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A B S T R A C T

Indicating road safety-related aspects in the phase of planning and operating is always a challenging task for
experts. The success of any method applied in identifying a high-risk location or black spot (BS) on the road
should depend fundamentally on how data is organized into specific homogeneous segments. The appropriate
combination of black spot identification (BSID) method and segmentation method contributes significantly to
the reduction in false positive (a site involved in safety investigation while it is not needed) and false negative
(not involving a site in safety investigation while it is needed) cases in identifying BS segments. The purpose of
this research is to study and compare the effect of methodological diversity of road network segmentation on the
performance of different BSID methods. To do this, four commonly applied BS methods (empirical Bayesian (EB),
excess EB, accident frequency, and accident ratio) have been evaluated against four different segmentation
methods (spatial clustering, constant length, constant traffic volume, and the standard Highway Safety Manual
segmentation method). Two evaluations have been used to compare the performance of the methods. The ap-
proach first evaluates the segmentation methods based on the accuracy of the developed safety performance
function (SPF). The second evaluation applies consistency tests to compare the joint performances of the BS
methods and segmentation methods. In conclusion, BSID methods showed a significant change in their per-
formance depending on the different segmentation method applied. In general, the EB method has surpassed the
other BSID methods in case of all segmentation approaches.

1. Introduction and literature review:

The identification of hazardous road sections is one of the main
parts of any successful road safety management process. The identifi-
cation of hazardous road sections, high-risk accident locations or black
spots (BS) receives great interest from road agencies and safety spe-
cialists. Black spot identification (BSID) can be defined as the process of
searching for locations in transportation systems with a higher number
of accidents than other similar locations mainly caused by local risk
factors (Cheng and Washington, 2005; Elvik, 2007). Errors in BSID can
result in many false positive and false negative cases. In other words,
accidents can occur in both safe and unsafe locations, and the challenge
is to avoid false positive and negative cases in identifying the most
dangerous locations. Therefore, the correct identification of accident BS
is essential for the greatest benefit of traffic safety projects (Montella,
2005).

There is a fairly extensive literature focusing on developing or ap-
plying BSID methods. Some of the studies rank BS locations by the
accident frequency (AF) method (accidents per year or accident per km

per year), some use the accident rate (AR) method (accidents per ve-
hicle per kilometers or per entering vehicles), and some use a combi-
nation of the two (Borsos et al., 2016; Deacon et al., 1974; Yakar,
2015). These methods are usually not based on statistical models and
can vary in the analyzed period. Some of the researchers have proposed
using empirical Bayesian (EB) techniques (Cheng and Washington,
2008, 2005; Montella, 2010). The EB method combines the benefit of
observed and predicted accident frequencies. The two values are
weighted in a statistical model based on the reliability level of the
predicted value, which is derived from a safety performance function
(SPF) developed from historical accident data. SPF is a regression
equation that estimates the average crash frequency for a given site.
During the calibration of SPF, segmentation of accident dataset re-
presents a crucial issue.

Data segmentation is a process of dividing and classifying a large
and complex dataset into small and simple homogeneous groups or
entities in which data within a group are very similar but dataset of the
groups is dissimilar. Considering that traffic accident data is hetero-
geneous, in general, data segmentation is considered the first and most
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important step of the BSID process. The more accurate the accident data
is segmented, the more accurate the SPF will be (Cafiso et al., 2013),
and this will consequently affect the performance of some BSID
methods that rely on accident prediction models in their criterion. On
the other hand, the segmentation process is important in the me-
chanism of locating BS segments and identifying their optimum lengths.
Thomas (1996) argued that applying different lengths for segmenting
road network can result in different definitions of hazardous locations
which, in turn, affects the reliability of results. Koorey (2009) discussed
the benefit of applying variable length segments and their effect on BS
determination. It has been confirmed as well that selecting the appro-
priate segmentation method can have a significant effect on reducing
the false positive and negative in the determination of BS segments.
Most often, road segmentation methods are based on researchers’ ex-
periences, methodological decisions or objectives. According to the
Highway Safety Manual (HSM) (American Association of State Highway
and Transportation Officials, 2010), roadway segments should have
consistent cross-sections and their endpoints can be marked by changes
in Annual Average Daily Traffic (AADT) and other roadway features. In
practice, it is not always easy to implement this type of segmentation as
not all the variables are available (Fitzpatrick et al., 2006). Other re-
searchers (Black and Thomas, 1998) used constant length segments.
Constant length segmentation can result in a different BS set depending
on the selected length and starting point of a segment (Thomas, 1996).
Generally, segmenting roadways into homogeneous segments based on
too many variables can result in very short average segment lengths,
which can produce many zero-accident sections. In contrast, increasing
the length of the segment would sacrifice the homogeneity. Recently,
clustering techniques have begun to attract more and more attention in
segmenting accident data (De Luca et al., 2012; Depaire et al., 2008;
Ghadi et al., 2018). Clustering can be a useful technique to find hidden
relationships and patterns for large datasets of accidents.

