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ABSTRACT 

Bangladesh, having a serious and worsening road safety problem, is burdened with 

most of its urban crashes in the intersections. In order to have a better understanding 

of the factors affecting the probability of crashes in the intersections of Dhaka, the 

capital city, this research aims at developing several crash prediction models (CPMs) 

under empirical Bayesian (EB) framework. In addition, it also to provide directions 

for efficient use of resources applied to safety improvements by identifying and 

prioritizing crash prone intersections using EB technique. 

An extensive volume of dataset consisting the intersection crash data, intersection 

traffic exposure data, and intersection geometric and non-geometric data have been 

collected, synthesized, and investigated to determine the extent of contribution of 

each of the parameters to crashes and their statistical significance. A stepwise forward 

addition process was used to derive the covariates and finally, three CPMs were 

developed- (i) CPM for total crashes, (ii) CPM for severe crashes and (iii) CPM for 

minor and PDO crashes. In terms of goodness of fit measures, the scaled deviance and 

pearson chi-square have been found less than critical chi-suare value at 95% 

confidence interval for all the models while in terms of p-value of the parameters, 

CPMs for ‘total’ and ‘minor and PDO’ crashes have been found significant at 95% 

confidence interval while CPM for Severe crashes has been found significant at 90% 

confidence level. For all severity levels of crashes, positive correlations have been 

found with total entering traffic volume at the intersection and bus passengers’ 

activities on minor roads, while negative relationship with crashes have been found 

for the presence of on-street parking on major road. Total road crashes are likely to be 

increased by around 5.3% for 10% increase in traffic volume while presence of on-

street parking on major road is causing a 34.2% reduction in predicted total collision. 

Low bus passenger activity has been found having relatively higher effect on crashes 

than the high bus passenger activity. Overall, modelling efforts for the crashes in the 

intersections identified several unique parameters particularly prevailing in low and 

middle income countries and also quantified their effects. Such findings have the 

potential to provide new insights in the occurrences of intersection crashes from the 

perspective of urban intersection crashes. 
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EB technique being the current state-of-the-art practice, has been used in prioritizing 

the hazardous intersections explored in this research. Initially the relevant data were 

plugged into the CPMs to determine the predicted crash frequency (µi). Then with the 

help of appropriate mathematical procedures, expected crash frequency (EBi) for each 

of the intersections were determined. Finally, the intersections selected for the study 

have been ranked by sorting the expected crash frequencies in descending order. A 

relative comparison of prioritizing the crash prone intersections by different methods 

has also been demonstrated in this thesis. 

From model application perspective, the study recommends that the road safety 

authority uses the developed CPMs to assess the safety level of the urban 

intersections. Finally, this study also advocates that allocations of resources on road 

safety be based on the prioritized list of crash prone intersection by EB method 

instead of the traditional methods currently practiced in Bangladesh.  
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1. INTRODUCTION 

1.1 Background of the Study 
The role of transportation in the development of human civilizations by meeting travel 

requirement of people and transport requirement of goods is enormous. 

Transportation is an inseparable part of the current societal structure as it 

demonstrates the lifestyle of people, the range and location of social, economical and 

recreational activities and the goods and services available for consumption by any 

society. Although advancement in transportation has brought about considerable 

changes on every sectors of human life, at the same time growth of transportation has 

brought some severe miseries to societies in terms of huge number of road crashes as 

well. According to WHO (2004), there are over 1.2 million reported road fatalities 

and 50 million injuries worldwide per year and these figures are likely to increase by 

about 65% over the next 20 years if no intervention measures are taken. 

With low and rapidly growing motorization, Bangladesh has a serious and worsening 

road safety problem. Traffic crashes are resulting in unacceptably high socio- 

economic toll placing a heavy burden on health and economics and in particular are 

hindering poverty reduction efforts (Hoque et al., 2012). According to WHO (2004), 

more than 20,000 deaths from road traffic crashes are estimated to occur annually in 

Bangladesh, while around 4000 deaths are officially reported. Analysis of reported 

crash data reveals that around 400 deaths occur annually in Dhaka city alone, most of 

which are due to intersection crashes, and around 75 percent of these victims are 

pedestrian. Combination of increasing volume of vehicles on the road, complexity of 

heterogeneous mix of vehicles, deficiencies in the geometric and non-geometric 

features of the road and several other factors particularly force the pedestrians to be 

exposed in the high risk situation which eventually results in high number of road 

deaths (Hoque and Salehin, 2013). 

Researchers, worldwide, have continually sought ways to gain a better understanding 

of the factors that affect the probability of crashes with the aim of better predicting the 

likelihood of crashes and providing direction for policies and countermeasures aimed 

at reducing the number of crashes (Lord and Mannering, 2010). In order to do so, for 

the intersection crashes of Dhaka city, the estimation of the safety of the intersections 
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and the identification of crash hotspots would be the first step in addressing the road 

crash problem. The safety of an entity (a road section, an intersection, a driver, a bus 

fleet etc.) is ‘the number of crashes, or crash consequences, by kind and severity, 

expected to occur on the entity during a specified period’ (Hauer, 1997). Since the 

expected number of crashes or the amount of consequences are supposed to be 

estimated by the safety professionals, the precision of safety estimation depends on 

the methodology incorporated in the process. 

A crash hotspot can be theoretically defined as any location that has a higher number 

of crashes than other similar locations as a result of local risk factors (Elvik, 2007). 

This definition implies that true crash hotspots are sites at which local risk factors 

related to road design and/or traffic control make a substantial contribution to crashes; 

as a result, engineering improvements can reduce crashes. Errors in hotspot 

identification may produce large numbers of false negatives (i.e., truly hazardous sites 

mistakenly designated as safe) and large numbers of false positives (i.e., truly safe 

sites that are wrongly identified as hazardous). These errors result in an inefficient use 

of the resources applied to safety improvements and reduce the global effectiveness of 

the safety management process. Therefore, the correct identification of crash hotspots 

is essential for the successful implementation of any road safety plan (Montella, 

2010). 

Historically several methods have been used to identify crash hotspots- crash 

frequency (CF), equivalent property damage only (EPDO) crash frequency, crash rate 

(CR), proportion method (P), empirical Bayes (EB) estimates etc.. Montella (2010) 

compared several hotspot identification (HSID) methods and concluded that the EB 

method performs better than the other HSID methods. He also stated that the EB 

method is the most consistent and reliable method for identifying priority 

investigation locations. At present, the only practice in our country to identify and 

prioritize crash hotspots is based on traditional crash frequency (CF) method and 

crash rate (CR) method, whereas, the safety professionals have agreed around a 

decades ago that ‘the time has come for the EB method to be the standard of 

professional practice; it should be used whenever the need to estimate road safety 

arises, whether in the search for sites with promise, the evaluation of the safety effects 

of interventions, or the assessment of potential safety savings due to site 
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improvements (Hauer et al., 2002). Accident Research Institute (ARI) has published a 

prioritized list of crash prone intersections of Dhaka City (http://www.buet.ac. 

bd/ari/downloads/Hazardous%20Intersection%20of%20DMP.pdf ) which is based on 

only total number of crashes and no other factors had been taken into consideration. 

There are always two kinds of clues to the safety/unsafety of an entity: its traits (such 

as traffic, geometry, age, or gender) and its historical crash record. While the 

traditional method only uses the crash history, the Empirical Bayes approach to safety 

estimation makes use of both kinds of clues (Hauer, 1992).  

The Empirical Bayes method addresses two problems of safety estimation; it 

increases the precision of estimates beyond what is possible when one is limited to the 

use of a two-three year history crashes, and it corrects for the regression-to-mean bias. 

The increase in precision is important when the usual estimate is too imprecise to be 

useful. The elimination of the regression to mean bias is important whenever the crash 

history of the entity is in some way connected with the reason why its safety is 

estimated (Hauer et al., 2002). Developing crash prediction models for the 

intersection crashes in Dhaka city under Bayesian framework will be the first of its 

kind in analyzing of crash data in Bangladesh. It will be devoid of all the disadvantage 

of traditional methods and will have the potential to apply in several cases, such as 

estimation of safety potential of road entities, identification and ranking of hazardous 

or crash-prone locations, evaluation of the effectiveness of safety improvement 

measures, and safety planning. 

1.2 Motivation of the Study 
Like most of the developing countries, network screening for safety management 

purpose in Bangladesh is done by using conventional analysis methods (e.g., crash 

frequency, crash rate). The potential drawback of these methods is that they might 

lead to bias results as these methods can't account for the regression to the mean 

(RTM) bias, do not account for the random variation of the crashes, do not account 

for exposure, etc.. Therefore, it is of paramount importance to address the above 

mentioned limitations and accurately estimate the expected crash in a certain road 

entity.  

Currently, crash modelling approach (Safety Performance Functions (SPF) or Crash 

Prediction Models (CPM)) under Bayesian framework is gaining attention in safety 
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analysis as it: i) can account RTM bias; ii) can address over dispersion due to 

unobserved or unmeasured heterogeneity; iii) can account fundamental non-linear 

relationship between crash count and traffic volume; iv) helps to understand the 

relationship between crash and different road geometric and non-road geometric 

attributes/characteristics. However, like other developing countries, very few studies 

were focused on developing crash models for Dhaka City. Therefore, this thesis will 

develop crash models for intersections in Dhaka city to estimate the expected crashes. 

Furthermore, the framework proposed to identify and prioritize crash prone 

intersections in this thesis can be used by safety practitioners. 

1.3 Objective of the Study 
The efficiency of any crash reduction schemes depends on the level of precisely 

estimating the safety level on different entities of the road network. Vital policy 

decisions are made and considerable national resources are allocated on safety 

improvements based on the recommendations of the safety practitioners of the 

country. However, the efficiency of such programs depends on the efficiency of the 

methods incorporated by the safety specialists in estimating the safety risks at various 

locations. Therefore, the first objective of the research work emphasizes on 

developing a CPM for the signalized / unsignalized intersections in metro Dhaka 

under Bayesian framework, which is the current practice worldwide and which is 

more efficient in estimating safety risks than all other methods currently practiced in 

this country. 

Since, resources are limited and hence, all problems cannot be fixed at a time, the 

road authority must rely on a prioritized list of crash prone locations where the 

locations listed at the top demand immediate actions since they are likely to provide 

relatively higher benefits in a holistic aspect or the return is immediate than other 

locations. Again, this list is also prepared by the safety specialists and submitted to the 

policy makers and concerned authorities. However, if the techniques involved in 

identifying crash prone locations and making the prioritized lists, are not up to the 

date, they are likely to result in allocation of funds to a location with less intensity of 

safety problems. For that reason, the second objective of the research work 

accentuates on identifying and prioritizing crash prone intersections using EB 

technique. 
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To present the objectives of the research work as a list, the two main objectives of the 

thesis are: 

a) To develop crash prediction models (CPMs) for the intersections in metro 

Dhaka under Bayesian framework.  

b) To identify and prioritize crash prone intersections using EB technique. 

1.4 Scope of the Study 
For policy-makers and road safety practitioner of our country this study provides 

some basic conceptions about various CPMs and significant role of a range of site 

specific parameters in the occurrences of crashes. The CPMs developed for the 

intersections in metro Dhaka has the potential in identifying deficiencies and hence 

the scope for improvement. From a model application perspective, the authority can 

use the outcome of the study to assess the safety level of the urban intersections. 

Under Bayesian framework, they can have better prediction and estimation of the 

expected crashes of a particular intersection. This will enable the road safety 

authorities to prioritize crash prone intersections more precisely, which in turn, will 

help the authorities to apply the most cost effective, site specific, crash reduction 

programs and choose the possible countermeasures for the crash prone intersections, 

in order to ensure the best use of the limited funds. 

This study provides information about most recent mathematical models in estimating 

the safety of different road entities, the implication of whose can be given a high 

consideration. Although this study chiefly concentrates on the role of various 

geometric and non-geometric elements of an intersection in the occurrence of crashes 

and the associated safety risks depending on the amount of traffic exposure 

parameters, it is recognized that a coordinated response from various sectors- like 

traffic management, enforcement, safety practices etc. is essential for significant road 

safety improvement. 

1.5 Organization of the Thesis 
Apart from this introductory chapter, the remainder of the thesis is structured into five 

more chapters. 

Chapter 2 begins with an introduction to several statistical terminologies related to 

crash modelling, followed by an overview of different crash modelling approaches 

and discussion about the literature devoted to developing some of the recent advanced 
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crash models. In addition, this chapter also reviews the issues with hotspot 

identification (HSID) methods, relative advantages/disadvantages and comparative 

evaluations of several HSID methods, and finally the rationale of choosing Empirical 

Bayes (EB) method over Full Bayes (FB) method for road network screening. 

Chapter 3 presents the methodology in regard to specifying appropriate crash 

modelling effort to fit the crash data with other explanatory variables and the 

conditions for keeping/rejecting a particular variable in the final models. It also 

demonstrates the methodology of discarding the outliers from the dataset and criteria 

of assessing the models’ goodness-of-fit in terms of Scaled Deviance (SD) and the 

Pearson 2 statistic. Additionally, this chapter also describes the procedure of 

ranking the intersections by empirical Bayes (EB) method in terms of their crash 

proneness, once the crash prediction models (CPMs) are developed.  

Chapter 4 begins with an introduction to the study area of this research work. Then, it 

presents and discusses the dataset used in this thesis and explains a range of issues 

regarding the data. It also addresses the several considerations and limitations of the 

data collection process for various types of data used in the study. 

Chapter 5 is broadly divided in two parts- development of crash prediction models 

(CPMs) and stepwise framework to prioritize hazardous intersections. The first part 

presents and discusses the generated CPMs for ‘total crashes’, ‘severe crashes’ and 

‘minor and PDO crashes’. The relationship with the explanatory variables retained in 

the final models and the level of effect for each variable has also been explained in 

this section. The second part deals with the framework for prioritizing the 

intersections with the help of the generated CPMs and by EB method based on their 

crash proneness. It also presents a comparison of such ranking of intersections by 

different methods.  

Chapter 6 sets out the conclusion of the thesis and is organized with the summary of 

the study as concluding remarks, research contributions, recommendations of the 

study, limitations of the study, and finally the scope of future studies. 
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2. LITERATURE REVIEW 

This chapter begins with an introduction to several statistical terminologies related to 

crash modelling, followed by an overview of different crash modelling approaches 

and discussion about the literature devoted to developing some of the recent advanced 

crash models. In addition, this chapter also reviews the issues with hotspot 

identification (HSID) methods, relative advantages/disadvantages and comparative 

evaluations of several HSID methods, and finally the rationale of choosing Empirical 

Bayes (EB) method over Full Bayes (FB) method for road network screening. 

2.1 Statistical Terminologies Related to Crash Modelling 

Several statistical terminologies are inalienably related with the development of crash 

prediction models and are frequently used in the literature related to crash modelling. 

A number of those statistical terminologies are introduced in the following sub-

sections. 

2.1.1 Expected value 

In statistical term, the expected value of a random variable is the long-run average 

value of repetitions of the experiment it represents. For example, the expected value 

of a die roll is 3.5, because the average of an extremely large number of dice rolls is 

practically always nearly equal to 3.5. The law of large numbers guarantees that the 

arithmetic mean of the values almost surely converges to the expected value as the 

number of repetitions goes to infinity. The expected value is also known as the 

expectation, mathematical expectation, EV, mean, or first moment. 

More practically, the expected value of a discrete random variable is the probability-

weighted average of all possible values. In other words, each possible value the 

random variable can assume is multiplied by its probability of occurring, and the 

resulting products are summed to produce the expected value. 

2.1.2 Regression to the Mean  

Regression to the mean is the natural tendency of random events to fluctuate about an 

average value due to their random nature. It is a statistical phenomenon that refers to 

the tendency of extreme events to be followed by less extreme events even without 

any change in the underlying mechanism that generates the process. Because of this 

fluctuation, a site that experiences a high number of crashes during a certain period 
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may experience few crashes during a later period without having been subject to any 

safety improvement measures (Sayed and de Leur, 2007). Consequently, selecting 

sites based on high crash experience using shorter analysis periods can provide 

misleading results. 

2.1.3 Poisson distribution 

In statistical jargon, the Poisson distribution is a discrete probability distribution that 

expresses the probability of a given number of events occurring in a fixed interval of 

time and/or space if these events occur with a known average rate and independently 

of the time since the last event. The Poisson distribution can be applied to systems 

with a large number of possible events, each of which is rare. The number of 

occurrences of such rare events during a fixed time interval is a random number with 

a Poisson distribution. 

2.1.4 Poisson Regression Models  

Poisson regression is a form of regression analysis used to model count data and 

contingency tables. Poisson regression assumes that the response variable has a 

Poisson distribution, and assumes the logarithm of its expected value can be modeled 

by a linear combination of unknown parameters. A Poisson regression model is 

sometimes known as a log-linear model, especially when used to model contingency 

tables. 

2.1.5 Overdispersion and zero inflation 

A characteristic of the Poisson distribution is that its mean is equal to its variance. In 

certain circumstances, it will be found that the observed variance is greater than the 

mean; this is known as overdispersion and indicates that the model is not appropriate. 

A common reason is the omission of relevant explanatory variables, or dependent 

observations. Under some circumstances, the problem of overdispersion can be solved 

by using a negative binomial distribution instead. 

