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Chapter 1 

 

Introduction 
 

1.1    Background 
 

The Global status report on road safety stated that the number of annual road traffic deaths has 

reached 1.35 million (WHO, 2018). The World Health Organization (WHO) estimates that road 

accidents will be the fifth main cause of death in the year 2030 (WHO, 2009). Several studies 

concentrated on fundamental factors solely related to road safety. However, human factors have 

the most substantial influence on accident risk (Martín et al., 2014). Also, the situation analysis of 

the Road Safety Action Program observes that most of the accidents are caused by human-related 

factors, thus handling them develops as the most dynamic target of road safety actions. Many 

researchers and practitioners revealed that the deviant behavior of a road user that varies from 

normal practices increases the risk of traffic crashes (Mallia et al., 2015; Machin and Sankey, 

2008). NHTSA’s (2008) report indicated that human error in combination with other traffic related 

factors is the critical cause for 93% of crashes.  

     Driver behavior has been studied as one of the most considerable factors for safe movements 

on the road. The main observed factors which directly effect on road safety were such as driving 

behavior, driving experience and driver perception of traffic risks (De Ona et al., 2014). Many 

driver behavior factors were observed dynamic, intentional rule violations and errors due to less 

driving experience, while others are the consequence of inattention, momentary mistakes or failure 

to perform a function, the latter often associated to age (Stanton and Salmon, 2009; Wierwille et 

al., 2002). 

      Driving behavior identification has been studied as a central constraint for traffic studies which 

give valuable information normally in three major fields such as road safety analysis, microscopic 

traffic simulation and intelligent transportation systems (ITS) (Bifulco et al., 2014). The profiles 

and driving aims are unknown in the real-world driving situations; the driver may not behave 

similarly to the identification models characterize which results in the bias of the models. 

Consequently, to solve these problems and to make a more reliable model, model adaptation has 

been introduced and considered as one of the main solutions. The main objectives of model 

adaptation are to deal with practical individual driving data, individual driving style or behavior 

that varies from the intended average style and difference of driving movements between newly 

practice and convention stages (Na Lin et al., 2014). Microscopic traffic simulation-based safety 

analysis provides the fast, safe and cost-effective means of evaluating traffic safety when 

compared with field implementation and testing (Ozbay et al., 2008; Park and Schneeberger, 2003; 

Gettman and Head, 2003). Furthermore, it is generally impractical often dangerous to research 

with real traffic systems, so traffic researchers must turn to traffic modeling. Traffic simulation 
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models, a category of mathematical models are complex computer formulations usually referred 

to as traffic micro-simulator. Mathematical models depend on approximation and assumptions 

about how a traffic system operates. While physical models include traffic conditions, vehicle 

dynamics and road surface with the help of software to provide realistic scenes and traffic 

situations (Robert Allan, 2009).  

   This dissertation aims to integrate the physical and mathematical simulation techniques to 

investigate the driver behavior and related significant traffic characteristics that influence traffic 

safety. The main considerations were to identify, categorize and compare the significant driver 

behavior characteristics for road safety by using statistical methods, Multi-Criteria Decision 

Making (MCDM) tools and advance simulation techniques. Firstly, the study evaluated and 

compared the risky driver behavior factors related to road safety based on important drivers’ 

characteristics by utilizing the self-reported DBQ survey. After that, study evaluated and ranked 

the significant driver behavior criteria which influence the road safety by applying the Multi-

Criteria Decision-Making (MCDM) methods for different evaluator groups. Furthermore, the 

study evaluated and compared the effect of different traffic parameters on lane-changing for road 

safety. Moreover, the study measured the contributing factors to car-motorcycle accidents by 

dominant accident types based on simulation model adaptation. The study recommended realistic 

solutions to different observed risky driver behavior factors related to road safety by comparing 

the results obtained from simulation studies. 

 

1.2    Motivation and novelty of research 
 

Different driving characteristics in different driving states indicated the uncertain and complex 

attitude of individuals. The individual driver makes independent and randomly made decisions, 

but their basic reaction of neighboring vehicles is controlled by the same rules. These rules 

however are not similar for all road users in real world situation and this is the reason that driving 

simulation techniques are utilized to consider driver behavior towards other road users by studying 

traffic safety issues. Also, investigation of the deviant driver behavior with real traffic networks is 

usually impractical often dangerous to solve road safety issues. This indicates a need to simulate 

the behavior of unimpaired (regular) drivers and impaired drivers using traffic micro-simulation 

method. The simulator-based approach estimates the driver behavior accurately and complex 

scenarios can also be observed (Daganzo, 2002; Hoogendoorn and Ossen, 2005).  

     The main motivation of the current dissertation is to evaluate and compare the driver behavior 

criteria which could cause traffic hazards in various traffic conditions using well-proven traffic 

simulation techniques. Until now, most of the researchers focused on statistical analysis methods 

based on driver’s response data such as (Stanojevic et al., 2018; Cordazzo et al., 2016; De Oña et 

al., 2014) but these lack the study regarding the decision of the most significant driver behavior 

criteria affecting road safety and unable to evaluate the contributing factors to road accidents 

according to dominant accident types. The current study utilizes both statistical methods and 
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dynamic methods to identify and categorize the most significant driver behavior factors for 

sustainable traffic safety. Furthermore, the traffic simulation approach is used to evaluate the safety 

implications of different traffic parameters on lane-changing risk for highways. Moreover, the car-

motorcycle accidents were reconstructed by utilizing a simulation tool to investigate the 

contributing factors by dominant accident types. The study recommends realistic solutions to 

different traffic hazards related to driver behavior by comparing the results obtained from 

simulation studies. 

 

1.3    Research objectives 

• To highlight the risky driver behavior factors that influence road safety based on 

important drivers’ characteristics. 

 

• To evaluate and rank the most significant driver behavior criteria and sub-criteria related 

to road safety issues. 

 

• To estimate and compare the effect of different traffic parameters on lane-changing for 

highways. 

 

• To measure and compare the contributing factors to car-motorcycle accidents by 

dominant accident types. 

 

• To compile the physical and mathematical simulation results for comprehensive 

solutions to traffic safety problems related to driver behavior. 

 

1.4    Research methodology 

• Statistical tools (Descriptive statistics and ANOVA) were utilized to analyse the risky 

driver behavior factors related to road safety based on self-reported Driver Behavior 

Questionnaire (DBQ) data.  

 

• Evaluation and ranking of the significant driver behavior criteria by applying MCDM 

methods such as Analytic Network Process (ANP), Analytic Hierarchy Process (AHP) 

and Fuzzy Analytic Hierarchy Process (FAHP). 

 

• Application of VISSIM model to evaluate and compare the effect of different traffic 

parameters on lane-changing related to road safety. 
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• Regression model development to quantify the effect of specified traffic parameters on 

lane change frequency.  

 

• Reconstruction of car-motorcycle accidents using Virtual Crash software to investigate 

the contributing factors based on police reported crash data and simulation models.  

 

• Analysis of perceptibility issues in point of view of car drivers for car-motorcycle 

accidents using simulation data. 

 

1.5    Hypotheses 

• Evaluation of risky driver behavior factors related to road safety for different driving 

cultures. 

 

• Evaluation and ranking of significant driver behavior criteria for road safety by applying 

Multi-Criteria Decision Making (MCDM) methods. 

 

• Theoretical comparison of the effect of different traffic parameters on lane-changing for 

traffic safety. 

 

• Theoretical comparison of the contributing factors to car motorcycle accidents by 

accident types. 
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1.6    Thesis overview model 
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Chapter 2 
 

Literature review 
 

2.1    Road accidents studies 
 

The World Health Organization (WHO) estimates that death from road traffic accidents will 

become the fifth primary cause of death worldwide in 2030 (WHO, 2009). More than 1.25 million 

people die each year as a cause of road traffic crashes (WHO, 2015). Although 90% of these deaths 

are concentrated in low- and middle-income countries, traffic accidents in WHO’s European 

Region cause at least 120000 deaths and injure 2.4 million people each year (WHO, 2009). In 

addition, European roads have been stated as the safest in the world with a 19% reduction in road 

fatalities over the last six years. While attaining the strategic target of halving the number of road 

deaths between 2010 and 2020, which is yet an acute challenge, it is worth aiming to save every 

single life (Valette, 2016). The Road Safety Action Program (2014–2016) was incorporated into 

the Hungarian Transport Strategy which also sets targets to decrease the number of road fatalities 

by 50% between 2010 and 2020 (OECD/ITF, 2016). However, according to the Hungarian Central 

Statistical Office data, there were 625 road fatalities in 2017, a 2.9% rise when compared to 2016 

(KSH, 2018).  

        The number of motorcycles on the road is increasing with time, thus it can be estimated that 

motorcycle accidents fatalities will remain a critical issue for road safety. Motorcycle riders are 

one of the vulnerable users among the other road users (Espiéa et al., 2013). Due to this 

vulnerability, the riders require to apply a maximum amount of attention in driving conditions to 

ensure their safety. This is particularly important since car drivers may perform behaviors that put 

them in danger. Some differences in powered two-wheelers characteristics such as size, speed and 

specific behavior contribute to their vulnerability on the road (Van Eslande, 2003). Elliott et al., 

(2007) investigated that car driver’s behavior was the major contributing factor in traffic accidents 

involving motorcyclists. Different types of accidents should be considered when studying 

motorcyclists’ behavior and outcomes. In addition, the previous study noticed that the driver’s 

attitudes about the social acceptability of speeding or risky driving may be the strongest impact on 

the probability of insecure driving behaviors (Machin and Sankey, 2008). The previous study 

analyzed that the risk of injury increases with impact speed. However, exact impact speeds are not 

mostly available in most of the crash reports (Watanabe et al., 2012). Furthermore, right-of-way 

violation was found to be the leading factor in most motorcycle accident studies. A typical case 

includes a car moving out from a junction into the path of an approaching motorcycle. The effects 

of right-of-way violation causing rider injury severity was primarily studied for motorcycle–car 

angle crashes (Clarke et al., 2004; Pai, 2009). These could be further explained as; the road user 

did not recognize the danger of driving fast in an area with poor visibility and did not reduce their 
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speed according to the right of way (AIB, 2009). The reaction time of car drivers was observed 

around 0.70–0.75 s when fully aware and 1.25–1.5 s for unexpected conditions (Green, 2000). The 

reaction time of motorcyclists under fully aware or unexpected conditions was observed about 

0.7–0.9 s (Tang 2003). Moreover, the previous study observed the typical human errors for each 

one of the merged accident configurations. These errors were characterized as perception, 

comprehension and execution failures. Drivers were investigated to make a major portion of 

perception and comprehension failures and motorcyclists were observed to make initially partial 

perception and/or comprehension failure, followed by the execution failures (Avinash et al., 2014). 

 

2.2    Driver behavior characteristics 
 

The situation analysis of the Road Safety Action Program declares that most of the accidents are 

caused by human-related factors, thus taking them becomes the most dynamic objective of road 

safety actions (OECD/ITF, 2016). Some previous studies estimated that human factors in 

combination with other traffic related factors have been assessed to be a sole or primary causal 

factor in approximately 90% of road traffic accidents (NHTSA, 2008; Evans, 2004; Lewin, 1982; 

Rumar, 1985; Choi, 2010, Papaioannou, 2007). Risky driving behaviors are the main cause of 

traffic crashes and thus, correspond to main public safety concern (Houston et al., 2003; Iversen, 

2004). The previous study noticed that the driver’s attitudes about the social acceptability of risky 

driving may be the strongest impact on the probability of unsafe driving behaviors (Machin and 

Sankey, 2008). Besides of risky driver behavior, the bad driving practices and deficient knowledge 

along with disregard for road and safety regulations are the evident problems (Lindgren et al., 

2008). 

       The deviant behavior of road user that fluctuates from normal practices raises the risk of traffic 

crashes (Mallia et al., 2015). Different driving characteristics in different driving situations 

identified the uncertain and complex approach of individuals (Lin et al., 2014). The previous 

research noticed that the basic factors related to the driver which directly influence on the road 

safety were such as driving behavior, driving experience and driver's perception of traffic risks 

(De Oña, 2014). Drivers mainly involve in risky attitudes that cause safety concerns to both 

themselves and other road users also. Many of these attitudes are dynamic, conscious rule 

violations, while others are the consequence of errors due to less driving experience, momentary 

mistakes, inattention or failure to do the function, the latter often related to age (Stanton and 

Salmon, 2009; Wierwille et al., 2002). The previous study examined that there are various factors 

at the human level which are related to driving tasks such as loss of consciousness, inattention, 

distraction, emotion, mood, cell phone use, carelessness and aggressive driving. While the high-

frequency driving tasks related to vehicle level include such as speed, critical technical failure and 

tire burst. The driving tasks related to environment level include traffic density, traffic flow, 

slippery road conditions, temporary problems and bad weather conditions (Barkley, 2004). 
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2.3    Peer pressure  
 

Previous studies detected and compared the demographic predictors of deviant behavior types such 

as age, gender, years of driving experience and travelled annual mileage (De Winter and Dodou, 

2010, Gueho et al., 2014). Some researchers noticed that the age of the driver is a substantial factor 

in accident involvement (Mesken, 2002; Bener et al., 2008). In addition, the importance of 

adolescent/young driver attitudes and reactions is increasingly being identified as leading factors 

in their driving behavior and certainly as influential concerns in their road safety consequences 

and the intervention (Parker and Watson, 2015). Regardless of age, inexperienced drivers observe 

hazards more slowly, less holistically and less proficiently than more experienced drivers do, while 

underestimating the traffic collision risk (Deery, 1999; Machin and Sankey, 2008; Wang et al., 

2010). Adolescent’s inexperience as a driver, involvement in risky behavior and low-risk 

perception were observed associated with the high number of teenage traffic accidents and deaths 

(Parker and Trespalacios, 2017; Parker and Proffitt, 2015; Gheorghiu and Havârneanu, 2012; 

Mayhew et al., 2003; Dorn and Stannard, 2006). Furthermore, the differences in driver behavior 

for countrywide show differences in traffic risk perception (Lajunen et al., 1998). There are most 

significant differences detected in driving practice between countries (Ozkan et al., 2006, 

Hayakawa et al., 2000; Lund and Rundmo, 2009). 

 

2.4    Data behavior identification 
 

Driving behavior identification has been investigated as a fundamental requirement for traffic 

studies which presents useful information mostly in three main fields such as road safety analysis, 

microscopic traffic simulation and intelligent transportation systems (ITS) (Bifulco et al., 2014). 

Many researchers have done behavior identifications in different subjects like psychology, 

physiology and ergonomics. Great progress has been made from several certain studies on the 

several characteristics of human physiology and psychology by taking natural data. These studies 

have highlighted the perspective of human factors and vehicle dynamics application related to road 

safety (Plochl and Edelmann, 2007, Almahasneh, 2014). Identifying driver characteristics are 

necessary to relieve the driver’s workload and enhance the services of active vehicle safety 

systems. However, these methods based on the average of driver performance and the individual 

driver’s characteristics were seldom taken into consideration. Therefore, average drivers can take 

benefit from these systems, the individual drivers such as novices or the elderly might not be able 

to take benefit of them as effectively. If driver behaviors can be accurately identified and employed 

to active vehicle systems, the vehicle could be personalized and therefore made vehicle intelligent 

(Wang et al., 2014).  

The Driver Behavior Questionnaire (DBQ) is one of the most commonly used tools for 

evaluating driving behavior towards road safety. To assess deviant driving behavior, the Driver 

Behavior Questionnaire (DBQ) was first designed as a tool in the related studies 1990s (Parker et 
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al., 1995; Reason et al., 1990). Among the many tools developed to detect problematic driver 

behaviors, the Driver Behavior Questionnaire (DBQ) stands out for its longevity and leading use. 

Parker et al., (1990) identified three types of driving behaviors, i.e. errors, lapses and violations 

and analyzed the relationship between driving behavior and accident involvement. Human error is 

an unintentional action or decision. Slips and lapses happen in very conversant tasks which we can 

carry out without much conscious attention. Violations are intentional failures – intentionally 

doing the wrong thing (Lajunen et al., 2004; Lawton et al., 1997; Bener et al., 2008). Driver 

Behavior Questionnaire (DBQ) with extended violations was recently used to evaluate aberrant 

driver behaviors (Lajunen et al., 2014; Lawton et al., 1997). The extended version of the DBQ 

includes aggressive and ordinary violations, lapses and errors (Bener et al., 2008). An aggressive 

violation behavior was defined as contradictory behavior towards other road users and as such 

identifies a type of aggressive traffic violations (Lawton et al., 1997b). Furthermore, the DBQ has 

been mostly applied within a range of cross-cultural populations (De Winter and Dodou, 2010; 

Lajunen et al., 2004; Lawton et al., 1997b; Bener et al., 2008; Al Reesi et al., 2013). The findings 

of the previous studies have concluded that self-reported driving behaviors are related with both 

active and passive traffic accidents among other drivers in different countries (Bener et al., 2007; 

Bener and Crundall, 2008).  

 

2.5    Driving simulation methods 
          

Road safety simulation models were created by studying one fundamental step, the determination 

of the extent of performance or safety to be used. The kinematics of conflict quantification in road 

safety simulation models lead researchers to evaluate the measures of the “risk of collision”. These 

measures are known as surrogate safety measures (FHWA, 2003). The standard dependent 

measures of driving performance are collected in driving simulation research studies which include 

vehicle speed, acceleration, braking, reaction time and lane position. Driving simulators make it 

possible to monitor driver behavior in controlled environments without the risk of driving on the 

road. They present a cost-effective alternative to real world naturalistic studies and allow for 

independent variables to be systematically controlled, so that driver behavior can be measured 

accurately and safely (Mamidipalli et al., 2015). 

       Two mathematical models of the relationship, the Power model and the Exponential model, 

both explain the relationship between the mean speed of traffic and road safety, specified as the 

number of fatalities and the number of injury accidents with great precision (Elvik et al., 2019). 

Hauer and Bonneson (2006) compared two models of the relationship between speed and road 

safety: (1) The Power Model and (2) An exponential model. The main differences noticed between 

the two models were that according to the Power Model, the estimated effect of a specified relative 

change in speed is independent of the initial speed. Subsequently, according to the exponential 

model, the effect of a change in speed depends on the difference in speed before and after a 

variation. However, the differences between the power model and the exponential model are quite 

small and the subsequent conclusions are very similar (OECD/ITF 2018). The previous study was 
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performed on the assumption that the Nilsson (2004) model is equally appropriate in all road 

environments. The assessed power related to serious casualties on rural highways was considerably 

less than that on the freeway (Cameron and Elvik, 2010). 

        One limitation of both the Power model and the Exponential model is that they only study 

changes in average speed and therefore ignore possible changes in the shape of the speed 

distribution (Vadeby and Forsman, 2017). Some of the previous studies observed the speed 

variations to be positively related to crashes (Kockelman and Ma, 2007; Baek et al., 2006; Yanga 

et al., 2013) while other studies noticed the non-significant relationships between speed variations 

and crash risk (Li et al., 2006). Most studies found the association between increased speed and 

increased risk of accidents, but the exact shape of the relationship may change according to the 

nature of the traffic environment (Aarts and van Schagen, 2006). Some studies conclude that the 

dispersal of vehicle speeds (rather than speed itself) is a major factor for the individual accident 

risk. It is also possible that the variation of speeds on a road between following vehicles as well as 

between the lanes of a roadway also affects the accident risk (Garber and Gadiraju, 1989; Kweon 

and Kockelman, 2005; Lave, 1985). However, the studies considering speed variations as a causal 

factor are relatively low in number and their outcomes are varying (Li et al., 2006; Kockelman and 

Ma, 2007; Quddus, 2013). Moreover, speed variance may also be related to traffic composition 

(e.g. the percentage of heavy vehicles) and the interface between different road user groups (Elvik 

et al., 2004). 

        Microscopic simulation models are finding increased application in the evaluation of safety 

performance and crash prediction. Before these models can be applied, they must be calibrated 

based on real-world traffic conditions. The main purpose of calibration is to ensure that parameter 

inputs in the simulation model produce best estimates of safety performance. The previous study 

focused on the accuracy and reproducibility of the simulated output and not to the ability of this 

performance measure to reflect actual crashes. However, with an accurate estimate of the crash 

potential index (CPI) from the simulation, it would be possible to compare simulated safety 

performance to observed crashes (Cunto et al., 2008). The process of developing a microsimulation 

model starts with an existing conditions model and then transitions into the development of various 

scenarios representing future-year alternatives (TEOpS 16-20, 2019). Some previous studies 

utilized video data to obtain important information on several traffic safety parameters for use in 

calibration (Cunto et al., 2008; Srikanth et al., 2017). The previous study applied the microscopic 

traffic simulation method to estimate quantitatively the safety consequences of aggressive driving 

(speeding, following closely and weaving through traffic). The combination of simulation tools 

such as VISSIM and Surrogate Safety Assessment Model (SSAM) were employed the model 

motorway and analyze the safety of the simulated vehicle. The use of vehicle conflicts was 

validated by relating to historic crashes. Due to aggressive driving, the related factors such as crash 

risk, severity levels and the magnitude of the observed benefits were computed relative to normal 

drivers under two situations: (1) congested (2) non-congested traffic conditions (Habtemichael and 

Santos 2014).  
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      The VISSIM model can be employed to analyze various traffic scenarios for varying roadway 

and traffic conditions. The micro-simulation model VISSIM is suitable to simulate and hence to 

research the heterogeneous traffic flow in expressways to a satisfactory level (Bains et al., 2012). 

VISSIM is a behavior-based and time step simulation model program. The software has three basic 

mechanisms including traffic flow models, traffic control models and a data analysis package. It 

can be useful to analyze different transportation problems such as freeway operations, the 

interaction of different transportation modes, dynamic traffic assignments, signal prioritization and 

optimization, traffic management strategies and pedestrian flows etc. (Al-Ahmadi et al., 2019).  

 

2.6    In-depth crash investigation 
 

 In-depth crash investigation methods aim to evaluate those factors that are likely contributed to a 

crash and injury outcomes by collecting useful data such as road users, vehicle(s), the crash site 

and police or traffic incident reports where available (ACEM, 2004; Haworth et al., 1997). 

Furthermore, the previous studies observed that comprehensive in-depth crash study is a useful 

approach to implement safe systems in road safety using real-world crashes data (Pai, 2009; 

Bambach and Mitchell, 2015). Pre-crash events were usually considered as the main factors in the 

categorization of accident configurations (Pierini et al., 2005). Police-reported accident data 

contain a good deal of important information such as vehicle types, road types and locations 

involved. Crash fatalities in road accidents defined when crash victims die within the reporting 

time. Police-reported crash fatalities are mostly based on a shorter set time standard (from 24 h to 

30 days) (Jacobs et al., 2000). 

        Previous studies examined that accidents are “multicausal” incidents as they are considered 

as the failure of the complex interaction among driver behavior, traffic, vehicle design, road 

geometry and environmental conditions (Elvik et al., 2004; Park and Ritchie, 2004). Therefore, it 

is difficult to detect a single causal factor that can be held responsible for an accident occurrence 

(Park and Ritchie, 2004). The reconstruction of a road vehicle accident is a multidimensional 

engineering task intended to reconstruct the cause of an occurrence and its course. It can also be 

understood as a reverse engineering process. It needs not only a thorough knowledge of several 

technical areas but also the capabilities to analyze research results from other subjects of natural 

sciences (Wach, 2016). 

 

2.7    Data analysis techniques 
 

To investigate the relationship between driving behavior and the involvement to traffic accidents 

in each country, statistical analysis was performed by many researchers based on driver response 

data (Stanojevic et al., 2018; Cordazzo et al., 2016; De Oña et al., 2014). The analysis of variance 

(ANOVA) was run based on DBQ items and scale scores to examine whether there were 
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significant differences between countries after controlling the effect of sex, age and annual miles 

travelled within the sample. The significance level was set 0.05 as the cut-off value. The ANOVA 

results found the significant differences between countries on DBQ item and scale scores (Lord et 

al., 2005). Another study applied a similar approach such as the one-way ANOVA analysis to 

measure significance level of drivers on risk-taking behavior of each of the nine questions related 

to their psychosocial function (Møller and Gregersen, 2008). Furthermore, the previous study 

applied the descriptive statistics (mean and standard deviation values) to evaluate the driver’s risk-

taking behavior by country. For majority of items, the significant differences were observed 

between countries (Parker and Trespalacios, 2017).  

         Many studies have used multi-criteria-decision-making (MCDM) applications to evaluate 

human behavior (Furda and Vlacic, 2011; Korhonen and Wallenius, 1997; Yan and Xiansheng, 

2009). A review of road safety models in specified literature showed that many types of research 

were proposed based on MCDM to analyze the road safety problems (Haghighat, 2011; Hermans 

et al., 2008; Nanda and Singh, 2018; Shi, 2009). The Analytic Network Process (ANP) was created 

by Saaty (1996), which was further utilized as the principal scientific hypothesis to consider the 

interrelation between the factors (Öztürk, 2006). ANP offers a deeper insight into complex 

decisions based on the pairwise comparison (PC) than simple statistical survey (Saaty, 1996; Saaty, 

2005). ANP is a dynamic process that signifies the real situation of complex problems in which 

factors act in a non-hierarchical way. The ANP approach can calculate all possible interrelations 

among observed factors by using the pairwise comparison (PC) survey based on Saaty scale 

(Duleba and Moslem, 2019).  

      The Analytic Hierarchy Process (AHP) has been commonly used to make efficient and 

effective decisions for decision-making problems for multiple fields like transport engineering, 

civil engineering and industrial engineering (Kokangül et al., 2017; Wang et al., 2014; Wang et 

al., 2016). The previous study concluded that AHP method is the best method in-terms of 

prioritization of suburban road safety indicator to evaluate the factors which decrease the number 

of accident and the severity of accidents in Iran (Mirmohammadi et al., 2013). The prioritizing of 

the AHP approach is rather imprecise; and the subjective judgment by perception, improvement, 

evaluation and selection based on the preference of decision-makers have a great impact on AHP 

outcomes. To manage these tricky problems, many researchers combine fuzzy theory with AHP 

to integrate its results (Chen et al., 2018; Ghorabaee et al., 2017; Fan et al., 2016; Deng et al., 

2014; Gumus, 2009). The fuzzy AHP, compared to AHP and the statistical methods of 

prioritization, has higher accuracy and certainty. Although in AHP, the experts compare the 

decisions using their competencies and intellectual assets, it may not fully indicate the style of 

human thinking. However, the use of fuzzy numbers is more compatible with human linguistic 

expressions. Therefore, the decisions can be made better and more precisely in the real world using 

fuzzy numbers (Kwong and Bai, 2002). The need of ranking the factors is very familiar in 

management, engineering, education, medicine, finance and politics, in which cases new products, 

new positions, new elections public or private services are ranked by the public, experts and 

decision makers (Couso et al., 2018; Marozzi, 2014; Chok, 2010). However, the natural question 
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is how much the given rankings are in concordance with different groups. To answer this question, 

the well-known measure, Kendall’s coefficient of concordance (W), was proposed by Kendall and 

Smith in 1939 (Kendall and Smith, 1939). 

 

2.8    Road safety measures 
 

There has been substantial work made to detect and remediate behaviors that decrease driving 

safety (Wåhlberg et al., 2011; De Winter & Dodou 2010). Better insight of the correlation between 

driver injury severity and factors such as a human, vehicle, crash characteristics and weather, may 

enable the identification of appropriate countermeasures (Pai, 2009). The understanding of driver 

behavior is serious to design suitable and thus scientifically based countermeasures such as training 

of driver, infrastructure, equipment adjustment, design of passive and active safety systems to 

decrease road fatalities and/or mitigate the effect of accidents (Espiéa et al., 2013). The 

comprehensive in-depth crash study is a practical approach to implement safe systems in road 

safety using real-world crashes data. This approach requires to understand the interaction between 

the significant elements of the road system (road users, the road environment and vehicles and 

travel speeds) and aims to implement a system that makes allowance for human error to decrease 

the risk of serious injury or death (Bambach and Mitchell, 2015).  

        To enhance traffic safety, the evolution of the driving assistance system is one of the solutions 

considered by transport authorities. There are helpful technologies such as systems of assistance 

and other control systems which can aid the driver while driving in critical conditions by spreading 

information/warning messages, or even by taking control of the car. The development of these 

technologies needs a better knowledge of the driver behavior, because informing/warning the 

driver will always be done in a real situation. But these systems can distract the control driver in 

his task at serious situations (Dapzol, 2005). 

