
Received June 30, 2021, accepted July 27, 2021, date of publication August 3, 2021, date of current version October 19, 2021.

Digital Object Identifier 10.1109/ACCESS.2021.3102222

A Landscape of Research on Bus Driver Behavior:
Taxonomy, Open Challenges, Motivations,
Recommendations, Limitations, and
Pathways Solution in Future
ALI MOHAMMED 1, MUHAMAD RAZUHANAFI MAT YAZID 1, B. B. ZAIDAN 2,
A. A. ZAIDAN 2, SALEM GARFAN 2, R. A. ZAIDAN 2, H. A. AMEEN 3,
Z. H. KAREEM 4, AND R. Q. MALIK 4
1Department of Civil Engineering, Faculty of Engineering and Built Environment, Universiti Kebangsaan Malaysia (UKM), Bangi, Selangor 43600, Malaysia
2Department of Computing, Faculty of Arts, Computing and Creative Industry, Universiti Pendidikan Sultan Idris, Tanjong Malim, Perak 35900, Malaysia
3Department of Computer Techniques Engineering, Al-Mustaqbal University College, Hillah 51001, Iraq
4Department of Medical Instrumentation Techniques Engineering, Al-Mustaqbal University College, Hillah 51001, Iraq

Corresponding author: Muhamad Razuhanafi Mat Yazid (razuhanafi@ukm.edu.my)

This work was supported by the Fundamental Research Grant Scheme (FRGS) under Grant 1/2019/TK08/UKM/02/1.

ABSTRACT Driver behavior is a concerning issue in the area of intelligent transportation system (ITS).
Driver behavior is a significant key player in a wide range of unpleasant events during the ride, such as
accidents or crashes, traffic congestion, harsh braking, and acceleration/deceleration. Influencing factors of
driver behavior have been explored in several studies. It is imperative to investigate these factors in order to
provide a comprehensive analysis and to categorize them on the basis of a coherent taxonomy. With that, this
study conducted a systematic review on prior studies that focused on bus driver behavior, particularly in the
ITS. This study also established a taxonomy on the topic of driver behavior in multiple areas of ITS and their
classifications. Different databases, namely ScienceDirect, Web of Science, and IEEE Explore, were utilized
to obtain relevant articles from 2008 to 2021 (15 April). Several filtering and scanning stages were performed
according to the exclusion/inclusion criteria on all 2,803 articles obtained; however, only 87 articles met the
criteria. The final set of articles were categorized into a taxonomy. The first part of the taxonomy focuses on
five main factors that influence driver behavior: environmental, demographic, habit, vehicle, and on-road
routine factors. The second part of the taxonomy discusses the mapping of data collection methods on
the basis of four categories: real-time data collection, survey, simulation, and benchmark. Discussion and
analysis were provided to highlight the critical literature gaps on bus driver behavior in the ITS, involving
the use of real-time data collection, which is imperative for acquiring highly accurate and sophisticated
data. This multi-field systematic review has exposed new research opportunities, motivations, challenges,
limitations, and recommendations and highlighted the need for the synergistic integration of interdisciplinary
works. Overall, this study presented pathways solution in future direction on the basis of three sequenced
phases, namely design, labeling and validation, and machine learning. This study can serve as a guide for
future researchers, as it addressed the ambiguities in the ITS-driver behavior domain and provided valuable
information on these ITS-driver behavior trends.

INDEX TERMS Intelligent transportation system, ITS, bus, behavior, driver behavior, bus driver.

I. INTRODUCTION
Intelligent transportation system (ITS) is one of the research
areas that attempt to incorporate the latest information
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technologies into the domain of transportation for various
advantages [1], [2]. Such advantages include reducing traffic
congestion, preventing accidents or crashes, and facilitating
vehicle flow [3]. For that, a wide range of technologies can
be exploited, such as the Global Positioning System (GPS),
mobile network, Radio Frequency Identification (RFID), and
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other communication technologies by providing, sharing, and
exchanging information about road safety, congestion, and
other valuable knowledge [4]. ITS has been explored in a
considerable number of studies, where various aspects of
road, vehicle, and driver have been tackled. Although each
aspect has considerable implications on transportation, the
aspect of driver behavior is significant, as a driver can sig-
nificantly influence the ride. A driver plays a considerable
role in unpleasant road events, such as traffic congestion or
fatal accidents, where human errors, sensation-seek, aggres-
siveness, and other human-involved factors are likely to be
engaged [5].

As a remarkable component of public transportation, buses
serve as a main instrument of public transport in many
cities throughout the world [6], primarily due to its cost-
effectiveness, flexibility, and wide coverage of services [7].
Buses are deemed the safest for long-distance travel, as com-
pared to cars. Various studies have revealed that travelling via
cars is more dangerous than travelling via buses, particularly
distances of over 100 million person-kilometers are involved.
Despite the high degree of safety for buses, empirical stud-
ies on bus accidents in developing countries have remained
scarce. Moreover, the safety features of buses have created
general public perceptions of lower traffic congestion and air
pollution as well as improved road safety [8].

Meanwhile, driver behavior remains a chief concern in
road safety policy and research [9]. The propensity to accel-
erate during driving is a possible candidate to measure
driver behavior. Although the propensity to accelerate may
be a stronger accident involvement indicator, this concern
has been rarely deliberated in literature. The considerable
role of a driver in various unpleasant events, such as traf-
fic congestion and fatal accidents, is an undeniable fact,
where human errors, sensation-seek, aggressiveness, and
other human-involved factors are likely to be engaged [5].

The distinctive feature of a driving process lies in the
dynamic control that requires cooperation between the body
and mind. The driving process is generally complicated,
as the traffic conditions are heterogeneous [10]. Accident
records indicate low variances in driver behavior within a
short period during an accident. In the case of driver faults,
the major concern is the encroaching nature of bus accidents
that involve passengers and road users. Besides that, personal-
ity attributes, vehicle condition, environment, decision mak-
ing, psychological traits, and driving style contribute to the
inclination of a driver to cause an accident [10]. For instance,
associating information of driving style to accident statistics
and speed limit were found to facilitate precise actions that
can minimize bad driving behavior [6].

Moreover, certain drivers, such as bus drivers, critically
affect a larger number of lives. A bus driver should have
adequate and accountable driving behavior considering the
popularity of bus as a public transport and its advantages
in decreasing traffic congestion and serving larger popula-
tions that cannot afford individual cars [11]. Besides that,
geographic location is another major aspect where culture,

weather, or roads can affect driver behavior. There has been
an increasing number of bus accidents in the last decade [12].
This increase is considerably associated with driver behavior,
in which the majority of accidents are linked to aggressive-
ness, such as harsh acceleration, brake, or manoeuvring [13].
With that, this study conducted a systematic literature review
on prior studies that focused on bus driver behavior. An exten-
sive review was conducted on prior studies that tackled driver
behavior in order to model influencing factors of driver
behavior.

This study presented a systematic mapping of the key find-
ings on the evaluation approaches of bus driver behavior. The
main purpose was to determine the approaches used in these
prior studies, particularly the features of these approaches,
such as their origin, nature, and mode of execution. Through
this mapping, this study presented conclusions on the state
of the art in this field and contributed to the development
and improvement in the evaluation approaches of bus driver
behavior. Prior studies explored driver behavior as well;
the differences of the current study from prior studies were
highlighted in this paper, reflecting the significant contribu-
tions of the current study in the field. To be more specific,
prior studies focused on simulation models that are available
for signalized and unsignalized intersections using cellular
automata (CA) models, and driver behavior was studied as a
foregone conclusion [14]. Another systematic review focused
on the issue of driver distraction in the context of advanced
Driver Assistance Systems (DAS) [15]. To date, no system-
atic review on the evaluation of bus driver behavior has
been conducted. As a result, the purpose of this systematic
mapping was to report, classify, and characterize the charac-
teristics of the evaluation approaches used to assess bus driver
behavior. Furthermore, the current study applied systematic
review protocol, taxonomy of critical factors, mapping of data
collection methods, discussion of previous studies (i.e. moti-
vations, challenges, limitations, and recommendations), and
substantial analysis (i.e. experiment settings and data collec-
tion sensors).

The paper is organized as follows: Section 2 describes the
search method for article survey; Section 3 presents the tax-
onomy of critical factors; Section 4 offers themapping of data
collection methods; Section 5 discusses motivations, chal-
lenges, limitations, and recommendations; Section 6 focuses
on substantial analysis; Section 7 illustrates the future direc-
tion of the proposed pathway solution; Section 8 presents the
limitations of study; Section 9 concludes the overall study.

II. SEARCH METHOD
A systematic review protocol was applied in this study. The
importance of a systematic review is determined by what
is performed and discovered and the accuracy of report-
ing in the prior systematic review The reporting content
of systematic reviews varies, as it does with other publi-
cations, restricting readers’ ability to determine the motiva-
tions, challenges, limitations, and recommendations of such
reviews [13]. A systematic (also known as ‘‘structured’’)
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FIGURE 1. Search method.

literature review (SLR) has emerged as a promising tech-
nique for evaluating prior studies. High-quality SLRs aid
entrepreneurs and policymakers in making informed deci-
sions, as well as researchers in synthesizing relevant liter-
ature. SLRs have continuously gained attention due to its
increasing popularity within the overall management domain,
and early papers established rules and recommendations on
how to perform similar review papers in the field. Its pop-
ularity in the management domain has almost completely
replaced the conventional review approach. Transparency in
data collection and data synthesis, which result in higher
degrees of objectivity and reproducibility, are the key benefits
of a SLR. The knowledge map and the diverse perspectives
and disciplines contribute to the elaboration of view in this
regard. It lays the foundation for creating a dynamic research
field across these disciplines [14].

A. STEPS OF SYSTEMATIC LITERATURE REVIEW (SLR)
METHOD
1- The study covered the keywords of ‘‘bus’’ and ‘‘driver
behavior’’. Additionally, this study focused on articles written
in English. The following digital databases were selected to
gather relevant articles from highly reliable journals in the
domains of transportation engineering and communication
engineering sciences and technologies: (1) ScienceDirect,

(2) IEEE Explore, and (3) Web of Science (WOS). These
databases cover scientific and technical literature and provide
extensive insights on researchers’ efforts in a wide yet rele-
vant areas of disciplines. Articles were selected from these
literature sources.

2- Thereafter, screening and filtering were performed in
three iterations (Figure 1):
(A) In the first iteration, duplicate articles were excluded,

and articles published from 2008 to 15 April 2021 were
collected using Endnote software.

(B) In the second iteration, articles were filtered according
to title and abstract, and articles that were not within the
scope of the domains of interest were excluded.

(C) In the third iteration, articles were filtered by full text
reading, and articles that were not within the scope of
the domains of interest and did not meet the criteria were
excluded.

The search on ScienceDirect, IEEE Xplore, and Web of
Science databases was conducted in January 2018. A mix of
keywords in different forms were used using the following
one query text: ((bus) AND (‘‘driver behavior’’ OR ‘‘driver
behavior’’)).

3- This study used additional options in the search of rele-
vant articles and excluded the chapters of books and reports
from the search selection.
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FIGURE 2. Distributed Articles in Databases.

4- Any duplicate articles from the search were removed.
Additionally, articles that did notmeet the inclusion/exclusion
criteria were removed through three iterations of filtering and
screening. The exclusion criteria are as follows:
(A) Articles are written in a language other than English.
(B) For other buses, articles focused on the controller area

network or CAN bus) protocol.
(C) Articles focused on cars, instead of buses.
(D) Bus was only listed as an example.
(E) Driver behavior was only used as an example.
Alternatively, considering the focus of this study on bus

driver behavior, the inclusion criteria are as follows:
(A) Articles on the influence of environmental, habitual,

vehicle, demographic, and on-board routine factors on
bus driver behavior;

(B) Articles on data collection methods related to bus driver
behavior.

