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Abstract

An Identification Method for Hazardous Roadway Locations 

Considering Varying Dispersion of Traffic Crashes

Kim, Ducknyung

Department of Civil and Environmental Engineering

The Graduate School

Seoul National University

Transportation safety has been recognized as one of the most urgent 

social issues considering that there are huge amounts of loss due to 

accidents on roadways. The identification of hazardous locations is a 

methodology that is used to decide the spatial scope for safety 

improvements by quantifying the level of hazard.

The main purpose of this research was to improve the method for 

identifying hazardous locations and to validate the method based by 

simulation and by collecting actual data. Furthermore, in this research, 

the effects of varying dispersion, which is observed in actual crash data  

also was investigated.

In order to clarify the mathematical relationship between the 

properties of safety performance functions and the identification of 

hazardous locations, an evaluation was performed using simulation data. 

The performances of the identified locations were compared using the 

crash-count method (existing system) and the potential safety 
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improvement (PSI) method based on the predetermined true value. 

When the empirical Bayes method was applied, a generalized negative 

binomial regression model reflecting varying dispersion was evaluated 

in terms of estimation error for PSI. To overcome the limitations of the 

simulations, an evaluation was performed based on actual data. The 

statistical significance of the alternative model was evaluated. In 

addition, the practicality of its application was examined according by 

evaluating the level of hazard based on reproducibility. 

This research is applicable to the road safety audit process on 

expressways. The method suggested in this research provides an 

accurate spatial scope, which is definitely required for safety 

improvement projects. Also, this method improved the accuracy of the 

analysis and reduces associated costs.  

  

Keywords : hazardous roadway locations identification, varying 

dispersion, generalized negative binomial regression 

model. empirical Bayes method, potential safety 

improvement 

Student Number : 2010-31004
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1. INTRODUCTION

1.1 Research Background and Purpose

1.1.1 Research Background and Necessity

During the era of Industrialization and modernization, the issues of 

concern regarding transportation systems were mostly about their 

growth and mobility rather than safety. However, as the level of 

national income and the quality of life increased, the importance of the 

quality of transportation system has been emphasized continuously. In 

Korea, 223,656 traffic crashes occurred in 2012, and about 24.6 trillion 

KRW were spent on traffic crashes. Therefore, transportation safety 

has been recognized as one of the most urgent social issues relating to 

human life, not only in Korea, but also on a global scale. In recent 

years, various researchers have conducted studies in this field, and a 

number of governmental policies of improving transportation safety 

internationally.    

In order to identify and improve the safety problems using a 

quantitative method, the American Association of State Highway and 

Transportation Officials (AASHTO) published the 'Highway Safety 

Manual’(HSM) in 2010, and The Korea Expressway Corporation 

published ‘Korea Expressway Safety Manual’(KESM) in 2014. As 

shown in Figure1.1, the three main causes of vehicle crashes are human 

factors, vehicle factors, and roadway factors. Figure 1.1 implies that the 

probability of crashes occurring can be reduced up to 34% through the 

roadway safety improvement project.
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<Figure 1.1> Contributing factors to vehicle crashes 

Since 1989, Korea has implemented its safety improvement project 

and concentrated on the roadways that had a high number of accidents. 

In order to remove latent risk factors, the project consisted of methods 

that aimed to improve geometric conditions and the installation of safety 

facilities. The project clearly has had a positive effect in that the 

number of crashes has been reduced, even though the reduction rate 

has been decreasing recently. Therefore, there is now a pressing need 

to review the current criteria that are used to identify particular 

locations as hazardous. Korea, Belgium, Germany, and Hungary have 

identified hazardous locations using the crash-count method. This 

method provides intuitional interpretation, but it has several limitations. 

First, the hazardous locations that are identified are concentrated 

mostly in locations that have relatively high exposure variables. For 

instance, even though some locations have inevitable problems relating 

to safety, the level of hazard is underestimated due to low Average 



- 3 -

Annaul Daily Traffic (AADT). Second, it is not easy to know whether 

the main cause of a high crash count is the level of exposure or other 

safety problems. The difficulties in distinguishing these causes and the 

unclear separations can lead to inefficiencies in the project. Third, this 

method does not take random fluctuations of crashes into account, 

creating false positive and false negative errors. 

To overcome the limitations of the crash-count method, Austria, 

Denmark, Japan, Norway, Portugal, and Switzerland have set normal 

levels of safety in hazardous locations, and they have identified valid 

locations by comparing results. This method can consider the potential 

safety improvement (PSI) derived from differences between the 

observed crash count and the normal level of safety. To estimate PSI 

accurately and remove various types of bias, extensive research has  

been performed in terms of the applications of Safety Performance 

Functions (SPFs) and the empirical Bayes (EB) method.

Crash data on Korea’s expressways show over-dispersion, and this 

indicates that the variance of the crash count is larger than its mean 

value. In addition, the degree of over-dispersion can fluctuate 

depending on the magnitudes of the exposure variables, a phenomenon 

that is called ‘varying dispersion.’ Although varying dispersion is 

observed in actual data, the traditional models in HSM and KESM  

assume that dispersion is fixed, which implies that the over-dispersion 

is homogeneous throughout the entire segment. These characteristics of 

the traditional model create estimation errors for PSI with EB method 

and, ultimately, erroneous identification of hazardous locations. Based 
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on the background that has been presented, it is apparent that an 

improved method of identifying hazardous locations is required to 

overcome the limitations of the existing system. The effectiveness of 

alternative methods must be evaluated based on scientific theories, 

which can further provide a fundamental structure for political 

practicality. 

1.1.2 Research Purpose

The background information that has been provided contains two 

main issues, i.e., 1) how to quantify the hazard level and 2) how to 

reflect the varying dispersion that is apparent in actual crash data. 

Given that background information, the aims of this research are defined 

below.

The main aims of this research are to improve the method of 

identifying hazardous locations identification and to validate the 

suggested method based on and supported by simulations and actual 

data. To achieve these main aims sub-aims are identified as follows.

The first sub-aim is to develop an analysis framework to quantify 

the properties of SPF connected with the identification of hazardous 

locations. In the previous literature, due to the lack of the accurate 

information regarding hazardous locations, the information provided is 

limited to the statistical significance of SPF.  In order to reduce the 

limitations, in this research, it is suggested that the simulation test bed 

must include true information concerning hazardous locations. This 

framework allows a robust investigation of the mathematical relationship 
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between SPF and the identification of hazardous locations.  

Second, the objective of identifying hazardous locations is to 

prioritize the level of hazard according to the identified safety problems. 

This research suggests the best method, which can address the 

fundamental reason between the following three factors, i.e., the level 

of exposure, random noise, and safety problems. To evaluate the 

practicality of the best method, the evaluation of the level of hazard 

based on reproducibility was performed.

The last aim is to confirm the presence of varying dispersion using 

descriptive statistics and inferential statistics. In this research, the 

effects of the statistical significance of SPF and the performance of 

identifying hazardous locations were investigated. 
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1.2 Research Scope and Composition

1.2.1 Research Premise and Scope 

In Korea, the crash-count method is used to quantify the level of 

hazard. Therefore, some locations that require safety improvement 

projects were defined as high crash (collision or accident) 

concentration locations. However, instead of looking at the absolute 

number of crashes in particular locations, the alternative method in this 

research considers the locations at which the number of crashes 

exceeds the normal level of safety. Thus, the alternative terminology of 

‘hazardous locations’ is used in this research. The hazardous 

locations are also called as ‘sites with promise’ and ‘crash prone 

locations.’ 

A transportation system is organized with roadways (links) and 

intersections (nodes). This research is focused on roadways that 

maintain identical traffic volumes within specific segments. 

In this research, count data regression were analyzed, and the 

results were interpreted by magnitude of the crash count. Methods 

dealing with crash severity level, such as Equivalent Property Damage 

Only (EPDO) and Relative Severity Index (RSI), were not addressed in 

this research.

Two kinds of datasets were used to evaluate the performance, as 

indicated in Table 1.1. The simulation data include true information 

concerning hazardous locations. The identification results were 

evaluated with true positive, false positive error, false negative error, 
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and estimation error for PSI to investigate the statistical properties of 

SPF. The actual data exclude the true values. In order to determine the 

practicality of the proposed method and the model, the results were 

evaluated with the level of hazard based on reproducibility, such as a 

sum of crashes, a sum of crashes exceeding SPF, and proportion of 

error (the number of crashes that did not exceed SPF). Thus, the two 

kinds of data had a complementary relationship.

                

Analysis data Performance indices

Simulation 

data

∘ True positive : Identify true value

∘ False positive error : Identify false value

∘ False negative error : Exclude true value

∘ Estimation error for PSI : PSItrue-PSIestimated

Actual 

data

∘ Level of hazard based on reproducibility

 - Sum of crash count

 - Sum of crashes exceeding SPF

 - Proportion of crashes do not exceeding SPF

<Table 1.1> Two kinds of data and performance indices 

   

1.2.2 Research Composition and Procedure

In chapter 2, the literature concerning generalized linear models, 

especially crash prediction models, is reviewed extensively. In addition, 

methods for identifying hazardous locations were identified in terms of 
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the estimation of PSI, the application of the EB method. Finally, the 

originality of this research was confirmed by the two issues that were 

addressed.

Chapter 3 provides a detailed description of the construction of the 

simulation test bed. Statistical distributions were  examined for random 

crash data. The logical basis for setting true value for hazardous 

locations and reflecting over-dispersion was proposed. Then, the 

algorithm for constructing the simulation test bed and the research 

framework for evaluation followed. 

In chapter 4, the existing system using crash count, the PSI method, 

and the PSI method with the EB method were evaluated based on 

simulation data. The EB method was classified with fixed dispersion and 

varying dispersion. The predetermined performance indices were 

compared to derive the implications. 

In chapter 5, descriptive statistics and inferential statistics were 

determined based on actual crash data from Korea’s expressways to 

confirm the presence of varying dispersion. The traditional SPF in 

which fixed dispersion is assumed was compared to an alternative SPF 

in which varying dispersion was assumed using a statistical significance 

test. The hazardous locations on each expressway were identified 

based on the existing system and the suggested method. in order to 

check the practicality of the approach, the level of hazard based on 

reproducibility was evaluated.  

In chapter 6, directions are introduced for the practical application of 

the suggested method and its correlation with the Road Safety Audit 
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(RSA) of Korea’s expressways. The connectivity between this 

research and the previous safety manuals was examined in terms of 

performance indices for the identification of hazardous locations. 

Statistical tests were proposed to select the best form of SPF in 

accordance with properties of the crash data.

The last chapter includes concluding remarks and suggestions for 

further research.
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<Figure 1.2> Research composition and procedure  
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2. LITERATURE REVIEW

2.1 Safety Performance Function

The Safety Performance Function (SPF) is a mathematical model 

that is used to predict the number of crashes using various explanatory 

variables, including traffic volume, geometric condition, and others. As 

shown in Equation 2.1, the predicted number of crashes for a specific 

segment is calculated using several factors, such as SPF, Crash 

Modification Factors (CMFs), and a local calibration factor. 

   ×  ×   ×  ×  (Equation 2.1)

Where,
∘  : Final predicted the number of crashes
∘   : Predicted the number of crashes estimated by SPF
∘  : Crash modification factor for condition 
∘  : Local calibration factor

SPF estimates the mean of crash frequency before and after a given 

period. Thus SPF can be used  to estimate CMF and to perform an 

evaluation of safety effectiveness. Furthermore, SPF can be used to 

identify hazardous locations by suggesting the normal level of safety for 

given segments. HSM, which was published by AASHTO, provides SPFs 

for rural two-lane, two-way roads; rural multi-lane highways; and 

urban and suburban arterials. Equation 2.2 shows a SPF for a rural 

two-lane, two-way road. 
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     ×  ×  ×   ×   (Equation 2.2)

Where,
∘    : Predicted number of crashes for ural two-lane, 

two-way roads in United States (crashes/year) 
∘  : Annual average daily traffic (veh/day)
∘  : Segment length (miles)

The Korea Expressway Corporation suggested SPFs for 14 

expressways in Korea. Equation 2.3 shows SPF for the Kyungbu 

Expressway, for which AADT and segment length are independent 

variables.