Compared with a large number of studies focused on the develop-
ment of various BSID methods and various segmentation methods,
considerably less research has been dedicated to comparing their per-
formance. Cheng and Washington (2008) (Cheng and Washington,
2008) proposed three new consistency tests (site consistency test,
method consistency test, and total rank differences test) to compare
BSID methods. They applied these three tests in addition to two other
tests to compare the performance of four commonly used BSID
methods. They concluded that the EB showed the best consistency
among the other BSID methods and should be the standard in the
identification of BS. The same result was obtained by Montella (2010)
who also proved the efficiency of the EB method compared to the other
seven BSID methods. Cafiso et al. (2013) evaluated five different seg-
mentation methods, which had segmented a roadway based on geo-
metric and/or traffic-related attributes by comparing their performance
in developing accident prediction models. The findings revealed that
the method based on road design parameters (i.e. curvature char-
acteristics) performed best since the resulting set of high-risk sections
seemed to be well-correlated with the set of locations characterized by
high accident density. On the other hand, very few studies have com-
pared the performance of applying different segmentation methods in
the BSID. Kwon et al. (2013) compared the performance of three dy-
namic segmentation methods (Sliding Moving Window, Peak
Searching, and Continuous Risk Profile) in locating BS sites. The con-
clusion revealed that, although the input requirements for each of the
three methods were identical, their performance varied markedly.

Based on the performed overall literature review, it can be said that
no previous works have been done to study the combined impact of
certain BSID and network segmentation methods on performance. This
research aims to investigate and compare the joint performance be-
tween BSID methods and segmentation methods. Four commonly ap-
plied BS methods (EB, Excess EB (EEB), accident frequency (AF), and
accident rate (AR)) have been evaluated against four different seg-
mentation methods (spatial clustering, constant length, constant AADT,

and the standard HSM segmentation method). Two tests have been used
to compare the performance of the methods. The first evaluates the
extent to which data segmented by different segmentation methods
succeed in developing the more accurate SPF. The second applies the
consistency tests to compare the joint performances between the BS
methods and segmentation methods.

2. Description of segmentation methods

In the next section the four different segmentation methods men-
tioned are introduced. The model presented first is developed by the
authors; introduction of the other models aims to be able to provide a
comprehensive comparison.

2.1. The developed spatial clustering segmentation method

Cluster analysis is primarily intended to organize a large data set
into a small number of homogeneous groups in which the degree of
association between the objects of the same group is maximal. K-Means
cluster is a popular clustering partitioning method. This method is
generally based on finding a clustering structure that minimizes a cer-
tain error criterion. The method of the sum of squared error (SSE) is a
technique reasonably commonly used to derive this error. The spatial
location is a key classification variable in this article since it has a
significantly higher probability that neighboring accidents have
strongly related causes than in case of distantly located accidents
(Flahaut et al., 2003). To reduce the demanded calculation capacity of
the problem, instead of a bivariable representation of accidents’ spatial
location in the clustering algorithm, a linear referencing model seems to
be appropriate. Linear referencing is used to locate objects along a
curve from a reference point (RP). The linear referencing method has
been applied to locate accidents along a single road where the road has
been represented as a one-dimensional line, with a zero-distance
starting point as a RP, as presented in Fig. 1. All accidents have been
located along the line (road) by measuring their distances from the RP.
For instance, in Fig. 1, the first accident (represented by a point counted
from the left) is located 0.2 distance unit away from the RP. This ap-
proach results in a one-variable representation for K-Means clustering
contrary to the two-variable geographical coordinates (the longitude
and latitude), considering only road network in the clustering process
(Ghadi et al., 2018). It also allows avoiding classifying accidents in the
same cluster that are closely located but occurred on different roads.
Accordingly, in the K-means clustering method, a cumulated distance
parameter has been defined in one dimension space for each accident
starting from the beginning of the road. So, each resulted cluster can be
characterized by reasonably low heterogeneity regarding accident,
traffic and infrastructure parameters. Fig. 1 presents an illustration of
the accident clusters (SC1, SC2, SC3) generated by the proposed
methodology.

