
vehicle from the front (Table 2).
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Figure 6. Descriptive statistics of passenger vehicle speed in RTC and DS environments—mean.
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Table 2. Descriptive statistics of passenger vehicle speed in RTC and DS environments—mean and
standard deviation.

Speed 30 km/h 50 km/h 70 km/h

Mean (RTC) 25.57 36.18 49.88

Standard Deviation (RTC) 7.68 10.17 9.91

Mean (DS) 39.71 52.44 65.66

Standard Deviation (DS) 8.89 10.40 9.99

The arithmetic mean of the results shows that the respondent’s speed perception of
the passenger vehicle with higher values when observing the movement of the vehicle
using the DS, compared to the estimation of the speed in the RTC (Figure 7).
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Figure 7. The mean error of passenger vehicle speed in RTC and DS environments.

Respondents using DS estimated the speed of a passenger vehicle at 50 km/h with
the smallest error (M = 52.44; SD = 10.40), while with the highest error, they estimated the
speed of 30 km/h (M = 39.71; SD = 8.89) (Figure 6). Respondents with the smallest error
estimate the speed of a passenger vehicle at a speed of 30 km/h (M = 25.57; SD = 7.68),
while with the largest error, they estimate the speed of 70 km/h (M = 49.88; SD = 9.91),
when the vehicle’s movement observed in the RTC (Figure 7).

The results of the One Sample test show a statistically significant difference for all the
tested speeds and for all described conditions (RTC and DS). These results are presented in
Table 3.

Table 3. Differences in the passenger vehicle speed estimation at all test speeds.

Speed Conditions Mean Str. Deviation t p

30
RTC 25.575 7.679 31.064 <0.001

DS 39.713 8.893 41.651 <0.001

50
RTC 36.184 10.167 33.197 <0.001

DS 52.437 10.403 47.014 <0.001

70
RTC 49.770 9.910 46.845 <0.001

DS 65.655 9.993 61.283 <0.001
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3.2. The Relationship between Estimation of the Passenger Vehicle Speed

The results of the Paired Sample t-test show a statistically significant difference for
all the tested speeds in all tested conditions. These results are presented in Table 4. Eta
squares reveal significant differences in the estimation of a passenger vehicle’s speed for all
the tested speeds.

Table 4. Differences in the passenger vehicle speed estimation at all speeds.

Speed Conditions Mean Str. Deviation t p Eta Square Magnitude of Impacts

30
RTC

−14.138 3.67952 −35.839 <0.001 0.94 Large
DS

50
RTC

−16.253 5.78132 −26.222 <0.001 0.89 Large
DS

70
RTC

−15.885 6.714 −22.068 <0.001 0.84 Large
DS

3.3. Gender Differences in the Estimation of the Passenger Vehicle Speed

The Independent Samples t-test was used to analyze the speed estimation of the
passenger vehicle depending on the gender of the participants. The Independent Samples
t-test results show statistically significant differences in men (M = 39.25; SD = 9.72) and
women (M = 33.05; SD = 9.74) for speed estimation of a passenger vehicle at a speed of
50 km/h, in a situation where the respondent estimates speed by observing the oncoming
vehicle in RTC environments (t = −2.972; p = 0.004). When estimating passenger vehicle
speed in DS environments by the respondents, statistically significant differences were
observed in men (M = 55.00; SD = 10.00) and women (M = 49.81; SD = 10.26) when
estimating a speed of 50 km/h (t = −2.387; p = 0.019).

The vehicle speed of 30 km/h, in DS environments, is estimated by men with a
larger error (M = 41.14; SD = 8.36), compared to the speed estimate by women (M = 38.26;
SD = 9.28). Women estimate the speed of a passenger vehicle at 50 and 70 km/h with a
higher error, compared to men, in RTC (Figure 8).
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3.4. Driving License Category and Estimation of the Passenger Vehicle Speed

The results of the one-way ANOVA show a significant statistical difference between
drivers with different categories of driver’s licenses in estimating the passenger vehicle
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speed in a situation where respondents estimate the passenger vehicle speed of 30 km/h,
in RTC environments (F = 2.543; p = 0.026).

3.5. The Influence of Driver’s Experience on the Estimation of the Passenger Vehicle Speed

The passenger vehicle speed was estimated by drivers with different driving experi-
ence (up to three years, between 3 and 5 years, more than 5 years and participants who do
not have a driver’s license).

The results of the one-way ANOVA show a significant statistical difference between
drivers with different driving experiences for estimating the passenger vehicle speed at a
speed of 30 (F = 5.383; p = 0.002), 50 (F = 7.695; p < 0.001) and 70 (F = 2.909; p = 0.039) km/h
in RTC environments as well as when estimating the speed of 30 (F = 5.244; p = 0.002) and
50 (F = 7.140; p < 0.001) km/h in DS environments. Table 5 shows the results of Post Hoc
Tests (Tukey) for different driver’s experience on the estimation of the passenger vehicle
speed—the influence of driver’s experience.