     ×  ×   (Equation 2.3)

Where,
∘    : Predicted the number of crashes for Kyungbu 

expressway in Korea (crashes/year)
∘  : Annual average daily traffic (veh/day)
∘  : Segment length (km)

In order to estimate SPF, an ordinary linear regression model can be 

used as the basic form. All of the coefficients in a multiple regression 

model are estimated by the ordinary least squares procedure. The error 

term of such a model is independently and identically normally 

distributed (∼ ). Moreover, the relationship between the 
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independent and dependent variables is limited to the linear form. 

El-Basyouny and Sayed (2006) and Miaou and Lord (2003) stated that 

an ordinary linear regression model is not suitable for handling crash 

data, which consist of non-negative, integer values. Therefore, most of 

the previous research estimated SPF using the Poisson or Negative 

Binomial (NB) regression models, which are based on a generalized 

linear model.

2.1.1 Generalized Linear Model

As mentioned above, crash data are categorical (crash/not crash) 

and discrete (0, 1, 2,..., n). In this case, the Generalized Linear Model 

(GLM) can be used to measure the central tendency instead of the 

individual characteristics. When a specific probabilistic distribution for 

response variable   is assumed as binomial, Poisson, normal and 

others. Explanatory variables are used to estimate the central tendency 

of distribution. In this context, explanatory variables become systematic 

components, and information about probabilistic distribution becomes an 

error component in GLM (Park, 2006). 

While a multiple regression model assumes that the relationship 

between the expected value of the response variable   and the 

systematic component is 1:1 linearity, GLM expands this relationship to 

a more comprehensive aspect using a link function. Thus, GLM 

substitutes · into the response variable  . The Poisson regression 

model, the logistic regression model, and the Cox proportional hazard 

model were derived by GLM through various types of link functions. A 

form of GLM is suggested in Equation 2.4. 
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         (Equation 2.4)

Where,
∘ · : Link function 
∘  : Central tendency of error component
∘   : Estimated coefficients
∘   : Explanatory variables

<Figure 2.1> Assumptions for error component according 
to various events 

As shown in Figure 2.1, the crash process is approximated by a 

Poisson distribution. When the an error component inherently includes  

Poisson distribution, the link function is defined as a log function. Thus, 

the left side of GLM is converted from   to ln . Finally, as 

suggested in Equation 2.5, the GLM of crash data is derived as an 

exponential function. 
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  Ln 
∴Ln        

    exp       

(Equation 2.5)

In the modeling process, variance can be used to investigate the 

accuracy of the estimated models. However, the Poisson distribution 

assumes that the variance is equal to the mean. Thus, it is difficult to 

examine the accuracy of the function, since the magnitude of the 

variance depends on the magnitude of  . The multiple, 

linear-regression model, in general, assumes that the error component 

has a normal distribution and uses the ordinary least squares procedure 

to estimate coefficients. GLM’s error components are assumed to 

follow the Poisson distribution, and they are estimated through the 

maximum likelihood procedure. During the procedure, the restriction 

that limits the error components to being normally distributed is 

relaxed. Moreover, the homogeneity of the variance is reflected in the 

model’s estimation process through the link function.

In order to estimate coefficients with the maximum likelihood 

procedure, the likelihood function based on a specific distribution should 

be determined in advance. Then, coefficients that induce the maximum 

value for the log likelihood function are estimated. Irrespective of the 

distribution that is assumed for the error component, the form of the 

likelihood function is changed, but the calculation procedure remains the 

same.
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2.1.2 Poisson Regression Model

As shown in Equation 2.6, in order to estimate SPF with Poisson 

regression, the theoretical distribution for response variable   is 

defined as a Poisson distribution. 

  

exp 
 

(Equation 2.6)

Where,
∘  : Probability for that  crashes occurred during given 

period on segment   
∘  : Poisson parameter for segment 

The suggested Poisson parameter () becomes the expected value 

for annual crash count ( ) on roadway segment . SPF estimates the 

expected value using various explanatory variables. Simple SPF only 

includes exposure variables, such as AADT and the length of the 

segment. Conversely, inclusive SPF includes additional variables, such 

as geometric conditions, operational conditions, and traffic-flow 

conditions (Alluli and Ogle, 2012). 

According to the GLM procedure, the Poisson regression model is 

derived as Equation 2.7. With the consideration of Equations 2.6 and 

2.7, the likelihood function is derived as Equation 2.8. For convenience, 

the log likelihood function is suggested as shown in Equation 2.9.
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Ln     
∴  exp     

(Equation 2.7)

Where,
∘  : Estimated coefficients
∘   : Explanatory variables

 

 

exp exp exp 
 

(Equation 2.8)

Where,
∘  : Likelihood function to estimate coefficient 

 


 exp    Ln   (Equation 2.9)

Where,
∘  : Log likelihood function to estimate coefficient  

By the process of first- and second-order condition for the log 

likelihood function, unbiased and efficient coefficients can be estimated. 

According to assumptions for the Poisson regression model, crash data 

also comply with the properties of a Poisson distribution. For a roadway 

with an individual crash count        and its corresponding 

mean of the crash count       , the variance of the crash count 

is the same as the mean (            ).

However, most of the previous research empirically suggested the 

over-dispersion phenomenon, which implies that the value of variance 

exceeds the value of the mean. To account for this property, exclusive 
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efforts have been performed by improving the systematic components 

in SPF. Unfortunately, there are limitations to being able to quantify all 

of the causes related to the occurrence of a crash. The ability to clarify 

the general relationship between the number of the crashes and the 

explanatory variables also is limited, so a mixed Poisson regression 

model is suggested for the secondary option.

Zhong et al. (2009) developed Poisson, NB, zero-inflated Poisson, 

and zero-inflated NB regression models using crash data from the 

expressways in China. Over-dispersion was observed from the 

chi-squared test. Thus, based on the various statistical indices, the NB 

regression model was more statistically significant than the Poisson 

regression model. With a similar framework, Kwak et al. (2010) 

compared the various types of SPF for the Kyungbu Expressway in 

Korea, and they suggested that the NB regression model was the best 

form of SPF for that particular case.

     

2.1.3 Negative Binomial Regression Model

When data are over-dispersed, the Poisson regression model 

provides biased estimates. To overcome this problem, the 

Poisson-gamma regression model, also called the NB regression model, 

is suggested as an alternative. 

Berk and MacDonald (2008) suggested four kinds of causes for 

over-dispersion: ⅰ) omission of explanatory variables, ⅱ) misspecification 

of functional forms, ⅲ) random variation of conditional expectations, 

and ⅳ) correlations between dependent variables. Problems with ⅰ) 
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and ⅱ) can be overcome by improvement of the systematic 

components. However, stochastic errors, such as ⅲ) and ⅳ), still exist 

in the data. To reflect over-dispersion in the structure of the model, 

the NB regression model, as shown in Equation 2.10, is recommended. 

The additional error term, exp, follows a gamma distribution with E

[exp]=1, and, consequently, Var[exp] =.

  exp    exp · exp (Equation 2.10)

Where,
∘  : Error term
∘ exp∼ 

As suggested in Equation 2.11, the NB regression model permits the 

relaxation of the assumption that the variance is equal to the mean by 

introducing a gamma random effect in a multiplicative way. Thus, the 

over-dispersion parameter () implies the degree of variance 

exceeding the mean. Equation 2.12 shows the probability density 

function for a negative binomial distribution. Consequently, the 

likelihood function is derived as Equation 2.13.
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·      

             

                      

                        

    ·    · 

  

(Equation 2.11)

Where,
∘ ∼ ,      ,    

∘ ∼ ,    ,    

  

  
 


  



  (Equation 2.12)

Where,
∘ · : Gamma function

  

  
 exp 


  exp 

exp 

 

(Equation 

2.13)

There has been extensive research globally concerning estimating 

SPF based on the NB regression model, which provides the 

over-dispersion parameter that is important when assigning a weighting 

factor in the EB method.

SPFs in the HSM do not cover all of the nationwide characteristics of 

crash data in the United States. Therefore, HSM recommended that 

each state use SPFs developed for specific sites or use default SPFs in 
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HSM along with local calibration factors. Lubliner and Schrock (2012), 

Xie et al. (2011), Marinelli et al. (2009), and Banihashemi (2012) 

suggested the use of specific calibration processes to default SPFs in 

HSM and SafetyAnalyst.

Apart from the research about the calibration process, there has 

been a lot of research directed at estimating site-specific SPFs. In 

order to reflect the unique characteristics of each site, various types of 

explanatory variables have been considered in the estimation process. 

To estimate SPFs for Kansas, Bornheimer et al. (2012) used AADT, 

segment length, lane width, shoulder width, road side hazard rating, 

driveways per mile, the posted speed limit, geometric conditions, and 

crashes involving animals. Brimley et al. (2012) estimated SPFs for 

Utah using the presence of a passing lane, the presence of rumble 

strips, and the percentage of single-unit and combo-unit trucks. 

Hadayeghi et al. (2003) estimated macro-level SPFs for evaluating the 

safety of urban transportation systems. They used socioeconomic and 

demographic variables (e.g., total population, population density, number 

of households, total employed, and number of vehicles ), network and 

supply variables (e.g., number of intersections, kilometers of major and 

minor roads, and area), and traffic variables (e.g., posted speed, V/C, 

volumes of in-flow and out-flow traffic volume, and VKT).     

All of the suggested models were estimated by the NB regression 

model. Previous researchers have attempted to improve statistical 

significance by considering various types of explanatory variables. Such 

efforts can control the covariates that are inherent in crash data. 
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However, it is extremely expensive to collect such variables. 

Furthermore, the significance of the estimated SPFs may be affected by 

the quality of the database. For Georgia, the site-specific SPFs had 

lower statistical significance than the nationwide default SPFs from 

SafetyAnalyst because the data for average daily traffic volume were 

collected from only 25% of the road (Alluri and Orgle, 2012).

Although two segments of the roadway may have the same 

explanatory variables, a different number of crashes can occur due to 

the unobserved heterogeneity, which cannot be observed from 

explanatory variables. Therefore, some researchers classify the entire 

segment into some similar sub-segments using the market 

segmentation method. 

Tu et al. (2012) estimated SPFs for an urban expressway in 

Shanghai using the NB regression model. They classified the roadway 

as four types, i.e., basic, merging, diverse, and weaving. Lu et al. 

(2012) estimated SPFs using the NB regression model. In their 

research, they proposed a method using GIS and spatial manipulation 

techniques to identify and separate segments that were influenced by 

interchange areas on the freeway network in Florida. Kim et al. (2013) 

divided the total segment into three sub-segment groups using 

clustering analysis to estimate SPFs for expressways in Korea. They 

investigated the statistical significance of market segmentation based on 

various types of statistical indices.    
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2.1.4 Generalized Negative Binomial Regression Model

In accordance with the formulation of over-dispersion, NB and the 

Generalized Negative Binomial (GNB) regression model are separated. 

The NB regression model provides the degree of over-dispersion with 

a fixed parameter, i.e., the over-dispersion parameter. This implies that 

degree of over-dispersion is constant for all of the segments. However, 

recent research has shown that the over-dispersion parameter 

potentially can be dependent on the covariates of the model and could 

vary from one observation to another (Geedipally et al., 2009). The 

GNB regression model provides the degree of over-dispersion with the 

dispersion function. Thus, the GNB regression model provides 

variations in dispersion, which are calculated by the combination of 

explanatory variables and coefficients, as shown in Equation 2.14.

  exp 


  or   exp 


 (Equation 2.14)

Where,
∘  : Estimated coefficients for dispersion function
∘    : Explanatory variables for dispersion function

The GNB regression model also is referred to as the modified 

negative binomial regression or heterogeneous negative binomial 

regression. The GNB regression model can reflect unobserved 

heterogeneity, which implies varying misspecification errors for the 

function relating to the explanatory variables. The effectiveness of such 
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properties becomes clear when the EB method is used. In addition, the 

GNB regression model provides a better statistical fit. As suggested in  

Equation 2.15, the predicted number of crashes for roadway segment  

is the same as Equation 2.10, except that the coefficient  is estimated, 

allowing observed variability in .


        exp  (Equation 2.15)

Where,
∘ 

 : Predicted the number of crashes estimated by GNB
∘  : Over-dispersion parameter estimated by dispersion function
∘  : Coefficients for SPF
∘   : Explanatory variables

Miranda-Moreno et al. (2005) estimated SPFs for roadway-railroad 

intersections in Canada. They compared the NB, GNB and Poisson-log 

normal regression models based on the Akaike Information Criterion 

(AIC) index. As a result, there was a slight difference between the 

GNB model and the Poisson-lognormal regression model, but the latter 

can be applicable to the full Bayes method. 

