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Keywords Abstract

Rural Road Safety, Road safety has attracted much attention in the last decades owing to the high fatality rate

Two-Lane Two-way of road crashes. The high speed of drivers on rural roads results in more severe crashes

Roads, occurring on this type of roads. Therefore, the safety of rural roads was analyzed in this

Highway Safety Manual, study. Roads with different topographic types were chosen for data collection in Kerman

Crash Prediction Models, province, Iran. Roadway characteristics were collected from field surveys and

Crash Models Calibration. documentations. Also, crash records of the studied roads were gathered for a three-year
period. Then, the Highway Safety Manual’s (HSM) crash prediction model was calibrated
for the study area. The performance of the HSM’ model was compared to the jurisdictional
crash prediction model created in a previous research using the data from the same region.
Also, the Empirical Bayes (EB) method was utilized to estimate expected crash frequencies.
The calibration factor of 1.17 was calculated for the HSM’s crash prediction model using
EB. The evaluation results showed that the jurisdictional model had higher precision and
lower bias compared to the HSM’s model. However, utilizing EB, the performance of the
HSM’s model became better than the jurisdictional model. At the end, this research verified
the transferability of the HSM’s crash prediction model to a developing country.

and various factors, including drivers’ behavior, climate

1. Introduction conditions, traffic conditions, and the like varies from region

According to the World Health Organization, more than 1.35
million people died, and more than 50 million people were
injured in road crashes that occurred in 2016. Road crash is
now the eighth leading cause of death higher than HIV and
Tuberculosis [1]. In 2010, governments of the world marked
2011 to 2020 as “the decade of action for road safety” [2].
This indicates the significance of road safety worldwide.
Therefore, much research has been performed with the
objective of improving the safety of roads in the last decade
[3-10]. The Highway Safety Manual (HSM) is a useful tool
to make decisions about road safety improvement with
models which have the ability to estimate the frequency and
severity of crashes. Since its models were developed based
on the data collected only from a selection of the US states
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to region, HSM recommends the calibration of its models in
accordance with each area’s jurisdiction [11]. Also,
developing new crash prediction models requires road, crash
and traffic data collection, and much effort to process the
data afterward [12-16]. Owing to this fact, jurisdictional
agencies prefer to calibrate the crash prediction models
presented in HSM instead of creating specific models for
their localities [17]. Thus, after the publication of HSM,
many researchers have performed studies on calibrating
HSM’s crash prediction models for their jurisdictions [18-
20]. A summary of them is presented in the following
section.

Since several draft versions of HSM had been developed
and made available to researchers before the final version
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was published in 2010, researchers have conducted studies
on the calibration and evaluation of crash prediction models
of the aforementioned manual even before its publication
[21]. One of the first studies on the calibration of the HSM’s
crash prediction model was performed by Sun et al. In this
research, the crash prediction model of HSM’s draft version
was calibrated for rural two-lane two-way roads in
Louisiana. A calibration factor of 1.63 was obtained [22].
The draft version model was also calibrated utilizing the data
of Italia’s rural roads. In addition, the calibration process was
reformed, and twelve different methods were presented for
calculating the calibration factor. The calibration factor of
0.37 was calculated for rural two-lane two-way roads [23].
Xie et al. aimed at calibrating the crash prediction models of
all three types of highways available in HSM in a
comprehensive research using highway data in Oregon. A
calibration factor of 0.74 was obtained for the HSM’s crash
prediction model of rural two-lane two-way roads using the
three-years crash data from 2004 to 2006 [24]. In another
study, Banihashemi calibrated the HSM’s crash prediction
model for Washington States’ roads. A calibration factor of
1.5 was calculated for rural two-lane two-way roads’ model
based on the three-years crash data of 2002 to 2004 [25].
Williamson and Zhou calibrated the HSM’s crash prediction
model and the jurisdictional crash prediction model of
Illinois State based on the data from rural two-lane two-way
roads in Illinois. The Illinois State’s crash prediction model
had been developed in a previous study [26]. Utilizing a
three-years period of crash data from 2007 to 2009, the
calibration factors of 1.4 and 1.58 were calculated,
respectively, for HSM’s and Illinois’s crash prediction
models [27].