        The previous study recommended that speed control methods such as information flow and 

preference management have resulted in a major decrease in road fatalities. This includes the use 

of traffic islands and regular changes of road alignments on straight and wide road sections and 

use of road signs that remind riders to travel on the left side of the road. The study also 

recommended the status of promoting traffic calming and speed control methods to prevent 

individuals from speeding and driving on the ‘wrong’ side of the road (Avineri and Goodwin, 

2010; Kos et al., 2013; ACEM, 2004). Also, the study observed that 10% speed reduction before 

a collision can decrease fatal injury of car crashes by 30% (Krafft et al., 2009). Moreover, to 

improve the detection of powered two-wheelers (PTW) by drivers, in-vehicle sensors or vehicle-

to-vehicle communication could be used to increase the perception of drivers and provide 

important information. This technology may decrease problems related to detection failure by 

drivers (Fuerstenberg, 2005; Matheus et al., 2005). 
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2.9    Summary 
 

Literature review investigation illustrates the significance of driver behavior that influences road 

safety. Driver behavior was found as the main contributing factor to road accidents in most of the 

traffic crash studies. Most studies observed the ‘driver’ as an individual having a complex and 

uncertain attitude, which might show different driving characteristics in different traffic 

conditions. To solve road safety issues; it is very important to identify, categorize and rank the 

most significant driver behavior factors related to road safety. Most researchers applied statistical 

techniques to analyze the driver behavior factors affecting road safety but unable to evaluate 

contributing factors according to dominant accident types and lack the decision on the most 

significant driver behavior criteria affecting road safety. In addition, the in-depth crash study was 

observed as a useful approach to investigate traffic accidents and design road safety systems by 

using real crash data. Furthermore, various simulation techniques were utilized in recent studies to 

measure the effect of different traffic characteristics on driver behavior. However, these techniques 

usually consider hypothetical traffic data to study driving characteristics instead of real traffic data. 

The findings from the literature review also depicted that existing driving behavior simulation 

techniques need further developments to analyze driver behavior data in a precise way and with a 

wide integrated approach. Moreover, few researchers applied the multiple-criteria-decision-

making methods to solve transportation engineering problems but rarely focused on the driver 

behavior criteria for road safety. In addition, the fuzzy analytical hierarchical process could be 

useful evolution to overcome the uncertainty of driver behavior and capture the ambiguity of 

human thinking style. Finally, the literature presented the number of countermeasures or road 

safety systems based on contributing factors to different traffic hazards. It is highly recommended 

to anticipate driver errors and preventive actions in the event of traffic hazardous situations by 

using modern vehicles equipped with in-vehicle systems. This recommends policymakers to 

develop an integrated safety system that continuously monitors the driver’s behavior while driving 

under different traffic conditions. 
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Chapter 3 
 

Evaluation of risky driver behavior factors related to road 

safety for different driving cultures 
 

3.1    Short summary 
 

Driver behavior plays a key role in road safety, as it is important in traffic accident prevention. 

Drivers mostly involve in risky behaviors that cause traffic hazards to both themselves and other 

road users also. The consistency and conversely the differences in driver behavior factors causing 

crash risk may differ due to different driving characteristics. This chapter is designed to develop a 

set of measures to evaluate and compare the risky driver behavior factors affecting road safety 

based on important drivers’ characteristics such as age and driving experience for different driving 

cultures. The study utilizes the driver behavior questionnaire (DBQ) survey designed on a three-

point scale to elicit useful information related to risky driver behavior from Budapest and 

Islamabad drivers. The statistical analysis of DBQ response data found significant differences in 

risky driver behavior factors between observed groups. Furthermore, the relative risk was 

measured to estimate that how much times one driver group has high risk value for observed driver 

behavior factors as compared to the other driver group in sample. Moreover, the ANOVA analysis 

was run to measure the statistical significance of risky driver behavior factors in the sample 

between designated groups. In addition, the study results provide richer information about deviant 

driver behavior for the specified traffic cultures. This chapter results can help the drivers to aware 

of their own traffic risks and the local policymakers can focus on the most frequent risky driver 

behavior factors to solve road safety issues. 

 

3.2    Introduction 
 

Human factors have the most significant impact on accident risk. The basic factors which directly 

influence on road safety related to the driver are i.e., driving behavior, driving experience and 

driver's perception of traffic risks (Juan et al., 2014). The deviant behavior of road user that differs 

from normal practices increases the risk of traffic crashes (Mallia et al., 2015). Drivers involve 

frequently in attitudes that cause road safety issues. Many of these attitudes are dynamic, conscious 

rule violations, while others are the result of errors due to less driving experience, momentary 

mistakes, inattention or failure to perform the function, the latter often related to age (Stanton and 

Salmon, 2009; Wierwille et al., 2002).  
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     The previous study revealed that significant factors affecting drivers’ crash risk were driving 

characteristics, in-vehicle distractions and attitudes toward speeding (Hany Hassan et al., 2015). 

In addition, some studies noticed that the age of a driver is an important factor in accident 

involvement (Mesken et al., 2002; Bener et al., 2008). The young driver characteristic of 

normlessness is common for individuals during adolescence, thus leading them to have more anti-

social attitudes and behaviors (Machin and Sankey, 2008). Also, novice drivers suffer more risk 

due to over-representation in road injuries. To deal with this problem effectively, a better 

understanding of the young driver behavior and its factors is needed (Prato et al., 2010). The 

differences in young driver behavior and the factors causing crash risk may differ due to situation 

based specific factors (Scott-Parker and Proffitt, 2015).  

      Road traffic crashes are primary cause of death among young people and the main cause of 

death among those aged 15-29 years (WHO, 2013). In addition, traffic crashes are the single 

greatest killer of 15-24-year olds. In most countries, 18-20-year olds have the highest or second-

highest traffic related mortality of all age groups. Their risk to die in a road crash is typically twice 

as high as for the population average. The high crash rates of young drivers in particular can be 

explained by high-risk behaviour, lack of experience and lifestyle associated with their age 

(OECD/ITF, 2018). An OECD report declared high number of road fatalities by young age driver 

groups in various OECD countries as shown in Figure 3.1. 

 

 

    Figure 3. 1: Road user fatalities per million population by age and gender (OECD, 2006) 

 

    Regardless of age, inexperienced drivers notice hazards more slowly, less holistically and less 

proficiently than experienced drivers do, while underestimating the traffic crash risk (Deery, 1999; 

Machin and Sankey, 2008; Wang et al., 2010). The previous findings demonstrated that lack of 

driving experience was a stronger predictor of crash risk or near-crash events (McEvoy et al., 

2006). The driving task experience has a statistically major effect on overall driving performance. 
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The study investigated that the task of driving can be easy or difficult depending on the momentary 

task demand of driving and the driver’s skill to control his/her vehicle correctly (Silva et al., 2014; 

Fuller, 2005).  

      The cultural differences were studied in risk perception and approaches towards traffic safety 

and risk-taking behavior in Ghana and Norway. It was found that adolescent drivers were intense 

to take risks in traffic as compared to older adults in both countries (Lund and Rundmo, 2009). 

The previous study also found that driver behavior and the rate of traffic accidents vary in different 

countries. The differences in driver behavior concerning countrywide reveal variations in traffic 

risk perception (Lajunen et al., 1998). It is well familiar that there are significant differences 

between countries in driving practice (Ozkan et al., 2006). 

      Driving behavior identification has been considered as a central requirement for traffic studies 

which provides useful information generally in three main fields such as road safety analysis, 

microscopic traffic simulation and intelligent transportation systems (ITS) (Bifulco et al., 2014). 

There have been substantial efforts made to detect and remediate behaviors that decrease driving 

safety. The Driver Behavior Questionnaire (DBQ) stands out for its longevity and dominant use 

among many tools developed to identify problematic driver behaviors (Wåhlberg et al., 2011; de 

Winter and Dodou, 2010). The Questionnaire survey mainly measured the self-reported frequency 

of drivers involving in the range of driving behaviors toward perceived risk such as human errors, 

traffic rules violations and some others (Rhodesa and Pivikc, 2011).  

      This chapter aims to evaluate and compare the risky driving attitudes related to road safety 

between different driving cultures by considering important drivers characteristics. The study 

utilizes the Driver Behavior Questionnaire (DBQ) as a tool to measure the self-reported risky 

attitudes on a three-point scale. The study further applied comprehensive statistical methods to 

identify and signify the risky driver behavior factors to solve road safety issues. 

 

3.3    Methodology 
 

3.3.1    Driver Behavior Questionnaire (DBQ) survey 

 

Driver Behavior Questionnaire (DBQ) was utilized to measure risky driver behavior factors related 

to road safety for important driver behavior characteristics. The previous study noted that 

significant differences exist in driving characteristics, reflecting the individualities related to the 

mentality and history of each region; these differences should play an important role in planning 

safety campaigns and policies (Karlaftis and Golias, 2002). Driver Behavior Questionnaire (DBQ) 

was first developed as a tool to assess deviant driving behavior in the related studies 1990s. The 

questionnaire survey method is a predefined series of questions used to collect information from 

individuals (Reason et al., 1990; Parker et al., 1995). Accordingly, this study designed a 

questionnaire survey including closed-ended questions, in which respondents are given a list of 
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predetermined responses from which to choose their answers. The DBQ framework is used to 

assess the responses of car drivers on perceived road issues from Budapest (Hungary) and 

Islamabad (Pakistan) drivers who drive on the urban region. The questionnaire was designed in 

English originally and this version was used in Islamabad. The DBQ questionnaire data was 

collected from university students of Islamabad (COMSATS university Islamabad and University 

of Lahore, Islamabad) with the help of a research assistants. A recent annual report (2017-2018) 

on traffic accidents indicated that the number of fatal accidents in Islamabad have increased 

tremendously as compared to previous years as shown in Table 3.1 (PBS, 2019).  

 
Table 3. 1: Traffic accident data Islamabad (PBS, 2019) 

Year Total no. of 

accidents 

Accident Persons  

Fatal  Non-fatal Killed  Injured  

2012-2013 201 107 94 109 180 

2013-2014 256 120 136 132 206 

2014-2015 216 107 109 118 182 

2015-2016 244 120 124 140 209 

2016-2017 226 127 99 129 124 

2017-2018 259 157 102 167 162 

 

      The DBQ was translated into a Hungarian language and this version was used in Budapest. 

Accordingly, this questionnaire version was distributed among university students who drive in 

Budapest city (Budapest university of technology and economics and Obuda university). For this 

purpose, the individuals were approached and asked to fill the questionnaire. Hungary's road safety 

performance is below the EU average. In 2018, 64 people per million inhabitants died on 

Hungarian roads, representing a 1% increase compared to the previous year. In 2017, 34% of all 

road accident victims were in the age group of 25-49. Almost 13% of those killed on EU roads 

were aged between 18 and 24. This means that young people are much more at risk than the average 

population (EU Commission, 2019).  

       The questionnaire survey is based on two parts: The first part aimed to collect demographic 

data about the participants and results are tabulated in Table 3.2. The mean and standard deviation 

values are measured for the observed drivers’ characteristics of both drivers’ groups. Driving 

experience is expressed in terms time since obtaining license. The 95% confidence interval is also 

applied to measure lower and upper bound limits of driver’s response data. Moreover, we used 

digits (1, 0) for statistical evaluation purpose to define some characteristics such as gender, in 

which digit ‘1’ shows male participants and ‘0’ shows female participants. The results showed that 

most drivers who participated in the study were male as compared to females in both regions. The 

second part aimed to analyze the risky driver behavior factors designed on a three-point scale 

which is discussed in the results and discussion section. 
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Table 3. 2: Sample characteristics 

Variables Budapest Islamabad 

N 70 70 

Age 

  Mean  

  SD 

95% confidence interval: 

  Lower bound 

  Upper bound 

 

22.52  

2.25 

 

21.99 

23.06 

 

20.98  

2.54 

 

20.37 

21.59 

Gender (1=male,0=female) 

  Mean  

  SD 

95%confidence interval: 

  Lower bound 

  Upper bound 

 

0.76  

0.43 

 

0.65 

0.86 

 

0.84  

0.36 

 

0.75 

0.93 

Driving Experience 

  Mean 

  SD 

95% confidence interval: 

  Lower bound 

  Upper bound 

 

2.35  

1.03 

 

2.11 

2.60 

 

1.67  

0.92 

 

1.45 

1.89 

 

3.3.2    Risky driver behavior factors 

 

The DBQ questionnaire consists of 11 items of risky driving attitudes designed on closed 

questions, that is, multiple choices on a three-point scale (1=often, 2=sometimes, 3=never) for the 

convenience of statistical analysis. Participants were asked to indicate how often they involve in 

risky attitudes while driving in one year. The eleven-examined driver behavior questionnaire 

(DBQ) items with designated symbols and their importance for road safety have been shown in 

Table 3.3. 

 
Table 3. 3: A summary of studies on risky driver behavior factors affecting road safety 

Authors Risky Driver Behavior Factors Main Findings 

Subramaniam et al., 

2007 

Failing to comply with traffic light 

signal (Q1) 

One of the possible causes for the high number of 

crashes and injuries is due to beating traffic 

lights. 

Bilban and Zaletel-

Kragelj, 2007 

Failing to wear seat belt (Q2) The probability of deaths in car accidents is 2.34 

times higher for the drivers who do not wear the 

seatbelt than for those who wear it. 

Hassan et al., 2017 Disregard speed limit (Q3) Speeding is one of the serious and most common 

aberrant driving behaviors that negatively affect 

the safety of the violators themselves and the 

whole motorized community. 
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Gholamreza 

Khorasani et al., 

2013 

Failing to use personal intelligent 

assistant (Q4) 

Intelligent Transport Systems (ITS), based on 

advanced telecommunication and information 

technology, offer a great potential for improving 

the road safety situation for all types of road-

users. 

Viola et al., 2010 Failing to yield pedestrian (Q5) Failure to yield at pedestrian crossings is one of 

the riskiest factors that contribute to pedestrian 

injury. 

Rachel Talbot et al., 

2016 

Driving too closely (Q6) Following too closely is seen as one of the main 

reasons for rear end crashes. 

Wang et al., 2016 Frequently changing lanes (Q7) Frequent lane-changing have an adverse effect on 

traffic efficiency under advanced traffic demand. 

ADB, 1996 Risk due to encroachments (Q8) Many problems associated with street vendors 

and encroachment which affect road safety in the 

particular conditions that apply in that country. 

Yanagisawa et 

al., 2014; Zeng et al., 

2013 

Failing to apply brakes (Q9) More fatalities can occur if the driver does not 

apply the brakes and has higher impact-speed 

crashes with the pedestrian. 

Chakraborty, 2014; 

Arasan and Koshy, 

2005 

Problems of mixed traffic (Q10) Mixed traffic leads vehicles not to follow 

strict lane discipline and occupy any available 

space on the road. The interactions among 

vehicles and the resulting maneuvers they 

undertake are much more complex in mixed 

traffic conditions. 

Takada et al., 2010 Sounds horn in annoyance (Q11) The previous psychoacoustic study investigating 

the effects of horn sounds on auditory 

impressions in both the driving and pedestrian 

conditions suggested its negative effects, 

particularly on pedestrians. 

 

3.3.3    ANOVA analysis 

 

Analysis of variance (ANOVA) is a combination of statistical models and their related procedures 

to analyze the differences between two or more means of independent variables. ANOVA test is 

normally suitable for comparing means in controlled studies, but the limitation of the test is when 

the samples are not independent, a repeated measures test must be used. ANOVA analysis contains 

important information which is discussed here; the total Degree of Freedom (DF) demonstrates 

how much information the data uses. DF is measured by the total number of values in an 

independent variable source minus one. Mean Square (MS) value defines how much a term or 

model shows variation by assuming that all other terms are in the model, irrespective of the order 

they are used. Mean square is calculated by dividing the sum of square values by degree of 

freedom. While F-value is the statistical test used to evaluate whether the term is related to the 

response variable or not. In addition, P-value is a probability that determines the evidence against 

the null hypothesis. There are two constraints to check the significance of items in the sample 
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which are; the F-values should be greater than F-critical and P-value should be less than the 

significance level. So, if F-value is greater than F-critical and P-value is less than significance level 

then the effect for that term is considered statistically significant. If F-value is less than F-critical 

and P-value greater than the significance level, then the term is not statistically significant. 

3.3.4    Relative risk 

  

Relative Risk (RR) is often used when the study implies comparing the likelihood, or risk, of an 

event occurring between two groups. Furthermore, relative risk utilizes the probability of an event 

occurring in one group compared to the probability of an event occurring in the other group. 

Relative Risk is usually calculated by dividing the probability of an event occurring for group one 

divided by the probability of an event occurring for the other group. A value of 1 presents a neutral 

result: the chance of an event occurring for one group is the similar for an event occurring for the 

other group.  However, a value of zero tells that none of the cases in group one had the event occur 

(Statistics Solutions, 2019). 

 

3.4    Results and discussion 
 

The results of the study evaluated the risky attitudes of drivers related to road safety for different 

driving cultures by considering important drivers characteristics as discussed below in detail.  

 

3.4.1   Descriptive statistics results 

 

Descriptive statistics was performed to observe the differences in responses between evaluator 

groups by considering important drivers characteristics such as age and driving experience for 

Budapest and Islamabad as shown in Table 3.4. Firstly, the analysis measures the frequency and 

percentage of responses for DBQ items. The analysis results showed that most drivers in Budapest 

stated that they ‘never’ involve in the risky driving issues with a high frequency but only for some 

items on driver behavior questionnaire (DBQ). The Budapest drivers selected the option 

‘sometimes’ with high percentage for DBQ items such as ‘disregard speed limits’ (62.9%), ‘failing 

to use of personal intelligent assistant’ (54.3%), ‘driving too closely’ (57.2%) and ‘frequently 

changing lines’ (62.9%). While comparatively, the high percentage of Islamabad drivers stated 

that they ‘often’ involve in the risky driving issues on DBQ. The most frequent observed driving 

attitude for Islamabad drivers was ‘failing to use of personal intelligent assistant’ (68.6%). In other 

items of driver behavior questionnaire (DBQ), they selected the option ‘sometimes’ with the high 

percentage such as ‘failing to wear seat belt’ (50%), ‘disregard speed limit’ (45.7%) and ‘problems 

of mixed traffic’ (48.6%). Some driver behaviors were respected from respondents of both 

specified cities, in which they selected ‘never’ such as ‘failing to yield pedestrian rules’ (72.9% 
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Budapest and 64.3% Islamabad) and ‘failing to apply brakes rules’ (64.3% of Budapest and 54.3% 

Islamabad). 

      Furthermore, descriptive statistics was applied to investigate the means and standard deviations 

of 11 DBQ items for Budapest and Islamabad as shown in Table 3.4. Based on mean values, the 

high observed risky driving attitudes for Budapest drivers were ‘failing to use the personal 

intelligent assistant’ and ‘frequently changing lanes’ with the mean values “1.94”. While ‘risk due 

to encroachments’ was the least observed attitude with mean value “2.78”. Moreover, the high 

observed risky driving attitudes for Budapest drivers was ‘failing to use personal intelligent 

assistant’ with mean value “1.47”, whereas ‘failing to yield pedestrian’ was the least observed 

issue with mean value “2.47”.  

  
Table 3. 4:  Driver behavior questionnaire (DBQ) overall results 

Questionnaire Budapest 

(N=70) 

Islamabad 

(N=70) 

How likely Did 

You? 

Options Frequency % M SD Frequency % M SD 

Failing to comply 

with traffic light 

signal 

1)Often 

2)Sometimes 

3)Never 

03 

12 

55 

4.3 

17.1 

78.6 

2.74 0.52 23 

26 

21 

32.9 

37.1 

30 

1.97 0.79 

Failing to wear 

seat belt 

1)Often 

2)Sometimes 

3)Never 

04 

14 

52 

5.7 

20 

74.3 

2.68 0.57 23 

35 

12 

32.9 

50 

17.1 

1.84 0.69 

Disregard speed 

limit 

1)Often 

2)Sometimes 

3)Never 

14 

44 

12 

20 

62.9 

17.1 

1.97 0.60 25 

32 

13 

35.7 

45.7 

18.6 

1.83 0.72 

Failing to use 

personal 

intelligent 

assistant 

1)Often 

2)Sometimes 

3)Never 

18 

38 

14 

25.7 

54.3 

20 

1.94 0.67 48 

11 

11 

68.6 

15.7 

15.7 

1.47 0.75 

Failing to yield 

pedestrian 

1)Often 

2)Sometimes 

3)Never 

05 

14 

51 

7.1 

20 

72.9 

2.66 0.61 12 

13 

45 

17.1 

18.6 

64.3 

2.47 0.77 

Driving too 

closely 

1)Often 

2)Sometimes 

3)Never 

05 

40 

25 

7.1 

57.2 

35.7 

2.28 0.58 19 

29 

22 

27.1 

41.5 

31.4 

2.04 0.76 

Frequently 

changing lanes 

1)Often 

2)Sometimes 

3)Never 

15 

44 

11 

21.4 

62.9 

15.7 

1.94 0.60 32 

24 

14 

45.7 

34.3 

20 

1.74 0.77 

Risk due to 

encroachments 

1)Often 

2)Sometimes 

3)Never 

0 

15 

55 

0 

21.4 

78.6 

2.78 0.41 05 

31 

34 

7.1 

44.3 

48.6 

2.41 0.62 
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Failing to apply 

brakes 

1)Often 

2)Sometimes 

3)Never 

0 

25 

45 

0 

35.7 

64.3 

2.64 0.48 08 

24 

38 

11.4 

34.3 

54.3 

2.43 0.69 

Problems of 

mixed traffic 

1)Often 

2)Sometimes 

3)Never 

07 

29 

34 

10 

41.4 

48.6 

2.38 0.66 20 

34 

16 

28.6 

48.6 

22.8 

1.94 0.71 

Sounds horn in 

annoyance 

1)Often 

2)Sometimes 

3)Never 

07 

23 

40 

10 

32.9 

57.1 

2.47 0.67 33 

23 

14 

47.1 

32.9 

20 

1.73 0.77 

 

    For further analysis, the participants were split into two age groups (18-21 years, 22-25 years) 

and two driving experience groups (<1 year, ≥ 1 year) to investigate their involvement in risky 

driver behavior factors on DBQ for each region. In Australia in 2013, young drivers aged 17–25 

years contributed 21.3% of the fatally-injured drivers (BITRE, 2014). For Budapest drivers, the 

DBQ analysis results showed that drivers aged 18-21 years are more likely to involve in risky 

driver behavior factors as compared to drivers aged 22-25 years. So, the drivers with age group 

18-21 years selected the option “often” with high percentage (≥20%) for driver behavior factors 

such as ‘disregard speed limit’ (25.7%), ‘failing to use personal intelligent assistant’ (22.9%) and 

‘frequently changing lanes’ (25.7%). The previous study also found that speeding is one of the 

serious and most common aberrant driving behaviors that negatively affect the safety of the 

violators themselves and the whole motorized community (Hassan et al., 2017). While the drivers 

with age group 22-25 years selected the option “often” with high percentage (≥20%) only for one 

driver behavior factor such as ‘failing to use personal intelligent assistant’ (28.6%). The previous 

study recommended that the Intelligent Transport Systems (ITS) based on advanced 

telecommunication and information technology offer great potential for improving the road safety 

situation for all types of road-users (Khorasani et al., 2013). However, both driver groups reported 

zero percentage “often” for driver behavior factors such as ‘risk due to encroachments’ and ‘failing 

to apply brakes in road hazard’. In case of driving experience, the drivers with driver experience 

less than one-year (<1 year) selected the option “often” with high percentage (≥20%) for same 

driver behavior factors as age group (18-21 years) such as ‘disregard speed limit’ (28.6%), ‘failing 

to use personal intelligent assistant’ (25.7%) and ‘frequently changing lanes’ (22.9%). While the 

drivers with driving experience equal to or greater than one year (≥ 1 year) selected the option 

“often” with high percentage (≥20%) for two driver behavior factors such as ‘failing to use 

personal intelligent assistant’ (25.7%) and ‘frequently changing lanes’ (20%) as shown in Table 

3.5. 
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Table 3. 5: Descriptive analysis results based on age and driving experience for Budapest drivers 

Driver behavior factors Options Age 

Frequency (%) 

Driving Experience 

Frequency (%) 

18-21 years 

(N=70) 

22-25 years 

(N=70) 

< 1 year 

(N=70) 

≥ 1 year 

(N=70) 

Failing to comply with traffic 

light signal 

1)Often 

2)Sometimes 

3)Never 

4 (5.7) 

16 (22.9) 

50 (71.4) 

2 (2.9) 

8 (11.4) 

60 (85.7) 

6 (8.6) 

18 (25.7) 

46 (65.7) 

0 (0) 

6 (8.6) 

64 (91.4) 

Failing to wear seat belt 1)Often 

2)Sometimes 

3)Never 

3 (4.3) 

19 (27.1) 

48 (68.6) 

4 (5.7) 

10 (14.3) 

56 (80) 

2 (2.9) 

15 (21.4) 

53 (75.7) 

5 (7.1) 

14 (20) 

51 (72.9) 

Disregard speed limit 1)Often 

2)Sometimes 

3)Never 

18 (25.7) 

48 (68.6) 

4 (5.7) 

10 (14.3) 

40 (57.1) 

20 (28.6) 

20 (28.6) 

40 (57.1) 

10 (14.3) 

8 (11.4) 

48 (68.6) 

14 (20) 

Failing to use personal 

intelligent assistant 

1)Often 

2)Sometimes 

3)Never 

16 (22.9) 

40 (57.1) 

14 (20) 

20 (28.6) 

36 (51.4) 

14 (20) 

18 (25.7) 

44 (62.9) 

8 (11.4) 

18 (25.7) 

32 (45.7) 

20 (28.6) 

Failing to yield pedestrian 1)Often 

2)Sometimes 

3)Never 

8 (11.4) 

22 (31.4) 

40 (57.2) 

2 (2.8) 

6 (8.6) 

62 (88.6) 

6 (8.6) 

18 (25.7) 

46 (65.7) 

4 (5.7) 

10 (14.3) 

56 (80) 

Driving too closely 1)Often 

2)Sometimes 

3)Never 

5 (7.1) 

44 (62.9) 

21 (30.0) 

4 (5.7) 

36 (51.4) 

30 (42.9) 

8 (11.4) 

50 (71.5) 

12 (17.1) 

3 (4.3) 

29 (41.4) 

38 (54.3) 

Frequently changing lanes 1)Often 

2)Sometimes 

3)Never 

18 (25.7) 

50 (71.4) 

2 (2.9) 

12 (17.1) 

38 (54.3) 

20 (28.6) 

16 (22.9) 

46 (65.7) 

8 (11.4) 

14 (20) 

42 (60) 

14 (20) 

Risk due to encroachments 1)Often 

2)Sometimes 

3)Never 

0 (0) 

18 (25.7) 

52 (74.3) 

0 (0) 

12 (17.1) 

58 (82.9) 

0 (0) 

10 (14.3) 

60 (85.7) 

0 (0) 

20 (28.6) 

50 (71.4) 

Failing to apply brakes in 

road hazards 

1)Often 

2)Sometimes 

3)Never 

0 (0) 

34 (48.6) 

36 (51.4) 

0 (0) 

16 (22.9) 

54 (77.1) 

0 (0) 

38 (54.3) 

32 (45.7) 

0 (0) 

12 (17.1) 

58 (82.9) 

Problems of mixed traffic 1)Often 

2)Sometimes 

3)Never 

6 (8.6) 

26 (37.1) 

38 (54.3) 

8 (11.4) 

32 (45.7) 

30 (42.9) 

4 (5.7) 

22 (31.4) 

44 (62.9) 

10 (14.3) 

36 (51.4) 

24 (34.3) 

Sounds horn in annoyance 1)Often 

2)Sometimes 

3)Never 

11 (15.7) 

32 (45.7) 

27 (38.6) 

4 (5.7) 

16 (22.9) 

30 (71.4) 

12 (17.2) 

37 (52.8) 

21 (30.0) 

2 (2.9) 

12 (17.1) 

56 (80) 

 

 

       The DBQ results showed that Islamabad drivers are more likely to involve in risky driver 

behavior factors as compared to Budapest drivers based on age and driving experience. For, 

Islamabad drivers, the analysis results showed that drivers aged 18-21 years selected the option 

“often” with the high percentage (≥50%) for most of driver behavior factors such as ‘failing to use 

personal intelligent assistant’ (74.3%), ‘failing to yield pedestrian’ (74.3%), ‘frequently changing 
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lanes’ (54.3%) and ‘sounds horn in annoyance’ (60%). The previous study depicted that the 

intelligent transport system is helping to change the safety focus from minimizing the 

consequences of crashes (Khorasani et al., 2013). While the drivers aged 22-25 years selected the 

option “often” with the high percentage (≥50%) for driver behavior factors such as ‘failing to use 

personal intelligent assistant’ (62.8%) and ‘failing to yield pedestrian’ (54.3%). In case of driving 

experience, the drivers in Islamabad with driving experience less than one-year (<1 year) are more 

likely to involve in risky driver behavior factors as compared to drivers with equal to or greater 

than one-year driving experience (≥1 year). Accordingly, the drivers with driving experience less 

than one year selected the option “often” with the high percentage (≥50%) for driver behavior 

factors such as ‘failing to comply with traffic light signal’ (54.3%), ‘disregard speed limit’ 

(51.5%), ‘failing to use personal intelligent assistant’ (71.4%), ‘failing to yield pedestrian’ (80%), 

‘frequently changing lanes’ (51.4%) and ‘sounds horn in annoyance’ (65.7%). While the drivers 

with driving experience equal to or greater than one year selected the option “often” with the high 

percentage (>50%) for only one driver behavior such as ‘failing to use personal intelligent 

assistant’ (65.7%) as shown in Table 3.6. 