Lord and Park (2008) estimated SPFs for three-leg intersections in 

California using the NB and GNB regression models. In order to 

compare the statistical fit for the estimated SPFs, AIC, the Bayesian 

Information Criterion (BIC) index, and a cumulative residual (CURE) 

plot were suggested. The results showed that the GNB regression 

model had relatively lower residual error than the NB regression model. 
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They also indicated that the identification of hazardous locations is 

depends on the types of SPFs. 

 Miaou and Lord (2003) estimated SPFs for 4-leg intersections in 

Ontario. They investigated the effects of varying dispersion, functional 

form, EB method, and the full Bayes method. Geedipally et al. (2009) 

emphasized the importance of varying dispersion. They also estimated 

dispersion functions to compare 10 types of functional forms using 

crash data on roadways in Texas, California, and Washington.  

El-Basyouny and Sayed (2006) estimated SPFs for arterials located 

in Vancouver and Richmond. They compared the GNB and NB 

regression models based on the likelihood ratio test. All of the previous 

research dealing with varying dispersion has shown that the GNB 

regression model has a better fit than the NB regression model. 

2.1.5 Other Forms of Safety Performance Function

In this chapter, other forms of SPFs are briefly examined. In order 

to accommodate unobserved heterogeneity, some researchers have 

proposed an endogenous structure. Anastasopoulos and Mannering 

(2009) and Dinu and Veeraragavan (2011) estimated SPFs using a 

random parameter model. All of the coefficients in this model were 

estimated in the form of a distribution. Therefore, when safety analysis 

is conducted using this model, an additional simulation process is 

required to select representative parameters within a specific 

distribution. 

SPFs are used to calculate the benefit of safety improvement 
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projects or to identify hazardous locations. SPFs also provide 

mathematical causality between given conditions and the level of safety. 

SPFs based on GLM are limited to the form of an exponential function. 

In order to relax this limitation and minimize the gap between the 

mathematical properties and the physical aspects, Kononov et al. 

(2011) proposed the use of a sigmoid function using neural network 

theory. As a result of the CURE plot, the neural network model had a 

better statistical fit than the traditional model. The neural network 

model can describe the properties of a given dataset more efficiently 

due to its flexible functional form. However, this model is estimated by 

the heuristic approach, so suggested models may not be transferable to 

other datasets.  

Lord and Mannering (2010) examined the advantages and 

disadvantages of various types of SPFs, and their results are 

summarized in Table 2.1. 
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Model type Advantages Disadvantages

Poisson
∘ Most basic model

∘ Easy to estimate

∘ Can not handle over and 

under-dispersion; 

negatively influence by the 

low sample mean and 

small sample size bias

Negative binomial

(Poisson-gamma)

∘ Account for 

over-dispersion

∘ Can not handle 

under-dispersion; 

negatively influence by the 

low sample mean and 

small sample size bias

Poisson- 

lognormal

∘ More flexible than the NB 

to handle over-dispersion

∘ Can not handle 

under-dispersion; 

negatively influence by the 

low sample mean and 

small sample size bias

∘ Can not estimate a  

varying dispersion 

Zero inflated 

Poisson, NB

∘ Handles datasets that have 

a large number of zero 

crash observations  

∘ Can create theoretical 

inconsistence

Random 

parameters

∘ Account for unobserved 

heterogeneity

∘ Complex estimation 

process; may not be 

easily transferable to 

other datasets

Neural network

∘ Non-parametric approach

∘ Flexible functional form

∘ Better statistical fit than 

traditional model

∘ Complex estimation 

process; may not be 

easily transferable to 

other datasets

∘ Work as black boxes; may 

not have interpretable 

parameters
Reference : Lord and mannering(2010)

<Table 2.1> Advantages and disadvantages for various types of SPFs
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2.2 Identification of Hazardous Locations 

2.2.1 Purpose and Performance Index

The identification of hazardous locations is a process in which unsafe 

segments are sorted out from overall segments using performance 

indices; this process also is referred to as the network screening 

process in HSM. This process primarily provides candidates that have 

been selected for a project to improve safety. Along with the diagnostic 

process, such as a field survey, the final spatial scope is determined for 

the project. When realistic constraints are considered, such as budget 

and time, it is impossible to investigate and diagnose the entire 

roadway. Therefore, the identification of hazardous locations is directly 

connected with the efficiency and effectiveness of the safety project.  

Cheng and Washington (2005) mentioned that the objective of hot 

spot identification is to identify transportation system locations (road 

segments, intersections, interchanges, ramps, etc.) that possess 

underlying correctable safety problems, and whose effect will be 

revealed through elevated crash frequencies relative to similar 

locations. Hauer et al. (2002) suggested the ‘Most Bang for the 

Buck’ (MBB) principle, which implies that investments should be made 

where they achieve the greatest enhancements of safety. They also 

posited that the process of identifying hazardous locations should be 

combined with detailed engineering studies. 

As suggested in Table 2.2, two assumptions are made to quantify the 

level of hazard on roadways. 
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Concept Characteristics Related nations

1

∘ Intuitional interpretation

∘ Can not consider 

efficiency of investment

∘ Underestimate the level 

of hazard for low AADT 

locations

∘ Korea

∘ Belgium

∘ Germany

∘ Hungary

2

∘ Can consider efficiency 

of investment

∘ MBB principle

∘ Application is complicated

∘ Austria

∘ Denmark

∘ Japan

∘ Norway

∘ Portugal

∘ Switzerland

<Table 2.2> Two assumptions for quantification of level of hazard

As shown in Table 2.2, result of identification of hazardous locations 

is dependently changed according to the assumptions made to quantify 

the level of the hazard. Therefore, the previous literature has focused 

on the comparison and the evaluation of hazardous locations, 

considering various types of criteria, performance indices, and 

identification methods.

Research for the identification of hazardous locations can be 

separated into two areas, i.e., 1) the identification method to suggest 

specific start and end points for hazardous locations and 2) performance 

indices to quantify the levels of hazard.

HSM suggested two methods for network screening, Sliding Moving 

Window (SMW) and Peak Searching (PS). In order to improve these 

two methods, Chung et al. (2009) suggested the continuous risk profile 
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(CRP) method. The CRP method calculates performance indices 

continually using the moving average method, resulting in relaxing the 

discontinuities in the identification of hazardous locations and reflecting 

the spatial correlation of the crash data. Kwon et al. (2013) compared 

the identification results from the SMW, PS, and CRP methods using 

crash data on freeways in California. The results were matched with 

those in Table-C provided by California’s DOT, and the superiority of 

the CRP method was validated.

In the literature relating to quantification of the level of hazard, the 

effects of various types of performance indices were compared, and the 

best ones were identified. HSM suggested 13 kinds of performance 

indices, which included ⅰ) crash count, ⅱ) crash rate, ⅲ) 

consideration of crash severity, ⅳ) comparison with criteria estimated 

from SPFs, and ⅴ) the EB method.

The crash count index provides a list of locations ranked in the 

order of the number of crashes. This method is easy to use and induces 

intuitional interpretation. However, it does not consider regression to 

the mean bias, and false negative errors for low AADT locations are 

likely to occur due to the lack of the comparative evaluation criteria. 

Hazardous locations have been identified in Korea based on this index.

The crash rate index can consider the level of crash exposure by 

either dividing the crash count by traffic volume or segment length, or 

it can be divided by both measures. However, this index limits the 

relationship between exposure and crash count to linearity (Miranda 

-Moreno et al., 2008), and it may not consider regression to the mean bias. 
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In the case of the index relating to crash severity, EPDO and RSI are 

generally used to convert various levels of severity to standardized 

criteria. This index can consider the level of hazard in terms of crash 

severity. However, additional discussion to decide a weighting for the 

severity level should be performed in advance. Also, this index cannot 

consider regression to the mean bias. 

In case of comparison with criteria, the normal level of safety is 

estimated using SPFs. When some locations have higher numbers of 

crashes that exceed the criteria, such locations have a higher ranking 

within the process of identifying hazardous locations. Using SPFs, 

Kononov and Allery (2003) proposed a method to classify the level of 

service of safety. This index can consider the level of crash exposure 

by the formulation of the SPFs. However, this index also cannot 

consider regression to the mean bias.

  The EB method can consider regression to the mean bias and 

eliminate random noise in crash data. It estimates the long-term true 

mean of the total crash count as well as PSI. In order to apply the EB 

method, weighting factors for the observed and predicted number of 

crashes should be decided in advance. In order to use the EB method, 

SPFs that include the over-dispersion parameter definitely are 

required.

In accordance with the objective of analysis, each performance index 

is applied selectively. To consider various types of bias, additional 

analysis procedures, such as the estimation of SPFs and the application 

of the EB method are followed. While estimations of SPFs are being 
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conducted, the normal level of safety is dependently changed according 

to the type of SPFs and the assumption for over-dispersion. Such 

variations also affect the weighting factor within the EB method. Also, 

the results of the identification of hazardous locations are changed.

Performance index

Total crashes on 20 worst locations identified

Intersection Roadway

1988-1990 1991-1993 1988-1990 1991-1993

A Accidents 1,231 1,047 3,323 1,232

B Accidents rate 742 566 1,535 336

C Empirical Bayes (EB) 1,230 1,118 2,444 1,438

D EB – SPF (PSI) 1,161 968 3,278 1,315
Reference : Persaud et al. (1999)

<Table 2.3> Example of evaluation of level of hazard based on reproducibility  

Persaud et al. (1999) compared four kinds of performance indices to 

identify hazardous locations in Ontario and classified the given dataset 

into two groups. Crash data from 1988 to 1990 were used to identify 

hazardous locations, and crash data from 1991 to 1993 was used to 

evaluate the level of hazard based on reproducibility. As indicated in 

Table 2.3, locations that were identified with index C had relatively high 

levels of hazard. 

The suggested analysis framework assumes that the level of hazard 

in locations persisted over time. This framework has number of 

limitations, including the following: ⅰ) it cannot consider random 

fluctuation in crash data, ⅱ) misinterpretations can occur when safety 

improvement projects are implemented at hazardous locations, and ⅲ) 
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site-specific attributes cannot be considered. However, since 

information for true hazardous locations is not available in actual crash 

data, the suggested analysis framework is still the best way to evaluate 

performance. 

Montella (2010) suggested seven kinds of performance indices and 

evaluated them with respect to identifying hazardous locations on 

roadways in Italy. This research attempted to answer the question of 

the relative differences between performance indices and identification 

results using a) a site consistency test, b) a method consistency test, 

c) total rank of the different tests, and d) a total score test instead of 

an absolute performance evaluation due to lack of information 

concerning actual hazardous locations. In this comparative evaluation, 

the EB method provided consistent and reliable identification results.

As suggested above, research based on actual data has evaluated 

performance using surrogate variables, such as the continuity of the 

level of hazard and the consistency of identified results. Consequently, 

in order to relax such limitations, research based on simulation data has 

been performed. 

Cheng and Washington (2005) proposed a framework for generating 

random crash count data using the Poisson and gamma distributions. 

They calculated and compared the false positive error and false 

negative error to evaluate various performance indices. Again, the EB 

method effectively identified the predetermined true hazardous 

locations. 

Maher and Mountain (1988) also compared crash count and PSI 
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based on a simulation approach. They indicated that the accuracy of the 

identification using PSI was related to the statistical significance of the 

SPFs. When the quality of the SPFs was not satisfied with statistical 

significance, crash count was a rather convenient and an accurate way 

to quantify the level of hazard.

In the previous literature, both levels of exposure and random 

fluctuation were accommodated in the simulation data. However, there 

were some limitations in describing the true hazardous locations. Most 

of them used the gamma distribution to elevate the number of crashes 

intentionally. This structure generated outliers for a specific year, but, 

in the long-term, the true mean of their level of hazard was 

asymptotically the same as that of normal locations. In order to 

consider temporal correlation of crash count, an additional logical basis 

is definitely required to separate the long-term true mean between 

normal and hazardous locations. 

2.2.2 Potential Safety Improvement Using the Empirical Bayes Method

Hauer (1997) suggested the use of the Regression To the Mean 

(RTM) phenomenon in crash data, which implies that crash data 

fluctuate randomly along with the long-term true mean. If a variable is 

extreme when it is first measured, it will tend to be closer to the 

average on its second measurement. When a short-term dataset is 

used, the safety effectiveness of a specific project (treatment) is 

derived from the perceived effectiveness of the treatment, as shown in 

Figure 2.2. However, when a long-term dataset is used, safety 
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effectiveness is calibrated using the actual reduction due to treatment. 