The application of spatial clustering segmentation (Seg-1) can be
very attractive since the road accident-based segmentation method
makes it possible to relate the length of the identified segments to the
clusters’ lengths. Each cluster length depends on the number of acci-
dents contained by the cluster and their spatial distribution. The length
of a segment equals the distance between the first and last accidents

Fig. 1. A visual illustration of the spatial clustering.
Source: Ghadi et al. (2018).
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within the cluster. In Fig. 1, for instance, the one-dimensional extent of
SC1 spatial cluster can be represented by its length which is 0.6 distance
unit (i.e. SC1 length=1.2–0.6) and the number of accidents included
by this cluster is 3. Short segments have been eliminated to avoid
segments under 100m, as recommended by the HSM (American
Association of State Highway and Transportation Officials, 2010).

One of the crucial issues related to K-means clustering is that the
number of clusters (k) has to be determined in advance, which can
cause uncertainty without any prior knowledge. For determining the
optimal estimated number of clusters (k0), it is required to test different
numbers of k and analyze the changes of the variances (or SSE) com-
pared to cluster centers. A method of minimum variance partition has
been used (Calinski and Harabasz, 1974). This method searches for a
point, which splits the SSE function domain into two parts. Until this
point, each added cluster results in a substantial reduction in the value
of variance, and after the given point, any increase in k results in less-
and-less reduction in the value of variance. This approach is analog to
the second derivative of the variance as a function of the number of
clusters.

The of accident segmentation process into smaller clusters is sum-
marized as follows:

• Localizing accident objects based on GIS coordinates.

• Converting geographically referred roads into linearly referred one-
dimensional objects.

• Localizing accident objects along linearly referred one-dimensional
objects representing the investigated components of the road net-
work, measured from the RP.

• Measuring and recording object distances providing input for the K-
means algorithm.

• Identifying the optimal number of clusters K.

• Applying the K-means algorithm to define accident clusters and
identifying their extension.

2.2. The other segmentation methods

The other three segmentation methods investigated in this article
represent the most used methods; each of them differs in the criteria
applied to determine homogeneous road segments. The methods are
described as follows.

• Constant length segment (Seg-2): The road network is divided into
equal length segments, while other variables do not affect the seg-
mentation structure. The segment length has been chosen to be
750m. It is an average length that is longer than the recommended
minimum value of the HSM but short enough to provide homo-
geneity, so the characteristics of the road do not change too much
within the length.

• Constant AADT (Seg-3): The resulted segments are homogenous in
AADT while other variables do not affect the segmentation struc-
ture.

• HSM method (Seg-4): The generated segments are homogenous in
AADT, roadside hazards, and presence of curves, as recommended
by the HSM specifications for highway roads.

3. Description of BSID methods

Four commonly applied BSID methods have been tested and com-
pared. Each method varies in the criteria and variables used to find BS
sites, as described below.

• Empirical Bayesian method: The EB method combines the benefit of
both observed and predicted accident frequency. The EB value can
be used to estimate the expected average crash frequency (NE) for
both future and past periods (Eq. (1)), if only both observed (NO)
and predicted (NP) number of accidents are available.

= × + − ×N w N w N(1 )E P O (1)

The weight factor (w) in Eq. (1) represents the degree of reliability
in obtaining NP, and it is inversely proportional with an over-dis-
persion parameter for the developed NP model. Therefore, as the NP

value is more dispersed lower w will be obtained in Eq. (1) and vice
versa. However, it can be noted that in Eq. (1), NP is a very im-
portant variable. The predicted average crash frequency (NP) can be
estimated using SPF. The SPF is a regression equation that estimates
the average accident frequency for a given site.

• Excess Empirical Bayesian method: EB can be used to calculate the
Excess Empirical Bayesian (EEB), which is the difference between
the estimated EB value (NE) and the predicted accident frequency
(NP or SPF value). The EEB tries to rank BS sites according to their
potential for safety improvements.

• Accident frequency (AF): AF is a straightforward method. This
method ranks BS sites in descending order based on the observed
number of accident per unit length during a given period (e.g. 1
year). However, this method only considers the number of accident
in defining the risk level of a given infrastructure component
without taking into account other important safety variables, which
is an important drawback.

• Accident rate (AR): The AR improves some defects of AF. AR method
considers traffic volume or entering vehicle volume as well. The
result of this method is the descending order of the evaluated in-
frastructure components based on their estimated accident rank
values. This method enjoyed broad applications by traffic agencies
and road safety researchers. The output of this method still refers to
historical data, so its applicability in prediction is frequently dis-
puted.