 

Table 3. 6: Descriptive analysis results based on age and driving experience for Islamabad drivers 

Driver behavior factors Options Age 

Frequency (%) 

Driving Experience 

Frequency (%) 

18-21 years 

(N=70) 

22-25 years 

(N=70) 

< 1year 

(N=70) 

≥1year 

(N=70) 

Failing to comply with traffic 

light signal 

1)Often 

2)Sometimes 

3)Never 

34 (48.6) 

30 (42.8) 

6 (8.6) 

12 (17.2) 

22 (31.4) 

36 (51.4) 

38 (54.3) 

28 (40) 

4 (5.7) 

8 (11.4) 

24 (34.3) 

38 (54.3) 

Failing to wear seat belt 1)Often 

2)Sometimes 

3)Never 

26 (37.1) 

38 (54.3) 

6 (8.6) 

21 (30.0) 

32 (45.7) 

17 (24.3) 

28 (40) 

30 (42.9) 

12 (17.1) 

18 (25.7) 

40 (57.2) 

12 (17.1) 

Disregard speed limit 1)Often 

2)Sometimes 

3)Never 

32 (45.7) 

34 (48.6) 

4 (5.7) 

18 (25.7) 

30 (42.9) 

22 (31.4) 

36 (51.5) 

26 (37.1) 

8 (11.4) 

14 (20) 

38 (54.3)  

18 (25.7) 

Failing to use personal 

intelligent assistant 

1)Often 

2)Sometimes 

3)Never 

52 (74.3) 

12 (17.1) 

6 (8.6) 

44 (62.8) 

10 (14.3) 

16 (22.9) 

50 (71.4) 

18 (25.7) 

2 (2.9) 

46 (65.7) 

4 (5.7) 

20 (28.6) 

 

Failing to yield pedestrian 1)Often 

2)Sometimes 

3)Never 

52 (74.3) 

8 (11.4) 

10 (14.3) 

38 (54.3) 

18 (25.7) 

14 (20) 

56 (80) 

10 (14.3) 

4 (5.7) 

34 (48.6) 

16 (22.8) 

20 (28.6) 

Driving too closely 1)Often 

2)Sometimes 

3)Never 

28 (40) 

34 (48.6) 

8 (11.4) 

9 (12.9) 

25 (35.7) 

36 (51.4) 

33 (47.1) 

28 (40) 

9 (12.9) 

4 (5.7) 

30 (42.9) 

36 (51.4) 

Frequently changing lanes 1)Often 

2)Sometimes 

3)Never 

38 (54.3) 

24 (34.3) 

8 (11.4) 

26 (37.1) 

24 (34.3) 

20 (28.6) 

36 (51.4) 

30 (42.9) 

4 (5.7) 

28 (40) 

18 (25.7) 

24 (34.3) 
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3.4.2   Relative risk analysis results 

 

Relative Risk (RR) was measured to show that how much times one drivers’ group is more likely 

to involve in risky driver behavior factors as compared to the other specified group in the sample. 

The procedure here involves the selection of two contrary responses and number of responses on 

DBQ from designated driver groups for relative risk evaluation purposes. Also, the 95% 

confidence interval was measured which evaluates the 95% certainty that observed RR is 

statistically significant, if its value different from 1.0, otherwise the observed RR will not be 

statistically significant. 

    Firstly, the relative risk and the corresponding 100(1-α) % confidence interval was measured 

for each risky driver behavior factor in the sample by comparing two driver groups. Accordingly, 

the RR procedure considered that how much times the Islamabad drivers are more likely to involve 

in risky driver behavior factors as compared to Budapest drivers. The RR analysis results showed 

the value larger than 1 for most of observed driver behavior factors which shows high risky attitude 

of Islamabad drivers for road safety as compared to Budapest drivers. However, the RR value was 

observed smaller than 1 for two risky driver behavior factors such as “risk due to encroachments” 

and “failing to apply brakes” which means negative association. While the 95% confidence 

interval values showed that observed RR is statistically significant for most driver behavior factors 

because these exclude 1.0. For two specified items, the 95% confidence interval value was 

observed zero which implies that there is no evidence of risk for road safety as shown in Table 3.7. 

 
 
 
 
 
 
 
 
 

 

Risk due to encroachments 1)Often 

2)Sometimes 

3)Never 

4 (5.7) 

36 (51.4) 

30 (42.9) 

5 (7.1) 

27 (38.6) 

38 (54.3) 

2 (2.9) 

28 (40) 

40 (57.1) 

8 (11.4) 

34 (48.6) 

28 (40) 

Failing to apply brakes in road 

hazards 

1)Often 

2)Sometimes 

3)Never 

12 (17.1) 

34 (48.6) 

24 (34.3) 

4 (5.7) 

14 (20) 

52 (74.3) 

14 (20) 

38 (54.3) 

18 (25.7) 

2 (2.9) 

10 (14.3) 

58 (82.8) 

Problems of mixed traffic 1)Often 

2)Sometimes 

3)Never 

17 (24.3) 

33 (47.1) 

20 (28.6) 

22 (31.4) 

36 (51.4) 

12 (17.2) 

20 (28.6) 

26 (37.1) 

24 (34.3) 

21 (30.0) 

42 (60) 

7 (10.0) 

Sounds horn in annoyance 1)Often 

2)Sometimes 

3)Never 

42 (60) 

24 (34.3) 

4 (5.7) 

24 (34.3) 

22 (31.4) 

24 (34.3) 

46 (65.7) 

14 (20) 

10 (14.3) 

20 (28.6) 

32 (45.7) 

18 (25.7) 
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Table 3. 7:  Relative risk results for Budapest and Islamabad drivers 

DBQ Items Options Islamabad Budapest Relative 

risk 

95% confidence 

interval 

(Lower-upper) 

Failing to comply with 

traffic light signal 

Often 

Never 

23 

21 

03 

55 

10.10 3.24-31.52 

Failing to wear seat belt Often 

Never 

23 

12 

04 

52 

9.2 3.47-24.37 

Disregard speed limit Often 

Never 

25 

13 

14 

12 

1.22 0.8-1.86 

Failing to use personal 

intelligent assistant 

Often 

Never 

48 

11 

18 

14 

2.23 1.27-3.94 

Failing to yield pedestrian Often 

Never 

12 

45 

05 

51 

2.35 0.88-6.25 

Driving too closely Often 

Never 

19 

22 

05 

25 

2.78 1.17-6.6 

Frequently changing lanes Often 

Never 

32 

14 

15 

11 

1.24 0.83-1.84 

Risk due to encroachments Often 

Never 

05 

34 

0 

55 

0.14 0 

Failing to apply brakes Often 

Never 

08 

38 

0 

45 

0.21 0 

Problems of mixed traffic Often 

Never 

20 

16 

07 

34 

3.25 1.56-6.78 

Sounds horn in annoyance Often 

Never 

33 

14 

07 

40 

2.1 1.11-3.96 

 

     Secondly, the relative risk and the corresponding 100(1-α) % confidence interval was 

measured for each risky driver behavior factor in the sample by comparing two driver age groups 

(18-21 year & 22-25 year) and two driving experience groups (< 1 year and ≥ 1 year) for Budapest.  

    Accordingly, the RR procedure first considered that how much times the drivers age group 

(18-21) year are more likely to involve in risky driver behavior factors as compared to the drivers 

age group (22-25) year. The RR analysis results showed the value larger than 1 for some specified 

driver behavior factors which shows high risky attitude of drivers age group (18-21) for road safety 

as compared to driver age group (22-25) year. However, for few risky driver behavior factors, the 

RR value was observed smaller than 1 which means negative association. Furthermore, for two 

risky driver behavior factors, the RR value was observed zero which means no association. 

Moreover, the 95% confidence interval values showed that observed RR is statistically significant 

for most driver behavior factors because these exclude 1.0. For two specified items, the 95% 
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confidence interval value was observed zero which implies that there is no evidence of risk for 

road safety as shown in Table 3.8. 

 
Table 3. 8:  Relative risk results based on drivers age groups for Budapest 

DBQ Items Options 18-21 22-25 Relative 

risk 

95% confidence 

interval 

(Lower-upper) 

Failing to comply with 

traffic light signal 

Often 

Never 

04 

50 

02 

60 

2.29 0.43-12.04 

Failing to wear seat belt Often 

Never 

03 

48 

04 

56 

0.88 0.20-3.76 

Disregard speed limit Often 

Never 

18 

04 

10 

20 

2.45 1.42-4.22 

Failing to use personal 

intelligent assistant 

Often 

Never 

16 

14 

20 

14 

0.9 0.58-1.54 

Failing to yield pedestrian Often 

Never 

08 

40 

02 

62 

5.3 1.18-23.98 

Driving too closely Often 

Never 

05 

21 

04 

30 

1.63 0.48-5.49 

Frequently changing lanes Often 

Never 

18 

02 

12 

20 

2.4 1.5-3.84 

Risk due to encroachments Often 

Never 

0 

52 

0 

58 

0 0 

Failing to apply brakes Often 

Never 

0 

36 

0 

54 

0 0 

Problems of mixed traffic Often 

Never 

06 

38 

08 

30 

0.64 0.24-1.7 

Sounds horn in annoyance Often 

Never 

11 

27 

04 

30 

2.46 0.86-7.00 

 

     After that, the RR procedure measured that how much times the driving experience group (< 1 

year) are more likely to involve in risky driver behavior factors as compared to other driving 

experience group (≥ 1 year). The RR analysis results showed the value larger than 1 for some 

specified driver behavior factors which shows high risky attitude of driving experience group (< 1 

year) for road safety as compared to other driving experience group (≥ 1 year). However, for few 

risky driver behavior factors, the RR value was observed smaller than 1 which means negative 

association. Furthermore, for two risky driver behavior factors, the RR value was observed zero 

which means no association. Moreover, the 95% confidence interval values showed that observed 

RR is statistically significant for most driver behavior factors because these exclude 1.0. For three 

specified items, the 95% confidence interval value was observed zero which implies that there is 

no evidence of risk for road safety as shown in Table 3.9. 
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Table 3. 9:  Relative risk results based on driving experience groups for Budapest 

DBQ Items Options < 1 year ≥ 1 year Relative 

risk 

95% confidence 

interval 

(Lower-upper) 

Failing to comply with 

traffic light signal 

Often 

Never 

6 

0 

46 

64 

0.13 0 

Failing to wear seat belt Often 

Never 

2 

53 

5 

51 

0.56 0.17-1.83 

Disregard speed limit Often 

Never 

20 

8 

10 

14 

1.83 0.99-3.36 

Failing to use personal 

intelligent assistant 

Often 

Never 

18 

8 

18 

20 

1.75 0.89-3.42 

Failing to yield pedestrian Often 

Never 

6 

46 

4 

56 

1.33 0.76-2.30 

Driving too closely Often 

Never 

8 

12 

3 

38 

3.03 1.64-5.58 

Frequently changing lanes Often 

Never 

16 

8 

14 

14 

1.46 0.76-2.79 

Risk due to encroachments Often 

Never 

0 0 0 0 

Failing to apply brakes Often 

Never 

0 0 0 0 

Problems of mixed traffic Often 

Never 

4 

44 

10 

24 

0.44 0.18-1.02 

Sounds horn in annoyance Often 

Never 

12 

21 

02 

56 

3.14 2.05-4.79 

 

    Finally, the relative risk and the corresponding 100(1-α) % confidence interval was measured 

for each risky driver behavior factor in the sample by comparing two driver age groups (18-21 

year & 22-25 year) and two driving experience groups (< 1 year and ≥ 1 year) for Islamabad.  

    Accordingly, the RR procedure first considered that how much times the drivers age group 

(18-21) year are more likely to involve in risky driver behavior factors as compared to the drivers 

age group (22-25) year. The RR analysis results showed the value larger than 1 for most specified 

driver behavior factors which shows high risky attitude of drivers age group (18-21) for road safety 

as compared to driver age group (22-25) year. However, for one driver behavior factor (Risk due 

to encroachments), the RR value was observed equal to 1 which means no association. 

Furthermore, for one driver behavior factor (problems of mixed traffic), the RR value was observed 

less than 1 which means negative association. Moreover, the 95% confidence interval values 

showed that observed RR is statistically significant for most driver behavior factors except one 
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driver behavior factor (risk due to encroachments), for which the observed RR is not statistically 

significantly different from 1.0 as shown in Table 3.10. 

 
Table 3. 10:  Relative risk results based on drivers age groups for Islamabad 

DBQ Items Options 18-21 22-25 Relative 

risk 

95% confidence 

interval 

(Lower-upper) 

Failing to comply with 

traffic light signal 

Often 

Never 

34 

6 

12 

36 

5.17 2.41-11.06 

Failing to wear seat belt Often 

Never 

26 

6 

21 

17 

2.12 1.01-4.41 

Disregard speed limit Often 

Never 

32 

4 

18 

22 

4.16 1.64-10.49 

Failing to use personal 

intelligent assistant 

Often 

Never 

52 

6 

44 

16 

1.98 0.97-4.02 

Failing to yield pedestrian Often 

Never 

52 

10 

38 

14 

1.38 0.83-2.29 

Driving too closely Often 

Never 

28 

8 

9 

36 

4.16 2.16-7.99 

Frequently changing lanes Often 

Never 

38 

8 

26 

20 

2.07 1.11-3.86 

Risk due to encroachments Often 

Never 

4 

30 

5 

38 

1 0.46-2.19 

Failing to apply brakes Often 

Never 

12 

24 

4 

52 

2.37 1.53-3.67 

Problems of mixed traffic Often 

Never 

17 

20 

22 

12 

0.69 0.44-1.09 

Sounds horn in annoyance Often 

Never 

42 

4 

24 

24 

4.45 1.76-11.23 

 

      Moreover, the RR procedure considered that how much times the driving experience group (< 

1 year) are more likely to involve in risky driver behavior factors as compared to other driving 

experience group (≥ 1 year). The RR analysis results showed the value larger than 1 for most 

specified driver behavior factors which shows high risky attitude of driving experience group (< 1 

year) for road safety as compared to the other driving experience group (≥ 1 year). However, for 

two driver behavior factors (risk due to encroachments, problems of mixed traffic), the RR value 

was observed less than 1 which means negative association. Moreover, the 95% confidence 

interval values showed that observed RR is statistically significant for most driver behavior factors 
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except one driver behavior factor (problems of mixed traffic) with 95% CI value less than 1 as 

shown in Table 3.11. 

 
Table 3. 11:  Relative risk based on driving experience groups for Islamabad 

DBQ Items Options < 1 year ≥ 1 year Relative 

risk 

95% confidence 

interval 

(Lower-upper) 

Failing to comply with 

traffic light signal 

Often 

Never 

38 

4 

8 

38 

8.67 3.38-22.23 

Failing to wear seat belt Often 

Never 

28 

12 

18 

12 

1.21 0.76-1.93 

Disregard speed limit Often 

Never 

36 

8 

14 

18 

2.34 1.28-4.27 

Failing to use personal 

intelligent assistant 

Often 

Never 

50 

2 

46 

20 

5.72 1.50-21.77 

Failing to yield pedestrian Often 

Never 

56 

4 

34 

20 

3.73 1.50-9.26 

Driving too closely Often 

Never 

33 

9 

4 

36 

4.45 2.45-8.08 

Frequently changing lanes Often 

Never 

36 

4 

28 

24 

3.93 1.54-10 

Risk due to encroachments Often 

Never 

2 

40 

8 

28 

0.34 0.09-1.19 

Failing to apply brakes Often 

Never 

14 

18 

2 

58 

3.69 2.36-5.75 

Problems of mixed traffic Often 

Never 

20 

24 

21 

7 

0.63 0.43-0.9 

Sounds horn in annoyance Often 

Never 

46 

10 

20 

18 

1.95 1.15-3.28 

 

3.4.3    Comparison plots 

 

The comparison charts were developed to show the differences in drivers’ responses on DBQ 

between Budapest and Islamabad. Accordingly, the comparison chart was developed first to 

compare the percentage of drivers who responded to option ‘often’ on DBQ between specified 

groups as shown in Figure 3.2. The plot results observed high percentage values of option “often” 

for Islamabad drivers as compared to Budapest drivers. For Islamabad city, the highest percentage 

value “often” was observed for DBQ item such as ‘failing to use personal intelligent assistance’ 
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(Q4) about 68.6%. Also, for Budapest city, the highest percentage value for option ‘often’ was 

observed for DBQ item such as ‘failing to use personal intelligent assistance’ (Q4) about 25.7% 

but with less percentage. Furthermore, it was noticed that there was zero percentage “often” for 

two driver behavior factors in case of Budapest drivers such as ‘risk due to encroachment’ (Q8) 

and ‘failing to apply brakes in road hazard’ (Q9). Moreover, the percentage of difference for option 

‘often’ between two regions was observed high (>25%) for some items such as Q1 (28.6%), Q2 

(27.2%), Q4 (42.9%) and Q11 (37.1%). While for other cases, the percentage of difference was 

observed lower (<25%) between two specified groups. 

 

 
Figure 3. 2:  Comparison for driver’s response “Often” between Budapest and Islamabad 

 

The comparison chart was also developed to show the percentage of drivers who responded option 

‘never’ on DBQ to compare two drivers’ groups (Budapest and Islamabad) as shown in Figure 3.3. 

The plot results observed high percentage values for the option “never” for Budapest drivers as 

compared to Islamabad drivers which means that Budapest drivers are more discipline towards 

risky driver behavior factors related to road safety. However, for two items, the percentage value 

for option “never” was observed high for Islamabad drivers such as ‘disregarding speed limits’ 

(Q3) and ‘frequently changing lanes’ (Q7). Furthermore, the percentage of difference for option 

‘never’ was observed high (>25%) between two regions for some items such as Q1 (48.57%), Q2 

(57.14), Q8 (30%), Q10 (25.72) and Q11 (37.14). While for other cases the percentage of 

difference was observed less (<25%) between two specified groups. 
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Figure 3. 3: Comparison for driver’s response “Never” between Budapest and Islamabad 

 

3.4.4    ANOVA analysis results 

 

One-way ANOVA was applied to measure the significance of risky driver behavior factors for 

different driving cultures drivers’ groups. Firstly, ANOVA analysis was performed to measure the 

statistically significance of DBQ items between Budapest and Islamabad as shown in Table 3.7. 

Accordingly, the total Degrees of Freedom (DF) was calculated by total number of values in an 

independent variable source minus one, e.g. in this case, there are total two groups of drivers in 

sample, so its degrees of freedom is calculated by two minus one, i.e. one. While Mean Square 

(MS) was calculated by dividing the sum of square values by degree of freedom. In this case, the 

values of sum of square and mean square are same because value of degree of freedom was 

measured one for all items in sample. Furthermore, F-value was used to find out if the means 

between two groups are significantly different in the sample. The p-value is he level of marginal 

significance within a statistical hypothesis test representing the probability of the occurrence of a 

given event. However, there are two parameters to check the statistically significance of items in 

sample which are; the F-values should be greater than F-critical and p-value should be less than 

significance level (α-value). The significance level was set 0.05. The ANOVA results showed that 

most terms in the sample were statistically significant due to F-values greater than F-critical and 

p-value less than 0.05. Only three items were not statistically significant such as ‘disregard speed 

limit’ (Q3), ‘failing to yield pedestrian’ (Q5) and ‘frequently changing lanes’ (Q7) with F value 

less than F critical and p-value greater than 0.05. The ANOVA analysis results are presented in 

Table 3.12. 
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Table 3. 12:  ANOVA analysis results after controlling the effect of age, gender and driving experience 

Questionnaire Items DF MS F P-value  F-critical 

Failing to comply with 

traffic light signal 1 20.82857 45.39801 0.000 3.909729 

Failing to wear seat belt 1 24.86429 60.88441 0.000 3.909729 

Disregard speed limit 1 0.714286 1.592798 0.209056 3.909729 

Failing to use personal 

intelligent assistant 1 7.778571 15.07342 0.000 3.909729 

Failing to yield 

pedestrian 1 1.207143 2.478427 0.117707 3.909729 

Driving too closely 1 2.064286 4.372068 0.038366 3.909729 

Frequently changing 

lanes 1 1.4 2.877447 0.092083 3.909729 

Risk due to 

encroachments 1 4.828571 17.18644 0.000 3.909729 

Failing to apply brakes 1 1.607143 4.506531 0.035551 3.909729 

Problems of mixed 

traffic 1 6.864286 14.27535 0.000 3.909729 

Sounds horn in 

annoyance 1 19.31429 36.36959 0.000 3.909729 

 

  ANOVA analysis was also run to measure the significance of DBQ items based on drivers age 

and experience groups for each region. For Budapest drivers in case of specified age groups (18-

21 years and 22-25 years), the ANOVA results showed that five terms in DBQ sample were 

statistically significant due to F-values greater than F-critical and P-value less than 0.05. While six 

terms were observed statistically non-significant with F value less then F-critical and P-value 

greater than 0.05 as shown in Table 3.13. 

 

Table 3. 13: ANOVA analysis results based on age groups for Budapest 

Questionnaire Items DF MS F P-value  F-critical 

Failing to comply with 

traffic light signal 1 0.514 1.854 0.177 3.981 

Failing to wear seat belt 1 0.228 0.68 0.412 3.981 

Disregard speed limit 1 2.057 5.856 0.018 3.981 

Failing to use personal 

intelligent assistant 1 0.057 0.122 0.727 3.981 

Failing to yield 

pedestrian 1 2.8 8.288 0.005 3.981 

Driving too closely 1 0.514 1.471 0.229 3.981 
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Frequently changing 

lanes 1 2.057 5.898 0.017 3.981 

Risk due to 

encroachments 1 0.128 0.75 0.389 3.981 

Failing to apply brakes 1 1.157 5.275 0.024 3.981 

Problems of mixed 

traffic 1 0.357 0.803 0.373 3.981 

Sounds horn in 

annoyance 1 2.8 6.664 0.011 3.981 

 

  Furthermore, the ANOVA analysis was run to measure the significance of risky driver 

behavior factors for Budapest drivers based on driving experience groups (< 1 year and ≥ 1 year). 

The ANOVA results showed that five items in DBQ were statistically significant such as ‘failing 

to comply with traffic light signal’ (Q1), ‘driving too closely’ (Q6), ‘failing to apply brakes’ (Q9), 

‘problems of mixed traffic’ (Q10) and ‘sounds horn in annoyance’ (Q11). These items have F-

values greater than F-critical and P-value less than 0.05. However, six items were observed 

statistically non-significant for observed driver groups as shown in Table 3.14. 

 
Table 3. 14: ANOVA analysis results based on driving experience groups for Budapest 

Questionnaire Items DF MS F P-value  F-critical 

Failing to comply with 

traffic light signal 1 2.057 8.079 0.005 3.981 

Failing to wear seat belt 1 0.228 0.68 0.412 3.981 

Disregard speed limit 1 0.914 2.484 0.119 3.981 

Failing to use personal 

intelligent assistant 1 0.514 1.118 0.293 3.981 

Failing to yield 

pedestrian 1 0.514 1.384 0.243 3.981 

Driving too closely 1 3.657 12.055 0.000 3.981 

Frequently changing 

lanes 1 0.228 0.608 0.438 3.981 

Risk due to 

encroachments 1 0.357 2.125 0.149 3.981 

Failing to apply brakes 1 2.414 12.020 0.000 3.981 

Problems of mixed 

traffic 1 2.414 5.827 0.018 3.981 

Sounds horn in 

annoyance 1 6.914 19.224 0.000 3.981 

 

  Similarly, in the case of Islamabad drivers, the ANOVA analysis was run to measure the 

significance of driver behavior factors based on age and driving experience. For age groups, the 
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ANOVA results showed that five items in DBQ were statistically significant such as ‘failing to 

comply with traffic light signal’ (Q1), ‘disregard speed limit’ (Q3), ‘driving too closely’ (Q6), 

‘failing to apply brakes’ (Q9) and ‘sounds horn in annoyance’ (Q11). While six items were 

observed statistically non-significant due to F-value less than F-critical and P-value greater than 

the significance level (0.05) as shown in Table 3.15. 

 

Table 3. 15: ANOVA analysis results based on age groups for Islamabad 

Questionnaire Items DF MS F P-value  F-critical 

Failing to comply with 

traffic light signal 1 9.657 19.153 0.000 3.981 

Failing to wear seat belt 1 1.157 2.450 0.122 3.981 

Disregard speed limit 1 3.214 6.549 0.012 3.981 

Failing to use personal 

intelligent assistant 1 1.157 2.055 0.156 3.981 

Failing to yield 

pedestrian 1 1.157 1.953 0.166 3.981 

Driving too closely 1 7.557 15.425 0.000 3.981 

Frequently changing 

lanes 1 2.057 3.558 0.063 3.981 

Risk due to 

encroachments 1 0.128 0.325 0.570 3.981 

Failing to apply brakes 1 4.628 11.038 0.001 3.981 

Problems of mixed 

traffic 1 0.514 0.991 0.322 3.981 

Sounds horn in 

annoyance 1 5.157 9.559 0.002 3.981 

 

  Finally, the ANOVA analysis was performed to measure the significance of risky driver 

behavior factors based on the driving experience. The ANOVA results showed that most DBQ 

items were statistically significant due to F-value greater than F-critical and P-value less than 0.05. 

While only three items in the sample were observed statistically non-significant such as ‘failing to 

wear seat belt’ (Q2), ‘risk due to encroachments’ (Q8) and ‘problems of mixed traffic’ (Q10) as 

shown in Table 3.16. 

 

Table 3. 16: ANOVA analysis results based on driving experience groups for Islamabad 

Questionnaire Items DF MS F P-value  F-critical 

Failing to comply with 

traffic light signal 1 13.728 31.9082 0.000 3.981 

Failing to wear seat belt 1 0.357 0.737 0.393 3.981 

Disregard speed limit 1 3.657 7.702 0.007 3.981 

Failing to use personal 

intelligent assistant 1 2.414 4.709 0.033 3.981 
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Failing to yield 

pedestrian 1 5.157 9.664 0.002 3.981 

Driving too closely 1 12.014 28.310 0.000 3.981 

Frequently changing 

lanes 1 2.8 4.936 0.029 3.981 

Risk due to 

encroachments 1 1.157 3.046 0.085 3.981 

Failing to apply brakes 1 9.657 27.961 0.000 3.981 

Problems of mixed 

traffic 1 0.914 1.783 0.186 3.981 

Sounds horn in 

annoyance 1 4.128 7.443 0.008 3.981 

 

 

3.5    Conclusions 
 

This paper evaluated and compared the risky driver behavior factors related to road safety with the 

help of self-assessment Driver Behavior Questionnaire (DBQ) for different driving cultures by 

considering important drivers characteristics. The questionnaire survey considered 11 driver 

behavior items designed on a three-point scale (1=often, 2=sometimes, 3=never) for convenience 

of statistical analysis. Firstly, the study measured the frequency of risky driver behavior factors 

based on driver’s response data for Budapest and Islamabad based on statistical analysis. 

Accordingly, many significant differences were observed for several DBQ items between two 

specified drivers’ groups. Furthermore, the comparison charts found that drivers in Islamabad are 

more likely to involve in specified risky driving behaviors as compared to Budapest drivers. 

However, the factor analysis indicated that some driver behavior factors such as ‘disregard speed 

limits’, ‘driving too closely’ and ‘frequently changing lanes’ need improvements for both drivers’ 

groups.  

       The study further evaluated the risky driver behavior factors based on age and driving 

experience for Budapest and Islamabad. The study mainly assessed the DBQ responses by 

considering two age (18-21 & 22-25 year) and driving experience (<1 & ≥1 year) groups. The 

DBQ results found significant differences in risky driver behavior factors between observed 

groups. For Budapest drivers with age group (18-21) years, the most frequent observed driver 

behavior factors were ‘disregard speed limit’ and ‘frequently changing lanes’. While for drivers 

with age group (22-25) years, the most frequent observed driver behavior factor was ‘failing to use 

personal intelligent assistant’. Furthermore, for Budapest drivers with driving experience less than 

one year, the most frequent observed driver behavior factors were ‘disregard speed limits’ and 

‘failing to use personal intelligent assistant’. While for drivers with driving experience equal to or 

greater than one year, the most frequent observed driver behavior factor was ‘failing to use 

personal intelligence assistant’. For Islamabad drivers with age group (18-21) years, the most 
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frequent observed driver behavior factors were ‘failing to use personal intelligent assistant’ and 

‘failing to yield pedestrian’. While for drivers with age group (22-25) years, the most frequent 

observed driver behavior factor was ‘failing to use personal intelligent assistant’. Moreover, for 

Islamabad drivers with driving experience less than one-year, the most frequent observed driver 

behavior factor was ‘failing to yield pedestrian’. While for drivers with driving experience equal 

to or greater than one-year, the most frequent observed driver behavior factor was ‘failing to use 

personal intelligent assistant’. Moreover, the relative risk was measured between designated 

groups which estimate that how much times one drivers’ group is more likely to involve in risky 

driver behavior factors for road safety as compared to the other group in sample. Also, the 95% 

confidence interval was measured which evaluates the 95% certainty that observed RR is 

statistically significant, if its value different from 1.0, otherwise the observed RR will not be 

statistically significant. Finally, the study performed ANOVA analysis to measure the significance 

of risky driver behavior factors between specified groups. The significance level was set 0.05. The 

ANOVA analysis results noticed that most items in DBQ are statistically significant and few items 

are not statistically significant. 