Such misevaluated effect is defined as regression to the mean bias.

 

 

<Figure 2.2> Regression to the mean bias 
 

To derive an accurate assessment of effectiveness, RTM reduction 

should be considered. In order to estimate the long-term true mean 

(expected average crash frequency) indicated by the bold line in Figure 

2.3, an extra mathematical remedy is required. Most of the previous 

research that examined crash data used Bayesian inference to eliminate 

the random noise in the crash data.  

Bayesian inference is different from frequentist inference. In the 

Bayesian approach, it is assumed that the observed value () follows a 

probabilistic rule with a density or probability function ( ). 

Conditional probability is suggested in Equation 2.16, and the Bayes 

theorem is derived from the conditional probability and the law of total 

probability.
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<Conditional probability>

  
∩

∩         

(Equation 2.16)

<Law of total probability>

      
(Equation 2.17)

<Bayes theorem>

    
       

     




  



    

     
(Equation 2.18)

  

Initially, the prior distribution is defined in order to estimate 

parameter  . Then, the posterior distribution is obtained by the Bayes  

theorem and the likelihood function. Equation 2.19 provides the 

posterior distribution for discrete distribution and continuous 

distribution. 

<Posterior distribution>
      

      or     

    (Equation 2.19)
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    ×    ×  (Equation 2.20)

Where,
∘    : Posterior distribution for Poisson-gamma model
∘  : Prior distribution
∘   : Mean of likelihood function
∘   : Weighting factor

Most of the safety research using Bayesian inference has used the 

Poisson-gamma model. It is assumed that the observed number of 

crashes () follows a Poisson distribution the mean of which is equal to 

 .  indicates the long-term true mean for the given segment, including 

represented traits (observable characteristics) and unrepresented traits 

(unobservable characteristics). 

The posterior distribution, which provides the Bayesian estimates, is 

derived from the integration of the prior distribution (Poisson) and the 

conjugate prior distribution (gamma). According to research conducted 

by Carlin and Luise (1997), the posterior distribution of the 

Poisson-gamma model is derived as indicated in Equation 2.20. 

Point estimation for regression coefficients and for coefficients of 

variance is obtained from the NB regression model, which is a marginal 

distribution of the Poisson-gamma model. The EB method is defined as 

the process to estimate posterior distribution using such point 

estimation.

Since the EB method uses the point estimation of the hyper 

parameter, the uncertainty of the hyper parameter cannot be reflected 
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in the estimation process, and large numbers of observations are 

required to provide a reliable output. The full Bayes method is one of 

the alternatives for overcoming these limitations. However, the full 

Bayes method requires a Markov Chain Monte Carlo (MCMC) simulation 

procedure, which makes the analysis more complex (Choi, 2013).

exp  ×   × (Equation 2.21)

Where,
∘ exp : Expected number of crashes from EB method
∘  : Predicted number of crashes from SPF
∘  : Observed number of crashes
∘   : Weighting factor

 

 
× 

 


 



(Equation 2.22)

Where,
∘  : Over-dispersion parameter

Using the NB regression model, EB estimates (i.e., the expected 

numbers of crashes) are suggested in Equation 2.21. Weighting factor 

() is derived from the function of the over-dispersion parameter. The 

over-dispersion parameter indicates the magnitude of the variance 

exceeding the mean and the estimation error for SPF. When a larger 

over-dispersion parameter is estimated, a relatively larger weighting 

factor is assigned to the observed values during the EB process. 
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Therefore, the over-dispersion parameter represents the goodness-of-fit 

for SPF along with AIC, BIC, and McFadden’s Pseudo R2.

In the process of identifying hazardous locations, the posterior 

distribution () from the EB method includes both represented and 

unrepresented traits. The term ‘represented trait’ refers to the 

general aspects of the occurrence of a crash, such as the exposure 

variable and the geometric condition, and the term ‘unrepresented 

trait’ refers to the site-specific nature, such as safety problems that 

cannot be detected statistically in the existing multivariate model. In 

order to separate safety problems, the number of predicted crashes 

indicated by SPF is excluded from the total number estimated by EB. 

This process is the same as the PSI procedure, but EB estimates are 

used instead of the total number of crashes observed. 

When some locations have positive PSI, they inevitably have safety 

problems, except for the effect of random fluctuation. Therefore, PSI 

using the EB method reduces false positive errors, which occur 

frequently due to random noise. This property is consistent with most 

reports in the previous literature that have suggested that the EB 

method is the best alternative. 
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<Figure 2.3> PSI estimation combined with EB method 

2.2.3 Identification of Hazardous Locations with the Generalized 

Negative Binomial Regression Model

In the previous literature, the statistical fits of the NB and GNB 

regression models were compared based on two assumptions 

concerning over-dispersion, i.e., fixed dispersion and varying 

dispersion. Some researchers investigated the effect of varying 

dispersion in terms the identification of hazardous locations.  

El-Basyouny and Sayed (2006) applied the EB method based on the 

NB and GNB regression models. In order to compare the results, the 

Spearman rank correlation test was performed to identify the results. 

Miranda-Moreno et al. (2005) investigated the differences between 

fixed and varying dispersion and the differences between the EB and 

full Bayes methods. They also performed percent deviation and 

Spearman rank correlation tests for the identified hazardous rankings. 

As a result, differences in the method that were used were investigated 
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statistically, but the superiority among them was limited due to the lack 

of the true value. With the similar context, Lord and Park (2008) 

performed the Spearman rank correlation test and Kendall’s ranking 

test to compare the differences in the identified rankings. As a result, 

more than 95% of the 5,588 intersections had different rankings for the 

level of hazard according to the two assumptions for over-dispersion. 

Significantly, 20% of them showed more than ±200 position difference 

in their rankings.

Most of the research investigating the effect of GNB regression has 

suggested that it is impossible to obtain the absolute performance of a 

model based on crash history. Such research only focused on the 

statistical fit for alternative models and examined the differences of the 

identified rankings. 
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2.3 Originality of This Research

Authors

(publication year)

Crash data
Issue 1 : quantification 

of level of hazard

Issue 2 : over-dispersion 

in EB method

Simulation Actual
Crash 

count
PSI etc,※

Fixed

dispersion

Varying 

dispersion

This research ● ● ● ● ● ●

Cheng and 

Washington 

(‘05)

○ ○ ○ ○

Maher and 

Mountain (‘88)
○ ○ ○

Hauer 

et al. (‘02)
○ ○ ○

Persaude

et al. (‘99)
○ ○ ○ ○

Montella (‘10) ○ ○ ○ ○ ○

Mirand-Moreno

et al. (‘05)
○ ○ ○ ○

Lord and Park 

(‘08)
○ ○ ○ ○

El-Basyouny 

and Sayed (‘06)
○ ○ ○ ○

※ etc. : Crash rate, confidential interval, EPDO and so on

<Table 2.4> Originality of this research 
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To identify hazardous locations, SPF is applied to establish the 

normal level of safety for given locations . Establishing the priorities for 

the implementation of projects to improve safety is followed by the 

network screening process and detailed engineering studies. In order to 

improve the accuracy of the safety analysis and effectiveness of the 

investment, extensive research have been performed focusing on the 

estimation of SPFs, performance indices to quantify the level of the 

hazard, network screening methods, and remedies for over-dispersion.

  In the previous literature, the use of actual crash data was limited 

to the statistical significance test to compare the goodness-of-fit of 

alternative models due to lack of reliable information concerning 

hazardous locations. It is implicitly interpreted that the better statistical 

fit in SPF, the better performance will be in the identifying hazardous 

locations. For this reason, the results were evaluated roughly using 

surrogate variables, such as the level of hazard based on reproducibility 

and ranking differences. Thus, the relationships between the properties 

of SPF and the process of identifying hazardous locations are still 

unknown. 

To overcome these limitations, some reports in the literature have 

used simulation data that contain the predetermined true value. 

Simulation crash data were generated from specific probabilistic 

distributions, such as the Poisson and gamma distributions. However, 

this research did not have a sufficient logical basis to define true 

hazardous locations, meaning that particular characteristics of crash 

data, such as varying dispersion, could not be reflected in the simulation 
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data. In addition, even though many specific options have been added to 

the simulation framework, the question of practicality in real situations 

still remains. 

From the review of the overall contributions and limitations 

presented in the previous literature, both simulation and actual crash 

data were used in this research. The simulation data were used to 

clarify the relationship between the properties of SPF and the 

identification of hazardous locations and to control the crash count 

according to the safety problem and random noise. To investigate the 

practicality of the proposed method and model, actual crash data also 

were used. Therefore, in this research, the two kinds of crash data 

showed a mutually complementary relationship.
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3. CONSTRUCTION OF THE SIMULATION TEST BED 

3.1 Crash Process

As suggested in Table 3.1, in theory, a crash is the result of a 

Bernoulli trial. It will either crash or not crash, where  is the 

probability of success (a crash) and  is the probability of failure (no 

crash) for a random variable defined as  .

 1 0

       

<Table 3.1> Bernoulli trial for random variable   

    

     (Equation 3.1)

Where,
∘   : Recorded the number of successes out of the   trials
∘   : The number of trials
∘  : The number of successes (   )

In general, the number () of Bernoulli trials refers to the number of 

vehicles that pass through an intersection or roadway segment. In this 

approach, it was assumed that probability for success and failure is 

constant. As suggested in Equation 3.1, the appropriate probability 

model that accounts for a series of Bernoulli trials is known as a 

binomial distribution. The mean and the variance of the binomial 
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distribution are    and    , respectively.

For typical vehicle crashes in which the event has a very low 

probability of occurrence and a large number of trials exist, it can be 

shown that the binomial distribution is approximated by the Poisson 

distribution (Olkin et al., 1980). 

    




  


   ≅ 



  (Equation 3.2)

Where,
∘  : Mean of the Poisson distribution (Poisson parameter)
∘   

When the probability of a crash is assumed to have a constant value, 

the Poisson parameter also is defined as a fixed value. However, 

drivers have different characteristics, i.e., gender, age, response- 

reaction time, and driving experience. Such heterogeneous human 

factors also affect the individual risk of a crash to various degrees. 

Therefore, the probability of that outcome varies from trial to trial, and 

such trials are known as Poisson trials; this term is used to designate 

Bernoulli trials with an unequal probability of events occurring (Lord et 

al., 2005).

Lord et al. (2005), Barbour et al. (1992), and Nedelman and 

Wallenius (1986) indicated that, since the individual values of  for 

road crash data are certainly very small, the Poisson distribution of the 

total number of crashes occurring on a given road over a given time 
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period should be an excellent approximation. 

 Most of the reports in the previous literature that used empirical 

crash data indicated that the over-dispersion phenomenon occurred. As 

mentioned above, over-dispersion occurs when the various individual 

risks of a crash are represented by constant value. In other words, 

variance is increased when various individual probabilities ( ) 

are represented by  . In addition, the distribution of observed count is 

often over-dispersed when the number of crashes from different sets 

of roads or different time periods are combined.    

Based on the consideration of the crash process and 

over-dispersion, previous researchers generated simulation crash data 

along with the following procedures.

 

ⅰ) Determine the level of exposure for a given segment

ⅱ) Generate random crash data following the Poisson distribution, 

the mean of which is  (  ∼  ) 

ⅲ) Reflect over-dispersion using a gamma distribution in which the 

mean and variance are 1 and , respectively

    (  ∼  × ).

Cheng and Washington (2005) used simulation data to compare 

performance indices for identifying hazardous locations. Lan et al. 

(2009) used simulation data to validate the effect of the full Bayes 

method for evaluating the safety effectiveness. Lord (2006) 

investigated three kinds of estimators for the over-dispersion 



- 48 -

parameter based on simulation data. 

Most of the reports in the previous literature used the Poisson 

distribution to obtain simulation data and to reflect the RTM 

phenomenon. In addition, in order to accommodate the over-dispersion 

phenomenon, random variables from the gamma distribution were 

multiplied by the simulated data, as shown in Figure 3.1. The gamma 

distribution intentionally expands the variance of crash count. However, 

since the mean of the gamma distribution is 1, the long-term true mean 

value of the crash count is asymptotically the same as the Poisson 

distribution. 