As shown in Figure 1, the final set of articles consisted
of a total of 87 articles. Full text reading was performed,
and the articles were analyzed in Microsoft Word. Articles
were classified in detail using taxonomy and a large collec-
tion of highlights and comments to simplify further steps.
Different categories (and subcategories), namely simulation,
survey, real-time, benchmark, and review, were suggested.
All categories were classified in the form of texts, depend-
ing on the author’s preferred style. The data collection and
relevant information were saved using Microsoft Word. All
articles from various sources were fully analyzed to provide
an overview on the subject. The current study addressed the
following questions:
1) What are the most important factors that influence bus

driver behavior?
2) What are the most popular data collection mapping

methods?

3) What are the most popular motivations, challenges, lim-
itations, and recommendations from prior studies?

4) What variables did the prior studies use?
5) What sensors did the prior studies use to collect driving

data?
6) What options can be offered to potential researchers in

terms of pathways?
7) What are the potential weaknesses that researchers

should be aware of in this field?

B. SEARCH DISTRIBUTION RESULTS
One of the contributions of this study included realizing the
research trends through content analysis of some key journals
in the field of driver behavior. Figure 2 and Figure 3 illustrate
the trends of publications from three major databases from
2008 to 2021 (15 April).

As shown in Figure 2, ScienceDirect, IEEE Xplore, and
Web of Science databases accumulated many research works.
The outcomes of the review were categorized into five
main categories: simulation, survey, real-time, benchmark,
and review. The distribution of the five main categories of
results from ScienceDirect, IEEEXplore, andWeb of Science
databases were 26.4%, 35.6%, and 37.9%, respectively.

Figure 3 illustrates the number of publications from
2008 to 2021 (15 April), which were included in the cur-
rent review. The outcomes of the review were categorized
into five main categories: review, benchmark, survey, sim-
ulation, and real-time. A total of 87 articles were pub-
lished from 2009 to 2021, and no articles were published
in 2008. Interestingly, articles that were categorized under
real-time category recorded the highest rate during this time-
line of publication. Simulation represented the second cate-
gory in the publication. On the other hand, articles that were
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FIGURE 3. Number of Articles in each Category According to the Year of Publication.

categorized under benchmark category came in third. Articles
that were categorized under review category recorded the
lowest rate among these publications, which highlighted the
need to conduct the current review.

III. TAXONOMY OF CRITICAL FACTORS AND STATISTICAL
INFORMATION OF ARTICLES
In this regard, focusing on the driver behavior is deemed
a great opportunity to determine the current taxonomy.
This section discusses the taxonomy of critical factors
(Section 3.1).

A. TAXONOMY OF CRITICAL FACTORS
This study aimed to propose a taxonomy of critical fac-
tors that were extracted from literature. Figure 4 shows five
categories of factors that may influence driver behavior:
environmental, demographic, habit, vehicle, and on-road rou-
tine factors. The following subsections address each factor
independently.

1) ENVIRONMENTAL FACTOR
This category of environmental factor is associated with
different aspects that may influence driver behavior. This
category consists of six main aspects of environmental factor,
which are discussed in the following subsections.

a: TIME/LIGHTNING
The time of travel, such as day or night, is considered in the
review to identify its relationship with driver behavior. The
influence of day lighting in relation to bus drivers who

cause accidents in Melbourne, Australia was studied, which
revealed that working long hours on night shifts increases
the likelihood of bus drivers causing accidents [16]. Another
study showed a significant relationship between crashes and
night-time driving for large trucks, but the rates for buses
were lower [17]. On the other hand, a significant correlation
between increasing speed and night-time shifts of bus drivers
in Malaysia was identified using a benchmark dataset [13].
A study in Ghana assessed the severity of accidents for buses
and mini buses and found higher rates of accidents during
weekends and night time [8]. Focusing on bus driver behavior
in Tehran, Iran, a study examined the influence of daytime
and other factors and showed the significant influence of
darkness on driver visibility [18]. Accordingly, the demand
for guardrail during night time is high. The study also showed
that the presence of guardrail during night time is more
important than widening the road shoulder.

b: POLLUTION
Apart from that, this study also analyzed how air pollution,
such as carbon dioxide (CO2) or ground-level ozone (O3),
influence driver behavior. Using a simulation experiment
(case study) with real-time data collection of GPS, a study in
Finland examined the influence of fuel consumption and its
link to the increase of CO2 and demonstrated the significant
influence of driver activities, such as acceleration and brak-
ing, on the increase of fuel consumption [19]. Another study
in Europe examined the influence of air pollution on driver
behavior and found a relationship between air pollution and
aggressiveness using a benchmark dataset of Milan transport
agency Progetto E-Moving (AMAT) [20].
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FIGURE 4. Taxonomy of critical factors.
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c: ROAD TYPE
The road type (divided and undivided) was specifically
addressed. A study examined the responses of different
drivers towards urban roads in Florida, United States of
America (USA) and revealed the tendency of drivers to
accommodate collisions when the road taper length was
reduced [21]. Another study examined the influence of road
type in relation to bus accidents and concluded that bus
drivers are less likely to be at fault for accidents on divided
roads [16]. The variances of desirable speed according to
different vehicle types on diverse road types were studied,
which revealed that vehicles on curb lanes had lower speeds
than those on inner lanes [22].

d: ROAD GEOMETRY
Road geometry involves road alignment, shoulder width, bus
priority, road lightning, and guardrail existence. Focusing on
bus priority, an experimental study was conducted on bus
accident factors in Melbourne, Australia using the Traffic
Incident Management System database and revealed that the
majority of bus accidents in such roads came from hitting
stationary objects [23]. A study found a significant correla-
tion between road geometry (i.e. road lightning and guardrail
existence) and driver behavior in Washington, USA [24].
In a study for probability of crashes for commercial motor
vehicles in South Korea, multiple factors were studied [17].
Road geometry, specifically bus lane, was identified as one of
these factors. The study used the benchmark data of the Traf-
fic Accident Analysis System database. The non-existence
of bus lane showed a great probability of crashes for bus
drivers. In another study, the effects of different sub-factors
of road geometry on bus driver behavior in Tehran, Iran
were examined [18]. The experimental results showed that,
although guardrail existence was not generally significant for
the segments with wide shoulders, it surprisingly affected
the bus driver behavior on the segments with a narrow
shoulder. Another study on accidents involving bus and mini
buses were conducted in Ghana, which revealed the signif-
icant reduction of accidents through the existence of road
shoulder [8]. An experimental study was conducted on the
influence of road grades on driving behavior in Atlanta,
USA [25]. For this study, an OBE of GPS was utilized to
measure acceleration. The results reported different driver
behaviors according to the degrees of road grade. Mean-
while, a survey study was conducted on the influence of
curves on driving behavior in China [26]. Driver Behavior
Questionnaire (DBQ) was utilized to investigate the opin-
ions of drivers. Drivers were classified into moderate and
aggressive on the basis of the acceleration rates at curves.
The National Highway Traffic Safety Administration [27]
reported that 5,987 pedestrians were killed in traffic crashes
in USA, which was an increase of 9% in total fatalities
from 2015. Furthermore, a report issued by Federal High-
way Administration [28] unveiled about 48,000 bicyclists
and 65,000 pedestrians injured in accidents per year. Signals

and marks appeared visible at ‘‘semi-controlled’’ passenger
crossings. Still, the inconvenience to pedestrians and cars
was said to be primarily due to the ‘‘discussion’’ among the
parties involved to establish who concedes [29]. This study
presented a unique technique based on multi semi-Markov
modeling techniques to examine motorcyclists’ delays and
encounters with commuters. As part of a Markov chain,
motorists awaiting conduct may be split into a sequence of
route choices. In the Markov chain, every route choice is
treated as an individual difference between two variables. It is
important to obtain data of road grades, which can be utilized
to enhance roadway design applications and various trans-
portation vehicles performance analysis. Various road grade
values substantially influence the working performance of
heavy-duty vehicles. For example, truck speed performance
is remarkably decreased by grade length and steep grade.
As a result, road grades can be a promising indication for
road safety analysis. Different studies revealed evidence of
significantly lower rate of accidents on flat grade sections as
compared to sharp grade sections [25].

e: ROAD CONDITION
Road condition includes high-speed or urban ways. A prior
study examined the influence of road condition on driver
behavior in terms of pedal throttle and fuel consumption
in China [30]. In the study, two types of road condition
were considered: high-speed way and urban driving cycles.
The results showed a link between high fuel consumption
and accelerating on the urban driving cycles. Meanwhile,
a quantitative survey study was conducted on the indicators
of risky bus driving in Malaysia, which revealed a significant
relationship between road condition and safe bus trips [31] .
For instance, expressways are safer than arterials. As for the
study on accidents involving buses and mini buses in Ghana,
wet and rough roads were found to have higher rates of acci-
dents [8]. Various strategies and applications have been estab-
lished to tackle such problem, extending from infrastructure
(e.g. dedicated bus lanes) to ITS applications (e.g. transit
signal priority). On the other hand, an intersection area plays
a vital role in urban traffic movement because they accom-
modate various movements for pedestrians and automobiles
in the same area on the basis of time-sharing [32]. There are
three main types of intersection area: roundabout, unsignal-
ized, and signalized areas. The performance of signalized
area is typically more preferred than the other two types [33].
The measurement of real-time performance is significant for
agencies to maintain and sustain their roadways during the
rainy season. The maintenance brought by infrastructure can
be rather costly and scant in rural areas [34].

f: WEATHER
Environmental factor also involves weather conditions, such
as rainy, snowfall, and sunny. A prior study reported that
adverse weather conditions like rain and snow have sig-
nificant impact on bus driver in terms of bus accidents in
Melbourne, Australia [16]. A study in South Korea found the
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impact of adverse weather conditions on driver behavior and
the probability of crashes for different vehicle types (i.e. car,
bus, and truck) [17]. In another study, the impact of snowfall
on multiple criteria, including the probability of crashing and
driver behavior, in Michigan, USA was studied [35]. The
statistical results showed the tendency of most drivers to
lower their speed limit during snowfall.

2) VEHICLE FACTOR
The vehicle itself can influence driver behavior, where its type
or condition affects the decision made during the driving. The
following subsections discuss aspects that are related to the
vehicle factor.

a: VEHICLE TYPE
Vehicle type, such as car, bus, or truck, potentially influences
driver behavior. A simulation experiment was conducted to
identify driver behavior in relation to traffic congestion in
Giza, Egypt [36]. The case study showed that specific vehi-
cle type, such as mini bus, is the main reason for traffic
congestion. Meanwhile, a study on bus driver in relation
to fuel consumption in Lisbon, Portugal [37] showed that
fuel consumption varies across different types of vehicle.
Fuel consumption is higher for larger vehicles like bus. For
instance, large bus (i.e. greater than 12 meters) was reported
to be linked to higher probability of bus drivers being at
fault for accidents [16]. Another study examined undesirable
driving behavior and reported significant influence of vehicle
type on driver behavior in undesirable events (e.g. extreme
brake or hard acceleration) [38]. The results showed that
mini bus drivers experience higher undesirable events than
other vehicle drivers. In another study, free-flow speed vari-
ances in relation to different vehicles in Chennai, India were
examined [22]. Free-flow speed refers to desirable speed
that a driver would have without any influencing factor.
The study showed free-flow speed variances across different
vehicles—for examples, motor bikes recorded the highest
flow-free speed for two-wheel vehicles (including scooters
and mopeds), while SUV and sedan vehicles recorded the
highest flow-free speed for four-wheel vehicles. Meanwhile,
the types of bus in Lisbon, Portugal were addressed in
another study on energy consumption behavior of driver [39].
The study showed that greater size of fleet in the bus
contributes higher fuel consumption. Different commercial
vehicles in terms of crash probability were examined in
South Korea [17]. The study reported that taxis, buses, and
large trucks recorded higher likelihood of being involved
in crashes. The length of vehicle can affect the number of
blind spots associated with driver behavior. In the study on
bus drivers being at fault for accidents, the length of the
bus was examined [16]. A greater vehicle length indicates
many blind spots. Based on the results, a significant corre-
lation was observed between the increase of blind spots and
at-fault accidents among bus drivers. Another study examined
vehicle type in terms of evacuation situations for buses [40]
using a traffic simulation tool known as AIMSUN [41] for

data collection. The results showed that bus fleet allows
many people to safely evacuate. A quantitative survey study
on anxiety among bus and taxi drivers was conducted,
which revealed higher anxiety levels among taxi drivers than
bus drivers [42].Snowfall has a significant effect on traffic
safety because it impacts drivers behavior and vehicles per-
formanceMoreover, snowfall negatively impacts transporta-
tion infrastructure. Depending on the severity, snowfall may
reduce on-road visibility, pavement friction, vehicle balance
and operations [35]. For example, non-commercial vehicles
tend to have a large amount of flexible time schedule, which
contributes to lower crash probability. In contrast, commer-
cial vehicles, such as buses or trucks, are more likely to be
involved in crashes due to their required work time sched-
ule. Besides that, an experimental study was conducted to
examine the influence of road grades on driving behavior in
Atlanta, USA using an OBE of GPS to measure accelera-
tion [25]. The results showed that heavy-duty vehicle drivers
(e.g. bus drivers) tend to reduce their acceleration at high-
grade roads.

