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EXECUTIVE SUMMARY 

Vehicle crashes at signalized intersections have long been of utmost concern to the 

transport authorities. Some researchers have developed crash prediction models 

(CPMs) for roundabouts in Queensland to establish the relationship among crashes, 

geometric parameters, and traffic conditions. However, to date, no CPM has been 

developed for the signalized intersections in Queensland. In this dissertation, two 

CPMs for signalized T-intersections in Queensland, Australia are developed: a CPM 

at intersection level and a CPM at approach level. The proposed models can be used 

for better control/organization of the traffic and design intersection geometry/layout.  

After the introduction to the dissertation and overview of the relevant 

research, a geographic information system (GIS)-based spatial database is 

established in Chapter 3 to visualize the crash records in south-east Queensland. 

Further, a crash assignment model is developed to assign crashes at signalized T-

intersections to distinct approaches on the basis of the GIS-based spatial database. In 

Chapter 4, a CPM at intersection level is developed to predict the crashes at 

intersections, given the geometric parameters and traffic conditions. It should be 

pointed out that the number of lanes, merging angle, and existence of slip lanes are 

found to be significantly related to crashes. By validating the results based on the 

crash record, the proposed model at intersection level could deliver an acceptable 

prediction (with R
2
 of 0.56). In Chapter 5, a CPM model at approach level is 

established to better predict the crashes at intersections. By using the crash 

assignment model proposed in Chapter 3, the crash records are assigned to various 

approaches at T-intersections. For each approach, a generalized linear regression 

model is developed to establish the relationship between the crash records associated 

with this particular approach and the crash contributing factors. Further, a study is 

carried out to compare the performances of the two proposed models (CPM at 

intersection level and CPM at approach level). The results show that, compared to 

the CPM at intersection level, the performance of the CPM at approach level is much 

better for signalized T-intersections in Queensland (R
2
 = 0.80, 0.78, and 0.64 for the 

three approaches, respectively). Chapter 6 concludes this dissertation and provides 

recommendations for future study.  
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1 INTRODUCTION 

1.1 Background 

Traffic safety has been one of the world’s largest public health problems, especially 

in the sense that the victims are overwhelmingly healthy prior to the crashes (Qi et al., 

2007; Meng and Qu, 2012a). A crash prediction model (CPM) exploring the 

relationship between crashes and their contributing factors is of great importance for 

transport authorities to improve traffic safety: on the one hand, a CPM model could 

be utilized to analyse the safety effects of road policies and their relationship with 

crash contributing factors; on the other hand, a CPM model can help road designers 

and transport planners to come up with the best possible road design alternatives. 

Based on the comprehensive crash database, a CPM model could be developed to 

estimate or predict future crash frequencies by relating past crash data with the 

geometric configuration of a road site using statistical regression techniques. CPMs 

can estimate the frequency of future crashes at a location for a given geometry of the 

road (e.g. signalized/unsignalized T-intersection/cross intersection, homogeneous 

roadway segment, etc.). CPMs have been developed for roundabouts (1994) and 

unsignalized intersections (2003) in Queensland by Arndt and he emphasized the 

need to explore other types of intersections. However, to date, no CPM has been 

developed for signalized intersections in Queensland. Accordingly, in this 

dissertation, we will fill this gap by developing a CPM for signalized T-intersections 

in Queensland.  

A T-intersection is formed when a minor road connects to another road, 

usually a major road. Generally a perfect “T” shape is formed, but depending upon 

the terrain and location, the “T” may be slightly distorted. T-intersections are quite a 

popular form of intersection in Queensland. T-intersections with higher traffic 

volumes are often signalized. A T-intersection, unlike a roundabout, does not slow 

the traffic flow on the main road, and a T-intersection can be risky due to relatively 

high vehicle speeds compared to those at roundabouts. The vehicle turning left from 

the minor road needs to make a wait-or-merge decision (for intersections with a slip 

lane). Similarly, a vehicle turning right into the minor road might need to assess 

whether a gap is acceptable in the opposite traffic flow (if the opposing straight flow 
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and right-turn flow are in the same signal phase). For these reasons, it is necessary to 

develop a distinct CPM model for signalized T-intersections.  

The generalized linear regression model (GLM) is a widely used regression 

technique used to model crash count as a dependent variable and geometric features 

(e.g. lane width, presence of median, etc.) and traffic conditions as independent 

variables. The CPMs thus can be used by transport planners and road designers to 

initiate safe road facilities and/or upgrade an existing road facility.  

 

1.2 Research justification 

It is always the aim of state and federal governments to reduce the number of 

crashes. Designing safer roadway features and upgrading existing roadway features 

to safer ones can be facilitated by a well-developed CPM, which may help the road 

planners to optimally allocate the limited budget. Indeed, a CPM can be used to gain 

an insight into the expected number of crashes for a type of roadway facility, given 

the road geometry. CPMs for Queensland road conditions have been developed for 

roundabouts and unsignalized intersections. However, no CPMs have been 

developed for other roadway facilities such as signalized intersections, cross 

intersections only and T-intersections only. Thus, there is a need to research other 

types of road facilities to gain better insight into the relation between road geometric 

parameters and crash frequency in Queensland. 

 

1.3 Research questions and objectives 

To address the need to develop CPMs for Queensland road conditions, the following 

research questions need to be answered: 

Research Question 1: Which type of road facility has the maximum crash 

frequency? 

Research Question 2: What are the most significant independent variables 

(road geometry) that could influence road crashes?  

Research Question 3: What would be the values of the parameter for the best 

crash prediction model?  

The details of the research questions will be discussed in Chapter 2. In order 

to answer these research questions, the following research objectives have been 

developed: 
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1) Conducting a literature review to gain knowledge on the different types of 

roadway facilities and the geometric factors that influence their crash 

frequency.  

2) Acquiring and preparing basic statistical data on the crash frequency from the 

Queensland road crash database. 

3) Developing a database of crash locations with yearly crash frequency and the 

corresponding geometric features. 

4) Exploring the relationship between the dependent variable (crash frequency) 

and independent variables (e.g. lane width, presence of median, etc.). 

5) Using generalized linear modelling techniques to develop crash prediction 

models. 

 

1.4 Research scope 

The research scope is as follows: 

1) The research is limited to data obtained from the Queensland crash database 

maintained by the Department of Transport and Main Roads (DTMR). 

2) The intersection type is signalized T-intersections. 

3) Vehicle type is not taken into account. 

4) The research is focused on the relation between road geometry and crash 

frequency. Other factors such as environmental or human factors that may have an 

effect on a crash will not be explored. 

 

1.5 Organization of the thesis 

The first chapter is the introduction to the research topic. The background provides 

information about the report in brief. The research justification gives an idea as to 

why the research is being carried out. Research questions are formulated based on 

the research topic, and objectives to provide answers to the questions are devised. A 

glimpse of the research approach is provided along with the scope of the research.  

A review of relevant literature is provided in the second chapter. This 

includes the background to motor vehicle crashes, some information on past research 

on CPMs, relevant statistical regression analysis methods and information about the 

results of past studies on geometric factors contributing to road crashes.  
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Chapter 3 deals with the compiling of the databases and the use of GIS for 

this research. It describes the steps carried out to prepare each of the databases. The 

role of GIS in compiling a number of databases and then storing and retrieving 

information as required is also discussed. The chapter also describes how and why 

GIS was used for data analysis and how useful it was for the purpose. 

Chapter 4 briefly describes the crash occurrence process, the methodology 

used for analysis in this study and the intersection level crash prediction model. The 

process used for the analysis and the results are explained. The significant 

independent variables and their contribution to crashes are discussed. 

Chapter 5 explains about the analysis undertaken at the approach level of the 

road entity to develop a CPM. The chapter describes the analysis process for the 

different approaches. The results obtained for the different approaches are provided 

along with a discussion on the significant independent variables.  

The last chapter summarizes the content of the whole report. It describes the 

implication and contribution of the prediction model in the context of the existing 

literature. The chapter also points out the limitations faced in the analysis due to 

limitation in the availability of data. Extension of the research or future work that 

could be done on the availability of more data is also discussed.  
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2 LITERATURE REVIEW 

2.1 Introduction 

This chapter is a review of the existing research with regard to the research topic. It 

begins with a basic introduction to motor vehicle crashes and is followed by a review 

of the various studies that have been carried out in crash analysis. It then presents 

representative crash prediction models that have been developed and their 

contributing geometric factors. Justification for the research is then provided with 

respect to all the information given above, followed by the conclusion to the chapter. 

 

2.2 Motor vehicle crashes 

Since the first vehicle was invented by Benz in 1888, we have come a long way in 

transportation. Motor vehicles also play an essential role in modern society. 

However, along with the development of motor vehicles, we are now facing the new 

challenge of reducing the number of motor vehicle crashes.  

A motor vehicle crash happens when there is contact between a vehicle and 

another vehicle, pedestrian, animal, road debris or other stationary obstruction, such 

as a tree or utility pole, which may lead to injury, death or only property damage. 

The World Health Organization has predicted that road crashes will become the fifth 

leading cause of death worldwide by 2030. It is estimated that 1.3 million people die 

annually and about half a billion are injured in motor vehicle crashes (WHO, 2009). 

The importance of road crashes was further highlighted by the establishment, in 

1988, of the International Road Traffic and Crash Database (IRTAD) by the Road 

Transport Research Programme of the Organization for Economic Development and 

Cooperation (OECD), whose aim was to build and maintain a quality database to 

contribute to international cooperation on road crash data and analysis. IRTAD 

consists of 52 member countries. IRTAD data consist of the total number of 

fatalities, casualties and injuries. IRTAD does not, however, have information on the 

number of crashes (IRTAD, 2013).  

The International Transport Forum (ITF) at the OECD has released its Road 

Safety Annual Report 2013, highlighting the world fatality scenarios for its member 

countries. Data on years 1970, 1980, 1990, 2000, 2010 and 2011 are provided. World 

road fatality per 100,000 population in 2011 is shown in Figure 2-1. According to 
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Figure 2-1, the United Kingdom has the fewest and South Africa has the most 

fatalities per 100,000 people, with Australia falling within the lower one-third in the 

ranking. Australia has 5.6 fatalities per 100,000 population (2011) and 5.6 fatalities 

per billion VKT (2011) and ranks 10
th

 (among those having data) in the list of 33 

countries (IRTAD, 2013). 

 

 

a = accession country. data under review 

d = observer. data not reviewed by IRTAD 

* Information provided by CFPV not validated by the government of Colombia 

** For the Netherlands: real numbers 2000 onwards 

Figure 2-1 World road fatality scenario 2011 (source: IRTAD, 2013) 

 

2.2.1 The crash problem 

The social cost of road crashes in Australia in 2006 was estimated to be $17.85 

billion, which amounted to 1.7% of GDP (BITRE, 2009). In addition to the costs, 

crashes have a huge impact on society. It is not only a tragic death due to a crash that 

inflicts pain on family members and the community. There are also others who have 

to suffer the impact of a close friend/relative with different levels of injury severity.  

Australian road fatality records date back to 1925. Over 180,000 have lost 

their lives since then. Although the population and the number of registered motor 
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vehicles have gone up, the annual death toll has decreased quite significantly over 

the last four decades, from 3,798 deaths/year in 1970 down to 1,300 deaths/year in 

2011. This decreasing trend coincides with various countermeasures taken by the 

road safety authorities, for example, the introduction of the seat belt law, the child 

seat law, and treatment of crash sites, which could have played a crucial part in the 

reduction. There is, however, not much change in the trend for the last few years. 

In Australia, at the national level, the Department of Infrastructure and 

Transport provides evidence-based advice on a range of road safety issues, 

contributing to the development of informed road safety policies. It also coordinates 

a number of national stakeholder bodies and events, including the biennial 

Indigenous Road Safety Forum. The Bureau of Infrastructure, Transport and 

Regional Economics (BITRE), under the Department of Infrastructure and Transport, 

collects and analyses transportation data. The focus is on fatality. The total number 

of fatal crashes is available on its website. The total number of crashes, however, is 

not provided on the website. Tables 2-1 and 2-2 shed some light on the present state 

of the crash problem in Queensland as well as in Australia (BITRE, 2013). 

Queensland ranks third among the states in terms of crash frequency (crash/year). 

There is a decreasing trend in the crash frequency but the absolute number of crashes 

is still significantly high.  

Table 2-1 State-wide fatalities in Australia from 2005 to 2012 

Year NSW VIC QLD SA WA TAS NT ACT Australia 

2005 508 346 330 148 163 51 55 26 1627 

2006 496 337 335 117 200 55 46 13 1599 

2007 435 332 360 124 235 45 58 14 1603 

2008 374 303 328 99 205 39 75 14 1437 

2009 453 290 331 119 190 63 30 12 1488 

2010 405 288 249 118 193 31 49 19 1352 

2011 364 287 269 103 180 24 44 6 1277 

2012 370 279 279 94 185 33 48 12 1300 

Last per cent 

change 

1.6 -2.8 3.7 -8.7 2.8 37.5 9.1 100 1.8 

Average 

change per 

year (per cent) 

-2.4 -1.7 -5.2 -2.4 -2.6 -12.2 -5 -9.5 -3.5 
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Note: NSW –New South Wales, VIC-Victoria, QLD-Queensland, SA-South 

Australia, WA-Western Australia, TAS-Tasmania, NT-Northern Territory, 

ACT-Australian Capital Territory. 

 

Table 2-2 State-wide fatalities in Australia per 100,000 population from 2005 to 

2012 

Year NSW VIC QLD SA WA TAS NT ACT Australia 

2005 7.52 6.85 8.26 9.53 8.08 10.49 26.65 7.87 7.98 

2006 7.28 6.57 8.19 7.46 9.86 11.23 19.94 3.89 7.72 

2007 6.3 6.36 8.58 7.82 11.12 9.12 27 4.1 7.61 

2008 5.33 5.69 7.61 6.17 9.42 7.83 34.01 4.04 6.68 

2009 6.36 5.32 7.48 7.33 8.47 12.52 13.7 3.41 6.78 

2010 5.61 5.2 5.53 7.18 8.43 6.11 21.37 5.3 6.06 

2011 5.15 5.12 5.87 6.22 7.67 5.09 19.12 1.64 5.71 

2012 5.08 4.99 5.99 5.64 7.91 6.44 20.49 3.33 5.74 

 

The first national Road Safety Strategy (2001 to 2010) aimed to reduce the 

per capita rate of road deaths by 40%. The actual reduction was 34%. The important 

safety initiatives were: 

-  introduction of 50km/hr urban default speed limit, 

- introduction of 40km/hr and lower limits in higher-risk pedestrian and 

school areas, 

- tough drink-driving measures, 

- making mandatory 3-point seat belts, 

- stronger child restraint regulations, 

- graduated licensing systems (GLS),  

- introduction of roadside drug testing programmes, 

- continuous targeting of treatment of crash locations, 

- progress in infrastructure safety, 

- improved pedestrian and cyclist safety, 

- mandatory standards for Dynamic Side Impact and Occupant Protection 

and Offset Frontal Impact Occupant Protection for all new vehicles, 

- enhanced promotion of the benefits of vehicle safety, 
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- initiation of national fatigue management, compliance and enforcement, 

and speed reforms. 

The National Road Safety Strategy 2011-2020, based on the Safe System 

approach, aims to reduce the annual numbers of both deaths and serious injuries on 

Australian roads by at least 30%. The strategy acknowledges the fact that much has 

been done in human factor studies compared to studies on road design by stating that 

“Greater emphasis is now required on non-behavioural means of improving the 

safety of our road transport system”. In line with the National Road Safety Strategy 

2011-2020, the majority of crashes resulted from intersection crashes (32%), 

followed by run-off-road crashes (30%) and head-on crashes (8%). Remedies are 

based on crash history data. Australia’s annual road fatality rate decreased from 22.3 

deaths per 100,000 people to 5.7 in 2011. Compared with figures from 1980, the road 

fatality trend shows a sharp downwards tendency followed by slow recent 

reductions. 