Table 5. Results of Post Hoc Tests (Tukey) for different driver’s experience on the estimation of the
passenger vehicle speed—The influence of driver’s experience.

Driver’s
Experience Up to Three Years Between 3 and 5 Years More than 5 Years I Do Not Have a Driver’s

License

Up to three years

* 50 km/h
RTC * 50 km/h RTC * 50 km/h

RTC

50 km/h
DS

50 km/h
DS

50 km/h
DS

I do not have a
driver’s license

* 30 km/h RTC

* 30 km/h DS

* 70 km/h RTC
*—statistically significant differences.

3.6. The Influence of the Frequency of Driving and Estimation of the Passenger Vehicle Speed

Frequency of driving (less than 3 times a year, less than 3 times a month, less than
3 times a week, between 3 and 5 times a week, (almost every day, I do not have a driver’s
license) and estimation of the passenger vehicle speed was analyzed using a one-factor
analysis of variance (one-way ANOVA).

The results show a statistically significant difference between drivers with different
frequencies of driving for estimating the passenger vehicle speed at a speed of 30 (F = 4.109;
p = 0.002) and 50 (F = 5.394; p < 0.001) km/h in RTC conditions as well as for a speed of 30
(F = 5.019; p < 0.001) and 50 (F = 4.842; p = 0.001) km/h in DS environments. Table 6 shows
the results of Post Hoc Tests (Tukey) for different drivers’ experiences on the estimation of
the passenger vehicle speed—the influence of the frequency of driving.

Table 6. Results of Post Hoc Tests (Tukey) for different drivers’ experience on the estimation of the
passenger vehicle speed—The influence of the frequency of driving.

Frequencies of
Driving

Less than
3 Times a Year

Less than
3 Times a Month

Less than 3
Times a Week

Between 3 and
5 Times a Week

Almost Every
Day

I Do Not Have
a Driver’s

License

Less than 3 times
a year * 50 km/h DS

Less than 3 times
a month * 30 km/h DS * 50 km/h DS

Less than 3 times
a week

* 50 km/h RTC

* 30 km/h DS
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Table 6. Cont.

Frequencies of
Driving

Less than
3 Times a Year

Less than
3 Times a Month

Less than 3
Times a Week

Between 3 and
5 Times a Week

Almost Every
Day

I Do Not Have
a Driver’s

License

Between 3 and
5 times a week * 30 km/h DS

Almost every day * 50 km/h RTC * 50 km/h RTC
* 50 km/h RTC

* 50 km/h DS

I do not have a
driver’s license

* 30 km/h RTC * 30 km/h RTC
* 30 km/h RTC

* 30 km/h DS
*—statistically significant differences.

3.7. A Model for Determining Propensity for Road Crashes Using Fuzzy Logic

Defined Model Development for determining the tendency for road crashes using
fuzzy logic needs to be tested. The deviation between the empirical data on the number of
road crashes and the number of road crashes obtained by the application of the defined
model is presented using the cumulative deviation (CD) [20].

CD =
87

∑
i=1

|yr − ye| (3)

CD is a cumulative deviation [20]; y(r) is the number of road crashes experienced by
the respondent (RTA); y(e) is the result of the number of road crashes of respondents using
the model, and based on the assessment of faster vehicle movement.

The CD value for the difference between the empirical results on the number of road
crashes experienced by the participants and the results related to determining the tendency
for road crashes based on speed estimation in the RTC environment is equal to 45.744,
while the CD value for the difference between the empirical results on the number of road
crashes experienced by the participants and the results related to determining the tendency
for road crashes based on the estimation of speed in the DS environment is equal to 48.123.
A comparison of empirical results and results related to determining the tendency for road
crashes is shown in Figures 9–11.
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Figure 9. Comparison of empirical results on the number of road crashes experienced by the partici-
pants and results related to determining the tendency for road crashes based on speed estimation in
the RTC environment.
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Figure 10. Comparison of empirical results on the number of road crashes experienced by the partici-
pants and results related to determining the tendency for road crashes based on speed estimation in
the DS environment.
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Figure 11. Comparison of empirical results on the number of road crashes experienced by the partici-
pants and results related to determining the tendency for road crashes based on speed estimation in
RTC and DS environment.

The relationship between the results of the CD empirical results on the number of road
crashes experienced by the participants and the results related to determining the tendency
for road crashes based on the estimation of speed in the RTC environment as well as the
empirical results on the number of road crashes experienced by the participants and the re-
sults related to determining the tendency for road crashes based on the estimation of speed
in the DS environment was examined with a paired-samples t-test (Paired-Samples t-test).
The results of the t-test of paired samples indicate that there are statistically significant
differences (t = 7.643; p < 0.001).