b: VEHICLE CONDITION
Vehicle condition includes vehicle design, vehicle age, engine
temperature, or oil status. A study examined the impact
of vehicle condition (i.e. oil level and engine temperature)
and other factors on bus driver performance using simulated
data from Michigan, USA [43]. The study revealed both oil
level and engine performance as significant predictors of bus
driver performance. Meanwhile, a qualitative survey study
involved bus transportationmanagers to investigate bus safety
trip issues in Italy [44]. Based on the results, significant
characteristics related to the bus design were found to be
associated with safe bus trips, such as automatic door opening
and sustainable internal materials. Two survey studies also
examined the relationship between bus design and safety in
Malaysia [12], [45]. Specific bus design characteristics, such
as the façade structure and cover roof door, were revealed to
play a significant role in providing safer bus trips. In another
study, the probability of bus drivers being at fault for acci-
dents in Melbourne, Australia was examined [16]. The study
found that drivers with new buses (i.e. less than 10 years)
were less likely to be at fault for accidents. On the other hand,
an experiment on bus driver behavior in Lisbon, Portugal was
conducted [46]. During the experiment, drivers were supple-
mented with a sound feedback that would alarm them when
they performed undesirable events, such as sudden brake or
hard acceleration. The results showed that new bus drivers
(i.e. less than 10 years) tend to perform undesirable events
when there were no feedback sounds. The crash probabil-
ity for commercial motor vehicle in South Korea was stud-
ied [17]. The study then concluded that vehicles of 10 years
or older have a higher probability of conducting crashes.

3) DEMOGRAPHIC FACTOR
For this factor, the demographic features of drivers were
analyzed: age, gender, education, experience, and history.
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The subsequent subsections discuss these aspects in further
detail.

a: HISTORY
The history of driver involves the numbers of accidents,
violations, and injuries. This study analyzed this history to
identify any relative patterns to driver behavior. A study on
the relationship between speed changes and history of crashes
among bus drivers in Uppsala city, Sweden showed surpris-
ingly findings [47]. The three-year experiment involved two
groups of bus drivers. The first group had historical crashes,
and the second group had no historical crashes. Both groups
demonstrated gradual deceleration over time. This suggests
that drivers do not learn from crashes, but rather, from their
time experience. On the other hand, another study utilized the
history of accidents and traffic violations instead to examine
risky driving behaviors among drivers in Mashhad, Iran [48].

b: AGE
This study also analyzed how the age of driver can impact
driver behavior. A study on the probability of bus drivers
being at fault for accidents concluded that drivers of age
above 60 years with experience of driving a bus for less
than two years are most likely to be at fault for acci-
dents [16]. Using DBQ, a survey was conducted among
drivers in Mashhad, Iran to examine risky behaviors [48].
The results associated risky behaviors with young drivers.
Another study examined critical features associated with car
crashes in Iran and linked car drivers of below 20 years of
age to sensation-seek feature that resulted in most of the car
crashes [49].

c: GENDER
This study also analyzed how the gender of driver can impact
driver behavior. A study in Melbourne, Australia reported
that most of the accidents where bus driver is at-fault were
operated by male drivers [16]. Using DBQ, the study on risky
behaviors among drivers in Mashhad, Iran similarly revealed
that male drivers demonstrate risky behaviors [48]. Another
quantitative survey study was conducted on anxiety behavior
among bus and taxi drivers in Taiwan, which showed that
female drivers have less anxiety than male drivers [42].

d: EXPERIENCE
This study addressed the influence of experience of driver
on drive behavior. One of the prior studies focused on the
experience of driver by conducting a three-year experiment
related to speed changes [47]. The results showed that most
drivers tend to lower their speed most of the time. This
proves the significant role of experience in terms of improv-
ing driving style. A qualitative survey (interview) was con-
ducted among bus transportation managers to investigate
bus safety trip issues in Italy [44]. The results showed that
experienced bus drivers ensure safe bus trips. An experi-
mental study on driving behavior in undesirable events in
Lisbon, Portugal was conducted using an OBE of data logger

(VDO-FM2000 Plus) to monitor pedal throttle and brak-
ing [38]. The results showed that inexperienced drivers tend
to exhibit harsh braking and acceleration, as compared to
experienced drivers. Goh et al. [16] found that bus drivers
with experience of less than two years were more likely
to be involved in at-fault accidents. Another survey study
revealed the preference of users or commuters for a driver
with experience of more than five years to ensure the safety of
their ride [50]. The safety of bus passengers in relation to bus
driver behavior was examined [51]. The quantitative survey
results showed a significant relationship between experience
of driver and the safety of passengers. Using DBQ, a survey
on driver behavior in Serbia was conducted [52]. The study
focused on the experience of driver as a main factor and
demonstrated that drivers with no experience are likely to be
involved in accidents, violations, and lapses. Similarly, using
DBQ, a survey on driving behavior was conducted among bus
drivers in Hefei, China [53]. The study showed a significant
correlation between the experience of driver and safe bus
trips.

e: EDUCATION
This study also analyzed how education can impact driver
behavior. A simulation case study was conducted to exam-
ine the influence of driver behavior on fuel consumption in
Finland [19]. Using an OBE of GPS, the study showed that
providing training and reward to drivers can significantly
improve driver behavior in relation to fuel consumption.
A similar study on the influence of driver behavior on fuel
consumption was conducted, which revealed that providing
training sessions to bus drivers can help to reduce fuel con-
sumption [54]. An experimental study examined the rela-
tionship between bus driver behavior and fuel consumption
using a real-time data collection technique of OBD via data
logger (VDO-FM2000 Plus) (to examine speed limit) [37].
The study used a case study in Lisbon, Portugal, and showed
that giving training and reward to drivers can improve driver
behavior in enhancing fuel consumption. Using DBQ, a sur-
vey on risky behaviors among drivers in Mashhad, Iran was
conducted [48]. An association between risky behaviors and
young, male drivers with low education level was observed.
In another study, user expectation towards sightseeing buses
in Thailand revealed that most commuters gave less priority
on the education level of driver and more concerned about
other aspects [50]. Meanwhile, a study on driver behavior in
Lisbon, Portugal found that the effectiveness of training and
education plays a vital role in reducing undesirable events by
drivers, such as harsh acceleration and sudden brakes [38].

f: HEALTH
The final aspect of demographic factor involves the health of
driver, and the study analyzed its influence on driver behavior.
In another study, a quantitative survey on the impact of health-
related problems of drivers and drive behavior in Taiwan
was conducted [55]. The study found a significant asso-
ciation between adverse health-related problems of drivers
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(e.g. fatigue) and risky behaviors. Another study proposed a
system to investigate the health status of bus driver in Porto,
Portugal [9]. The system focused on the stress level of bus
driver, which can be detected from the driving style.

4) HABIT FACTOR
The current study also analyzed how habit factor influences
driver behavior. The following subsections discuss different
aspects of habit factor.

a: DISTRACTION
This aspect focuses on the situation (distractor) of driver
while driving, such as texting or eating, which may affect
concentration on road. Focusing on bus, a study utilized the
Adaptive Cruise Control (ACC) to examine the impact of
time gap by using a simulator [56]. ACC is a system that is
implemented in many vehicles where an automatic process
of applying brake or deceleration takes place in serious situa-
tions. However, ACC leaves a time gap for the driver to inter-
vene. The study demonstrated variances in time gaps among
the bus drivers, where certain drivers were distracted with
secondary tasks. Focusing on the commercial motor vehi-
cle driving behavior and risky indicators in USA, the study
examined the impact of distraction such as eating or texting
while driving using a benchmark dataset [57]. The results
proved that such distraction are associated with accidents.
In another study, speeding indicators among bus drivers in
Malaysia were examined using a benchmark dataset [13]. The
study linked eating while driving to increasing speed limit.
A collision warning system in relation to driving style was
proposed in another study [58]. The study utilized distraction
such as eating or texting while driving and classified driving
style into abnormal and normal classes on the basis of driver
status using a benchmark dataset of real-scene.

b: ADDICTIONS
The other aspect of habit factor focuses on addictions, such as
alcohol, drugs, music, or smoking, which may be present in
any vehicle driver. In a questionnaire survey, users revealed
smoking and alcohol drinking as their priorities in ensuring
that their desired drivers do not have such addictions [50].
A study on speeding indicators for bus drivers in Malaysia
was conducted [13]. A benchmark dataset was utilized to
analyze the speeding limits of different drivers, and the results
linked smoking to increasing speed. In another study, alcohol
drinking was identified as one of the significant factors that
may lead to severe crashes and accidents by commercial
motor vehicle drivers [17]. A study to model the severity in
bus and mini bus accidents in Ghana was conducted [8]. The
study found a significant correlation between alcohol drink-
ing by bus drivers and dangerous accidents. Moreover, music
was identified as another habit of driver that can affect the
performance of driver. Using simulated data from Michigan,
USA, the study examined the impact of different factors on
bus driver performance and found that interaction with music

by driver considerably contributed to the prediction of bus
driver performance [43].

c: SELF-REPORTING
Driver behavior in terms of reporting accidents was also
examined in this study. A prior study reported that deter-
mining the recorded crashes is a more reliable source than
self-reporting, where numerous drivers tend to not report
their accidents [59]. In another study, self-reporting was
significantly linked to stress [60]. This indicates that the
highest level of stress can minimize self-reporting, where
driver may be subjected to various stressful factors, such
as time pressure and long shifts. A quantitative survey on
the impact of health-related problems of drivers and driver
behavior in Taiwan was conducted [55]. The study associated
high levels of fatigue and stress with a few self-reporting
and self-criticism characteristics. Using DBQ, a survey on
driver personality in relation to bus safety in Italy was con-
ducted [61]. The study identified self-reporting as an impor-
tant characteristic in any driver for safe bus trip plans.

d: SENSATION-SEEK
This subsection addresses the influence of sensation-seek
habit in driver on driving style. Using DBQ, a survey
was conducted in Italy to investigate the influence of
driver personality on bus safety [61]. The results showed
that sensation-seek significantly affected the safety of bus
trip plans (if the bus drivers have sensation-seek habit).
In another study on sensation-seek habit among bus drivers in
Karnataka, India [10], high levels of boredom, susceptibility,
and disinhibiting were found to be significantly correlated
to the probability of dangerous crashes. Another study on
the relationship between sensation-seek habit by drivers and
involvement in accidents in Iran also revealed similar find-
ings [49]. The study found a significant relationship between
sensation-seek habit and the probability of making crashes.
The study also identified important factors that may influence
sensation-seek habit, such as age, marital status, education
level, and accident history of driver.