Another initiative for studying motor vehicle crashes is by the Monash 

University Injury Research Centre (MUARC), which was established in 1987 in 

Victoria, with transportation safety being one of its research areas. The MUARC has 

produced numerous research findings, mostly related to human behaviour factors, the 

results of which have also been implemented by the federal government in bringing 

out the National Road Safety Strategy. However, the research so far has not been 

focused on road design and the role of geometry in predictive modelling.  

In Queensland, the Department of Transport and Main Roads is the 

organization responsible for design aspects of road safety. The department has a 

number of publications to educate the public on road safety, such as a drivers’ guide, 

motorcycle safety guide, Queensland road rules, rail safety, road safety, safety 

campaigns, school road safety and vehicle standards and modifications. The 

department also carries out design modifications on road infrastructure where serious 

or fatal crashes take place. Double demerit points are usually issued to traffic 

offenders during holiday seasons and long weekends.  

Nonetheless, the above measures are considered to be a “reactive” approach 

to traffic safety. The proactive approach is to design roads in such a way that a 

minimum number of crashes takes place (Qu et al., 2014; Jin et al., 2011). 
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2.2.2 Causes of road crashes 

Road crashes occur because one or more of the following three traffic system 

components fail to cope with the environment (Austroads, 2008): 

1. Human factor (primarily the driver’s behaviour), 

2. Vehicular factor, and 

3. Roadside environment (road geometry and natural environment). 

The human factor, mostly the person behind the wheel, plays a very 

important role in crashes. On the road, we can find drivers as young as 16 and as old 

as in their nineties. Young people, the middle-aged and seniors all have their own 

positive and negative points with respect to driving. Young people, because of their 

age, respond better and more quickly to changing traffic conditions but are more 

careless with respect to wearing seat belts and obeying general traffic rules. Older 

people, on the other hand, seem to adhere to traffic rules but are not as good as 

younger people in making a quick decision in the case of a changing traffic scenario. 

In order to make driving safer, relevant organizations have focused on many human 

factors, such as driver training, graduated licensing, mandatory seat belt laws, and 

drink-driving tolerance limits.  

The condition of a vehicle can also be a cause of a crash (Rechnitzer et. al 

2000). Whether a vehicle is old or new, the condition in which the vehicle is run 

plays an important part in safety as a motor vehicle is a combination of various 

mechanical and electrical components that may malfunction if not properly taken 

care of. Worn-out brakes, as well as low tread on tyres and other roadworthy issues, 

can make a difference in driving safely, even though the driver may be careful about 

traffic conditions.  

Another important factor that can cause an accident is the geometric design 

and natural environment of the road facility. Roads are not always straight and at 

perfect right angles to each other. The reason for this is that they have to be built 

according to the surrounding terrain and requirements at the location. Every 

government wants to build safe roads but there has to be a trade-off between the 

quantity of road facilities and the quality of each facility. Through a thorough 

understanding and proper design of roads, road crashes may be reduced. 

Environmental factors such as proper lighting and keeping vehicles in roadworthy 
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conditions may reduce road crashes while driver education and other driver 

awareness programmes may play a significant role in reducing crashes. 

 

2.3 Characteristics of crash data 

Crash data are discrete, non-negative integers and are random in nature. A particular 

site – an intersection, for example – may have had a crash just recently followed by 

another a few moments, days, weeks or years later. Another site may have a high 

number of crashes in a particular year, followed by no crashes the next year and then 

a few crashes the following year. Data on crashes, being rare events, have to be 

collected over a long duration and wide areas, so the characteristics of crash data 

differ from one set of data to another. Crash data characteristics play a crucial part in 

parameter estimation, which is an important part of crash data modelling. Various 

modelling techniques are available, each having their own advantages and 

disadvantages with respect to these characteristics. Some crash data characteristics 

that result in improper parameter estimation are overdispersion, underdispersion, 

time-varying explanatory variables, etc. (Lord and Mannering, 2010). 

 

2.4 Crash contributing factors 

Crash prediction models are basically regression equations between crash frequency 

as dependable variable and crash contributing factors as independent variables. As 

crashes are integers, count data models are used for crash data modelling. 

Generalized linear models (GLIMs), including Poisson, Poisson-gamma (also known 

as Negative Binomial (NB)), Zero-inflated Poisson (ZIP) and Zero-inflated Negative 

Binomial (ZINB), are the most popular regression models used in crash data analysis 

to find crash contributing factors (Greibe, 2003; Turner, 1995; Kim et al, 2005; 

Turner et. al 2006). Crash frequency (usually crashes per year) can be related to road 

design, road environment or human factors. This research is focused on road design 

(geometric) factors associated with crashes. CPMs can be made for two categories: 

intersection crashes and homogeneous segment crashes. They can also be combined 

to produce a CPM for a certain area.  

Researchers in different countries and different regions have used different 

sets of contributing factors for CPMs. The variety is mainly due to differences in 

driving culture, road rules, terrains and availability of data on the factors. Crash 



25 

 

contributing factors also depend on the type of crash that is being modelled. For 

example, factors affecting head-on crashes may be different to factors affecting rear-

end crashes. However, most studies have pointed out that the AADT (annual average 

daily traffic), different traffic volumes and VKT (vehicle kilometres travelled) are 

very influential in CPMs. Some of the other common contributing factors that have 

been found to be significant in a number of studies are as follows (Greibe, 2003; 

AASHTO, 2010). 

For road segment data: 

a. Traffic volume (motor vehicles, heavy vehicles and vulnerable road 

users) 

b. Length of road section 

c. Speed limit 

d. Presence of median/central island 

e. Median width 

f. Shoulder width 

g. Road width 

h. Number of lanes 

i. One/two-way traffic 

j. Speed-reducing measures 

k. Number of minor crossings/exits/side roads 

l. Cyclist facilities 

m. Footpath 

n. Parking facilities 

o. Bus stop 

p. Land use 

For Intersection data: 

a. Annual average daily traffic volume (AADT) 

b. Vehicle miles/kilometres travelled (VMT/VKT) 

c. Number of intersection legs 

d. Intersection skew angle 

e. Number/width of lanes 

f. Presence of left-turn/right-turn lanes 

g. Traffic island/median presence/type 
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h. Presence of lighting 

i. Bicycle facilities 

j. Signalized/non-signalized 

k. Intersection square area 

 

2.5 Crash prediction models 

The publication Highway Safety Manual, by the American State Highway and 

Transportation Officials (ASHTO), is a generalized approach to crash prediction. It 

has been prepared to assist in the prediction of crashes on certain types of roadway 

facilities in the USA. The manual provides a number of safety performance functions 

(SPFs) as basic equations (obtained by regression analysis of the roadway facilities), 

applicable for a particular type of road segment. Depending on the deviation from the 

base conditions for which the SPFs were obtained, the crash modification factors 

(CMFs) can be applied to the SPF to predict crashes for a particular roadway entity. 

A CMF is basically a ratio of two different conditions that are multiplied to an SPF 

to account for a change from a basic condition. CMFs are considered to be 

independent from one another and many CMFs may be multiplied to an SPF for a 

particular site depending upon its difference from a base site. The publication 

provides a safety performance function (SPF) for three types of roadway entities, 

which are basically equations that relate the expected number of crashes to the 

volume of the traffic flow.  

Regression is a very powerful statistical technique for predicting the relation 

between two or more variables. With the development of powerful computer 

software, regression models have become easier to calculate. This has developed the 

techniques further. Two basic regression approaches used in crash analysis are 

discussed in the following sections. 

 

2.5.1 Standard regression model 

Standard regression models, also known as linear regression models, are based on 

normal distribution and normality assumption. Before 1980, crash data were assumed 

to have normal distribution and CPMs were based on linear regression methods. 

Since a crash is always a discrete and non-negative number, the results of the linear 

regression models, which were sometimes negative or non-discrete, were difficult to 



27 

 

conceive. These techniques are rarely used for crash data analysis in the modern 

context. 

 

2.5.2 Count data models 

Crash data are random, non-negative and discrete integers. Count data models can 

better describe the relation between dependent and independent variables than 

standard regression models (Joshuwa and Garber, 1989). 

Poisson regression is the simplest form of count data model and belongs to 

the family of generalized linear models (GLMs). A count data model does not 

require the data to have normal distribution. Crash data can be described by Poisson 

distribution, which is used for modelling discrete data (Washington et. al, 2011). 

Poisson regression models have been used by many researchers to develop CPMs. 

Jovanis and Chang (1986) used Poisson regression to study truck accidents on 

highway segments. Jones et al. (1991) studied freeway accidents in Seattle using 

Poisson regression. Miaou (1997) used Poisson regression to develop a CPM to study 

vehicle roadside encroachment. Lord et al. (2005) studied Poisson regression along 

with other models to compare their advantages and disadvantages in modelling 

CPMs. Recently many other researchers have used various forms of Poisson 

regression in modelling accident data. Bauer et al. (2000) used Poisson regression to 

study intersection accidents in California. Wong et al. (2007) used Poisson and 

negative binomial regression to study intersection crashes in Hong Kong. A 

shortcoming of Poisson regression is that it does not account for overdispersion. This 

is because Poisson distribution assumes that the data have a mean equal to their 

variance. 

The negative binomial (or Poisson-gamma) regression method is similar to 

Poisson except for a modification that allows it to account for overdispersion. 

The negative binomial model, also known as the NB model, is popular because it is 

considered to be a replacement for the simple Poisson model but with correction for 

overdispersion. CPM researchers in the past have often started with Poisson and then 

jumped to NB models after finding overdispersion in data. Some researchers have 

used both models and compared their results. Some of the literature on NB models is 

by Kim et al. (2005), who developed a CPM for four-legged signalized intersections 

for Seoul. Chang (2005) compared the NB model with artificial neural networks for 
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crash prediction, Abdel-Aty et al. (2000) developed a CPM for road segments in 

Central Florida, and El-Basyouny et al. (2010) developed a CPM for intersections in 

Edmonton, Canada. Despite the popularity of the NB model, it cannot be used for 

data that are characterized by under dispersion.  

A general characteristic of crash data is the presence of a number of zeros. 

The number of zeros is due to some of the sites having zero crashes for the period of 

study. Zero-inflated Poisson and negative binomial regression models were 

introduced by Lambert in 1992. The concept of zero-inflated models is that they 

consider the data-generating process as two separate processes where one of the 

processes is supposed to generate only zero counts whereas the second process is 

supposed to follow the Poisson or NB process.  

ZIP and ZINB are also quite popular in CPMs due to a better statistical fit than 

in Poisson and NB models (Lee et al., 2002). Malyshkina et al. (2010) used ZINB to 

study accident data in highway segments in Indiana. Carson et al. (2001) used zero-

inflated models to study the effects of ice warning signs on the frequency and 

severity of ice accidents. Though very popular in the study of crash-related data, the 

disadvantage of zero-inflated models is that they cannot deal with data having a low 

sample mean and small sample size. Its stage of generating zero accidents has also 

been criticized by some literature, like that of Lord et al. (2007). 

 

2.6 Review of intersection crash prediction models in Australia and New 

Zealand 

There have been some applications of the relationship between crash prediction 

models and geometric variables in Australia and New Zealand. The first study using 

Queensland road crash data was conducted by Owen (1994) to find the relationship 

between crash rate and roundabout geometry. A vehicle path model and a single 

vehicle crash model were developed for roundabouts assuming data to be normally 

distributed, and another study by the sample group (Owen, 1998) assumed them to be 

Poisson distributed. The results showed that normal distribution is not applicable for 

crash data. In the later study on roundabouts using the same data, Owen divided the 

crashes into different types and for each crash found some relationship between crash 

rate and roundabout geometry. For all the models, traffic volume was found to be 

one of the most influential variables, with crashes increasing when traffic volume 
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increased. Five years later, Owen (2004) studied 206 unsignalized intersections in 

Queensland to develop a CPM for unsignalized intersections. The unsignalized 

intersections consisted of 143 T-intersections and 43 cross intersections. Crashes 

were divided into eight different types and a model was developed for each of them. 

The study found that crashes at unsignalized intersections increased with the increase 

in relative speed between vehicles, number of traffic streams, restrictions to visibility 

and the decrease in levels of perception of an intersection.  

Affum et al. (1996) used metropolitan Adelaide crash data to make a CPM 

for intersections. GIS was used to store data. The crash data were first separated as 

“All sites”, “CBD” and “Suburban”. Crashes were then divided into six different 

types and a model was developed for each of them using non-linear and multiple 

regression techniques. The total intersection crash model revealed that crashes were 

comparatively fewer in the CBD area and increased for intersections with more than 

four phases.  

Ogden et al. (1994) studied 76 signalized intersections in Melbourne, 

segregating the intersections in terms of crash frequency as high crash (15/76), 

normal crash (46/76) and low crash (15/76) sites. Traffic flow data and some road 

geometry data were collected and compared between the three different intersection 

types. It was concluded that traffic volume plays a less important role in crash 

frequency than other geometric variables, though no specific variables were 

identified.  

Turner (1995) used five-year New Zealand crash data to relate intersection 

crashes to different combinations of traffic volume using generalized linear models. 

The results showed that a cross product of the traffic volumes gave better predictions 

than a summation of the traffic volumes. Turner et al. (2006) made CPMs for 

priority-controlled rural intersections using New Zealand data and flow-only CPMs 

for high-speed signalized intersections using data from New Zealand and Australia 

(Melbourne). Poisson and negative binomial regression techniques were used for 

modelling. Individual models were fitted for different crash types. 

The New Zealand Transport Agency published a report on research titled 

“Crash prediction models for signalized intersections: signal phasing and geometry” 

in June 2012. Two hundred and thirty-eight signalized intersections from Melbourne, 

Australia and five cities in New Zealand were selected for the research. Data were 
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collected on intersection geometry variables and signal-related variables, in addition 

to crash and road-user volume. Crashes were divided into four types and a CPM for 

each of them was developed. 

 

2.7 Issues related to signalized intersections 

Intersections are bottlenecks in urban road networks. In order to reduce conflict 

points at an intersection a concept of Continuous Flow Intersection (CFI) was 

introduced in USA (Mier et. al, 1991). In a CFI (US pattern rights:5049000), right 

turning traffic (left turning in USA) crosses the intersection some distance before the 

intersection and stays on the shoulder end of the opposing traffic reducing the points 

of conflict at the intersection. Though a CFI is safer than a conventional intersection, 

it requires a large area for construction and cannot be considered for replacement in 

all areas. 

There have been quite a few studies on finding the relation between 

intersection crashes and road geometry in Australia. These studies have been 

conducted using data on certain specific regions, such as Adelaide metro region data, 

Melbourne area data, Queensland state data, etc (Owen, 1994, 1998, 2004; Affum et. 

al 1996). The models thus prepared seem to be fit for only the region they have been 

prepared for (Sawalha 2006b). Attempts to fit one region’s data into another region’s 

model have not shown good results (Affum et al., 1996).  

With respect to independent variables, each study has considered different 

forms of variables, which is one of the reasons the data from one study cannot be 

readily used to check with another study. Intersection crashes are diverse and depend 

on a number of factors. One type of crash may be more influenced by one of the 

factors whereas another type of crash may not be related at all to that factor. 

Accordingly, it would be logical to separate crashes into different types. However, 

doing so reduces the number of crashes per intersection for analysis. Many 

intersections may end up with zero crashes for a certain type of crash, which will 

have an impact on statistical analysis results.  