       This study is investigative in providing the basic analysis of the risky driver behavior factors 

which could involve in traffic accidents while considering important driver’s characteristics. The 

investigation showed that Islamabad drivers are more concerned in traffic safety issues which can 

be explained due to increased traffic, uncontrolled traffic, high numbers of motorbikes on the road, 

reckless driving behavior and unawareness of traffic rules. While the Budapest drivers are 

observed more discipline in traffic safety due to better traffic planning, traffic control and 

improved driver behavior. Moreover, the results depict that age and driving experience play a 

significant role in safe movements on road.  

      The traffic regulation authorities in Pakistan should take solid steps to mitigate pointed traffic 

safety issues of mainly young drivers. There is a need to develop effective safety measures that 

will be capable of countering the optimism of young drivers regarding their driving skills. The 

study results could be a helpful evaluation to highlight the risky driver behavior factors based on 

age and driving experience for Budapest and Islamabad. The highlighted risky driver behavior 

factors should be more focused by local policymakers to solve road safety issues. Also, traffic 

safety campaigns based on mainly the driver’s compliance with speed limits, lane-changing rules 

and use of intelligent traffic systems should be held in educational institutes to address the 

considerations, which may lead to improved perceived risk and lower engagement in risky driving 

behaviors. However, there is a need for more research with the use of naturalistic tools to 

investigate comprehensively the risky driver behavior factors that influence road safety.  
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3.6    Thesis 1 
 

I evaluated and compared the risky driver behavior factors related to road safety based on 

important drivers’ characteristics by utilizing the self-reported DBQ survey for Budapest and 

Islamabad. I computed the relative risk which shows the likelihood risk of one driver group for 

observed driver behavior factors as compared to the other specified group in the sample. I applied 

the well-designed ANOVA analysis to measure the statistical significance of DBQ items for 

different driving cultures by considering different drivers characteristics. 
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Chapter 4 
 

Evaluation and ranking of significant driver behavior criteria 

for road safety by applying Multi-Criteria Decision-Making 

(MCDM) methods 
 

4.1    Short summary 
 

Road safety is an important parameter and it is influenced by many criteria. Human behavior is 

one of the most significant criteria that affect road safety. The identification and categorization of 

significant driver behavior criteria can play a key role to solve road safety issues. The main aim of 

this chapter is to evaluate and rank the most significant driver behavior criteria related to road 

safety. The study utilized the Driver Behavior Questionnaire (DBQ) designed on Saaty scale and 

fuzzy scale to measure the significant driver behavior criteria for road safety. For analysis purpose, 

the well-proved Multi-Criteria Decision-Making (MCDM) methods were utilized such as 

Analytical Network Process (ANP), Analytical Hierarchy Process (AHP) and Fuzzy Analytical 

Hierarchy Process (FAHP). Accordingly, the pairwise comparisons are further utilized to analyze 

the driver behavior criteria which have high or less significance for road safety based on evaluator 

responses. Firstly, the ANP application was applied based on the Saaty scale to evaluate and 

compare the driver behavior criteria affecting road safety. Secondly, the AHP application was 

applied to examine the driver behavior criteria and sub-criteria designed in a three-level 

hierarchical structure. The primary step of the methodology was to construct a hierarchy structure 

for the observed driver behavior criteria. The proposed approach enables the evaluator groups to 

assign weights to each criterion and rank the criteria related to road safety. Finally, the FAHP was 

applied based on the fuzzy scale to overcome the uncertainty of the driver’s response by capturing 

the ambiguity of human thinking style. The proposed findings of this chapter could be convenient 

to promote safe driving behaviors and highlight the information based on road safety solutions. 

 

4.2    Introduction 
 

Human factors in combination with other traffic related factors have been estimated to be a sole or 

leading causal factor in approximately 90% of road traffic accidents (NHTSA, 2008; Evans, 2004; 

Lewin, 1982; Rumar, 1985). Many driver behavior factors were found dynamic, conscious rule 

violations and errors due to less driving experience, while others are the result of inattention, 

momentary mistakes or failure to perform the function, the latter often related to age (Stanton and 
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Salmon, 2009; Wierwille et al., 2002). The previous study focused on the fundamental factors 

solely related to road safety. It was observed that the basic factors related to the driver which 

directly influence on road safety were such as driving behavior, driver's perception of traffic risks 

and driving experience (Juan de Ona et al., 2014). Different driving characteristics in different 

driving states identified the uncertain and complex attitude of individuals (Na Lin et al., 2014). 

Most of the papers in the scientific literature in this area focused on statistical analysis based on 

driver response data such as (Stanojevic et al., 2018; Cordazzo et al., 2016; De Oña et al., 2014), 

but these studies lack a study regarding the decision of the most significant driver behavior criteria 

affecting road safety. 

       In scientific literature, the Driver Behavior Questionnaire (DBQ) has been most commonly 

used as a tool for examining the drivers to rate the significance of risk-elevating behaviors. The 

Driver Behavior Questionnaire (DBQ) was developed by Reason et al., (1990) and refined by 

Parker et al., (1995). A structure comprised of slips/lapses, errors, ordinary violations and 

aggressive violations has been broadly simulated, although the distinction between ordinary and 

aggressive violations is not always obtained at the factor or component level. Overall, the original 

three or four-factor (errors, lapses, aggressive and ordinary violations) structure has been broadly 

replicated in studies conducted in the UK (Lajunen et al., 2004; Lawton et al., 1997; Parker et al., 

2000; Rimmö, 2002). 

       Many studies have applied multi-criteria decision making (MCDM) applications to evaluate 

human behavior (Furda and Vlacic, 2011; Yan and Xiansheng, 2009; Korhonen and Wallenius, 

1997). A review of road safety models in specified literature showed that many researchers 

proposed approaches based on multi-criteria decision-making analysis to compute the road safety 

problems (Nanda and Singh, 2018; Haghighat, 2011; Shi, 2009; Hermans et al., 2008). Some 

studies utilized a multi-criteria decision-making analysis for road safety performance evaluation 

(Bao et al., 2012; Rosić et al., 2017). Analytic network process (ANP) is one of the MCDM 

technique that reflects the real situation of complex problems in which factors act in a non-

hierarchical way. ANP provides a deeper insight into complex decisions based on pairwise 

comparisons rather than simple statistical survey (Saaty, 1996). Analytic network process (ANP) 

was utilized as the principal scientific hypothesis to consider the interrelation between the factors 

(Öztürk, 2006). 

       The analytical hierarchy process (AHP) is a robust and potent decision-making methodology, 

which was developed by Saaty (1980) to simplify the tricky decision problems. AHP method helps 

the analyst not only to identify the key factors but also to determine the allocation of resources and 

consider different tangible and non-tangible preferences. AHP was widely used to make efficient 

and effective decisions on decision-making problems for multiple fields like civil engineering, 

transport engineering and industrial engineering (Duleba and Moslem, 2018; Kokangül et al., 

2017; Wang et al., 2014; Wang et al., 2016). However, the AHP method creates and deals with a 

very unbalanced scale of judgment and it does not consider the uncertainty associated with the 

mapping of human judgment to a number by natural language (Toth and Vacik, 2018). The 

prioritizing of the AHP approach is rather imprecise and the subjective judgment by perception, 
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evaluation, improvement and selection based on the preference of decision-makers have a great 

influence on AHP outcomes. To manage these tricky problems, many researchers integrate fuzzy 

theory with AHP called as FAHP to evaluate effective results (Duleba and Moslem, 2019; Chen 

et al., 2018; Ghorabaee et al., 2017; Deng et al., 2014; Duleba and Moslem, 2018). The significance 

of driver behavior criteria and sub-criteria for road safety based on previous studies is discussed 

in Table 4.1.  

 
Table 4. 1: Summary of significant driver behavior criteria related to road safety 

Driver behavior 

criteria 
Importance for road safety 

Violations 
Road Traffic Violations (RTVs) are the most critical that cause certain 

risk to other road users (Stradling et al., 2000) 

Lapses 
Lapses were noticed as a predictor in accident involvement among other 

predictors in a Qatar-based study (Bener et al., 2008) 

Errors 
It has been argued that both driving errors and driving style are correlates 

of crash involvement (Winter and Dodou, 2020) 

Ordinary violations  
The study results also confirm the importance of ordinary violations as a 

correlate of crash involvement (Winter and Dodou, 2020) 

Aggressive violations  
Aggressive violations were significant correlates of crash involvement 

but with strong connection with ordinary violations (Rowe et al., 2014) 

Driver inattention  

Klauer et al., (2006) determined that approximately 25–30% of traffic 

conflicts are related to driver inattention but argued that the true 

involvement of inattention may be as high 70% (Klauer et al., 2006) 

Pull away from traffic 

lights in wrong gear 

The UK-based study identified “Pull away from traffic lights in wrong 

gear” as aberrant driver behavior (Stradling et al., 2000) 

Hit something when 

reversing that hadn’t 

seen 

“Hit something when reversing that hadn’t seen” was loaded highest with 

one other factor in factor analysis (Bener et al., 2013) 

Visual perception 

failure 

Perception failure (both on the part of the rider and other road users) was 

examined as the most common factor in crashes (ACEM, 2004) 

Visual scan wrongly 
Wide visual scanning is an important element of safe driving (Pradhan et 

al.,2014) 

Fail to apply brakes in 

road hazards 

“Hazard-based duration model” was developed to investigate the effects 

of vehicle dynamic variables on a driver’s braking behavior (Bella and 

Silvestri, 2015) 

Fail to use personal 

intelligence 

Intelligent transport system is helping to change the safety focus from 

minimizing the consequences of crashes (Khorasani et al., 2013) 
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Fail to maintain safe 

gap 

Gap-acceptance was found as one of the most important factors of traffic 

safety at intersections (Niezgoda et al., 2012) 

Frequently changing 

lanes 

Risk exposure level specifies how long a subject vehicle is exposed to a 

hazardous situation that could possibly lead to a crash while making a 

lane change (Park et al., 2018) 

Disobey speed limits  

Speeding is one of the serious and most common aberrant driving 

behaviors that negatively affect the safety of the violators themselves and 

the whole motorized community (Hassan et al., 2013) 

Fail to yield 

pedestrian 

In terms of contributing factors, 14.2% of fatalities were attributed to 

failure to yield right of way at the crossing (NHTSA, 2008) 

Disobey traffic lights 
One of the possible causes for the high number of crashes and injuries is 

due to beating traffic lights (Subramaniam et al., 2015) 

No deterrence of 

punish 

A 2016 meta-analysis indicated that fine increases between 50 and 100% 

are associated with a 15% reduction in traffic violations (Goldenbeld, 

2017) 

Disobey overtaking 

rules 

It was analyzed that dangerous overtaking accounted for 41% of all 

drivers who died in traffic in 2006 (Ian, Walker, 2007) 

Drive with alcohol use 

Even with a small amount of alcohol consumption, drivers are twice 

likely to be involved in traffic accidents than sober drivers (Arnedt et al., 

2000) 

 

       The main aim of this chapter is to evaluate and rank the most significant driver behavior 

criteria related to road safety based on MCDM methods. The study utilized Driver behavior 

questionnaire (DBQ) as a tool to collect driver behavior response data from observed evaluator 

groups. Firstly, Analytical Network Process (ANP) was applied to evaluate the significant driver 

behavior factors designed on Saaty scale. The pairwise comparison method was utilized to assign 

each driver behavior criteria a quantitative weight and rank accordingly. Furthermore, the Analytic 

Hierarchy Process (AHP) was applied for the assessment of significant driver behavior criteria 

affecting road safety. The primary step of the methodology was to construct a hierarchy structure 

for the driver behavior criteria and sub-criteria. The AHP application enables the decision-makers 

to better understand the complex relationships of the significant driver behavior criteria related to 

road safety in the decision-making which subsequently helps in improving the reliability of 

decisions for sustainable traffic safety. Moreover, the FAHP approach was applied to identify and 

rank the driver behavior criteria based on fuzzy scale. Driver behavior has been considered as 

complex and uncertain, therefore, the FAHP was applied to overcome this problem by capturing 

the ambiguity of human thinking style to solve road safety issues. 
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4.3    Methodology 

4.3.1    Analytical Network Process (ANP) 

 

Sample characteristics 

 

Driver Behavior Questionnaire (DBQ) designed on Saaty’s scale was used to measure the risky 

driver behavior factors related to road safety. The questionnaire survey considered two evaluator 

groups from the faculty of transportation engineering and vehicle engineering department having 

driving experience listed here: ((Experienced drivers who have more than twenty years driving 

experience) + (Young drivers who have less than two years driving experience)). For DBQ data 

collection, the participants were approached and asked to fill the questionnaire on perceived road 

safety issues in Budapest University of Technology and Economics. Although, the evaluator 

number of the questionnaire survey was not statistically representative. Solomon (2006) 

highlighted in his phenomenon "Wisdom of crowds" that 20 evaluators can provide an extreme 

opinion. Some important characteristics of participants related to age, gender and driving 

experience are mentioned in Table 4.2.  

 

Table 4. 2: Sample characteristics 

Variables Experienced drivers Young drivers 

N 40 40 

Age 

Mean 

SD 

 

43.274 

4.672 

 

21.635 

2.037 

Gender (1=male,0=female) 

Mean 

SD 

 

0.873 

0.253 

 

0.815 

0.317 

Duration of Driving License 

Mean 

SD 

 

21.326 

3.714 

 

1.852 

1.341 

 

 

Driver behavior factors 

 

The ANP study considered the thirteen risky driving attitudes related to road safety designed on 

Saaty’s scale for the convenience of pairwise comparisons (PCs). These driver behaviors factors 

have the direct influence on road safety. Also, these factors have been considered significant for 

safe movements of drivers themselves and other road users. The driver behavior factors were 

symbolized from F1 to F13 for convenience of ANP analysis as shown in Table 4.3. 
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Table 4. 3: Driver behavior’s factors selected for ANP analysis 

Factors Description 

F1 Driver attention 

F2 Driver visual perception 

F3 Obeying speed limits 

F4 Use personal intelligent assistant 

F5 Respect yielding/priority rules 

F6 Maintain safe gap between vehicles 

F7 Avoid frequently changing lanes 

F8 Comply traffic lights/signals 

F9 Applying brakes at hazardous situations 

F10 Deterrence of punish for traffic violations 

F11 Traffic scan accurately 

F12 Obeying overtaking rules 

F13 Driving without alcohol use 

 

 

ANP procedure 

 

ANP is a dynamic process that reflects the real situation of the complex problems in which factors 

act in a non-hierarchical way. The Analytic Network Process (ANP) was developed by Saaty 

which examine the complex interrelationships among factors and decision levels. The ANP 

provides a deeper insight into complex decisions based on pairwise comparisons rather than simple 

statistical survey (Saaty, 1994; Saaty, 1996; Saaty, 2005). According to ANP approach, the first 

step of the analysis consists of filling the pairwise comparison matrices (PCM) by utilizing the 

Saaty’s nine-point scale (1-9). The fundamental ratio scale consists of numerical values which 

provide different sorts of information as shown in Table 4.4. For example, digit one represents 

equal importance of both elements and digit nine represents extreme importance of one element 

over another.  

 

Table 4. 4: Judgment scale of relative importance for pairwise comparison (Saaty’s, 1977) 

Numerical 

values 
Verbal scale 

 
Explanation 

 

1 
Equal importance of 

both elements  

 Two elements contribute 

equally   

3 

Moderate importance 

of one element over 

another  

 Experience and judgment favor 

one element over another   

5 

Strong importance of 

one element over 

another  

 

An element is strongly favored   

7 

Very strong importance 

of one element over 

another  

 
An element is very strongly 

dominant  
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9 

Extreme importance of 

one element over 

another  

 
An element is favored by at 

least an order of magnitude  
 

2,4,6,8 Intermediate values  
 Used to compromise between 

two judgments  

 

      

The main eigenvector of each pairwise comparison matrix (PCM) represents the combination of 

the numerical judgments created at each level of the network as shown in Figure 4.1. In the applied 

ANP approach, all the results are determined by using the Super decision software. 

 

 

Figure 4. 1: Supermatrix of the analytic network process approach (Saaty, 2005) 

 

After generating the aggregated matrices, the eigenvectors of the aggregate matrices are further 

measured in the procedure by applying Equation 4.1. As we know that the principal eigenvector is 

the priority vector of a consistent matrix. 

 

𝑤𝐴𝑖 = 
𝑤𝑗

𝑤
 

𝑤𝑖𝑗

∑ 𝑤𝑖𝑘
𝑛
𝑘=1

= (
𝑤𝑗

𝑤
 

1

∑ 𝑤𝑖𝑘
𝑛
𝑘=1

) 𝑤𝑖𝑗      (4.1) 

 

Where 𝑗 = 1,… ,𝑚, 𝑤 =  ∑ 𝑤𝑗
𝑚
𝑖=1 ; wj > 0 (𝑗 = 1,… ,𝑚) represents the related weight coordinate 

from the previous level; 𝑤𝑖𝑗  > 0 ( 𝑖 = 1, . . . , n) is the eigenvector computed from the matrix in 

the current level, 𝑤𝐴𝑖 (𝑖 = 1,… . , 𝑛) is the calculated weight score of current level’s elements.  

 

The pair-wise comparison matrix can pass the consistency test, if the consistency ratio 𝐶𝑅 =  
𝐶𝐼

𝑅𝐼
<

 0.1 (Saaty, 1991). 
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Where CI is the consistency index and its formula is written here: 

 

𝐶𝐼 =  
𝜆𝑚𝑎𝑥−𝑛

𝑛−1
                        (4.2) 

 

  max is the maximum eigenvalue (also known the principal eigenvalue) and n is the number of 

rows in the matrix.  

 

Where R.I. is the average random index based on matrix size and can be determined as follow: 

 
Table 4. 5: RI indices from randomly generated matrices 

n 1 2 3 4 5 6 7 8 

RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41 

 

The eigenspace of the n × n matrix A corresponding to the eigenvalue λmax of A is the set of all 

eigenvectors of A corresponding to λmax. 

 

If 𝐴 is a consistent square matrix, then equivalent equation in standard form will be: 

 

𝐴𝑤 =  λmax 𝑤 .           (4.3) 

 

Then eigenvector W can be calculated as (A − λmax).W = 0 

 

For aggregating collected data, the geometric mean aggregation method was applied, because it is 

the most common group preference aggregation method in AHP and ANP approaches (Aczél and 

Saaty, 1983; Saaty, 1989). 

 

If “h” evaluators exist in the procedure 

 

 𝑓(𝑥1, 𝑥2, … , 𝑥ℎ) = √∏ 𝑥𝑎𝑖𝑗𝑘
ℎ
𝑘=1

ℎ
     (4.4) 

 

Where 𝑎𝑖𝑗𝑘 denotes entries in the position (i, j) of PCM-s, filled in by the kth evaluators. 
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4.3.2    Analytical Hierarchy Process (AHP) 

 

Sample characteristics 

 

The AHP study is designed to enumerate the significant driver behavior criteria associated with 

road safety. The DBQ survey is used as a tool in a personal interview with three evaluator groups 

in Budapest city, Hungary. First drivers’ group consists of foreign divers having a Hungarian 

driver license with considerable driving experience. Accordingly, the foreign drivers in Hungary 

have been observed to involve in specific behavior which causes road accidents. A driver’s license 

can be issued to foreign citizens in Hungary who have stayed six months in Hungary before the 

issuance of the driver’s license. The second group consists of experienced drivers with high driving 

experience. The third group consists of young drivers with less driving experience. The study is 

illustrated for thirty-five randomly selected participants for each group. These participants were 

asked to provide linguistic judgement data based on the AHP questionnaire. 

     The questionnaire survey is based on two parts: the first part aims to collect demographic data 

about the participants and results are tabulated in Table 4.6. The second part aims to explore and 

study the driver behavior criteria for road safety as discussed in the results and discussion section.   

 
Table 4. 6: Demographic characteristics of participants 

Variables Foreign drivers Experienced drivers Young drivers 

N 35 35 35 

Age 

Mean 

SD 

   

32.246 

 5.641 

 

38.274 

3.672 

 

21.635 

2.737 

Gender (1=male,0=female) 

Mean 

SD 

 

1.0 

0.0 

 

0.883 

0.353 

 

0.785 

0.317 

Duration of Driving License 

Mean 

SD 

 

3.523 

2.721 

 

17.326 

2.714 

 

1.852 

1.041 

Driver Occupation 

(1=job,0=student) 

Mean 

    SD 

 

 

0.912 

0.542 

    

            

    1.0 

    0.0 

 

          

    0.361 

    0.648 

 

 

Driver behavior criteria 

 

The aim of the AHP method is to signify the most critical driver behavior factors related to road 

safety. The methodological part categorized the significant driver behavior criteria into three-level 

hierarchical model. The first level carried three main driver behavior criteria such as “Lapses”, 

“Violations” and “Errors”. The second level distributes the main driver behavior criteria into the 
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related sub-criteria. Subsequently, the third level considers the further distribution of two sub-

criteria such as ordinary and aggressive violations into relevant sub-criteria. The following 

hierarchical structure was created as shown in Figure 4.2. 

 

 
Figure 4. 2: The hierarchical structure of driver behavior criteria related to road safety 

 

AHP procedure 

 

Analytic hierarchy process (AHP) is a mathematical device in multi-criteria decision-making 

which designs the decision factors in a hierarchical problem structure (Saaty, 1994). The experts 

estimated the relative measurement between the criterion and the alternatives using pairwise 

comparison (PC) proposed by Saaty (1977). The questionnaire survey was arranged according to 

the pairwise comparison matrices (PCM-s) and binary comparisons were performed from decision 

options to examine the relative weight (significant criteria or priority). While creating a binary 

comparison matrix, each element weight (Wi) was compared with another element weight (Wj) in 

the structure using Saaty’s eigenvector method. Accordingly, as an example matrix with 

theoretical values, the principal eigenvector of the matrix exhibited the maximum eigenvalue of 

six is shown in Table 4.7. This can be extended to any sized consistent PCM. However, in AHP, 

the evaluators most likely do not evaluate PCM-s consistency by the provided Saaty-scale. 

 
Table 4. 7: The structure of a (6×6) consistent theoretical PC matrices 

w1/w1 w1/w2 w1/w3 w1/w4 w1/w5 w1/w6 

w2/w1 w2/w2 w2/w3 w2/w4 w2/w5 w2/w6 
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w3/w1 w3/w2 w3/w3 w3/w4 w3/w5 w3/w6 

w4/w1 w4/w2 w4/w3 w4/w4 w4/w5 w4/w6 

w5/w1 w5/w2 w5/w3 w5/w4 w5/w5 w5/w6 

w6/w1 w6/w2 w6/w3 w6/w4 w6/w5 w6/w6 

 

 

    Saaty (1978, 2001) suggested a 1–9 fundamental scale to compare two elements with respect 

to the criteria. For simplicity, let 𝐴 = (𝑎𝑖𝑗)𝑛. 𝑛 be a pair-wise matrix with n criteria (n≥3, i, j = 

1,2, . . ., n). 

 

A comparison matrix ‘A’ is positive reciprocal matrix, if 𝑎𝑖𝑖 = 1, 𝑎𝑖𝑗 > 0 and: 

 

        𝑎𝑖𝑗 = 1/𝑎𝑗𝑖                         (4.5) 

 

𝑎𝑖𝑘 = 𝑎𝑖𝑗. 𝑎𝑗𝑘                                   (4.6) 

 

Participants were asked to indicate how often they committed each of the examined driver behavior 

factors based on a Saaty scale (1977).  

 

While the empirical matrices filled by the evaluators are generally not consistent in the eigenvector 

method, but the calculation of the eigenvector coordinates is the same as for consistent matrices. 

Because of this, Saaty invented the consistency check in AHP that ensures that all matrices meet 

the consistency criterion of acceptable inconsistency.  

 

                      CI =  
𝜆𝑚𝑎𝑥−𝑚

𝑚−1
                                                (4.7)  

 

Where CI is the consistency index, λmax is the maximum eigenvalue of the PCM and n is the 

number of rows in the matrix. CR can be determined by following formula:  

 

                                                       𝐶𝑅 =  
𝐶𝐼

𝑅𝐼
                                                             (4.8)                                                                 

                                                                 

Where RI is the average random index based on matrix size as shown in Table 4.8.  

 
Table 4. 8: RI indices from randomly generated matrices 

n 1 2 3 4 5 6 7 8 

RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41 

 

In AHP, the acceptable value of Consistency Ratio (CR) is CR < 0.1, where A considered a 

consistent matrix. 
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The eigenspace of the n × n matrix A corresponding to the eigenvalue λmax of A is the set of all 

eigenvectors of A corresponding to λmax. 

 

If A is a consistent matrix, then the eigenvector w can be calculated by finding its maximum 

eigenvalue.  

 

𝐴𝑤 =  λmax 𝑤              (4.9) 

 

(𝐴 − λmax . 𝐼) 𝑤 = 0                                                (4.10)                                            

 

For aggregating evaluators’ answers, the most popular aggregation procedure, the geometric mean 

was employed (Krejčí and Stoklasa, 2018). 

 

If “h” evaluators take part in the procedure, an aggregated matrix is to be created as 

 

  𝑓(𝑥1,𝑥2, … . , 𝑥ℎ  ) = √∏ 𝑥𝑘
ℎ
𝑘=1  

ℎ
                            (4.11) 

 

where  𝑥1,𝑥2, … . , 𝑥ℎ,denotes entries, in the same position (𝑖, 𝑗), of PCM-s filled in by the (𝑘𝑡ℎ) 

evaluators. 

 

Afterwards, the right-side eigenvector is to be computed by Equation (4.12) for the aggregated 

matrices and final weight scores are gained by multiplying the eigenvector coordinates with the 

respective coordinates from the previous level of the hierarchy. 

 

The calculation process starts by aggregating the ranking of the factor i through the following 

equation: 

 

𝑅𝑖 = ∑ 𝑟𝑖𝑗  
𝑚
𝑗=1        (4.12) 

 

Where 𝑅𝑖 is the aggregated ranking of the factor 𝑖, 𝑟𝑖𝑗 is the rank given to factor i by the evaluator 

group 𝑗,  𝑚 is the number of rater groups rating 𝑛 factors. 
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4.3.3    Fuzzy Analytical Hierarchy Process (FAHP) 

 

Sample characteristics 

 

FAHP was applied to analyze the designated driver behavior criteria designed on analytical 

hierarchical structure (Figure 4.2). The questionnaire survey consists of two parts related to 

demographic characteristics and a dynamic survey designed on Saaty scale. The dynamic DBQ 

included twenty specified driver behavior factors related to road safety designed on a hierarchical 

structure for the convenience of pairwise comparisons (PCs). For a DBQ data collection, the 

randomly selected sixty participants in Budapest were approached and asked to fill the 

questionnaire on perceived road safety issues. The study considered two groups of drivers named 

such as experienced drivers having driving experience greater than fifteen years and young drivers 

having driving experience less than two years. The participants were asked to indicate their age, 

gender and driving experience on a designed driver behavior questionnaire. The demographic 

characteristics of drivers are listed in Table 4.9. 

 
Table 4. 9: Demographic characteristics of participants 

Variables Experienced drivers Young drivers 

N 30 30 

Age 

Mean 

SD 

 

35.274 

3.672 

 

21.635 

2.737 

Gender (1=male,0=female) 

Mean 

SD 

 

 

0.883 

0.353 

 

 

0.785 

0.317 

Duration of Driving License 

Mean 

SD 

 

17.326 

2.714 

 

1.852 

1.041 

 

Fuzzy AHP procedure 

The earliest work in fuzzy AHP appeared in Van Laarhoven and Pedrycz (1983) study, which 

compared the fuzzy ratios designated by triangular membership functions. While Chang (1996) 

introduced a new level analysis approach for the synthetic extent standards of pairwise comparison 

for handling fuzzy AHP. This method uses the triangular fuzzy numbers as a pairwise comparison 

scale for estimating the priorities of factors and sub-factors. Also, dynamic modeling using fuzzy 

AHP has proven to be an effective method for framing decision problems where the information 

available is subjective and imprecise (Enea et al., 2004, Ertugrul et al., 2009, Haq et al., 2006, 

Deviren et al.,2008, Naghadehi et al., 2009, Mancan et al., 2011).  