Another common problem with Poisson regression is excess zeros: if there are two 

processes at work, one determining whether there are zero events or any events, and a 

Poisson process determining how many events there are, there will be more zeros than 

a Poisson regression would predict. An example of zero inflation is the distribution of 

cigarettes smoked in an hour by members of a group where some individuals are non-

smokers. 
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2.1.6 Gamma distribution 

The gamma distribution is a two-parameter family of continuous probability 

distributions. The common exponential distribution and chi-squared distribution are 

special cases of the gamma distribution. There are three different parameterizations in 

common use: 

1. With a shape parameter k and a scale parameter θ. 

2. With a shape parameter α = k and an inverse scale parameter β = 1/θ, called a 

rate parameter. 

3. With a shape parameter k and a mean parameter μ = k/β.In each of these three 

forms, both parameters are positive real numbers. 

The parameterization with α and β is more common in Bayesian statistics, where the 

gamma distribution is used as a conjugate prior distribution for various types of rate 

parameters, such as a Poisson distribution. 

2.1.7 Negative binomial distribution 

In strict statistical definition, the negative binomial distribution is a discrete 

probability distribution of the number of successes in a sequence of independent and 

identically distributed binomial trials (a random experiment with exactly two possible 

outcomes, ‘success’ and ‘failure’) before a specified (non-random) number of failures 

occurs.  

In regards to crash data, the best way to explain negative binomial distribution is to 

start with Poisson distribution. Since crash data are random, rare, discrete and non-

negative, the appropriate distribution is Poisson distribution. But, in Poisson 

distribution, mean is assumed to be equal to variance whereas, in most crash data, 

variance is greater than the mean. So, an extra error component is assumed and which 

is considered to follow a gamma distribution. The combination of Poisson and 

Gamma distribution is negative-binomial distribution. 

2.1.8 Student's t-test 

A ‘Student's t’-test or a‘t’-test is any statistical hypothesis test in which the test 

statistic follows a Student's t distribution if the null hypothesis is supported. It can be 

used to determine if two sets of data are significantly different from each other, and is 

most commonly applied when the test statistic would follow a normal distribution if 

the value of a scaling term in the test statistic were known. When the scaling term is 
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unknown and is replaced by an estimate based on the data, the test statistic (under 

certain conditions) follows a Student's t distribution. 

2.1.9 Studentization 

Studentization, is the adjustment consisting of division of a first-degree statistic 

derived from a sample, by a sample-based estimate of a population standard deviation. 

The term is also used for the standardization of a higher-degree statistic by another 

statistic of the same degree. For example, an estimate of the third central moment 

would be standardized by dividing by the cube of the sample standard deviation.  

2.2 Crash Modelling 
As the primary objective of this thesis is to develop crash prediction model (CPM) for 

the signalized / unsignalized intersections in metro Dhaka, an overview of different 

modelling approaches that are used in developing CPMs is presented in this section. 

The crash modelling approaches are broadly divided into two categories: (i) 

Elementary Crash Modelling and (ii) Advanced Crash Modelling. 

2.2.1 Elementary Crash Modelling 
These are basically elementary statistical regression techniques to model road traffic 

crashes. The limitations of one technique led to other regression techniques and at 

times combination of several techniques. The next sub-sections briefly discuss some 

of the commonly used elementary regression techniques. 

2.2.1.1 Poisson Regression Models 

The Poisson distribution is commonly used to model discrete, nonnegative and 

random count data. Therefore, it was one of the first distributions used to model 

crashes. The Poisson parameter used in modelling is commonly specified as an 

exponential function of site specific attributes such as exposure, traffic and geometric 

characteristics (Miaou and Lord, 2003). This modelling approach is based on the 

assumption that the mean and variance of the count variable are equal whereas, 

Kulmala (1995), Cameron and Trivedi (1998) and Winkelmann (2003) have argued 

that most crash data are likely to be over-dispersed (the variance is greater than the 

mean). 

Assuming a Poisson distribution in the presence of over-dispersed data can 

underestimate the standard errors of the regression coefficients, which can lead to 

inflated values of t-test thereby affecting the significance level of the model 
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regression coefficients. This will in turn lead to an incorrect selection of covariates 

resulting in faulty inference as well as affecting the goodness-of-fit. 

2.2.1.2 Poisson-Gamma (Negative Binomial) Regression Models 

To overcome some of the problems associated with the Poisson regression several 

researchers proposed the use of the Poisson-Gamma (PG) hierarchy leading to the 

Negative Binomial (NB) regression model. The PG or NB regression model is an 

extension of the Poisson model developed to account for the over-dispersion that 

commonly exists in crash data. 

When crash data are not over-dispersed, the PG model is synonymous with the 

Poisson model. The PG or NB regression model has been widely applied in the road 

safety literature. Arguably, the main reason for the extensive use of this model is that 

it is simple to compute since the gamma distribution is a conjugate prior to Poisson 

leading to a gamma posterior distribution which simplifies the posterior analysis 

considerably. 

2.2.1.3 Poisson-Lognormal Regression Models 

Recently, several researchers have proposed the use of the Poisson-Lognormal (PLN) 

model as an alternative to the PG model to model crash data (Miaou et al., 2003; Lord 

and Miranda-Moreno, 2008; Aguero-Valverde and Jovanis, 2008). In the PLN model, 

the term representing a multiplicative random effect, follow a Lognormal distribution 

whereas in the PG model, it follows a gamma distribution. The PLN is a good 

candidate for modelling crash occurrence in the presence of outliers (Kim et al., 2002; 

Lord and Miranda-Moreno, 2008). Other empirical evidence and advantages of the 

PLN model are discussed in Winkelmann (2003). 

A major limitation for the application of the PLN regression model is that it demands 

more computational effort and few statistical programs are readily available for their 

calibration. However, enormous progress has been recently achieved in numerical 

methods combined with the availability of free and easy to use software, which 

permitted the application of the PLN model to analyze crash data.  

2.2.1.4 Zero-Inflated Regression Models 

Sometimes crash data can have a high proportion of observed zero counts. If a large 

number of sites have reported zero crashes for a given time period of observation, the 

crash frequency distribution will have heavy proportions of zeros. Such data sets are 
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characterized by having a low sample mean problem (Miranda-Moreno, 2006). Maher 

and Summersgill (1996) showed that low sample mean problem affects the goodness-

of fit of SPFs; and Lord (2006) confirmed that a low sample mean combined with a 

small sample size can seriously affect the estimation of the dispersion parameter and 

undermine common analyses performed in highway safety. 

Several studies tried to address the problem arising from the “excess” zeroes in crash 

data, by applying zero-inflated probability models such as zero-inflated Poisson (ZIP) 

and Zero-inflated Negative Binomial (ZINB). The assumptions made in these models 

have been criticized by Lord et al. (2005) and he argued that “excess” zeroes arise 

from a combination of low exposure, high heterogeneity and sites categorized as high 

risk; inappropriate selection of time/space scales; under-reporting; and/or omitting 

important covariates. 

2.2.2 Advanced Crash Modelling 

The elementary regression models discussed above can be extended into any of the 

advanced modelling techniques reviewed in the following sub-sections. 

2.2.2.1 Random Parameters Models 

A recent approach for crash modelling advocates the use of random parameters 

(Anastasopoulos and Mannering, 2009). In all traditional models only one regression 

equation was fit to the dataset. Using a random parameters model develops different 

regression equations for individual sites. This type of modelling technique has been 

considered by several researchers for its added flexibility and intuitive appeal 

(Shankar et al., 1998; Li et al., 2008; Milton et al., 2008). Random parameters models 

allow each estimated parameter in the model to vary across each individual 

observation in the dataset. This model focuses improvements in the mean function by 

accounting for the unobserved heterogeneity from one site to another. 

Random parameters models usually provide a statistically significant better fit than a 

model with traditional fixed parameters due to the fact that each observation having 

its own parameters. In certain cases, the n sites under consideration belong to K 

mutually exclusive clusters (e.g., districts, municipalities, zones, corridors, etc.). 

The added flexibility provided by the cluster random parameters modelling allows for 

a more detailed inference by fitting a different regression curve for each cluster. This 

will allow for cluster- and overall-inference to be made. 
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2.2.2.2 Multivariate Models 

Generally, crash-related outcomes (e.g., fatality, injury, PDO) are considered as 

independent of each other and have often been analyzed independently. However, the 

crash types/severities are multivariate in nature and correlations exist among different 

severity levels/ types (Maher, 1990; Bijleveld, 2005; Ma and Kockelman, 2006; Ma et 

al., 2008; Aguero- Valverde and Jovanis, 2009; El-Basyouny and Sayed, 2009a). 

Multivariate SPFs incorporates these correlations in the model development process. 

Recent multivariate SPFs are based on either multivariate Poisson (MVP) models 

(Tsionas, 2001; Karlis; 2003; Karlis and Meligkotsidou, 2005) or multivariate Poisson 

log-normal (MVPLN) models (Chib and Winkelmann, 2001; Park and Lord, 2007). 

The MVPLN regression is preferred to the MVP approach for the analysis of 

multivariate crash count data because (i) it accounts for over-dispersion and (ii) it 

allows for a fairly general correlation structure. 

2.2.2.3 Spatial Models 

The spatial component of road crash suggests that road segments that are closer to one 

another are likely to have common features affecting their crash frequency. As noted 

by Miaou and Lord (2003), random variations across sites may be structured spatially 

due to the complexity of traffic interaction around locations. One of the techniques to 

incorporate spatial relationships in crash modelling is done by grouping particular 

road entities (segments/intersections) into clusters based on their spatial location, 

where those within a cluster are considered correlated while entities from different 

clusters are considered independent. Such clustering of road entities within close 

spatial proximity is believed to reduce the effects of spatial components on road 

crashes. 

2.3 Research Efforts on Advance Crash Modelling 
This section reviews the research efforts on three advanced modelling approaches- 

multivariate models, random parameters models, and spatial models. 

2.3.1 Multivariate Crash Models 

Maher (1990) is the first to apply the multivariate modelling approach in crash 

analysis. The author focused on explaining traffic crash migration, rather than 

explaining the correlations that exist among different crash severities/types. Ladron de 

Guevara et al. (2004) used the simultaneous negative binomial model to forecast 

crashes for traffic analysis zones at the planning level. The authors found a significant 
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high correlation between fatal and injury crashes. Bijleveld (2005) is the first to 

propose the structure of variance and covariance of the outcomes. Song et al. (2006) 

had also used multivariate spatial models to explore correlated crash types at county 

level.  

Ma and Kockelman (2006) introduced multivariate Poisson specification to 

simultaneously model injuries by severity. However, the model specification 

proposed in that study did not allow for over-dispersion. Park and Lord (2007) 

extended the specification proposed by Ma and Kockelman (2006) by taking 

overdispersion into account. The study of Aguero-Valverde and Jovanis (2009) and 

El-Basyouny and Sayed (2009a) used Bayesian multivariate Poisson lognormal 

models for crash severity modelling and site ranking. Aguero-Valverde and Jovanis 

(2009) quantified the effects of using multivariate structures on the precision of the 

estimates of crash frequency, while El-Basyouny and Sayed (2009a) demonstrated 

that if the analysis was restricted to univariate models, some of the hazardous 

locations could be overlooked while identifying hazardous locations.  

2.3.2 Random Parameters Crash Models 

Even though the random parameters models performs better than traditional fixed 

parameter models, limited research used this approach in safety research as random 

parameters estimation techniques i) are very complex, ii) are less convenient for 

engineering purposes, iii) lack an estimation tool for large samples (Chen and Tarko, 

2014), and iv) lack transferability to other datasets (Shugan, 2006; Lord and 

Mannering, 2010; Washington et al., 2010). However, over the past few years, 

random parameters modelling has been gaining attention in safety analysis.  

Milton et al. (2008) and Gkritza and Mannering (2008) were the first to apply the 

random parameters modelling approach to traffic safety. Milton et al. (2008) found 

that the volume-related variables (e.g., average daily traffic per lane, average daily 

truck traffic, truck percentage, interchanges per mile) and weather effects (e.g., 

snowfall) are best modelled as random parameters, while roadway characteristics 

(e.g., the number of horizontal curves, number of grade breaks per mile and pavement 

friction) are best modelled as fixed parameters. The study of Gkritza and Mannering 

(2008) also suggested that the mixed logit (random parameters) modelling approach 
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could provide a much fuller understanding of the interactions of the numerous 

variables that correlate with safety. 

Several studies contributed to the methodology by employing random parameters in 

different crash modelling approaches. For instance, Anastasopoulos and Mannering 

(2009) first proposed the random parameters count-data model as an alternative 

methodological approach to analyze crash frequencies. El-Basyouny and Sayed 

(2009b) focused on a crash count-data model incorporating random corridor 

parameters, clustering 392 road segments into 58 corridors. The authors concluded 

that this modelling approach can be used to gain new insights into how the covariates 

affect crash frequencies and to account for unobserved heterogeneity. The recent 

study of Chen and Tarko (2014) used random parameters and random effects models 

to analyze work zone safety. The authors suggested that the random effects model 

could be used as a convenient and practical alternative to the random parameters 

model. 

2.3.3 Spatial Crash Models 

Conventional crash models with PG or PLN distribution assume that sites are 

independent of one another and, hence, can be regarded as non-spatial models. 

However, as crash data is collected with reference to location, which is measured as 

points in space (Quddus, 2008), a spatial correlation exists between observations 

(LeSage, 1998). Ignoring spatial correlations may lead to a biased estimation of the 

model parameters. Therefore, a number of road element-specific (i.e., intersection or 

road segment) and area-wide crash studies have incorporated spatial correlation in 

modelling crash data (Aguero-Valverde and Jovanis, 2006; 2008; 2010; Aguero-

Valverde, 2013). 

In the context of intersection-based spatial models, Abdel-Aty and Wang (2006) used 

Generalized Estimating Equations (GEE) to address the spatial correlation between 

signalized intersections. The authors determined that signalized intersections, 

especially ones close together along a certain corridor, are spatially correlated and 

influence one another. Similarly, Guo et al. (2010) applied Poisson and negative 

binomial Bayesian models with spatial correlation to signalized intersections and 

found that Poisson spatial models are the best fit. Mitra (2009) proposed a Geographic 

Information System (GIS)-based method to detect crash hotspots and a spatial 
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regression method with heterogeneous and spatial random effects in continuous space 

to investigate the intersection-level factors that influence fatal and injury crashes. The 

author concluded that models that include spatial correlation may potentially reduce 

the bias associated with model misspecification by changing the estimate of the 

annual average daily traffic (AADT) parameter. The results also indicated that spatial 

correlation is quite significant in cases of crashes involving minor injury or non-injury 

crashes. Recently, Castro et al. (2012) proposed a latent variable-based generalized 

ordered response framework for count-data models, which can efficiently introduce 

temporal and spatial dependencies through the latent continuous variables. 

2.4 Hotspot Identification 
Once the mathematical models are statistically developed to conduct crash data 

analysis by attempting to explain crash occurrence on various road entities as a 

function of the traffic and geometric characteristics of these facilities, these 

mathematical models can be used to identify crash hotspots that are truly hazardous. 

These models also have the ability to estimate the change in safety level caused by 

changes in various road characteristics which is vital in treating a hazardous location. 

However, the traditional methods for identification of hotspots which do not offer 

such potential are still in practice in Bangladesh. The following sections discuss the 

several issues with various methods of hotspot identification. 

2.4.1 Hotspot Identification (HSID) Methods 

A number of methods for HSID have been discussed in the literature and most of 

them have been implemented by several government agencies at some part of the 

world or other. Although each method has relative advantages and disadvantages but 

the final criterion for how well a screening method does is, ultimately, how 

effectively it identifies locations where correctable crashes are found (Cheng and 

Washington, 2005). Some of the most well known HSID methods have been 

discussed shortly in the following sections with a brief review of their relative 

advantages and disadvantages. 

2.4.1.1 Crash frequency (CF):  

Crash frequency (CF) method uses the crash counts (number of crashes) at a location 

to identify the crash hotspots within a study area. In this method, sites are ranked in 

descending number of crash counts. The site with maximum number of counts, 

receive highest rank i.e. Rank 1. A certain number of top ranked locations, varying 
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from agency to agency, are designated as hotspots. Although, the CF method is handy 

in detecting the sites with higher crash frequencies, it fails to consider the crash 

severities. Virkler & Sanford Bernhardt (1999) concludes that this method should not 

be used as the only criterion for determining hotspots because it does not account for 

volume or other characteristics. A site experiencing more frequent non-severe crashes 

is likely to be indicated as a hotspot in this method than a site experiencing relatively 

less number of crashes, but with higher crash fatalities. To overcome this limitation, 

sometimes a modified CF method called Fatal Crash frequency (FCF) method is used. 

This method uses only the fatal crash counts as opposed to the total crash counts. The 

sites are ranked by arranging them in descending number of fatal crash counts.  

The FCF method also fails to identify whether a site is critical or not, since it only 

takes the fatal crash counts for judging whereas, severity of a crash cannot be judged 

only by fatality. As such, the FCF method underestimates certain locations where 

severe crashes occur with many grievously injured victims but with no or very few 

fatality. Sims and Somenahalli (2010) modified the method further in investigating 

the data from metropolitan Adelaide. The authors identified the crash hotspots by 

ranking the frequency of the predominant crash type at each site instead of total crash 

counts or fatal crash counts. They had tested this method on both historical and 

simulated data and found to have poor predictive value and efficacy. 