Intersection crashes can be analysed at different levels. The first level is to 

analyse at the intersection level where crashes are related to the overall geometry of 

the whole intersection. A disadvantage of this kind of analysis is that it may not 

reveal the effects of the different approaches at the intersection. The second level is 
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to analyse at the roadway level, assigning the crashes to a specific roadway, such as a 

major road or a minor road. The first issue here is the task of assigning the crashes to 

the roadways, which could be quite daunting. The third level is to analyse at the 

approach level by assigning each crash to a specific approach and then relating 

crashes at each approach to a number of geometric variables. Approach level crash 

analysis can give good results because the specific crash group is related only to the 

variables that could have a relation with them. However, the task of assigning the 

crashes to an approach is very sensitive because it may be difficult to ascertain the 

exact location of a crash at an intersection. It can be very helpful to have the 

geographical coordinates of a crash in order to assign them to a certain approach.  

Due to different driving conditions and practices, urban and rural crashes 

have often been analysed separately. However, a particular region/country may not 

have a clear demarcation as to which crash locations fall in an urban or rural area. In 

order to develop CPMs, the availability of a crash database and a road geometry 

database is vital. A road crash database for Queensland is already available in a 

standard format with geographic coordinates for the location of each crash. However, 

there is still no practice of maintaining a database for road geometry. This task of 

preparing a road geometry database is resource- (manpower and cost) intensive and 

is one of the reasons for this research having a limited number of data points. With 

respect to Queensland, CPMs for roundabouts and unsignalized intersections have 

been prepared. In order to find out the safety effects of signalized intersections there 

is an urgent need to develop CPMs for other types of intersections. 

 

2.8 Summary 

The purpose of this chapter was to provide background details on motor vehicle 

crashes and the problems associated with them. The world scenario on crashes, along 

with the Australian and Queensland scenario, was provided. Approaches to crash 

analysis, its contributing factors, and an overview of relevant existing crash 

prediction models including those built using Australian and New Zealand data were 

provided. The advantages and disadvantages of statistical methods used in CPMs, the 

different explanatory variables that have been used and the results of some models 

relevant to the study were described. 
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3 DATA COLLECTION, DATABASE DEVELOPMENT 

AND USE OF GIS 

3.1 Introduction 

This chapter provides an overview of the different databases used for this research 

and the use of GIS (Geographical Information System) during the process of data 

preparation, storage and analysis. The chapter starts with a brief description of each 

of the databases and how they were compiled. It then illustrates how GIS was used to 

gain more insight into the data and process it even further. 

 

3.2 Data requirements and data collection approaches 

3.2.1 Overview 

Almost half of the total road crashes in Queensland are associated with an 

intersection. Given the fact that the space covered by intersections is much less than 

that covered by the road networks, it becomes important to investigate the safety 

effects at an intersection. Intersections can be of various types but the most common 

are cross intersection and T-intersection. A T-intersection with three two-way arms is 

the simplest form of intersection. As the number of arms increases in an intersection, 

the more complex it becomes. 

Crash prediction models at intersections have been developed in many 

countries including many states in the USA, Denmark, the UK, Singapore, and Hong 

Kong. Some models are based on unsignalized cross and T-intersections while others 

are based on signalized cross and/or T-intersections. 

3.2.2 Nature of database required 

In order to develop crash prediction models for intersections, two databases are 

required. The first database is a “crash database”, which contains information on 

individual crashes. The data for this database are usually collected by the police and 

other emergency services attending a crash site. The data are often acquired by state 

or federal bodies and then compiled and stored for data analysis. 

The second database is an “intersection information database”, which 

contains information on individual intersections. This information is usually 

collected and stored by council and/or state departments responsible for roads and/or 

transport. 
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3.2.3 Data collection approaches 

The Department of Transport and Main Roads (DTMR), Queensland was contacted 

with a request for a “road crash database” and it was readily made available in “.csv” 

format. A file in “.csv” (comma separated values) format can be opened with MS 

Excel program. However, an “intersection database” could not be found and it was 

understood that it is not usual practice for the DTMR to maintain such a database. To 

compile the intersection database, two options were considered. The first option was 

to visit the technical section of the DTMR and note down the intersection geometry 

from the record of each intersection drawing that is maintained. The second option 

was to note down the intersection geometry as seen in the aerial image of Google 

Map and Google Earth. At this point of the research, intersections were still being 

identified. Therefore, in order to save time, the second option was chosen. The 

intersection database was compiled solely (in MS Excel format) with the help of 

aerial imagery from Google Map and Google Earth. 

The different types of database used and their collection are described in the 

following sections along with the use of GIS in data collection, refining, analysis and 

storage. 

3.3 Development of databases 

For the purpose of developing a crash prediction model for signalized T-

intersections, data were obtained separately on individual road crashes, intersection 

geometry, vehicle entry volume and intersection traffic control. A database for each 

of them was compiled, created and maintained in GIS format. 

3.3.1 Road crash database 

Data on individual crashes for the years 2005 to 2009 were obtained from the Data 

Analysis Unit of the DTMR. The data were initially collected by the police officers 

attending the crash site during the incident. There were in total 114,835 crashes 

within the period and these included crashes on the road networks as well as at the 

intersections. Each data point contains information on an individual crash, such as its 

location, time and DCA (Definitions for Coding Accidents) code. The full list of the 

data classification is provided in Appendix 9. The data was saved in MS Excel 

format. 

According to the DTMR, the following criteria apply to the data supplied: 
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1. Information held in the road crash database on events occurring within the 

last 12 months are considered preliminary as investigations into crashes 

can take up to one year to finalize 

2. To qualify as valid, crashes must meet the following criteria: 

a. the crash occurs on a public road, and 

b. a person is injured, or 

c. the value of the property damage is $2,500 to property other than 

vehicles (after 1 December 1999) 

3.3.2 Intersection geometry database 

Intersections were identified first of all, in GIS, using the information from the road 

crash database. Details of the identification process of the potential intersections are 

given in Section 4.3.3. A database of different geometric features of each intersection 

was then compiled using aerial imagery available from Google Earth and stored as 

MS Excel file. Each feature, such as the number and width of lanes, was manually 

identified and measured in Google Earth. Information on speed limits on state-

controlled roads in the metropolitan region in the Excel file format was obtained 

from the Road Safety, Registration and Licensing Division of the DTMR, 

Queensland. 

3.3.3 Intersection traffic volume database 

Traffic volume is one of the highly influential factors of a crash prediction model 

(Greibe, 2003). With this in mind, an attempt was made to find as much information 

on traffic volume as possible.  

Information on the number of vehicles (traffic volume) travelling through an 

intersection was obtained from the website “131940.qld.gov.au”, which is 

maintained by the Department of Transport and Main Roads, Queensland. The 

DTMR collects traffic volume information at different intersections or locations on 

the state-controlled roads as per department needs and requirements. The vehicle 

counts may be carried out manually by a person on a 12-hour cycle from morning to 

night (usually at an intersection) on any day of the year. They may also be collected 

through the automatic counters fixed at a location (usually at a road section). Large 

intersections have permanent counters installed; however, those data are not readily 

made available to the public. 
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All the available traffic volume information for the intersections within the 

SCRs in the metropolitan region was downloaded. Some intersections had the data of 

only one point in time whereas others had more. When more than one set of data 

were available at any intersection, they were combined and an average was used. The 

data was stored in MS Excel format. 

Traffic volume data were the main constraint to increasing the data points for 

the research. All identified T-intersections could not be included because they lacked 

such traffic volume data. If more intersections for SCRs in the metropolitan region 

had traffic volume data, more intersections could have been included. 

Traffic volume inflow from arms 1, 2 and 3 as in Figure 3-1 is represented by V1, V2 

and V3 respectively. 
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Figure 3-1 Three arms numbered in a Simple T-intersection 

3.3.4 Intersection traffic signal database 

Information on the number of phases per cycle at an intersection was obtained from 

the Road Safety Section, Safety and Regulations Division of the DTMR, 

Queensland. The data were obtained only for the final intersections and stored in MS 

Excel format. 



36 

 

3.3.5 Combined GIS database 

Traffic volume and traffic signal databases were uploaded and combined with the 

intersection geometry database in the geographic information system (GIS). This 

database was then connected with the road crash database as a “relational database”. 

A relational database in the GIS is a collection of independent databases sharing 

information among each other based on a (some) common field(s). The combined 

database used “intersection ID” as the common field. 

 

3.4 Descriptive analysis of T-intersection crash data 

A total of 672 crashes were identified at 41 T-intersections considered in this 

research. A descriptive analysis of the crash data was carried out to find any trends 

prevalent in the data. Crash data considered in this research are for the five-year 

period from January 2005 to December 2009. Hence, the average number of crashes 

is 16 per intersection over this entire period.  

The T-intersections considered in this research belong to state-controlled 

roads (SCRs) in the metropolitan region of the DTMR, Queensland. They are sealed 

and usually major roads connecting different suburbs and/or CBDs. A sealed road is 

properly constructed and topped with tar, concrete or bitumen. 

An initial analysis of the crash data, as shown in Table 3-1, revealed that the 

highest frequency of crashes resulted in injuries (455), followed by property damage 

(214) and fatalities (5). Injuries include hospitalization, medical treatment and minor 

injuries.  

Table 3-1 Crash severity at intersection level 

Severity at intersection level Crash frequency Crash frequency % 

Fatalities 5 1 

Injuries 455 67 

Property damage 214 32 

Total 674 100 

 

The proportion of crashes during wet road surface conditions is less than 20%, as 

shown in Table 3-2. 
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Table 3-2 Crashes based on road surface 

Road surface condition Crash frequency Crash frequency % 

Sealed – Dry 551 82 

Sealed – Wet 123 18 

Total 674 100 

 

As shown in Table 3-3, the majority of crashes during the five-year period 

took place during clear atmospheric conditions (580), with some crashes during rain 

(91) and very few related to smoke and dust (3). 

Table 3-3 Crashes based on atmospheric condition 

Atmospheric condition Crash frequency Crash frequency % 

Clear 580 86 

Raining 91 13.5 

Smoke/Dust 3 0.5 

Total 674 100 

 

Though most of the crashes seem to have taken place during daylight, 25% of 

the total crashes took place during night time and a considerable number of crashes 

during semi-daylight time (Table 3-4). 

Table 3-4 Crashes based on lighting condition 

Lighting condition at 

intersection level 

Crash 

frequency 

Crash 

frequency % 

Darkness – Lit 165 24.5 

Darkness – Unlit 4 0.6 

Dawn/Dusk 33 4.9 

Daylight 472 70 

Total 674 100 

 

Table 3-5 illustrates the frequency of crashes based on various Definitions for 

Coding Accidents (DCA). The table shows that DCA-301 (rear-end crash with 

vehicles in the same lane) is the most common type of crash, followed by DCA-202 

(through and right-turning vehicles from opposing directions) and DCA-302 (rear-

end with vehicle turning left in same lane). The details of the data presented in Table 

3-5 are provided in Appendix 6. The term “others combined” represents all the 

remaining DCA codes. 
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Table 3-5 Intersection crashes based on DCA codes 

Intersection crash DCA 

DCA code 
Crash 

frequency 

Crash frequency 

% 

301 199 29.5 

202 127 18.8 

302 70 10.4 

Others combined 278 41.3 

Total 674 100.0 

 

Descriptive analysis of the crash DCA group, as shown in Table 3-6, for the 

intersections considered in this research shows that DCA-30 (VEHICLES), 

representing vehicles from the same direction, had the highest number of crashes 

over the five-year period. This is followed by DCA-20 (VEHICLES), representing 

vehicles from opposing directions. DCA-70 (OFF PATH ON STRAIGHT), 

representing vehicles travelling on a straight path, has the third largest crash 

frequency followed by DCA-10 (INTERSECTION), representing vehicles from 

adjacent approaches. 

Table 3-6 Crash DCA group at intersection level 

DCA 

Group 

DCA Group Description Crash Crash % 

30 VEHICLES (from one direction) 344 51.0 

20 VEHICLES (from opposing direction) 144 21.4 

70 OFF PATH ON STRAIGHT 59 8.7 

10 
INTERSECTION (vehicles from 

adjacent approach) 
49 7.3 

80 OFF PATH ON CURVE 30 4.4 

00 PEDESTRIAN (on foot or in toy/pram) 21 3.1 

40 MANOEUVRING 17 2.5 

60 ON PATH 9 1.3 

90 PASSENGERS & MISCELLANEOUS 2 0.3 

50 OVERTAKING 0 0.0 

Total  674 100.0 

 

From the above descriptive analysis, it can be concluded that for the T-

intersections considered in this research, rear-end crashes are highly probable and 

most of the crashes concern vehicles travelling in the same direction. 
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3.5 Descriptive analysis of approach level data 

A total of 672 crashes at the T-intersections considered in this research were 

categorized into three approach types, namely type I, type II and type III crashes.  

Type I crashes are the crashes associated with arm I (major road arm on left while 

looking from minor road). Type II crashes are the crashes associated with arm II 

(minor road arm). Type III crashes are associated with major road arm III. Details on 

assigning crashes into the three types are given in section 3.8. Descriptive analysis of 

the crash frequency data at approach level (see Appendix 7: Approach level crash 

frequency per DCA code) shows that approach type III has the highest number of 

total crashes. Both arms of the major road have almost the same number of rear-end 

(DCA-301) crashes whereas the minor road has almost half the rear-end crashes. 

For approach type I (a major road approach), 40% of the crashes are from 

DCA-301 (same lane rear-end crashes) followed by 10% from DCA-703 (left off 

carriageway into object) crashes and 8% from DCA-303 (rear-end while turning 

right) crashes (Table 3-7). 

Table 3-7 Approach level crashes based on DCA codes 

Crash 

DCA 

Approach I 

Crash 

Frequency 

  
Crash 

DCA 

Approach II 

Crash 

Frequency 

  
Crash 

DCA 

Approach III 

Crash 

Frequency 

301 78 
 

302 58 
 

202 110 

703 18 
 

301 41 
 

301 80 

303 15 
 

104 20 
 

703 11 

OC* 84 
 

OC* 84 
 

OC* 75 

Total 195   Total 203   Total 276 

*OC – Others combined (remaining DCA codes combined) 

  

3.5.1 Data for type I crashes 

The data for type I crashes were collected by separating intersection crashes into 

three types as per the procedure presented later in Section 3.8. Type I crashes are the 

crashes associated with arm I (major road arm on left while looking from minor 

road). Out of 674 crashes across the 41 T-intersections considered for this research, 

195 crashes (29%) were considered as type I crashes. Table 3-8 presents the DCA 

group and frequency of crashes within type I crashes. As can be seen from the table, 
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most of the crashes are among vehicles travelling in the same direction. A further 

analysis revealed that most of these crashes were rear-end crashes (DC-301) (see 

Appendix 7). 

Table 3-8 Approach type I crashes in DCA groups 

Approach Type I 

DCA 

Group 
DCA Group Description 

Crash 

Frequency 

(%) Crash 

Frequency 

30 VEHICLES (from one direction) 110 56 

70 OFF PATH ON STRAIGHT 28 14 

10 
INTERSECTION (vehicles from 

adjacent approach) 
16 8 

80 OFF PATH ON CURVE 15 8 

20 VEHICLES (from opposing direction) 10 5 

0 PEDESTRIAN (on foot or in toy/pram) 9 5 

40 MANOEUVRING 4 2 

60 ON PATH 3 2 

        

Total   195 100 

 

3.5.2 Data for type II crashes 

The data for type II crashes were collected by separating intersection crashes into 

three types (as outlined in Section 3.8). Type II crashes are the crashes associated 

with arm II (minor road arm). Out of 674 crashes across the 41 T-intersections 

considered for this research, 203 crashes (30%) were considered as type II crashes.  