5) ON-BOARD ROUTINE FACTOR
This factor is associated with the daily routine activities
of driver. Such activities are related to acceleration, brake,
manoeuvring, fuel consumption, and other aspects.

a: SPEED
As for this factor, acceleration and speed limit performed
by driver were studied. In a study on driver behavior in
Bangkok, Thailand, a scoring system that can provide score
for each participating driver on the basis of their speed limit
was proposed [62]. Another study examined driver behavior
at intersections in Shanghai, China using an OBE of GPS
(to monitor speed and time gaps) and showed variances in
speed limit according to traffic signal lights (red, green, and
yellow-dilemma zones) [63]. Meanwhile, an experimental
study on fuel consumption was conducted [19]. The study
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identified harsh acceleration as one of the causes for high
fuel consumption. In another study, speed limit was utilized to
determine comfortable travel plan [64]. The study concluded
high speed limit as one of the uncomfortable riding experi-
ences. A system to classify driving style in Turkey was pro-
posed in another study [65]. The study utilized a smartphone
to monitor acceleration by the driver and showed different
classes of aggressiveness. In Spain, a study classified driving
style on the basis of acceleration using an OBD of RPM
(to monitor speed limit) [66]. Based on the results, multiple
categories of aggressiveness for driving style were observed.
On the other hand, a study proposed a system to classify
driving style in Lithuania [67]. The study utilized an OBE of
GPS to observe the acceleration rates. The driving style was
then classified into aggressive and normal. An experimental
study on classifying driver behavior in Thailand was also
conducted [68]. The study also utilized an OBE of a smart-
phone to observe acceleration and showed different classes
of aggressiveness for driving style. Similarly, a classification
system of driving style in Hungary was presented [69]. The
study utilized a simulation paradigm to simulate acceleration
and successfully showed different categories of driving style.
Focusing on driving style classification of bus drivers in
Sweden, two OBE auxiliaries, including GPS and CAN bus,
were utilized to monitor acceleration in a study [70]. The
driving style was similarly divided into two classes: nor-
mal and aggressive. Using a benchmark dataset to examine
acceleration, a system to classify driving style in Thailand
was presented [71]. Multiple aggressiveness categories were
presented. Another classification study on driving style was
conducted in China [72]. The study utilized an OBE of GPS
to observe the speed limit. The results showed four categories
of aggressiveness: defensive, weak defensive, weak aggres-
sive, and aggressive. An experimental study was conducted
to score driving behavior using an OBD measurement of
RPM (to measure speed) [73]. The study presented a system
that can score drivers based on their acceleration. In another
study, a system was proposed to classify bus driver behavior
into multiple classes of aggressiveness based on fuel con-
sumption [74]. The study utilized a simulation technique to
measure acceleration. The classification results were sub-
sequently incorporated into an adaptive system that suits a
working flow of a hybrid electronic engine to reduce fuel
consumption. Using DBQ, a survey study on the influence
of curves on driving behavior in China was conducted [26].
Based on the gathered views, the study classified the drivers
to moderate and aggressive groups on the basis of their accel-
eration rates at curves. In today’s world, new measures con-
tinuously undergo development to assess driving risk from
naturalistic driving with the help of new technologies like
GPS [75].

b: BRAKE
This factor involves analyzing driver behavior in terms
of braking. The style of braking and the number of
brakes were considered. In one of the studies, a rule-based

systemwas proposed to provide score for drivers in Bangkok,
Thailand [62]. For that, the study considered the number of
brakes as one of the features that can identify the pattern
of driving. Meanwhile, another study focused on the factors
of comfortable travel plan [64]. The study identified the
number of brakes by driver as one of the significant factors
that directly affect the comfort level of riding. Harsh braking
was noted to have extreme impact on the riding experience.
Sudden or hard braking is always known for its undesirable
impact. Another study examined harsh braking and its exact
causes using simulated datasets [76]. The study found visual
looming cues as significant factors that affect harsh braking,
where the urgency of the given rear-end scenario’s kinemat-
ics is involved. In another study, an experimental study on
traffic conflict indicators was conducted in Malaysia [77].
A set of OBE auxiliaries, which included a camera recorder
and GPS, were utilized to monitor the braking behavior.
The results showed a significant relationship between brak-
ing and most traffic conflicts, including crashes and traffic
congestion.

c: MANOEUVRING
This subsection discusses the influence of manoeuvring on
driver behavior. A prior study considered the number of
manoeuvring as one of the significant features that indi-
cate driving pattern [62]. Similarly, another study on mod-
eling comfortable travel plan also considered the number
of manoeuvring. The results showed that high number of
manoeuvring leads to an uncomfortable riding experience.
An experimental study on the influence of driver behavior
on standing passengers in bus was conducted using manoeu-
vring as indicator [78]. Using a benchmark dataset, the study
reported high probability of passenger falling during harsh
manoeuvring.

d: PASSENGERS
This subsection reviews driver behavior in relation to
on-board passengers. Most vehicles would have a few pas-
sengers on-board, except for bus drivers. Bus is the only
motor-wheel vehicle that contains a considerable number of
passengers. Driving a bus is challenging [60]. A bus driver
is subjected to time pressure, long shifts, and responsibility
of passenger safety. These factors contribute to higher stress
level for a bus driver. Many studies have linked a high level
of stress for a driver and involvement in accidents [79].
A survey study on modeling the feasibility of bus school
trips in Vadodara, India was conducted [80]. The statistical
analysis of survey data revealed that the high number of
passengers affects driver behavior. In another survey study to
model bus driver behavior in Santiago, Chile, bus driverswere
interviewed [81]. Bus passengers were found to significantly
affect the stress level of bus driver. This notion has been
frequently depicted, where drivers identify poor treatment
from bus passengers. Drivers prefer to be assessed based on
their performance, rather than consumer satisfaction.
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e: PEDAL
This subsection focuses on driver behavior in relation to
the pedal style, including throttle or brake pedals. One of
the earlier studies attempted to profile driver behavior by
addressing the pedal pressure by driver in order to provide
a biometric driver recognition system [82]. The study consid-
ered different features to profile driver behavior, including the
brake and throttle pedal pressure. Both features were found
to significantly influence the pattern of driving. An experi-
mental study on the influence of bus driver behavior on fuel
consumption was conducted in Lisbon, Portugal using a real-
time data collection technique of OBD via VDO (to examine
the brake and throttle pedal pressure) [37]. The study demon-
strated the significant impact of harsh throttle and brake
pressure on high fuel consumption. Another study on driver
behavior was also conducted in Lisbon, Portugal [38]. In the
aforementioned study, a sound feedbackwas implemented for
public transports, such as buses. Such sound feedback would
alarm the driver in undesirable events, such as sudden brake
or hard acceleration. The results showed that drivers spent a
long time in such undesirable events without receiving sound
feedback. In another study on driver behavior and its role on
fuel consumption, high fuel consumption from hard acceler-
ation or pedal throttle by driver was observed, especially in
urban driving cycles [30]. Another study reported increase in
the probability of conducting crashes when drivers violated
the speed limits [17]. Based on this finding, transportation
authorities are encouraged to toughen the enforcement for
this type of violation. An experiment on bus driver behav-
ior in Lisbon, Portugal revealed fuel consumption as one
of the major issues [46]. The study noted that acceleration,
RPM, and aggressiveness by driver significantly affect fuel
consumption. Considering that a wide range of studies have
correlated harsh pedal pressure to fuel consumption, an exper-
imental study in Chongqing, China focused on a specific
zone, specifically the bus stop, with the aim to optimize the
bus driving performance [83]. Such aspect witnessed critical
behaviors of bus drivers. The study developed a new system
that can guide bus drivers on pedal pressure (whether to throt-
tle or brake). The system improved bus driving performance
in terms of pedal pressure.

f: FUEL CONSUMPTION
This study also analyzed driver behavior in relation to energy
or fuel consumption. In one of the prior studies, the influ-
ence of bus driver behavior on fuel consumption was exam-
ined [84]. The study utilized a benchmark dataset, and
the results revealed aggressiveness (e.g. harsh braking and
acceleration) as the main reason for high fuel consumption.
An experimental study was conducted to classify econom-
ical driving behavior among bus drivers in Italy using an
OBE of GPS to monitor the speed limit [85]. The results
showed a significant correlation between high speed limit
and high fuel consumption. A simulation case study exam-
ined the influence of driver behavior on fuel consumption in

Finland using an OBE of GPS and similarly identified harsh
acceleration and braking as the main reasons for high fuel
consumption [19]. In order to reduce fuel consumption rate,
the study showed that giving training and reward to drivers
would significantly improve driver behavior in relation to
fuel consumption. An experimental study on the influence of
bus driver behavior on fuel consumption in Lisbon, Portugal
was conducted using a real-time data collection technique
of OBD via VDO (to examine speed and braking behav-
iors of driver) [37]. Likewise, the study indicated that train-
ing and rewarding would contribute to the improvement in
driver behavior in terms of fuel consumption. Besides that,
different vehicle sizes showed variances in fuel consump-
tion. Finally, the study also demonstrated the significant
correlation between aggressiveness (i.e. harsh braking and
acceleration) and high fuel consumption. In another study,
driver behavior in relation to fuel consumption in Sweden
was examined through a field trial [54]. The results showed
that giving sound feedback with training can contribute to
fuel-consumed events, such as harsh acceleration. Another
experimental study in Lisbon, Portugal was conducted to
model the relationship between bus driver behavior and fuel
consumption using an OBE of VDO [38]. The study showed
that training can significantly enhance bus driver behavior in
undesirable events (e.g. harsh acceleration or braking) that
cause high fuel consumption. In Idaho, USA, an experimental
study was conducted on efficient fuel consumption for fleet
vehicle using real-time data collection techniques, including
OBD via RPM and OBE via GPS (to measure speed and
distances) [86]. The study proposed an interfaced system that
can prompt driver on their speed limit and distances. The
proposed system showed improvement on driver behavior
in terms of fuel consumption. Another study focused on
the relationship between fuel consumption and driver behav-
ior [30]. One of the assessed driver behaviors included pedal
throttle, which was found to significantly affect fuel con-
sumption. Meanwhile, in Lisbon, Portugal, the study exam-
ined the influencing factors of efficient energy consumption
for bus transit in urban and suburban ways and reported a
significant relationship between bus type and energy con-
sumption [39]. In particular, the study linked the increase in
fleet size to higher fuel consumption. For the initiation of a
large, sophisticated system for buses in European countries,
driver behavior in terms of energy consumption and technolo-
gies that can reduce fuel consumption were examined [87].
The study utilized multiple experiments in large European
cities, such as London, Paris, Rome and Madrid, and two
main OBD measurements, including Heating Ventilation and
Air Conditioning and Internal Combustion Engine (ICE),
to monitor both speed and fuel consumption. The study
found that providing a computer-based system to prompt
drivers on their speed limit and distances can reduce fuel
consumption. On the other hand, another study proposed a
system to classify bus driver behavior into multiple classes of
aggressiveness in relation to fuel consumption [74]. The study
utilized a simulation technique to measure the acceleration

VOLUME 9, 2021 139907



A. Mohammed et al.: Landscape of Research on Bus Driver Behavior

of each driver. The results of the classification were then
incorporated into an adaptive system that suits a working flow
of a hybrid electronic engine to reduce fuel consumption.
In the study, the rate of transportation sector recorded 30.57%
of the overall fuel consumption wherein the rate of highway
transportation recorded 97.72% of fuel consumption. Thus,
from an eco-driving perspective, the reduction of carbon
emission and improvement in the quality of surrounding air
can be achieved if bus companies consider effective and fun-
damental energy improvement strategies. Another study pro-
posed a hierarchical predictive energy management strategy
(HP-EMS) according to driver behavior and type [88].
Moreover, driving vehicles based on eco-driving values and
techniques have noteworthy effect on reducing both car-
bon emission and fuel consumption. Although the present
new generation vehicles are industrialized by certain types
of developed mechanical and technical characteristics,
driver behavior is still an essential factor that affect fuel
consumption [89].