2.4.1.2 Equivalent property damage only (EPDO) crash frequency: 

The equivalent property damage only (EPDO) crash frequency method considers all 

levels of severity of crashes occurring at a particular site for deciding whether a site is 

a crash hotspot or not. In this method, total crash cost for each site in terms of its 

equivalent property damage cost is calculated. The number of fatalities, number of 

grievous injuries, number of minor injuries and number of property damage only 

crashes for each site are multiplied by their equivalent property damage weight factor 

and added to calculate the EPDO cost for each site. The equivalent property damage 

weight factors for different crash severities are calculated by first taking the costs of 

various crash types from previous studies conducted within the study area or similar 

type of locations and then dividing those costs by the cost for a property damage only 

crash. Hence, the equivalent property damage weight factor for property damage only 

crashes is assumed 1 in this method. The sites are ranked in descending order of 

EDPO values and the top ranked sites are considered as potential hotspots. 
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Though the EPDO method considers the different levels of severity of crashes but 

only the relative cost of different crash types cannot represent the safety situation of a 

location and similar to the CF method, this method also does not take into account 

volumes and other characteristics. In reality, very high PDO weight factors are 

assigned to each fatality, and major injury reported in a particular site which results in 

overrepresentation of those sites in the ranking process. A single crash reporting five 

fatalities will be indicated as a major hotspot in EPDO method while five crashes at a 

site each reporting single grievous injury will be indicated as non-hotspot. 

2.4.1.3 Crash rate (CR):  

Crash rate at a particular site is determined by dividing the number of crashes 

occurred at that site by its traffic volume. In this method, traffic volume is included to 

account for the opportunity for crashes to occur. After determining crash rates for all 

the sites within the study area, sites are ranked in descending number of crash rates. 

Sites with crash rates higher than a predetermined level are identified as hotspots 

(Virkler & Sanford Bernhardt, 1999). By accounting for volume using crash rates, 

one assumes that the relationship between crashes and volume is linear. However, 

Hauer (1995), noted that this relationship is seldom linear. 

Due to this inherent limitation, several modifications to CR method have been 

discussed in the literature. The number-rate method and the severity-rate methods are 

two of such modified methods. Number-rate method considers both the number of 

crashes and the crash rate. If both measures are above a given threshold, then the 

location is considered a hotspot. This combination mitigates some of the limitations of 

the individual measures. The crash rate accounts for vehicle exposure while the 

number of crashes ensures that low-volume locations are not mistakenly tagged 

(Virkler & Sanford Bernhardt, 1999). The severity-rate method is similar to the 

number-rate method, but it considers both crash severity and crash rate. Its advantage 

over the number rate is that it also takes into account the severity of crashes. Rather 

than considering crash severity and crash rate separately, this metric divides EPDO by 

volume to produce a single number to identify the safety of an intersection (Virkler & 

Sanford Bernhardt, 1999). 

Another alternative approach to CR method is the use of control charts to find 

changes in crash rate instead of ranking sites by overall crash rate. The crash rate, 
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either improving or worsening, are used as a basis for investigation of a particular site 

to find what the newly introduced underlying improvement or defect might be. The 

underlying assumption in this method is that an improvement in crash rate could be 

investigated further to determine the root cause(s) of that improvement and applying 

those on similar sites elsewhere and similarly, worsening of crash rates could be 

investigated to fix the defect(s) (Sims and Somenahalli, 2010). 

2.4.1.4 Safety Level of Service (SLOS) : 

Safety level of service (SLOS) method evaluates the safety of a road entity and 

assigns letter or number grades to indicate the safety level of that entity. This method 

is conceptually similar to the Highway Capacity Manual‘s level of service (LOS). 

Several literatures support the use of SLOS as a safety measure for signalized 

intersections (Pan et al., 2007; Lu et al., 2008). The authors developed models for 

SLOS at signalized intersections along highways. Conflict points are the major 

influencing factor of these models. Minor factors include signal phasing, geometric 

features, traffic signs, pavement markings, pavement condition, lighting, and traffic 

volumes. SLOS provides a quantified safety indication that can suggest the need for 

improvements. The sites within a study area are arranged in a descending order of the 

letter or number grades assigned to them in this method and a certain number of top 

ranked sites are considered as crash hotspots that require immediate attention. 

The main advantage of SLOS method is that it allows for the consideration of safety 

effects when comparing design alternatives and is easily understood by the public. 

Also, this method gives particular safety problems a safety index based on the 

significance and severity of the problem. Although this method can provide relatively 

fast safety evaluations by taking traffic and geometric features into account, the major 

shortcoming of this method is that it doesn’t take account of the actual crash count 

data of the sites. 

2.4.1.5 Proportion method (P): 

The method of screening based on proportion method identifies and ranks locations 

that have a proportion of a specific crash type relative to the total crashes that is 

higher than some average or threshold proportion value for similar road types. This 

method can also be applied as a diagnostic tool to identify overrepresented crash types 

at a site. Kononov (2002) found that looking at the percentage distribution of crashes 

by crash type can reveal the “existence of crash patterns susceptible to correction” 
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that may or may not be accompanied by the overrepresentation in expected or 

expected excess crashes. This method was originally proposed by Heydecker and Wu 

(1991) and has been included as one of the methods in SafetyAnalyst.  

Although, the method is identical for different location types, only similar location 

types should be analyzed together because crash patterns naturally differ in different 

site types. For example, the crash patterns are different for stop-controlled 

intersections, signalized intersections, and two-lane roads, so the method should be 

applied separately to the above mentioned three types of facilities and separately for 

urban and rural environments. 

The strengths of this method are in its use with limited data and its potential for use 

for screening based on a specific crash type when traffic volume data are not 

available. Lyon et al. (2007) compared this method to the Empirical Bayes (EB) 

methods for specific crash types and concluded that it is a workable alternative to the 

EB methods for network screening for specific crash types when reliable safety 

performance functions or exposure data are not available. The approach is also 

statistically based and takes into account the greater uncertainty in estimating 

proportions at locations with few crashes.  

The main weakness of the approach is that regression-to-the-mean is not directly 

accounted for, although the use of statistical thresholds does account for this in some 

manner. Another major weakness is that there is no logical approach to determine the 

threshold value. In addition, since this method focuses on proportion of crash types, it 

is possible that due to low proportion of other crash types, some crash types may 

incorrectly appear to be overrepresented. 

2.4.1.6 Empirical Bayes (EB):  

Bayesian statistical technique has been developed by Hauer (1997) which is now 

widely applied to the analysis of road crash data (Heydecker and Wu, 2001). In 

Bayesian approach previously held knowledge is incorporated in making an estimate 

using current data. In the context of estimating expected crash frequencies at specific 

locations Bayes uses two clues: a) the observed crash frequency at the site; and b) the 

expected crash frequency for similar locations. In other words, the EB method 

compares the crash history of each site with similar reference sites.  
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In the empirical Bayes approach, after developing a safety performance function 

(SPF) using a reference group of similar sites, the prediction of this SPF is used for 

the estimate of the expected crash frequency for similar locations. When applying the 

SPF, the estimated parameters are used directly although it is acknowledged that there 

are standard errors associated with them- the parameters follow a particular 

probability distribution and the mean of the distribution is used in EB method. 

Typically, calibrated and available SPFs do not consider spatial correlation in data 

from different sites. Such correlation can be considered in special procedures which, 

by and large, have not been used for network screening SPFs because the 

improvement in estimation is not of practical significance, especially for SPFs where 

AADT is the only independent variable. 

Like many other researchers, the EB method has been supported by Elvik (2008), 

although only for use in mid-blocks. Miranda-Moreno et al (2007) developed two 

Bayesian methods and showed that they can be used not only to produce a ranked list 

of hot spots, but also for identifying sets of sites worthy of further engineering 

investigation. 

The EB based methods as applied in SafetyAnalyst offer a number of advantages, 

including:  

 Properly accounting for regression-to-the-mean, thus avoiding flagging 

locations based on short-term randomly high crash counts.  

 Use of SPFs to properly consider the impact of traffic volume and other 

factors on expected crash frequencies.  

 Consideration of crash severity by weighting severity specific estimates. 

 The peak search method for segments of varying length allows varying 

window sizes to be used between roadway segments, thus identifying 

localized areas of risk while still considering statistical significance of the 

estimates.  

 All sites are ranked by their unique estimate as opposed to flagging a group of 

sites for investigation. 

2.4.2 Comparative Evaluations of Methods Based on Previous Research  

McGuigan (1981) states that crash rate and total number of crashes should not be used 

to compare safety at different types of locations and recommends a method that take 
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into account potential crash reduction. Potential crash reduction is a measure of the 

difference between observed crashes and average crashes for similar locations. The 

Missouri Department of Transportation‘s Manual on Identification, Analysis and 

Correction of High-Crash Locations recommends that an initial location analysis 

should incorporate both the number of crashes and the crash rate. Then, locations with 

high crash concentrations should be further evaluated using crash severity and 

severity rate. Final hotspot identification should involve both number rate and severity 

rate (Virkler & Sanford Bernhardt, 1999).  

Cheng and Washington (2005) used simulated data to compare the traditional simple 

ranking (SR) method based on number of crashes, statistical crash index (CI) based on 

number quality control, and EB methods. The authors compared these methods based 

on the percentage of false negatives, false positives, and total misidentifications. They 

concluded that EB methods generally outperform SR and CI methods.  

Hauer et al. (2002) states that the EB method increases precision and avoids bias 

caused by regression to the mean. They recommend this method as the preferred 

safety evaluation practice when SPFs are available. 

Cheng and Washington (2008) used crash data from road segments in Arizona to 

perform a comparison of several HSID methods. This study compared hotspot 

rankings based on crash frequency (CF), crash rate (CR), crash reduction potential 

(CRP) and EB methods. The authors based the comparison of the different methods 

on five separate criteria. Although, there was inconsistency among the best and worst 

performing methods for different criteria, the EB method proved to be superior in 

most of the five evaluation tests. The authors concluded that the EB method is the 

most consistent and reliable method for identifying hotspots and the CR method is the 

poorest. The authors also recommended that in many cases the CF method would be 

preferable to the CR method.  

Elvik (2008) used data for Norwegian roads to compare five techniques in identifying 

crash hotspots.  As a basis for the comparison, a hotspot was defined as any road 

location that has a higher expected number of crashes than similar locations due to 

local risk factors present at the location. Each criterion was applied to the upper 1 %, 

upper 2.5 % and upper 5 % of the distribution of sites according to the criterion.  The 
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performance of the techniques was then assessed in terms of sensitivity and 

specificity. The EB  technique was found to perform better than other four techniques. 

Hauer et al., (2004) used five different criteria to produce five ranked lists of Sites 

with Promise (SWiP) for rural two-lane roads in Colorado‟s mountainous terrain. The 

five criteria were the following where the expected crash frequency was computed 

using the EB method- 

Criterion 1: Sites where most crashes are expected  

Criterion 2: Sites where most severity-weighted crashes are expected  

Criterion 3: Sites where most excess crashes are expected  

Criterion 4: Sites where most severity-weighted excess crashes are expected  

Criterion 5: Sites at which the product (crashes/mile-year) X (excess 

crashes/mile-year in standard deviations) is highest  

At 22 of the top-ranking sites chosen by the five criteria, a detailed engineering 

analysis was performed to estimate the costs and safety benefits of 61 actions. When 

the cost-effectiveness ratios of the projects were compared, Criterion 1 and Criterion 

2 performed better than the remaining 3 criteria. 

2.4.3 Rationale of Choosing EB over FB method for network screening 

Several researchers like Pawlovich et al. (2005), Miaou and Lord (2003), Lan et al. 

(2009) have used the full Bayes (FB) approach to modelling safety data which allows 

the estimation of complex model forms that are not easily handled by conventional 

Generalized Linear Modelling that is typically used to estimate SPFs. In FB approach, 

the same reference group is used as in EB method but a more complicated approach is 

applied whereby all possible values of the estimated parameters are considered and 

not just the most likely value. Additionally, if the analyst has knowledge a-priori 

about what the parameter estimates are expected to be then this can be considered in 

the modelling. While FB methods can, in some circumstances, provide advantages 

over EB method, the very significant added complexity of the approach necessitates 

that it provide substantial benefits to be warranted. And regarding network screening, 

full Bayes is not a screening method on its own, but is an alternate method of 
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predicting a desired measure of safety, for example, the expected crash frequency at a 

site.  

One of the advantages of FB is that it allows the consideration of spatial correlation, 

but as noted above, this is not vital for network screening SPFs used in the EB based 

models. The main disadvantage with the FB approach is that it is exceptionally 

complex and requires significant statistical expertise to implement. Complex 

software, and an in depth knowledge of FB techniques and the software itself are 

required. On the other hand, the EB based methods may be easily conducted within 

spreadsheets once the required SPFs or other needed parameters are available. Since, 

it is hoped that the engineering staff of the Dhaka city authority will use this research 

work as a reference for future identification and prioritization of hazardous 

intersections, the easily understandable and repeatable EB method has been chosen 

for the study instead of complex FB method. 
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3. METHODOLOGY OF THE STUDY 

This chapter presents the methodology in regard to specifying appropriate crash 

modelling effort to fit the crash data with other explanatory variables and the 

conditions for keeping/rejecting a particular variable in the final models. It also 

demonstrates the methodology of discarding the outliers from the dataset and criteria 

of assessing the models’ goodness-of-fit in terms of Scaled Deviance (SD) and the 

Pearson 2 statistic. Additionally, this chapter also describes the procedure of 

ranking the intersections by empirical Bayes (EB) method in terms of their crash 

proneness, once the crash prediction models (CPMs) are developed.   

3.1 MODEL SPECIFICATION 
As traffic crashes are discrete, nonnegative and random events, crashes are commonly 

assumed to follow a Poisson or negative binomial (NB) error structure in the 

development of CPMs (Sawalha and Sayed, 2006). Let, iY  denote the number of 

crashes at the intersection )...,,3,2,1( nii  and assume that the number of crashes at 

each of the n intersections is independent and that 

)(~| iii PoissonY            (1) 

Where, i is the Poisson parameter and 0i . The probability of an intersection i  

having iy crashes is given by 
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The Poisson parameter, i , known as the expected value in Poisson distribution, is 

commonly specified as an exponential function of intersection-specific attributes, 

such as exposure, traffic and geometric characteristics (Miaou and Lord, 2003), and is 

usually expressed as  

)(exp ' ii X         (3) 

Where, '
iX  is a row vector of covariates representing intersection-specific attributes 

and   is a vector of regression parameters to be estimated from the data. In the 
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Poisson regression model, it is assumed that the mean and variance of the count 

variables are constrained to be equal, such that 

iii YVarYE  )()( .        (4) 

However, this assumption is often violated in development of CPMs from crash count 

datasets, as most crash data is likely to be over-dispersed (the variance is greater than 

the mean) (Kulmala 1995, Cameron and Trivedi, 1998; Winkelmann, 2003). A 

Poisson distribution for over-dispersed data can underestimate the standard errors of 

the regression coefficients, which can lead to inflated values of the t-test, thereby, 

affecting the significance level of the model regression coefficients. This leads to an 

incorrect selection of covariates resulting in poor model fits.  

To overcome the problems associated with the Poisson regression models, several 

researchers proposed the use of the Poisson-Gamma (PG) hierarchy leading to the NB 

regression model (Cameron and Trivedi, 1998). The main reason for the extensive use 

of this model is that it is simple to compute, since the Gamma distribution is a 

conjugate prior to Poisson leading to a Gamma posterior distribution, which 

considerably simplifies the posterior analysis. To address over-dispersion for 

unobserved or unmeasured heterogeneity, it is assumed that 

)(exp iii u                               (5) 

iii u )(ln)(ln          (6) 

Where, i  is an exponential function of intersection-specific attributes, such as 

exposure, traffic and geometric characteristics. 
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Where, jiX  denotes the matrix of covariates, j is the number of variables )...,,3( Jj 

, MajorV  and  MinorV  are the major and minor road traffic volume (AADT) at the 

intersection, 0 is the intercept, and 1 , 2 , and j denote the vector of regression 

coefficients. The term )(exp iu  represents a multiplicative random effect due to 



Page | 27  
 

unobserved heterogeneity, which follows a Gamma distribution with an inverse 

dispersion parameter (also known as the shape parameter), k .  

),(~|)(exp kkGammakui        (8) 

The dispersion (or over-dispersion) parameter is usually referred to as  

k
1

           (9) 

The probability density function of the PG or NB model is given by 
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Under the PG or NB model, the mean and variance are given by 

iiYE )(                  (11) 
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The statistical software SAS version 9.3 (SAS Institute Inc.) will be used to obtain the 

maximum likelihood estimates of the model parameters. The parameters of the 

models can be estimated using the GENMOD procedure (SAS Institute Inc.).  