Table 3-9 Approach type II crashes in DCA groups 

Approach Type II  

DCA 

Group 
DCA Group Description 

Crash 

Frequency 

(%) Crash 

Frequency 

30 VEHICLES (from one direction) 127 62 

10 
INTERSECTION (vehicles from adjacent 

approach) 
26 

13 

20 VEHICLES (from opposing direction) 14 7 

70 OFF PATH ON STRAIGHT 12 6 

0 PEDESTRIAN (on foot or in toy/pram) 7 3.5 

40 MANOEUVRING 6 3 

80 OFF PATH ON CURVE 6 3 

60 ON PATH 4 2 

90 PASSENGERS & MISCELLANEOUS 1 0.5 

Total   203 100 
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The dominant nature of crashes based on the DCA group within type II 

crashes is of those involving vehicles travelling within the same direction, as can be 

seen from Table 3-9. In addition, the majority of DCA-30-type crashes are rear-end 

crashes (DC-301) (see Appendix 7). 

3.5.3 Data for type III crashes 

Similar to other types of crashes, type III crashes were segregated from the 

intersection crashes. This type of crash is associated with major road arm 3 (as 

shown in Figure 3-2). 

An analysis shows that the majority of the crashes are among vehicles travelling 

travelling from the opposing direction (see  

 

Table 3-10). Further analysis also shows that head-on crashes (DC-202) 

constitute a high number of crashes among the type III crashes (see Appendix 7). 
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Figure 3-2 Type I, II and III crash regions 
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Table 3-10 Approach type III crashes in DCA groups 

Approach Type III  

DCA 

Group 
DCA Group Description 

Crash 

Frequency 

(%) Crash 

Frequency 

20 VEHICLES (from opposing direction) 120 43 

30 VEHICLES (from one direction) 107 39 

70 OFF PATH ON STRAIGHT 19 7 

80 OFF PATH ON CURVE 9 3 

40 MANOEUVRING 7 3 

10 
INTERSECTION (vehicles from adjacent 

approach) 
6 

2 

0 PEDESTRIAN (on foot or in toy/pram) 5 2 

60 ON PATH 2 1 

90 PASSENGERS & MISCELLANEOUS 1 0 

Total   276 100 

 

3.6 Geographical information system database development 

3.6.1 Overview 

A geographical information system (GIS) is a modern piece of computer technology 

that can be used to create, investigate, analyse and store spatial data. A GIS is a 

collection of geographical maps and related data in digital format. The maps may be 

of the world, different countries or regions. Each map can have a number of layers of 

features or attributes that can be turned on or off as required. Digital maps of spatial 

data may be created and superimposed on the area’s map to analyse the data. 

ESRI (Environmental Systems Research Institute, Inc.) is a USA-based 

company pioneering in the production of GIS software. ESRI was founded in 1969 

and is very popular in the GIS world for customized GIS software in response to a 

company’s needs. ESRI’s GIS software “ArcGIS 10” has been used for this research. 

GIS is a versatile tool and has proved its usefulness in almost every field. At its 

simplest level, GIS can be used to display a pictorial view of crashes. Pictorial views 

make it easier to identify hotspots and other trends that may not be evident from 

looking at pages of data. A GIS can also be used to prepare GIS-based tools to 

analyse crash data. One such example is by Wellner (2011), who analysed crash data 
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in South Dakota, USA and prepared a GIS-based Highway Safety Review tool to 

identify high-risk crash locations in the state’s rural environment.  

Digital maps can be represented in different coordinate systems in a GIS. The 

coordinate system used for this research is as follows: 

 Geographic Coordinate System: GCS_GDA_1994 

 Datum: D_GDA_1994 

 Prime Meridian: Greenwich 

 Angular Unit: Degree 

3.6.2 Digital maps used for the research 

A GIS has to be loaded with digital maps before work can be performed. For the 

purpose of this research, the following digital maps were obtained from Spatial 

Information, Department of Environment and Resource Management (DERM), 

Queensland: 

1. Physical road networks, Queensland 

2. Regional Boundaries, Queensland 

The Queensland regional boundaries map consisted of five regions before the 

Department of Transport and Department of Main Roads were merged to form the 

DTMR. At present, the DTMR has 12 regions, hence the regional boundaries map 

was not used. Instead, a digital map showing state-controlled roads and 12 DTMR 

regional boundaries including the “Metropolitan Region” was obtained from the 

Brisbane office of the Metropolitan Region, Program Delivery Branch, DTMR, 

Queensland. 

3.6.3 Process of data digitization and building GIS database 

In total, 114,835 road crashes from January 2005 to December 2009 were digitized in 

a GIS using the X and Y coordinates provided in the road crash database. This gave a 

pictorial view of the spatial distribution of the crashes. 

The advantage of having the crash data in a GIS is that they can be analysed 

and visualized in a number of ways. For example, for the whole of Queensland, a 

map showing all crashes and maps showing crashes of different severities can be 

developed and compared, as can be seen in Figure 3-3. From the figure, we can see 

that crashes in Queensland are concentrated in the lower right corner of the map, 

which is the Brisbane “Metropolitan Region”. From the maps, it is evident that there 

are far fewer fatal crashes than other crashes. Figure 3-3 (B) shows that fatal crashes 
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are concentrated in and around Brisbane metropolitan region and the route (the 

Pacific Highway) leading towards the north. For injury and property damage crashes, 

both the maps are quite similar, indicating that there is not much difference in the 

location or density of these two severities. The same map can now be modified to 

show only the crashes for a particular region, such as the metropolitan region shown 

in Error! Reference source not found.. 
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Figure 3-3 GIS map of Queensland crashes of different severity 
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Figure 3-4 GIS map of crashes of different severity in metropolitan region 

Error! Reference source not found. shows that fatal crashes are more 

numerous around the Brisbane city area. It also shows that crashes are more 

prevalent along the western route out of the city. These maps can be further zoomed 

in to focus on specific areas. 
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 GIS maps can be easily modified to show crashes in different years within the 

same map. Different crash location patterns can also be observed at each intersection 

on the map. 

Using this versatile nature of GIS, digital layers of potential intersections for 

the north coast (2,305 intersections), south coast (370 intersections) and metropolitan 

(683 intersections) regions were prepared. Only “T-junction” crashes identified in the 

road crash database were considered for further analysis. Due to the large amount of 

data, it was decided to refine the list of intersections starting from the metropolitan 

region. Another reason to start from the metropolitan region was that it was assumed 

at this stage that related data for this region could be accessed more easily than for 

other regions. 

The road network in the metropolitan region is maintained by two authorities 

as follows: 

a. Council roads by Brisbane City Council (BCC);  

b. State-controlled roads (SCRs) by the DTMR, Queensland. 

After identifying 386 intersections out of the potential 4,225 as cross or T and as 

signalized or unsignalized for the BCC road network, the work was halted because 

the council confirmed that it would not be able to provide traffic volume-related data 

for the research. It was explained that a lot of work was required by the council to 

process the requested data and it did not have enough resources to meet the 

requirement. This work was not further processed; however, it can be updated in the 

future whenever the council is ready to provide the data. 

Therefore, only a digital map of state-controlled roads (SCRs) was acquired from 

the DTMR. A list of potential intersections for the SCRs in the metropolitan region 

where at least one crash had taken place was then created using the following 

procedures: 

1. A 50m buffer was created around SCRs within the metropolitan region.  

2. Crashes falling within the buffer zone were “clipped” and a new layer was 

formed. 

3. T-intersection crashes were then grouped according to their intersecting 

streets. 
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4. Duplicated names were deleted thus giving a list of intersections where at 

least one crash had taken place during the five-year period considered in this 

study. 

5. The GIS map layer containing crashes was converted into the Google Earth 

file format “.kml” (meaning “keyhole mark-up language”) and portrayed on 

Google Earth. This made it easier to understand the orientation of crashes at 

an intersection and to reference the crashes with respect to the road geometry. 

6. Each intersection point was manually digitized taking into consideration each 

group of crashes and Google aerial imagery (a total of 683 potential 

intersections were identified). 

7. Intersection type (cross, T or others) was verified and noted. 

8. Intersection signal control status was verified and noted. 

9. Intersection ID was assigned to an intersection if it could be matched with the 

list obtained from the DTMR. 

10. Intersections were cross-checked for changes during the years 2005 and 2009 

by using the “Time” toolbar in Google earth imagery, which shows the aerial 

image for different time periods. 

Carrying out the above procedures was very time-consuming. However, it was 

necessary given that the DTMR does not maintain a database of intersections 

containing a list of its geometric features. There were some issues faced during this 

process. Firstly, many intersections marked as T-intersections in the road crash 

database were found to be a cross intersection, which created confusion at first as to 

whether the crashes were rightly projected. The DTMR was contacted regarding this 

issue and it was concluded that this could have been possible when only three legs of 

an intersection belonged to an SCR; thus the DTMR database recorded the 

intersection as a T-intersection for their own purpose. Another issue was the street 

names as the road crash database and Google imagery maps sometimes differ in this 

regard, making it difficult to locate the intersection on the map. Many digital points 

for the same intersection were obtained because of slight differences in street names. 

Extra time was thus required to address this issue. 

Among the 683 potential intersections, 3 roundabouts, 103 cross intersections 

and 579 T-intersections were identified. Details on the number and intersection types 
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are given in Table 3-11. A description of the types of intersections presented in Table 

3-11 is explained in Table 3-12. 

It is worth noting that including all types of T-intersections in the model 

would increase its complexity. Data on more T-intersections would be required to 

handle the different types of T-intersections. This was beyond the scope, with respect 

to the time frame, of the present study. In order to reduce the complexity in the 

model design, only normal T-intersections were chosen from the list of T-

intersections.  

Table 3-11 GIS-identified intersection types 

Types of 

Intersection 

T-intersection Cross Intersection   

Unsignalized Signalized Unsignalized Signalized Total 

Normal 

intersections 
302 57 21 62 442 

Highway entry/exit 14 
   

14 

Another intersection 

very close 
21 1 

  
22 

Busway 
 

1 
  

1 

Complicated 12 22 3 9 46 

Construction 6 3 
 

1 10 

Geometry unclear 2 2 
  

4 

Major/minor or both 

one way 
16 8 1 

 
25 

Modified/upgraded 8 
   

8 

No right turn 

from/into minor 

road 

9 2 
  

11 

Opposite road/ 

driveway/complex 

presence 

23 13 
  

36 

Staggered 
  

2 1 3 

Median closed 55 1 
  

56 

     
0 

Total 468 110 27 73 678 
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Table 3-12 Interpretation of intersection types 

Types of Intersection Interpretations 

Normal intersections Intersections that are simple T or cross 

Highway entry/exit Intersection of lanes at entry or exit of highway 

Another intersection very close Intersection having another intersection within 50m 

Busway Intersection at a busway 

Complicated 
Intersection having multiple streets or specially 

designed pattern of streets 

Construction 
Intersection under construction anytime in 2005-9 

period 

Geometry unclear Intersection geometry could not be ascertained 

Major/minor or both one way 
Intersection having major road or minor road or both 

as one-way street 

Modified/upgraded 
Intersection geometry has changed within 2005-9 

period 

No right turn from/into minor 

road 

Intersection has restrictions on right turn from/into 

minor road 

Opposite road/driveway/complex 

presence 

Intersection T, has a normal/busy/dirt road, complex 

located as the fourth arm 

Staggered Intersection is a staggered cross intersection 

Median closed Intersection has major road median closed 

 

3.7 Assigning crashes to intersections 

According to the road crash database (maintained by the DTMR), a crash is either at 

an intersection or on a road section. By analysing the spatial orientation of the 

crashes with respect to the road network and comparing it with Google imagery and 

DCA codes, it was revealed that crashes that originally belonged to the road network 

(as per road crash database) might actually have been influenced by an intersection 

or vice versa. Thus, it was felt necessary to manually assign some of the crashes to 

an intersection. 

The procedure of assigning crashes to intersections included the following 

steps (refer to Figure 3-5): 

1. The GIS map layer containing crashes was converted into Google 

Earth file format (.kml) and portrayed on Google Earth. This made it 

easier to reference the crashes with respect to the road geometry. 
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2. The GIS map layer containing intersections was also converted to 

“.kml” file format and portrayed on Google Earth. 

3. Crashes on Google Earth and in GIS were visually compared side by 

side for each intersection. 

4. Crashes within a few metres from the stop lines were assigned first to 

an intersection. 

5. Crashes further away from the stop lines were included or excluded in 

the intersection on a case-by-case basis. For example: 

a. Crashes further from the stop line but close to the right-turn 

lane’s starting point were included. 

b. Other crashes further away were included or excluded upon 

the examination of their DCA. 
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Figure 3-5 Simple T-intersection with numbered arms, approaches and exits 

Because the intersection geometry database could not be obtained from the 

DTMR, it had to be created specifically for the purpose of this research. The process 

for developing the database was as follows: 

1. The “kml” file of the identified intersections in the metropolitan region was 

opened in Google Earth (Appendix 4). 
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2. Each intersection as seen in Google Earth was compared with the GIS map 

and the Google map to identify the different geometric features. 

3. An Excel sheet was used to store the intersection data. 

4. Relevant geometric variable information was later uploaded to the GIS 

database and connected with other mentioned databases as a relational 

database. 

3.8 Assigning crashes to approaches 

For approach level analysis, an approach and exit on each arm were numbered. The 

process followed for the numbering was that a minor road approach was assigned 

number 1, followed by number 2 for a major road exit and so on in an anticlockwise 

direction, as shown in Figure 3-5.  

With regard to traffic volume, V1, V2 and V3 represent the volume inflow 

from arms I, II and III (Figure 3-5). 
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Figure 3-6 Approach level crash types 

Crashes were classified into three types depending on which approach or exit 

they were on. The spatial division of the three types of crashes is shown by a dotted 



53 

 

line going through the middle of the median islands as shown in Figure 3-6. The 

three types of approach level crashes (Figure 3-6) are as follows: 

1. Type I crashes. (These include the crashes in approach 1 and exit 2.) 

2. Type II crashes. (These include the crashes in approach 3 and exit 4.) 

3. Type III crashes. (These include the crashes in approach 5 and exit 6.) 

 

After assigning the crashes from 2005 to 2009 to the 41 T-intersections using 

the process mentioned in Section 3.7, the following procedure was followed for 

assigning a crash to an approach: 

1. For type I crashes, all crashes at or near approach 3 were included as 

type I. 

2. For type II crashes, all crashes at or near approach 1 were included as 

type II. 

3. For type III crashes, all crashes at or near approach 5 were included as 

type III. 

4. Crashes on exit 2 were included as type II crashes if their DCA code 

indicated that they were due to: 

a. presence of slip lane on approach 1; 

b. presence of lanes merging on exit 2; or  

c. any other relation with approach 1. 

5. Crashes on any of the three approaches were assigned to the approach 

irrespective of their distance away from their stop line if: 

a. The crash belonged to a cluster of crashes at the intersection 

(Appendix 3); or 

b. The crash happened close to the start of a right-turn lane and it 

seemed logical with reference to the DCA. 

6. For crashes falling on the borderline between any two types, the DCA 

codes were studied and assigned to the relevant type. (An example of 

a crash falling in between approaches is given in Appendix 5: An “in-

between-approaches” crash at an intersection.) 
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3.9 Summary 

This chapter started with a brief description of GIS and maps used for this research. 

The visual effect of GIS was illustrated with images of different types of crashes as 

viewed in GIS. The use of GIS for identifying intersections of interest in this 

research was then described and its findings were given. The chapter ended with 

methods used for allocating crashes to the intersections. 
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4 MODELLING CRASH AT INTERSECTION LEVEL 

4.1 Introduction 

Crashes at intersections are complicated in comparison to crashes on road sections. 

This is because the driver of a vehicle has to be more alert at intersections to be able 

to monitor a number of events, like approaching signs, their own approach speed, 

traffic signals, vehicles coming from opposite and maybe turning, vehicles coming 

from left/right, etc. This becomes even more difficult when the intersection has 

horizontal and vertical grade approaches. The T-intersection is a very common type 

of intersection. The data from the Queensland road crash database for the years 

2005-2009 show that most of the crashes at intersections were at T-intersections.  