For the considered decision problem, the fuzzy logic was used by designing a survey 
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questionnaire with triangular FN scales. This mathematical concept has been employed by Sun 

(2010) and Hsieh et al., (2004). A fuzzy number A ̃ on R to be a triangular fuzzy number (TFN), 

if its membership function μA ̃(x): R→ [0,1] is equal to the following equation: 

 

                                                 𝜇�̃�(𝑥) = {

𝑥−1

𝑚−1
,        𝑙 ≤ 𝑥 ≤ 𝑚

𝑢−𝑥

𝑢−𝑚
,        𝑚 ≤ 𝑥 ≤ 𝑢

0,               otherwise

   (4.13) 

 

From Eq. (4.13), l and u mean the lower and upper bounds of the fuzzy number A ̃ and m is the 

modal value for A ̃.  The TFN can be denoted by A ̃= (l, m, u). The operational laws of TFN 〖A ̃ 

〗_1= (l_1, m_1, u_1) and 〖A ̃ 〗_2= (l_2, m_2, u_2) are displayed as following equations (4.14) 

– (4.18): 

 

Addition of the fuzzy number ⨁ 

 

�̃� 1 ⨁�̃� 2 = (𝑙1,𝑚1, 𝑢1) ⨁ (𝑙2,𝑚2, 𝑢2)  = (𝑙1 + 𝑙2, 𝑚1 + 𝑚2, 𝑢1 + 𝑢2)                               (4.14)            

 

Multiplication of the fuzzy number ⨂ 

 

�̃� 1 ⨂�̃� 2 = (𝑙1, 𝑚1, 𝑢1) ⨂ (𝑙2, 𝑚2, 𝑢2) = (𝑙1𝑙2, 𝑚1𝑚2, 𝑢1𝑢2) for 𝑙1, 𝑙2 > 0;𝑚1, 𝑚2 > 0; 𝑢1𝑢2 > 0    (4.15) 

 

Subtraction of the fuzzy number ⊝ 

 

�̃� 1  ⊝ �̃� 2 = (𝑙1,𝑚1, 𝑢1)  ⊝ (𝑙2,𝑚2, 𝑢2)  = (𝑙1 − 𝑢2, 𝑚1 −,𝑚2, 𝑢1 − 𝑙2)     (4.16)                                                         

  

Division of a fuzzy number ∅ 

 

�̃� 1 ∅�̃� 2 = (𝑙1, 𝑚1, 𝑢1) ∅ (𝑙2, 𝑚2, 𝑢2) = (
𝑙1

𝑢2
,
𝑚1

,𝑚2
,
𝑢1

𝑙2
) for 𝑙1, 𝑙2 > 0;𝑚1, 𝑚2 > 0; 𝑢1𝑢2 > 0               (4.17) 

 

Reciprocal of the fuzzy number 

 

�̃� −1 = (𝑙1,𝑚1, 𝑢1) 
−1 = (

1

𝑢1
,

1

𝑚1
,

1

 𝑙1
)  for   𝑙1, 𝑙2 > 0;𝑚1, 𝑚2 > 0; 𝑢1𝑢2 > 0           (4.18)           

 

The computational technique is based on the following fuzzy numbers (Table 4.10) that was 

defined by (Gumus, 2009; Sun, 2010). 
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Table 4. 10: Membership function of linguistic scale 

Fuzzy number Linguistic Scale of fuzzy number 

9 Perfect (8, 9, 10) 

8 Absolute (7, 8, 9) 

7 Very good (6, 7, 8) 

6 Fairly good (5, 6, 7) 

5 Good (4, 5, 6) 

4 Preferable (3, 4, 5) 

3 Not bad (2, 3, 4) 

2 Weak advantage (1, 2, 3) 

1 Equal (1, 1, 1) 

 

     The utilized PC matrices are created based on the hierarchical structure of the criteria. 

Linguistic terms are assigned to the PCs by considering which criteria is more important than the 

other with respect to the main one, as A ̃ is the bigger matrix (6×6) in the study. 

 

�̃� =  

[
 
 
 
 
 

1 �̃�12 �̃�13

�̃�21 1 �̃�23

�̃�31 �̃�32 1

�̃�14 �̃�15 �̃�16

�̃�24 �̃�25 �̃�26

�̃�34 �̃�35 �̃�36

�̃�41 �̃�42 �̃�43

�̃�51 �̃�52 �̃�53

�̃�61 �̃�62 �̃�63

1 �̃�45 �̃�46

�̃�54 1 �̃�56

�̃�64 �̃�65 1 ]
 
 
 
 
 

 =  

[
 
 
 
 
 

1 �̃�12  �̃�13

1/�̃�12 1 �̃�23

1/�̃�13 1/�̃�23  1

�̃�14    �̃�15 �̃�16

�̃�24    �̃�25 �̃�26

�̃�34     �̃�35  �̃�36

1/�̃�14 1/�̃�24 1/�̃�34

1/�̃�15 1/�̃�25 1/�̃�35

1/�̃�16 1/�̃�26 1/�̃�36

1  �̃�45 �̃�46

1/�̃�45 1 �̃�56

1/�̃�46 1/�̃�56 1 ]
 
 
 
 
 

        (4.19) 

 

where 

 

�̃�𝑖𝑗 = {
9̃−1, 8̃−1, 7̃−1, 6̃−1, 5̃−1, 4̃−1, 3̃−1, 2̃−1, 1,̃  2̃, 3̃, 4̃, 5̃, 6̃

7̃, 8̃, 9̃,                                                                      𝑖 ≠ 𝑗
1                                                                               𝑖 = 𝑗

 

 

For aggregating the fuzzy weights, the fuzzy geometric mean was used (Hsieh et al., 2004). 

 

�̃�𝑖 = (�̃�𝑖1 ⨂ �̃�𝑖2 ⨂ �̃�𝑖3⨂ �̃�𝑖4 ⨂ �̃�𝑖5 ⨂ �̃�𝑖6)
1/𝑛                             (4.20) 

 

�̃�𝑖 = �̃�𝑖 [�̃�1⨁ �̃�2 ⨁ �̃�3 ⨁ �̃�4 ⨁ �̃�5⨁ �̃�6]
−1       (4.21) 

  

where �̃�𝑖𝑗 is the fuzzy comparison value of dimension 𝑖 to criterion j, thus, �̃�𝑖 is a geometric mean 

of fuzzy comparison value of criterion 𝑖 to each criterion, �̃�𝑖 is the fuzzy weight of the 𝑖th criterion, 

can be indicated by a TFN, �̃�𝑖 = (𝑙𝑤𝑖, 𝑚𝑤𝑖, 𝑢𝑤𝑖). The 𝑙𝑤𝑖, 𝑚𝑤𝑖 and  𝑢𝑤𝑖 stand for the lower, 

middle and upper values of the fuzzy weight of the 𝑖 -th dimension. 
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4.3.4    Kendall’s agreement test 

 

The need of ranking the factors is very familiar in management, engineering, education, medicine, 

finance and politics, when new products, new positions, new elections public or private services 

are ranked by the public, experts and decision-makers (Couso et al., 2018; Marozzi, 2014; Chok, 

2010). However, the actual question is how much the given rankings are in concordance by 

different groups. To answer this question, the well-known measure such as Kendall’s coefficient 

of concordance (W) was proposed by Kendall and Smith (1939). W is a normalization of the 

statistic of the Friedman test, which is considered as a non-parametric statistic technique and can 

be used for a set of criteria to highlight the agreement level among different raters (Gibbons, 1990). 

Therefore, Kendall’s technique was used to highlight the agreement degree (the concordant 

degree) between the different driver groups for each level in the hierarchal structure. Kendall's 

concordance degree (W) ranges from 0 (no agreement) to 1 (complete agreement), however, the 

interpretation of the values between 0 and 1 are presented in Table 4.11. 

 

Table 4. 11: Kendall's W agreement degree scale (Kendall and Smith, 1939) 

Correlation coefficient Interpretation 

1 Perfect agreement 

0.9 - 1 very high agreement 

0.7 - 0.9 High agreement 

0.4 - 0.7 Medium agreement 

0.2 - 0.4 Low agreement 

0 - 0.2 very low agreement 

0 No agreement 

 

 

The calculation process starts by aggregating the ranking of the factor i through the following 

equation: 

 

𝑅𝑖 =  ∑ 𝑟𝑖𝑗  
𝑛
𝑗=1 ,          (4.22) 

 

Where 𝑅𝑖 is the aggregated ranking of the factor i, 𝑟𝑖𝑗 is the rank given to factor i by the evaluator 

group j, n is the number of rater groups rating m factors.  

 

𝑅 =
𝑛(𝑚+1)

2
                                      (4.23) 

 

 𝐾 = ∑ (𝑅𝑖 − 𝑅)2,𝑛
𝑖=1         (4.24)                                                   

  

Where K is a sum-of-squares, statistic deviations over the row sums of ranking 𝑅𝑖.  
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Following that, Kendall’s “W” statistic can be obtained from the following equation: 

 

W = 
12 𝐾

𝑛2 ( 𝑚3−𝑚)
 .         (4.25) 

     

 After implementing the equation, the outcome will estimate the concordance degree among the 

different rater groups. 

 

 

4.4    Results and discussion 
 

4.4.1    ANP results 

 

The study estimated the driver behavior criteria affecting road safety by using Analytic Network 

Process (ANP) application. Accordingly, the pairwise comparison method was utilized to assign 

each criterion a quantitative weight. In the pairwise comparison method, the criteria were arranged 

in a square matrix. Based on the measured parameter such as normalized weight, the driver 

behavior factors are evaluated from one to thirteen for both evaluator groups. The ANP analysis 

results showed that “driving without alcohol use” is the most important factor based on driver’s 

response data for both rater groups. This result can be justified as: according to Hungarian driving 

laws, there is zero-tolerance policy towards drinking and driving (WHO, 2015). For young drivers, 

the second most observed significant factor is “comply traffic lights”. One of the possible causes 

for the high number of crashes and injuries is due to beating traffic lights (Subramaniam et al., 

2007). While the least important observed factor for young drivers is “use personal intelligent 

assistant”. Furthermore, for experienced drivers, the second most significant observed factor is 

“obeying overtaking rules”. The previous study analyzed that dangerous overtaking accounted for 

41% of all drivers who died in traffic in 2006 (Walker, 2007). While the least important observed 

factor for experienced drivers is “maintain safe gap between vehicles” as shown in Table 4.12. 

These preferences make decisions more flexible to solve the variety of road safety problems. 

 

Table 4. 12: Final normalized weights for driver behavior factors related to road safety 

Driver behavior factors 

Experienced drivers Young drivers 

Normalized 

weight 
Ranking 

Normalized 

weight 
Ranking 

Driver attention 0.059 8 0.047 9 

Driver visual perception 0.047 11 0.043 11 

Obeying speed limits 0.041 12 0.053 8 

Use personal intelligent assistant 0.06 7 0.041 13 

Respect yielding rules 0.066 6 0.042 12 
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Maintain safe gap between vehicles 0.038 13 0.065 4 

Avoid frequently changing lanes 0.048 10 0.08 3 

Comply traffic lights 0.081 5 0.165 2 

Applying brakes at hazardous 

situations 
0.05 9 0.06 6 

Deterrence of punish for traffic 

violations 
0.094 3 0.058 7 

Traffic scan accurately 0.083 4 0.063 5 

Obeying overtaking rules 0.101 2 0.046 10 

Driving without alcohol use 0.232 1 0.237 1 

    

4.4.2    AHP results 

 

The AHP method determined the degree of importance of driver behavior criteria designed in a 

three-level hierarchical structure based on the responses of evaluator groups. The entire selected 

criteria and sub-criteria were compared with each other by PCs. The significance of driver behavior 

criteria related to road safety was computed by using AHP procedures in the first model of study. 

For the first level, the AHP results revealed the same ranking for driver behavior criteria evaluated 

by experienced and young driver groups. The results showed that “lapses” is the most significant 

criteria followed by “errors”. The previous study found that Qatari drivers reported lapses more 

frequently than drivers from the other three countries (Mallia et al., 2015). While foreign drivers 

evaluated “errors” as the most significant criteria followed by “violations” as shown in Table 4.13. 

 
Table 4. 13: Different priority ranking of criteria by evaluator groups for level 1 

Criteria 
Foreign drivers Experienced drivers Young drivers 

Weight Rank Weight Rank Weight Rank 

Violations 0.40623107 2 0.30227452 3 0.22202205 3 

Lapses 0.15734001 3 0.36045447 1 0.53941868 1 

Errors 0.43642892 1 0.33727101 2 0.23855927 2 

        Furthermore, the AHP results measured the ranking of criteria for level 2 for the evaluator 

groups as shown in Table 4.14. The results highlighted that “fail to apply brakes in road hazards” 

is the most critical factor by foreign drivers. While the results showed that “aggressive” as 

violations type is the most significant criteria by experienced drivers and “ordinary” as violations 

type is the least ranked criteria. In addition, the results observed “driver inattention” as the first 

ranked criteria for young drivers, while “ordinary” violations type as the least ranked criteria.  
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Table 4. 14: Different priority ranking of criteria by evaluator groups for level 2 

Criteria 
Foreign drivers Experienced drivers Young drivers 

Weight Rank Weight Rank Weight Rank 

Ordinary 0.05006347 6 0.0351092 7 0.03308349 7 

Aggressive 0.35616761 7 0.26716532 1 0.18893855 2 

Driver inattention 0.07464625 3 0.12979369 4 0.2825073 1 

Pull away from traffic lights 

in wrong gear 
0.01499357 8 0.05375391 6 0.09230574 5 

Hit something when reversing 

that hadn’t seen 
0.06770019 4 0.17690687 3 0.16460564 3 

Visual perception failure 0.06522735 5 0.07129553 5 0.03189628 8 

Visual scan wrongly 0.10307598 2 0.03147171 8 0.07690273 6 

Fail to apply brakes in road 

hazards 
0.26812558 1 0.23450377 2 0.12976026 4 

       For the third level, the situation is a bit similar among groups, where “drive with alcohol use” 

is enumerated as the most significant factor by all three groups. According to Hungarian driving 

laws there is zero-tolerance policy towards drinking and driving (WHO, 2015). However, the last 

rank driver behavior factors are observed different for all evaluator groups as shown in Table 4.15. 

Table 4. 15: Different priority ranking of criteria by evaluator groups for level 3 

Criteria 
Foreign drivers Experienced drivers Young drivers 

Weight Rank Weight Rank Weight Rank 

Fail to use personal 

intelligence 
0.01958076 8 0.00705814 9 0.01265383 7 

Fail to maintain safe gap 0.02280969 6 0.01828043 6 0.00721985 9 

Frequently changing lanes 0.00767301 9 0.00977063 8 0.01320981 5 

Disobey speed limits 0.02453512 5 0.00990461 7 0.01076274 8 

Fail to yield pedestrian 0.05536908 2 0.04603399 3 0.01281167 6 

Disobey traffic lights 0.05493391 3 0.05674643 2 0.03921386 2 

No deterrence of punish 0.02148176 7 0.0185817 5 0.01546232 3 

Disobey overtaking rules 0.04243679 4 0.02863817 4 0.01322963 4 

Drive with alcohol use 0.15741095 1 0.10726042 1 0.09745834 1 

 

4.4.3    FAHP results 

 

The Fuzzy AHP method determined the degree of importance of driver behavior criteria designed 

in a three-level hierarchical structure based on the fuzzy scale. The final scores of criteria for level 

1 showed that both groups considered “lapses” as the most significant criteria related to road safety. 
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Also, both groups evaluated the same rank for two other criteria such as “errors” and “violations” 

as shown in Table 4.16.  

 
Table 4. 16: Final scores of the criteria for level 1 

Criteria 
Experienced drivers Young drivers 

Scores Rank Scores Rank 

Violation 0.30887813 3 0.23028935 3 

Lapses 0.3688143 1 0.55673112 1 

Errors 0.344906 2 0.24687342 2 

 

     The FAHP results represent the final scores of criteria for level 2 as shown in Table 4.17. For 

experienced drivers, the results observed “aggressive” violations type as the first rank criteria 

followed by “fail to apply brakes in road hazards” as second rank criteria. For young drivers, the 

results evaluated “driver inattention” as the most significant criteria followed by “aggressive” as 

violations type as second rank criteria. While the results observed the “ordinary” as violations type 

as the last rank criteria by both groups. 

 

Table 4. 17: Final scores of the criteria for level 2 considering branch connections 

Criteria 
Experienced drivers Young drivers 

Scores Rank Scores Rank 

Ordinary 0.03587621 7 0.0343154 7 

Aggressive 0.27300192 1 0.1959739 2 

Driver inattention 0.13428442 4 0.3052281 1 

Pull away from traffic lights in 

wrong gear 

0.05171358 6 0.0951139 5 

Hit something when reversing that 

hadn't seen 

0.1901515 3 0.1723944 3 

Visual perception failure 0.07261173 5 0.0324005 8 

Traffic scan wrongly 0.03212128 8 0.0808256 6 

Fail to apply brakes in road hazards 0.24579533 2 0.1419743 4 

 

       The sub-criteria in level 2 such as “aggressive” and “ordinary” violations are further 

distributed into related components in level 3. The final FAHP scores represent the ranks of criteria 

for both groups as shown in Table 4.18. The results evaluated “driver with alcohol use” as the first 

rank criteria by both groups. Also, results showed “disobey traffic lights” as the second rank 

criteria by both groups. While the last rank observed criteria for experienced drivers is “fail to use 

personal intelligence” and for young drivers, the last ranked observed criteria is “fail to maintain 

safe gap”. 
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Table 4. 18: Final scores of the criteria for level 3 considering branch connections 

Criteria 
Experienced drivers Young drivers 

Scores Rank Scores Rank 

Fail to use personal intelligence 0.00738238 9 0.01355172 6 

Fail to maintain safe gap 0.0192984 5 0.0076936 9 

Frequently changing lanes 0.01026258 7 0.01421954 4 

Disobey speed limits 0.0100303 8 0.01135253 8 

Failing to yield pedestrian 0.04875856 3 0.01331124 7 

Disobey traffic lights 0.05868911 2 0.04155122 2 

No deterrence of punish 0.01921185 6 0.01566321 3 

Disobey overtaking rules 0.0289272 4 0.01402478 5 

Drive with alcohol use 0.11457233 1 0.10410001 1 

 

4.4.4    Kendall’s agreement test results 
 
 

Kendall’s rank correlation based on ANP 

 

Kendall’s rank correlation was applied to estimate the agreement degree or concordant degree 

between evaluator driver groups based on driver behavior criteria affecting road safety. Kendall's 

correlation value (W) ranges from 0 (no agreement) to 1 (complete agreement). According to 

Kendall’s coefficient of concordance (W), the observed value is 0.5632 as shown in Table 4.19. 

This value evaluated that there is a medium agreement between the rater groups but not a perfect 

agreement.  

 

Table 4. 19: ANP results for estimation of Kendall’s coefficient of concordance (W) 

Factor 
Rank of 

experienced drivers 

Rank of young 

drivers  
𝐑𝐢 (𝐑𝐢 − 𝐑)𝟐 

Driver attention 8 9 17 9 

Driver visual perception 11 11 22 64 

Obeying speed limits 12 8 20 36 

Use personal intelligent assistant 7 13 20 36 

Respect yielding rules 6 12 18 16 

Maintain safe gap between vehicles 13 4 17 9 

Avoid frequently changing lanes 10 3 13 1 

Comply traffic lights 5 2 7 49 

Applying brakes at hazardous situations 9 6 15 1 

Deterrence of punish for traffic 

violations 
3 7 10 16 
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Traffic scan accurately 4 5 9 25 

Obeying overtaking rules 2 10 12 4 

Driving without alcohol use 1 1 2 144 

n=13 m=2 S=410 R=14 W=0.5632 

 

Kendall’s rank correlation based on AHP 

 

Kendall’s coefficient of concordance (W) value was measured for assessing agreement degree 

among raters for each level in the second model of study. The concordance value (W = 0.3333) 

for level 1 showed that there was a low agreement between criteria as shown in Table 4.20. The 

main driver behavior criteria elements differ from each other due to their original categorization 

characteristics.  

 
Table 4. 20: Kendall’s coefficient of concordance (W) result for level 1 

Criteria 
Rank of foreign 

drivers 

Rank of 

experienced 

drivers 

Rank of young 

drivers 
𝑹𝒊 (𝑹𝒊 − 𝑹)𝟐 

Violations 2 3 3 8 4 

Lapses 3 1 1 5 1 

Errors 1 2 2 5 1 

m = 3 n = 3 K = 6 𝑅 = 6 W = 0.3333 

 

Kendall’s coefficient of concordance (W) value was measured for the second level as shown 

in Table 4.21. The concordance value (W = 0.5185) showed that there was a medium agreement 

(0.5185) between criteria in this level. The subfactors in level 2 have some similar influential 

characteristics on road safety. 

 

Table 4. 21: Kendall’s coefficient of concordance (W) result for level 2 

Criteria 
Rank of foreign 

drivers 

Rank of experienced 

drivers 

Rank of young 

drivers 
𝑹𝒊 (𝑹𝒊 − 𝑹)𝟐 

Ordinary 6 7 7 
2

0 
42.25 

Aggressive 7 1 2 
1

0 
12.25 

Driver inattention 3 4 1 8 30.25 

Pull away from traffic lights 

in wrong gear 
8 6 5 

1

9 
30.25 

Hit something when 

reversing that hadn’t seen 
4 3 3 

1

0 
12.25 

Visual perception failure 5 5 8 
1

8 
20.25 
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Visual scan wrongly 2 8 6 
1

6 
6.25 

Fail to apply brakes in road 

hazards 
1 2 4 7 42.25 

m = 8 n =3 K =196 𝑅 = 13.5 W = 0.5185 

 

The Kendall’s coefficient of concordance (W) value was also measured for the third level. 

The concordance value (W=0.7852) showed that there is high agreement (0.7852) between criteria 

for level 3 as shown in Table 4.22. The sub-factors in level 3 are original types of main category 

“violations”, so these factors have a high connection. 

 

Table 4. 22: Kendall’s coefficient of concordance (W) result for level 3 

Criteria 
Rank of foreign 

drivers 

Rank of 

experienced 

drivers 

Rank of young 

drivers 
𝑹𝒊 (𝑹𝒊 − 𝑹)𝟐 

Fail to use personal intelligence 8 9 7 24 81 

Fail to maintain safe gap 6 6 9 21 36 

Frequently changing lanes 9 8 5 22 49 

Disobey speed limits 5 7 8 20 25 

Fail to yield pedestrian 2 3 6 11 16 

Disobey traffic lights 3 2 2 7 64 

No deterrence of punish 7 5 3 15 0 

Disobey overtaking rules 4 4 4 12 9 

Drive with alcohol use 1 1 1 3 144 

m = 9 n =3 K =424 𝑅 = 15 W = 0.7852 

 

 

4.5    Conclusions 
 

This chapter utilized the multi-criteria decision-making (MCDM) techniques for evaluation and 

ranking of the significant driver behavior’s criteria that influence road safety. To do so, the driver 

behavior factors have been analyzed first by using Analytic Network Process (ANP) based on the 

non-hierarchy arrangement. While the Analytic Hierarchy Process (AHP) was applied to analyze 

driver behavior criteria based on the hierarchical arrangement. Also, the Fuzzy Analytic Hierarchy 

Process (FAHP) was applied to analyze the same driver behavior hierarchical structure but with a 

fuzzy scale. 

       Firstly, the ANP method was applied to evaluate the driver behavior criteria related to road 

safety based on driver’s response data on driver behavior questionnaire (DBQ). The pairwise 

comparisons were used to compare the set of decision-making criteria and rate the criteria on a 

relative scale of importance. The ANP results showed that “driving without alcohol use” is the 

most significant driver behavior criteria for both experienced and young driver’s groups. 
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Furthermore, the results evaluated that “maintain safe gap between vehicles” is the least observed 

factor for experienced drivers. While for novice drivers, the least observed factor is “use personal 

intelligent assistant”. The ANP approach was further utilized to measure the interrelations between 

observed factors for evaluator groups. The model results showed that most factors are interrelated 

to each other while few factors are not interrelated for both groups. These ANP interrelation results 

indicated the flow of influence between the factors. 

       Secondly, the Analytic Hierarchy Process (AHP) was applied to prioritize the twenty driver 

behavior criteria designed in a three-level hierarchical structure for specified evaluator groups. The 

AHP study results found “lapses” as the most significant driver behavior criteria based on young 

drivers and experienced drivers’ responses on perceived road safety issues, while the foreign 

drivers evaluated “errors” as the most significant criteria affecting road safety. The final AHP 

results for sub-criteria have crucial considerations in the study. The overall results in the second 

level determined that “aggressive” as violations type was the most significant sub-criteria and 

“ordinary” as violations type was the last-ranked sub-criteria. For the third level, “drive with 

alcohol use” was the most significant sub-criteria and “frequently changing lanes” was the last-

ranked sub-criteria.  

       Finally, the Fuzzy Analytic Hierarchy Process (FAHP) was applied based on the fuzzy scale 

to evaluate and rank the driver behavior criteria comprehensively by capturing the ambiguity of 

human thinking style. The FAHP results showed that “lapses” is the most important criteria for 

experienced and young groups in the first level followed by “errors” and “violation”. For second 

level, the results showed that “aggressive” behavior as first rank criteria by experience drivers 

followed by “fail to apply brakes in road hazards” as second rank criteria. While the results 

evaluated that “driver inattention” as the most critical criteria for young drivers followed by second 

rank criteria “aggressive” as violations type. However, the results observed “ordinary” behavior 

as the least rank criteria for both evaluator groups. Moreover, Kendall’s rank correlation was 

applied for the estimation of the agreement degree or concordant degree between different 

evaluator groups. The results showed that there was a medium agreement for most of the cases but 

not a perfect agreement. 

      MCDM applications enable the decision-makers to better understand the complex and 

uncertain individual driver behavior and subsequently improves the reliability of the decision. 

Linkage of these data with police and transport data is required to focus on high-rank significant 

driver behavior criteria and to adopt effective local road safety strategies. There is also a need to 

focus on the most significant driver behavior factors in planning the road safety campaigns to 

improve the risk perception of road safety.  
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4.6    Thesis 2 
 

I evaluated and ranked the significant driver behavior criteria which influence the road safety by 

applying the Multi-Criteria Decision-Making (MCDM) methods for different evaluator groups. I 

developed the driver behavior hierarchical model containing twenty driver behavior criteria in a 

three-level structure. The study utilized the Saaty scale and fuzzy scale for efficient assessment of 

complex and uncertain driver behavior based on perceived traffic issues. 
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Chapter 5 
 

Theoretical comparison of the effect of different traffic 

parameters on lane-changing for traffic safety 
 

5.1    Short Summary 
 

Lane-changing of traffic flow is a complicated and significant behavior for traffic safety on 

highways. Frequent lane-changing can cause serious traffic safety issues mainly on the two-lane 

road section. This chapter aims to analyze the effect of significant traffic parameters for traffic 

safety on lane-changing by using VISSIM as a simulation tool. The study mainly evaluated and 

compared the effect of different traffic parameters such as speed variations (average speed 

variation, desired speed distribution, speed rate exceeding the speed limit), traffic volume and 

vehicle composition on lane change frequency for high-speed roads. Video recording traffic data 

were utilized to calibrate the model under specified traffic conditions and estimate the relationships 

between observed variables by developing the simulation plots. The simulation plot results 

revealed that change in average desired speed and traffic volume has a positive relationship with 

lane change frequency. Also, the lane change frequency was observed high when speed 

distribution set large. Furthermore, the simulation results found a positive relationship between 

speed rate exceeding the speed limit and lane change frequency for most of the observed traffic 

characteristics. However, for the few traffic characteristics, the relationships were observed 

complex and non-significant mainly due to presence of Heavy Goods Vehicles (HGVs). Moreover, 

3D surface plots were developed to show the integrated effect of specified traffic parameters on 

lane change frequency. Accordingly, the high average desired speed and large desired speed 

distribution coupled with high traffic volume increase the lane change frequency tremendously. 

Finally, a regression model was developed based on simulation data to quantify the effect of 

specified parameters on lane change frequency. The model results found that average desired speed 

has high effect on lane change frequency as compared to traffic volume. The findings of the current 

study highlight the most significant traffic parameters that influence the lane change frequency. 

 

5.2    Introduction 
 

Frequent lane-changing have an adverse effect on traffic efficiency under advanced traffic demand 

(Wang et al., 2016). Li et al., (2006) examined the aggressive lane-changing behavior of fast 

vehicles and the consequences of different lane-changing probability with the proposed symmetric 

two-lane cellular automaton. The previous study observed that the act of changing lanes is one of 
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the most common causes of accidents. In addition, at least 33 percent of all road crashes occur 

when vehicles change lanes or veer off the road according to the United States official statistical 

data (BERNARD Law group, 2016). Lane changing of vehicles creates voids or spaces within 

traffic streams which tend to increase the stream speeds (Srikanth et al., 2017). However, the 

studies considering speed variations as a causal factor are quite low in number and their results are 

varying (Li et al., 2006; Kockelman and Ma, 2007; Quddus, 2013). 