3.2 SELECTION OF EXPLANATORY VARIABLES 

A stepwise forward addition process was used to derive the explanatory variables of 

the final models. In this process, a variable was added into the model and then 

checked whether it should be retained based on two statistical criteria: i) whether the 

t-ratio (parameter estimate divided by its standard error) of that estimated parameter is 

significant at the 95% confidence interval for certain degrees of freedom; and ii) 

whether the addition of the variables to the model causes a significant drop in the SD 

at the 95% confidence interval. The second criterion represents an analysis of 

deviance procedure for comparing two nested models. As the SD is asymptotically 
2  distributed with pn degrees of freedom, and, therefore, owing to the 

reproductive property of the 2  distribution, the second criterion is met if the 

addition of the variable causes a drop in SD exceeding 2
1050 ,.  (equal to 3.84). 
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Detailed information about the explanatory variable selection process is provided in 

Sawalha and Sayed (2006). 

3.3 OUTLIER ANALYSIS  
Sometimes datasets have unusual or extreme observations (known as outliers), which 

lead to biased and (or) unexpected results. An outlier (also known as an abnormality, 

a discordant, a deviant, an anomaly, etc.) is a data point that is vastly different from 

the majority data. According to Hawkins (1980), an outlier is an observation that 

deviates so much from the other observations that it arouses suspicions that it was 

taken by a different mechanism. For this research, to check the anomalies in the final 

dataset, an outlier analysis was conducted using the methodology suggested by 

Sawalha and Sayed (2006) with Cook's distance measure. This measure takes into 

account both leverage and influence during the identification of outliers. For more 

information about the outlier analysis, refer to Sawalha and Sayed (2006). The Cook's 

distance can be defined as,  
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where, hii is the leverage values, p is the number of model parameters, and sp
ir

 is the 

studentized residuals of data point i, which can be defined as,  
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Thus, Cook's distance consists of a component that reflects how well or how poorly 

the model fits the i-th observation iy , namely, iŷ  , and a component that measures 

how far the data point is from the rest of the points in the design space, namely iih . 

 

Data points having a high Cook's distance are influential points that affect the 

parameter estimates and lead to biased results. To identify extremely influential 

outliers, each data point or observation is sorted in descending order according to the 

iC values. Then, the data points having the greatest iC are removed one by one; the 

drop in SD is observed after the removal of each point. Data points causing a 

significant drop in SD are the extremely influential outliers. Because the SDs of PG 

and NB models have different k values, they cannot be directly compared. The value 

of k for the model with n data points should be imposed on the model with n-1 data 
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points. Then, the SD difference can be compared with 2
1, 
 to assess whether the 

removed data point is an extremely influential outlier. The flowchart in Figure-3.1 

demonstrates the whole process in detail. In the flowchart, n is the total number of 

data points available, i and j are the index for data points and models, respectively, 

k(j) is the shape parameter of the PG model (j), and D(i) is the SD drop.  

 

 
 

Figure-3.1: Flowchart Demonstrating the Process of Outlier Analysis (source: 
Sawalha and Sayed, 2006) 

3.4 Model Assessment 
Several statistical measures can assess the models’ goodness-of-fit. Two commonly 

used measures are the Scaled Deviance (SD) and the Pearson 2 statistic. SD is 

defined as the likelihood ratio test statistic measuring twice the difference between the 

log-likelihoods of the studied model and the full or saturated model. Both the SD and 

Pearson 2 statistic have exact 2  distributions for normal linear models, but are 

asymptotically 2 distributed with k degrees of freedom for other distributions of the 

exponential family, where k is the sample size minus the number of estimated 
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parameters (Sawalha and Sayed, 2006). McCullagh and Nelder (1998) showed that 

for the NB error structure, the SD statistic is as defined as 
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The Pearson 2 statistic is defined as 
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Both the SD and Pearson 2 statistic are asymptotically 2 distributed with pn

degrees of freedom (Aitkin et al., 1989), where n  is the sample size and p  is the 

number of parameters. The goodness-of-fit measures can also be obtained using the 

GENMOD procedure (SAS Institute Inc.). 

3.5 Prioritization of Hotspots 

Generally, two indicators are available to determine the safety performance of a 

location: i) traffic volume and road characteristics; and ii) historical crash frequency 

(Hauer, 1992). The EB approach makes use of both of these indicators, refining the 

estimate of the expected number of crashes at an intersection by combining the 

observed number of crashes with the predicted number of crashes obtained from the 

model. This yields a more accurate, intersection-specific safety estimate. Therefore, 

the expected crash frequency ( iEB ) can be estimated using the following equation 

(Hauer, 1992; Hauer et al., 2002) : 

iiiii ywwEB  )1(              (17) 

where, 

i
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Hazardous intersection can be ranked/ prioritized by sorting the expected crash 

frequencies in descending order. 

  



Page | 31  
 

4. DATA DESCRIPTION 

With an introduction to the study area of this research work at the beginning, this 

chapter presents and discusses the dataset used in this thesis and explains a range of 

issues regarding the data. It also addresses the several considerations and limitations 

of the data collection process for various types of data used in the study.  

4.1 Study Area 
A total of 61 intersections along the 8 major routes of metro Dhaka constitute the 

study area of this research work. Table 4.1 enlists the names of the routes that have 

been selected for the study while the total list of the intersections can be found in 

Appendix A. Figure 4.1 shows the study area, alignments of the routes and the 

location of each intersection. An intersection in this study is defined, as an area 

formed by the at grade connection of all the approach roads towards that connection 

and the area of all the approach roads within 120m from the connection. The inclusion 

of an intersection for the study has been primarily based on the availability of the 

data, specifically the traffic exposure data for that particular intersection. Several 

major intersections, with significant traffic volume on all of their approach roads, 

within the above mentioned routes have been excluded from the study, primarily due 

to the unavailability of traffic exposure data and a number of other intersections have 

not been considered for the study since the traffic volume on the minor roads of those 

intersection are found to be insignificant from field observations.  

Table 4.1: List of selected routes for the study 

Route No. Route Name 

1 Mirpur-1 to Palashi 

2 Bata Signal to Jahangir Gate 

3 Curjon Hall to Kakoli 

4 Sadarghat to Malibagh Railgate 

5 Parliament to Agargaon 

6 Ittefaq to Fakirapul 

7 Rajarbagh to Kamalapur Container 

8 Gulshan-1 to Bashundhara 
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Figure 4.1: The study area and the location of the intersections 
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4.2 Data Collection and Data Blending 
Various data that have been collected for each of the selected intersections constitute 

the dataset of the study and can primarily be divided into four major groups- (i) the 

crash data of these intersections from the year 2008 to 2012, (ii) intersection exposure 

data, like- traffic volume on major road, traffic volume on minor road, proportion of 

commercial vehicle, proportion of NMV, percentage of heavy vehicle in traffic stream 

on major road, percentage of heavy vehicle in traffic stream on minor road etc., (iii) 

intersection geometric data, like- approach width, total road width, median, shoulder, 

channelization etc.  and (iv) intersection non-geometric data, like- land use, signaling 

attributes, presence of market/ mosque/ school/ college/ university nearby, presence of 

hawkers on footpath, presence of slum at or near intersections etc. An extensive effort 

had been put together to collect and synthesize these four types of data. 

4.2.1 Crash Data 

Crash Report Forms (CRFs) of all the road crashes that occurred during the year 2008 

to 2012 within the Dhaka Metropolitan area had been collected from the Accident 

Research Institute (ARI). Then, each CRF had been gone through to record the crash 

severity and the location where the crash occurred. The major difficulty that arose 

while extracting the data from the CRFs is that a significant number of the CRFs are 

partially filled and information about the location where that particular crash 

happened are missing. All such CRFs had to be discarded because it was not possible 

to be certain whether that particular crash happened in any of the intersections 

selected for the study. Finally, the crash data of the crashes that occurred in the 

selected 61 intersections were compiled into a table and sorted according to their 

location (i.e. intersection no.) and occurrence year of that crash. The complete crash 

dataset used in the study can be found at the following dropbox link- 

https://www.dropbox.com/s/5obeafavjbrr4bm/Crash%20Data_MFSalehin_MSc.%20

Thesis.xls?dl=0. 

4.2.2 Intersection Exposure Data 

Raw traffic volume data of all the approaches of the above mentioned intersections 

have been collected form Dhaka South City Corporation (DSCC) Office. Since the 

DSCC office database has the traffic volume count for the peak 8-hr period only 

(from 8:00 AM to 12:00 PM, and from 4:00 PM to 8:00 PM), PCU/8hr has been 

chosen as traffic exposure parameter in the CPMs instead of ADT/AADT. Initially all 
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the approaches of a particular intersection have been grouped into major roads and 

minor roads. Then raw traffic count data obtained from DSCC have been synthesized 

to determine the directional distribution, proportion of rickshaw, bicycle, CNG, 

motorcycles etc. for both the major roads and minor roads of each intersection.  

 Table 4.2: Statistical summary of the intersection exposure data 

 Attribute Mean Standard 
deviation Max Min 

Major 
Road 

PCU/8hr 25219 9385 44646 9931 

% of Left Turn 17.7 13.0 63.8 0 

% of Right Turn 20.2 14.4 52.4 0 

% of Rickshaw & Bicycle 22.2 20.4 65.9 0.3 

% of Motorcycle 9.2 2.9 15.6 3.4 

% of CNG Auto-rickshaw 14.5 6.8 36.6 5.2 

% of Heavy Vehicles 5.3 5.0 36.7 0.6 

Minor 
Road 

PCU/8hr 12010 6281 31663 1505 

% of Left Turn 41.3 25.9 100 0 

% of Right Turn 29.7 20.5 86.5 0 

% of Rickshaw & Bicycle 26.9 23.2 75.2 0.5 

% of Motorcycle 9.2 3.9 24.0 3.2 

% of CNG Auto-rickshaw 13.0 6.8 27.1 0.3 

% of Heavy Vehicles 3.3 3.2 13 0 

Table 4.2 presents the statistical summary of the intersection exposure data that have 

been used in the model developing process for the selected intersections, while the 

complete dataset of the intersection exposure data have been enlisted in Appendix A. 

4.2.3 Geometric data 

The intersection geometric data have been collected by field survey performed on 

several days by a group of surveyors. Approach width and total road width of all the 

approaches of the selected intersection were measured and presence or absence of 

median, footpath, channelization etc. were noted. Wherever the median and footpaths 

are present, width of median and width of footpath were also measured along with 

recording the presence or absence of median barrier and footpath barrier as these 

parameters could also contribute to crashes. 
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Data collected from all the approaches are then blended into two groups- geometric 

data for major roads and geometric data for the minor roads for any particular 

intersection. In case of data with numeric values- approach width, width of median 

and width of footpath, the average of such values on all the major approaches in a 

particular intersection have been taken as the value of the corresponding attribute for 

the major road and so is for the minor road. For example, say a particular intersection 

has two major approaches, and the width of these approaches are 11.3 meter and 13.2 

meter consecutively, then the average of these two values, 12.25 meter has been taken 

as the approach width of the major road of that particular intersection. As for the 

dichotomous attributes- presence or absence of median barrier, footpath barrier, 

channelization etc., these attributes are considered present in the major road only if 

they are present in all the major approaches and so is for the minor road. A statistical 

summary of the geometric data of both major road and minor road of the selected 

intersections are shown in Table- 4.3. The entire dataset of the intersection geometric 

data can be found in Appendix A. 

Table 4.3: Statistical summary of the intersection geometric data 
  Attribute Mean Standard 

deviation Max Min 

Major 
Road 

Approach Width (m) 11.15 2.84 22.71 6.57 

Width of median (m) 1.54 1.43 11.82 0 

Width of footpath (m) 2.22 0.48 3.5 1.37 

Median barrier (yes/no) 0.57 0.5 1 0 

Footpath barrier (yes/no) 0.23 0.42 1 0 

Channelization (yes/no) 0.34 0.48 1 0 

Foot Over-bridge (yes/no) 0.18 0.39 1 0 

Minor 
Road 

Approach Width (m) 9.18 2.37 14.6 3.8 

Width of median (m) 1.35 1.34 9.96 0 

Width of footpath (m) 1.99 0.69 4.3 0 

Median barrier (yes/no) 0.41 0.5 1 0 

Footpath barrier (yes/no) 0.33 0.47 1 0 

Channelization (yes/no) 0.48 0.5 1 0 

Foot Over-bridge (yes/no) 0.07 0.25 1 0 
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4.2.4 Non-geometric data 

The intersection non-geometric data- land use, presence or absence of market/ 

mosque/ school/ college/ university nearby, hawkers on footpath, slum at or near 

intersections etc. have been collected for the study by field survey performed by the 

same group of surveyors who collected the intersection geometric data. The collected 

non-geometric data are predominantly of dichotomous nature and since presence of 

such non-geometric attribute in any of the approach road significantly affects the 

pedestrian behaviour at/near intersection, these attributes are considered present in the 

major road when they are present in any of the major approaches and so is for the 

minor road. Table- 4.4 shows the statistical summary of the non-geometric data of 

both major road and minor road, while the complete dataset of the intersection non-

geometric data can be found in Appendix A. 

Table 4.4: Statistical summary of the intersection non-geometric data 
  

Attribute Mean Standard 
deviation Max Min 

Major 
Road 

On street parking 0.426 0.499 1 0 

Market nearby 0.803 0.401 1 0 

Hospital/mosque nearby 0.18 0.388 1 0 

School/College nearby 0.164 0.373 1 0 

Hawkers on footpath 0.705 0.46 1 0 

Slum nearby 0.082 0.277 1 0 

Minor 
Road 

On street parking 0.508 0.504 1 0 

Market nearby 0.754 0.434 1 0 

Hospital/mosque nearby 0.23 0.424 1 0 

School/College nearby 0.23 0.424 1 0 

Hawkers on footpath 0.656 0.479 1 0 

Slum nearby 0.082 0.277 1 0 
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5. CRASH PREDICTION MODELS AND RANKING 

OF INTERSECTIONS  

This chapter is broadly divided in two parts- development of crash prediction models 

(CPMs) and stepwise framework to prioritize hazardous intersections. The first part 

presents and discusses the generated CPMs for ‘total crashes’, ‘severe crashes’ and 

‘minor and PDO crashes’. The relationship with the explanatory variables retained in 

the final models and the level of effect for each variable has also been explained in 

this section. The second part deals with the framework for prioritizing the 

intersections with the help of the generated CPMs and by EB method based on their 

crash proneness. It also presents a comparison of such ranking of intersections by 

different methods.   

5.1 Development of Crash Prediction Models 

The CPMs have been designed to predict crashes based on an extensive datasets of 61 

intersections containing crash data, exposure variables, geometric features and non-

geometric attributes. A stepwise forward addition process has been used to derive the 

covariates in the final models and in terms of goodness of fit measures, the scaled 

deviance and Pearson chi-square are less than critical chi-square value at 95% 

confidence interval which indicate that all the models fit well with the dataset. 

In terms of p-value, CPMs for total and PDO crashes are found significant at 95% 

confidence interval while CPM for Severe crashes is found significant at 90% 

confidence level. For all the models, total entering traffic volume at the intersection is 

taken as an exposure variable rather than major and minor traffic volume separately. 

Before taking total entering traffic volume at the intersection as exposure variable, an 

outlier analysis was performed considering major and minor traffic volume with other 

exposure variables (e.g., NMT, percentage of left turn and right turn traffic, CNG), 

but no outlier was detected. An outlier analysis was also performed for different 

geometric and non-geometric attributes, but no outlier was detected for the significant 

variables presented in the following models. Three CPMs have been developed- CPM 

for total crashes; CPM for severe crashes; and CPM for minor and PDO crashes. 

These CPMs are discussed in detail in the following subsections and the effect of the 

covariates in each model has been explained. 
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5.1.1 Crash Prediction Model for Total Crashes 

This model has been developed for total crashes in the intersections, based on 

intersection exposure data, geometric features and non-geometric characteristics. 

Table 5.1 represents the model’s parameter estimates, standard errors, p-values, and 

goodness-of-fit measures. 

Table 5.1: Model 1- Model for Total Crashes 

                                                   
                                    

DF Scaled 
Deviance Pearson 2  2

54050 ,.  Shape 
Parameter, k 

54 65.704 64.414 72.153 4.415 

Parameter Estimate Standard 
Error p-value 

Intercept -4.0511 2.775 0.1443 

Avg. Peak Hour Traffic Volume ( ln(V) ) 0.5390 0.2614 0.0392 

On-Street Parking on Major Road (MOP) -0.4189 0.1869 0.0250 
Presence of Hospital on Major Road 
(MHOS) -0.7333 0.3537 0.0381 

Presence of Mosque on Minor Road (MIM) 0.7270 0.3226 0.0242 
High Bus Passenger Activity on Minor 
Road (MIBH) 0.4489 0.1935 0.0204 

Low Bus Passenger Activity on Minor 
Road (MIBL) 0.5586 0.2305 0.0154 

Over Dispersion,  (=1/k) 0.2265 0.0743  
 

The over-dispersion parameter  (= 1/k) is found statistically significant and hence, 

justifies the NB assumption for the given dataset. The shape parameter k is significant 

which demonstrates the presence of over-dispersion in the data. The SD and Pearson 
2 - statistics in Eqs. (15) and (16) were used to assess the models’ goodness-of-fit. 