4. Evaluation tests of performance

4.1. Segmentation methods evaluation criteria

The output of accident prediction models is significantly affected by
the selected segmentation methodology. Safety performance function
(SPF) is a commonly used model for predicting accident frequency. SPF
represents a mathematical relationship between explanatory variables
and accident frequency. A negative binomial regression model is
usually used to fit accident data and define the SPF. The general form of
the SPF is as follows (Eq. (2)) (Cafiso et al., 2013).

∑= ⎡

⎣
⎢ + ⎛

⎝
⎜ × ⎞

⎠
⎟ + ⎤

⎦
⎥SPF α β X lengthexp ln( ) ln( )

n
n n

(2)

where; α is the intercept and βn is the regression parameter of the
corresponding explanatory variable Xn (i.e. AADT, speed, etc.).

To evaluate and compare goodness-of-fit between different devel-
oped SPFs, two different statistical methods are applied: the Quasi-
likelihood under independence model criterion (QIC) (Cui, 2007; Pan,
2001) and the Pearson correlation coefficient (PCC) (Smyth, 2003). QIC
is one of the most widespread well-established goodness-of-fit statistics
for the generalized estimating equation (GEE), which is an extension of
Akiake's information criterion (AIC) (Akaike, 1974). QIC can be used to
select the most applicable estimation model structure in the generalized
estimating equation (GEE) analyses. Like AIC, it balances the model fit
with model complexity to select the most effective model. The models
being compared do not need to be nested, which means that the
parameters of the different evaluated models do not need to be the
subsets of each other. Therefore, QIC can be used to compare and rank
different models with different number of parameters. When QIC is
applied to model evaluation, the model with the smallest QIC is pre-
ferred. However, QIC does not provide any test regarding a null hy-
pothesis whether data fit the model results or not. The PCC works as a
complementary test for evaluating the models. The PCC measures the
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linear correlation between the observed and predicted accident fre-
quencies. The PCC has a value between +1 and −1. The higher the
PCC absolute value is, the stronger the correlation between the ob-
served and predicted values.

The selection of the explanatory variables for the SPF has been
carried out by applying stepwise technique while testing the influence
and significance of inserting or removing different variables for the SPF.
The potential explanatory variables are described as follows:

• AADT: AADT is considered a major factor in predicting the number
of accidents.

• Speed limit: speed is also an important factor in accident risk,
especially for high-speed roads (Ghadi and Török, 2017).

• Percent of trucks: the percentage of trucks is measured compared to
the total traffic in case of each specific segment.

• Horizontal deflection angle (HDA): HDA measures curvature change
rate from a straight line horizontally.

4.2. BSID methods evaluation criteria

The performance of the four BSID methods (EB, EEB, AF, and AR) in
identifying BS sites has been tested and compared based on different
segmentation methods by applying the method of consistency test. The
consistency tests include four quantitative evaluation tests (Cheng and
Washington, 2008; Montella, 2010): the site consistency test, the
method consistency test, the total rank differences test, and the total
score test.

4.2.1. Site consistency test
The site consistency test (SCT) is applied to measure the ability of a

BSID method to identify consistently high-risk sites over the successive
observation periods. The test is based on the premise that a site which is
identified as a high-risk site in the first period should also possess lower
safety performance at a later period if the given infrastructure com-
ponent has remained more or less unchanged compared to its baseline
state. In a statistical perspective, the site consistency test assumes that
the more efficient a BSID method is, the more the estimated future
accident numbers (period 2) of the high-risk sites correlate to the cur-
rent data (period 1).

4.2.2. Method consistency test
The method consistency test (MCT) is designed to evaluate BS

methods by measuring the number of observed road segments that have
been identified as high-risk sites in both periods (i.e. period 1 and
period 2). The higher the rate (compared to the total number of seg-
ments considered) of sites identified as high-risk sites in both periods,
the more consistent the BSID method performed. Thus, a good BSID
method is the one that identifies the same high-risk sites over the two
periods.

4.2.3. Total rank differences test
The total rank differences test (TRDT) is primarily based on the

method consistency test. It takes into account the rank of the high-risk
sites in both periods. The total rank differences test calculates the sum
of rank total differences of the high-risk sites identified over the two
periods. Therefore, contrary to the two previous tests, the higher the
test value is, the less efficient the BSID method is.