Safety at intersections has always been considered to be important because of 

the nature of the high risk of interaction/conflicts between vehicles from different 

directions. One way to analyse intersection safety is to model different human 

factors, road geometry/environment and vehicle characteristics with the observed 

crashes. Crash prediction models relating these characteristics to observed crashes at 

intersections have become a popular approach to gaining an insight into intersection 

safety. 

 Existing studies have shown a strong relation between road geometry, road 

environment and traffic signals and crash frequency at intersections. Some of the 

common geometric characteristics modelled against crash frequency at intersections 

are the number of approach lanes, width of approach, average width of lanes, sight 

distance from stop line, horizontal and vertical angles, presence of left-turn/right-turn 

lanes, shoulder width, width of median, etc. For traffic signals, number of phases per 

cycle, cycle time, un/protected right turn, etc. have been commonly used. 

Environmental variables that have been commonly used are day/night, dry/wet, and 

land-use type (Wong et al., 2007; Yan et al., 2005; Harnen et al., 2004; Bauer et al., 

2000; Greibe, 2003; Harwood et al., 2002; Liu et al., 2013).  

Traffic volume is one of the most important factors in crash data analysis. 

This is due to the fact that zero traffic volume means no crashes whereas the more 

the number of vehicles on the road, the more chances there are of a crash. Studies 

have shown AADT on major and minor roads to have a significant effect on crash 

frequency (Vogt, 1999; Pei et al., 2011; Chiou, 2013; Meng and Qu, 2012b). An 
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intersection, being a meeting point of traffic streams from different directions, has a 

number of variables that could affect crashes. Different types of crashes may be 

affected by different variables (Abdel-Aty  et al., 2005). However, in order to model 

different types of crashes separately, large amounts of data would be necessary, 

which may not be easy for all places. Compiling volume and road geometry data is 

expensive and time-consuming. A modified/upgraded location cannot be used, which 

also limits the amount of data. 

 

4.2 Methodology 

This section deals with the methodology adopted to develop a crash prediction model 

for T-intersections in Queensland. The process of crash occurrence is introduced 

first. It then proceeds to describe the selected CPM. 

 

4.2.1 Crash occurrence process 

The number of motor vehicles passing a road section or intersection in a time period 

is in the thousands. For every motor vehicle there is a risk of a crash. However, 

crashes are rare events. The probability of a crash would depend upon the number of 

vehicles on the road. This probability is slightly higher for intersections because the 

chances of traffic conflicts between vehicles are greater at an intersection. 

Considering a defined space on the road, whenever a vehicle enters the space, there 

are equal chances (probability) that it will crash or not crash. When another vehicle 

arrives at the location, again it has equal chances of crashing or not. The two events 

are not related and totally independent of each other and can be compared with trials 

in a Bernoulli process. If we assume that in a number of Bernoulli trials n (vehicles 

arriving at the location), the probability p of having a crash is denoted by random 

variable Y, then the Bernoulli trials can be represented by binomial distribution. The 

probability P of having a crash is given as follows: 

𝐏(𝐘 = 𝐲) = (𝐧
𝐲
) 𝐩𝐲(𝟏 − 𝐩)(𝐧−𝐲)  Equation 4-1 

where y = 0, 1, 2...n. The mean of the above binomial distribution is E[Y]=np and the 

variance is Var(Y)=np(1-p). 

The binomial distribution can be approximated as a Poisson distribution as 

the probability of having a crash at a location (p) is rare and the number of vehicles 
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passing through the location (n) is very high. As n→∞, the above equation can be 

written as 

𝐏(𝐘 = 𝐲) = 𝐥𝐢𝐦𝐧→∞ (𝐧
𝐲
) (𝛌

𝐧⁄ )
𝐲

(𝟏 − 𝛌
𝐧⁄ )

(𝐧−𝐲)

=
𝛌𝐲 𝐞−𝛌

𝐲!
  Equation 4-2 

The mean of the above Poisson distribution is λ. This equation can be utilized 

for regression analysis of road crash data. 

 

4.2.2 Crash occurrence modelling strategy 

The early studies on road crash data used linear regression for analysing the effects 

of various independent variables on crash frequency. Linear regression was 

eventually replaced by count data models. Due to the non-normal nature of the data, 

it is not appropriate for them to be represented by normal distribution. The nature of 

crashes is such that they are always discrete, non-negative and sporadic. For 

example, an intersection may have no crashes in a year or numerous crashes in a 

year. Those crashes may have taken place in a single day, week or may have been 

spread over the whole year. The Poisson regression model is the basic count data 

model. Crash data are supposed to follow Poisson distribution. Poisson regression 

has been used by many researchers for modelling crash frequency data.  

A basic assumption of Poisson distribution is that it assumes that the mean of 

the random variable (crash) is equal to the variance. Whenever the variance of crash 

data exceeds its mean the phenomenon is known as overdispersion and when it is 

less than the mean it is known as underdispersion. Crash data are usually found to be 

overdispersed. Using Poisson regression to model overdispersed crash data can give 

false estimates of standard error, which can result in non-significant independent 

variables appearing to be significant. This has the potential consequence of a wrong 

inference being made about the independent variables. Poisson-gamma or negative 

binomial (NB) regression models are used to model overdispersed crash data. NB 

models have an error component added to the models that takes care of 

overdispersion. 

 

4.2.3 Model development 

The Poisson regression model is the basic model of the generalized linear model 

family used to model count data such as crash frequency data. The Poisson-gamma 



58 

 

(negative binomial) regression model is used if the data show overdispersion (Miaou 

1994). The theoretical background of the Poisson and NB models is illustrated in the 

following paragraphs.  

According to Poisson distribution, the probability P(yi), of an intersection ‘i’ 

having yi crashes is given by 

𝐏(𝐲𝐢) = 𝐞−𝛌𝐢𝛌𝐢
𝐲𝐢/𝐲𝐢!  Equation 4-3 

and λi= E [yi]=μi, 

where  λi= Poisson parameter,  

E [yi]= expected crash frequency at the ‘i’th intersection, 

μi = mean number of crashes at the ‘i’th intersection 

The most common relationship between the Poisson parameter and 

independent variables is the log-linear model as follows: 

𝛌𝐢 = 𝐄𝐗𝐏(𝛃𝐗𝐢)  Equation 4-4 

and λi= E [yi]=μi,=VAR[yi] 

where EXP = exponential 

 β = vector of estimable parameters 

 Xi = vector of estimable independent variables 

The drawback of the simple Poisson regression model is that it assumes that 

the mean of the crash count is equal to its variance. The Poisson-gamma or negative 

binomial (NB) model is devised to account for the overdispersion found in crash 

data. The NB model can handle overdispersed data because it has an error term 

attached to the Poisson parameter that relaxes the assumption that the mean of the 

crash count has to be equal to the variance as follows: 

𝛌𝐢 = 𝐄𝐗𝐏(𝛃𝐗𝐢 + 𝛆𝐢)  Equation 4-5 

The term EXP(εi) is gamma-distributed with mean 1 and variance α. The 

variance α is also called the overdispersion parameter. The NB model reduces to a 

simple Poisson model when the value of α approaches zero for non-dispersion data. 

 

4.3 Goodness of fit 

The statistical software used in this research is “IBM SPSS Statistics 20”. Maximum 

likelihood-based statistics were chosen in this research for selection of the best 



59 

 

model. For a given type of distribution, model and data, MLE estimates the set of 

values of the model parameters that maximizes the likelihood function. Likelihood is 

a function of the parameters of a statistical model. The different statistics used are as 

follows: 

1. Deviance 

2. Pearson’s chi-square 

3. Log-likelihood 

Deviance is a test statistic used to check model fit by the maximum likelihood 

method and is analogous to using the sum of squared residuals in ordinary least 

squares (McCullagh et al., 1989). For the Poisson regression model, the deviance 

(Dp) is calculated as follows: 

𝐃𝒑 = 𝟐 ∑ (𝐲𝐈 𝐥𝐧 (
𝐲𝐢

�̂�𝐢
) − (𝒚𝒊 − �̂�𝒊))

𝐧

𝐢=𝟏

  Equation 4-6 

For the negative binomial regression model, the deviance (Dnb) is calculated 

as follows: 

𝐃𝒏𝒃 = 𝟐 ∑ (𝐲𝐢 𝐥𝐧 (
𝐲𝐢

�̂�𝐢
) − (𝐲𝐢 − 𝟏

𝐤⁄ )𝐥𝐧 (
𝐲𝐢+

𝟏
𝐤⁄

𝛌𝐢+
𝟏

𝐤⁄
))

𝐧

𝐢=𝟏

 Equation 4-7 

The quotient of deviance and degree of freedom represent the dispersion in a 

model. Dispersion in the data can lead to wider confidence intervals, which will have 

the effect of making even a non-significant variable significant. If this value is close 

to 1, there is no dispersion in the data. A value of more than 1 would indicate 

overdispersion whereas a value less than 1 would indicate underdispersion. Pearson 

Chi-square test statistics can also be used to assess the difference between an 

observed frequency distribution and a theoretical distribution. The test statistic is 

calculated as follows: 

𝛘𝟐 = ∑
(𝐲𝐢−�̂�𝐢)

𝟐

�̂�𝐢

𝐧
𝐢=𝟎   Equation 4-8 

 

One of the other test statistic used is the “Log-likelihood”. Log-likelihood is 

the natural logarithm of the likelihood function. Likelihood is a function of the 

parameters of a statistical model (Mccullagh et. al 1989). A model with a higher 
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value of log-likelihood, also known as maximum likelihood, fits the data better. For 

Poisson regression, the log-likelihood function of parameter vector β is calculated as 

follows (Washington et al., 2010): 

𝐋𝐋(𝛃) = ∑ [−𝐞𝛃𝐗𝐢 + 𝐲𝐢𝛃𝐗𝐢 − 𝐥𝐧 (𝐲𝐢!)]𝐧
𝐢=𝟏   Equation 4-9 

where LL(β) is the log-likelihood of the vector of parameters, and β is the vector of 

parameters. 

For negative binomial regression, the likelihood function is calculated as 

follows (Washington et al., 2010): 

𝐋(𝛌𝒊) = ∏
𝞒((𝟏

𝜶⁄ )+𝒚𝒊)

𝞒(𝟏
𝜶⁄ )𝒚𝒊!

(
𝟏

𝜶⁄

(𝟏
𝜶⁄ )+𝝀𝒊

)
𝟏

𝜶⁄ (
𝝀𝒊

(𝟏
𝜶⁄ )+𝝀𝒊

)𝒚𝒊
𝒊   Equation 4-10 

where 𝝘(.) is a gamma function. 

 

4.4 Model selection 

The Alkaine information criterion (AIC) is used as the model selection criterion. AIC 

value in itself does not mean much. The AIC of different models is compared and the 

model with the lowest AIC value is considered to have the least amount of 

information lost. This is because the AIC penalizes for each additional parameter. 

The AIC has been computed as follows: 

𝐀𝐈𝐂 = (−𝟐 𝐋𝐋(𝛃) + 𝟐𝐤)  Equation 4-11 

where LL(β) is the log-likelihood of the vector of parameters, and k is the number of 

parameters in the model. The test of the model as a whole can be assessed by the 

omnibus test. An omnibus test is a likelihood-ratio chi-square test of a model versus 

the intercept-only model. A value of significance less than 0.05 would indicate a 

confidence of more than 95% that the model is better than the intercept-only model. 

 

4.5 Classification of intersection 

Models for crashes at an intersection have been prepared by previous studies at 

different levels as follows: 

1. Intersection Level: This level considers the intersection as a whole 

without splitting it into different types. Crashes will belong to the whole 

intersection. 
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2. Roadway Level: This level breaks down the intersection into primary 

(major/main) road and secondary (minor) road. Crashes are divided into 

the relevant roadways and data compiled accordingly. 

3. Approach Level: This level breaks down the intersection into each of the 

approaches of the volume of traffic to the intersection. Crashes are 

divided among the relevant approaches and data compiled accordingly. 

For each of the above intersection classifications, crashes can be classified in 

a number of ways. Some of the ways past researchers have classified crashes include: 

1. All crashes (no classification) 

2. Crashes based on severity (fatal, injured and property damage) 

3. Single-vehicle and multi-vehicle crashes 

4. Head-on, right-angle, rear-end crashes 

5. Rear-end vs other crashes 

The crash classifications given above are just some of the types that have 

been used in previous researches. There are plenty of other crash classifications that 

researchers have used in the past. For example, Pei et al. (2011) introduced a joint 

probability model (of crash occurrence and crash severity) using data from signalized 

intersections in Hong Kong. This research is focused on signalized T-intersections 

only. It was decided not to segregate crashes into different types owing to the very 

small number of observations. 

 

4.6 Data for intersection level 

A database for the analysis of crashes at intersection level was compiled as described 

in Chapter 3. A total of 41 T-intersections were finalized from the state-controlled 

road network in the DTMR metropolitan region, Queensland. Crashes for the five-

year period from 2005 to 2009 were considered for the analysis. The final database 

was stored in a GIS as a relational database. 

4.7 Independent variables collection criteria 

In order to find the relation between crash frequencies and intersection-related 

independent variables, an inventory of measurable and quantifiable independent 

variables was prepared. Only T-intersections were considered for analysis, so the 

intersection geometry and related data were collected for T-intersections only. 
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Independent variables were collected at each approach level and later combined at 

intersection level. The criteria for collecting the variables were based on: 

1. Variables used by previous studies and found to be significant (AASHTO, 

2010; Yan et al., 2005; Bauer et al., 2000; Harwood et al., 2002; Harnen 

et al., 2004) 

2. Ease of understanding/interpretation of the variable 

3. Availability of data on the variable 

4. Practicability of data collection of the variable 

Bearing in mind the above points, information on a number of variables was 

collected. The independent variables considered for intersection level analysis are 

given in the next section. 

 

4.8 Intersection independent variables 

Though information on many more variables was collected, only variables deemed 

important (given in Table 4-1) with respect to the given criteria were chosen for 

analysis. Data on the variables were first collected at approach level and then 

compiled for the intersection level. 

Table 4-1 Intersection independent variables 

SN Name Independent variables description 

1 ATL Total number of through lanes at the intersection 

2 ART Total number of right-turn lanes at the intersection 

3 ASL Total number of slip lanes at the intersection 

4 AM Total number of medians at the intersection 

5 SP Total number of signal phases at the intersection 

6 ANG Angle made by minor road perpendicular to major road 

7 AAVLW Average of average lane widths at each approach 

8 AV Total intersection traffic entry volume 

 

All the independent variables were analysed as categorical variables, except 

for average lane width, which is continuous, and traffic volume, whose natural 

logarithm is taken as offset. The categorical variable information is given in Table 

4-2. 
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Table 4-2 Intersection categorical variables 

Intersection 

independent 

variables 

Categories Frequency 
Per 

cent 

Total number of 

through lanes 

6 through lanes 7 17.1% 

5 through lanes 7 17.1% 

4 through lanes 20 48.7% 

3 through lanes 4 9.8% 

2 through lanes 3 7.3% 

    

Total number of 

right-turn lanes 

4 right-turn lanes 7 17.1% 

3 right-turn lanes 10 24.4% 

2 right-turn lanes 24 58.5% 

    

Total number of 

slip lanes 

2 slip lanes 13 31.7% 

1 slip lane 18 43.9% 

No slip lane 10 24.4% 

    

Total number of 

medians 

3 medians 32 78.0% 

2 medians 6 14.7% 

No medians 3 7.3% 

    

Number of phases 

per cycle 

4 phases per cycle 9 22.0% 

3 phases per cycle 30 73.1% 

2 phases per cycle 2 4.9% 

    

Skew angle (angle 

between minor road 

and perpendicular 

to major road) 

Minor road is skewed by 60 

degrees 

8 19.5% 

Minor road is skewed by 30 

degrees 

20 48.8% 

Major road is perpendicular to 

minor road 

13 31.7% 

 

Descriptive statistics of the variables used for modelling are given in  

 

Table 4-3. “Crash” denotes the total crashes for the five-year period from Jan 

2005 to Dec 2009. 
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Table 4-3 Intersection variables descriptive 

SN Variables Minimum Maximum Mean SD 

1 ATL 2 6 4.27 1.096 

2 ART 2 4 2.59 0.774 

3 ASL 0 2 1.07 0.755 

4 AM 0 3 2.63 0.829 

5 SP 2 4 3.17 0.495 

6 ANG 0 60 26.34 21.419 

7 AAVW 8 14 10.39 1.563 

8 AV 12.302 67.779 32.736 13.293 

9 Crash 3 48 16.44 9.92 

 

4.9 Model estimation and selection 

With total crash as dependent variable, and eight independent variables as listed in 

Table 4.8, 41 intersection data points were analysed using the GENLIN (generalized 

linear model) function of IBM SPSS Statistics version 20. Models containing all the 

mentioned eight variables were fitted first. Total inflow traffic volume (AV) was 

used as an offset in the model. The Poisson regression model was first fitted followed 

by the negative binomial regression model. The insignificant variables were removed 

one by one. The final Poisson and negative binomial model GOF statistics are given 

in Table 4-4. 