g: DRIVER CONDITION
This study also addressed driver in-board situation in relation
to emotion, position, energy, and eye movement. Focusing
on driver condition and speed limit, an experimental study
was conducted to characterize driver behavior in Porto, Por-
tugal [90]. For this purpose, two health-related devices (ECG
and Vital Jacket) were utilized to detect specific information
regarding driver condition. GPSwas utilized to identify speed
limit. The results showed a significant relationship between
acceleration and the level of stress. In another experimental
study on the fatigue level of bus drivers in Hangzhou, China,
an implanted camera was utilized to monitor the face and
eye movements of bus drivers [91]. The study showed that
detecting these movements can significantly contribute to the
determination of the fatigue level of bus driver. A quanti-
tative survey study on the impact of fatigue and stress on
drivers in Taiwan demonstrated the significant relationship
of fatigue and stress with health problems [55]. In Porto,
Portugal, a mobile sensing system was proposed to predict
the level of stress for bus drivers [9]. Meanwhile, an experi-
mental study was conducted to examine bus driver behavior
in Singapore, specifically in terms of facial expression [92].
The study utilized an OBE of camera recording to monitor
the eye movement of driver. The proposed detection system
can identify the fatigue level of bus driver. In another study on
vehicle type and driver condition, evacuation situations from
buses were addressed [40]. The level of stress was examined
in relation to the driver condition. The study showed that it
is difficult to successfully accomplish evacuation when the
bus driver experiences high level of stress. In Bogotá, Colom-
bia, a study examined the stress implications on rapid bus
drivers [2]. The study found that the majority of bus accidents
are linked to stressed drivers and fatigue is a major indicator
of high level of stress. A survey study on the influence of
organizational aspect on bus driver behavior in Tehran, Iran

was conducted [93]. Both Driver Safety Culture Question-
naire (DSCQ) and Public Transport DBQ (PTDBQ) were
utilized in the study and a strong relationship between long
working hours and high level of stress and fatigue by driver
was reported. Another survey study on commercial motor
vehicle driver behavior was conducted [94]. The study found
a relationship between long working hours and less sleep
hours, which generally leads to driver fatigue. The influence
of organizational aspect on bus driver behavior was also
examined in a survey study in South Korea [95]. The study
utilized a questionnaire to explore the opinions of bus drivers.
The results showed that drivers with low level of perceived
organizational justice encounteredmajor crashes. A question-
naire survey was conducted in Taiwan to examine the influ-
ence of organizational climate on bus driver behavior [96].
The results showed a significant relationship between orga-
nizational climate and bus driver stress. In another study,
a collision warning system was proposed on the basis of
driving style [58]. The study utilized driver condition to
monitor the fatigue level. The driving style was classified into
abnormal and normal classes on the basis of the driver status
via a benchmark dataset of real-scene. The advanced driver
assistance system (ADAS) and driver state monitoring sys-
tem (DSMS) are deemed significant and remarkable because
they assess and promote precise exchange of driving rights
between humans and machines. The two sets of real-time
warring data obtained from these two sophisticated systems
were used to govern the wide-ranging ability indicators of
driver [97].

IV. MAPPING OF DATA COLLECTION METHODS
The collection of data on traffic, driver, or even the vehi-
cles is a crucial step to analyze significant perspectives of
transportation. This section provides a detailed discussion
on data collection methods. This study focused on real-time
data collection method. GPS can be used with a smartphone
fixed in a vehicle for navigation. Figure 5 shows the main
categories of data collection methods.

A. REAL-TIME DATA COLLECTION
This part focuses on several transportation aspects in relation
to real-time data collection. These aspects include informa-
tion on vehicles, traffic road, and humans. Firstly, the aspect
of vehicles serves to monitor the movement of specific vehi-
cles, including the speed limit, brake, and manoeuvring. Sec-
ondly, the aspect of traffic road considersmonitoring of traffic
congestion and road width or length. Thirdly, the aspect of
humans includes drivers, passengers, or even any transporta-
tion officers, where their behaviors may be subjected to anal-
ysis. Two categories of tools are involved in the real-time data
collection for the aforementioned aspects: on-board equip-
ment and diagnostic and roadside equipment [98]. These
categories are explained in the following subsections.
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FIGURE 5. Methods of data collection.

1) ON-BOARD EQUIPMENT AND DIAGNOSTICS
(OBE AND OBD)
For this category of tools, multipurpose sensors or devices
are planted inside the vehicle to monitor specific measure-
ments, such as the speed limit, movements inside the vehi-
cle, or driver condition [63]. There are two categories of
these devices: (1) diagnostics (OBD) that already exist in
any vehicle, such as revolutions per minute (RPM) or ICE,
and (2) auxiliary equipment (OBE) that is implanted in the
vehicle, such as GPS or mobile. The first type of sensors
includes health-related monitors, where the driver, passenger,
or other involved human can be studied in terms of their
blood pressure or heart beating—for example, an electrocar-
diogram (ECG) [9]. Using ECG, a prior study investigated
driver behavior during the driving routine [90]. The second
type of sensors includes wearable vest or jacket, where the
driver or passenger is assigned for experimenting specific
body movements during a trip plan [9]. Such movement
information can be captured by the sensor vest worn by the
driver or passenger. In one of the studies, Vital Jacket was
utilized to measure the stress level of drivers [9]. The third
device is the GPS, which can exploit satellite communication

to locate the position of vehicle [99]. GPS can be built-in and
supplemented with a smartphone in the vehicle. In both cases,
information produced by GPS can be used to collect data
on road condition, distances, speed limit, and other useful
information. Another OBE device is the inertial measurement
unit, which is a device implanted in the vehicle to measure the
longitudinal speed with a sampling frequency of 25 Hz [85].
Finally, the fifth device is the mobile phone. With the expo-
nential development in mobile networks, including 3G and
4G, the mobile network technology can also be examined for
data collection. Acceleration, positioning, and other useful
information can be detected using the mobile phone [100].
Although some professional tools like remote photoplethys-
mography (rPPG), which is used to measure or monitor heart
rate in drivers, turbulences still occur during driving, such as
kinematics and driver behavior. CNN and LSTM applications
systems were developed to categorize and evaluate bus driver
features, such as engine speed pedaling, lane change endeav-
ors, deceleration, and corner turn [101], [102]. For field tests
in Nanjing, China, a real-time differential global navigation
satellite system DGNSS tracking feature for buses was devel-
oped, along with the lane-level guidance system centered on a
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vehicle-mounted terminal. The bus data processing primarily
completes management and analysis based on the GPS/DBS
data, which elucidate bus status, vehicle trajectories, individ-
ual driving behaviors, and road conditions [103].

2) ROADSIDE EQUIPMENT (RSE)
As for this category of tools, network technologies that are
implanted alongside the roads can be utilized to collect infor-
mation on the location or other characteristics [63]. The first
network technology is the roadside camera or CCTV. This
technique is applied to implement cameras on specific roads
to collect visual images or videos of the road conditions [104].
Multiple criteria may be present for this technique, such as
the accuracy of images or videos. The footages may need
to undergo a verification task to ensure data accuracy. The
ways to utilize these cameras vary. Some cameras are fixed
to the monitor a specific and constant target. In other cases,
cameras may be designed to move while recording. The
captured images or videos by the cameras can be processed
via human or designed software for image processing. The
camera may target driver, passenger, road, or even vehicle
in terms of movement or other characteristics [8]. These
cameras can be implemented for facial or vehicle license plate
recognition. Such cameras can be also used tomonitor the eye
movement of driver. The second technique to collect data is
the infrared or specifically, the infrared beams, which consist
of a transmitter and a receiver [105]. The infrared devices
are deployed in carriageway edges. The transmitter sends an
infrared beam, and the reviver captures the beam. With a
light-based technology, four beams can be utilized to sense
a crossing vehicle. Once the beams break, the receiver can
detect interrupting vehicles, specifically the speed, lane, and
direction. The detection can also determine the vehicle type
(whether it is a bicycle, car, or truck). The second technique
involves triangulation, which mainly depends on the signals
produced by mobile phones from inside the vehicles. Since
the beginning of the 21st century, vehicles start to have a
driver with at least onemobile phone that can be used as a traf-
fic probe [106]. The mobile tower data can detect the signal
of a movable mobile phone inside the moving vehicle through
the triangulation technique. The accuracy of the detection sig-
nificantly relies on the distance between antennas. The third
network technique is the vehicle re-identification, which uti-
lizes mounted detectors that are deployed over the road [107].
This technique can read a unique serial number of a given
vehicle in a particular location and re-identify such vehicle
in another location. Accordingly, the detector can estimate
the traveling distance, time, and speed limit. The device for
such process can be a Bluetooth or RFID. Finally, the fourth
technique involves the satellite communication, which can
be used to collect data by capturing images and aerial pho-
tographs of a specific location or area [108]. These images are
processed via specific measurements to describe geographi-
cal objects. Triangulation is then incorporated to assemble the
collected images to improve the accuracy and consistency of
information.

B. SURVEY DATA COLLECTION
This part focuses on collecting transportation-related infor-
mation from those who may be involved in the process, such
as driver, passenger, or transportation management officers.
This data collection method aims to obtain the respondents’
opinions, viewpoints, and feedback, which are then analyzed
to identify patterns. The primary tool of survey involves
questionnaire. There are two main types of questionnaire:
quantitative and qualitative questionnaires. A quantitative
questionnaire aims to survey a large number of respondents
by giving them direct questions. On the other hand, a qual-
itative questionnaire focuses on the quality of the collected
information, where a series of interview sessions may be con-
ducted with fewer respondents, as compared to the number
of respondents in quantitative questionnaire, but with richer
information [109]. In literature, different parties have been
surveyed on transportation issues. A questionnaire involving
drivers was conducted to evaluate risky driving behavior [48].
In another study, bus passengers were surveyed on their
opinions of their desired bus driver and characteristics of
preferred driving style of bus driver [50]. Meanwhile, bus
transportation managers were surveyed to investigate the
safety issues of bus trip plans [44]. The study questioned
the managers on two important criteria: driver experience
and vehicle type and characteristics. The aforementioned
studies considered quantitative questionnaire, specifically a
transportation-related questionnaire known as DBQ. How-
ever, other questionnaires include DSCQ and PTDBQ [93].
Apart from quantitative questionnaire, qualitative question-
naire has been utilized in several other studies. For instance,
bus drivers in Santiago, Chile were interviewed to model
their behaviors [81]. The purpose of the current study was to
scrutinize the relationships involving different types of driver
behavior (inattention errors, errors, and violations), demo-
graphic information (mobility, age, and driving experience),
traffic accidents, and self-assessment [110].

C. SIMULATION DATA COLLECTION
This part focuses on simulation software or other mea-
surements that can be used to simulate specific situations
to collect data. In this sense, the driver or passenger may
undergo a simulation experiment to investigate their reaction
or behavior. ACC has been implemented in various modern
vehicles [56]. ACC enables vehicles to take automatic actions
in serious situations (e.g. near-crash), such as deceleration
or brake. ACC has been utilized as a simulation to observe
driver behavior in specific situations [56]. In another study,
a driving simulation known as AIMSUN was utilized to
examine bus driver and passengers in terms of evacuation
situations [40]. Another type of simulation involves case
study, where researchers tend to simulate an actual location as
a special case. A case study approach was applied, in which
the map segment in the city of Giza, Egypt, was utilized [36].
Another study reported that simulation in transportation field
offers high-quality data with less-risky probabilities obtained
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from critical situations [21]. Examining these critical situ-
ations where drivers are exposed to unacceptable level of
risks provide real-time data for assessment. Accordingly,
simulation provides convenient solutions for such cases.
However, there are multiple drawbacks of simulation, such
as different levels of data accuracy between simulated and
real-world cases. This mechanism does not consider more
serious issues, such as lightning (i.e. day and night time) or
driver personality.