<Figure 3.1> Random number generation for simulation 
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3.2 Determine True Hazardous Locations

Authors 

(publication year)
Definition of hazardous locations

Maher and Mountain

(1998)
∘ Fixed factor / changeable factor

Montella (2010)

∘ Location that has a higher number of crashes 

than other similar locations as a result of local 

risk factor

Elvik (2008)

∘ Local risk factors which, due to their 

site-specific nature, can not be detected 

statistically in multivariate model

∘ These local factors may cause a site to have 

a higher expected number of accident than 

predicted model

Cheng and 

Washington (2005)

∘ High level of traffic exposure

∘ Nature of site (safety problems)

∘ Random up fluctuation in crash data 

<Table 3.2> Definition of hazardous locations in previous literatures

<Figure 3.2> True hazardous locations possessing local risk factors 
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Based on the definition in the previous literature, summarized in 

Table 3.2, hazardous locations can be defined by the relative 

comparison with normal locations that have similar characteristics, with 

the exception of the large number of crashes. Thus, inevitable safety 

problems can be described as local risk factors that indicate, for 

example, the presence of poor geometric conditions and an 

inappropriate traffic control system. As shown in Figure 3.2, the local 

risk factor is taken into account. The long-term true mean value of 

crash count in hazardous locations is separated, and it has a higher 

value than in normal locations. Some locations that possess local risk 

factors are defined as true hazardous locations in the evaluation 

process. 
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3.3 Construction Procedure

True values for hazardous locations are excluded in actual crash 

data. Therefore, in this research, simulation data were suggested to 

interpret the relationship between the properties of SPF and the 

performance of identifying hazardous locations. Since a simulation test 

bed was constructed based on the statistical characteristics of the crash 

data, the following evaluation results also have a theoretical basis. 

Furthermore, the evaluation results are robust due to the iterative 

process. The procedure used to construct the simulation test bed 

consisted of the following seven steps:

<Figure 3.3> Reference group for simulation 
test bed construction  
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[Step 1] In this step, a random number for AADT was generated to 

determine the level of exposure. Four expressways in Korea (Kyungbu, 

Seohaean, Youngdong, and Honam) were used as a reference group, and 

their levels of AADT per lane were determined in advance. The levels 

of AADT were classified into four, large-scale categories (A, B, C and 

D) according to the 25, 50, 75, and 100 percentile values. Then, each 

large-scale category was divided into five small-scale categories (e.g., 

A1, A2, A3, A4, and A5). Thus, a total 20 categories were set as 

AADT classes. To simplify, a total of 200 segments were included in 

each simulation dataset, and each segment had three lanes and a length 

of 3 km. A random AADT was generated within the uniform distribution 

based on the minimum and maximum values of the predetermined 

categories. 

 

<Figure 3.4> [Step 1] Random AADT data generation 
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[Step 2] In this step, a reference function was estimated to define 

the normal level of safety. To conduct the assessment, crash data were 

applied as the dependent variable, and AADT was applied as the 

independent variable. Descriptive statistics and the results of the 

estimations are presented in Table 3.3, Table 3.4 and Table 3.5. A 

reference function was estimated with an ordinary linear regression 

model to generate an intentional estimation error, while most of the 

SPFs were estimated with the exponential form, such as the NB 

regression model. The linear model also made it possible to compare 

the various forms of the functions, such as convex, concave, and 

sigmoid. To convert discrete data to continuous data, the number of 

crashes per kilometer was used as a dependent variables.  

Length
AADT 

per lane

The number of

Deaths Injuries PDO
Total 

crashes

Crashes 

per km 

Mean 8.4 11,285 0.4 1.4 14.7 16.5 2.3

Std.dev 5.26 5,793 0.7 1.52 10.3 11.2 1.8

Max 27.8 27,839 4.0 11.0 51.0 55.0 21.7

Min 0.6 1,691 - - - - -

<Table 3.3> Descriptive statistic for reference group

Source
Degree of 

Freedom

Sum of 

Squares

Mean

Square
F-value Prob > F

Model 1 402.874 402.874 163.159 0.0000

Error 562 1387.701 2.469

Total 563 1790.575

<Table 3.4> Analysis of variance for reference function
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Variable Coefficient Std. err t-value p-value

Constant 1.089 0.117 9.327 0.0000
 for AADT ×  ×  12.773 0.0000

<Table 3.5> Reference function estimation result 

As suggested in Table 3.4 and Table 3.5, all of the coefficients were 

statistically significant at the 99% level of confidence, while the null 

hypotheses for both the t-test (  ) and the F-test (   ) 

were rejected.

   ×  ×× (Equation 3.3)

Where,
∘  : Poisson parameter for segment 
∘  : Annual average daily traffic for segment  
∘  : Length for segment 

<Figure 3.5> [Step 2] Reference function estimation 
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[Step 3] In this step, a reference function was used to formulate the 

Poisson parameter () for segment  using the length of the segment 

and the generated random AADT data. The suggested Poisson 

parameter implied a long-term true mean of crash count without safety 

problems. This parameter represented the normal level of safety and 

criteria for identifying hazardous locations and also baseline for PSI for 

the safety improvement project. 

<Figure 3.6> [Step 3] initial  for segment  without 
hazardous locations 

[Step 4] In this step, the true values for the hazardous locations 

were determined. As mentioned above, hazardous locations have a 

relatively higher number of crashes than normal locations due to local 

risk factors. In order to elevate the number of crashes in hazardous 

locations intentionally, dummy variables indicating local risk factors 

were multiplied by the initial Poisson parameter (). Two kinds of local 

risk factors were applied randomly at the 40 locations. 
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′   ×  ×××

×
 (Equation 3.4)

Where,
∘ 

′ : Updated Poisson parameter for segment 
∘  : Annual average daily traffic for segment  
∘  : Length for segment 
∘ 

 : th local risk factor for segment 
∘  : If segment  has th,  become 1, 

otherwise 0
∘ 

 = 1.5, 
 = 2.0

<Figure 3.7> [Step 4] Updated  for segment  with hazardous locations 
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[Step 5] In this step, random crash data were generated based on 

the predetermined Poisson parameter. The number of crashes in the 

normal locations and the hazardous locations followed the Poisson 

distribution, the means of which were    and   , respectively. As 

shown in Figure 3.8, the crash data had random fluctuation within the 

Poisson distribution. For instance, even though some locations did not 

have local risk factors, relatively high numbers of crashes could be 

followed. Such fluctuations can cause false positive and false negative 

errors. The procedure from step 1 through step 5 was repeated until 

criterion   (the number of years) was satisfied.

<Figure 3.8> [Step 5] Random crash data generation using Poisson 
distribution  
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[Step 6] In this step, a test for the over-dispersion parameter was 

conducted based on the simulated crash data, while the previous 

literature accommodated the over-dispersion phenomenon by using the 

gamma distribution. In this research, outlier points, defined as true 

hazardous locations, were inserted instead of random variables. The 

statistical test for over-dispersion is described in detail in the following 

chapter.  

[Step 7] In this step, when over-dispersion was observed 

statistically, the generated output was saved as the iteration #. Steps 1 

through 6 were repeated until the criterion  (the number of iterations) 

was satisfied. Figure 3.9 shows the outputs of the simulation test bed 

through the iterative procedure, and Figure 3.10 shows the algorithm 

used to construct the simulation test bed.  

<Figure 3.9> Simulation test bed construction through iterative procedure
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<Figure 3.10> Algorithm for simulation test bed construction   
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<Figure 3.11> Analysis framework for evaluation 
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3.4 Verification of Over-Dispersion 

In this research, it was attempted to accommodate the 

over-dispersion phenomenon through outlier points that were true 

hazardous locations. In order to verify the viability of the suggested 

methodology, statistical tests of over-dispersion were conducted, and 

the results are presented in this chapter. 

Two kinds of statistical tests were conducted, i.e., ⅰ) the log 

likelihood ratio (LLR) test between the Poisson regression model and 

the NB regression model and ⅱ) t-test for the over-dispersion 

parameter estimated from the NB regression model. During the LLR 

test, the Poisson and NB regression models were used to compare the 

differences of the converged value of the log likelihood function. 

The Poisson regression model is restricted to a form of the NB 

regression model that assumes that the over-dispersion parameter is 

equal to zero. Thus, the Poisson regression model was a restricted 

model, while the NB regression model was unrestricted. As suggested 

in Equation 3.5, the difference in the value of the converged log 

likelihood function was compared with the threshold value, which 

followed a chi squared distribution.

     ∼  
 (Equation 3.5)

Where,
∘   : Converged log likelihood function value for restricted model
∘   : Converged log likelihood function value for unrestricted model
∘   

  : Threshold value following chi square distribution
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The results of the Poisson and NB regression models are presented 

in Table 3.6 and Table 3.7. All of the coefficients were statistically 

significant at the 99% confidence level. The values of the log likelihood 

functions for the two models were estimated as –553.71 and –532.15. 

Thus, the log likelihood ratio was determined to be 43.13. The Poisson 

regression model (restricted model) had two parameters, i.e.,   and 

 , while the NB regression model (unrestricted model) had three 

parameters, i.e.,  ,  , and  (over-dispersion parameter). 

Consequently, there was only one degree of freedom, which was 

derived from the differences between the numbers of parameters. When 

the level of significance was set to 0.01, the threshold value was 6.64. 

Thus, the null hypothesis for the LLR test was rejected at the 99% 

level of confidence, which implies that the difference in the values of 

the log likelihood function between the two models was statistically 

meaningful (LLR≠0). Only the differences between the two models 

were contingent on the presence of the over-dispersion parameter, 

which represents the error term (exp) in the modeling structure. 

From the results of this test, it is obvious that the suggested method 

can accommodate the over-dispersion phenomenon using true 

hazardous location points. 

  The second method was using the t-test for the estimated 

over-dispersion parameter. As indicated in Table 3.7, the t-value for 

over-dispersion was 0.0921/0.02127 = 4.33. Therefore, the null 

hypothesis for the t-test was rejected at the 99%  level of confidence, 

which implied that the estimated over-dispersion parameter was 
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statistically meaningful (≠0). If the estimated over-dispersion 

parameter had statistical significance for both tests, the process of 

simulating the construction of the test bed would have returned to the 

initial step. 

  

Variables Coeff. Std. err t-value p-value

 1.5489 .05416  28.60 0.000

 .0000145 1.19×   12.20 0.000 

► Log-likelihood function value for Poisson Reg. : -553.7126

<Table 3.6> Poisson regression model estimation result

 

Variables Coeff. Std. err t-value p-value

 1.5428 .07035 21.93 0.000

 .0000147  1.65×  8.92 0.000

 .0921 .02127

► Log-likelihood function value for NB Reg. : -532.1495 

<Table 3.7> NB regression model estimation result 

 

 


 
∼′   (Equation 3.6)

Where,
∘   : t-value for estimated over-dispersion parameter
∘  : Standard error for estimated over-dispersion parameter
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From the results of the statistical tests, the presence of the 

over-dispersion phenomenon in the simulation test bed was verified. In 

addition, this approach also accommodated varying dispersion by 

controlling the position of true hazardous locations and the magnitudes 

of the local risk factors. For instance, when the true hazardous 

locations were intensively assigned to high AADT regions and higher 

magnitudes of local risk factors were applied to the high AADT regions, 

those regions had a relatively higher degree of over-dispersion than 

other regions. 

This research addressed two situations, i.e., fixed dispersion and 

varying dispersion. Varying dispersion was divided into two scenarios 

according to the direction of the over-dispersion pattern. In this 

research, attempts were made to evaluate the effect of alternative 

methods based on various situations. Also, it is emphasized that the 

suggested methods resulted in improved performance in terms of 

robustness. 
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4. EVALUATION BASED ON THE SIMULATION DATA

4.1 Simulation Data Assuming Fixed Dispersion

4.1.1 Crash Count

In Korea, to identify hazardous locations, crash count has been used 

according to the predetermined criteria presented in Table 4.1. In this 

research, the crash-count method was set as the control group, and its 

performance was compared to that of the experimental group. Using 

generated crash data from the simulation test bed, crash count was 

sorted in descending order. The top 40 locations (each simulation set 

included 40 true values) were identified as hazardous locations and 

compared with the true values. Figure 4.1 shows the true positive rate 

for 100 iterations.

Index
1st ~ 2nd 

(88~01)

3rd 

(01~08)

4th 

(08~11)

5th 

(11~15)

Region

Seoul ≥  10
≥  7 ≥  5 ≥  5

Metropolitan city ≥  7

City ≥  5 ≥  5
≥  3 ≥  3

etc ≥  3 ≥  3

Road

type

Intersection and 

crosswalk
30m from stop line to backward

Road

way

City road Within 100m

Expressway 

and etc

Within 

100m 
Within 200m 

<Table 4.1> Criteria for hazardous locations identification in Korea 
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<Figure 4.1> True positive rate for crash-count method  

An average value of true positive rate was 53% in the crash-count 

method. And the identified locations were concentrated on high levels of 

AADT. The existing system underestimated the level of hazard for low 

AADT locations. This problem causes safety improvement opportunities 

to be distributed inappropriately, making it difficult to evaluate the 

efficiency of investments in such projects.  