The relationship between the results obtained by the application of the model and
the empirical results was examined by the t-test of paired samples (Paired-Samples t-test).
The results of the t-test of paired samples indicate that there are no statistically significant
differences between the results related to determining the tendency for road crashes in the
RTC and DS environment and the empirical results on the participation of respondents in
road crashes. Therefore, there are no significant statistical differences between the results
related to determining the tendency for road crashes in the RTC environment and the
empirical results on the respondents’ participation in road crashes (t = 1.231; p = 1.613)
as well as between the results related to determining the tendency for road crashes in the
DS environment and empirical results on the respondents’ participation in road crashes
(t = 1.183; p = 1.869). The results of the t-test of paired samples indicate that there are
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statistically significant differences between the results related to determining the tendency
for road crashes in the RTC and DS environment (t = 7.643; p < 0.001) (Table 7).

Table 7. The relationship between the empirical results on the respondents’ participation in road
crashes (RTA) and the tendency to participate in road crashes in the RTC and DS environment (paired
sample t-test results).

Conditions Mean Str. Deviation t p

RTC
0.410 0.463 1.231 1.613

RTA

DS
0.329 0.672 1.183 1.869

RTA

RTC
0.081 0.537 7.643 <0.001

DS

4. Discussion

The World Health Organization states that approximately 1.3 million people die each
year as a result of road crashes, with 93% of fatalities occurring in low and middle-income
countries [23]. Between 20 and 50 million people are injured in road crashes [23].

Inappropriate or unsafe speed is one of the main factors that affects the number of
road crashes as well as the severity of the consequences. [3–6], where the World Health
Organization states that with an increase in average speed, the likelihood of a road crash
also increases [23].

Exceeding the speed limit is very common in all road categories [24]. It was deter-
mined that 40–50% of drivers drive faster than the defined speed limit [8]. In research
conducted by Brake [25] 68% of drivers stated that they exceed the speed limit, while 85%
of respondents admitted that they sometimes do not respect the speed limit [24]. Drivers
often list exceeding the speed limit as an activity in which they participate [26]. Many
studies have pointed to the fact that drivers will drive at the speed dictated by road and
traffic conditions, while not paying attention to the defined speed limit [24].

Bearing the above in mind, it can be concluded that vehicle perception and vehicle
speed are one of the basic prerequisites for safe traffic functioning. Therefore, the researchers
believe that improvements in road safety occur as a result of the perception of the oncoming
vehicle, the assessment of the speed and the correct assessment of the time required for the
execution of the maneuver by other road users [17–19,22,30–32].

The number of studies that dealt with vehicle speed estimation is scarce, and it should
be noted that in the studies that dealt with speed estimation, the participants conducted
the experiments in real traffic conditions or in virtual traffic conditions.

The authors of this research, and bearing in mind the limited number of studies,
decided to analyze the vehicle speed estimation by the respondents in real traffic conditions
(RTC) and in virtual conditions using a driving simulator (DS), at a passenger vehicle speed
of 30, 50 and 70 km/h, and which constitutes the first part of the research, all with the
aim of collecting empirical results. In this paper, the authors have developed a model for
determining the tendency for road crashes using fuzzy logic, based on the speed perception
of the passenger vehicle by participants in real traffic conditions (RTC) and in a virtual
environment (DS).

By analyzing the obtained results, it can be concluded that alternative hypotheses H1,
H2, H3, H4, H5 and H8 are accepted, while alternative hypotheses were H6 and H7 rejected.

The conducted experiment and the results presented in the paper indicated that there
are statistically significant differences in the passenger vehicle speed estimation by the
respondents, for all conditions and all tested speeds.

Participants with the largest error estimate the speed of 30 km/h (M = 39.71; SD = 8.89),
while with the smallest error, they estimate the passenger vehicle speed of 50 km/h
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(M = 52.44; SD = 10.40), using DS. When it comes to speed estimation in RTC, the partici-
pants with the smallest error estimate the passenger vehicle speed at a speed of 30 km/h
(M = 25.57; SD = 7.68), while with the largest error, they estimate the speed of 70 km/h
(M = 49.88; SD = 9.91).

The results of the application of the developed model indicate that there are no
significant statistical differences between the results related to determining the tendency
for road crashes in the RTC environment and the empirical results on the respondents’
participation in road crashes (t = 1.231; p = 1.613) as well as between the results which
refer to determining the tendency for road crashes in the DS environment and empirical
results on the participation of respondents in road crashes (t = 1.183; p = 1.869), where
the results indicate that there are statistically significant differences between the results
related to determining the tendency for road crashes in RTC and DS environment (t = 7.643;
p < 0.001). Bearing the above results in mind, it can be concluded that the proposed model
can be used to assess the respondents’ tendency to participate in road crashes. The above
results show another application of fuzzy logic, in addition to its already proven useful
application in many areas [33–38], ordered recently.