With 54 (=61-7) degrees of freedom, the SD and Pearson 2 - statistics are found to 

be 65.704 and 64.414, respectively. Since both of these values are smaller than the 

critical 2 ( 2
54050 ,. =72.153), it can be concluded at 95% confidence level that the 

model provides an adequate fit to the dataset used in the study. 
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The modelling results reveal that the avg. peak hourly traffic volume entering the 

intersections is statistically significant at a 95% confidence level (p-value = 0.0392; 

which is less than the cutoff value of 0.05) and positively correlated with the total 

crashes. It indicates that higher the traffic volume, higher will be the resulting total 

crashes, which is in compliance with our general intuition and as well as previous 

research findings (e.g., Poch and Mannering, 1996; Chin and Quddus, 2003; Abdel-

Aty and Wang, 2006; Ma et al., 2010; Wang and Abdel-Aty, 2008) that the higher the 

level of exposure, higher is the probability of crash. According to the parameter 

estimates, there will be a 5.27% increase in predicted crashes per 10% increase in 

traffic volume.  

There is a statistically significant negative relationship between total crashes and the 

presence of on-street parking on major road (p-value = 0.0250). Similarly, a 

significant negative relationship is also found between total crashes and the presence 

of hospital on major road (p-value = 0.0381). According to the parameter estimates, 

presence of on-street parking on major road and presence of hospital on major road 

are causing 34.22% and 51.97% decrease in the predicted crashes respectively; which 

at first glance might seem counterintuitive, however, the probable rationale for such 

finding is presence of on-street parking on major road at intersection causes a 

significant side-friction which results in large reduction of traffic speeds. 

Additionally, drivers usually drive more cautiously where there is significant side-

friction present in the road. The combination of these two factors is contributing in the 

reduction in the predicted crashes. Likewise, same analogy can be applied in case of 

presence of hospital on major road since it causes a higher level of side-friction along 

with higher level of on-street parking and hence a relatively greater reduction in the 

predicted crashes. 

Presence of a mosque on minor road is found to have statistically significant (p-value 

= 0.0242) positive relationship (parameter estimate of 0.7270) with total crashes at the 

intersections. In quantitative figures, it refers to a substantial 106.9% increase in the 

predicted crashes when a mosque is present on minor road, compared with when there 

is no mosque in the minor roads of the intersections. The possible justifications for 

such finding can be- (i) presence of a mosque causes temporal relatively large 

pedestrian movements at the intersection, (ii) the pedestrian volume generated 
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consists of local people aging from small children to very elderly, (iii) local people 

are usually less cautious in regular movements at their known surroundings, and (iv) 

while presence of hospital or market generates a prominent side friction and 

significant on-street parking, a small mosque doesn’t result in any on-street parking 

on the road at all. 

Analysis of data identifies ‘bus passenger activity on minor road’ as a significant 

positive contributor to the intersection total crashes. The generated model shows 

statistically significant positive relationships between total crashes and bus passenger 

activity on minor roads. Since there are high bus passenger activities in all the major 

roads of the selected intersections, bus passenger activity on major roads haven’t been 

identified as having a statistically significant relationship with crashes. Effect of bus 

passenger activities on minor roads has been investigated separately for ‘high bus 

passenger activity on minor road’ and ‘low bus passenger activity on minor road’. The 

parameter estimates in the final model for these two variables being 0.4489 and 

0.5586 respectively indicates that presence of low bus passenger activity has higher 

positive effect on the total crash than the presence of high bus passenger activity. 

Quantitatively, such estimates of these two parameters respectively refer to a 

significant 56.66% and 74.82% increase in the predicted crashes, compared to when 

there is no bus activity in the minor roads. The rationale for such finding can be- bus 

drivers make sudden stops at mid width of the road in case of a small number of 

alighting and boarding passengers while they usually go to the side of the road when 

passenger activity is relatively higher. In addition to that, when there is no boarding 

passenger but only a few alighting passengers at a particular intersection, the busses 

usually do not make a total stop and the alighting activities are done with buses 

running at a very low speed. Furthermore, low bus passenger activity on minor road is 

also indicative of the presence of relatively higher proportion of vulnerable road users 

(rickshaw, cycle etc.) on the road. 

5.1.2  Crash Prediction Model for Severe Crashes 

This model has been developed for severe crashes in the intersections, based on 

intersection exposure data, geometric features and non-geometric characteristics. 

Table 5.2 represents the model’s parameter estimates, standard errors, p-values, and 

goodness-of-fit measures. 
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Table 5.2: Model 2- Model for Severe Crashes 

                                                   
                                    

DF Scaled 
Deviance Pearson 2  2

54050 ,.  Shape 
Parameter, k 

54 63.7861 64.5697 72.153 5.333 

Parameter Estimate Standard 
Error p-value 

Intercept -3.1508 2.7548 0.2527 

Avg. Peak Hour Traffic Volume ( ln(V) ) 0.4354 0.2596 0.0935 

On-Street Parking on Major Road (MOP) -0.3268 0.1857 0.0784 
Presence of Hospital on Major Road 
(MHOS) -0.7728 0.3428 0.0242 

Presence of Mosque on Minor Road (MIM) 0.7952 0.3106 0.0105 
High Bus Passenger Activity on Minor 
Road (MIBH) 0.3563 0.1929 0.0647 

Low Bus Passenger Activity on Minor 
Road (MIBL) 0.4383 0.2310 0.0577 

Over Dispersion,  (=1/k) 0.1875 0.0723  

The over-dispersion parameter  (= 1/k) is found statistically significant and hence, 

justifies the NB assumption for the given dataset. The shape parameter k is significant 

which demonstrates the presence of over-dispersion in the data. The SD and Pearson 
2 - statistics, with 54 (=61-7) degrees of freedom, are found to be 63.7861 and 

64.5697, respectively. Since both of these values are smaller than the critical 2 (
2

54050 ,. =72.153), it can be concluded at 95% confidence level that the model 

provides an adequate fit to the dataset used in the study. However, in terms of p-value, 

not all the parameters of the model are significant at 95% confidence level; rather 

some of the parameters are significant at 90% confidence level.  

The modelling results for severe crashes reveal that the avg. peak hourly traffic 

volume entering the intersections is statistically significant at a 90% confidence level 

(p-value = 0.0935) and positively correlated with the total crashes. It demonstrates 

that number of severe crashes will increase as the traffic volume increases. According 

to the parameter estimates, there will be a 4.24% increase in predicted crashes per 

10% increase in traffic volume.  
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There is a statistically significant (at 90% confidence level) negative relationship 

between severe crashes and the presence of on-street parking on major road (p-value 

= 0.0784). Likewise, the presence of hospital on major road is found negatively 

correlated with severe crashes at 95% confidence level (p-value = 0.0242). According 

to the parameter estimates, presence of on-street parking on major road and presence 

of hospital on major road are causing 27.88% and 53.83% decrease in the predicted 

crashes respectively. Such findings for severe crashes are in cohesion with the 

findings for total crashes and a similar conclusion can be drawn for their rationale that 

both these parameters cause a significant side-friction and large reduction of traffic 

speeds and hence, the reduction in predicted crashes. 

Presence of mosque on minor road is found to have statistically significant (p-value = 

0.0105) positive relationship (parameter estimate of 0.7952) with severe crashes at the 

intersections. Quantitatively, it refers that a substantial 121.49% increase in the severe 

crashes occurs when a mosque is present on minor road. The possible justifications 

for such finding is similar to those for the total crashes; these are- (i) presence of a 

mosque causes temporal relatively large pedestrian movements at the intersection, (ii) 

the pedestrian volume generated consists of local people aging from small children to 

very elderly, (iii) local people are usually less cautious in regular movements at their 

known surroundings, and (iv) while presence of hospital or market generates a 

prominent side friction and significant on-street parking, a small mosque doesn’t 

result in any on-street parking on the road at all. 

Analysis of data identifies ‘bus passenger activity on minor road’ as a significant 

positive contributor to the intersection severe crashes as well. The generated model 

shows statistically significant positive relationships between severe crashes and both 

‘high bus passenger activity on minor road’ and ‘low bus passenger activity on minor 

road’. The parameter estimates being 0.3563 and 0.4383 respectively indicates that 

presence of low bus passenger activity has higher positive effect on the severe crash 

than the presence of high bus passenger activity. In quantitative terms, such estimates 

of these two parameters respectively refer to a significant 42.8% and 55.0% increase 

in the predicted severe crashes, compared to when there is no bus activity in the minor 

roads. Similar findings were observed in case of intersection total crashes too. The 

possible rationale for such finding are similar to those for total crash, which are- (i) 
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bus drivers make sudden stops at mid width of the road in case of a small number of 

alighting and boarding passengers while they usually go to the side of the road when 

passenger activity is relatively higher; (ii) when there is no boarding passenger but 

only a few alighting passengers at a particular intersection, the busses usually do not 

make a total stop and the alighting activities are done with buses running at a very low 

speed; and (iii) low bus passenger activity on minor road is also indicative of the 

presence of relatively higher proportion of vulnerable road users (rickshaw, cycle etc.) 

on the road. 

5.1.3 Crash Prediction Model for Minor and PDO Crashes 

This model has been developed for minor and PDO crashes in the intersections, based 

on intersection exposure data, geometric features and non-geometric characteristics. 

Table 5.3 represents the model’s parameter estimates, standard errors, p-values, and 

goodness-of-fit measures. 

Table 5.3: Model 3- Model for Minor and PDO Crashes 

                                                    
            

DF Scaled 
Deviance Pearson 2  2

56050 ,.  Shape 
Parameter, k 

56 63.5176 59.1923 74.4683 3.706 

Parameter Estimate Standard 
Error p-value 

Intercept -10.3848 4.6100 0.0243 

Avg. Peak Hour Traffic Volume ( ln(V) ) 0.9703 0.4327 0.0249 

On-Street Parking on Major Road (MOP) -0.7746 0.3275 0.0180 
High Bus Passenger Activity on Minor 
Road (MIBH) 0.7842 0.3435 0.0224 

Low Bus Passenger Activity on Minor 
Road (MIBL) 1.0003 0.3862 0.0096 

Over Dispersion,  (=1/k) 0.2698 0.2124  

The over-dispersion parameter  (= 1/k) is found statistically significant and hence, 

justifies the NB assumption for the given dataset. The shape parameter k is significant 

which demonstrates the presence of over-dispersion in the data. The SD and Pearson 
2 - statistics, with 56 (=61-5) degrees of freedom, are found to be 63.5176 and 

59.1923, respectively. Since both of these values are smaller than the critical 2 (
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2
56050 ,. =74.4683), it can be concluded at 95% confidence level that the model 

provides an adequate fit to the dataset used in the study. Additionally, in terms of p-

value, all the parameters of the model are significant at 95% confidence level. 

The modelling results reveal that the avg. peak hourly traffic volume entering the 

intersections is statistically significant at a 95% confidence level (p-value = 0. 0.0249) 

and positively correlated with the minor and PDO crashes. According to the 

parameter estimates, there will be a 9.69% increase in predicted crashes per 10% 

increase in traffic volume.  

There is a statistically significant negative relationship between total crashes and the 

presence of on-street parking on major road (p-value = 0. 0.0249). According to the 

parameter estimates, presence of on-street parking on major road causes 53.9% 

decrease in the predicted crashes. Such findings for minor and PDO crashes are in 

cohesion with the findings for severe crashes and a similar conclusion can be drawn 

that presence of on-street parking on major road causes a significant side-friction and 

large reduction of traffic speeds and hence, the reduction in predicted crashes. 

Modelling efforts for minor and PDO crashes have identified ‘bus passenger activity 

on minor road’ as a significant positive contributor to such crashes. The generated 

model shows statistically significant positive relationships between total crashes and 

both ‘high bus passenger activity on minor road’ and ‘low bus passenger activity on 

minor road’. The parameter estimates being 0.7842 and 1.0003 respectively indicates 

that presence of low bus passenger activity has higher positive effect on minor and 

PDO crashes than the effect of the presence of high bus passenger activity on minor 

road. The rationale for such finding can be- bus drivers make sudden stops at mid 

width of the road in case of a small number of alighting and boarding passengers 

while they usually go to the side of the road when passenger activity is relatively 

higher. 

5.1.4 Concluding Remarks on the Developed CPMs 

In brief, for all severity levels of crashes, positive correlations have been found with 

total entering traffic volume at the intersection and bus passengers’ activities on minor 

roads, while negative relationship with crashes have been found for the presence of 

on-street parking on major road. Low bus passenger activity has been found having 
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relatively higher effect on crashes than the high bus passenger activity. Presence of 

hospital on major road and presence of mosque on minor road have been found 

correlated with the total crashes and severe crashes only. The nature of the correlation 

of these two parameters with crashes has been found negative and positive 

respectively. However, on the contrary to the intuition, no geometric attributes had 

been found significantly (at 90% confidence level) correlated with crash counts. This 

is probably primarily due to relatively small number of sample size (n = 61 

intersections) and that property of some geometric features are directly reflected by 

the traffic volume (which is found correlated with crash counts at 95% confidence 

level) at the intersections. 

Overall, modelling efforts for the crashes in the intersections identified several unique 

parameters particularly prevailing in low and middle income countries and also 

quantified their effects. Such findings have the potential to provide new insights in the 

occurrences of intersection crashes from the perspective of urban intersection crashes. 

5.2 Stepwise Framework to Prioritize the Intersections 
The generated CPMs in the previous sections are statistically developed to relate the 

predicted crash frequency at an intersection to its various attributes. The advantage of 

using these models is that they capture the systematic relationship between the 

predicted level of safety (the dependent variable) and a set of traits (explanatory 

variables) over a range of values for these traits (Lovegrove and Sayed, 2007). The 

next sub-sections present the framework for ranking the intersections with the help of 

these CPMs and in accordance with their crash proneness by EB method. Finally, a 

comparison of such ranking of intersection by different methods is also presented. 

5.2.1 Selection of Appropriate CPM 

The first step in the development of a prioritized list of hazardous intersections is the 

selection of appropriate CPM.  Appropriate CPM has to be chosen based on the type 

of crash analysis intended. If the intended purpose is to conduct a safety analysis 

based on total crashes, then Model 1 should be selected. Alternatively, if the intended 

purpose is to conduct a safety analysis based on severe crashes, then Model 2 should 

be selected. If the focus of the analysis is on PDO crashes, then Model 3 should be 

selected.  
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5.2.2 Estimating the Predicted Crash Frequency 

Once an appropriate model is selected based on the type of intended crash analysis, 

the next step would be determining the predicted crash frequency (µi) using that 

particular model. For instance, to rank hazardous intersections based on total crashes, 

Model 1 is selected. 

Model 1:                                                    

                                    

where, 

µ = Predicted crash frequency; 

V= Avg. peak hour traffic volume entering the intersection; 

MOP= Presence of on-street parking on major road; 

MHOS= Presence of hospital on major road; 

MIM= Presence of mosque on minor road; 

MIBH= Presence of high bus passenger activity on minor road; 

MIBL= Presence of low bus passenger activity on minor road; 

By plugging the values of the variables into the above equation, predicted total 

crashes (µi) can be calculated for each intersection used in the study. Table 5.4 

presents the predicted total crashes for each intersection. 

Table 5.4: Predicted total Crashes 

Intersection 

No. 
       MOP MHOS MIM MIBH MIBL 

Predicted 

crashes, 

µi 

1 10.14 1 0 0 1 0 4.22 
2 10.46 1 1 1 1 0 5.00 
3 10.55 1 0 1 1 0 10.91 
4 10.99 1 0 0 1 0 6.69 
- - - - - - - - 

- - - - - - - - 

- - - - - - - - 

60 10.40 0 1 1 1 0 7.39 
61 10.32 1 0 0 1 0 4.66 
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Similarly, predicted ‘severe’ crashes and predicted ‘minor and PDO’ crashes can be 

calculated for each intersection by plugging in the appropriate values of the relevant 

variables in Model 2 and Model 3 respectively. Table 5.5 and table 5.6 presents the 

predicted ‘severe’ crashes and ‘minor and PDO’ crashes for each intersection 

respectively. 

Table 5.5: Predicted severe Crashes 

Intersection 

No. 
       MOP MHOS MIM MIBH MIBL 

Predicted 

crashes, 

µi 

1 10.14 1 0 0 1 0 3.63 
2 10.46 1 1 1 1 0 4.31 
3 10.55 1 0 1 1 0 9.68 
4 10.99 1 0 0 1 0 5.26 
- - - - - - - - 

- - - - - - - - 

- - - - - - - - 

60 10.40 0 1 1 1 0 5.81 
61 10.32 1 0 0 1 0 3.94 

Table 5.6: Predicted Minor and PDO Crashes 
Intersection 

No. 
       MOP MIBH MIBL 

Predicted 

crashes, µi 

1 10.14 1 1 0 0.58 
2 10.46 1 1 0 0.79 
3 10.55 1 1 0 0.87 
4 10.99 1 1 0 1.34 
- - - - - - 

- - - - - - 

- - - - - - 

60 10.40 0 1 0 1.63 
61 10.32 1 1 0 0.70 
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5.2.3 Estimate the Expected Crash Frequency 

The next step would be determining the expected crash frequency of each 

intersection. As discussed in chapter 3, there are two indicators to determine the 

safety performance of an intersection: i) traffic volume and road characteristics; and 

ii) historical crash frequency. The EB approach makes use of both of these indicators, 

refining the estimate of the expected number of crashes at an intersection by 

combining the observed number of crashes with the predicted number of crashes 

obtained from the model. This yields a more accurate, intersection-specific safety 

estimate. The expected crash frequency (EBi) for each of the intersections of the study 

has been determined by the following equation (see Table 5.7). 

iiiii ywwEB  )1(    

where, 

i
i k

kweightw




  

5.2.4 Ranking of Intersections 

The next and final step is to rank the intersection based on their crash proneness. This 

has been achieved by sorting the expected crash frequencies in descending order. A 

list of top ten hazardous intersections of Dhaka city based on total crashes, severe 

crashes, and minor and PDO crashes are shown in Table 5.8. In Table 5.9, the 

prioritized list of hazardous intersections determined based on ‘severe’ crashes, and 

‘minor and PDO’ crashes have been compared with the top ten hazardous 

intersections determined based on total crashes. A similar comparison with the 

prioritized list of hazardous intersections determined by crash rate (CR) method and 

crash frequency (CF) method is also shown in Table 5.9. 