4.1.2 Potential Safety Improvement with Safety Performance Function

A. Negative Binomial Regression Model

In order to overcome the limitations of the existing system, the 

normal level of safety according to the level of AADT is required. In 

this chapter, SPF was estimated to describe the mathematical 

relationship between AADT and crash count based on the negative 

binomial (NB) regression model in Equation 4.1. All of the parameters 

were estimated with the maximum likelihood procedure (STATA 11.1). 
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 An estimated SPF was statistically significant at the level of 99% 

confidence. The term   stands for both the normal level of safety and 

the criteria value for identifying hazardous locations. The locations 

were sorted in descending order according to PSI. As a result, the 

average value of the true positive rate was 62%. The false negative 

error for low AADT locations was reduced to a greater extent than it 

was in the crash-count method. The PSI method improved both the 

accuracy and fairness of the identification results. 

  exp 




 ·  (Equation 4.1)

Where,
∘   : Predicted number of crashes for segment  ( )
∘  : Estimated constant
∘  : th estimated coefficients
∘   : Explanatory variables for segment 

<Figure 4.2> True positive rate for PSI with NB    
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B. Log-Transformed Negative Binomial Regression Model

The NB regression model incorporates an exponential function based 

on the generalized linear model. Therefore, the functional form is 

limited to the convex configuration. In this chapter, the log 

transformation is used to convert the functional form as shown in  

Equation 4.2. 

  

  exp  ×




 
  (Equation 4.2)

Where,
∘   : Predicted number of crashes for segment  ( )
∘  : Estimated constant
∘  : th estimated coefficients
∘   : Explanatory variables for segment 

<Figure 4.3> True positive rate for PSI with log transformed NB 
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C. Weighted-Mean Negative Binomial Regression Model

The two types of SPFs that have been suggested have either convex 

or concave functional forms, so they cannot describe the original form 

of the reference function. In this chapter, a weighted-mean NB is 

proposed based on the estimated over-dispersion parameter to provide 

a more flexible function. Lord (2006) and Cameron and Trivedi (1998) 

developed an estimator for the over-dispersion parameter. As 

suggested in Equation 4.3, the over-dispersion parameter is related to 

the difference between predicted number of crashes () and the 

observed number of crashes (). Thus, the over-dispersion parameter 

can be used as a basis for the weighted-mean procedure. For instance, 

a lower value of over-dispersion indicates higher accuracy of SPF and 

vice versa. 

The weighted-mean NB has a complementary structure between the 

two types of SPF. Thus, this model had the lowest estimation error and 

the highest true positive rate. However, it does not update the 

over-dispersion parameter according to the modified functional form, 

which results in a limitation to the use of the EB method. 






  
    (Equation 4.3)

Where,
∘  : Observed number of crashes ( )
∘  : Predicted number of crashes ( )
∘  : Over-dispersion parameter
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 log 



· exp
 






 · 

     
 log 



·




 
 

log 

× exp
log  

(Equation 4.4)

Where,
∘  : Predicted number of crashes for a segment  ( )
∘  : Over-dispersion parameter for NB 
∘ log  : Over-dispersion parameter for log transformed NB
∘ 

 : Estimated coefficients from NB
∘ 

log   : Estimated coefficients from log transformed NB
∘   : Explanatory variables for a segment 

<Figure 4.4> True positive rate for PSI with weighted mean 
NB  
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4.1.3 Potential Safety Improvement Using the Empirical Bayes Method

The crash data include variations according to ⅰ) crash exposure 

(represented trait), ⅱ) random fluctuations (random noise), and ⅲ) 

safety problems (unrepresented trait). The original purpose of 

identifying hazardous locations was only to take safety problems into 

account among the various crash data attributes.

To accomplish this, the PSI method with SPF was considered to 

represent the traits of the crash data. The results of the identification 

of hazardous locations were slightly different, depending on the various 

functional forms. However, random noise was still present in the crash 

data. The EB method was the best way to eliminate random noise from 

the crash data. The expected number of crashes (exp) indicated the 

long-term true mean for segments, and it was calculated from the 

weighted mean between the observed and predicted numbers of 

crashes. The EB method estimates include elements ⅰ) and ⅲ), but not 

element ⅱ). Using EB, PSI is calculated from the difference between 

the EB estimates and SPF. 

Hazardous locations were identified and sorted in descending order 

with some locations having positive PSI values (exp  ). As a 

result, the average value of the true positive rate was 80%. 
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<Figure 4.5> True positive rate for PSI using EB method  

4.1.4 Findings from Simulation Analysis

In this chapter, fixed dispersion was accommodated through 

uniformly distributed true hazardous locations. As suggested in Table 

4.2, PSI using EB method had the most accurate and equitable 

identification performance throughout all AADT classes. This result 

implies that it is important to eliminate random noise when analyzing 

crash data. Table 4.3 shows the improvement rate for 100 iterations in 

terms of true positives and the sum of PSI for the identified hazardous 

locations. Even though the existing system had a relatively low true 

positive rate, there were some cases (18%) in which the existing 

system had higher PSI than the alternative method; this occurred 

because the higher AADT locations had higher priority in the 

crash-count method. When over-dispersion was observed statistically 

observed and multi-year data (more than three years recommended in 

HSM) were available, the results of this simulation indicated that PSI 

using EB method was the best way to identify hazardous locations. 
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Index
①

Crash 
count

PSI with SPF
②
NB

③
Log 
NB

④
Weighted 

NB

⑤
Combined 
with EB

True positive rate 53% 62% 61% 62% 80%

AADT

class

A (Min~25 percentile) 17% 46% 52% 49% 61%
B (25~50percentile) 41% 61% 55% 59% 49%
C (50~75percentile) 64% 67% 61% 64% 89%
D (75percentile~max) 91% 72% 78% 74% 91%

False positive error rate 12% 10% 10% 10% 5%
False negative error rate 47% 38% 39% 38% 20%

∑ identified PSI (crashes per year) 138 147 147 148 184

Consideration 

elements

Random noise × × × × ○
Represented trait × ○ ○ ○ ○

Unrepresented trait ○ ○ ○ ○ ○
○ : Considered, × : not considered 

<Table 4.2> Summary of evaluation result 

Index Rate True positive count ∑ identified PSI

① versus ② 

Improved 94% 82%
Equal 6% 0%

Degraded 0% 18%

② versus ⑤ 

Improved 100% 100%
Equal 0% 0%

Degraded 0% 0%

A : Median, B : 25 percentile value, C : 75 percentile value, 

    D : C+(C-B)×1.5 or maximum, E : B-(C-B)×1.5 or minimum

<Table 4.3> Improvement rate for 100 iterations
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4.2 Simulation Data Assuming Varying Dispersion

4.2.1 Scenario Manipulation

In this chapter, varying dispersions were determined depending on 

the level of AADT using the true hazardous locations and the magnitude 

of the local risk factor. Table 4.4 shows that the analysis scenario was 

classified into two scenarios. Scenario 1 had over-dispersion 

concentrated on low AADT, and scenario 2 had over-dispersion 

concentrated on high AADT. 

Scenario 1 Scenario 1

Simulation

data

Related

literatures

∘ Miranda-moreno et al. (2005) 

∘ Lord and Park (2008)  

∘ Geedipally et al. (2009)

∘ El-basyouny and Sayed (2006)

∘ Korea expressway data

<Table 4.4> Scenario manipulation 

4.2.2 Application of the Empirical Bayes Method 

To estimate the long-term true mean for given segments, the EB 

method was used with the NB and GNB regression models. As 

suggested in Table 4.5, the traditional model (NB) assumed a fixed 

dispersion, while the simulation data indicated the existence of varying 

dispersion. However, the alternative model (GNB) showed two types of 
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varying dispersion, depending on the two scenarios. In scenario 1, 

lower AADT locations had higher over-dispersion so that the reversed 

slope for weighting factor () was derived according to the level of 

AADT. However, in scenario 2, the higher AADT location had higher 

over-dispersion. Thus, a steeper slope for the weighting factor () 

was derived according to the level of AADT.  

Scenario 1 Scenario 2

<Table 4.5> Difference between NB and GNB in EB method

4.2.3 Performance Evaluation

As suggested in Figure 4.6, the true positive rate increased from 72 

to 77% in scenario 1. As suggested in Figure 4.7, the true positive rate 

increased from 82 to 83% in scenario 2. The reversed slope for 

weighting factor () was derived in scenario 1. Therefore, scenario 1 
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indicated more apparent improvement than scenario 2. In order to 

confirm the superiority of scenario 2, improvement should be 

investigated in terms of robustness and accuracy. 

   

<Figure 4.6> True positive rate for NB and GNB in scenario 1  

<Figure 4.7> True positive rate for NB and GNB in scenario 2   
 



- 77 -

4.2.4 Estimation Error for PSI

The simulation test bed that was used has two advantages, the first 

of which is that the evaluation of quantitative performance can be 

conducted based on the predetermined information concerning true 

hazardous locations. The other advantage is that the true PSI also is 

controlled by the predetermined magnitudes of the risk factors. In this 

chapter, the mean square errors (MSE) were calculated for NB and 

GNB  in order to compare the accuracy of the estimated PSI.  

As a result, GNB had a lower MSE than NB. The improvement rates 

were determined to be 9.9 and 12.1% respectively. GNB, which considers 

varying dispersion, can minimize the overestimation and underestimation 

of PSI. Naturally, it was inferred that an accurate estimation of PSI was 

associated with the improved identification performance.

  
  



 
 

  (Equation 4.5)
Improvement rate =    (Equation 4.6)

Where,
∘   : True PSI for segment  
∘  : Estimated PSI for segment 
∘  : Number of iterations

Scenario 1 Scenario 2

MSE  
NB with fixed dispersion 6.52 10.49

GNB with varying dispersion 5.88 9.22
Improvement rate 9.9% 12.1%

<Table 4.6> MSE for PSI estimation between NB and GNB
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4.2.5 Findings from the Simulation Analysis

In this chapter, varying dispersion was accommodated through true 

hazardous locations and local risk factors. The GNB regression model 

had lower estimation error for PSI than the NB regression model. 

Therefore, as suggested in Table 4.8, the GNB regression model had 

improved identification performance irrespective of the analysis 

scenario. However, when over-dispersion was concentrated on low 

AADT (scenario 1), improved effectiveness was more apparently 

derived because of the nature of the EB method. As mentioned above, 

the performance of the GNB regression model should be investigated in 

terms of its robustness. When 100 iterations were performed, more 

than 80 iterations showed improved or equal performance. Therefore, 

the GNB regression model is definitely worth trying when varying 

dispersion exists in crash data.

Index

Scenario 1 Scenario 2
①

NB_fixed 

dispersion

②

GNB_varying

dispersion

③

NB_fixed 

dispersion

④

GNB_varying

dispersion

True positive rate 72% 77% 82% 83%

AADT

class

A (Min~25 percentile) 66% 75% 68% 43%

B (25~50percentile) 66% 70% 65% 69%

C (50~75percentile) 83% 82% 81% 88%

D (75percentile~max) 94% 93% 92% 96%

False positive error rate 7% 6% 4.5% 4.2%

False negative error rate 28% 23% 18% 17%

∑ identified PSI (crashes per year) 178 185 270 276

<Table 4.7> Summary of evaluation result 
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Index Rate True positive count ∑ identified PSI

Scenario 1

① versus ② 

Improved 86% 86%
Equal 14% 10%

Degraded 0% 4%

<Table 4.8> Improvement rate for 100 iterations in scenario 1

Index Rate True positive count ∑ identified PSI

Scenario 2

③ versus ④ 

Improved 52% 86%

Equal 30% 2%

Degraded 18% 12%

<Table 4.9> Improvement rate for 100 iterations in scenario 2
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5. EVALUATION BASED ON ACTUAL DATA

5.1 Evaluation of the Level of Hazard Based on Reproducibility

Simulation data were used to clarify the relationship between the 

properties of SPF and the identification of hazardous locations and to 

control the crash count according to safety problem and random noise. 

However, the question of practicality in real situations remains to be 

answered.  