 

Table 4-4 Model selection and GOF statistics 

Model Deviance Deviance/df Log-

Likelihood 

AIC Omnibus 

Test 

Poisson 97.3 3.04 -140 299 0 

NB 52.9 1.65 -130 279 0 

 

Deviance is one of the goodness-of-fit criteria. The deviance of the NB model 

is lower than that of the Poisson model. Deviance represents the residual in fitting the 

data to the regression line. The lower deviance of the NB model indicated that the 

data fitted the NB model better than the Poisson model in Table 5.3. However, the 

value of deviance/degree of freedom (df) for the Poisson model was 3.04, which was 

much higher than the standard value of one and indicated that the Poisson model was 

overdispersed. The log-likelihood value of the model represents how likely the 
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parameter values are to produce the data. The log-likelihood of the NB model is 

higher than that of the Poisson model. This means the data fit the NB model better. 

The AIC value for the NB model was lower than for the Poisson model. When two 

models are compared, the model that has the lower value of AIC is preferred and 

thus the NB model fits the data better. The table lists the significant variables for the 

best model (NB) for intersection level crash modelling. 

Table 4-5 Significant variables with level of significance 

Independent variables in model Significance 

(Intercept) .000 

Total number of through lanes .000 

Total number of slip lanes .010 

Skew angle .050 

 

Both the Poisson and the NB final models show the same three independent 

variables as significant. Parameter estimates for the two models are given in the 

table. According to the table, the mean estimated “intercept” parameter is negative 

for Poisson whereas it is positive for the NB model. The estimated mean for “number 

of through lanes”, “number of slip lanes” and “skew angle” varies only slightly. 

Apart from the variable “number of through lanes”, the mean of all other estimated 

parameters is higher for the NB than for the Poisson model. 

 

4.10 Significant variables at intersection level 

The intersection level crash frequency modelling using the Poisson and negative 

binomial regression techniques revealed only three independent variables as 

significantly related to the crashes at intersection level. The independent variables 

are: 

1. Number of through lanes at an intersection 

2. Number of slip lanes at an intersection 

3. Skew angle 

 

4.10.1 Number of through lanes at an intersection 

The number of through lanes at a T-intersection is found to be significantly related to 

crashes with the p-value of 0.000. As the number of through lanes at an intersection 
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increases, the crash rate decreases. This effect might be caused by the traffic 

operations at intersections. The vehicles in shoulder lanes have conflicts with those 

vehicles waiting in slip lanes. Let us compare Intersections 1 and 2 with two through 

lanes and three through lanes, respectively. The former has one shoulder lane 

(relatively riskier due to conflicts with slip lanes) and one median lane (relatively 

safer). By contrast, the latter has one shoulder lane with higher risks and two other 

lanes with relatively lower risks. Accordingly, the crash rate (in terms of 

crash/vehicle) of Intersection 1 should be higher than that of Intersection 2.   

`

(A) T-intersection with 2 through lanes

`

(B) T-intersection with 3 through lanes
 

Figure 4-1 Comparison between 2 and 3 through lanes at an intersection 

4.10.2 Number of slip lanes at an intersection  

`

T-intersection with 0, 1 and 2 slip lanes

`

`

(A) No slip lane (B) One slip 
lane

(C) Two slip lanes  

 

Figure 4-2 T-intersection with 0, 1 and 2 slip lanes 
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The number of slip lanes is another significant contributing factor (p-value = 0.010). 

This is also caused by the potential traffic conflicts between the main traffic stream 

and the traffic from slip lanes. As can be seen in Figure 4-2, compared to 

intersections without a slip lane (A) and with one slip lane (B), intersections with two 

slip lanes (C) have more conflict points that are not controlled by traffic lights but 

rather by drivers’ self-judgement. Accordingly, type C intersections will have 

significantly higher crash risks than the other two types.  

4.10.3 Skew angle 

Skew angle, which is defined as the angle between a minor road and perpendicular to 

a major road, is found to be significantly related to intersection crashes with a p-

value of 0.05. The parameter estimates show that crashes increase as the minor road 

departs from the perpendicular, compared to the minor road being at a perfect right 

angle. This effect could be explained by the difficulty in making a safe stop when 

vehicles are making turning movements at curved road sections. In addition, skewed 

trajectories increase the difficulty of vehicles keeping in their own traffic lanes, 

which might result in contact with vehicles in other lanes.  

`

`

(A) Skew angle = 0

(C) Skew angle = 60

(B) Skew angle = 30

 

Figure 4-3 T-intersections with different skew angles 
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Further, the better visibility of perpendicular intersections may enable waiting 

drivers to be better prepared to merge than at skewed ones. Accordingly, 

perpendicular T-intersections are the safest intersection type.  

 

4.11 Validation  

Modelling crash data at the intersection level by negative binomial regression 

revealed three significant variables: number of through lanes, number of slip lanes 

and skew angle. In order to gain an insight into the accuracy of prediction of the 

model, a number of well-recognized statistics – R square, root mean square error, 

mean absolute error and mean absolute percentage error – were used (Qu et al., 

2011). These statistics are widely used to compare the fit of predicted values from 

statistical models with respect to the observed values.  

R square is the square of the correlation between observed values and 

predicted values. It is calculated as follows: 

𝑹𝟐 =
∑(𝑶−𝑶𝒎)(𝑷−𝑷𝒎)

√∑(𝑶−𝑶𝒎)𝟐 ∑(𝑷−𝑷𝒎)𝟐
  Equation 4-12 

 

where O = observed crash, P = predicted crash, Om = mean of observed crashes, Pm = 

predicted mean of the predicted crashes.  

RMSE (root mean square error) is the square root of the square of the average 

of individual errors. It is calculated as follows: 

𝑹𝑴𝑺𝑬 = √
(𝑷−𝑶)𝟐

𝒏
  Equation 4-13 

MAE (mean absolute error) – Mean absolute error is the average of the sum 

of the absolute difference between the observed and the predicted values. It is 

calculated as follows: 

𝑴𝑨𝑬 = ( ∑ ∣ 𝑶 − 𝑷 ∣)/𝒏  Equation 4-14 

MAPE (mean absolute percentage error) – MAPE is the percentage of the 

mean absolute error compared with the observed value. It is calculated as follows: 

𝑴𝑨𝑷𝑬 = ( ∑ ∣ 𝑶 − 𝑷 ∣/𝑶)/𝒏  Equation 4-15 
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The R-square plot of the predicted crashes against the observed crashes 

(Figure 4-4) at the intersection level returned a value of 0.56. If the predicted crash 

data were exactly equal to the observed crash data, the R-square value of 1 would be 

obtained. The value of 0.56 suggests that the predicted crash data do not fit the 

regression line very well but the model still has a good prediction effect for crash 

count. 

 

Figure 4-4 Intersection R square plot 

 

RMSE (root mean square error) was calculated for the observed and predicted 

data and a value of 6.69 was obtained. If the predicted data were closer to the 

observed data, RMSE would be closer to zero. The RMSE value of 6.69 signifies that 

the predicted data are quite far away from the regression line, which means that there 

is a considerable difference between the observed and the predicted data. Similarly, 

MAE and MAPE were calculated and returned values of 5.3171 and 0.4123 

respectively.  

 

4.12 Summary 

This chapter started with an introduction to crashes at an intersection. The 

methodology and crash occurrence modelling strategy was explained. A brief 

description of the models, the different GOF (goodness-of-fit) statistics and the 

model selection criteria was given.  
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Descriptive analysis of the intersection level crash data revealed that rear-end 

crashes were the dominant group of crashes. Though fatal crashes are low, the 

number of “injured” crashes (including hospitalized, medical treatment and minor 

injury) is the highest. The independent variables used for intersection level modelling 

were listed and their descriptive statistics were provided. Data on different models 

were provided. Based on different GOF statistics and selection criteria, the NB 

model was chosen as the best model for intersection level crash modelling. Three 

significant variables given by the final model were briefly discussed. The chapter 

ended with a validation section in which the results were discussed. It was concluded 

that the statistical modelling of crash frequency at intersection level was acceptable 

in terms of evaluation but the prediction at the intersection level was not very 

accurate, as evidenced by the R
2
 value of 0.56. In Chapter 5, we will develop an 

approach level CPM model for signalized T-intersections. 
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5 MODELLING CRASH AT APPROACH LEVEL 

5.1 Introduction 

The chapter starts with an introduction to approach level crash modelling. The 

independent variables considered for the analysis are briefly discussed. A brief 

description of the analysis process for selection of the best model is provided. This is 

followed by a summary of the variables that significantly affect crashes at the 

approach level. The simplest form of analysis at intersections is to consider crashes 

at an intersection as a whole; this is known as intersection level crash analysis. 

However, crashes at an intersection could be at any of its arms/approaches. The 

crashes at one arm/approach may not be related to the geometry of another 

arm/approach. The intersection level analysis in this research showed only three 

variables (excluding traffic volume) to have a significant effect on intersection 

crashes. One of the reasons for not getting other significant variables could be that 

the intersection level analysis could not capture the relation between the crashes and 

the road geometry. 

 

5.2 Definitions for coding accidents (DCA) 

“Definitions for Coding Accidents” (DCA) is a system of representing crashes with 

collision diagrams (Appendix 8). Australia has its own set of DCA. A collision 

diagram generally consists of a red arrow (denoted by number “1”) representing the 

direction in which the key vehicle was travelling as it approached a crash location 

and a black arrow to represent the vehicle that crashed with it. For single and other 

crashes, relevant symbols are used to denote the type of crash. An Australian DCA 

diagram has 10 groups, from group “00” to “90”, with each group representing a 

particular type of crash. For example, a “00” group represents crashes involving 

pedestrians. Each group can represent up to 10 different types of crash. For example, 

“001” represents a crash situation where a pedestrian stepped from the roadside (or 

footpath) into the path of a moving car and was hit. 

 

5.3 Data for approach level 

In order to carry out approach level crash analysis, crashes at an intersection need to 

be assigned to the different approaches. This can be done either by assigning a crash 
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to an approach based on its location or proximity to the stop line of the approach or 

by assigning a crash to the approach of the vehicle at fault (Wang et al., 2008). 

The first method of segregating a crash with respect to its proximity from a stop line 

sounds very easy but will require data on spatial crash location, in order to identify 

the specific location of a crash. Spatial crash location data are not readily available 

for all regions, states or countries for the time period in consideration. The second 

method requires assigning one of the vehicles to be at fault, which could be a 

daunting task and can always be debatable.  

It has been fortunate for this research to have crash data with their spatial 

location for the years 2005 to 2009. The geographical coordinates of the crash data 

were entered into the GIS, and by using different maps and applying the procedure as 

explained in Section 3.8, it has been possible to segregate crashes to different 

approach types in this research. As described in Section 3.8, for the purpose of 

approach level analysis, the approaches and the exits on each arm were numbered in 

a clockwise direction starting from minor road approach as number 1, followed by 

number 2 for major road exit and so on, as in Figure 5-1 Numbering of a Simple T-

intersection.  

1

2

3 4

5

6

Arm I

Arm II

Arm III

`

V1

V2

V3

 

Figure 5-1 Numbering of a Simple T-intersection 

In order to maintain similarity with the traffic volume data obtained from the 

DTMR, V1, V2 and V3 are assigned as entry volume from arms 1, 2 and 3 for 
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approach type 1, 2 and 3 respectively (Figure 3-5). Crashes were classified into three 

types, namely type I, type II, and type III (as shown in Figure 3-6), based on the 

spatial location of a crash in the intersection according to GIS and Google Earth. 

Crash DCA and its compatibility with crash location was compared and conclusions 

drawn on a case-by-case basis. For example, a DCA202 crash (vehicles opposite 

approach THRU-RIGHT) was assigned to type III if the crash was spatially located 

in that region or to type I if the crash was in the type I region; by contrast, if a 202 

crash was found in the type II region, it was assigned to type I or III depending on 

the proximity of the crash location to the regions.  

It was also observed that at some intersections, the location of crashes in GIS 

and Google Earth was shifted as a whole by some distance from the road. This could 

have been due to data projection error or inaccuracy/method used in the digitization 

of the road. Extra care was taken in these locations to assign the crashes to the 

approaches. 

 

5.4 Type I Crashes 

Type I crashes are those crashes at an intersection that have been assigned as type I 

crashes as explained in Section 3.8. Type I crashes are mostly crashes on approach 3 

and exit 4. As is evident from Appendix 7: Approach level crash frequency per DCA 

code, most of the type I crashes are among vehicles travelling from the same 

direction. 

 

5.4.1 Independent variables for type I crashes 

Information on independent variables for this research was collected initially at the 

approach level. All the data at approach level were later combined to form 

independent variables at intersection level. A list of the independent variables used 

for modelling type I crashes is given in Table 5-1. The variables have been chosen 

based on criteria explained in Section 4.7. 

Table 5-1 Approach type I variable name and description 

SN Name Independent variable description 

1 INTDEP 

Intersection depth (distance between one stop line and another 

on major road) 

2 INTWID 

Intersection width (distance between minor road stop line and 

far end of major road shoulder) 
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3 LRT3 Length of right-turn lanes on approach 3 

4 W3 Width of approach 3 

5 SW3 Shoulder width on approach_3 

6 AVLW3 Average lane width on approach 3  

7 L3 Number of lanes on approach 3 

8 TL3 Number of through lanes on approach 3 

9 RT3 Number of right-turn lanes on approach 3 

10 SRT3 Shared right-turn lane on approach 3 

11 M3 Presence of median or centre island on approach 3 

12 CF3 Presence of cycle facility on approach 3 

13 PSPEED3 Posted speed limit on approach 3 

14 LME4 Lanes merging on exit 4 

15 ANG Skew angle 

16 ACU3 Approach 3 curved within 100m 

17 ACU5 Approach 5 curved within 100m 

18 UTB5 Presence of U-turn bay on approach 5 

19 SP Number of signal phases per cycle 

20 V1 Total entry volume from arm 1 

 

All independent variables except for measurable quantities were analysed as 

categorical variables. The details of the categories are provided in Table 5-2. 