Although it might seem like that the prioritized list of hazardous intersections 

determined by EB method is very much similar with the prioritized list of hazardous 

intersections determined by CF method, this is only true for the top ten hazardous 

intersections. A total comparison of 61 intersections would reveal that the prioritized 

list of intersections based on these two methods vary quite significantly. 
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Table 5.7: Estimated Expected Crash Frequency 
Intersection 

No. 

Observed Crash, iy  Predicted Crash, i  Weight, iw  Expected Crashes, iEB  

Total Severe PDO Total Severe PDO Total Severe PDO Total Severe PDO 

1 2 2 0 4.2 3.6 0.6 0.511 0.595 0.865 3.14 2.97 0.50 

2 1 1 0 5.0 4.3 0.8 0.469 0.553 0.824 2.88 2.83 0.65 

3 16 11 5 10.9 9.7 0.9 0.288 0.355 0.810 14.53 10.53 1.66 

4 13 11 2 6.7 5.3 1.3 0.398 0.503 0.734 10.49 8.11 1.52 

5 2 1 1 9.6 6.9 2.6 0.315 0.436 0.584 4.39 3.57 1.96 

6 4 3 1 7.0 5.6 1.5 0.388 0.486 0.717 5.15 4.28 1.33 

7 8 7 1 10.1 7.2 2.8 0.305 0.424 0.570 8.63 7.10 2.03 
- - - - - - - - - - - - - 

- - - - - - - - - - - - - 

- - - - - - - - - - - - - 

57 17 11 6 9.8 7.0 2.8 0.311 0.431 0.574 14.75 9.29 4.13 

58 19 12 7 7.9 5.9 1.8 0.360 0.473 0.671 14.99 9.13 3.53 

59 5 5 0 5.2 4.3 0.9 0.459 0.556 0.810 5.10 4.59 0.70 

60 6 2 4 7.4 5.8 1.6 0.374 0.479 0.695 6.52 3.82 2.35 

61 7 4 3 4.7 3.9 0.7 0.487 0.575 0.841 5.86 3.97 1.07 
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Table 5.8: Top Ten Hazardous Intersection of Dhaka City 

Ranking 

Based on Total Crashes Based on Severe Crashes Based on Minor and PDO Crashes 

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

1 50 Farmgate 16.71 50 Farmgate 11.66 49 Hotel Sonargaon 5.47 

2 49 Hotel 
Sonargaon 15.25 3 Darussalam 

(TTC) 10.53 57 Chairman Bari 4.13 

3 58 Kakoli 14.99 57 Chairman Bari 9.29 50 Farmgate 3.62 

4 57 Chairman Bari 14.75 58 Kakoli 9.13 58 Kakoli 3.53 

5 3 Darussalam 
(TTC) 14.53 49 Hotel 

Sonargaon 8.46 31 Infront of Prime 
Minister Office. 2.82 

6 4 Agargaon 10.49 4 Agargaon 8.11 18 Bijoy Sarani 
(Rangs) 2.81 

7 21 Malibag Rail 
Gate 10.24 24 Bangshal Road 8.07 39 Zero Point 2.76 

8 17 Bijoy Sarani 
(Aeroplane) 9.36 17 Bijoy Sarani 

(Aeroplane) 7.13 17 Bijoy Sarani 
(Aeroplane) 2.50 

9 24 Bangshal Road 9.23 7 Khamar Bari 7.10 45 Matshaw 
Bhaban 2.36 

10 31 Infront of Prime 
Minister Office. 9.21 21 Malibag Rail 

Gate 6.90 60 Gulshan- 2 2.35 
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Table 5.9: Comparison of Ranking of Intersections by Various Methods 

Serial Intersection No. 
Ranking by EB Estimates of - Ranking by CR 

Method of Total 
Crashes 

Ranking by CF 
Method of Total 

Crashes 
Total Crashes Severe Crashes Minor and PDO 

Crashes 

1 50 1 1 3 6 1 
2 49 2 5 1 13 3 
3 58 3 4 4 3 2 
4 57 4 3 2 5 4 
5 3 5 2 23 4 5 
6 4 6 6 27 17 6 
7 21 7 10 19 2 7 
8 17 8 8 8 30 10 
9 24 9 7 34 8 9 
10 31 10 14 5 21 11 
11 7 11 9 16 34 13 
12 39 12 27 7 12 12 
13 35 13 11 49 7 15 
14 46 14 12 26 16 16 
15 33 15 21 47 1 8 
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6. CONCLUSION AND FUTURE RESEARCH 

In setting out the conclusion of the thesis, this chapter is organized with the summary 

of the study as concluding remarks, research contributions, recommendations of the 

study, limitations of the study, and finally the scope of future studies. 

6.1 Concluding Remarks 
In brief, this study has- (i) correlated the crashes in the intersections of metro Dhaka 

with traffic exposure and intersection geometric and non-geometric features in the 

form of three crash prediction models (CPMs) developed under empirical Bayesian 

(EB) framework, and (ii) published a prioritized list of crash prone intersections of 

metro Dhaka using EB technique; and hence, accomplishes the two objectives of the 

thesis.  

The first objective was to develop CPMs for the intersections in metro Dhaka under 

Bayesian framework. To attain this objective, an extensive effort had been put 

together to collect and synthesize- (i) the crash data (from 2008 to 2012) of the 

selected 61 intersections from the crash report forms (CRFs); collected from Accident 

Research Institute (ARI), (ii) intersection exposure data; collected from Dhaka South 

City Corporation (DSCC) Office, and (iii) the intersection geometric and non-

geometric data; collected by field survey performed on several days by a group of 

surveyors. The extent of contribution to crashes and statistical significance of each of 

the parameters of the dataset for the study were investigated and only the parameters 

having statistically striking influence were retained in the final models. Eventually, 

three CPMs were developed- (i) CPM for total crashes, (ii) CPM for severe crashes 

and (iii) CPM for minor and PDO crashes. A stepwise forward addition process was 

used to derive the covariates and in terms of goodness of fit measures, the scaled 

deviance and pearson chi-square are found less than critical chi-suare value at 95% 

confidence interval which indicate that all the models fit well with the dataset. In 

terms of p-value, CPMs for ‘total’ and ‘minor and PDO’ crashes are found significant 

at 95% confidence interval while CPM for Severe crashes is found significant at 90% 

confidence level. 
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For all the models, total entering traffic volume at the intersection is found significant 

and positively correlated with the crashes. Similarly, alighting and boarding activities 

of bus passengers on minor roads have been found positively correlated with the 

crashes while, low bus passenger activity has been found having relatively higher 

effect on crashes than the high bus passenger activity. Since, there are high bus 

passenger activity on the major roads of all the intersections considered in this study, 

bus passenger activity was not found to be a significant parameter on the crashes at 

intersections. Statistically significant negative relationship with crashes have been 

found for both the presence of on-street parking on major road and the presence of 

hospital on major road. The probable reason could be that both these two parameters 

induce side-friction and reduce the overall travel speed. Presence of mosque on minor 

road is found to have significant positive relationship with crashes at the intersections. 

The likely rationales for such finding are that it causes temporal, scattered and high 

pedestrian movements. Overall, modelling efforts for the crashes in the intersections 

identified several unique parameters particularly prevailing in low and middle income 

countries and also quantified their effects from the perspective of urban intersection 

crashes. 

Relative advantages/disadvantages and comparative evaluations of several methods 

for prioritizing crash prone intersections have been discussed in Chapter 2 of this 

thesis and based on the evidences from existing literature it has been argued that the 

current state-of-the-art practice advocates the use of the EB technique as it 

outperforms the other methods. Consequently, the second objective of the thesis was 

set to prioritize crash prone intersections using EB technique. To achieve this 

objective, initially the relevant data were plugged into the CPMs to determine the 

predicted crash frequency (µi). Then with the help of appropriate mathematical 

procedures, expected crash frequency (EBi) for each of the intersections were 

determined. Finally, the intersections selected for the study have been ranked by 

sorting the expected crash frequencies in descending order. A relative comparison of 

prioritizing the crash prone intersections by different methods has also been 

demonstrated in this thesis. 
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6.2 Research Contributions 
This thesis presents several novel findings regarding various parameters that have the 

potential to provide new insights in the occurrences of intersection crashes in metro Dhaka. 

The following are the main contributions of this research:  

i) Development of several crash prediction models for the intersection crashes of 

metro Dhaka under EB framework; 

ii) Identifying several non-geometric attributes as significant contributors to 

crashes that were not previously identified; 

iii) Introducing the EB technique in identifying and prioritizing the crash prone 

intersection of metro Dhaka; and 

iv) Publishing a prioritized list of crash prone intersections of Dhaka city based on 

the intersections selected for the study. 

6.3 Recommendations 
From model application perspective, the study recommends that the road safety 

authority uses the developed CPMs to assess the safety level of the urban 

intersections. Since crashes have significant positive relationships with the traffic 

volume at intersections and growth of traffic volume is inevitable, physical 

segregation of non-motorized vehicle and vulnerable road users from the 

heterogeneous traffic stream is suggested by the study. The study also suggests safer 

alighting and boarding of bus passenger activity by installing bus-bays and by 

ensuring more strict enforcement if necessary. Although, roadside friction caused by 

the presence of on-street parking or the presence of a hospital along the major road is 

found to have negative impacts on crashes, the study doesn’t encourage such roadside 

friction from mobility and traffic management perspective. Rather, proper parking 

management and installation of appropriate engineering devices like footpath barrier, 

median barrier etc. is suggested to encounter crashes. Finally, allocations of resources 

on road safety is recommended to be based on the prioritized list of crash prone 

intersection by EB method, rather than any other traditional methods that are still in 

practice. 
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6.4 Limitations 
A number of difficulties and limitations have been encountered while performing the 

study. Despite having several limitations, the researcher believes that the research still 

holds a very good degree of validity and almost similar results would be obtained if 

others wish to replicate the study. The prime limitations of the thesis are lack of traffic 

exposure data for the intersections and low sample size for developing CPMs. Several 

other limitations are: 

i) The crash data contains Severe under reporting, specially the minor and PDO 

crashes. Had all the intersection crashes been officially reported, the generate 

CPMs would be significantly different. 

ii) Several important and crash prone intersections have to be discarded from the 

study due to lack of adequate data. For example, Jatrabari intersection was not 

included in the study due to lack of traffic exposure data. 

iii) A lots of CRFs from which the crash data were collected and compiled were 

missing the information about the location of the crashes. 

iv) While a crash data from 2008 to 2012 and traffic exposure data of 2012 have 

been used in the study, data regarding the geometric and non-geometric 

features of the intersection have been collected in 2014. 

v) Hence, it has been assumed in the study that no significant changes took place 

in the roadway geometric and non-geometric attributes of the selected 

intersection since 2008. 

vi) The traffic volume data obtained from the DSCC office are considered to be 

the same throughout a year. 

vii) It has been assumed that the crashes at a particular intersection are not affected 

by the traffic pattern and geometric and non-geometric attributes of the 

surrounding intersections although intersections in Dhaka city are closely 

spaced. 

6.5 Future Research 
This research was intended to identify and quantify the significant involvement of 

several parameters in the process of an urban intersection crash. This study provides 
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some valuable information regarding various non-geometric attributes that 

significantly affects the crashes. There is a huge scope to proceed with this study in a 

wider scale, encompassing as many intersections as possible. At the same time, spatial 

relationships among closely spaced intersections could be incorporated in the model 

development process. If adequate data are available for a relatively large sample size, 

multivariate random parameter models could be developed for the crashes at 

intersections, considering several intersections along a particular route as a cluster. 

Further research can also be conducted by incorporating some other geometric 

features and quantified non-geometric attributes those were not considered in the 

model development process of the study. By including other intersections in the future 

studies, one would also get a better and updated prioritized list of crash prone 

intersections of metro Dhaka. 
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Table A.1: List of Intersections 

Intersection No. Intersection Name Intersection No. Intersection Name Intersection No. Intersection Name 

1 Mirpur Mazar Road 21 Malibag Rail Gate 41 Dhanmondi Road 10  
2 Mirpur-1 22 Golapshah Mazar 42 Dhanmondi Road 6 
3 Darussalam (TTC) 23 Zahir Raihan  43 Topkhana 
4 Agargaon  24 Bangshal Road  44 Kadam Chattar 
5 Palashi  25 English Road  45 Matshaw Bhaban  
6 Science Lab. 26 Dholikhal  46 Shahbagh  
7 Khamar Bari  27 Sadarghat Road  47 Hotel Sheraton   
8 Parliament  28 Ittefaq  48 Bangla motor  
9 Bata crossing  29 Kamalapur Container 49 Hotel Sonargaon 
10 Katabone  30 Kamalapur Railway Station  50 Farmgate 

11 New Market 31 Infront of Prime Minister 
Office. 51 Mogbazar 

12 Azimpur  32 Jahangir Gate.  52 Tongi Diversion 
13 Curzon Hall  33 Natun Bazar 53 Tejgaon Rangs Link Road 
14 Kakrail Mosque 34 Gulistan Square 54 Nabisco  
15 Bijoy Nagar 35 Shapla Chattar 55 Mohakhali Rail Crossing 
16 Peerjongi Mazar 36 Malibagh  56 Mohakhali-Amtoli 
17 Bijoy Sarani (Aeroplane) 37 Mouchak  57 Chairman Bari 
18 Bijoy Sarani (Rangs)  38 Kakrail (Rajmoni) 58 Kakoli 
19 Rajarbagh Intersection 39 Zero Point  59 Basundhara 
20 Shanti Nagar Intersection 40 Fakirapul 60 Gulshan- 2  

    61 Gulshan- 1  
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Table A.2: List of Variables considered in crash modelling 
 Serial No. Name of the variable 

Crash 
Attributes 1 Crash severity  

Traffic 
Exposure 
Attributes 

2 PCU/8hr on major road 
3 PCU/8hr on minor road 
4 % of Left Turn on major road 
5 % of Left Turn on minor road 
6 % of Right Turn on major road 
7 % of Right Turn on minor road 
8 % of Rickshaw & Bicycle on major road 
9 % of Rickshaw & Bicycle on minor road 
10 % of Motorcycle on major road 
11 % of Motorcycle on minor road 
12 % of CNG Auto-rickshaw on major road 
13 % of CNG Auto-rickshaw on minor road 
14 % of Heavy Vehicles on major road 
15 % of Heavy Vehicles on major road 

Geometric 
Attributes 

16 Approach width of major road 
17 Approach width of minor road 
18 Width of median on major road 
19 Width of median on minor road 
20 Width of footpath on major road 
21 Width of footpath on minor road 
22 Median barrier on major road 
23 Median barrier on minor road 
24 Footpath barrier on major road 
25 Footpath barrier on minor road 
26 Channelization on major road 
27 Channelization on minor road 
28 Foot Over-bridge on major road 
29 Foot Over-bridge on minor road 

Non-
Geometric 
Attributes 

30 Bus passenger activity on major road 
31 Bus passenger activity on minor road 
32 On street parking on major road 
33 On street parking on minor road 
34 Market nearby on major road 
35 Market nearby on minor road 
36 Hospital/mosque nearby on major road 
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 Serial No. Name of the variable 

37 Hospital/mosque nearby on minor road 
38 School/College nearby on major road 
39 School/College nearby on minor road 
40 Hawkers on footpath on major road 
41 Hawkers on footpath on minor road 
42 Slum nearby on major road 
43 Slum nearby on minor road 
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Table A.3: Traffic Exposure data of the intersections (Major Roads) 

Intersection 
No. 