      Previous studies investigated that accidents are “multicausal” events as they are considered as 

the failure of the complex interaction among driver behavior, traffic, vehicle design, road geometry 

and environmental conditions (Elvik et al., 2004; Park and Ritchie, 2004). Therefore, it is difficult 

to detect a single causal factor that can be held responsible for an accident occurrence (Quddus, 

2013). Afterwards, the research (Pirdavani et al., 2015) found that crash occurrence has a 

substantial correlation with the average speed, the variance in the average speed at the upstream 

and downstream loop detector stations and traffic volume.  

      The recent research (Xu et al., 2019) reviewed that despite the influence of various factors, it 

deserves to note that speed variance has been frequently reported as a critical risk factor in 

estimating crash risk on expressways. Some studies found that both speed and speed variance to 

be significant factors for predicting crash frequency (Levy and Asch, 1989; Tanishita and Wee, 

2016). Elvik (2014) reviewed thirteen studies that assessed the effects of speed variance on crash 

rates, based on loop detector data. Although almost all these studies observed that a large variance 

in speed increased the risk of crashes, the numerical estimations of the effect varied significantly. 

It is also possible that the variation of speeds on a road between following vehicles as well as 

between the lanes of a roadway also affects accident risk. However, the finding (OECD/ITF, 2018) 

that effects of speed changes tend to be higher on rural roads and motorways than on roads in built-

up areas roads suggests that the initial speed is a significant factor. This was confirmed in a re-

analysis of the data (Elvik, 2013) that presented that the effect of a specified relative change in 

speed on the number and severity of crashes is greater when the initial speed is higher. 

        Two mathematical models, the Power model and the Exponential model both define the 

relationship between the mean speed of traffic and road safety as the number of fatalities and the 

number of injury accidents with high accuracy (Elvik et al., 2019). Hauer and Bonneson (2006) 

compared two models of the relationship between speed and road safety: (1) The Power Model 

and (2) An exponential model. The main differences observed between the two models were that 

according to the Power Model, the estimated effect of a given relative change in speed is 

independent of the initial speed. Subsequently, according to the exponential model, the effect of a 

change in speed depends on the difference in speed before and after a variation. However, the 

differences between the power model and the exponential model are relatively small and the 

subsequent conclusions are very similar (OECD/ITF, 2018). One limitation of both the Power 

model and the Exponential model is that they only consider changes in average speed and therefore 

disregard possible changes in the shape of the speed distribution (Vadeby and Forsman, 2017). 

However, speed dispersion is suggested to proactively measure road safety because it presents a 

consistent risk assessment with microscopic potential risks (Qu et al., 2014). The previous study 
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(Hassan et al., 2017) found that speed distribution had a vital role in road safety Moreover, the 

effects of speed and speed variations seemed to be related to other traffic variables such as flow 

(Abdel-Aty and Pemmanaboina, 2006; XU et al., 2016). 

       Other than speed, traffic volume is one of the most studied factors in crash rate predictions 

(Aarts and van Schagen, 2006; Garber and Ehrhart, 2000). Traffic volume, speed and density are 

the main three parameters used for the characterization of traffic conditions (Fi and Galuska, 2011). 

Traffic conditions with high volume and high-speed variation within the same lane represent 

conditions with lower levels of service and therefore unstable flow. These conditions can create 

higher crash risk because of the limited space between vehicles (XU et al., 2016; Elvik et al., 

2004).  

      Previous study results also observed that some of the cars involved in road crashes were 

travelling at very high speeds (greater than 30 km/h exceeding the average speeds of the control 

vehicles at the crash spot) when the driver lost control of the vehicle (Kloeden et al., 2001). In 

London, the non-compliance level (the level of non-compliance with the speed limit) ranged from 

4% to 73% and the non-compliance level ranged from 2% to 82% outside London (Taylor et al., 

2000). A survey-based study was conducted on 320 motorists in Queensland which examined that 

58% of drivers exceeding the speed limit in a 100 km/h zone (Fleiter and Watson, 2006). The 

OECD report stated that drivers exceed the speed limit typically 40% to 60%. Significantly, around 

10 to 20% of drivers normally exceed the speed limit by more than 10 km/h (OECD /JTRC, 

forthcoming). 

      Microscopic simulation models are finding increased application in the evaluation of safety 

performance and crash prediction. Before these models can be applied, they must be calibrated 

based on real-world traffic conditions. The main purpose of calibration is to ensure that parameter 

inputs in the simulation model produce best estimates of safety performance. The previous study 

focused on the accuracy and reproducibility of the simulated output and not to the ability of the 

performance measure to reflect actual crashes. However, with an accurate estimate of the crash 

potential index (CPI) from the simulation, it would be possible to compare simulated safety 

performance to observed crashes (Cunto and Saccomanno, 2008). The process of developing a 

microsimulation model starts with an existing conditions model and then transitions into the 

development of various scenarios representing future-year alternatives (TEOpS 16-20, 2019). 

Microscopic traffic simulation-based safety analysis provides the fast, safe and cost-effective 

means of evaluating traffic safety when compared with field implementation and testing (Ozbay 

et al., 2008; Park and Schneeberger, 2003; Gettman and Head, 2003; Srikanth et al., 2017). Some 

previous studies utilized video data to obtain important information for use in calibration on 

several traffic safety parameters (Cunto and Saccomanno, 2008, Srikanth et al., 2017). The 

effectiveness of a calibration process, as well as the preceding considerations, can be evaluated at 

best only by performing “controlled” experiments, in which all the model inputs are known (Ciuffo 

et al., 2008).  

       The VISSIM model can be applied to examine various traffic scenarios for varying roadway 

and traffic conditions. The micro-simulation model VISSIM is suitable to simulate and hence to 
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study the heterogeneous traffic flow in expressways to a satisfactory extent (Bains et al., 2012). 

VISSIM model was used to generate the traffic flow for a wide range, from lower to higher levels 

and to investigate the number of lane changes on multilane highways (Srikanth et al., 2017). The 

road networks in VISSIM can be designed either as lane oriented or space-oriented, i.e., vehicles 

can change anywhere in the road without lane restrictions. Either number of vehicle types can be 

created and overtaking of vehicles can be permitted on both sides (Siddharth and Ramadurai, 

2013). The actual lane-changing logic in VISSIM is used to choose if it is likely to change to the 

desired neighbor lane or not. The desired lane is an effect of the lane selection process for any free 

or mandatory lane changes based on gap acceptance. A free lane change considers a lane change 

of a vehicle to obtain speed advantages or more space (Fellendorf and Vortisch, 2010).  

 

 The summary of previous studies investigating the effect of traffic parameters on the number of 

crashes and crash risk is described in Table 5.1. 

 
Table 5. 1: Summary of previous studies on the effect of traffic parameters on crash risk 

Traffic Parameters Authors Key findings 

Average speed Gargoum and El-Basyouny, 

2016 

Higher crash frequency is anticipated at roadway segments 

with higher average speeds. 

Pirdavani et al., 2015 The study results showed that crash occurrence has a 

significant correlation with the average speed. 

Aarts and Schagen, 2006; 

Elvik, 2013 

The accident risk increases more with the increase of speed, as 

the absolute speed is higher. 

Speed distribution Qu et al., 2014 Speed dispersion is suggested to proactively measure road 

safety because it presents a consistent risk assessment with 

microscopic potential risks. 

Elvik, 2013 Exponential model fits the data especially well for injury 

accidents, which may indicate that there is an effect of the 

change in shape of the speed distribution. 

Lee et al., 2003; Abdel-Aty 

and Abdalla, 2004 

The study results observed the coefficient of variation of speed 

as contributing factor to the crash occurrence.  

Xu et al., 2019 Speed variance has been frequently reported as a critical risk 

factor in estimating crash risk. 

Traffic volume Li et al., 2018; Xu et al., 2016 Traffic conditions with high volume and high-speed variation 

within the same lane represents conditions with lower levels of 

service and therefore, unstable flow. These conditions can 

create higher crash risk because of the limited spacing between 

vehicles and lower time to react to sudden changes in nearby 

vehicle speeds. 

Golob et al., 2004 The study showed the existence of a strong relationship 

between the traffic flow conditions and the likelihood of traffic 

accidents (crashes). 

Pirdavani et al., 2015 The study found that crash occurrence has a significant 

correlation with the traffic volume. 

Speed exceeding the 

speed limit 

Kloeden et al., 2001 The study results observed that some of the cars involved in 

road crashes were travelling at very high speeds (greater than 
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30 km/h exceeding the average speeds of the control vehicles 

at the crash spot). 

Kloeden et al., 2002; Brenac et 

al., 2015 

The studies noticed that small speed rise above the speed limit 

of other vehicles at a particular place is linked with greater 

increases in the relative risk of being subjected in a casualty 

crash. 

Elvik & Vaa, 2004 Speeds higher than the average substantially increases crash 

involvement rate and rate of injuries or casualties in accidents. 

Taylor et al., 2000, 

Aarts and Van Schagen, 2006 

Excessive speed is strongly and positively associated with 

crashes. 

Liu et al., 2005 The researcher mentioned that about one third of all fatalities 

are related to speeding. 

 

       The main objective of this chapter is to evaluate and compare the effect of significant traffic 

parameters for traffic safety on lane-changing for the two-lane road section of highways. VISSIM 

was used as a simulation tool to estimate the relationships between designated parameters and lane 

change frequency. Video-recorded traffic data were utilized to calibrate the model under specified 

traffic conditions Furthermore, 3D surface plots were developed to analyze the integrated effect of 

observed variables on lane change frequency. Moreover, the study attempts to develop a regression 

expression to quantify the effect of observed traffic parameters on lane change frequency. The 

study recommends that traffic parameter which influences most on lane-changing should be 

focused more to enhance traffic safety. 

 

5.3    Methodology 
 

VISSIM was selected as a simulation tool to investigate the relationship between significant traffic 

parameters and lane change frequency due to its powerful multi-model modelling capabilities. 

PTV VISSIM was first developed in 1992 by PTV Planung Transport Verkehr AGin Karlsruhe, 

Germany based on the continuous effort of Wiedemann on car-following behavior (Srikanth et al., 

2017). VISSIM is the most advanced and commonly used microscopic traffic simulation software 

(Chunying, 2005). VISSIM is a behavior-based and time step simulation model program. The 

software has three basic mechanisms, including traffic flow models, traffic control models and a 

data analysis package. It can be useful to analyze different transportation problems such as freeway 

operations, dynamic traffic assignments, the interaction of different transportation modes, signal 

prioritization and optimization, traffic management strategies and pedestrian flows etc. (Al-

Ahmadi et al., 2019). A previous study also concluded that the VISSIM simulation environment 

is well suited for freeway studies involving complex interactions with few and well-reasoned 

modifications to reproduce driver behavior parameters (Gomes et al., 2004). This study applied 

the VISSIM simulation in two parts by considering different traffic characteristics related to road 

safety as discussed below. Figure 5.1 showed the traffic simulation on specified road section in 

VISSIM software. 
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Figure 5. 1: A snapshot of simulation run in VISSIM 

 

5.3.1    Video data analysis 
 

Video data analysis was performed to collect real traffic data on the two-lane road section near 

Budapest approximately 5 km in length (M1 motorway, Hungary) in one direction of travel by 

using CarCam. Video data collection was performed for 4 hours from 7 am to 9 am and 3 PM to 5 

PM on a typical weekday under clear weather conditions. The collected video data were then 

extracted with the help of semi-automated data extraction software to get the mean speed of cars 

and traffic volume at each 5-minute interval as shown in Figure 5.2. Firstly, video data analysis 

results were utilized to measure the mean speed by noting the time taken by the vehicle to cross 

the longitudinal section of 30 m using a software program. The plot results found that most of the 

vehicle were travelling at varying speeds with dispersion between 100 km/h and 140 km/h. 

Secondly, video data analysis results were utilized to measure the traffic volume on a specified 

road section for the stated period. The plot results showed that traffic volume varies significantly 

in different time intervals, but It helps to obtain information about the minimum (960 veh/h) and 

maximum (2280 veh/h) traffic counts for analysis purposes. 
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Figure 5. 2: Real traffic data 

 

5.3.2    VISSIM simulation part 1 

 

The study applied first VISSIM simulations with specific simulation characteristics to analyze the 

effect of significant traffic parameters such as average desired speed, desired speed distribution 

and traffic volume on lane change frequency. For the development of the base model, a road 

network of a total 5 km length having straight and twisty links was created to utilize efficiently the 

available PTV licensed software (VISSIM 11) space. The width of the road section was set 7 

meters with 3.5 m width of each lane. On a two-lane road link, the study employed only cars as a 

‘vehicle type’ in the VISSIM model with the right-side rule which allows overtaking of vehicles 

in the left lane. The simulation data was extracted for 3600 s and option 'lane changes evaluation 

active' was selected to record lane change data. Lane change frequency was evaluated as the 

number of lane changes per hour (n/h). The important information about simulation parameters is 

tabulated in Table 5.2. 

 
Table 5. 2: Simulation parameters 

Simulation Parameters 

Number of lanes 2 

Lane change frequency n/h (number of lane changes per hour) 

Length of road section 5 km 

Simulation period 3600 s 

Vehicle type Cars 

Road type Freeway 

Simulation model Wiedemann 99 model 
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Moreover, the study applied the ‘Wiedemann 99 model’ which is suitable for freeway with no 

merging areas to observe the effect of significant traffic parameters for road safety on lane 

changing. The Wiedemann 99 car following model was developed in 1999 to offer greater control 

of the car following characteristics for freeway modeling in VISSIM. The Wiedemann 99 model 

consists of ten calibration parameters, all labelled with a ‘CC” prefix (PTV, 2012, Srikanth et al., 

2017). The car-following logic controls the way a vehicle interacts with other vehicles at four 

modes of driving, namely: free-driving, approaching a vehicle, following a vehicle and braking. 

Similarly, the lane-changing logic controls the way a vehicle interacts with others during the 

processes of lane selection, merging to traffic and diverging from traffic (PTV, 2009). This study 

considered the calibrated values of the car-following model as suggested by a recent project study 

for driving logic “cautious” (Sukennik, 2018). As most of the European drivers were observed 

“cautious” about driving characteristics that can affect the driving style and road safety as analyzed 

in previous studies (Eboli et al., 2017; SARTRE 3, 2004). Table 5.3 provides a description with 

the default and calibrated values for each of the ‘CC’ parameters associated with the ‘Wiedemann 

99 model’. 

 
Table 5. 3: Wiedemann 99 model parameters (Sukennik, 2018) 

VISSIM code Description Default values 
Calibrated values 

(cautious) 

CC0 

Standstill distance: 

Desired distance between lead and 

following vehicle at v = 0 mph 

1.5 m 1.5 m 

CC1 

Headway Time: 

Desired time in seconds between lead 

and following vehicle 

0.90 sec 1.5 sec 

CC2 

Following Variation: 

Additional distance over safety 

distance that a vehicle requires 

4 m 0 m 

CC3 

Threshold for Entering ‘Following’ 

State: Time in seconds before a vehicle 

starts to decelerate to reach safety 

distance (negative) 

-8 sec -10 sec 

CC4 

Negative ‘Following’ Threshold: 

Specifies variation in speed between 

lead and following vehicle 

-0.35 -0.1 

CC5 

Positive ‘Following Threshold’: 

Specifies variation in speed between 

lead and following vehicle 

0.35 0.1 

CC6 

Speed Dependency of Oscillation: 

Influence of distance on speed 

oscillation 

11.44 0 

CC7 

Oscillation Acceleration: 

Acceleration during the oscillation 

process 

0.25 m/s2 0.1 m/s2 

CC8 

Standstill Acceleration: 

Desired acceleration starting from 

standstill 

3.5 m/s2 3.5 m/s2 
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CC9 
Acceleration at 80 mph: 

Desired acceleration at 80 mph 
1.5 m/s2 1.5 m/s2 

 

A lane change phenomenon was considered as an act of driving manoeuvre that moves a 

vehicle from one lane to another where both lanes have the same direction of travel (Lee et al., 

2004). In VISSIM, the lane-changing behavior is controlled by a set of factors for local calibration 

of VISSIM models. Accordingly, VISSIM lane changing behavior is characterized by maximum 

and accepted deceleration rates for the merging (own) and trailing vehicle. Driver aggressiveness 

can be controlled by modifying the maximum and accepted deceleration rates as well as the 

reduction rate of the deceleration value as the vehicle approaches its merge point (TEOpS 16-20, 

2019). This study further considered the calibrated values of lane change as suggested by a recent 

project study for driving logic “cautious” as shown in Table 5.4. 

 
Table 5. 4: Lane change parameters (Sukennik, 2018) 

Parameters Default values Calibrated values (cautious) 

own Trailing vehicle own Trailing vehicle 

Maximum deceleration -4 -3 -3.5 -2.5 

-1 m/s² per distance 100 100 80 80 

Accepted deceleration -1 -1 -1 -1 

 

 

The study simulates first the effect of average desired speed variation on lane change 

frequency. Previous studies noticed that change in speed affects serious crashes substantially more 

than less serious crashes with vast majority of data related to rural roads and motorways (Elvik et 

al., 2004; Nilsson, 2004). In the past 20 years, nearly all countries have either increased or 

decreased their speed limits on the motorway network. In addition, the speed limits in Hungary 

outside built-up areas were increased from 120 to 130 km/h on motorways and from 100 to 110 

km/h on motor roads (semi motorways) in 2001 (OECD/ITF, 2018). Based on observed video 

speed data, the average speed in this study varies from 110 to 130 km/h with wider range ₍110 

km/h, 115 km/h, 120 km/h, 125 km/h, 130 km/h₎ to measures their effect on lane-changing for road 

safety. The speed range for each simulated average speed is given input in the model as shown in 

Figure 5.3. 
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Figure 5. 3: Speed range for nominated average speeds 

 

The study further simulated the effect of desired speed distribution on lane change frequency 

for a freeway by maintaining the average desired speed at 130 km/h. The distribution function of 

desired speeds is a particularly important parameter, as it has an impact on lane change frequency. 

VISSIM provides the opportunity to distribute the percentage of speed values over smaller to larger 

limits. In VISSIM, the desired speed is a significant parameter that has a great influence on 

travelling speeds, which is explained as a distribution rather than a fixed value (Zhang et al., 2016). 

The speed distribution represents the proportions of vehicles driving at or below certain speeds. It 

is also likely to use the speed distribution to specify how the speed of all vehicles varies (Vadeby 

and Forsman, 2017). This study considered the real speed data (Figure 5.2) to analyze the effect 

of different speed distributions on lane-changing for road safety. The largest speed distribution 

was set between 100-140 km/h with higher speed variations of traffic flow. While the smallest 

speed distribution was set between 120-140 km/h with lower speed variations of traffic flow. The 

maximum and minimum values of the speeds and the dispersion between these values are defined 

for an average speed of 130 km/h (freeway) in the model, as shown in Figure 5.4. 

 

0

10

20

30

40

50

60

70

80

90

100

95 100 105 110 115 120 125 130 135 140 145

C
u

m
m

u
la

ti
v

e 
fr

eq
u

en
cy

Vehicles speed (km/h)

110 km/h

115 km/h

120 km/h

125 km/h

130 km/h



84 
 

  

Figure 5. 4: Speed distribution profile for freeway (130 km/h) 

         The VISSIM simulation was also performed to measure the effect of designated traffic 

volume on lane change frequency. Traffic volume is set for each simulation, which defines the 

number of vehicles in a specific period for a two-lane road section of a freeway. The previous 

study noticed that traffic volume is one of the most influential parameters to model driving 

behavior (Al-Ahmadi et al., 2019). Lane change behaviour of vehicles characterizes the 

macroscopic traffic flow behaviour and affects the operational characteristics on the highway 

significantly (Srikanth et al., 2017). The effect of traffic volume on lane-changing was measured 

by considering real traffic data (Figure 5.2). Traffic volume of cars for this study varies from 1, 

000 to 3, 000 vehicles per hour with an interval of 500 vehicles per hour. 

 

5.3.3    VISSIM simulation part 2        

 

The study applied further the VISSIM tool with specific simulation parameters to analyze the 

effect of speed rate exceeding the speed limit on lane change frequency for single traffic and mixed 

traffic. For this purpose, a road network having a straight link of 800-meter length was created in 

PTV licenced software (VISSIM 11). The width of the road section was set 7 meters with 3.5 m 

width of each lane. Speed limits and overtaking rules are considered according to Hungarian 

driving laws. It must be noted that there is a permanent overtaking ban for vehicles over 3.5 tons 

on certain two-lane sections of the Hungarian motorway network (Nagy and Sandor, 2012). Also, 

the speed limits are depended by types of roads in Hungary: for cars, it is 110 km/h on the rural 

expressway; on a freeway, it is 130 km/h and for HGVs, it is 80 km/h for both rural expressway 

and freeway. Lane change frequency is measured as the number of lane changes per hour (n/h). 

This study considered the calibrated values (Table 5.3) of the car-following model as suggested 

by a recent project study for driving logic “cautious” (Sukennik, 2018). As most of the European 
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drivers were observed “cautious” about driving characteristics that can affect the driving style and 

road safety as analyzed in previous studies (Eboli et al., 2017; SARTRE 3, 2004). This study 

further considered the calibrated values (5.4) of lane change as suggested by a recent project study 

for driving logic “cautious”. However, the other important information about simulation 

parameters is tabulated in Table 5.5. 

 
Table 5. 5: VISSIM simulation parameters 

Simulation Parameters 

Traffic volume 1500 veh/h 

Lane change frequency n/h (number of lane changes per hour) 

Length of road section 800m 

Simulation period 3600 s 

Vehicle types Cars, HGVs 

Speed limits for cars 110 km/h, 130 km/h 

Speed limit for HGVs 80 km/h 

Vehicle compositions Single traffic (100% cars) 

Mixed traffic (75% cars, 25% HGVs) 

Simulation model Wiedemann 99 car following model 

 

        The simulation study was mainly designed to measure the effect of speed rate exceeding 5 to 

30% above the speed limit with an interval of 5% on lane change frequency for various traffic 

characteristics. For this purpose, the desired speed distribution for each vehicle type was set as an 

input for the simulation model. The speed distribution shows the proportions of vehicles driving 

at or under certain speeds. Speed distribution can also be possibly used to characterise how the 

speed of all vehicles varies (Vadeby and Forsman, 2017). The distribution of the speeds between 

upper and lower limits was defined for different road types in the model. The speed range for the 

freeway (130 km/h) was defined when the speed of cars exceeding 5 to 30% above the specified 

speed limit and presented in Figure 5.5. Similarly, the speed range with similar dispersion is used 

for simulation of cars (110 km/h) and HGVs (80 km/h).  

 

Figure 5. 5: Speed range for freeway (130 km/h) 
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5.4    Results and discussion 
 

5.4.1    VISSIM simulation part 1 results 

 

Modeling of lane changing for road safety was done by changing the values of the model 

parameters from the default setting to driving logic “cautious” with basic field input data, such as 

desired speed and traffic volume (veh/hr) as per field observation. We analyzed the effect of 

various traffic parameters on lane change frequency based on VISSIM simulation data. 

Simulations were run based on specified traffic data to measure lane change frequency and the 

results are tabulated in Table 5.6. Simulations were run three times for each traffic scenario and 

the average value was used to validate the output results, such as the number of lane changes. This 

is similar to a previous study, which performed the generation of different parameter combinations 

with three replicates for each case study (Gallelli et al., 2017). Lane change frequency was 

measured as the number of lane changes per hour (n/h). It is important to specify that we considered 

a traffic volume of 2500 vehicles per hour to measure the effect of average desired speed and 

desired speed distribution on lane change frequency. The analysis was initiated by measuring the 

effect of average desired speed variance on lane change frequency. Results showed that lane 

change frequency increased with the increase in average desired speed. After that, we analyzed the 

effect of speed distribution on lane change frequency for the freeway. Results showed high lane 

change frequency for larger speed variation between predefined speed limits. Large variations in 

speed between vehicles on a two-lane road can give rise to conflicts, which in turn can lead to lane 

changing risk. Moreover, we investigated the effect of traffic volume on lane change frequency 

for the freeway. Traffic volume input was varied from low to higher levels and simulation runs 

were performed for one hour. The simulation considered the speed limit of cars as 130 km/h 

(freeway). Results showed that lane change frequency increased with the increase in traffic 

volume. 

 
Table 5. 6: Effect of traffic parameters on lane change frequency 

Average 

Speed (km/h) 

Lane change 

frequency 

(n/h) 

Speed 

distribution 

Lane change 

frequency 

(n/h) 

Traffic 

volume 

(Veh/h) 

Lane change 

frequency 

(n/h) 

110 728 120-140 340 1000 382 

115 1347 115-140 684 1500 826 

120 1434 110-140 872 2000 1386 

125 1674 105-140 1347 2500 1808 

130 1808 100-140 1628 3000 2228 
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Relationship between average desired speed and lane change frequency 

 

Lane change frequency was measured for each simulation with the average desired speed varying 

from 110 to 130 km/h with the interval of 5 km/h. Each observed average speed was simulated 

under a specified speed range (Figure 5.3). The relationship between average desired speed (km/h) 

and lane change frequency (n/h) is plotted as shown in Figure 5.6. The plot results showed a 

positive relationship which depicts that lane change frequency increases with the increase in the 

average desired speed of cars. The results can be justified by the fact that high-speed conditions 

can cause frequent overtaking manoeuvres (Choudhary et al., 2018). A previous study indicated 

that, after the implementation of the higher speed limit, the number of injury crashes showed a 

significant rise on the 130 km/h roads, compared to the control roads but not on 110 km/h roads 

(OECD/ITF. 2018).  

 

 

Figure 5. 6: Effect of average desired speed variation on lane change frequency 

 

Relationship between desired speed distribution and lane change frequency 

 

The effect of speed distribution on lane change frequency was analyzed and the results are plotted 

as shown in Figure 5.7. All speed distribution data were set by maintaining average speed at 130 

km/h (freeway) (Figure 5.4). The plot results showed higher lane change frequency for large speed 

dispersion and lower lane change frequency for small speed dispersion between predefined limits. 

The results can be stated as: when speed distribution is high, the examined vehicles tend to change 

lanes frequently due to the difference in speeds between vehicles. Some of the previous studies 

found speed variations to be positively related to crashes (Ma et al., 2017; Potts et al., 2007; Wang 

et al., 2018; Wang et al., 2017).  
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Figure 5. 7: Effect of desired speed distribution on lane change frequency 

 

Relationship between traffic volume and lane change frequency 

 

The study observed the relationship between traffic volume and lane change frequency, as shown 

in Figure 5.8. Lane change frequency was measured for each simulation with the traffic volume 

varying from 1, 000 to 3, 000 vehicles per hour with the intervals of 500 vehicles per hour. Speed 

distribution was set in such a way that all simulated vehicles were moving on the road section 

within the speed limit (130 km/h). The plot result showed a positive relationship which depicts 

that the lane change frequency increase with the increase in traffic volume. When the number of 

vehicles increased in a specified period, more vehicles tended to change lanes for overtaking 

purposes. A previous study (Li et al., 2006) also found a positive correlation between the risk 

factor and traffic flow efficiency in lower-traffic demand.  

 

 

Figure 5. 8: Effect of traffic volume on lane change frequency for freeway 
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5.4.2    VISSIM simulation part 2 results 

 

The study further analysed the effect of speed rate exceeding 5 to 30% above the driving speed 

limit on lane change frequency based on specified traffic characteristics (Table 5.5). The study 

considered the higher speed rate than speed limit because the actual speed is always greater than 

the speed limit by considering previous studies findings (Lee et al., 2004; Fellendorf and Vortisch, 

2010). The overall simulations were applied for cases such as single traffic with the variation of 

car speed rate and mixed traffic with the variation of both car speed rate and HGV speed rate for 

both rural expressway and freeway. Accordingly, the study first analysed the effect of car speed 

rate exceeding 5 to 30% above the speed limit with an interval of 5% on lane change frequency 

for single traffic. The simulation results showed that lane change frequency increase with the 

increase of car speed rate for both rural expressway and freeway. Subsequently, the study analysed 

the effect of car speed variation on lane change frequency in case of mixed traffic with HGVs 

speed remain within the speed limit. The simulation results were observed rather similar to the 

previous case but with some fluctuations for both rural expressway and freeway. Furthermore, the 

study analysed the effect of HGV speed variation on lane change frequency in case of mixed traffic 

with cars speed remain within the speed limit. The simulation results showed non-significant 

behaviour in lane change frequency with the variation of HGV speed rate for both rural expressway 

and freeway. Some previous studies found speed variations to be positively related to crashes 

(Kockelman and Ma, 2007; Baek et al., 2006; Yanga et al., 2013), while other studies found non-

significant relationships between speed variations and crash risk (Li et al., 2006). The overall 

simulation analysis results are shown in Table 5.7. 