D. BENCHMARK
This part is the easiest and cost-free way to obtain data. Such
mechanism depends on the collected, tested, and verified
data by previous researchers. Benchmark datasets can also be
acquired from legal authorities, such as transportation depart-
ment databases [35]. Apart from database records, bench-
mark data from field trial are also utilized in studies, where
transportation operators conduct experiments [54]. In this
regard, researchers can obtain datasets regarding drivers,
traffic roads, vehicles, and other characteristics to accom-
modate further analysis. The common benchmark datasets
include the Analysis of Naturalistic External (ANNEXT)
and the Second Strategic Highway Research Program (SHRP
2) datasets [111]. These datasets contain a wide range of
driver and vehicle information in terms of crashes and near-
crashes. After obtaining the datasets, researchers tend to use
statistical analysis, such as regression, classification, or pre-
diction, by applying different algorithms to categorize the
data. For instance, a scoring system was proposed in a study
to provide a score for each driver on the basis of multi-
ple criteria, such as speed limit and number of brakes and
manoeuvring, using benchmark dataset of ANNEXT [62].

V. DISCUSSION OF LITERATURE
This section presents the most relevant challenges motiva-
tions, recommendations, and limitations found in the previous
studies. The challenges in the past studies dealt with various
concerns related to data collection management, energy con-
sumption, drivers’ health conditions, safety, system complex-
ity and algorithm, and gender differences. The motivational
factors of the past studies include enhancing the energy con-
servation awareness among drivers, improving driving per-
formance and traffic flow, reducing accidents, enhancing road
safety, better usability of lighting and brakes, reducing the
stress level and fatigue of bus drivers, useful driving habits,
better vehicle conditions, and classification of drivers. This
section also presents the recommendations related to driver
behavior, energy management strategies, and road safety.
Last but not least, it discusses the limitations found in the
previous studies.

A. CHALLENGES
Although transportation studies have offered numerous ben-
efits, no perfect solutions have been established. Studies
are concerned about the challenges in transportation and
driver behavior. The main challenges are discussed in the

following subsections. Figure 6 presents the classification of
challenges.

1) CONCERN ON DATA COLLECTION MANAGEMENT
Challenges in data collection are part of a permanent,
inevitable condition in the journey of research that may
necessitate a long period of observation, supervision, or care
and interfere with the physical, time, and measurements.
The current study included different aspects of challenges
included. For example, low GPS signals or app malfunction
are among the most significant challenges in data collection
because these issues may result in missing a few seconds of
speed data [75]. Sites and the nature of roads, such as the
mountainous roads, affect the GPS signals [112]. With data
gathered from highway trips, the trip on the arterial street
cannot reflect the real data process in terms of bus driver
behavior. [32]. Other critical issues include test time restric-
tions, test equipment, and regulations of the bus company.
Weather condition, such as rainy weather, is another signif-
icant challenge in data collection. Video recording can be
carried out during clear weather, but rainy weather hampers
the process of recording the vehicle speed [22], [39]. The
measurements of driver behavior are significantly different
for every participating driver due to the different schedule and
hours of work involved—in this case, negative driver behav-
ior may be underestimated [22]. Significant challenges of
GNSS include the following [99]: (a) pseudorange errors that
originate from urban multipath settings, making it difficult to
accurately estimate the urban-wide bus speed and trajectory;
(b) missing GNSS positioning data in non-line-of-sight urban
scenarios; (c) low-frequency sampling and estimations from
GNSS measurements; (d) real-time projections of multiple
bus lines around the urban areas.

Time loss has been a concern of many researchers. It is also
a considerable challenge in data collection for transportation
studies due to the traffic signals and unsafe activities of pas-
sengers in terms of boarding and alighting, which may lead
to frequent delay trip [30]. The methods of data collection
that are associated with time loss are lacking, particularly
the techniques of boarding and alighting, which result in
substantial loss of data. Emission rate and the process of fuel
consumption are also essential elements that are related to
time [12]. Data on braking may also be lost or inaccurate,
particularly in severe weather when the driver is forced to
brake often. As a result, it is difficult to assess driver behavior
in such conditions [34]. The diversity of stress-related driver
behavior may be attributed to health condition [1], [9], emer-
gency [40], and job hassles [55], making data collection a
challenge. Researchers should standardize the cardiac met-
rics per driver [9], as drivers may behave differently during
normal traffic [3]. At-fault crashes are an inherent obstacle
in the collection of accurate data; these crashes increase
the cost of the data collection systems, such as Automatic
Crash Notification [35], [44]. Another concern about the
absence of precise systems and algorithms via unreliable data
resources places data in jeopardy because the evaluation of
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FIGURE 6. Classification of categories on challenges.

driver behavior is based on human perception, rather than
technology-based precise sensors—this often results in inac-
curate recording or unreliable judgment [17].

2) CONCERN ON ENERGY CONSUMPTION
Another significant concern is that drivers may cause prob-
lems in energy consumption [25]. When it comes to driver
behavior, braking is identified as one of the most sig-
nificant challenges to achieve energy-efficient consump-
tion [12], [19]. The risks associated with emission rate and air
pollution must be understood. The risks related with the use,
potential abuse, and deceleration and acceleration of buses

are increased when drivers are unaware; thus, the increase in
energy consumption should be recalculated by considering
various drivers situations, such as health condition, nature of
road, and weather conditions [2], [20], [25], [30]. Complica-
tions from external factors like cargo, passengers, amount of
traffic, vehicle type, or road geometry are autonomous of the
driver, but have substantial impact on fuel consumption [19].

3) CONCERN ON DRIVER HEALTH CONDITIONS
The problems related to services for the health problems of
driver pose significant pressure and challenges to the global
healthcare systems. Health conditions, such as heart rate
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variability (HRV) [9] and respiratory sinus arrhythmia [101],
cause problems in driver behavior. Lack of or ineffective
model and mismanagement of application system that is
connected to checking and monitoring driver behavior may
lead to overlooking the significance of hazardous driving
predictors for the healthcare and public policies [49].

4) CONCERN ON SAFETY
Secure driving process is still being developed. Surveillance
and observation processing are widely exploited to address
issues related to safety and observation of driving process.
Due to the lack of a safety system, the services did not
consider the elderly in order to resolve issues linked to safety
and supervision of the driving process [99]. Certain unsafe
practices and processes may affect the safety of passengers.
For example, during the boarding and alighting, doors are
kept open during the trip to accommodate more passengers
or to save more time [7]. Besides that, bus drivers are not
willing to stop the bus. Other example includes the dangers
of distracted driving [57]. An appropriate procedure must be
applied to avoid risky processes that can affect safety [57].
Programs to increase the awareness of drivers and passengers
on risky behaviors are inadequate [7]. Furthermore, safety
interventions are also another concern that affects the behav-
ior of the participating drivers and managers.

5) CONCERN ON SYSTEM COMPLEXITY AND ALGORITHMS
Communication glitches may occur in numerous devices
from manufacturers or companies that adopt diverse stan-
dards and techniques. Besides that, communication problems
across the devices during data collection may also occur
because these systems use various sensors and networking
gadgets from numerous manufacturers [44] many computa-
tional processes are needed specially when GPS signal covers
wide range of area. Thus, as the complexity of the simulation
process increases, so does the number of steps needed in
terms of time. [36]. Eyes Tracking Algorithms have been
used to record driver behavior. However, there may be data
loss in the system when the vehicle moves. Some features
are added into the algorithm, but the system may still lose
the target data [91]. Vision algorithm is another complicated
system that is designated to monitor driver behavior in terms
of eyemovement and head turning. Inmany cases, this system
produces an oblique view, which makes the system inappli-
cable. Furthermore, the image captured through such system
has low resolution [92]. Apart from the lack of parameters,
the results obtained fromwavelet-based feature system gener-
ate high traffic volume, and the data cannot be processed [71].
In one of the prior studies, one of the challenges associated
with managing a simulation was simulation sickness expe-
rienced by the simulation participants [18]. Although most
algorithm system experiments involved driving on straight
roads, certain studies noted driving on curves as another key
challenge, depending mainly on the radius of the roundabout
and vehicle speed [56]. The combination of multiple datasets
is another issue to be considered to produce a single velocity

profile with the best fuel efficiency is a limited multi-criteria
optimization problem [86]. Considering the notable increase
in the cost of generating new real data collecting system,
concerns still remain in the quantification of the advantage
cost ratios of these systems in regard to their impact on
refining safety, reliability, and profitability [44]

6) CONCERN ON GENDER DIFFERENCES
It is significant to highlight the necessity to translate the gath-
ered evidence on psychosocial work participants. In many
studies, the subjects or participants were mostly men. More-
over, analysis often exclude the consideration of gender dif-
ferences. On the other hand, there have been limitations in
the quality of intervention studies due to biases in terms of
variation of subjects and self-report assessment [2].

B. MOTIVATIONS
The advantages of using transportation based on driver behav-
ior are apparent and compelling. This subsection lists a few
benefits reported in literature, which are grouped into differ-
ent categories. Figure 7 presents the classification of cate-
gories on motivations.

1) BENEFITS RELATED TO INCREASING ENERGY
CONSERVATION AWARENESS OF DRIVER
Previous studies indicated various indicators in driver behav-
ior that result in fuel consumption, such as aggressive-
ness [37], [74], harsh braking [84], acceleration [38], pedal
throttle [30], and bus type [39]. The nature of efforts to reduce
fuel consumption varies with promising results. Studies have
noted lower fuel consumption among drivers who receive
more training sessions [19], [54]. However, other studies have
argued to provide computer-based system to guide drivers in
terms of their speed and distance to reduce fuel consumption
instead [86], [87]. Rewarding and training the drivers have
been noted to reduce fuel consumption [19]. Furthermore,
another study noted that 30% of fuel consumption wasmainly
associated with driver behavior [19]. Another study con-
cluded that private mobility increases fuel consumption and
the rate of pollution, as compared to the massive usage of
public transportation system, particularly in terms of the fuel
ratio per passenger and per kilometers [85]. On the hand,
studies have revealed the impact of various aspects of eco-
driving, including driver characteristics, weather condition,
and driving behavior, on fuel consumption. Furthermore,
the increase of vehicle fuel efficiency has become a key
research field due to its substantial impact on the usage of fos-
sil fuel and global carbon repercussions [86]. In the evaluation
of driver behavior, various control systems, such as controller
area network (CAN bus) of public transports or LSTM deep
learning predictor controller, cloud computing platform, and
sensors have been developed to categorize and evaluate the
eco-driving performance of bus drivers and to characterize
driver behavior by engine speed, deceleration, pedaling, cor-
ner turn, and lane change endeavors [72], [73], [102].
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FIGURE 7. Classification of categories on motivations.

2) BENEFITS RELATED TO IMPROVING DRIVER BEHAVIOR,
DECREASE CRASHES, AND AMELIORATE TRAFFIC FLOW
The range of driver performance measures is broadened
to encompass a variety of parameters. About 90% of road
crashes across the world is associated to human errors [53].
In these critical situations, drivers may be distracted by other
secondary tasks that result in shorter time-gap for making
decisions [56]. For instance, multimedia is turned on [43].
Furthermore, there have been many cases of drivers pre-
ferring to be evaluated based on their performance, rather
than depending on consumer satisfaction [81]. A system that
identifies optimized driving parameters to guide bus drivers
for efficient performance was proposed [83]. Inexperienced
drivers indicate low performance and may lead to accidents,
violations, and lapses [52]. Bus performance, such as engine
temperature and oil level, can be good predictors of driver
performance [43]. Another study revealed that all drivers
have gradual decrease in speed over time, regardless of their
accident history [47]. In particular, drivers of age 60 years
above with experience of less than two years are most likely
to be at fault for accidents [16]. Another study proposed a
better façade design with standard modular system that is
significant for quality production and fabrication in terms of

commerce was proposed to reduce the risk of accidents [45].
The Zuckerman Sensation Seeking Scale (ZSSS) was found
to be effective in analyzing the influence of sensation seek-
ing on accident reduction among Indian bus drivers [10].
On the other hand, developing a simulation program for
traffic flow regulation may improve traffic behavior and flow,
minimize accidents, and ensure environmental sustainabil-
ity, which can be used as a carrier to examine the input
and estimation of road condition information and infrastruc-
ture development [48], [61], [93], [97]. The use of GPS
for lane-level positioning, with higher precision and lower
complexity, has been studied in various studies. Meanwhile,
the precise positioning of a BeiDou navigation satellite sys-
tem (BDS) intuitively describes the driving trajectory, speed,
and acceleration values of a bus operated by its corresponding
driver—for example, Wei et al. implemented a decentralized
automobile remote positioning based on multiple accessible
navigation satellite systems and mobile networks [103].