No. of 
approaches 1. PCU/8hr 2. % of Left 

Turn 
3. % of 

Right Turn 

4. % of 
Rickshaw 

and Bicycle 

5. % of 
Motorcycle 6. % of CNG 

7. % of 
Heavy 

Vehicles 
1 2 19223 12.68 9.59 13.90 8.09 15.86 9.49 
2 2 27865 30.03 48.67 31.55 6.65 8.38 4.04 
3 2 27531 23.13 24.58 7.77 9.59 21.30 9.58 
4 2 44646 16.77 6.80 16.78 11.79 15.86 6.37 
5 3 29667 22.68 52.44 51.71 7.44 5.32 0.61 
6 2 36811 31.86 15.68 7.63 11.08 11.29 5.31 
7 2 36692 23.91 3.86 20.79 7.03 15.98 2.23 
8 2 33871 2.87 2.43 7.66 11.93 13.90 6.68 
9 2 23755 19.45 12.58 11.94 12.10 11.59 8.02 
10 2 27548 9.54 9.18 10.13 9.83 13.48 6.88 
11 2 19040 30.92 19.55 24.92 10.60 10.28 5.75 
12 2 18548 26.84 10.96 35.27 9.14 6.74 4.19 
13 2 41007 33.28 6.68 39.72 9.68 8.06 1.44 
14 2 27474 15.09 21.37 1.99 13.49 18.70 2.26 
15 2 30901 3.77 25.09 22.85 7.14 17.38 4.50 
16 2 20402 22.12 23.99 42.15 9.32 9.17 3.04 
17 2 32275 17.94 22.42 20.08 12.70 13.16 2.38 
18 2 41990 16.33 19.51 0.36 13.26 18.64 5.68 
19 2 23072 18.05 33.09 45.28 5.10 7.95 6.11 
20 2 19005 25.92 5.62 60.75 3.48 6.00 4.05 
21 2 16982 8.22 13.79 52.91 4.12 7.27 4.42 
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Intersection 
No. 

No. of 
approaches 1. PCU/8hr 2. % of Left 

Turn 
3. % of 

Right Turn 

4. % of 
Rickshaw 

and Bicycle 

5. % of 
Motorcycle 6. % of CNG 

7. % of 
Heavy 

Vehicles 
22 2 11110 24.94 15.81 29.31 10.24 12.69 4.97 
23 2 16004 4.62 9.97 36.39 9.54 13.85 3.56 
24 2 22073 10.82 4.91 58.46 4.27 9.92 2.60 
25 2 18611 4.49 40.61 65.91 4.00 6.73 2.30 
26 2 16958 10.92 21.45 63.39 5.33 5.19 2.30 
27 2 14954 36.66 28.81 52.08 8.41 8.54 1.09 
28 1 13278 49.19 50.81 26.10 3.80 11.62 5.60 
29 2 20940 29.75 20.93 44.77 8.56 11.39 3.67 
30 2 15890 25.95 41.95 48.30 5.44 7.21 10.07 
31 2 36450 0.00 13.90 0.87 14.07 17.58 3.18 
32 2 36181 3.37 4.78 0.62 8.73 8.72 3.34 
33 2 13526 22.85 9.53 32.18 4.81 13.00 6.35 
34 2 9931 63.78 0.00 50.80 9.68 36.65 36.73 
35 2 15755 0.00 46.69 22.75 8.60 8.28 11.32 
36 2 16030 20.19 38.75 53.30 7.42 6.90 3.30 
37 2 15046 18.65 30.13 51.69 6.27 9.29 4.31 
38 2 19299 15.45 22.25 15.20 9.97 17.25 3.58 
39 2 21408 4.68 19.42 7.70 7.71 22.34 4.64 
40 2 17088 26.63 0.00 35.23 10.23 19.89 2.90 
41 2 24543 1.44 5.39 4.75 11.14 9.16 3.75 
42 2 21926 5.95 43.65 4.64 12.24 8.34 7.39 
43 2 14032 19.69 16.58 32.46 7.69 11.35 8.50 
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Intersection 
No. 

No. of 
approaches 1. PCU/8hr 2. % of Left 

Turn 
3. % of 

Right Turn 

4. % of 
Rickshaw 

and Bicycle 

5. % of 
Motorcycle 6. % of CNG 

7. % of 
Heavy 

Vehicles 
44 2 25386 19.19 46.81 20.43 7.77 14.35 6.03 
45 2 24200 49.62 24.06 3.22 9.96 18.45 9.25 
46 2 18210 22.41 52.03 3.70 8.74 15.29 10.02 
47 2 35725 35.67 11.47 2.45 12.07 24.53 3.43 
48 2 44430 8.67 1.23 1.53 14.70 24.17 3.33 
49 2 41409 11.89 12.36 0.97 13.65 24.44 3.88 
50 2 42416 20.49 0.00 3.06 15.65 23.78 3.22 
51 2 25429 21.95 4.78 6.86 9.08 24.30 1.30 
52 2 38254 7.38 19.93 5.76 13.52 27.34 1.81 
53 2 33741 5.74 10.86 4.95 11.05 28.50 1.27 
54 2 29575 4.98 21.05 2.04 13.21 27.12 1.48 
55 2 25023 11.80 26.32 2.35 8.41 18.69 9.14 
56 2 19402 5.38 28.35 1.48 7.58 11.34 9.32 
57 2 40629 0.72 6.26 0.50 9.35 18.88 6.69 
58 2 27342 1.44 23.08 0.74 8.78 17.92 10.80 
59 2 22750 9.51 27.23 26.01 5.24 10.73 4.33 
60 2 16572 18.38 26.77 3.82 8.93 8.28 0.75 
61 2 18556 11.08 15.91 2.00 9.96 14.89 0.84 
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Table A.4: Traffic Exposure data of the intersections (Minor Roads) 

Intersection 
No. 

No. of 
approaches 1. PCU/8hr 2. % of Left 

Turn 
3. % of Right 

Turn 

4. % of 
Rickshaw 

and Bicycle 

5. % of 
Motorcycle 6. % of CNG 

7. % of 
Heavy 

Vehicles 
1 1 6050 78.97 21.02 12.80 6.90 12.30 6.90 
2 1 6957 100.00 0.00 51.30 5.50 4.20 2.20 
3 1 10707 54.74 45.26 6.60 10.90 15.40 13.00 
4 2 14367 17.81 30.36 6.56 11.81 16.06 5.03 
5 2 13319 46.80 33.48 53.94 12.38 5.41 1.20 
6 4 28167 53.07 10.08 8.95 14.38 15.48 7.37 
7 2 20849 14.91 12.77 11.85 9.76 20.90 0.63 
8 1 1505 39.00 61.00 2.70 16.30 6.40 0.10 
9 2 14559 22.36 30.34 30.54 10.33 14.09 0.85 
10 2 18106 10.32 15.55 53.26 8.88 7.52 1.34 
11 2 12888 18.98 35.39 28.88 10.12 7.51 2.98 
12 2 18283 15.83 14.02 67.56 5.28 4.13 1.13 
13 2 19499 23.34 18.07 19.98 11.54 14.29 2.90 
14 1 12227 42.59 57.41 2.20 11.60 24.40 3.90 
15 1 7532 44.63 55.37 49.30 5.80 5.00 2.00 
16 1 6506 64.81 35.19 56.00 5.50 5.60 1.70 
17 2 26887 44.97 17.67 1.55 10.52 23.45 1.89 
18 2 31663 20.20 30.40 2.56 10.28 18.66 7.17 
19 2 22811 15.31 16.17 53.75 6.82 7.51 0.60 
20 2 17388 33.70 47.87 34.45 4.60 11.13 1.28 
21 1 7448 43.02 56.98 30.52 4.85 13.61 4.05 
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Intersection 
No. 

No. of 
approaches 1. PCU/8hr 2. % of Left 

Turn 
3. % of Right 

Turn 

4. % of 
Rickshaw 

and Bicycle 

5. % of 
Motorcycle 6. % of CNG 

7. % of 
Heavy 

Vehicles 
22 2 8323 22.12 36.24 38.07 10.39 8.84 1.83 
23 2 4093 100.00 0.00 61.64 5.20 7.28 7.82 
24 2 8006 18.41 39.62 74.21 10.29 4.01 1.64 
25 2 11215 64.47 25.14 50.85 7.13 7.65 7.65 
26 2 10077 50.04 18.75 50.04 8.68 12.53 1.17 
27 2 6801 77.30 22.70 75.24 6.45 6.92 0.07 
28 1 10049 45.67 54.33 40.96 8.10 6.53 1.38 
29 1 7934 46.97 53.03 40.62 4.99 12.86 6.29 
30 2 7449 69.92 0.98 39.01 6.52 18.67 6.16 
31 1 7497 100.00 0.00 0.50 12.30 20.00 3.51 
32 1 4717 10.22 0.00 1.06 17.43 6.79 3.22 
33 2 8213 20.00 59.22 33.30 10.51 11.28 2.96 
34 2 9365 22.57 60.43 18.39 8.50 15.02 12.78 
35 2 7252 49.95 0.00 28.94 7.11 7.53 11.17 
36 1 7470 69.25 30.75 42.70 4.92 8.74 4.01 
37 1 14345 41.56 58.44 32.70 8.40 22.84 1.85 
38 2 14779 37.34 20.78 54.80 7.68 7.78 1.24 
39 2 13283 46.40 0.00 25.12 7.73 15.25 11.55 
40 2 16386 28.60 12.09 40.12 7.61 9.60 0.94 
41 2 3421 0.00 4.33 5.29 4.71 0.32 0.00 
42 2 8692 3.72 49.23 72.56 3.16 2.00 2.81 
43 2 12306 13.14 20.26 51.41 3.90 6.89 4.15 
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Intersection 
No. 

No. of 
approaches 1. PCU/8hr 2. % of Left 

Turn 
3. % of Right 

Turn 

4. % of 
Rickshaw 

and Bicycle 

5. % of 
Motorcycle 6. % of CNG 

7. % of 
Heavy 

Vehicles 
44 1 10995 40.09 59.91 53.18 6.12 13.61 1.33 
45 2 16751 13.81 16.43 5.40 15.89 20.29 2.02 
46 2 18099 29.59 22.14 4.39 9.27 27.13 2.85 
47 1 18426 13.46 86.54 0.52 12.67 27.05 1.03 
48 2 9342 25.57 36.49 11.12 10.67 17.51 2.25 
49 2 25100 25.51 30.06 3.75 11.33 21.95 0.98 
50 1 11255 38.71 61.29 3.71 23.96 14.11 3.35 
51 2 11935 22.15 25.00 22.69 11.82 15.53 5.40 
52 1 10241 37.46 62.54 4.68 8.42 24.66 0.98 
53 2 7348 50.20 25.41 4.42 18.88 20.35 0.69 
54 1 6797 73.21 26.79 2.30 12.48 11.12 0.75 
55 1 9133 65.08 34.92 2.38 9.32 18.58 3.88 
56 1 8706 74.93 25.07 2.48 7.85 23.14 3.64 
57 1 4000 93.48 6.52 0.58 6.15 21.38 0.10 
58 2 9446 46.09 12.80 3.45 8.91 10.93 1.42 
59 1 7618 93.12 6.88 42.70 4.12 5.20 0.17 
60 2 16380 13.80 30.35 6.14 6.98 10.23 1.32 
61 2 11663 21.89 32.86 3.93 11.83 17.52 5.55 
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Table A.5: Intersection Geometric Data (Major Roads) 
Intersection 

No. 
No. of 

approaches 
Avg. Approach 

Width (m) 
Channelizati

on 
Width of 

median (m) 
Median 
Barrier 

Width of 
footpath (m) 

Footopath 
Barrier 

Foot 
Overbridge 

1 2 13.18 no 0.93 no 3.50 no no 
2 2 14.70 yes 1.20 yes 2.60 no yes 
3 2 13.59 yes 1.36 no 1.96 no no 
4 2 6.74 yes 0.73 no 1.49 no no 
5 3 8.00 no 1.00 no 1.85 no no 
6 2 11.30 no 1.20 yes 2.20 yes no 
7 2 16.23 yes 2.60 yes 3.13 no no 
8 2 22.71 no 3.10 yes 3.50 no no 
9 2 9.15 no 1.30 yes 2.00 no no 
10 2 8.65 yes 1.45 yes 2.20 yes no 
11 2 11.68 yes 1.79 yes 1.90 no no 
12 2 6.57 no 1.80 no 1.88 yes no 
13 2 7.90 yes 1.00 no 2.30 no no 
14 2 7.50 yes 1.22 no 1.91 no no 
15 2 8.70 yes 2.00 no 1.40 no no 
16 2 7.67 no 1.05 yes 2.46 no no 
17 2 12.33 yes 1.65 yes 2.03 no no 
18 2 14.35 yes 1.55 yes 1.90 no no 
19 2 9.00 no 1.95 yes 1.45 no no 
20 2 12.91 yes 0.97 no 1.69 no no 
21 2 10.90 no 1.10 yes 1.50 no no 
22 2 11.40 no 2.00 no 2.25 no no 
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Intersection 
No. 

No. of 
approaches 

Avg. Approach 
Width (m) 

Channelizati
on 

Width of 
median (m) 

Median 
Barrier 

Width of 
footpath (m) 

Footopath 
Barrier 

Foot 
Overbridge 

23 2 9.75 no 1.21 no 2.92 no no 
24 2 12.19 no 0.92 yes 2.36 no no 
25 2 11.55 no 1.23 no 1.65 no no 
26 2 10.10 no 2.00 no 2.60 no no 
27 2 9.99 no 1.05 no 2.40 no yes 
28 1 13.13 yes 0.00 no 2.24 yes no 
29 2 11.00 no 1.00 yes 2.50 no no 
30 2 7.95 no 1.20 no 2.40 no no 
31 2 13.05 no 1.07 yes 2.25 no no 
32 2 12.44 no 1.85 no 1.65 no no 
33 2 9.85 no 1.91 no 2.49 no yes 
34 2 9.90 no 0.96 yes 2.50 no no 
35 2 12.34 no 1.45 yes 2.77 no no 
36 2 6.77 no 0.89 no 2.01 yes no 
37 2 8.25 no 1.25 yes 2.00 no no 
38 2 12.30 yes 1.50 yes 2.25 yes yes 
39 2 11.81 no 2.45 no 1.80 no no 
40 2 14.10 no 2.05 no 1.95 no no 
41 2 13.34 no 1.10 yes 2.27 no yes 
42 2 11.00 no 1.00 yes 2.50 no no 
43 2 14.50 yes 1.15 yes 1.75 yes no 
44 2 12.60 no 1.00 yes 2.65 yes no 
45 2 8.80 yes 1.00 no 2.60 yes no 
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Intersection 
No. 

No. of 
approaches 

Avg. Approach 
Width (m) 

Channelizati
on 

Width of 
median (m) 

Median 
Barrier 

Width of 
footpath (m) 

Footopath 
Barrier 

Foot 
Overbridge 

46 2 8.35 yes 1.00 no 2.45 no yes 
47 2 11.30 yes 1.50 no 1.80 no no 
48 2 12.28 no 1.43 yes 1.90 no no 
49 2 11.60 no 1.10 yes 2.40 yes no 
50 2 10.73 no 1.21 yes 2.64 yes yes 
51 2 9.40 yes 1.25 yes 1.50 no yes 
52 2 7.95 no 1.80 yes 2.00 yes no 
53 2 11.29 no 1.16 yes 1.98 no no 
54 2 10.46 no 1.49 yes 2.60 no no 
55 2 16.60 no 1.98 yes 2.61 no no 
56 2 11.17 no 11.82 yes 2.05 yes no 
57 2 13.70 no 1.00 yes 2.60 no yes 
58 2 15.23 no 1.50 yes 3.06 yes yes 
59 2 10.40 no 0.60 no 2.21 no yes 
60 2 7.98 yes 1.01 no 1.37 no no 
61 2 9.95 yes 2.18 yes 2.97 no no 
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Table A.6: Intersection Geometric Data (Minor Roads) 
Intersection 

No. 
No. of 

approaches 
Avg. Approach 

Width (m) 
Channelizati

on 
Width of 

median (m) 
Median 
Barrier 

Width of 
footpath (m) 

Footopath 
Barrier 

Foot 
Overbridge 

1 1 6.70 no 0.90 no 1.70 no no 
2 1 14.25 no 1.58 yes 2.75 yes yes 
3 1 14.60 yes 0.40 yes 2.30 no no 
4 2 11.98 yes 1.68 yes 1.91 no no 
5 2 7.15 no 1.70 no 2.55 no no 
6 4 9.29 yes 1.10 yes 2.05 yes no 
7 2 7.60 no 1.70 yes 1.99 no no 
8 1 7.15 no 0.00 no 0.00 no no 
9 2 6.85 yes 1.00 yes 2.10 no no 
10 2 8.55 no 1.75 no 1.45 yes no 
11 2 11.76 yes 1.14 no 1.95 no no 
12 2 7.55 no 1.38 no 2.00 yes no 
13 2 10.05 yes 1.80 yes 2.55 no no 
14 1 11.00 yes 1.00 no 1.50 yes no 
15 1 8.70 no 1.80 yes 2.40 no no 
16 1 11.10 no 0.84 no 3.00 no no 
17 2 8.76 yes 1.40 yes 4.30 yes no 
18 2 9.70 yes 2.00 yes 2.10 yes no 
19 2 8.20 no 1.30 no 1.85 no no 
20 2 11.29 yes 1.30 no 2.25 no no 
21 1 8.18 yes 1.13 no 1.78 no no 
22 2 8.40 no 1.25 no 1.95 no no 



Page | 76  
 

Intersection 
No. 