 
Table 5. 7: Effect of driving speed exceeding speed limit on lane change frequency 

Speed rate 

(%) 

Lane change frequency 

(Single traffic with variation 

of car speed rate) 

Lane change frequency 

(Mixed traffic with 

variation of car speed rate) 

Lane change frequency  

(Mixed traffic with variation of 

HGV speed rate) 

Rural 

expressway Freeway 

Rural 

expressway Freeway 

Rural 

expressway Freeway 

5 112 74 949 1050 673 935 

10 131 89 1027 1135 590 855 

15 144 96 1035 1142 529 810 

20 153 106 1043 1149 566 858 

25 182 126 1055 1159 565 865 

30 179 130 1067 1172 535 809 

 

       Considering the above simulation results, the study analyzed the relationships between 

designated traffic parameters and lane change frequency. Polynomial curves (second degree) were 

found to better fit the relationships between observed traffic parameters (average desired speed, 

desired speed distribution, traffic volume) and lane change frequency. Also, the equation of each 



90 
 

curve was placed in plots which represent the relationship between a dependent variable (lane 

change frequency) and an independent variable. The R-squared (R²) value was also calculated 

which can be defined as the percentage of variation in the response variable that was explained by 

the model. The higher the R² value, the better the model fits data. Finally, the unit rate was 

calculated, which represents the change in lane change frequency with the unit rate of speed. 

Higher unit rate values increase the number of lane changes. 

 

Relationships between speed rate exceeding the speed limit and lane change frequency 

 

The study was designed to investigate and compare the possible effect of hypothetical speed rise 

above the speed limit on lane change frequency under specified traffic conditions (Table 5.5). 

Firstly, the relationship between car speed rate and lane change frequency was observed when car 

speed rate exceeding the speed limit from 5 to 30% with the interval of 5% in case of single traffic 

for rural expressway (110 km/h) and freeway (130 km/h). The relationships between car speed 

variation and lane change frequency were plotted for rural expressway and freeway as shown in 

Figure 5.9. The plot results showed the positive relationship between observed variables which 

depict that lane change frequency increase with the increase of car speed rate exceeding the speed 

limits. However, the results found the lane change frequency high for the slower driver of the rural 

expressway as compared to the faster driver of the freeway in case of single traffic.  

 

   

      (a) 110 km/h                                                         (b) 130 km/h 

 

Figure 5. 9: Effect of car speed rate on lane change frequency for single traffic 
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       Subsequently, the relationships between speed rate exceeding the speed limit of specified 

vehicles (cars & HGVs) and lane change frequency were observed for mixed traffic. However, the 

simulations considered the free lane change option only for cars and HGVs moved without a lane 

change. There is a permanent overtaking ban for every vehicle over 3.5 tones on certain two-lane 

sections on the Hungarian motorway network (NAGY and Sandor, 2012). Accordingly, the study 

first plotted the relationship between car speed rate and lane change frequency for mixed traffic 

when the car speed rate exceeding 5 to 30% above the speed limit with HGVs speed kept within 

the speed limit as shown in Figure 5.10. The curve behavior showed a positive relationship but 

slight complex behavior with a sudden increase in lane change frequency in the start then further 

small increment for both rural expressway and freeway. The results found the higher lane change 

frequency for faster vehicles of the freeway as compared to slower vehicles of a rural expressway 

in case of mixed traffic. Some studies noticed that small speed rise above the speed limit of other 

vehicles at a particular place is linked with greater increases in the relative risk of being subjected 

in a casualty crash (Kloeden et al., 2002; Brenac et al., 2015). 

 

   

      (a) 110 km/h                                                           ( b) 130 km/h 

 

Figure 5. 10: Effect of car speed rate on lane change frequency for mixed traffic 
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compared to other observed simulated curves. Figures 5.11a and 5.11b showed the overall decrease 

in lane change frequency with the HGV speed rate exceeding 5% to 30% above the driving speed 

limit for both rural expressway and freeway. Some previous study results found the non-significant 

relationships between speed variations and crash risk (Kockelman and Ma, 2007). 

 

   

                 (a) 110 km/h                                                         (b) 130 km/h 

 

Figure 5. 11: Effect of HGV speed rate on lane change frequency for mixed traffic 
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(a)                                          (b) 

Figure 5. 12: 3D surface plots 

 

Finally, the study attempts to develop a regression model between lane change frequency and 

specified traffic parameters based on observed simulation data. Lane change frequency (LCF) was 

set as a dependent variable, while the independent variables were average desired speed (ADS) 

and traffic volume (TV). The regression model was developed based on simulation data and 

coefficient results were utilized to quantify the effect of traffic parameters on lane change 

frequency as shown in Equation 5.1. The model results showed that average desired speed has high 

effect on lane change frequency with high coefficient value. However, traffic volume has a small 

effect on lane change frequency due to small coefficient value.  

 

𝐿𝐶𝐹 = (41.38 × 𝐴𝐷𝑆) + (0.68 × 𝑇𝑉) − 5411                           (5.1) 

     Regression analysis results are presented in Table 5.8. The Standard Error (SE) is presented, 

which represents the average distance that the observed values fall from the regression line. 

Smaller the Standard Error, the more representative the sample will be of the overall sample size. 

The statistical significance of the effect depends on the P-value, i.e., if the P-value is larger than 

the selected significance level (α), the effect is not statistically significant; but if the P-value is less 

than or equal to α, then the effect for that particular term is statistically significant. The α value 

was set 0.05 in the regression analysis. Accordingly, the results showed that all observed 

parameters were statistically significant with P-value less than 0.05. Furthermore, adjusted R² was 

calculated, which represents the percentage of the variation in the response variable that is 

explained by the model, adjusted for the number of predictors in the model relative to the number 

of observations. Moreover, Mean Absolute Error (MAE) was measured which is the absolute value 
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of the difference between the forecasted value and the actual value. The observed and predicted 

mean absolute error values were shown in Table 5.8. 

 
Table 5. 8: Regression analysis results 

 Coefficients Standard error P-value 

Average desired speed 41.38 
4.48 0.00 

Traffic volume 0.68 
0.04 0.00 

Intercept -5411 
546.90 0.00 

Adjusted R Square 

MAE (observed)=213.072, 

81% 

MAE (predicted)=199.9                  

 

Discussion 

Identification of the main traffic characteristics causing frequent lane-changing could improve our 

understanding of lane-changing risk and would help to develop more effective road safety 

strategies. A previous study recommended that countermeasures based on the factors affecting 

speed variation need to be introduced to minimize speed variability. These factors were the design 

speed, the posted speed limit, driver's lane-changing behavior, vehicle class, road geometry and 

volume (Park and Ritchie, 2004). The study results evaluated that observed traffic parameters have 

a major impact on lane change frequency. Simulation plot results found a positive association of 

traffic parameters with lane change frequency for most of the cases, while for the few cases, the 

complex and non-significant relationships were observed. Also, the results noticed that the 

relationship between speed rate and lane change frequency depends upon other related factors such 

as vehicle types, traffic compositions and road environment. Furthermore, the study observed that 

lane change frequency was affected high due to integrated effect of specified traffic parameters. 

Improvements in drivers’ compliance with speed limits and speed management/enforcement 

strategies can play a vital role in enhancing traffic safety. Several studies have confirmed that 

speed cameras and vehicle-to-vehicle communication (V2V) systems are effective in reducing 

both mean speed and excessive speeding (Soole et al., 2017; Farooq and Juhasz, 2019). An 

evaluation for Norway demonstrates that if all drivers were driving under speed limits, the number 

of fatalities would be decreased by about 20% (Elvik, 2011).  

 

5.6    Conclusions 
 

The current study evaluated the effect of significant traffic parameters on lane-changing for a two-

lane road section by utilizing VISSIM as a simulation tool. The research aimed to evaluate and 

quantify the impact of designated traffic parameters on lane change frequency. The traffic 

parameters considered for analysis of lane-changing were average desired speed, desired speed 
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distribution, traffic volume and speed rate exceeding the speed limit. The observed simulation data 

were used to plot the relationship between specified traffic parameters and lane change frequency.  

      Firstly, the effect of average desired speed, desired speed distribution and traffic volume on 

lane change frequency was analyzed for a two-lane road section on a freeway. The plot results 

showed the positive relationship between average desired speed variation and lane change 

frequency which means that the lane change frequency increase with the increase of average 

desired speed under specified speed range. Subsequently, the effect of desired speed distribution 

on lane change frequency was analyzed. The simulation results showed high lane change 

frequency when speed distribution was large and lower lane change frequency when speed 

distribution was small. Furthermore, the effect of traffic volume on lane change frequency was 

analyzed. The plot results showed the positive relationship between traffic volume and lane change 

frequency which means that the lane change frequency increase with the increase in traffic volume.  

       Secondly, the study analyzed the effect of speed rate exceeding the speed limit on lane change 

frequency for single and mixed traffic. The simulation results found that the lane change frequency 

generally raises with the vehicles speed variations (positive relation). However, some complex and 

non-significant relationships were observed due to the presence of HGVs and their speed 

variations. This reveals that specific combinations of traffic conditions can influence significantly 

the lane change frequency rather than distinct effects (speed variations). 

Based on the simulated data, 3D surface plots were developed between designated speeds 

(average desired speed and desired speed distribution), traffic volume and lane change frequency. 

The plot results showed the integrated effect of observed parameters on lane change frequency and 

found the effect significantly higher than the individual effect. Finally, the regression model was 

developed between a dependent variable (lane change frequency) and independent variables 

(average desired speed and traffic volume) to quantify the effect of traffic parameters on lane 

change frequency. The regression model results showed that average desired speed has more 

significant impact on lane change frequency as compared to the traffic volume.  

The large speed variations between vehicles on two lane road can give rise to frequent lane 

changes, which in turn can lead to traffic risk. Different researchers have stated rather different 

values for the increase in traffic risk when drivers exceeding the speed limit and there is still 

substantial uncertainty as to the real appearance of the individual risk curve. The results in this 

study could be useful to understand the speed variance effect on lane change frequency at different 

traffic conditions with the involvement of HGVs. Considering the high-level significance of speed 

variation for lane-changing, the study results depict that there is a need in the advancement of more 

effective countermeasures for traffic administration departments and freight transport authorities. 

Therefore, it is important to promote the safety policies which can reduce the speed variation. One 

of such policies would be to implement speed limit with the application of speed cameras on a 

stretch of a roadway which may decrease lane changing risk related to speed variation.  
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5.7    Thesis 3 
 

I estimated and compared the effect of significant traffic parameters on lane-changing for driving 

logic “cautious” by using VISSIM as a simulation tool. The study explored the significant 

relationships between observed traffic parameters (average speed, speed distribution, speed 

exceeding the speed limit and traffic volume) and lane change frequency. The study also developed 

3D surface plots to show the integrated effect of specified traffic parameters on lane change 

frequency. While regression model was developed to quantify the effect of specified traffic 

parameters on lane change frequency. 
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Chapter 6 
 

Theoretical comparison of the contributing factors to car 

motorcycle accidents by accident types 
 

6.1    Short summary 
 

Car-motorcycle accidents have been observed high in recent years due to the increasing number 

of motorcycles on road. Due to the vulnerability of motorcyclists, the car-motorcycle accidents 

lead to fatalities and serious injuries. The main objective of this chapter is to ascertain and compare 

the contributing factors to car-motorcycle accidents by accident types. For this purpose, the 

accident data was collected from the Hungarian Central Statistical (KSH) office. The procedure 

utilized the statistical data analysis and data sampling techniques, to identify and categorize the 

car-motorcycle accidents by dominant accident types. The specified car-motorcycle accidents were 

reconstructed in Virtual Crash software during 5 seconds before the collision using simulation 

models. The accident reconstruction results found the main contributing factors to car-motorcycle 

accidents such as driver behavior, rider behavior, view obstructions, speeding and blind spots. The 

plot results were developed to enumerate the involvement of specified factors such as view 

obstructions and blind spots for the specified time period. The comprehensive in-depth analysis 

also found that most car drivers and riders could not perform collision avoidance manoeuvres 

before the collision. This study can help the traffic safety authorities to focus on the observed 

contributing factors to car-motorcycle accidents to solve road safety issues. The study proposes 

the safety measures from car driver and motorcyclist perspectives to avoid car-motorcycle 

accidents in future. 

 

6.2    Introduction 
 

The Global status report on road safety stated that the number of annual road traffic deaths has 

reached 1.35 million. More than half of global traffic deaths are among motorcyclists, pedestrian 

and cyclist who are still very often neglected in road traffic system design in many countries 

(WHO, 2018). In 2017, motorcyclists accounted for 15% of road accident fatalities on EU roads 

which is the second-highest rate after pedestrians (21%) among vulnerable road users. In addition, 

Hungary's road safety performance is below the EU average. In 2018, 64 people per million 

inhabitants died on Hungarian roads, representing a 1% increase compared to the previous year 

(EU Commission, 2019). The long-term trend shows that traffic in Hungary has become safer for 

all road user groups but to a lesser extent for motorcyclists (OECD/ITF, 2018). According to the 
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Hungarian Central Statistical Office (KSH) data, 668 road accidents were causing personal injury 

by motorcycles in 2018, a 4% rise as compared to 2017 (KSH, 2018). Figure 6.1 presents the recent 

car-motorcycle accident data which shows the high number of motorcyclist’s fatalities as 

compared to car drivers. 

 

 
Figure 6. 1: Number of fatalities in car-motorcycle accidents 

 

      Elliott et al., (2007) examined that most car drivers involved in traffic accidents containing 

motorcyclists. The motorcycle riders are one of the vulnerable users among the other road users. 

Due to some differences in powered two-wheelers characteristics such as size, speed and specific 

behavior which contribute to their vulnerability on the road. Due to this vulnerability, the riders 

need to apply a maximum amount of attention in driving situations to ensure their safety. This is 

particularly important since car drivers may perform behaviors that put them in danger (Van 

Eslande, 2003). Different types of accidents should be considered when studying motorcyclists’ 

behavior and its consequences. The number of motorcycles on the road increasing with time, it can 

be expected that motorcycle accidents fatalities will remain an important issue for road safety 

(Espiéa et al., 2013).  

       The reconstruction of a road vehicle accident is a multidimensional engineering task designed 

to reconstruct the cause of an event and its course (Wojciech, 2016). Police-reported accident data 

contain a good deal of valuable information such as vehicle types, road types and locations 

involved.  Crash fatalities in road accidents designated when crash victims die within the reporting 

time. Police-reported crash fatalities are generally based on a shorter set time standard (from 24 h 

to 30 days) (Jacobs et al., 2000). Pre-crash events are mostly considered as the main factors in the 

classification of accident configurations (Pierini et al., 2005).  
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        An in-depth study was carried in the UK which examined that the most common motorcycle 

accidents happen when a vehicle fails to give way to an oncoming motorcycle while coming out 

from a side road onto the main carriageway. Despite conspicuity and environmental display of 

objects, the combination of some driver/road specificities leads to behaviors, which do not take 

specific hazards into under consideration (Clarke et al., 2007, Herslund and Jorgensen, 2003). A 

right-of-way violation was found a main involved factor in most of the motorcycle accident 

studies. A typical case would involve a car moving out from a junction into the path of an 

approaching motorcycle. The effects of right-of-way violation causing rider injury severity was 

mainly studied for motorcycle–car angle crashes (Clarke et al., 2004; Pai, 2009). The TRACE 

project determined six different situations and at four-legged intersections from a statistical 

analysis of crashes. The situation where vehicle ‘A’ crosses the road and the path of the opponent 

vehicle ‘B’ which is going straight or turning, is more common and more severe than any other 

(Molinero et al., 2007). The review study reported two possible causes in motorcycle right-of-way 

collisions: lack of motorcycle conspicuity and drivers misjudging the velocity and distance of an 

oncoming motorcycle (Pai, 2011). 

       Accidents involved specific situations such as “looked-but-failed-to-see” where the visual 

perception of related information is disrupted. Several physical and psychophysical constraints on 

vision could describe perception failure (Herslund & Jorgensen, 2003). Typically, in car-

motorcycle accidents, the car drivers stated that they “looked but failed to see” the oncoming 

motorcycle. It is possible sometimes that some of these drivers failed to look visual scene in the 

appropriate areas of the incident (Brown, 2002; Clarke et al., 2007). This phenomenon could be 

further described such as the road user did not recognize the danger of driving fast in an area with 

poor visibility or did not decrease their speed in accordance with the right of way (AIB Report, 

2009).    

       A driver’s attitudes about the social acceptability of speeding or risky driving may be the 

strongest influence on the probability of insecure driving behaviors (Machin and Sankey,2008). 

The study revealed that the risk of injury increases with impact speed. However, exact impact 

speeds are not mostly available in most of the crash reports (Watanabe et al., 2012). The accident 

severity for motorized two-wheelers (MTW) can also be seen related to the relative velocity 

between motorized two-wheelers and the car or truck by vector subtracting the speed vectors of 

each vehicle (Otte, 2006). 

       Comprehensive in-depth motorcycle crash study is a useful approach to adopt safe systems in 

road safety using real-world crashes data (Pai, 2009; Bambach and Mitchell, 2015). The 

understanding of accident characteristics particularly PTW riders’ behaviors is important to design 

appropriate and thus scientifically based countermeasures. These measures involved such as 

training/retraining of behavior, infrastructure and equipment adaptation, active and passive safety 

systems design to reduce road fatalities and/or mitigate the impact of accidents (Espiéa et al., 

2013). The strategies corresponding driver/rider behavioral improvements include avoiding to ride 

in the blind spot, making sure that the driver has looked at the rider through the mirror, making the 
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headlights visible in the rear mirror of the car, riding behind the car for a while, putting the 

indicator and flashing the headlights before overtaking (Huth et al., 2014).  

      This chapter analyzed the contributing factors to car-motorcycle accidents by dominant 

accident types which occur in Budapest city. Firstly, the study identified and categorized the car-

motorcycle accidents by dominant accident types based on statistical data analysis and data 

sampling. The selected accidents were reconstructed in Virtual Crash software during 5 seconds 

before the collision. The crash analysis results found the main contributing factors to car-

motorcycle accidents such as driver behavior, rider behavior, view obstructions, speeding and 

blind spots. Furthermore, the plots are developed based on measured relative angles to quantify 

the view obstructions and blind spots contribution to car-motorcycle accidents. Moreover, the 

impact speeds of drivers and riders and collision avoidance maneuvers performed by both 

participants at moment of the collision were also examined in the study. The road safety systems 

were proposed based on observed contributing factors to car-motorcycle accidents to avoid car-

motorcycle accidents in future. 

 
 

6.3    Methodology 
 

A flowchart detailing the scope and research methodology is shown in Figure 6.2. Firstly, from 

the statistical data analysis, car-motorcycle accidents were identified and categorized by accident 

types. Secondly, from stratified data sampling, fifty car-motorcycle accidents were selected by 

dominant accident types for in-depth analysis. Subsequently, the in-depth analysis was performed 

to develop the simulation models and reconstruct the accidents reconstruction by using Virtual 

crash software. Finally, the simulated data were used to measure and compare the contributing 

factors to car-motorcycle accidents. From the analysis of results, the possible safety measures were 

proposed for the avoidance of car-motorcycle collisions in future.  

 

 
 

Figure 6. 2: Scope and research methodology 



101 
 

6.3.1    Statistical data analysis and data sampling 

 

The road accident data was collected from the Hungarian Central Statistical office from the period 

(2011-2014). There were total 2,673 car-motorcycle accidents observed which involve one car and 

one motorcycle. From the statistical data analysis, the car-motorcycle accidents were identified by 

accident types. The accidents which happened in the built-up area were considered for the study. 

The data sampling categorized the accidents into six dominant accident types based on percentage 

occurrence (rate) as shown in Figure 6.3. These accident types were described as: (a) car and 

motorcycle both travelling straight and same direction; (b) car and motorcycle both travelling 

straight and opposite direction; (c) car and motorcycle both travelling same direction and one 

turning; (d) car and motorcycle both travelling opposite direction and one turning; (e) car and 

motorcycle both coming from adjacent direction and without turning; (f) car and motorcycle both 

coming from adjacent direction and turning. The analysis results showed that the most frequent 

accident type was “car and motorcycle coming from same direction and one turning” about 23%. 

The least frequent accident type was “car and motorcycle coming from the opposite direction and 

straight ahead” about 4%.  

 

 
 

Figure 6. 3: Percentage of car-motorcycle accidents by accident types in built-up area 

 

        From stratified data sampling, fifty car-motorcycle accidents were selected by dominant 

accident types for in-depth analysis. The police report was used as a data source for selected 

accidents and simulation models plotted according to scale (M 1:200). The previous study also 

collected statistical data from the police for measurement of the scale of traffic risks and 

identification of major road safety problems. Unfortunately, police on the scene of an accident 

have no chances or time to identify the actual cause of the collision (Sicinska and zielinska, 2016). 

The important parameters observed in simulation models were the participant's position, direction, 
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view obstructions, speed, braking and swerving. The names of locations for observed car-

motorcycle accidents in Budapest city have been mentioned in Table 6.1.  

 
Table 6. 1: Location of car-motorcycle accidents 

No. Location of accidents No. Location of accidents 

1 József krt 26 Kis saletrom u. 

2 Haraszti ut es az Rianas utca 27 Hosok tere iranyaba 

3 Horog u. Iranyabol 28 Konyves Kalman kr 

4 Hermina utca 29 Hungaria krt iranyaba 

5 MOL uzemanyagtolto bejrarta 30 Koris utca felol 

6 Soroksari ut 48, IX BP 31 Vagohid utca 

7 Budakeszi ut 36/C 32 Mese u felol 

8 Ferihegyi ut 33 Pesti ut felol 

9 Kolozsvari u. fele 34 6-os Fouton Erd 

10 Bimbo utca fele 35 Ker kapy utca 50 

11 Damjanich ut felol 36 Wesselenyi ut fele 

12 Balatoni ut a, Moricz zsigmond 37 Szabadkai ut 

13 Nagykovatcsi ut felol 38 Nevtelen bekoto ut 

14 Gabor aron ut 39 Szilagi ezsebet fasor serviz ut 

15 Zrinyi utca felol 40 Szent istvan ut 

16 Kesmark utca 41 Palya iranyaba 

17 Prielle kornetia utca 42 Hauszmann alajos utca 

18 Hatar ut fele 43 Kisfaludy utca 

19 Alfoldi u 44 Keleti pu. Felol 

20 Rakoczi ut felol 45 Wesseleny u. 

21 Andrassy ut fele 46 Kiraly utca fele 

22 Kulso mester ut 47 Kopanny utca 

23 Krusper utca 48 Lagymanyosi utca 

24 Kenver u. iranvabol 49 Surgony utca felol 

25 Bihari u. iranyabol 50 Pongrac ut 

 

 

     The demographic characteristics of involved car drivers and motorcycle riders related to age, 

gender and duration of license possession were tabulated in Table 6.2. The mean and standard 

deviation values were also measured for these characteristics. The results showed that most of the 

motorcycle riders were young who involved in car-motorcycle accidents and have less driving 

experience as compared to car drivers. Also, most of the car drivers and motorcycle riders were 

male as compared to females. 

 
Table 6. 2: Demographic characteristics of car drivers and motorcyclists 

Variables Car drivers Motorcyclists 

N 50 50 

Age 

Mean 

SD 

32.65 

5.25 

24.98 

3.54 
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Gender (n) 

Male drivers 

Female drivers 

 

43 

7 

 

48 

02 

Duration of license possession 

Mean 

SD 

 

15.16 

6.17 

 

6.41 

3.02 

 

6.3.2    Virtual crash simulation 

 

To measure the contributing factors to car-motorcycle accidents, the investigation involved the full 

reconstruction of the accidents in ‘Virtual Crash software 2.2’. Figure 6.4 shows the simulation 

run as an example in Virtual Crash software. The reconstruction of a road vehicle accident is a 

multidimensional engineering task designed to reconstruct the cause of an event and its course. It 

can also be understood as a reverse engineering operation (Wach, 2016).  

 

 

Figure 6. 4: A snapshot of simulation run in Virtual Crash software 

 

      Car-motorcycle accidents were simulated based on simulation models for 5 seconds during the 

collision. This time (5 s) before the collision was considered important because drivers and riders 

have to perceive and react according to aware/unexpected situations. A previous study observed 

the reaction time of car drivers around 0.70–0.75 s when fully aware and 1.25–1.5 s when 

unexpected situations (Green, 2000). Another study observed the reaction time of motorcyclists 

under fully aware or unexpected conditions about 0.7–0.9 s (Tang, 2003). The important 

parameters observed from the simulation analysis were driver and rider behavior, view 

obstructions (stationary and mobile), relative angles, speed and collision avoidance maneuvers 

(braking, swerving). To observe view obstruction from the driver point of view the camera 

emulator tool was used on the left, right and top mirror positions. The relative angles between car 

and motorcycle were measured within the specified time interval based on observed simulation 

data. All this information increases the accuracy and reliability for in-depth analysis of accidents. 
Figure 6.5 presents a simulation image of a car-motorcycle accident as an example. 
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Figure 6. 5: Simulation image example 

 

6.3.3    Collision configuration and blind spots measurement 

        

To describe the collision configuration of car and motorcycle during the collision, the relative 

heading angles between the car and the motorcycle were measured. Pre-crash events were mostly 

considered as the main factors in the classification of accident configurations (Pierini et al., 2004). 

The purpose of categorizing the accidents into different configurations was to investigate the 

participant’s behavior and related parameters at the precipitating event. A previous study observed 

the relative heading angle between the car and the motorcycle as a positive angle clockwise from 

the vertical where zero degrees corresponds to both vehicles being pointed in the same direction 

(ACEM, 2004).  

       Simulations were run for each accident on virtual crash software and relative angles were 

measured for the specified time interval. Results showed that observed accidents occur in different 

collision configurations as shown in Figure 6.6. The most frequent observed relative heading 

angles were between 22º and 67º degrees as well as between 67º and 112º degree (28% in both 

cases). The least frequent observed relative heading angles was between 157º and 202º degree 

(20% in both cases). 
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Figure 6. 6: Relative heading angles for motorcycle to car collision 

 

 The blind spots of car-motorcycle collisions were measured based on field test using one car 

and one motorcycle. While a study reported that blind spot is an area in the range of vision that car 

driver cannot see properly but which he really should be able to see (HarperCollins Publishers, 

2018). In addition, the blind spot in case of car-motorcycle accidents represents an area in which 

car driver declared that they failed to see the oncoming rider. Figure 6.7 indicated the observed 

blind spot regions in terms of relative heading angles at moment of collision for the specified 

interval of time. The results showed that about 36% of riders were in blind spots area at moment 

of collision. 

 

   
 

Figure 6. 7: Blind spots area of a car 
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6.4    Results and discussion 
 

6.4.1    In-depth analysis results 

 

In-depth crash investigation methods have generally been utilized to determine the most probable 

involved factors to the crash and injury outcomes using data collected from the vehicles, road 

users, crash site and police or traffic incident reports where available (ACEM, 2004; Allena et al., 

2017; Haworth et al., 1997).  

       Fifty car-motorcycle accidents were simulated in Virtual Crash software and results were 

tabulated in Table 6.3. The procedure of in-depth analysis identified the six dominant accident 

types based on frequency occurrence and car-motorcycle alignment images were shown for each 

accident type. Relative heading angles were measured between car and motorcycle towards the 

point of collision at 5 seconds before the collision. Results showed that accidents occur in different 

configurations. It was observed that the most frequent observed relative angles were between 0 to 

90 degree. The most frequent accident type observed was “vehicles coming from the same 

direction and other vehicle turning” about 24%. The least frequent accident type was “vehicles 

coming from the opposite direction and straight ahead” about 4%. It was also noticed that most of 

the collisions (80%) took place at an intersection by considering the location of accidents in 

simulation models. The previous study observed that the situation where vehicle A crosses the 

road and the path of the opponent vehicle B, which is going straight or turning, is more common 

and more severe than any other. This situation observed about 70% of all intersection accidents 

(Molinero et al., 2008). 

          The in-depth analysis results showed that several types of driver and rider behavior factors 

were involved in different types of collisions. Human behavior was observed as the most frequent 

factor in previous accident studies. Mostly car driver and motorcycle rider behavior led to fatal 

car-motorcycle accidents (Møller and Haustein, 2016; Pai, 2011). The car driver behavior was first 

analyzed in car-motorcycle collisions. The most frequent observed driver behavior factors were 

perception failure, failing to yield, traffic scan error and high speed. Accordingly, the perception 

failure by car drivers was observed high in 34% of accidents. Previous studies have revealed that 

human error such as perception failure (both on the part of the rider and other road users) is the 

most common factor in powered two-wheelers (PTW) crashes (ACEM, 2004; Haworth et al., 

1997). Traffic scan error was also observed high about 24% in car-motorcycle accidents as 

compared to other observed driver behavior factors. Secondly, the rider behavior was analyzed in 

accidents simulation. The most frequent observed rider behavior factors were high speed, critical 

overtaking, wrong lane and fail to yield. Furthermore, it was observed that rider high speed was 

the main involved factor in 28% of car-motorcycle accidents. While critical overtaking was also 

observed high about 22% in car-motorcycle accidents as compared to other rider behavior factors. 

        View obstructions can be defined as the sight of view not visible due to stationary or mobile 

view obstructions. Results showed that there was the influence of stationary view obstructions 
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(buildings, vegetation and parked vehicles) on 20% car-motorcycle accidents. Also, there was the 

influence of mobile view obstructions (cars and large buses) on 16% car-motorcycle accidents. 