4.2.4. Total score test
The total score test (TST) aims to represent the aggregated result of

the previous three tests in a single value, assuming that all tests have
the same weight. Accordingly, the test can be represented by the fol-
lowing formula:

⎜ ⎟ ⎜ ⎟

⎜ ⎟

= × ⎡
⎣⎢

⎛
⎝

⎞
⎠

+ ⎛
⎝
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⎠

+ ⎛
⎝

− − ⎞
⎠

⎤

⎦
⎥

TST SCT
SCT

MCT
MCT

TRDT TRDT
TRDT

100
3 max( ) max( )

1 min( )
max( ) (3)

The total score test facilitates making a comprehensive comparison
of the BSID methods, considering all types of the mentioned consistency
test approaches. The closer the total score test value of a BS method is to
100%, the more reliable the given analyzed BS method is.

During the consistency calculation method, the values of relative
accident indicator have been defined proportionately to unit length and
to a year-long period. The values of the consistency tests have been
expressed proportionately to the number of segments. This can ensure
an equivalent comparison between BSID methods applied to any seg-
mentation method, as will be shown later in the “Results”.

5. Data description

In this study, traffic accident data of different Hungarian highway
sections has been used. The length of the sample network is 1965
kilometers (in one direction) and the data timeframe of the analysis
covers the period from 2013 to 2015. The investigated data includes the
main parameters of the road cross-section, accident data, road design
parameters, and traffic characteristics. In general, the cross-section of
the investigated road category can be characterized by 2 lanes in each
direction, divided by a median with barriers. The analysis focuses only
on road segments; accordingly, intersections data is out of the scope of
the investigation. The investigated dataset includes 2155 fatal and in-
jury accidents related to the given period and the sample network.

6. Results

The proposed K-means clustering technique (Seg-1) and the other
segmentation methods; constant length (Seg-2), constant AADT (Seg-3)
and the standard HSM approach (Seg-4), have been applied for seg-
menting road accident network. The clustering method has resulted in a
significantly lower number of segments (i.e. 304) with a higher average
segment length (i.e. 6.76 km) in comparison with the other segmenta-
tion methods in case of the investigated roads regarding the analyzed
period (2013–2015). Table 1 gives descriptive statistics of the applied
segmentation methods.

After segmenting the road network with four different methods, it is
required to compare the efficiency of each method and to evaluate their
impact on BSID methods. In this research, two evaluation tests have
been used.

6.1. Development of SPF results

The four segmentation approaches have been applied to develop a
new process for the input of SPF. The stepwise approach has been used
to check the significance of inserting or removing different explanatory
variables for each SPF every time. Finally, AADT, speed, and HDA have
been selected to be the input variables of the SPF's. Accident data from
the first year (2013) of the study sample has been used to develop the
models, while data of the year 2015 has been used for checking the
performance of the models developed. The model calibration results for
all segmentation methods are presented in Table 2.

Most of the estimated parameters (i.e. α, β1, β2 and β3) of the SPFs
presented in Table 2 are statistically significant to 95% confidence level
and the rest to 90% confidence level. By evaluating the SPFs in terms of
data fitting, it is evident from Table 2 that the Seg-1-based method
shows greater potential for fitting accident data; this is obvious from its
significantly lower QIC value (QIC1=324). In contrast, Seg-2-based
method is rather over-fitting the developed model, with the highest QIC
value (QIC2=1721).
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The Pearson correlation coefficient (PCC) method was also used to
evaluate and compare the developed SPF's based on measuring their
efficiency in predicting accident data for another year (2015) in the
future. The values of the PCC are shown in Table 2. It is noted that the
SPF developed by the Seg-2 method shows weakness in predicting ac-
cident frequency with the lowest PCC value (i.e. 0.20). Contrary to this,
the proposed, clustering segmentation (Seg-1)-based model gives the
best correlation between the predicted and observed data. This is de-
scribed by its highest PCC value which is equal to 0.70.

6.2. Consistency tests results

Consistency tests have been fed by relative accident data regarding
the unit long section of the segments and of one-year long period, as
described previously, to achieve a comprehensive comparison between
any BSID method and other segmentation methods. Consistency test
results are described in the next section.

6.2.1. Site consistency test
It is shown in Table 3, that from the point of view of the site con-

sistency test, the best-performing models have been the EB and AF
methods with reasonably close results. In the case of Seg-1, the AF
method performs the best in identifying the top 5% and 10% of BS sites.
Accordingly, the AF method has produced the highest equivalent ac-
cident frequencies for the same BS sites in case of the top 5% and 10%
of BS sites (1.41, 1.14) between the compared baseline period (2013)
and predicted period (2014–2015). In addition, the AF method has
shown superiority with the Seg-3 method for the top 5% of BS sites. On
the other hand, the EB method has also been able to excel in identifying
the top 5% of BS sites, with a value of 1.02 for the standard HSM
segmentation method (i.e. Seg-4), and also the top 10% of BS sites in
case of Seg-3 and Seg-4, with 1.10 and 0.92.