In this chapter, evaluations based on actual data were performed to 

investigate the practicality of the proposed method and model. Such 

evaluation assumed that the level of hazard in a hazardous location 

endured over a period of time. Persaud et al. (1999) evaluated the level 

of hazard based on reproducibility to compare the ⅰ) crash-count 

method, ⅱ) crash-rate method, ⅲ) EB method and ⅳ) PSI using the 

EB method. Chung et al. (2009) also performed similar evaluations to 

reduce the false positive error using the continuous risk profile method.

In this research, the level of hazard was evaluated based on 

reproducibility. The crash-count method was compared with the PSI 

method, and the NB regression model with fixed dispersion was 

compared with the GNB regression model with varying dispersion. 

Cross validation was used to make these two comparisons. Crash data 

from 2008 to 2010 were used to identify hazardous locations on 

Korea’s expressways, and crash data from 2011 to 2012 were used to 

evaluate the level of hazard for the identified locations. Table 5.1 

provides the performance indices used for these evaluations.  
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Performance indices Equation

Sum of crash count 
  




  





Sum of crash count exceeding SPF 
  




  



  

Proportion of error
Proportion of 

   

Where,
∘ : observed number of crashes
∘ : predicted number of crashes (from SPF)

<Table 5.1> Performance indices for evaluation



- 83 -

5.2 Crash Count versus Potential Safety Improvement

5.2.1 Crash Count

All of the roadways were classified in advance into some 

homogeneous segments based on geometric conditions and exposure 

variables. Because the segments had various lengths, the level of 

hazard was calculated as the number of crashes per kilometer. All of 

the segments were sorted in descending order, and the top 50 locations 

were deemed to be hazardous locations. 

  

5.2.2 Potential Safety Improvement with Safety Performance Function

In order to use the PSI method, SPF should be estimated in advance. 

Table 5.2 shows the results of estimated SPF values for the Kyungbu 

Expressway. These values were based on the log-transformed NB 

regression model. The SPF  had AADT and the lengths of the segments as 

the explanatory variables. All of the estimated parameters were statistically 

significant at the 99% level of confidence, and the over-dispersion 

parameter was estimated to be 0.713, representing fixed dispersion.

Variables Coeff. Std. err t-value p-value

 -3.3461 0.5419 -6.17 0.000

ln  0.3968 0.0519 7.65 0.000

ln   1.0012 0.0346 28.88 0.000

 0.7126 0.0499 14.28 0.000

► Log-likelihood function value : -3,104.5406

<Table 5.2> SPF estimation result for Kyungbu expressway
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<Figure 5.1> Form of SPF for Kyungbu expressway 

<Figure 5.2> Identified hazardous locations in Kyungbu expressway 
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Figure 5.2 shows the hazardous locations that were identified for the 

Kyungbu Expressway based on the crash-count method and the PSI 

method. Point A indicates the hazardous locations that were identified 

by both methods. Point B indicates hazardous locations that were 

excluded with the PSI method due to the relatively small amount of PSI. 

(These locations were excluded even though the number of crashes 

exceeded the threshold for the crash-count method.) Point C indicates 

the hazardous locations that were identified only with the PSI method. 

As indicated in the analysis of the simulation data, the level of hazard in 

point C was underestimated due to the low exposure rate in the 

crash-count method.

  

5.2.3 Evaluation of the Level of Hazard Based on Reproducibility 

The crash data from 2011 to 2012 were matched with the start and 

end points for the identified hazardous locations. Evaluations of the 

level of hazard based on reproducibility were performed for the 

Kyunngbu, Seohaean, and Youngdong expressways and for 14 

integrated expressways. As indicated in Table 5.3, higher numbers of 

crashes were observed in locations identified by the PSI method for the 

four different cases. When considering the number of crashes that 

exceeded SPF, higher levels of hazard were observed in all of the cases 

except the Seohaean Expressway. In addition, the PSI method had 

relatively lower proportions of error than the crash-count method.

The PSI method considers the number of crashes and the normal 

level of safety using SPF. Thus, the PSI method uses stricter criteria to 
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quantify the level of hazard, inevitably allowing it to identify safety 

problems better.

      

Sum of crash count
Sum of crash count 

exceeding SPF
Proportion of error

Crash- 

count 

method

PSI 

method

Crash- 

count 

method

PSI 

method

Crash- 

count 

method

PSI 

method

Kyungbu 367 507 246 253 32% 32%

Seohaean 306 312 126 122 49% 46%

Youngdong 285 389 158 196 50% 40%

14 routes 

integrated
386 608 287 386 40% 25%

<Table 5.3> Evaluation result  

Sum of crash count Sum of crash count exceeding SPF

Proportion of error
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5.3 Fixed Dispersion versus Varying Dispersion

5.3.1 Attributes of Crash Data on Korea’s Expressways

Descriptive and inferential statistics were conducted in order to 

observe varying dispersion in actual crash from Korea’s expressways. 

As shown in Figure 5.3, over-dispersion was observed, indicating that 

the variance exceeded the mean. In addition, the degree of 

over-dispersion varied depending on exposure variables, such as 

AADT and the lengths of the segments. 

Crashes/km 

depending on AADT

Crashes/AADT 

depending on segment length

<Figure 5.3> Descriptive statistic for crash data in Korea expressway 

The NB and GNB regression models were used independently to 

observe varying dispersion with inferential statistics. All of the 

estimated parameters in the two models were statistically significant at 

the 99% level of confidence. The signs of the estimated parameters for 

the dispersion function were consistent with the result of the 

descriptive statistics.
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Variables Coeff. Std. err t-value p-value
 -5.2347 0.1761 -29.73 0.000

ln  0.5781 0.0178 32.43 0.000

ln   0.8386 0.0175 47.95 0.000

 0.7143 0.0259 27.58 0.000
► Log-likelihood function value : -13,827.464

<Table 5.4> Estimation result for NB regression model 

 

Variables Coeff. Std. err t-value p-value
 -5.3808 0.1779 -30.24 0.000

ln  0.5929 0.0181 32.70 0.000
ln   0.8287 0.0168 49.30 0.000

Dispersion 

function


 -3.0693 0.5187 -5.92 0.000

ln 
 0.2614 0.0508 5.14 0.000

ln  
 -0.5909 0.0454 -13.00 0.000

► Log-likelihood function value : -13,737.107

<Table 5.5> Estimation result for GNB regression mode

 

Three kinds of indices were compared for the statistical significance 

between the two models. As shown in Equation 5.1, the Akaike 

information criterion (AIC) was established. Unlike the other statistical 

tests that compared the null hypothesis, the AIC is an absolute criterion 

that can be used to select the best model based on the trade-off 

relationship between accuracy (variance) and complexity (bias). The 

minimum value of the AIC indicates the best model, and the AIC is used 

extensively to compare various types of models that have identical 

dependent variables. 

As shown in Equation 5.2, the Bayesian information criterion (BIC), 

also called the Schwarz criterion, is quite similar to the AIC. However, 

the BIC provides stricter penalties for increases in the number of 

parameters and observations. 
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     (Equation 5.1)
Where,
∘  : Converged log likelihood function value 
∘  : Number of parameters

   ln    (Equation 5.2)
Where,
∘  : Converged log likelihood function value
∘  : Number of parameters
∘  : Number of observations

Differences in the converged log likelihood function values were 

compared with chi-squared distribution criteria. As shown in Table 5.6, 

the GNB regression model, which accounts for varying dispersions, had 

a better statistical fit than the traditional model (NB) based on all of the 

statistical indices that were used. 

 

Statistical indices (ⅰ) NB (ⅱ) GNB
The best 

model
Akaike information 

criterion (AIC)
27,662 27,486 Model (ⅱ)

Bayesian information 

criterion (BIC)
27,691 27,529 Model (ⅱ)

Log likelihood

ratio test1

     

= 180  > (  
  )

Model (ⅱ)

<Table 5.6> Statistical significance comparison for two models 

1 Null hypothesis (H0) : There is no difference between two models.
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5.3.2 Empirical Bayes Method with Fixed Dispersion

The EB method was applied to the NB regression model reflecting 

fixed dispersion to estimate the long-term true mean for segment . 

PSI was calculated from the difference between the EB estimates and 

SPF, and the top 50 locations were identified as hazardous locations.

5.3.3 Empirical Bayes Method with Varying Dispersion

The EB method was applied to the GNB regression model reflecting 

varying dispersion to estimate the long-term true mean for segment . 

Hazardous locations on the Kyungbu Expressway based on NB and GNB 

are shown in Figure 5.4. The bold circles indicate the hazardous 

locations identified only by GNB, and dashed-line circles indicate the 

hazardous locations identified only by NB. 

<Figure 5.4> Identified hazardous location from PSI combined with EB 
method for Kyungbu expressway 
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Table 5.7 shows the start and end points for the hazardous locations 

identified by NB and GNB. In order to examine the differences between 

the two groups, the characteristics of the data acquired from crashes 

that occurred in identified locations were investigated briefly. As shown 

in Table 5.8, the locations identified by GNB included many crashes that 

could not be classified with human and vehicle factors, and more 

crashes occurred at night in such locations. There were still limitations 

in identifying inevitable safety problems based on the descriptive 

statistics of crash data. Thus, more detailed engineering investigations 

should be performed, including field surveys. 

  

Locations identified only in NB

    

Locations identified only in GNB

    

Start and end

points

AADT

(veh/day)

Length

(km)

Start and end

points

AADT

(veh/day)

Length

(km)

133.38~133.6 65,592 0.28 5.5~5.8 33,592 0.30

141.98~142.76 56,701 0.78 135.66~136.52 68,174 0.86

208.18~208.64 15,689 0.46 139.8~141.06 56,701 1.26

230.58~232.18 16,086 1.60 206.88~208.04 15,689 1.16

255.12~255.44 17,157 0.32 259.2~260.12 20,333 0.92

387.08~388.5 82,735 1.42 289.62~292.94 54,324 3.32

<Table 5.7> Start and end points for identified hazardous locations  
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Crash information NB GNB

Crash 

cause

Human factor 83.3% 68.8%

Vehicle factor 8.3% 6.2%

ETC 8.3% 25.0%

Crash 

type

Car to facility 58.3% 56.3%

Car to car 25.0% 6.3%

ETC 16.7% 37.5%

Geometric 

condition

Curve 33.3% 64.4%

Straight 66.7% 65.6%

Up or down hill 58.3% 46.9%

Flat 41.7% 53.1%

Day/night
Day 66.7% 56.3%

Night 33.3% 43.8%

<Table 5.8> Information of crash data occurred in identified locations 

5.3.4 Evaluation of the Level of Hazard Based on Reproducibility 

Evaluation of the level of hazard based on reproducibility was 

conducted for the Kyunngbu, Seohaean, and Youngdong expressways 

and for the 14 integrated expressways. As suggested in Table 5.9, 

higher levels of hazard were observed in locations identified by the 

GNB regression model for all cases. Even though there was no dramatic 

differences between the results of the two models, degraded  

performances never existed. This indicates that the GNB regression 

model provided improved and robust performance both in the simulation 

and in the analysis of actual data. 
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Sum of crash count
Sum of crash count 

exceeding SPF
Proportion of error

EB with
NB

EB with
GNB

EB with
NB

EB with
GNB

EB with
NB

EB with
GNB

Kyungbu 550 583 305 323 29% 26%

Seohaean 337 338 145 155 40% 37%

Youngdong 445 447 225 228 36% 35%

14 routes 

integrated
864 868 557 567 12% 11%

<Table 5.9> Evaluation result   

Sum of crash count Sum of crash count exceeding SPF

Proportion of error
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6. Practical Application

6.1 Road Safety Audit 

The Road Safety Audit (RSA) was established by law in 2008 based 

on Traffic Safety Acts 36 and 38. The purposes of RSA are to ⅰ) 

identify safety problems on the roadway from the users’ perspective 

and ⅱ) improve the physical characteristics of roadway facilities. RSAs 

have been performed in the process of planning, design, construction, 

operation, and maintenance of roadways. 

The method proposed in this research requires exposure variables, 

such as AADT and the lengths of segments, and it uses multi-year 

crash data after the roadways have been constructed and placed into 

service. Fortunately, AADT for Korea’s expressways has been 

updated annually for all of the segments. As shown in Table 6.1, in 

order to select a target for an RSA, the proposed method is applicable 

directly to Korea’s expressways, subject to the operation and 

maintenance processes. 