5. Conclusions

Based on the data collected and analyzed in the conducted research, conclusions can
be drawn:

• Participants with higher values estimate the speed of the vehicle when observing the
vehicle using DS, compared to the speed estimate in the RTC environment;

• Participants using DS with the smallest error estimate the passenger vehicle speed of
50 km/h (M = 52.44; SD = 10.40), while with the largest error, they estimate the speed
of 30 km/h (M = 39.71; SD = 8.89);

• Participants with the smallest error estimate the passenger vehicle speed at a speed of
30 km/h (M = 25.57; SD = 7.68), while with the largest error, they estimate the speed
of 70 km/h (M = 49.88; SD = 9.91), when the vehicles are observed in the RTC;

• The results of the Paired Sample t-test show a statistically significant difference for all
the tested speeds in all tested conditions;

• The vehicle speed of 30 km/h, in DS environments, is estimated by men with a larger
error (M = 41.14; SD = 8.36), while women estimate the passenger vehicle speed at 50
and 70 km/h with a larger error;

• There are statistically significant differences in men (M = 39.25; SD = 9.72) and women
(M = 33.05; SD = 9.74) for estimating the passenger vehicle speed of 50 km/h, in a
situation where the participant estimates the speed by observing the oncoming vehicle
in RTC environments (t = −2.972; p = 0.004). When estimating the passenger vehicle
speed in DS environments by the participants, statistically significant differences were
observed in men (M = 55.00; SD = 10.00) and women (M = 49.81; SD = 10.26) when
estimating a speed of 50 km/h (t = −2.387; p = 0.019);

• The results show a significant statistical difference between drivers with different cate-
gories of driver’s license in estimating the passenger vehicle speed in a situation where
respondents estimate the passenger vehicle speed of 30 km/h, in RTC environments
(F = 2.543; p = 0.026);

• There are statistically significant differences between drivers with different driving
experience for estimating the passenger vehicle speed at speeds of 30 (F = 5.383;
p = 0.002), 50 (F = 7.695; p < 0.001) and 70 (F = 2.909; p = 0.039) km/h in RTC envi-
ronments as well as when estimating the speed of 30 (F = 5.244; p = 0.002) and 50
(F = 7.140; p < 0.001) km/h in DS environments;

• There are statistically significant differences between drivers with different frequencies
of driving for estimating the passenger vehicle speed at a speed of 30 (F = 4.109;
p = 0.002) and 50 (F = 5.394; p < 0.001) km/h in RTC conditions as well as for the speed
of 30 (F = 5.019; p < 0.001) and 50 (F = 4.842; p = 0.001) km/h in DS environments;
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• There are no significant statistical differences between the results related to determin-
ing the tendency for road crashes in the RTC environment and the empirical results on
the respondents’ participation in road crashes (t = 1.231; p = 1.613);

• There are no statistically significant differences between the results related to deter-
mining the tendency for road crashes in the DS environment and the empirical results
on the participation of respondents in road crashes (t = 1.183; p = 1.869);

• There are statistically significant differences between the results related to determining
the tendency for road crashes in RTC and DS environments (t = 7.643; p < 0.001).

The obtained results indicate significant differences in the estimation of vehicle speed
in the driving simulator and the real environment. Subjects in the real environment, for
higher speeds, more accurately estimated the vehicle speed in the driving simulator. This
result warns of caution when educating young drivers through driving simulators. Also,
it is a worrying fact that in real situations, the error increases by increasing the set speed
of the vehicle, which should be paid special attention to when educating young drivers.
Differences were observed in speed estimates depending on the gender of the subjects,
driver’s license category, driving experience, and driving frequency. The above results
should be used for practical purposes, primarily for driving education in driving schools.
A proposal for the practical application of these results includes improving the design of
driving simulations with a focus on situations that cause greater uncertainty, adjusting
driver training according to gender, experience, and frequency of driving, and adjusting the
training area according to driver’s license categories. This could contribute to improving
the accuracy of vehicle speed estimation and increasing road safety.

Future research directions should involve an increase in the number of participants,
encompassing a broader range of age groups, and obtaining more comprehensive demo-
graphic and psychophysical information about the participants. Additionally, there is a
need to explore and assess various speeds and categories of vehicles as well as diverse
traffic environments, such as roads with varying numbers of lanes in each direction (roads
with one, two, three and more traffic lanes per direction, etc.). It is also necessary to include
considerations of different vehicle colours and speeds, taking into account varying weather
conditions and times of day, along with multiple perspectives for the perception of vehicle
speed. On the analytical front, future investigations could incorporate the application of
diverse fuzzy logic models, Artificial Neural Networks and the utilization of advanced
statistical tools and analyses. The study’s limitations include the need for further validation
of the fuzzy logic model.
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