In general, the highest value of the site consistency test for all
segmentation methods and all BSID methods has been provided by the
common application of the AF method and the Seg-1 method in both
the top 5% and 10% of high-risk sites, with 1.41 and 1.14 equivalent
accident frequencies. Contrary to this, the AR method performs worst in
identifying the BS sites in all segmentation methods and especially for
the Seg-4 method, resulting in the lowest accident frequencies between
all BSID methods, with 0.6 accidents for both the top 5% and 10% BS
sites.

6.2.2. Method consistency test
In the method consistency test, the EB method has outperformed the

other BSID methods in most cases for the two study periods, based on
the localized number of similar BS sites as shown in Table 4. In the case
of the constant length segmentation method (Seg-2), the EB model has
been the superior in both the 5% and the 10% risk cases, by identifying
35% and 39% of correlated BS sites between the two periods. Similarly,
the highest test values in case of the Seg-4 method have also been
provided by the EB method for the top 5% and 10% high-risk sites (34%

Table 1
Descriptive statistics of segmentation results.

Parameters description Seg-1 Seg-2 Seg-3 Seg-4

Segment length
Min length (km) 0.22 0.75 0.20 0.42
Max length (km) 19.32 0.75 18.70 15.53
Average length (km) 5.12 0.75 5.39 2.37
Standard deviation 4.08 0.00 4.33 1.49
Total length (km) 1965 1965 1965 1965
Number of segments 304 2620 362 829

Accident frequency (fatality+ injury)
Min 0 0 0 0
Max 13 6 22 11
Mean 2.6 0.3 2.0 0.9
Standard deviation 2.6 0.6 2.1 1.1
Total 2155 2155 2155 2155

AADT
Min 867 827 882 827
Max 22,163 56,140 55,677 56,176
Mean 6724 6473 7885 6651
Standard deviation 3499 4373 5680 4742

Horizontal deflection angle (HDA) (per km)
Min 5 0 5 2
Max 449 1736 621 1207
Mean 89 106 102 124
Standard deviation 72 148 96 146

Speed
Min 40 30 38 30
Max 90 100 97 97
Mean 76 74 72 74
Standard deviation 13 18 15 18

Table 2
Estimated values of SPF parameters and goodness-of-fit.

Parameters Method of segmentation

Seg-1 Seg-2 Seg-3 Seg-4

α (Intercept) [p-
value]

−4.721
[0.056]

−6.215
[> 0.001]

−3.579
[0.010]

−6.865
[>0.001]

β1 (AADT) [p-
value]

0.628
[> 0.001]

0.653
[> 0.001]

0.670
[>0.001]

0.675
[>0.001]

β2 (Speed) [p-
value]

−0.625
[0.086]

−0.269
[0.076]

−0.871
[>0.001]

−0.288
[0.036]

β3 (DOA) [p-
value]

0.184
[0.007]

0.148
[> 0.001]

0.058
[0.023]

0.216
[0.001]

Over-dispersion 1.387 1.717 1.108 1.096
QIC 324 1721 390 967
PCC 0.692 0.198 0.561 0.462

Table 3
Site consistency test results.

BS method Segmentation method

Seg-1 Seg-2 Seg-3 Seg-4

5% risk
EB 1.24 1.18 1.21 1.02
EEB 1.20 1.28 0.99 0.97
AF 1.41 1.01 1.23 0.96
AR 0.93 0.69 0.65 0.60

10% risk
EB 1.03 0.94 1.10 0.92
EEB 102 0.95 0.89 0.78
AF 1.14 0.82 0.97 0.80
AR 0.88 0.64 0.64 0.60

Table 4
Method consistency test results.

BS method Segmentation method

Seg-1 Seg-2 Seg-3 Seg-4

5% risk
EB 0.47 0.35 0.33 0.34
EEB 0.41 0.28 0.17 0.20
AF 0.53 0.23 0.33 0.20
AR 0.29 0.23 0.33 0.27

10% risk
EB 0.45 0.39 0.44 0.43
EEB 0.45 0.33 0.28 0.27
AF 0.54 0.30 0.39 0.31
AR 0.37 0.24 0.36 0.34
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and 43%). In the case of the Seg-1 method, the AF method has achieved
the maximum values. This practically means 53% and 54% of sites
characterized by similar accident frequency in case of the top 5% and
10% of BS sites, in case of the AF method.