Table 5-2 Approach type I variable categories 

Type I independent 

variables 
  

Categories 
Frequency 

Per 

cent 

Total number of lanes 

on approach 3 

 5 through lanes 4 9.8% 

 4 through lanes 9 22.0% 

 3 through lanes 21 51.2% 

 2 through lanes 7 17.1% 

Number of through 

lanes on approach 3 

 3 through lanes 10 24.4% 

 2 through lanes 25 61.0% 

 A through lane 6 14.6% 

Number of right-turn 

lanes from approach 3 

 2 right-turn lanes 7 17.1% 

 A right-turn lane 34 82.9% 

Shared righ-turn lane 

on approach 3 

 Shared right-turn lane 2 4.9% 

 Right-turn lane not shared 39 95.1% 

Presence of median 

on approach 3 

 Median or centre island 

available 

37 90.2% 

 No median or centre island 4 9.8% 

Presence of cycle 

facility on approach 3 

 Cycle facility provided 3 7.3% 

 No cycle facility 38 92.7% 
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Posted speed limit on 

approach 3 

 Posted speed limit is 80km/hr 8 19.5% 

 Posted speed limit is 70km/hr 5 12.2% 

 Posted speed limit is 60km/hr 28 68.3% 

Lanes merging on 

exit 4 

 The lanes merge at exit 4 2 4.9% 

 No merging lanes at exit 4 39 95.1% 

Skew angle  Minor road is skewed by 60 

degrees 

8 19.5% 

 Minor road is skewed by 30 

degrees 

20 48.8% 

 Major road is perpendicular to 

minor road 

13 31.7% 

Approach 3 curved 

within 100m before 

stop line 

 Approach 3 curved before 

100m to stop line 

12 29.3% 

 Approach 3 not curved before 

100m to stop line 

29 70.7% 

Approach 5 curved 

within 100m before 

stop line 

 Approach 5 curved 100m to 

stop line 

13 31.7% 

 Approach 5 curved 100m to 

stop line 

28 68.3% 

Presence of U-turn 

bay on approach 5 

 A U-turn bay available on 

approach 5 

5 12.2% 

 No U-turn bay on approach 5 36 87.8% 

Number of phases per 

cycle 

 4 signal phases per cycle 9 22.0% 

 3 signal phases per cycle 30 73.2% 

  2 signal phases per cycle 2 4.9% 

 

Descriptive statistics of the variables used for modelling approach type I 

crashes is given in Table 5-3. 

Table 5-3 Approach type I variable descriptive statistics 

Approach Type I independent 

variables 
Minimum Maximum Mean 

Std. 

Deviation 

Intersection depth (in metres) 17 41 30.3 5.0 

Intersection width (in metres) 20 40 28.2 5.1 

Number of lanes on approach 3 2 5 3.2 0.9 

Number of through lanes on 

approach 3 

1 3 2.1 0.6 

Number of right-turn lanes from 

approach 3 

1 2 1.2 0.4 

Length of right-turn lanes on 

approach 3 

23 285 93.0 50 

Shared right-turn lane on 0 1 0.0 0.2 
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approach 3 

Presence of median or centre 

island on approach 3 

0 1 0.9 0.3 

Presence of cycle facility on 

approach 3 

0 1 0.1 0.3 

Posted speed limit on approach 

3 

60 80 65.1 8.1 

Total width of approach 3 (in 

metres) 

6 17 10.8 3.0 

Lanes merge on exit 4 0 1 0.0 0.2 

Skew angle 0 60 26.3 21.4 

Approach 3 curved within 100m 

before stop line 

0 1 0.3 0.5 

Approach 5 curved within 100m 

before stop line 

0 1 0.3 0.5 

Width of shoulder on approach 

3 

0 2 0.5 0.6 

Presence of U-turn bay on 

approach 5 

0 1 0.1 0.3 

Number of signal phases per 

cycle 

2 4 3.2 0.5 

Average lane width of approach 

3 (in metres) 

3 4 3.1 0.4 

Total volume inflow from arm 1 3359 30540 14260.7 6111.3 

Through traffic volume on 

approach 3 

2072 26718 1184627.0 5863.0 

Right-turn traffic volume 0 7 2.3 2.0 

U-turn volume 0 586 88.4 149.1 

Pedestrian volume 0 323 53.3 79.3 

 

5.4.2 Model estimation and selection 

For approach type I, 41 data points (at 41 different intersections) were considered for 

analysis. Crash type I is taken as the dependent variable, the natural logarithm of 

approach 3 traffic volume (in thousands) is taken as an offset and there are 19 

independent variables as mentioned in Table 5-1. The data were analysed using the 

GENLIN (generalized linear model) function of IBM SPSS Statistics version 20. 

Models containing all the mentioned 19 variables were included in the initial model. 

Poisson regression of the initial model revealed seven variables to be significant at 

95% CI. The variable “number of signal phases”, which was expected to have some 

effect on crashes, was quasi-significant. The insignificant variables were taken off 
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the model one by one with the most insignificant variable going off first. The final 

model contained seven variables significant at 95% CI. 

Table 5-4 Poisson model GOF statistics for approach type I 

Poisson regression model GOF statistics comparison table 

Model 

Number 
Deviance 

Deviance 

/df 
Log-likelihood AIC 

Omnibus 

Test 

AP1 26.9 1.796 -75 202 0.000 

AP2 27.35 1.609 -75 198 0.000 

AP3 27.89 1.549 -75 197 0.000 

AP4 28.282 1.489 -75 195 0.000 

AP5 28.548 1.427 -76 194 0.000 

AP6 29.281 1.394 -76 192 0.000 

AP7 30.674 1.394 -77 192 0.000 

AP8 32.826 1.427 -78 192 0.000 

AP9 38.071 1.523 -80 193 0.000 

AP10 39.374 1.514 -81 192 0.000 

AP11 41.089 1.522 -82 192 0.000 

AP12 44.292 1.582 -83 193 0.000 

AP13 47.874 1.596 -85 193 0.000 

 

Table 5-4 shows the values of goodness-of-fit statistics for different Poisson 

models fitted for approach type I crashes. The seven significant independent 

variables in the final Poisson model are L3, TL3, RT3, SRT3, ACU3, INTWID and 

LRT3. In order to check whether the NB model suited the data better, the set of 19 

variables was fitted in an NB model (AN1). The deviance for the model was low at a 

deviance/degree of freedom of “1.1”. However, an omnibus test showed that there 

was not a significant difference between a model containing the variables and an 

intercept-only model. Therefore, the model was not used. The GOF statistics for the 

NB models are provided in Table 5-5. Accordingly, the Poisson model was 

eventually chosen. The list of independent variables of the Poisson model for 

approach type I, along with their level of significance, is provided in Table 5-6. 
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Table 5-5 NB model GOF statistics for approach type I crashes 

NB regression model GOF statistics comparison table 

Model 

Number 
Deviance Deviance/df 

Log-

likelihood 
AIC 

Omnibus 

Test 

AN1 17.9 1.116 -85.3 220.5 0.278 

AN2 29.9 0.995 -91.2 204.5 0.112 

 

Table 5-6 Significant variables at approach type I 

Independent variables Significance 

Intercept .008 

Number of lanes on approach 3 .000 

Number of through lanes on approach 3 .000 

Number of right-turn lanes on approach 3 .000 

Shared right-turn lane on approach 3 .000 

Approach 3 curved within 100m .015 

Intersection width .001 

Length of right-turn lanes on approach 3 .000 

 

5.5 Type II crashes 

Type II crashes are those crashes at an intersection that have been assigned as type II 

crashes as explained in Section 3.8. Type II crashes are mostly crashes on (minor 

road) approach 1 and exit 2. According to Appendix 7, most type II crashes are 

among vehicles travelling in the same direction. 

 

5.5.1 Independent variables for type II crashes 

Independent variables for type II crashes are mostly associated with minor roads. 

Some of the variables are common with intersections and with other approach types. 

The list of variables is provided in Table 5-7. 

Table 5-7 Approach type II variable description 

SN Name Independent variable description 

1 INTDEP Distance between one stop line and another on major road 

2 INTWID 

Distance between minor road stop line and far end of major 

road shoulder 

3 SP Total number of signal phases per cycle at the intersection 

4 ANG Angle made by minor road perpendicular to major road 

5 L1 Total number of lanes on approach 1 
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6 RT1 Number of right-turn lanes on approach 1 

7 SLIP1 Presence of slip lane on approach 1 

8 LSLIP1 Length of slip lane on approach 1 

9 SLT1 Shared left-turn lane on approach 1 

10 MED2 Presence of median or centre island on minor road 

11 CYCLE1 Presence of cycle facility on minor road 

12 PSPEED1 Posted speed limit on approach 1 

13 W1 Width at stop line on approach 1 

14 LME2 Lanes merging on exit 2 

15 ACU1 Approach 1 curved 100m to stop line 

16 SW1 Shoulder width on approach 1 

17 AVLW1 Average lane width on approach 1 

18 Ln_type2_V_thou Natural log of inflow traffic volume from arm 2 

19 Vol_2_1thou Left-turn traffic volume from arm 2 

20 Vol_2_3thou Right-turn traffic volume from arm 2 

21 Vol_2_U_Turn U-turn traffic volume from arm 2 

22 PEDS_2 Pedestrian volume from arm 2 

 

All independent variables except for measurable quantities were analysed as 

categorical variables. The details of the categories are provided in Table 5-8. 

Table 5-8 Approach type II variable categories 

Type II independent 

variables 
  

Categories 
Frequency 

Per 

cent 

Total number of lanes on 

approach 1 

 Total 4 lanes 2 4.9% 

 Total 3 lanes 1 2.4% 

 Total 2 lanes 23 56.1% 

 One lane only 15 36.6% 

Number of right-turn 

lanes on approach 1 

 2 right-turn lanes 17 41.5% 

 1 right-turn lane 24 58.5% 

Presence of slip lane on 

approach 1 

 Slip lane present 25 61.0% 

 Slip lane absent 16 39.0% 

Shared left-turn lane on 

approach 1 

 Left-turn lane is shared 8 19.5% 

 Left-turn lane is not 

shared 
33 

80.5% 

Presence of median or 

centre island on minor 

road 

 Median or centre island 

is present 
33 

80.5% 

 Median or centre island 

is absent 
8 

19.5% 

Presence of cycle facility 

on minor road 

 Cycle facility is present 1 2.4% 

 Cycle facility is absent 40 97.6% 

Posted speed limit on  Posted speed limit is 1 2.4% 
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approach 1 80km/hr 

 Posted speed limit is 

60km/hr 
37 

90.2% 

 Posted speed limit is 

50km/hr 
3 

7.3% 

Lanes merging on exit 2  The lanes merge on exit 

2 
4 

9.8% 

 No merging lanes on exit 

2 
37 

90.2% 

Approach 1 curved 100m 

to stop line 

 Approach 1 curved 100m 

to stop line 
15 

36.6% 

  Approach 1 not curved 

100m to stop line 
26 

63.4% 

Total number of signal 

phases per cycle at the 

intersection 

 4 signal phases per cycle 9 22.0% 

 3 signal phases per cycle 30 73.2% 

 2 signal phases per cycle 2 4.9% 

Angle made by minor 

road perpendicular to 

major road 

 Minor road is skewed by 

60 degrees 
8 

19.5% 

 Minor road is skewed by 

30 degrees 
20 

48.8% 

  Major road is 

perpendicular to minor 

road 

13 

31.7% 

 

The details of continuous independent variables are provided in Table 5-9. 

The unit for distance is metres and traffic volume is in number of vehicles 

throughout the report. 

Table 5-9 Approach type II continuous variables 

Type II independent variables (continuous) Minimum Maximum 

Crashes type II (as per figure) 0 16 

Left-turn traffic volume from arm 2 (in thousands) .179 8.327 

Right-turn traffic volume from arm 2 (in thousands) .020 6.395 

U-turn traffic volume from arm 2 0 10 

Pedestrian volume from arm 2 0 430 

Distance between one stop line and another on major road 17 41 

Distance between minor road stop line and far end of major 

road shoulder 

20 40 

Length of slip lane on approach 1 0 201 

Width at stop line on approach 1 3 13 

Shoulder width on approach 1 0 3 

Average lane width on approach 1 2 8 
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Descriptive statistics of the variables used for modelling approach type II 

crashes are given in Table 5-10. 

Table 5-10 Approach type II variable descriptive statistics 

Approach type II independent 

variables Minimum Maximum Mean 

Std. 

Deviation 

Natural log of inflow traffic volume 

from arm 2 (in thousands) 

5.945 9.575 8.107 .787 

Left-turn traffic volume from arm 2 

(in thousands) 

.179 8.327 2.041 1.828 

Right-turn traffic volume from arm 2 

(in thousands) 

.020 6.395 2.206 1.758 

U-turn traffic volume from arm 2 0 10 1.00 2.025 

Pedestrian volume from arm 2 0 430 70.49 96.245 

Distance between one stop line and 

another on major road 

17 41 30.27 5.005 

Distance between minor road stop 

line and far end of major road 

shoulder 

20 40 28.22 5.077 

Total number of lanes on approach 1 1 4 1.76 .734 

Number of right-turn lanes on 

approach 1 

1 2 1.41 .499 

Presence of slip lane on approach 1 0 1 .61 .494 

Length of slip lane on approach 1 0 201 58.8 65.7 

Shared left-turn lane on approach 1 0 1 .20 .401 

Presence of median or centre island 

on minor road 

0 1 .80 .401 

Presence of cycle facility on minor 

road 

0 1 .02 .156 

Posted speed limit on approach 1 50 80 60 4 

Width at stop line on approach 1 3 13 6.3 1.7 

Lanes merging on exit 2 0 1 .10 .300 

Approach 1 curved 100m to stop line 0 1 .37 .488 

Shoulder width on approach 1 0 3 .20 .558 

Average lane width on approach 1 2 8 3.90 1.158 

Total number of signal phases per 

cycle at the intersection 

2 4 3.17 .495 

Angle made by minor road 

perpendicular to major road 

0 60 26.34 21.419 

Total volume inflow from arm 2 382 14397 4247.68 2766.348 
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5.5.2 Model estimation and selection 

For approach type II, 41 data points (at 41 different intersections) were considered 

for analysis. Crash type II is taken as the dependent variable; the natural logarithm of 

approach 1 (arm 2) volume (in thousands) is taken as an offset. Altogether 21 

independent variables were considered for analysis including different turning 

volumes. The data were analysed using the GENLIN (generalized linear model) 

function of IBM SPSS Statistics version 20.  

Poisson regression models were fitted first (Table 5-11). The first model 

(BP1) included all the 21 variables. It revealed only one variable, “signal phase”, as 

significant at 95% CI. The second model (BP2) was fitted to include all variables 

except turning volume variables. It revealed four variables significant at 95% CI. 

Both the models showed a high degree of overdispersion. 

Table 5-11 Poisson model GOF statistics for approach type II 

Poisson regression model GOF statistics comparison 

table   

Model 

Number 
Deviance 

Deviance 

/df 

Log-

likelihood 
AIC 

Omnibus 

Test 

BP1 32.9 2.4 -77.4 208.8 0.001 

BP2 39.6 2.2 -80.7 207.4 0.000 

BP3 46 1.3 -83.9 179.9 0.000 

 

The final Poisson model (BP3) was fitted with the four variables that were 

significant in BP2. Though the deviance statistics of BP3 were higher than for other 

models, deviance/df is lower, indicating there is no considerable overdispersion. All 

the four variables were significant in this final model. They are CYCLE1, SP, SW1 

and AVLW1. BP3 was considered best among the Poisson models. 

Table 5-12 NB model GOF statistics for approach type II 

NB regression model GOF statistics comparison table   

Model 

Number 
Deviance 

Deviance 

/df 

Log-

likelihood 
AIC 

Omnibus 

Test 

BN1 11.5 0.819 -100 253.9 0.997 

BN2 19 1.054 -93.27 232.6 0.914 

BN3 35.43 1.012 -86.27 184.6 0.000 
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The NB model for the same 21 variables was then fitted (Table 5-12). 

Though the value of deviance was lower than for the Poisson models, the omnibus 

test representing the overall fit of the model was not significant. The same was the 

case in the second NB model (BN2) when volume-related variables were removed 

from the model. Finally, a third NB model (BN3) with the four significant variables 

from BP3 was fitted. The omnibus test for this model showed the model as a whole 

was significant at a p-value of 0.000. The value of AIC was also lowest for BN3, 

indicating there is less loss of information with this model than with other models, 

indicating this model is a better fit. 