No. of 
approaches 

Avg. Approach 
Width (m) 

Channelizati
on 

Width of 
median (m) 

Median 
Barrier 

Width of 
footpath (m) 

Footopath 
Barrier 

Foot 
Overbridge 

23 2 9.82 no 4.27 no 1.75 no no 
24 2 7.03 no 0.00 no 0.00 no no 
25 2 8.64 no 1.45 yes 1.63 no no 
26 2 8.50 no 1.00 no 1.60 no no 
27 2 8.98 no 1.10 no 1.60 no no 
28 1 12.32 no 0.81 no 1.65 yes no 
29 1 9.17 no 0.76 no 1.65 no no 
30 2 8.25 no 1.25 yes 1.50 no no 
31 1 7.57 no 0.51 no 1.57 no no 
32 1 12.50 no 0.50 yes 2.00 yes no 
33 2 12.05 yes 0.62 yes 1.93 yes yes 
34 2 6.48 yes 1.06 yes 2.50 no no 
35 2 11.50 yes 1.83 no 2.77 yes no 
36 1 7.85 yes 0.90 no 3.23 no no 
37 1 9.00 yes 1.00 no 2.00 no no 
38 2 9.37 yes 0.95 no 1.57 no no 
39 2 10.94 no 2.86 no 2.20 yes no 
40 2 8.60 no 1.70 no 2.00 yes no 
41 2 4.93 no 0.00 no 1.46 no no 
42 2 6.87 no 0.00 no 2.28 no no 
43 2 12.20 no 1.25 yes 2.45 no no 
44 1 7.80 yes 1.00 no 2.10 yes no 
45 2 7.85 no 1.00 no 2.35 no no 
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Intersection 
No. 

No. of 
approaches 

Avg. Approach 
Width (m) 

Channelizati
on 

Width of 
median (m) 

Median 
Barrier 

Width of 
footpath (m) 

Footopath 
Barrier 

Foot 
Overbridge 

46 2 10.20 yes 1.25 yes 2.20 no yes 
47 1 12.20 yes 1.70 yes 1.80 no no 
48 2 8.30 yes 1.20 yes 1.50 yes no 
49 2 11.86 yes 2.37 yes 1.81 yes no 
50 1 14.12 yes 0.00 no 3.00 yes no 
51 2 8.30 yes 1.25 no 1.55 yes yes 
52 1 7.50 yes 2.20 yes 2.00 yes no 
53 2 6.10 no 0.56 no 2.03 no no 
54 1 6.50 no 0.50 yes 1.60 no no 
55 1 13.16 yes 9.96 yes 3.46 no no 
56 1 9.40 no 1.50 no 1.50 no no 
57 1 3.80 no 1.10 no 2.20 no no 
58 2 6.84 yes 0.50 yes 1.75 yes no 
59 1 5.68 no 0.10 no 0.41 no no 
60 2 11.37 yes 2.21 yes 1.77 no no 
61 2 7.43 yes 1.81 no 2.70 no no 
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Table A.7: Intersection Non-Geometric Data (Major Roads) 
Intersection 

No. 
No. of 

approaches 
Bus passenger 

activity 
On street 
parking 

Market 
nearby 

Hospital 
nearby 

School/Colle
ge nearby 

Hawkers on 
footpath Slum nearby 

1 2 high yes yes no no yes no 
2 2 high yes yes yes no yes no 
3 2 high yes yes no no yes no 
4 2 high yes no no no no no 
5 3 low no yes no yes yes yes 
6 2 high yes yes yes yes yes no 
7 2 high no no no no yes no 
8 2 high no no no yes no no 
9 2 high yes yes no no yes no 
10 2 high no yes no no yes no 
11 2 high yes yes no yes yes no 
12 2 high yes no no yes yes no 
13 2 low yes no no yes no no 
14 2 low no no yes no no no 
15 2 high yes yes no no yes no 
16 2 high no yes yes yes no yes 
17 2 high no no no no no no 
18 2 high no yes no no no no 
19 2 high no yes no no yes no 
20 2 high no yes yes no yes no 
21 2 high no yes no no yes no 
22 2 high yes yes no no yes yes 
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Intersection 
No. 

No. of 
approaches 

Bus passenger 
activity 

On street 
parking 

Market 
nearby 

Hospital 
nearby 

School/Colle
ge nearby 

Hawkers on 
footpath Slum nearby 

23 2 high yes yes no no yes no 
24 2 high no yes no no yes no 
25 2 high yes yes no no yes no 
26 2 high no yes no no yes no 
27 2 high yes yes no no yes no 
28 1 high no yes no no no no 
29 2 high no yes no no yes no 
30 2 high yes yes no no yes yes 
31 2 low no no no no no no 
32 2 high no yes no no no no 
33 2 high yes yes no no yes no 
34 2 high yes yes no no yes no 
35 2 high yes yes no no yes no 
36 2 high no yes yes yes yes no 
37 2 high no yes no no yes no 
38 2 high yes yes no no yes no 
39 2 high no yes no no yes no 
40 2 high no yes no no yes no 
41 2 high yes yes no no no no 
42 2 high yes yes yes no yes no 
43 2 high yes yes no no yes no 
44 2 high no no no no no no 
45 2 high no no no no no no 



Page | 80  
 

Intersection 
No. 

No. of 
approaches 

Bus passenger 
activity 

On street 
parking 

Market 
nearby 

Hospital 
nearby 

School/Colle
ge nearby 

Hawkers on 
footpath Slum nearby 

46 2 high no yes yes no yes no 
47 2 high no yes no no no no 
48 2 high no yes no no yes no 
49 2 high no yes no no yes no 
50 2 high no yes yes yes yes no 
51 2 high yes yes yes no yes no 
52 2 low yes no no no yes no 
53 2 low no no no no no yes 
54 2 high no yes no no no no 
55 2 high no yes no no yes no 
56 2 high no yes no no no no 
57 2 high no yes no no yes no 
58 2 high no yes no no yes no 
59 2 high yes yes no yes yes no 
60 2 high no yes yes no no no 
61 2 high yes yes no no yes no 
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Table A.8: Intersection Non-Geometric Data (Minor Roads) 
Intersection 

No. 
No. of 

approaches 
Bus passenger 

activity 
On street 
parking 

Market 
nearby 

Mosque 
nearby 

School/Colle
ge nearby 

Hawkers on 
footpath Slum nearby 

1 1 high no yes no no no no 
2 1 high no yes yes no yes no 
3 1 high yes no yes no yes no 
4 2 high yes yes no no no no 
5 2 low or nil yes yes no yes yes yes 
6 4 high yes yes yes yes yes no 
7 2 high yes yes no no yes no 
8 1 low or nil no no no no no no 
9 2 low or nil yes yes no no yes no 
10 2 low or nil yes yes no no yes no 
11 2 low or nil yes yes no yes yes yes 
12 2 high no no no yes yes no 
13 2 low or nil yes no no yes no no 
14 1 low or nil no no yes no no no 
15 1 high no yes no no yes no 
16 1 high no yes no yes yes no 
17 2 high no no no no no no 
18 2 high no yes no no no yes 
19 2 low or nil no no no yes yes no 
20 2 low or nil yes yes yes yes no no 
21 1 high yes yes no no yes yes 
22 2 high yes yes yes no yes no 
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Intersection 
No. 

No. of 
approaches 

Bus passenger 
activity 

On street 
parking 

Market 
nearby 

Mosque 
nearby 

School/Colle
ge nearby 

Hawkers on 
footpath Slum nearby 

23 2 high yes yes no no yes no 
24 2 low or nil yes yes no no yes yes 
25 2 high yes yes no no yes no 
26 2 high no yes no no yes no 
27 2 high yes yes no yes yes no 
28 1 high no yes no no yes no 
29 1 low or nil no no no no no no 
30 2 low or nil yes no no no yes no 
31 1 low or nil no no no no no no 
32 1 low or nil no no no no no no 
33 2 high no yes no no yes no 
34 2 high yes yes no no yes no 
35 2 high no yes yes no yes no 
36 1 high yes yes yes yes yes no 
37 1 high yes yes no no yes no 
38 2 high no yes yes yes yes no 
39 2 high yes yes no no yes no 
40 2 high yes yes no no yes no 
41 2 low or nil no yes no yes no no 
42 2 low or nil no yes yes yes no no 
43 2 high yes yes no no yes no 
44 1 low or nil no no no no no no 
45 2 high yes no no no no no 
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Intersection 
No. 

No. of 
approaches 

Bus passenger 
activity 

On street 
parking 

Market 
nearby 

Mosque 
nearby 

School/Colle
ge nearby 

Hawkers on 
footpath Slum nearby 

46 2 high yes yes yes no yes no 
47 1 high no no no no no no 
48 2 low or nil yes yes no no yes no 
49 2 high no yes no no yes no 
50 1 high no yes yes no no no 
51 2 high no yes yes no yes no 
52 1 low or nil yes yes no no no no 
53 2 low or nil no no no no yes no 
54 1 low or nil yes yes no no no no 
55 1 high yes yes no no yes no 
56 1 high yes yes no no yes no 
57 1 low or nil no yes no no no no 
58 2 high no yes no yes yes no 
59 1 low or nil yes yes no no yes no 
60 2 high no yes yes no no no 
61 2 high no yes no no yes no 
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Figure A.1: Sample Crash Report Form (Page-01) 
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Figure A.2: Sample Crash Report Form (Page-02) 
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Table B.1: Total Prioritized List of Intersection in Dhaka City 

Ranking 

Based on Total Crashes Based on Severe Crashes Based on Minor and PDO Crashes 

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

1 50 Farmgate 16.71 50 Farmgate 11.66 49 Hotel Sonargaon 5.47 

2 49 Hotel 
Sonargaon 15.25 3 Darussalam 

(TTC) 10.53 57 Chairman Bari 4.13 

3 58 Kakoli 14.99 57 Chairman Bari 9.29 50 Farmgate 3.62 

4 57 Chairman Bari 14.75 58 Kakoli 9.13 58 Kakoli 3.53 

5 3 Darussalam 
(TTC) 14.53 49 Hotel 

Sonargaon 8.46 31 Infront of Prime 
Minister Office. 2.82 

6 4 Agargaon 10.49 4 Agargaon 8.11 18 Bijoy Sarani 
(Rangs) 2.81 

7 21 Malibag Rail 
Gate 10.24 24 Bangshal Road 8.07 39 Zero Point 2.76 

8 17 Bijoy Sarani 
(Aeroplane) 9.36 17 Bijoy Sarani 

(Aeroplane) 7.13 17 Bijoy Sarani 
(Aeroplane) 2.50 

9 24 Bangshal Road 9.23 7 Khamar Bari 7.10 45 Matshaw 
Bhaban 2.36 

10 31 Infront of Prime 
Minister Office. 9.21 21 Malibag Rail 

Gate 6.90 60 Gulshan- 2 2.35 
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Ranking 

Based on Total Crashes Based on Severe Crashes Based on Minor and PDO Crashes 

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

11 7 Khamar Bari 8.63 35 Shapla Chattar 6.72 32 Jahangir Gate. 2.30 

12 39 Zero Point 8.49 46 Shahbagh 6.55 14 Kakrail Mosque 2.27 

13 35 Shapla Chattar 8.11 38 Kakrail 
(Rajmoni) 6.54 48 Bangla motor 2.20 

14 46 Shahbagh 7.92 31 
Infront of 

Prime Minister 
Office. 

6.42 8 Parliament 2.11 

15 33 Natun Bazar 7.70 54 Nabisco 6.19 55 Mohakhali Rail 
Crossing 2.11 

16 14 Kakrail Mosque 7.69 48 Bangla motor 6.08 7 Khamar Bari 2.03 

17 48 Bangla motor 7.39 47 Hotel Sheraton 5.88 47 Hotel Sheraton 1.97 

18 38 Kakrail 
(Rajmoni) 7.29 14 Kakrail 

Mosque 5.80 5 Palashi 1.96 

19 40 Fakirapul 7.17 53 Tejgaon Rangs 
Link Road 5.77 21 Malibag Rail 

Gate 1.91 

20 47 Hotel Sheraton 7.15 20 Shanti Nagar 
Intersection 5.70 53 Tejgaon Rangs 

Link Road 1.90 

21 53 Tejgaon Rangs 
Link Road 7.06 33 Natun Bazar 5.60 20 Shanti Nagar 

Intersection 1.78 
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Ranking 

Based on Total Crashes Based on Severe Crashes Based on Minor and PDO Crashes 

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

22 54 Nabisco 6.92 36 Malibagh 5.48 40 Fakirapul 1.77 

23 20 Shanti Nagar 
Intersection 6.90 40 Fakirapul 5.34 3 Darussalam 

(TTC) 1.66 

24 45 Matshaw 
Bhaban 6.81 56 Mohakhali-

Amtoli 5.13 10 Katabone 1.59 

25 18 Bijoy Sarani 
(Rangs) 6.80 44 Kadam Chattar 5.10 19 Rajarbagh 

Intersection 1.59 

26 15 Bijoy Nagar 6.78 18 Bijoy Sarani 
(Rangs) 5.02 46 Shahbagh 1.54 

27 36 Malibagh 6.63 39 Zero Point 4.87 4 Agargaon 1.52 

28 60 Gulshan- 2 6.52 22 Golapshah 
Mazar 4.78 13 Curzon Hall 1.48 

29 32 Jahangir Gate. 6.38 32 Jahangir Gate. 4.66 15 Bijoy Nagar 1.48 

30 8 Parliament 6.22 43 Topkhana 4.65 44 Kadam Chattar 1.40 

31 61 Gulshan- 1 5.86 52 Tongi 
Diversion 4.63 54 Nabisco 1.40 

32 56 Mohakhali-
Amtoli 5.72 59 Basundhara 4.59 6 Science Lab. 1.33 
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Ranking 

Based on Total Crashes Based on Severe Crashes Based on Minor and PDO Crashes 

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

33 43 Topkhana 5.67 8 Parliament 4.53 37 Mouchak 1.33 

34 51 Mogbazar 5.64 45 Matshaw 
Bhaban 4.49 24 Bangshal Road 1.24 

35 44 Kadam Chattar 5.60 6 Science Lab. 4.28 29 Kamalapur 
Container 1.21 

36 22 Golapshah 
Mazar 5.33 51 Mogbazar 4.24 36 Malibagh 1.13 

37 55 Mohakhali Rail 
Crossing 5.31 15 Bijoy Nagar 4.21 61 Gulshan- 1 1.07 

38 6 Science Lab. 5.15 19 Rajarbagh 
Intersection 4.19 51 Mogbazar 1.06 

39 59 Basundhara 5.10 61 Gulshan- 1 3.97 56 Mohakhali-
Amtoli 1.02 

40 52 Tongi 
Diversion 5.07 60 Gulshan- 2 3.82 52 Tongi Diversion 0.99 

41 34 Gulistan Square 4.73 13 Curzon Hall 3.80 16 Peerjongi Mazar 0.99 

42 13 Curzon Hall 4.68 42 Dhanmondi 
Road 6 3.76 26 Dholikhal 0.99 

43 37 Mouchak 4.54 12 Azimpur 3.70 28 Ittefaq 0.89 
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Ranking 

Based on Total Crashes Based on Severe Crashes Based on Minor and PDO Crashes 

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

Intersection 

No. 

Intersection 

Name 

Expected 

Crashes, 

iEB  

44 12 Azimpur 4.53 37 Mouchak 3.70 12 Azimpur 0.87 

45 19 Rajarbagh 
Intersection 4.43 26 Dholikhal 3.62 9 Bata crossing 0.84 

46 5 Palashi 4.39 5 Palashi 3.57 38 Kakrail 
(Rajmoni) 0.82 

47 23 Zahir Raihan 4.32 23 Zahir Raihan 3.56 33 Natun Bazar 0.81 

48 42 Dhanmondi 
Road 6 4.01 34 Gulistan 

Square 3.53 11 New Market 0.73 

49 26 Dholikhal 3.86 25 English Road 3.52 35 Shapla Chattar 0.71 

50 25 English Road 3.79 28 Ittefaq 3.51 42 Dhanmondi 
Road 6 0.71 

51 30 Kamalapur 
Railway Station 3.76 30 

Kamalapur 
Railway 
Station 

3.48 59 Basundhara 0.70 

52 28 Ittefaq 3.74 29 Kamalapur 
Container 3.30 43 Topkhana 0.67 

53 29 Kamalapur 
Container 3.44 55 Mohakhali Rail 

Crossing 3.29 41 Dhanmondi 
Road 10 0.66 

54 1 Mirpur Mazar 
Road 3.14 10 Katabone 3.05 2 Mirpur-1 0.65 
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Ranking 
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iEB  
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No. 

Intersection 
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Crashes, 

iEB  

55 10 Katabone 3.05 1 Mirpur Mazar 
Road 2.97 34 Gulistan Square 0.62 

56 11 New Market 2.97 11 New Market 2.86 25 English Road 0.57 

57 2 Mirpur-1 2.88 2 Mirpur-1 2.83 30 Kamalapur 
Railway Station 0.57 

58 41 Dhanmondi 
Road 10 2.88 41 Dhanmondi 

Road 10 2.77 23 Zahir Raihan 0.53 

59 27 Sadarghat Road 2.54 9 Bata crossing 2.50 22 Golapshah 
Mazar 0.51 

60 9 Bata crossing 2.53 27 Sadarghat 
Road 2.47 1 Mirpur Mazar 

Road 0.50 

61 16 Peerjongi 
Mazar 2.27 16 Peerjongi 

Mazar 1.96 27 Sadarghat Road 0.45 

 

 

 