The best results of the method consistency test have been produced
by the Seg-1 method and have been achieved by the EB and AF
methods, as presented in Table 4. The lower test results have been
provided by the other BS methods strongly depending on the segmen-
tation method applied. In the case of Seg-1 and Seg-2 methods, AR has
performed the worst, whereas the Excess EB method has been the last
BSID method for the rest of the segmentation methods (i.e. Seg-3 and
Seg-4).

6.2.3. Total rank differences test
Table 5 illustrates that the EB method has significantly smaller total

differences for all applied segmentation methods, which makes it the
superior method in this test also followed directly by the AF methods.
The lowest values of the EB method have resulted in the case of Seg-1
and Seg-3 methods for both the top 5% and 10% high-risk sites, re-
spectively, with relatively close values, whereas, the poorest test values
have been provided by the combined application of the Seg-2 method
and the EEB model.

6.2.4. Total score test
The total score test combines the results of the previous three con-

sistency tests (site consistency test, method consistency test, and total
differences test).

Table 6 illustrates the values of the total score test that describe the
total efficiency of each BSID method with respect to every segmentation
method applied, for the two case studies (5% and 10% BS sites). The
column titled “Total”, presented in Table 6, represents the average
performance for every BSID method considering all the investigated

segmentation methods. The row titled “Total”, presented in Table 6,
represents the average performance for every segmentation method
considering all the BS methods investigated.

In the two case studies (5% and 10% BS sites), the EB and AF
methods have performed better than the other BSID methods.
Generally, the best total score test values are included by Seg-1 column
(see Table 6), except the AR model which has performed better with the
constant AADT segmentation method (Seg-3). Contrary to this, most of
the BSID processes which have been based on Seg-3 or Seg-4 methods,
are performed reasonably worse. This is obvious, as the lowest total
average performance of all BSID methods has been caused by Seg-4
(72.2) for the 5% high-risk sites and by Seg-3 (72.1) in case of the top
10% of the high-risk sites. Besides this, the AR method has provided the
lowest average performance between the BSID methods considering all
segmentation models.

7. Discussion of results

The previously presented results evaluate the performance of the
introduced four commonly applied BS identification methods in case of
the four analyzed road accident segmentation methods, using accident
data from the Hungarian secondary main road network.

The data emerged from each applied segmentation method and has
been fed into different accident prediction models (i.e. SPFs). Also,
consistency tests have been used to evaluate and compare the perfor-
mances of the four BSID methods in the localization of the high-risk
accident sites. Based on the prepared analysis, the following conclu-
sions can be drawn:

• The performance of SPFs differs, depending on the applied seg-
mentation method. The more homogenous the accident groups’ re-
sult, the less error characterizes the model. This result is supported
by Ghadi and Török (2019) who discovered different goodness-of-fit
of SPFs related to five different segmentation methods.

• The performance of some BSID methods, e.g. EB and EEB, which
apply the SPF in its criteria, is hence significantly affected by the
segmentation method applied in the model, as also approved by
Kwon et al. (2013).

• The performance of each BSID method varies in case of the different
segmentation methods.

• The performance of all BSID methods, except the AR, was the best in
the consistency tests when the spatial segmentation (Seg-1) method
has been applied to road accident data (see Table 6) (Ghadi and
Török, 2018). This result is also supported by the SPF test (Table 2),
where the datasets classified by the Seg-1 method has produced the
best fitting SPF (Ghadi and Török, 2019). This is logical since the
spatial segmentation classifies closely located accidents in groups
that are expected to have the same causes, as argued by (Flahaut
et al., 2003).

• The EB methods performed better than the other BSID methods in
most tests. This is supported by a theoretical basis because the EB
method takes advantage of the observed and predicted values in its
statistics, which in turn increases the reliability of its results. In
practice, the EB method proved its efficiency in this and other stu-
dies (Cheng and Washington, 2005; Elvik, 2008; Montella, 2010; Qu
and Meng, 2014).

• The second best BSID method has been recorded by the AF, espe-
cially when it is applied with the spatial-based segmentation method
(Seg-1). The performance of the AF method has been fairly close to
the EB method and slightly outperformed it in some cases. Although,
its performance has been poor in case of the Seg-4 method. Similar
results have been obtained by Cheng and Washington (2008).