3) BENEFITS OF ROAD SAFETY
It is essential to understand and perceive the influenc-
ing factors of professional urban bus driver behavior in
order to maintain road safety [52], [63], [110]. Vehicle
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type is also considered a fruitful area of research given its
significant influence on road safety and number of acci-
dents [12], [23], [31], [35], [44], [49], [50]. The development
of ITS can improve road safety, transportation efficiency, and
transit signal priority [32], [55], [83], [87], [97].

4) LIGHTING
Road and bus conditions in terms of lighting play a vital
role in influencing driver behavior. Darkness has been noted
to influence driver behavior, especially cases of non-existent
guardrail [18]. Lighting and guardrail existence affect driver
behavior [24]. On the other hand, the case of longer night-
shift hours potentially increases the possibility of being
at-fault for accidents among bus drivers [16].With traffic con-
gestion, narrow, dark roads increase the stress level of driver,
affecting driver behavior [9]. Another study found a signif-
icant rapport between driving at night and crashes among
large truck drivers, but the likelihood of such occurrence
among bus drivers was found lower [17]. Assessing roadway
features, such as guardrail existence, roadway geometry, and
shoulder width, and how these variables can influence driver
behavior, particularly during day and night (in relation to
lighting circumstances) is deemed noteworthy [18], [85].

5) BRAKE
Driving style can be recognized through pedal pressure.
Harsh braking and maneuvering are some of the cues of
driver aggressiveness. Furthermore, such practices extremely
affect the riding experience [64]. Studies have also indicated
the tendency of inexperienced drivers to have higher harsh
braking and acceleration [38]. In some road conditions, such
as crashes, congestion, and traffic conflicts, lead to repeated
use of brake [77]. In addition, visual looming allusions have
been identified as themost substantial elements that influence
harsh braking [76].

6) STRESS LEVEL OF BUS DRIVERS
Different cues of stressed drivers can be seen through driver
behavior during the driving process. A study linked acceler-
ation to stress [90]. On the other hand, fatigue is also consid-
ered as another main indicator of high stress level [2]. Stress
and fatigue are also mainly linked to health problems [55].
In the context of stressed driver behavior, long working hours
cause fatigue and stress [2], [93]. The number and behavior
of passengers can increase the stress level of bus driver as
well [80], [81]. Workplace environment also has significant
impact on the stress level of driver [96]. A stressed driver may
likely minimize self-reporting [60]. Driving a bus or truck is
a stressful job, and work load can cause aberrant behavior or
health problems, affecting driver behavior [55].

7) DRIVER FATIGUE
A verity of parameters of driver fatigue can be noticed
through the face and eye movement [91], [92]. Minimiz-
ing self-reporting and self-criticism in driver features also
clearly indicate a high level of fatigue [55], [113]. Several

studies [2], [68], [92] investigated the relationship of work-
load, fatigue, and unsafe risky behavior among Bus Rapid
Transit (BRT) drivers.

8) VEHICLE DESIGN AND DRIVER EXPERIENCE
Studies have proved the significant relationship between the
safety of trip and specific bus characteristics, such as auto-
matic door opening, material, façade structure, and other
external and internal architecture of bus [44], [45]. More-
over, driver experience has a deep link with the nature and
safety of bus trip [44]. On the other hand, many commuters
prefer to travel with a driver who has more experience and
are less concerned about the education level of driver [50].
Conversely, younger male drivers who have lower education
level and less experience were found to exhibit risky behav-
ior, affecting the safety of the trip [48], [51]. Bus safety is
associated with drivers who exhibit less sensation-seek and
high self-reporting features [53]. Another study confirmed a
significant correlation between driver experience and safer
bus trips [61].

9) ROAD TYPE AND CONDITION
The degree of safety is also associated with the road type
and condition. In one of the prior studies, bus drivers were
found to be less likely at-fault for accidents at divided
roads [16]. Arterials are said to be more dangerous than
expressways [31]. Other kinds of road condition, such as
non-existence of bus lane [17] or curved, wet, or rough roads,
can increase the probability of crashes. Rain and snow are
strongly linked to driver behavior, increasing the probability
of crashes as well [16], [17]. Besides that, bus condition
influences the probability of collision. In another study, com-
mercial vehicles like buses and trucks are likely to crash
during snow due to their time schedule and unclear vision of
the road ahead [35]. Older buses are more likely to be at-fault
for accidents [16]. Moderate and aggressive driver behav-
iors can be recognized based on their speed at curves [26].
Another study indicated variances in acceleration by drivers
at intersections [63].

10) HABIT
Studies have verified the relationship between alcohol drink-
ing and accidents [8]. Smoking and alcohol use are the
highest parameters of accidents [50]. Eating and smoking
while driving as well as other driver habits contribute to the
increased bus speed [13]. Gender of driver presents a new
trend in literature. Female drivers are said to exhibit less
anxiety as compared to male drivers [42]. Uncomfortable
riding experience is also noted to be significantly associated
with high speed limit [64].

11) VEHICLE
Traffic accidents are mainly influenced by different road
structure and typologies of vehicles. A prior study proposed
the higher likelihood of buses, taxis, and large trucks in
making crashes [17]. The probability of risk and making
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FIGURE 8. Categories of recommendations based on Driver behavior.

congestion mainly correlated to mini-buses, as compared
with the other types of buses [36], [38]. The relationship
between façade structure and other external design of bus,
such as cover door, can be seen vividly in terms of bus
safety [12]. Additionally, blind spots have been noted to
be significantly correlated with the probability of causing
accidents [16]. Festive seasons are substantially linked to
bus accidents. For example, studies have noted express bus
drivers inMalaysia as the likely type of bus drivers who cause
accidents during festive seasons [13], [77].

12) DRIVER CLASSIFICATION
The classification of driver behavior can potentially assist
law makers and amend the current instructions. However,
there are only twomain types of driver behavior classification
based on their driving style: normal and abnormal [58]. The
various attributes that drivers can score include accelera-
tion/deceleration and average trip length [73]. Besides that,
studies have revealed that driving style can also be classified
into normal and aggressive [67], [70]. Meanwhile, multiple
aggressiveness is another prevailing characteristic of driv-
ing style [66]–[69]. Apart from the multiple aggressiveness

attributes of driver behavior, namely defensive, weak defen-
sive, weak aggressive, and aggressive, are significant features
of driving style as well [72].

C. RECOMMENDATIONS
This subsection presents the most significant recommenda-
tions from prior studies that address the challenges and sim-
plify the safe and effective transportation driving activities
comprising sensors, devices, and applications based on driver
behavior (see Figure 8).

1) RECOMMENDATIONS OF DRIVER BEHAVIOR
This subsection provides significant recommendations for
bus drivers and driving agencies as well as considers the
prediction of driver behavior, the appropriate driving style,
and the commitment to operating times. The behavior of bus
drivers is highly affected by the light conditions at night.
In-depth research is recommended in this domain to address
this issue and further analyze the correlation between men-
tal effort and driving performance [18]. Employing video
and audio are substantially useful to record and character-
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FIGURE 9. Categories of limitations.

ize driver behavior [90]. With the significant increase of
accidents involving intercity buses, there is an urgent need
to investigate intercity bus driver behavior [51]. There is a
need for in-depth research on the effects of various vehicle
types on the drivers’ response and behavior [92]. Meanwhile,
the implementation of a policy or evaluation system for the
intercity bus drivers to have a co-driver has been proposed to
avoid fatigue-related crashes and assist drivers to adopt atten-
tive behavior [31]. In many circumstances, it is recommended
to conduct longitudinal research in terms of acceleration as
a prevalent driver behavior, taking into account the driver’s
education level, training hours, and the number of acci-
dents, which may improve the overall understanding of these
topics [60].

2) RECOMMENDATIONS OF ENERGY MANAGEMENT
STRATEGIES
Various companies and governmental agencies have started
to introduce and provide improved programs on energy con-
servation [43]. One of the recommendations to manage traffic
data is to increase data collection methods and the number of
passengers for improved precision of future power demand
estimates and energy management strategies [33]. Formative
training, eco-driving training, and driver monitoring system
development are also suggested to provide promising out-

comes and increase drivers’ awareness in reducing fuel con-
sumption [43]. Despite the rapid development of the internet
of vehicles, a significant amount of traffic information can be
accessible through energy management mechanisms, but it is
challenging to improve the efficiency of control strategies to
familiarize with the driving cycles and different drivers. Thus,
continuous research on all these interactions is desirable [74].
Case company is recommended to recruit drivers with high
salary to mitigate issues related to working days, passenger
load, and longer overtime hours.

3) RECOMMENDATIONS OF TRAFFIC SAFETY
Providing instructions and imposing rigorous checking on
the license of reckless drivers potentially offer optimistic
results [50]. Work zone design and assessment, particularly
taper configuration in urban terrain, are other aspects that
should benefit from further evaluation [21]. A system to adopt
traffic safety is also recommended to remind drivers of traffic
conflicts and accidents and to promote positive traffic culture,
rather than creating the fear of hazard [110]. More studies in
similar contexts are needed to provide better interpretation of
the performance under different circumstances [7]. It is sig-
nificant to establish incentive assessment system and afford
monthly material- and mental-based rewards to outstanding
drivers in order to promote good practices of traffic safety
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TABLE 1. Experiment settings.

behavior [53]. Besides that, a system to manage driving at
night is recommended and can be achieved by improving
the street lighting and traffic signage and illuminating road
markings [31]. A system to develop simulation by taking
into consideration of the weather variations and day or night
driving is also recommended as another good platform to
improve traffic control and safety [18].

Future initiatives should focus on improving kinematic
mode-based velocity and acceleration estimations for differ-
ent road conditions. Besides that, studies should consider
defining bus driver behavior trends and the evaluation of
intelligent bus systems, such as traffic light control, bus route
planning, and constructive congestion management using
assessment methods. The majority of bus vehicle tracking
methods concentrate on algorithms and technology, but the
application domain is rarely described [103].

D. LIMITATIONS
Although prior studies accomplished some promising results,
some limitations were identified, which are discussed in this
subsection (see Figure 9).

Firstly, the sample size in most of the prior studies
did not represent the general population and research
community [60]. The most prevalent samples utilized
in prior studies included bus drivers [44], [86], vehicle

classes [10], and factors that affect driver behavior [60].
Secondly, the methods of data collection, such as reflec-
tive self-report assessments, can be inundated with
biases [2], [9], [52], [53], [55], [61], [93], [95]. Thirdly, there
are limitations to the simulation and modelling approaches
and procedures—for example, they ignore error in the
observed module and focus only on the psychological pur-
poses, instead of the physiology. One of the prior studies
noted computational complications [43], while certain studies
only considered interaction vehicle-road [36], [70], [90].
Furthermore, some simulations did not reflect the lights
in the bus for driving at night, particularly with wet road
surface, which affect and impair drivers’ forward vision [18].
Due to the inappropriate use of gender in prior stud-
ies [24], [42], [48], [53], [70], [81], [96], differences were
noted as another limitation, as gender is an important demo-
graphic variable.
VI. SUBSTANTIAL ANALYSIS
This section consists of two main parts: experiment settings
and data collection sensors. The following subsections sum-
marize all 87 articles.