The option ‘none' evaluated that view obstructions have no contribution to remaining accidents. 

        Finally, the data analysis results showed that in most cases, the collision avoidance maneuvers 

were not finally attempted by car drivers and motorcycle riders. In addition, the collision avoidance 

maneuver is an action performed by a car driver or motorcyclist to avoid the aware/unexpected 

collision. Results evaluated that 88% of car drivers attempted no collision avoidance maneuvers 

and only 12% of the car drivers attempted some sort of collision avoidance maneuvers (0% by 

braking, 12% by swerving). Results also evaluated that 52% of riders attempted no collision 

avoidance maneuvers and 48% of the riders attempted some sort of collision avoidance maneuvers 

(24% by braking, 24% by swerving). 

 
Table 6. 3: In-depth Investigation results 

Summary 

Vehicle From 
Same  

Direction 

Opposite 

direction 

Same 

 Direction 

Opposite 

Direction 

Adjacent 

Direction 

Adjacent 

Direction 

Another Vehicle Straight ahead 
Straight 

ahead 
Turning Turning 

Without 

turning 
Turning 

 

Parameters 

 

Categories 
 

Frequency 

 (%) 

 
Frequency 

(%) 

 
Frequency 

(%) 

 
Frequency 

(%) 

 
Frequency 

(%) 

 
Frequency 

(%) 

No. of Accidents 

(%) 
- 8 (16%) 2 (4%) 12 (24%) 10 (20%) 8 (16%) 10 (20%) 

Relative angles 

(Degree) 

± (0-90) 

± (90-180) 

± (180-270) 

0 (0.0%) 

8 (100%) 

0 (0.0%) 

2 (100%) 

0 (0.0%) 

0 (0.0%) 

0 (0.0%) 

8 (67%) 

4 (33%) 

10 (100%) 

0 (0.0%) 

0 (0.0%) 

8 (100%) 

0 (0.0%) 

0 (0.0%) 

10 (100%) 

0 (0.0%) 

0 (0.0%) 

Impact angles 

(Degree) 

± (0-90) 

± (90-180) 

± (180-270) 

0 (0.0%) 

6 (75%) 

2 (25%) 

2 (100%) 

0 (0.0%) 

0 (0.0%) 

4 (33%) 

8 (67%) 

0 (0.0%) 

10 (100%) 

0 (0.0%) 

0 (0.0%) 

6 (75%) 

2 (25%) 

0 (0.0%) 

10 (100%) 

0 (0.0%) 

0 (0.0%) 

View 

Obstructions 

 

Stationary view 

Mobile view 

None 

0 (0.0%) 

0 (0.0%) 

8 (100%) 

0 (0.0%) 

2 (100%) 

0 (0.0%) 

0 (0.0%) 

2 (17%) 

10 (83%) 

4 (40%) 

0 (0.0%) 

6 (60%) 

4 (50%) 

1 (13%) 

3 (37%) 

2 (20%) 

3 (30%) 

5 (50%) 

Car driver 

behavior 

Perception failure 

Fail to yield 

Traffic scan error 

High Speed 

Other 

4 (50%) 

0 (0.0%) 

1 (13%) 

0 (0.0%) 

3 (37%) 

0 (0.0%) 

0 (0.0%) 

1 (50%) 

0 (0.0%) 

1 (50%) 

4 (33%) 

2 (17%) 

3 (25%) 

1 (8%) 

2 (17%) 

4 (40%) 

2 (20%) 

2 (20%) 

0 (0.0%) 

2 (20%) 

3 (37%) 

2 (25%) 

1 (13%) 

0 (0.0%) 

2 (25%) 

2 ((20%) 

0 (0.0%) 

4 (40%) 

0 (0.0%) 

4 (40%) 

Motorcycle rider 

behavior 

High Speed 

Wrong lane 

Critical overtake 

Fail to yield 

Other 

3 (37%) 

2 (25%) 

1 (13%) 

0 (0.0%) 

2 (25%) 

1 (50%) 

0 (0.0%) 

1 (50%) 

0 (0.0%) 

0 (0.0%) 

2 (17%) 

4 (33%) 

3 (25%) 

0 (0.0%) 

3 (25%) 

6 (60%) 

0 (0.0%) 

0 (0.0%) 

2 (20%) 

2 (20%) 

2 (25%) 

0 (0.0%) 

4 (50%) 

0 (0.0%) 

2 (25%) 

0 (0%) 

0 (0.0%) 

2 (20%) 

4 (40%) 

4 (30%) 

Collision 

avoidance by car 

driver 

Braking 

Swerving 

No avoidance 

0 (0.0%) 

2 (25%) 

6 (75%) 

0 (0.0%) 

0 (0.0%) 

2 (100%) 

0 (0.0%) 

0 (0.0%) 

12 (100%) 

0 (0.0%) 

2 (20%) 

8 (80%) 

0 (0.0%) 

0 (0.0%) 

8 (100%) 

0 (0.0%) 

2 (20%) 

8 (80%) 
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Collision 

avoidance by 

rider 

Braking 

Swerving 

No avoidance 

0 (0.0%) 

4 (50%) 

4 (50%) 

2 (100%) 

0 (0.0%) 

0 (0.0%) 

2 (17%) 

4 (33%) 

6 (50%) 

4 (40%) 

2 (20%) 

4 (40%) 

2 (25%) 

0 (0.0%) 

6 (75%) 

2 (20%) 

2 (20%) 

6 (60%) 

 

       

View obstruction and blind Spots contribution to car-motorcycle accidents 

 

Twenty-five accidents were observed further to analyze comprehensively the contribution of view 

obstruction and blind spot to the car-motorcycle accident. The simulation results estimated the 

contribution of stationary view obstructions (buildings, vegetation and parked vehicles) and 

mobile view obstructions (cars and large buses) to car-motorcycle accidents for a specified period 

as discussed below. Furthermore, blind spots were measured by considering the range of relative 

heading angles (Figure 6.4). The exact position of blind spots for car-motorcycle accidents was 

described by considering relative heading angle values for the specified time. Simulations were 

run for each accident on virtual crash software and relative heading angles were measured for each 

time interval. The specified time interval (5 seconds) was considered important because the car 

drivers and motorcycle riders have to perceive and react before the collision during this period.  

 Accordingly, the simulation plots were developed between relative heading angle and a 

specified time for all six types of accidents as shown in Figure 6.8 (a-f). These simulation plots 

identified the involvement and variations of observed contributing factors (view obstructions and 

blind spots) within the specified period. In these plots, the relative heading angle (degree) was 

taken along x-axis and time (seconds) was taken along the y-axis. Different marks in the plots 

provided different type of information such as circular marks showed the visible region; cross 

marks showed the blind spots region and rectangular marks showed the view obstructions 

(stationary and mobile) region.  

 Figure 6.8a presented the relation between relative heading angle and time for accident type 

“vehicles coming from the same direction and straight ahead”. The results showed that in most of 

the cases, there were circular marks which identified the visible region in point of view of car 

drivers and in some cases, there were cross marks which detected the blind spots as contributing 

factor for the specified period. Figure 6.8b presented the relation between relative heading angle 

and time for accident type “vehicles coming from the opposite direction and straight ahead”. The 

results showed that for the only case observed, most of the points were rectangular which detected 

the view obstruction as contributing factor and some points were observed circular which 

identified the visible region for car drivers just before the moment of collision. 

        Figure 6.8c presented the relation between relative heading angle and time for accident type 

“vehicle coming from the same direction and turning”. The results evaluated that in most cases, 

there were circular marks which identified the visible region except one case, there were most 

rectangular marks which identified the view obstructions as a contributing factor to rider visibility 

issues. Also, in some cases, there were cross marks which detected the blind spots as a contributing 

factor for a specified interval of time. Furthermore, Figure 6.8d presented the relation between 

relative heading angle and time for accident type “vehicles coming from the opposite direction and 



109 
 

turning”. The simulation results showed that in most cases, there were circular marks which 

identified the visible region except two cases, in which most of the marks were rectangular which 

detected the view obstructions as contributing factor to rider visibility issues. In one case, there 

were some cross marks which detected blind spots as a contributing factor to rider visibility issues 

for a very short period.  

       Figure 6.8e presented the relation between relative heading angle and time for the accident 

type “vehicles coming from adjacent direction and without turning”. The results showed that in 

most cases, there were rectangular marks which detected the view obstructions as a contributing 

factor to rider visibility issues for the long period. However, in some cases, there were some cross 

marks which detected the blind spots as contributing factor to rider visibility issues and there were 

some circular marks which identified the visible region for the short period. Moreover, Figure 6.8f 

presented the relation between relative heading angle and time for the accident type “vehicles 

coming from an adjacent direction and turning”. The results evaluated that in most cases, there 

were rectangular marks which detected the view obstructions as a contributing factor to rider 

visibility issues for the long-time interval. However, in some cases, there were cross marks which 

detected blind spots as a contributing factor to rider visibility issues for the very short period. 

Furthermore, there were some circular points which identified the visible region for a short period. 

 

 

Note: Circular marks (Visible), Cross marks (Blind spot), Rectangular marks (View obstruction) 

Figure 6. 8: (a) Same direction and straight-ahead (b) Opposite direction and straight ahead (c) Same direction and 

turning (d) Opposite direction and turning (e) Adjacent direction and without turning (f) Adjacent direction and 

turning 
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High speed contribution to car-motorcycle accidents 

 

Simulation analysis also observed the contribution of speed for the specified twenty-five accidents 

before the collision and at moment of collision as shown in Table 6.4. The previous study found 

that motorcycles' poor conspicuity may be intensified with high speed, which may decrease their 

detectability from a turning motorist's perspective (Brenac et al., 2006; Kim and Boski, 2001). The 

speed of motorcycles was observed high as compared to cars in most cases. The previous study 

also found that the average speed of motorcycle was mostly slightly higher than the average speed 

of a car (DfT, 2006). Moreover, the motorcyclists are usually exposed to more serious accident 

severities due to their high speed (Ottea et al., 2012). The simulation analysis results showed that 

24% of motorcycles had the impact speed 50 km/h or more and 72% of motorcycles had the impact 

speed between 25 to 50 km/h at moment of collision. Results also showed that 80% of cars had 

the impact speed 25 km/h or less at time of the collision.  

 
Table 6. 4: Car and motorcycle speed information 

No. Speed (Km/h) before collision Speed (Km/h) at moment of 

collision 

Motorcycle Car Motorcycle Car 

1 59 47 59 38 

2 44 35 33 25 

3 37 19 29 8 

4 48 23 42 13 

5 59 25 59 15 

6 39 21 38 15 

7 53 24 47 15 

8 48 21 42 14 

9 52 15 52 4 

10 37 21 35 15 

11 44 33 34 27 

12 57 22 57 17 

13 66 18 54 15 

14 38 27 36 17 

15 40 12 32 13 

16 42 29 32 21 

17 35 30 25 19 

18 84 28 74 17 

19 37 29 36 30 

20 36 25 34 15 

21 32 25 32 15 

22 50 23 50 17 

23 37 36 32 26 

24 42 31 31 21 

25 59 30 48 11 
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Discussion 

A better understanding of the correlation between motorcyclist injury severity and involved factors 

such as the human, vehicle and weather may enable the identification of appropriate 

countermeasures (Wei, 2009; Bambach and Mitchell, 2015). An understanding of powered two-

wheelers (PTW) rider behavior is critical to design appropriate and thus, scientifically based 

countermeasures (ESPIÉA et al., 2013). For accidents in which human behavior was observed as 

contributing factors to car-motorcycle accidents, the proposed safety systems are vehicle-to-

vehicle communication (V2V) systems which can share information between vehicles about speed, 

braking, the direction of travel and location. From the car driver’s perspective, timely detection of 

an approaching motorcycle in blind spot area using blind spot detector (e.g., blind spot monitor) 

service could signify a way to avoid accidents. Driver training can also help car drivers to make 

the right decision in a hazardous situation to avoid the collision or minimize the severity of 

collision. From the motorcycle rider perspective to improve rider safety, the proposed safety 

measures are use of speed warning systems, traffic law enforcement, rider training, high visibility 

helmets and road safety campaigns. A previous study revealed that 10% speed reduction of a car 

before a collision can reduce fatal injury by 30% (Kraft et al., 2009). For the car-motorcycle 

accidents in which view obstruction was the main involved factor, the proposed safety measures 

are in-vehicle sensors which can warn drivers of a hazardous situation. Also, the active safety 

devices (e.g. ABS, collision avoidance devices) can provide a warning about an imminent collision 

or minimize the severity of the collision. Previous studies have indicated that speed warning 

systems, information flow, preference management and campaigns promoting road safety have 

resulted in a major reduction in road fatalities (Avineri and Goodwin, 2010; Kos et al., 2013). 

 

6.5    Conclusions 
 

This study measured and compared the contributing factors to car-motorcycle accidents with the 

help of a simulation tool and safety measures were proposed accordingly. The study identified and 

categorized the car-motorcycle accidents by dominant accident types based on statistical data 

analysis and data sampling. The accident type in which “vehicles moving in the same direction 

and another vehicle turning” was observed as the most dominant accident type with the highest 

percentage of collisions. The study results found the main contributing factors to car-motorcycle 

accidents such as driver behavior, rider behavior, view obstructions, speeding and blind spots. The 

most observed driver behavior factors to car-motorcycle accidents were perception failure and 

traffic scan error. While the most observed rider behavior factors were high speed and critical 

overtaking. Furthermore, the simulation plots were developed to show the contribution of view 

obstructions and blind spots to car-motorcycle accidents for the specified period. Moreover, it was 

noticed that the high speed of rider did increase the possibility of the rider not being seen and other 

drivers in the zone took the wrong decision before the collision. It was also observed that most car 
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drivers and motorcycle riders could not perform collision avoidance maneuvers such as braking 

and swerving before collisions. The study proposed safety measures from both car and motorcycle 

perspectives to avoid car-motorcycle accidents in future. 

    The study recommends the application of three important road safety rules (3E rules) such as 

education, engineering and enforcement mainly for motorcycle riders. The ‘education’ safety rules 

include the proposition of more training hours and road safety campaigns for motorcycle riders in 

Budapest city. While the ‘engineering’ rules include the active-passive safety systems, bright 

clothes and motorcycles equipped with anti-lock brake systems for collision avoidance and injuries 

reduction. Also, the infrastructure features including the implementation of appropriate road 

standards and provision of motorcycle lanes are particularly important that a ensure safe journey. 

The ‘enforcement’ safety rules include better compliance with speed limits, seatbelt use and helmet 

use for safe movements of car drivers and motorcyclists on road. 

 

6.6    Thesis 4 
 

I evaluated and compared the contributing factors to car-motorcycle accidents by dominant 

accident types using Virtual Crash software. The study results found the main contributing factors 

to car-motorcycle accidents such as driver behavior, rider behavior, view obstructions, blind spots 

and high speed. While simulation plots were developed by measuring relative heading angles to 

show the contribution of blind spots, stationary view obstructions and mobile view obstructions to 

car-motorcycle accidents for a specified period.  
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Chapter 7 
 

7.1    Overall conclusions and scopes for the future study    
 

The Global status report on road safety stated that the number of annual road traffic deaths has 

reached 1.35 million (WHO, 2018). The World Health Organization (WHO) estimates that road 

accidents will be the fifth main cause of death in the year 2030 (WHO, 2009). Several studies 

concentrated on fundamental factors solely related to road safety. However, human factors have 

the most substantial influence on accident risk (Martín et al., 2014). Also, the situation analysis of 

the Road Safety Action Program observes that most of the accidents are caused by human-related 

factors, thus handling them develops as the most dynamic target of road safety actions. Many 

researchers and practitioners revealed that the deviant behavior of a road user that varies from 

normal practices increases the risk of traffic crashes (Mallia et al., 2015; Machin and Sankey, 

2008).  

     Driver behavior has been studied as one of the most considerable factors for safe movements 

on the road. The main observed factors which directly effect on road safety were such as driving 

behavior, driving experience and driver perception of traffic risks (De Ona et al., 2014). Many 

driver behavior factors were observed dynamic, intentional rule violations and errors due to less 

driving experience, while others are the consequence of inattention, momentary mistakes or failure 

to perform a function, the latter often associated to age (Stanton and Salmon, 2009; Wierwille et 

al., 2002).  

      Driving behavior identification has been studied as a central constraint for traffic studies which 

give valuable information normally in three major fields such as road safety analysis, microscopic 

traffic simulation and intelligent transportation systems (ITS) (Bifulco et al., 2014). The profiles 

and driving aims are unknown in the real-world driving situations; the driver may not behave 

similarly to the identification models characterize which results in the bias of the models. 

Consequently, to solve these problems and to make a more reliable model, model adaptation has 

been introduced and considered as one of the main solutions. The main objectives of model 

adaptation are to deal with practical individual driving data, individual driving style or behavior 

that varies from the intended average style and difference of driving movements between newly 

practice and convention stages (Na Lin et al., 2014). Microscopic traffic simulation-based safety 

analysis provides the fast, safe and cost-effective means of evaluating traffic safety when 

compared with field implementation and testing (Ozbay et al., 2008; Park and Schneeberger, 2003; 

Gettman and Head, 2003). Furthermore, it is generally impractical often dangerous to research 

with real traffic systems, so traffic researchers must turn to traffic modeling. Traffic simulation 

models, a category of mathematical models are complex computer formulations usually referred 

to as traffic micro-simulator. Mathematical models depend on approximation and assumptions 

about how a traffic system operates. While physical models include traffic conditions, vehicle 
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dynamics and road surface with the help of software to provide realistic scenes and traffic 

situations (Robert Allan, 2009).  

    This dissertation aims to integrate the physical and mathematical simulation techniques to 

investigate the driver behavior and related significant traffic characteristics that influence traffic 

safety. The main considerations were to identify, categorize and compare the significant driver 

behavior characteristics for road safety by using statistical methods, Multi-Criteria Decision 

Making (MCDM) tools and advance simulation techniques. Firstly, the study evaluated and 

compared the risky driver behavior factors related to road safety based on important drivers’ 

characteristics by utilizing the self-reported DBQ survey. After that, study evaluated and ranked 

the significant driver behavior criteria which influence the road safety by applying the Multi-

Criteria Decision-Making (MCDM) methods for different evaluator groups. Furthermore, the 

study evaluated and compared the effect of different traffic parameters on lane-changing for road 

safety. Moreover, the study measured the contributing factors to car-motorcycle accidents by 

dominant accident types based on simulation model adaptation. The study recommended realistic 

solutions to different observed risky driver behavior factors related to road safety by comparing 

the results obtained from simulation studies. 

                   

7.2    New scientific results 

    

1. I evaluated and compared the risky driver behavior factors related to road safety 

based on important drivers’ characteristics by utilizing the self-reported DBQ survey 

for Budapest and Islamabad. I computed the relative risk which shows the likelihood 

risk of one driver group for observed driver behavior factors as compared to the 

other specified group in the sample. I applied the well-designed ANOVA analysis to 

measure the statistical significance of DBQ items for different driving cultures by 

considering different drivers characteristics.  

The comparison charts were developed to show the differences in drivers’ responses on DBQ 

between observed groups. Firstly, the comparison chart was developed to compare the percentage 

of drivers who responded the option ‘often’ on DBQ between two groups (Budapest and 

Islamabad) as shown in Figure 7.1 (a). It is noticed that the percentage values of option “often” 

are high for Islamabad drivers as compared to Budapest drivers. Secondly, the comparison chart 

was developed to show the percentage of drivers who responded the option ‘never’ on DBQ 

between two groups (Budapest and Islamabad) as shown in Figure 7.1 (b). It is noticed that the 

percentage values for the option “never” are high for Budapest drivers as compared to Islamabad 

drivers. The results showed that Budapest drivers are more compliant to traffic safety rules than 

Islamabad drivers.  
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                                           (a) Often                                                                            (b) Never 

 

Figure 7. 1:  Comparison for driver’s response “Often” and “Never” between two regions 

 

2. I evaluated and ranked the significant driver behavior criteria which influence the 

road safety by applying the Multi-Criteria Decision-Making (MCDM) methods for 

different evaluator groups. I developed the driver behavior hierarchical model 

containing twenty driver behavior criteria in a three-level structure. The study 

utilized the Saaty scale and fuzzy scale for efficient assessment of complex and 

uncertain driver behavior based on perceived traffic issues.  

For AHP application, the study designed a driver behavior hierarchical model in a three-level 

structure as shown in Figure 7.2. The first level included three main driver behavior criteria such 

as “lapses”, “violations” and “errors”. The second level considered the distribution of these main 

driver behavior criteria into related sub-criteria. Subsequently, the third level considered the 

further distribution of two sub-criteria such as ordinary and aggressive violations into related sub-

criteria. 
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Figure 7. 2: The hierarchical structure of driver behavior criteria related to road safety 

 

3. I estimated and compared the effect of significant traffic parameters on lane-

changing for driving logic “cautious” by using VISSIM as a simulation tool. The 

study explored the significant relationships between observed traffic parameters 

(average speed, speed distribution, speed exceeding the speed limit and traffic 

volume) and lane change frequency. The study also developed 3D surface plots to 

show the integrated effect of specified traffic parameters on lane change frequency. 

While regression model was developed to quantify the effect of specified traffic 

parameters on lane change frequency.  

The observed simulation data were used to plot the relationships between specified traffic 

parameters and lane change frequency as shown in Figure 7.3. Firstly, the effect of the average 

desired speed on lane change frequency was analyzed for a freeway. The plot results showed the 

positive relationship between average desired speed and lane change frequency which means that 

the lane change frequency increase with the increase of average desired speed under predefined 

speed range. Subsequently, the effect of desired speed distribution on lane change frequency was 

analyzed. The simulation results showed high lane change frequency when speed dispersion was 

set large and low lane change frequency when speed distribution was set small. Furthermore, the 

effect of traffic volume on lane change frequency was analyzed. The plot results showed the 

positive relationship between traffic volume and lane change frequency which means that lane 

change frequency increase with the increase in traffic volume. Moreover, the study analyzed the 

effect of speed rate exceeding the speed limit on lane change frequency for single and mixed 

traffic. The simulation results found that the lane change frequency generally raise with the 
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vehicles speed variations (positive relation). However, some complex and non-significant 

relationships are observed due to presence of the HGVs and their speed variations. 
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Figure 7. 3: Effect of different traffic parameters on lane change frequency 

3D surface plots were developed to analyze the integrated effect of specified traffic parameters 

(Average desired speed, desired speed distribution and traffic volume) on lane change frequency 

as shown in Figure 7.4. Figure 7.4a presents the 3D surface plot to show the impact of the average 

desired speed on lane change frequency when associated with traffic volume. Figure 7.4b presents 

the 3D surface plot to show the impact of desired speed distribution on lane change frequency 

when associated with traffic volume. The plot results noticed the high lane change frequency for 

both cases due to combined effect of observed parameters. 

 

                                        (a)                                                                                 (b) 

Figure 7. 4: 3D surface plots 

 The study attempts to develop a regression model between lane change frequency and specified 

traffic parameters based on observed simulation data. Lane change frequency (LCF) was set as a 

dependent variable, while the independent variables were average desired speed (ADS) and traffic 
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volume (TV). The regression model was developed based on simulation data and coefficient 

results were utilized to quantify the effect of traffic parameters on lane change frequency as shown 

in Equation 7.1. The model results showed that average desired speed has high effect on lane 

change frequency with high coefficient value as compared to traffic volume with small coefficient 

value.  

 

𝐿𝐶𝐹 = (41.38 × 𝐴𝐷𝑆) + (0.68 × 𝑇𝑉) − 5411                           (7.1) 

 

4. I evaluated and compared the contributing factors to car-motorcycle accidents by 

dominant accident types using Virtual Crash software. The study results found the 

main contributing factors to car-motorcycle accidents such as driver behavior, rider 

behavior, view obstructions, blind spots and high speed. While simulation plots were 

developed by measuring relative heading angles to show the contribution of blind 

spots, stationary view obstructions and mobile view obstructions to car-motorcycle 

accidents for a specified period.  

 

Simulations were run for each accident on virtual crash software and relative angles were measured 

for the specified time interval. Results showed that observed accidents occur in different collision 

configurations as shown in Figure 7.5. The most frequent observed relative heading angles were 

between 22.5º and 67.5º degree as well as between 67.5º and 112.5º degree (28% in both cases).  

      Blind spot in case of car-motorcycle accidents represents an area in which car driver declared 

that they failed to see the oncoming rider. These blind spots of a car were measured in a field test 

using one car and one motorcycle. Figure 7.6 showed the observed blind spots region in terms of 

relative heading angles at moment of collision for the specified time. The results showed that about 

36% of riders were in blind spots area at moment of collision. 

 

 
Figure 7. 5: Relative heading angles for motorcycle to car collision 
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Figure 7. 6: Blind spots area of a car 

 

Figure 7.7 showed the plots which were developed between relative heading angles and time for 

all six types of accidents. These simulation plots identified the involvement and variations of 

contributory factors (view obstructions and blind spots) within the specified period. In these plots, 

the relative heading angle (degree) was taken along x-axis and time (seconds) was taken along y-

axis. Different marks in the plots provided different type of information such as circular marks 

represent the visible region; cross marks represent the blind spots region and rectangular marks 

represent the view obstructions (stationary and mobile) region.  
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Note: Circular marks (Visible), Cross marks (Blind spot), Rectangular marks (View obstruction) 

Figure 7. 7: (a) Same direction and straight-ahead (b) Opposite direction and straight ahead (c) Same direction and 

turning (d) Opposite direction and turning (e) Adjacent direction and without turning (f) Adjacent direction and 

turning 

 

7.3    Application of the scientific results 

 

1. The risky driving behaviour factors are the leading cause of traffic crashes which 

represent a major public safety concern in different countries. Therefore, identification of 
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the frequent risky driving attitudes is of great importance. In thesis 1, a comparative study 

was designed based on a self-reported questionnaire survey to evaluate and compare the 

risky driver behavior factors for specified evaluator groups of Budapest and Islamabad. 

The study utilized the well-designed statistical methods to measure the risk level and 

statistical significance of observed factors among specified drivers’ groups. This study 

would help local policymakers to focus on the highlighted risky driver behaviour factors 

to solve road safety issues. 

 

2. Having a reliable and comprehensive evaluation of driver behaviour data would be a 

significant step regarding the decision of the most significant driver behavior criteria 

affecting road safety. In thesis 2, the MCDM methods were utilized to evaluate and rank 

the significant driver behaviour criteria for different evaluator groups. The study designed 

the driver behaviour hierarchical model to analyse and compare the driver behaviour 

criteria in a three-level structure. Also, the study applied FAHP technique using a fuzzy 

scale to evaluate the complex driver behaviour by capturing the ambiguity of drivers 

thinking style. 

 

3. The relationships between significant traffic parameters and accident risk roughly 

correspond to the driver’s behaviour involvement under varying traffic conditions which 

would be the basis of understanding the traffic safety dynamics. In thesis 3, the micro-

simulation approach was applied to identify and compare the effect of different traffic 

parameters on lane changing related to road safety. The effect of different traffic 

conditions on lane-changing has also been investigated which can be further considered 

as the basis of highways traffic state recognition. The study recommends that traffic 

parameters which influence most on lane-changing should be more focused by 

policymakers to enhance traffic safety.  

 

4. The recent growth of motorcycles on urban roads has resulted in fatal and seriously 

injured car-motorcycle accidents. In thesis 4, car-motorcycle accidents were 

reconstructed using Virtual Crash software to evaluate and compare the contributing 

factors by dominant accident types. The study also investigated the collision avoidance 

manueuvres performed by car drivers and motorcycle riders before the collision. The 

study proposed safety measures from car driver and motorcyclist perspectives to avoid 

car-motorcycle accidents in future.  

 

5. Rider visibility has been considered as a critical issue in car-motorcycle accidents due to 

frequency of unperceptive and negligent driving behavior. Most of car drivers on road 

indicated that they didn’t see the rider before the collision. In thesis 5, the study utilized 

the simulation tool to evaluate the contributing factors that reduce rider visibility for car-

motorcycle accidents. The study developed the simulation plots to quantify and compare 
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the contributing factors to rider visibility issues by measuring relative heading angles for 

a specified period.  

 

7.4    Scope for the future study 

 

1. The scope for future research regarding Thesis 1, is to investigate the risky driver 

behaviour factors under various traffic scenarios for important drivers’ characteristics 

using driving simulators or other advance naturalistic tools. 
 

2. The scope for the future research regarding the Thesis 2, is to analyse dynamically all 

other contributing factors and their sub-factors affecting road safety such as road 

infrastructure, vehicles, traffic operators and environment using MCDM methods. 
 

3. The scope for the future research regarding the Thesis 3, is to calibrate a driver behaviour 

model regarding lane change frequency for speed control sections by measuring real 

traffic data. 

 

4. The scope for future research regarding Thesis 4, is to investigate the behaviour of 

participants in different traffic scenarios with the help of driving simulator using police 

reported simulation models for observed car-motorcycle accidents. 
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