• The EEB and AR methods seem to be reasonably inconsistent in most
of the cases. The EEB method is largely affected by the predicted
value and consequently the validity of the developed SPF. As the
predicted value of accident increases, the likelihood of a site being

Table 5
Total differences test results.

BS method Segmentation method

Seg-1 Seg-2 Seg-3 Seg-4

5% risk
EB 29 373 38 101
EEB 47 704 111 234
AF 41 406 53 190
AR 57 561 78 205

10% risk
EB 40 465 37 142
EEB 56 986 113 265
AF 46 450 71 202
AR 56 576 83 222

Table 6
Total score test results.

BS method Segmentation method Total

Seg-1 Seg-2 Seg-3 Seg-4

5% risk
EB 92.2 84.4 79.2 81.5 84.3
EEB 77.4 77.8 61.0 66.7 70.7
AF 93.1 72.8 79.0 66.9 77.9
AR 57.8 72.7 77.7 73.7 70.5
Total 80.1 76.9 74.2 72.2

10% risk
EB 96.8 81.9 78.3 84.7 85.4
EEB 82.0 77.0 65.0 71.5 73.9
AF 96.3 74.1 73.7 75.3 79.9
AR 72.6 69.5 71.3 77.1 72.6
Total 86.9 75.6 72.1 77.2
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selected as a BS increases. The main drawback of the AR method is
that it incorrectly assumes a linear relationship between accident
frequency and traffic volume, since accident intensity can be highly
inferred from other factors, like speed (Ghadi and Török, 2017). This
fact must be taken into consideration in case of using AR in road
safety investigations. These results are also consistent with the re-
sults of other researches (Montella, 2010; Persaud et al., 1999).

8. Conclusion

The main purpose of this paper is to investigate and compare the
influence of applying different highway segmentation methods on the
performance of different black spot identification (BSID) methods.
Beside this the article aims to examine the applicability of the newly
developed segmentation method and its contribution to the perfor-
mance of other BSID methods. Four different BSID methods have been
evaluated against four different segmentation methods. The first and
new segmentation method (Seg-1) applies clustering techniques to
segment accident data based on their spatial distribution. The second
and third methods (Seg-2 and Seg-3, respectively) apply a constant
length and constant average annual daily traffic (AADT) segments, re-
spectively, while the last method (Seg-4) is based on the specifications
of the Highway Safety Manual (HSM), using curvature and AADT data.
In the case of BS methods, the Empirical Bayesian (EB), Excess EB
(EEB), accident frequency (AF), and accident rate (AR) methods have
been applied. Two tests have been used to compare the performance of
the methods in the case of a Hungarian highway. In the first test, the
performance of safety performance functions (SPFs) developed from
datasets generated by every method of segmentation has been statisti-
cally compared. In the second test, four consistency tests (site con-
sistency test, method consistency test, total rank differences test, and
total score test) have been used to compare the joint performances
between the BSID methods and segmentation methods.

In the first test, which compares the performance of the segmenta-
tion methods, the best goodness-of-fit value has been obtained by the
proposed spatial clustering segmentation model (Seg-1). This is rational
since in this case numerous factors have been helped to optimize SPF
calibration, like the consistency of the segmented datasets, the flex-
ibility of segment length, quality, and other variables. This result has
been supported by the second test, which has confirmed that all BSID
methods, except AR method, have reached their best performance in
the case of the spatial clustering segmentation (Seg-1) method.
Contrary to this, the consistency evaluation tests have also shown that
the EB method performed better than the other BSID methods in most of
the cases. The test results highlight that the EB method is the most
consistent method for identifying priority investigation sites. The AF
has directly followed the EB, although it slightly outperformed in a few
cases.

Beside this, another interesting result of the consistency tests is the
performance variation of BSID methods in case of the different seg-
mentation methods applied. For instance, the AF method has recorded
its best performance, with 93.1% consistency, in case of the Seg-1
method, while it has achieved only 66.9% consistency, as a third per-
formance, in the case of the Seg-4 methods, for the top 5% of the stu-
died black spot sites (as presented in Table 6). In general, the perfor-
mance of the EEB and AR methods has been the weakest in most
segmentation cases. This is quite alarming, as many highway agencies
and researchers use these methods.

In general, the results of this research try to highlight that data
segmentation is an important and fundamental step in road accident
data classification and configuration for subsequent operations. This
has been demonstrated, in this research, by the different performance
obtained by the BSID methods with different applied segmentation
methods. However, there is a wide scope for using other segmentation
and BSID methods and comparing them with more reliable approaches
in future research.
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