Table 5-13 Variable and significance for final models 

  Significance 

  Model 

Independent 

variable BN3 BP3 

(Intercept) .000 .000 

CYCLE1 .028 .001 

SP .008 .000 

SW1 .008 .002 

AVLW1 .000 .000 

 

The final Poisson model (BP3) and NB model (BN3) were similar in terms of 

values of the GOF statistics. In this study, the NB model (BN3) was chosen. 

 

5.6 Type III crashes 

Type III crashes are the crashes at an intersection that have been assigned as type III 

crashes as explained in Section 3.5. Type III crashes are mostly those on approach 5 

and exit 6. Type III crashes occur more frequently according to the data for the 41 

intersections considered in this analysis. As is evident from Appendix 7, most of the 

type III crashes are head-on crashes or rear-end crashes. 

 

5.6.1 Independent variables for type III crashes 

Independent variables for type III crashes are given in Table 5-14. The variables 

have been selected considering points as mentioned in Section 3.8. 
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Table 5-14 Approach type III variable description 

SN Name Independent variable description 

1 INTDEP Intersection depth 

2 INTWID Intersection width 

3 L5 Total number of lanes on approach 5 

4 TL5 Number of through lanes on approach 5 

5 SLIP5 Presence of slip lane on approach 5 

6 LSLIP5 Length of slip lane on approach 5 

7 SLT5 Shared left-turn lane on approach 5 

8 MED5 Median or centre island on arm 3 

9 CYCLE5 Presence of cycle facility on approach 5 

10 PSPEED5 Posted speed limit on approach 5 

11 W5 Width on approach 5 

12 ANG Angle made by minor road perpendicular to major road 

13 ACU5 Approach 5 curved 100m to stop line 

14 SW5 Shoulder width on approach 5 

15 UTB5 Presence or not of U-turn bay on approach 5 

16 SP 
Total number of signal phases per cycle at the 

intersection 

17 AVLW5 Average lane width on approach 5 

18 Ln_type3_V_thou 
Natural log of inflow traffic volume from arm 3 (in 

thousands) 

19 V3_2thou Left-turning traffic volume from arm 3 

20 V3_1thou Through traffic volume from arm 3 

21 Vol_3_U_Turn U-turn traffic volume from arm 3 

22 PEDS_3 Pedestrian volume from arm 3 

 

Most of the independent variables except for some measurable quantities 

were analysed as categorical variables. The details of the categories are provided in 

Table 5-15. 
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Table 5-15 Approach type III categorical variables 

Type III independent 

variables 

Categories Frequency Per 

cent 

Total number of 

lanes on approach 5 

Total 4 lanes 2 4.9% 

Total 3 lanes 17 41.5% 

Total 2 lanes 20 48.8% 

One lane only 2 4.9% 

Number of through 

lanes on approach 5 

3 through lanes 12 29.3% 

2 through lanes 24 58.5% 

One only through lane 5 12.2% 

Presence of slip lane 

on approach 5 

Slip lane present 19 46.3% 

No slip lane 22 53.7% 

Shared left-turn lane 

on approach 5 

Left-turn lane is shared 14 34.1% 

Left-turn lane is not shared 27 65.9% 

Median or centre 

island on arm 3 

Median or centre island is present 38 92.7% 

Median or centre island is absent 3 7.3% 

Presence of cycle 

facility on approach 

5 

Cycle facility is present 4 9.8% 

No cycle facility 37 90.2% 

Posted speed limit 

on approach 5 

Posted speed limit is 80km/hr 8 19.5% 

Posted speed limit is 70km/hr 5 12.2% 

Posted speed limit is 60km/hr 28 68.3% 

Angle made by 

minor road 

perpendicular to 

major road 

Minor road is skewed by 60 

degrees 

8 19.5% 

Minor road is skewed by 30 

degrees 

20 48.8% 

Major road is perpendicular to 

minor road 

13 31.7% 

Approach 5 curved 

100m to stop line 

Approach 5 curved 100m to stop 

line 

13 31.7% 

Approach 5 not curved 100m to 

stop line 

28 68.3% 

Presence or not of 

U-turn bay on 

approach 5 

A U-turn bay available on 

approach 5 

5 12.2% 

No U-turn bay on approach 5 36 87.8% 

Total number of 

signal phases per 

cycle at the 

intersection 

4 signal phases per cycle 9 22.0% 

3 signal phases per cycle 30 73.2% 

2 signal phases per cycle 2 4.9% 

 

Continuous variables for type III are given in Table 5-16. 
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Table 5-16 Approach type III continuous variables 

Type III independent 

variables (continuous) Minimum Maximum Mean 

Std. 

Deviation 

Left-turning traffic 

volume from arm 3 (in 

thousands) 

.125 9.443 1.954 1.952 

Through traffic volume 

from arm 3 (in thousands) 

1.741 28.606 12.235 6.253 

U-turn traffic volume 

from arm 3 

0 511 39 120 

Pedestrian volume from 

arm 3 

0 395 20 64 

Distance between one stop 

line and another on major 

road 

17 41 30.3 5.0 

Distance between minor 

road stop line and far end 

of major road shoulder 

20 40 28.2 5.1 

Length of slip lane on 

approach 5 

0 220 40.1 52.9 

Width on approach 5 4 14 8.5 1.9 

Width of shoulder on 

approach 5 

0 1 .4 .5 

Average lane width on 

approach 5 

2 8 3.4 1.0 

 

5.6.2 Model estimation and selection 

For approach type III, 41 data points (at 41 different intersections) were considered 

for analysis. Crash type III is taken as the dependent variable; the natural logarithm 

of approach 5 volume (in thousands) is taken as an offset. A total of 21 independent 

variables were considered for analysis including different turning volumes. The data 

were analysed using the GENLIN (generalized linear model) function of IBM SPSS 

Statistics version 20. Poisson regression models were fitted first (Table 5-17). The 

first model (CP1) included all the 21 variables. Of the 21 variables eight were 

significant. They are L5, MED5, CYCLE5, V3_1thou, Vol_3_U_turn, PEDS_3, W5 

and SW5. The eight significant variables were fitted in the second model (CP2). The 

second model deviance was higher and the log-likelihood value was smaller, 

indicating no improvement in data fit. Overdispersion represented by deviance/df 

was less for the second model but not very close to the ideal value of 1. 
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Table 5-17 Poisson model GOF statistics for approach type III 

Poisson regression model GOF statistics comparison 

table   

Model 

Number 
Deviance 

Deviance 

/df 

Log-

likelihood 
AIC 

Omnibus 

Test 

CP1 28.08 2.2 -82.8 221.6 0.000 

CP2 54.33 1.8 -95.9 213.8 0.000 

 

The negative binomial model was then fitted to the significant variable from 

CP2. The model (CN1) showed a good fit with a value of deviance/df close to 1, 

indicating almost no overdispersion (Table 5-18). 

Table 5-18 NB model GOF statistics for approach type III 

NB regression model GOF statistics comparison table   

Model 

Number 
Deviance 

Deviance 

/df 

Log-

likelihood 
AIC 

Omnibus 

Test 

CN1 33.1 1.1 -95.1 212 0.000 

 

Comparing Poisson model CP2 and NB model CN1, it can be observed that 

deviance for the NB model is smaller, log-likelihood is almost the same and the AIC 

value is smaller. All these GOF statistics 

 indicate that the NB model is better in this case and thus the NB model (CN1) is 

chosen as the best model for approach type III crashes. Significant variables along 

with their level of significance for the chosen model are given in Table 5-19. 

 

Table 5-19 Independent variables with their level of significance 

Independent variables Significance 

(Intercept) .000 

L5 .001 

MED5 .013 

CYCLE5 .000 

V3_1thou .001 

PEDS_3 .013 

W5 .000 

SW5 .049 

Vol_3_U_Turn .000 
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5.7 Comparison between the approach level model and the intersection level 

model 

R square, RMSD and MAE were calculated for each of the three approaches. The 

result obtained was compiled into Table 5-20 along with the result from the 

intersection level. 

Table 5-20 Validation results 

Validation results for intersection and three approaches 

  R square RMSD MAE 

Intersection 0.562 6.692 5.32 

Approach type I 0.801 1.821 1.37 

Approach type II 0.778 1.964 1.47 

Approach type III 0.641 3.124 2.29 

 

The R square value of the different models shows that approach type I has the 

best prediction among the models followed by approach type II. The approach type 

III model is not able to predict as good results as the other two approaches but still 

has an R square value higher than the intersection model, indicating that approach 

level analysis gives better prediction than intersection level modelling. 

 

Figure 5-2 Approach type I crashes R square plot 
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Figure 5-3 Approach type II crashes R square plot 

 

 

 

Figure 5-4 Approach type III crashes R square plot 

RMSD value is very high for the intersection model compared to the approach 

models, indicating that there is high variance in the predicted values in the 

intersection model.  
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5.8 Summary 

This chapter started with a description of the three types of crashes based on 

approach at an intersection. The three crash types, type I, type II and type III, were 

modelled separately. Descriptive analysis of crashes and independent variables for 

each approach was also provided. GOF and selection criteria for each of the 

approach models were given. For type I and type III crash models, NB regression 

gave better results, whereas the Poisson regression model was considered more 

appropriate for the type II crash model. The intersection and approach models were 

validated using R square, RMSD and MAE. The results showed that approach 

models performed better than the intersection model. Among the three approaches, 

result for approach type I was considered better than the others as it gave a higher 

value for R square as well as a lower value for RMSD and MAE. 
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6 CONCLUSIONS AND RECOMMENDATIONS  

6.1 Conclusions  

In this dissertation, we develop two crash prediction models (CPMs) for signalized 

T-intersections in Queensland, Australia: a CPM at intersection level and a CPM at 

approach level. The CPM at intersection level has long been considered to be an 

effective approach to establishing the relationship among crash count, intersection 

geometry and traffic conditions. However, as discussed in Haque (2009), the 

accuracy of the model is questionable. Indeed, it is sometimes difficult to explain the 

correlations between the geometry parameters of one approach and the crash count 

associated with another approach. Accordingly, various researchers assign crash 

count to different approaches. Nonetheless, how to make an appropriate assignment 

of the crash count is still an open question. In this study, by taking advantage of the 

spatial attributes of crashes, we develop a GIS tool to assign crashes to different 

approaches. On the basis of the crash assignment, a CPM at approach level is 

established. Further, a comparative study is carried out to demonstrate the 

effectiveness of the two proposed models. Results show that 1) the CPM at 

intersection level gives an acceptable but inaccurate prediction of crashes for 

signalized T-intersections in Queensland (R
2
 = 0.56); 2) the performance of the CPM 

at approach level is much better for signalized T-intersections in Queensland (R
2
 = 

0.80, 0.78, and 0.64 for the three approaches, respectively). The proposed models can 

be utilized for the purposes of intersection geometric design and traffic control.  

 

6.2 Recommendations  

The main objective of this research was to develop a crash prediction model for 

Queensland road conditions. In order to make a comprehensive model for 

Queensland, it was necessary to obtain data from all over Queensland. The road 

crash database for QLD was obtained from the DTMR for the years 2005 to 2009.  

The purpose of this research was to develop a crash prediction model for 

Queensland. This objective was fulfilled by compiling a database for statistical 

modelling from SCRs within the metropolitan region of the QLD DTMR. A database 

consisting of all intersections within 50m of the SCRs was compiled in the GIS 

during this process. The present database contains complete information on 41 
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intersections. The database also contains partial information on many other 

intersections. This database can be expanded in many ways. A few of them are as 

follows: 

1. Compiling a database of signalized T-intersections (for SCRs or including 

BCC intersections). 

2. Compiling a database of signalized and unsignalized T-intersections (for 

SCRs or including BCC intersections). 

3. Compiling a database of signalized cross intersections (for SCRs or 

including BCC intersections). 

4. Compiling a database of signalized T- and cross intersections (for SCRs 

or including BCC intersections). 
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APPENDICES

Appendix 1: 12 DTMR regions in Queensland 
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Appendix 2: Metropolitan region showing SCRs 
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Appendix 3: GIS map view of crash clusters at intersections 
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Appendix 4: Crashes at intersection (ID-1733) in Google Earth 
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Appendix 5: An “in-between-approaches” crash at an intersection 
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Appendix 6: Intersection level crash frequency per DCA code 

DCA 

Code 

Crash 

Frequency 

Crash 

Frequency 

% 

  
DCA 

Code 

Crash 

Frequency 

Crash 

Frequency 

% 

301 199 29.5 

 

408 4 .6 

202 127 18.8 

 

106 3 .4 

302 70 10.4 

 

107 3 .4 

703 37 5.5 

 

309 3 .4 

104 31 4.6 

 

800 3 .4 

303 30 4.5 

 

0 2 .3 

804 15 2.2 

 

103 2 .3 

708 14 2.1 

 

300 2 .3 

307 11 1.6 

 

700 2 .3 

308 11 1.6 

 

704 2 .3 

305 10 1.5 

 

706 2 .3 

1 9 1.3 

 

901 2 .3 

201 9 1.3 

 

2 1 .1 

406 9 1.3 

 

4 1 .1 

102 8 1.2 

 

9 1 .1 

207 8 1.2 

 

100 1 .1 

3 7 1.0 

 

304 1 .1 

306 7 1.0 

 

601 1 .1 

803 7 1.0 

 

605 1 .1 

607 6 .9 

 

610 1 .1 

808 5 .7 

 

705 1 .1 

400 4 .6 

 

707 1 .1 

   
    Total         674 100.0 
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Appendix 7: Approach level crash frequency per DCA code 

Approach Type I Approach Type II Approach Type III 

Crash_

DCA 

Approach I 

Crash 

Frequency 

Crash_

DCA 

Approach II 

Crash 

Frequency 

Crash_

DCA 

Approach III 

Crash 

Frequency 

301 78 302 58 202 110 

703 18 301 41 301 80 

303 15 104 20 703 11 

804 9 202 10 302 9 

202 7 303 9 303 6 

104 7 703 8 804 6 

708 6 308 7 708 6 

307 5 305 4 201 6 

102 5 307 3 104 4 

001 5 102 3 406 4 

305 4 001 3 207 4 

803 3 803 3 307 3 

607 3 306 3 003 3 

306 3 406 3 308 3 

302 3 708 2 305 2 

800 2 607 2 808 2 

704 2 207 2 408 2 

406 2 003 2 700 2 

207 2 808 2 309 2 

103 2 400 2 001 1 

003 2 201 2 803 1 

808 1 706 2 607 1 

707 1 107 2 306 1 

705 1 000 2 400 1 

408 1 800 1 106 1 

400 1 408 1 901 1 

308 1 300 1 601 1 

300 1 106 1 304 1 

201 1 901 1 107 1 

106 1 610 1 009 1 

100 1 605 1 
  

004 1 309 1 
  

002 1 
    

Total 195 Total 203 Total 276 

 

  



108 

 

Appendix 8: DCA (Definitions for Coding Accidents) 
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Appendix 9: Crash data classification 

S.N. Data category heading 

1 Crash reference number 

2 Crash year 

3 Crash severity 

4 Crash longitude (GDA94) 

5 Crash latitude (GDA94) 

6 Crash street 

7 Crash intersecting street 

8 Crash roadway feature 

9 Crash transport region 

10 Crash roads region 

11 Crash roads district 

12 Crash road sector ID 

13 Crash road sector T-distance 

14 Crash road sector intersection ID 

15 Crash traffic control 

16 Crash speed limit 

17 Crash surface condition 

18 Crash atmospheric condition 

19 Crash lighting condition 

20 Crash horizontal alignment 

21 Crash vertical alignment 

22 Crash DCA 

23 Crash DCA description 

24 Crash DCA group 

25 Crash DCA group description 

26 Crash time 

27 Crash day of week 

28 Crash fatality 

29 Crash hospitalized 

30 Crash medically treated 

31 Crash minor injury 

32 Crash total 

 