A. EXPERIMENT SETTINGS
This subsection presents the relevant data of 81 articles
according to research location, road type, gender, study type,
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TABLE 1. (Continued.) Experiment settings.

and parameters (i.e. age, acceleration, anthropometric, brak-
ing, body functions, collision, distance, driving time, day of
week, driver habit, deceleration, fuel, experience, location,
number of passengers, crashes, travel cost, travel time, road
type, reaction time, road geometry, sensation-seek, speed,
velocity,vehicle maintenance, vehicle design, vehicle identi-
fication, fatigue, and stress) used in data collection.

As shown in Table 1, when it comes to the percentage of
factors for parameters in prior studies, speed represented 40%
of the case studies, which is the highest rate among the param-
eters. Acceleration (34%) is the second-highest parameter,
followed by crashes (17%). The remaining parameters are
as follows: distance (14%); age (12%); driver habit (10%);
velocity (9%) and vehicle identification (9%); experience
(8%); fuel (7%) and location (7%); stress (6%) and road type
(6%); deceleration (5%), vehicle maintenance (5%), and road
geometry (5%); vehicle design (3%); collision (2%), anthro-
pometric (2%), travel cost (2%), and travel time (2%); fatigue
(1%), sensation-seek (1%), reaction time (1%), number of
passengers (1%), day of week (1%), drive time (1%), and
body functions (1%). Meanwhile, as for road type, inside
city recorded 7% whereas expressway recorded 10%. As for
gender, the male category recorded 44%, while the female

category recorded 17%. As for the geographical distribution
of the designated articles on ITS revealed that the most pro-
ductive authors were from USA (14%) and China (14%), fol-
lowed by India (6%), Iran (6%), Portugal (6%), Sweden (6%),
and Taiwan (6%); Thailand (5%); Italy (3%) and Turkey
(3%); Australia (2%), Europe Union (2%), and South Korea
(2%); Chile (1%), Canada (1%), Colombia (1%), Egypt (1%),
Finland (1%), Ghana (1%), Greece (1%), Hungary (1%),
Japan (1%), Lithuania (1%), Serbia (1%), Singapore
(1%), and Spain (1%).

B. DATA COLLECTION SENSORS
This subsection presents relevant sensors used in real-time
data collection. As shown in Table 2, GPS recorded the
highest percentage of usage (69.4%), followed by camera
(23.0%); OBD (19.4%) and accelerometer (19.4%); gyro-
scope (5.5%) and Inertial Measurement Unite (IMU) (5.5%);
laser radar (2.7%), electrocardiography (ECG (2.7%),
magnetometer (2.7%), gravity sensor (2.7%), eye detec-
tor (2.7%), VCR (2.7%), microphone (2.7%), microwave
(2.7%), barometric (2.7%), bio-sensor (2.7%), steering wheel
(2.7%), engine control unit (ECU) (2.7%), VDO (2.7%),
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Vital Jacket (2.7%), GIS (2.7%), and photoplethysmography
(PPG) (2.7%).

VII. PATHWAYS SOLUTION IN FUTURE DIRECTION
Referring to the taxonomy of critical factors in this study
(Section III), the main focus include habit (addictions),
on-board routine (brake, passengers, and speed), and environ-
ment (time/lightning, road type, and weather). Based on the
mapping of data collection methods (Section IV), real-time
data collection from vehicle serves to obtain information in
regard to speed and braking events using GPS in mobile and
quantitative questionnaire survey among passengers.

Considering the aforementioned discussion on the fac-
tors of driver behavior and data collection methods, the use
of real-time data collection is imperative to acquire highly
accurate and sophisticated data. The combination of other
data collection methods and real-time data collection is
recommended to improve the accuracy of the acquired data.
Apart from data collection methods, significant factors that
should be considered in the analysis of driver behavior
include speed limit and braking, where it was associated to
various unfavorable outcomes, such as excessive fuel con-
sumption, aggression, crashes, and accidents. The framework

of the current study was set to articulate the identified gaps
in literature, presenting three phases. The first phase refers
to the design. The examination of the techniques aims at
investigating possible tools for data collection on bus driver
behavior, such as human, GPS, OBD, sensor, and camera.
Data collection by GPS is proposed as the appropriate tool
to identify speed, duration, distance, latitude, longitude, and
altitude of the bus trip. Multiple paradigms are applicable
in the navigation information collection, suggesting the suit-
ability of mobile technology. Finally, a wide range of navi-
gation mobile applications are compared to precisely select
the appropriate application for data collection on bus driver
behavior. The second phase refers to labeling and valida-
tion, with the aim to standardize the collected data from the
selected application in the previous phase. A questionnaire
aims to label the driver style (whether it is aggressive or not).
Statistical analysis is conducted. Lastly, the third phase refers
to machine learning, with the aim to utilize the gold-standard
dataset, which is finalized in the previous phase for the
prediction of models. In this manner, the gold-standard
dataset undergoes a feature extraction task, where features
such as braking, speed, and other significant characteristics
are determined. Thereafter, a data splitting task is applied
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TABLE 1. (Continued.) Experiment settings.

to prepare two sets of training and testing. The training
set will be used as an example set for a classifier. In this
manner, the classifier will be trained on such example data
before being put to the test on the testing set, where drivers
are classified into aggressive or normal on the basis of the
extracted features. Finally, multiple prediction models are
implemented, and the selection criteria to filter them are
based on the accuracy of prediction. Figure 10 shows these
phases.

A. PHASE 1: DESIGN
The data collection of bus driver behavior in Malaysia has
been criticized. This phase aims to design appropriate data
collection technique. Five common tools used to collect
information on bus driver behavior are analyzed. The tools
include camera, sensor, human, OBD, and GPS. Camera and
sensors have been criticized in different studies due to the
awareness of bus drivers—this affects the biasness of data
collection [114]. Accordingly, a tool that involves minimal
awareness of bus drivers should be utilized to obtain pre-
cise real-time data. Thus, an inclusion has been performed
to contain GPS as a tool that facilitates data collection
of bus drivers’ speed and braking. Nonetheless, obtaining

navigation information is not limited to one or two tech-
niques. Such information can be acquired through via OBD
technologies. However, the majority of buses in Malaysia
are not compatible with such equipment. Bus companies
are not allowed to incorporate OBD for their buses. When
OBD is used, it will not be a naturalistic drive by the
bus driver. Accordingly, another method has been proposed,
which involves the use of a mobile application that can attain
information on the pointnumber,speed, duration, altitude, lat-
itude, distance, and time.

B. PHASE 2: LABELING AND VALIDATION
Once the desired mobile application has been identified from
the previous phase, this phase serves to apply the data collec-
tion using the identified mobile application. Experiments are
conducted by enabling the mobile application to capture the
point number, speed, duration, altitude, latitude, distance, and
time within a bus trip. The collected data through the mobile
application are further pre-processed to clean noisy data. Two
main noisy data are determined, namely missing values and
duplicate records. Missing values refer to records where the
mobile application is unable to read the speed or braking
information. Duplicate records refer to replicated readings by
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TABLE 1. Experiment settings.

the mobile application. A quantitative questionnaire survey is
conducted to obtain feedback from bus passengers and deter-
mine driving style of the bus driver (aggressive or normal).
Based on the feedback, the bus driver is labeled as either
aggressive or normal. Finally, a statistical analysis using IBM
SPSS is conducted to obtain the average label for drivers.
After completing the statistical analysis, the outcome can be
seen as a gold-standard dataset that is ready for training and
testing purposes.

C. PHASE 3: MACHINE LEARNING (GOALS TO BE
ACHIEVED FROM ML)
This step is intended to apply multiple machine learning
models after obtaining gold-standard dataset from the earlier
stages. The steps are as follows:

1- Based on a set of characteristics, models seek to train
the computer to predict any driving style (whether
it is aggressive or natural). The labeling of machine
learning comes from the interpretation of driver
behavior questions based on passengers’ questionnaire
responses during the same journey. The characteristics
of gold-standard dataset are collected and prepared for
learning. Feature extraction is the term used for this
step.

2- Following that, the extracted features are grouped
with the corresponding driver ID before splitting
into two groups: training and testing. The driver
IDs and respective characteristics, as well as the
classes of drivers are included in the training package
(i.e. aggressive or normal). This type of aggregation
enables a classification algorithm for learning from
the features and their relationships according to the
groups.

3- The testing package, on the other hand, only includes
the driver IDs and corresponding attributes, but without
classes. Based on the given features and the train-
ing model, the classification algorithm is assigned to
predict the class mark for each driver. As a proof
of concept, popular classification algorithms, includ-
ing Support Vector Machine (SVM) [115], Deci-
sion Tree (DT) [113], [116], and Nave Bayes (NB)
[44], [112], are considered. These algorithms are pop-
ular and demonstrate superior performance as com-
pared to other algorithms. The numeric features of
SVM are vectorized in a 2D space. The SVM then
produces a separator that can correctly separate the
data points into the respective groups (aggressive and
normal), known as a hyper plane [115]. Meanwhile,
NB employs a probabilistic model in which the like-
lihood of each feature corresponds to one of the com-
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TABLE 2. Real-time data collection sensors.

puted groups [17], 118], [117]. When a class has a high
likelihood, it is chosen as a predicted class. On the
other hand, DT generates tree-like rules in which the
characteristics are analyzed hierarchically in terms of
a particular threshold [113]. Every node calculates the
likelihood of the driver being violent or not. On the
basis of this probability, the surfing through other fea-
tures are calculated.

4- The final stage involves determining the heights accu-
racy between the algorithms [118] as well as the lowest
mean absolute error (MAE), mean square error (MSE),
and root mean square error (RMSE) [119]. These rep-
resent the objectives of using machine learning and
pathways solutions.

VIII. LIMITATIONS OF STUDY
Although the current study presented promising results, there
were several limitations, which are discussed in this section.
Firstly, the database sources utilized in the current review are
reliable and cover a wide range of research areas, resulting
in a substantial number of articles for reviewed. However,
it was time-consuming to filter, process, and analyze these
articles. This was deemed as one of the key limitations
of systematic review. Secondly, the rapid growth in these
research areas restricted the timeliness of the review. Thirdly,
a schematic diagram of the study activities on ITS based
on bus driver behavior did not essentially reflect the actual
use of application effects. The findings of the current study
represent the responses of the research community in order to
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FIGURE 10. Pathways solution in future direction.

present a clear picture of bus driver behavior as an emerging
topic. The findings can help bus designers, bus drivers, and
relevant authorities in the adoption of appropriate solutions
to reduce accident rates and improve bus services.

IX. CONCLUSION
This study presented a systemic literature survey on influ-
encing factors of bus driver behavior in terms of a taxonomy
of critical factors. The proposed taxonomy of critical factors
presented five main factors of driver behavior, including
environmental, vehicle, demographic, habit, and on-board
routine factors. One of the study’s findings is mapping data
collection methods existed in current literature. Four main
methods were identified, namely, real-time data collection,
survey, simulation and benchmark.

The current study aimed to contribute a better understand-
ing on the survey and classification of relevant research
efforts. The research efforts in this field were classified into
four classes, namely taxonomy of critical factors, mapping of
data collectionmethods, substantial analysis, and studies con-
ducted on bus driver behavior. Through concentrated reading
and analysis of the reviewed articles, valuable information
on the motivations, challenges, recommendations, and lim-
itations related to bus driver behavior were obtained.

This study determined the correlative gaps of data col-
lection procedures and factors that affect driver behavior.
Moreover, this study identified factors and important aspects
related to road safety that were not discussed in the previous

studies. In conclusion, researchers of bus driver behavior
may be overwhelmed by the large number of related articles
available, but the structure introduced by the taxonomy of
critical factors and mapping of data collection methods in this
study can provide significant insights and clear overview of
bus driver behavior in ITS for researchers to identify addi-
tional challenges and research gaps. As for the future direc-
tion in research, the proposed framework in this study can
be implemented and tested to address the above-mentioned
research gaps.
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