Why? → Purpose of RSA
Who? → RSA specialized team
When? → Operation and maintenance
Where? → Target of RSA
What? → Safety problems
How? → RSA procedure

Result? → RSA report
Effect? → Monitoring

<Table 6.1> Major issues for RSA 
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6.2 Connectivity with HSM/KESM 

In order to select a target of RSA, the existing system has used crash 

count to quantify the level of hazard. As shown in Table 6.2, HSM and 

KESM recommended 13 performance indices for screening networks. 

Among those, in this research, three kinds of performance indices were 

compared, and their performances were evaluated, in terms of accuracy 

and efficiency, based on both simulations and actual crash data.  

Previous researchers did not investigate the effect of varying 

dispersion. However, in this research, an advanced technique was 

proposed to reflect varying dispersion using the GNB regression model. 

This alternative model can be applied directly to the performance 

indices using the EB method. 

HSM and KESM recommended three network screening methods, 

i.e., the sliding moving window, peak searching, and continuous risk 

profile.  These methods provide specific start and end point that 

requires the implementation of RSA and safety improvement projects 

based on predetermined performance indices. Irrespective of the types 

of network screening methods, the crash-count method (existing 

system) can be substituted for PSI methods, such as ⅰ) crash count 

exceeding SPF (  ), ⅱ) EB with fixed dispersion 

exceeding SPF ( 
   ), and ⅲ) EB with varying 

dispersion exceeding SPF ( 
   ). Thus, this method 

overcomes the limitations of previous methods in terms of two issues, 

i.e., 1) investigation of superiority among performance indices and 2) 

recommendations for alternative model to reflect varying dispersion. 
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Performance index
Requirements2 Covered in 

this researchⓒ ⓐ ⓕ ⓢ

Average crash frequency ○ ○

Crash rate ○ ○

Equivalent Property Damaged Only 

(EPDO) average crash frequency
○ ○

Relative severity index ○ ○

Critical rate ○ ○

Excess predicted average crash 

frequency using method if moments
○ ○

Level of service of safety ○ ○ ○

Excess predicted average crash 

frequency using SPFs
○ ○ ○ ○

Probability of specific crash types 

exceeding threshold proportion
○

Excess proportion of specific crash 

type
○

Expected average crash frequency 

with EB adjustment
○ ○ ○

EPDO average crash frequency with 

EB adjustment 
○ ○ ○ ○

Excess expected average crash 

frequency with EB adjustment
○ ○ ○ ○

Reference : HSM (2010)

<Table 6.2> Performance indices for network screening 

2 ⓒ : crash data, ⓐ : AADT, ⓕ : SPFs and over-dispersion parameter. ⓢ : severity info.
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<Figure 6.1> Application for continuous risk profile 
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6.3 Direction for Application 

The proposed methods and models are not applicable in all 

circumstances. When crash data are collected for specific routes and 

regions, the best method should be determined according to the 

properties of the analyzed data. Therefore, in this chapter, more 

detailed direction for application is provided.  

As shown in Table 6.3, to estimate the PSI, statistically significant 

SPF values must be estimated in advance. The Poisson regression 

model assumes that the variance is equal to the mean (no 

over-dispersion), thus, it is a restricted form of the NB regression 

model. Depending on the properties of over-dispersion, the NB and 

GNB regression models are used to reflect fixed and varying dispersion, 

respectively. If AADT data are not available or if the estimated SPF has 

poor statistical significance, the existing system is still an effective way 

to quantify the level of hazards.

Case

Requirements
Type 

of SPF
Performance index

Data Over-dispersion
Crash

data
AADT SPF Fixed Varying

1 ○ N/A N/A - - - Crash data

2 ○ ○ ○ - - Poisson
PSI without EB 

method

3 ○ ○ ○ ○ - NB
PSI using EB method 

with fixed dispersion

4 ○ ○ ○ - ○ GNB
PSI using EB method 

with varying dispersion

<Table 6.3> Selection for model and performance index 
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Descriptive and inferential statistics can be conducted to examine the 

properties of over-dispersion. In descriptive statistics, the degree of 

over-dispersion, such as the variance per mean, is plotted according to 

the levels of the explanatory variables. 

As shown in Table 6.4, the properties of over-dispersion are 

classified into four different cases. The rows represent the 

classifications of fixed and varying dispersion. In this case, the NB and 

GNB regression models are applied as a treatment. The columns 

represent the necessity of the segmentation. The Market segmentation 

method, such as clustering analysis, can be performed to classify the 

groups into some sub-groups. 

For whole segment For classified sub segments

Fixed

dispersion

(case 3)

Varying

dispersion

(case 3)

<Table 6.4> Various type of over-dispersion  
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<Log likelihood ratio test>
 


 


 ∼  


(Equation 6.1)

<t test for over-dispersion parameter>

 


 
∼ 

(Equation 6.2)

<t test for dispersion function>

 


 
∼ 

(Equation 6.3)

<Test for taste variations>
 


 

  





∼  


(Equation 6.4)

Where,
∘  : Converged log likelihood function value for restricted model
∘  : Converged log likelihood function value for unrestricted model
∘  : Converged log likelihood function value for model for 

entire group
∘  : Converged log likelihood function value for model for 

sub group 
∘  : t value for estimated over-dispersion parameter
∘   : t value for estimated coefficients for dispersion function
∘  : Standard error for estimated over-dispersion parameter 
∘  : Standard error for coefficients for dispersion function
∘   

  : Threshold with chi-squared distribution
∘    : Threshold with student’s t distribution
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If the types of over-dispersion are observed by descriptive 

statistics, three kinds of statistical tests are performed based on 

inferential statistics, as indicated in Table 6.5. The log likelihood ratio 

test is used to determine the best model. The t-test provides the 

relevant statistical significance for the estimated over-dispersion 

parameter (for fixed dispersion) as well as the coefficients of the 

dispersion function (for varying dispersion). The test for taste 

variations indicates the statistical significance of market segmentation.

  

Case Statistical tests
Model 

comparison

3

(Fixed 

dispersion)

∘ Log likelihood ratio test

 - Restricted model : Poisson

 - Unrestricted model : NB

∘ t test for over-dispersion parameter

∘ Test for taste variations

Poisson 

versus NB

4

(Varying 

dispersion)

∘ Log likelihood ratio test

 - Restricted model : NB

 - Unrestricted model : GNB

∘ t test for coefficients in dispersion function

∘ Test for taste variations

NB 

versus GNB

<Table 6.5> Statistical tests for model selection 

Step 1 Check data availability
Step 2 Select type of SPF
Step 3 Select performance index
Step 4 Select network screening method
Step 5 Perform network screening
Step 6 Identify hazardous locations

<Table 6.6> Procedures for practical application 
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7. CONCLUSIONS AND FURTHER RESEARCH

7.1 Conclusions

In order to identify hazardous locations on roadways in this research, 

the limitations of the existing system were discussed and an improved 

methods were proposed. An improved methodology also was proposed 

for estimating an accurate PSI considering the varying dispersion that is 

observed in the actual crash data from Korea’s expressways.

Simulation data were used in the evaluation stage to control both 

random noise and safety problems and to quantify the properties of 

SPF. The results indicated that the PSI method had better performances 

than the existing system in terms of accuracy and efficiency. The true 

positive rate was increased from 53 to 62%. The sum of PSI for 

identified locations was increased from 138 to 148 crashes per year. 

The proposed alternative methods use stricter criteria so that the 

identification results have relatively low false positive error. In addition, 

the proposed methods also prevent the underestimation of PSI, 

especially for low AADT locations, and, therefore, false negative errors 

can be reduced. 

 When the PSI method was combined with the EB method, the 

overall performance was improved further by the elimination of random 

noise in the crash data. However, the traditional model assumed fixed 

dispersion in spite of the presence of varying dispersion. As a result, 

the traditional model either overestimated or underestimated PSI. To 
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overcome such limitations, in this research, a generalized, 

negative-binomial regression model was proposed as an alternative. 

With the proposed alternative model, estimation error for PSI was 

reduced about 12% based on the simulation data. Estimation of an 

accurate PSI results in improved performance in identifying hazardous 

locations.      

The simulation analysis framework has limitations in that all of the 

characteristics of a real situation cannot be described fully. Therefore, 

the evaluation of the level of hazard based on reproducibility was 

performed using actual crash data. As a result, locations identified by 

the PSI method showed a relatively higher level of hazard than the 

locations identified by the existing system. 

The presence of varying dispersion in actual crash data was 

confirmed through both descriptive and inferential statistics. Thus, the 

alternative model provided better statistical significance than the 

traditional model. In the case of the Kyungbu Expressway, an additional 

33 crashes were observed in locations identified by the alternative 

model with a relatively higher level of hazard than the traditional model. 

The model proposed in this research provided improved performance, 

and at the same time, it successfully achieved the original purpose of 

identifying hazardous locations.  

This research made several positive contributions to the 

identification of hazardous locations. The proposed method ⅰ) 

increased the true positive rate, ⅱ) decreased the rate of false 

negative/positive error, and ⅲ) provided statistically-improved model 
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that reduces estimation error for PSI. The effectiveness of the 

proposed method was validated based on simulations and actual data. 

The results of this research can be applied with confidence to 

expressways throughout Korea. In the RSA process, this research 

provides an accurate spatial scope, which definitely is required for 

safety improvement projects. 
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7.2 Further Research

There are two important areas that further research should address, 

i.e., expansion of the simulation test bed options and expansion of 

analysis methodology.

The simulation test bed that was constructed focused on the 

variation of the aggregated crash count within predetermined segments. 

However, in this research, the temporal and spatial correlations of 

individual crashes were not considered. Additional options could include 

making the analysis as detailed as possible, such as including the 

roadway segmentation method or the application of continuous risk 

profiles. Various simulations dealing with rare events, such as 

epidemics, criminal behavior, and disasters, should be conducted. 

In this research, the level of hazard was quantified based on crash 

frequency. If the EB method were combined with EPDO and RSI 

methods, the level of hazard also can be explained by crash severity. 

Also, the random parameter model, which accounts for unobserved 

heterogeneity, and the Poisson log-normal regression model, which is 

applicable to the full Bayes method, should be considered in order to 

improve the accuracy of identification.

If the effects of varying dispersion were to be examined throughout 

the various transportation safety research fields, such as the 

identification of hazardous intersections and crash modification factors 

estimation, the practical range of application could be expanded further. 
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국문초록

도로부문의 교통사고로 인한 막대한 손실을 감안했을 때, 교통안전은 우선적

으로 해결해야 할 사회적 문제로 인식되고 있다. 사고취약구간의 검지는 해당 구

간의 위험성을 정량화하여 개선이 필요한 구간을 선별하는 과정을 의미하며, 세부

적인 진단 과정과 더불어 안전개선사업의 공간적 범위를 제공하는 역할을 한다.

본 연구의 목적은 개선된 사고취약구간 검지 기법을 제시하고, 시뮬레이션과 

실제 데이터를 기반으로 그 우수성을 검증하는데 있다. 특히 실제 사고 자료에

서 관측되고 있는 가변적 분산(varying dispersion)의 반영 방안을 제시하고 

그 효과를 다각적인 측면으로 검토하고자 하였다.

안전성능함수의 특성과 사고취약구간 검지 성능 간의 수리적 상관 구조를 검

토하기 위해 시뮬레이션 데이터 기반의 평가가 시행되었다. 사전에 설정된 사고

취약구간 참값의 검지 여부를 통해, 잠재개선효과를 추정하는 기법과 현행 제도

인 사고건수법 간의 검지 성능을 비교하였다. 특히 경험적 베이즈 기법 적용 시 

가변적 분산을 고려한 일반화 음이항 회귀모형의 특성을 잠재개선효과의 추정

오차 측면에서 비교하였다. 시뮬레이션의 한계점을 보완하기 위해 실제 사고자

료 기반의 평가가 시행되었으며 대안 모형과 기존 모형 간의 통계적 적합성을 

검토하였다. 또한, 재현성 기반의 위험성 평가를 통해 대안 기법의 현실 적용 가

능성을 검토하였다.

 본 연구에서 제시된 기법은 고속도로를 대상으로 우선적 적용이 가능하며,  

도로안전진단 과정에서 정확한 진단 대상을 제시함으로써 분석 결과의 정확성

과 예산 투자의 효율성을 제고할 것으로 기대한다. 

            

주요어: 사고취약구간 검지, 가변적 분산, 일반화 음이항 회귀모형, 

경험적 베이즈 기법, 잠재 개선효과 

학  번: 2010-31004
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