Brimley et al. calibrated the HSM’s crash prediction
model for rural two-lane two-way roads in Utah. A
calibration factor of 1.16 was obtained based on the crash
data of three years from 2005 to 2007 [28]. In another study,
Lubliner and Schrock not only calibrated the HSM’s crash
prediction model but also modified the HSM’s calibration
method. Utilizing the crash data of 2005-2007, a calibration
factor of 1.48 was calculated for rural two-lane two-way
roads in Kansas. Eventually, for evaluating and comparing
different calibration methods, statistical parameters
including Pearson correlation, Mean Prediction Bias (MPB)
and Mean Absolute Deviation (MAD) were used [29].
Bornheimer et al. utilized the same database of Lubliner and
Schrock’s study and developed jurisdiction specific crash
prediction models for Kansas’s rural two-lane two-way
roads. The evaluation results showed that the HSM’s
calibrated prediction model performed better than the
Kansas’s prediction model. The calibrated models had a
higher Pearson’s correlation coefficient and lower MPB and
MAD values [30].

Sun et al. estimated calibration factors for a variety of
crash prediction models for urban and rural roads provided
in HSM. A calibration factor of 0.82 was obtained for the
rural two-lane two-way roads in Missouri [31]. Mehta and
Lou conducted a research on calibrating the crash prediction
models of HSM for rural roads in Alabama. Also, a new
calibration method was proposed in this study. The
calibration factors of 1.39 and 1.52 were calculated,
respectively, for the HSM’s and the new calibration method
in rural two-lane two-way roads [32]. Qin et al. calibrated the
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HSM’s crash prediction model and modified its calibration
method according to the data collected from rural two-lane
two-way roads in South Dakota. Using the crash data of 2009
to 2011, a calibration factor of 1.54 was subsequently
calculated [33]. Russo et al. performed research on
calibrating the HSM’s crash prediction model for Italian
rural two-lane two-way roads. Also, new Safety Performance
Functions (SPF) and Accident Modification Factors (AMF)
were developed for predicting three levels of crash
frequencies, including only injuries, only deaths, and injuries
plus deaths. The calibration factors were calculated as 0.606,
0.424, and 0.581, respectively, for the three levels [34].

HSM recommends that the minimum required database
for calibration should include 30 to 50 road segments with at
least 100 crash records in a year [11]. Based on rural two-
lane two-way roads data from Arizona State, it was proposed
to utilize a calibration function when a proper crash
estimation cannot be performed using the calibration factor.
Road segments were classified based on different
characteristics including traffic volume, segment length, and
alignment. Then, calibration factors were calculated for each
group. The overall calibration factor was estimated as 1.08
[35]. The results of another study showed that the HSM’s
generalized recommendation does not fit all situations since
various parameters including crash records, reference
population, etc. influence the sample size needed for a
reliable calibration process. The calibration factor of 0.47
was calculated for rural two-lane two-way roads in Florida
State [20].

Rajabi et al. developed two calibration factors and
compared the results with the results of the HSM’s
calibration method. Also, the calibration factor defined in the
study of Mehta and Lou was utilized in this research. The
calibration factors were calculated for eight different types
of roads and ten different types of intersections based on four
calibration methods with the data from South Carolina
State’s roadway network. The HSM’s calibration factor for
rural two-lane two-way roads was calculated as 0.99 [18, 32,
36]. Llopis-Castello and Findley also calibrated the HSM’s
crash prediction model for rural two-lane two-way roads of
North Carolina. Different calibration factors were calculated
for the different types of road elements. The aggregated
calibration factor and disaggregated calibration factors for
road sections, including only horizontal curves and only
tangents, were calculated, respectively, as 1.34, 1.57, and
1.15 [19]. Using data from Missouri State, calibration factor
functions were developed based on segment length and
Average Annual Daily Traffic (AADT). Also, new crash
prediction models specific to Missouri’s roads were created.
The results showed that the calibration factor based on
AADT had the best performance. It also showed that the
accuracy of prediction was approximately the same for the
HSM’s calibrated model and the jurisdictional crash
prediction models while there was a difference in the effort
it took to collect and process the data [37].

It was presented in this section that many studies
calibrated the HSM’s crash prediction models for their
jurisdictions. Some investigated the influence of different
variables, including sample size, road elements, and road
characteristics, on the precision of the calibration process.
Others developed calibration functions and more
complicated calibration methods instead of the HSM’s single
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calibration factor methodology. And many researchers
created jurisdictional crash prediction models and compared
their performance with the calibrated HSM’s crash
prediction models. Despite various research performed in the
United States and Europe on investigating the transferability
of the HSM’s crash prediction models to different regions,
few researchers evaluated the applicability of this manual for
Iran’s roads. Using the safety analysis methods provided in
this manual, road safety can be significantly improved, and
many lives can be saved in Iran. Therefore, this study was
intended to fill this gap in the literature and to calibrate and
evaluate the performance of the HSM’s crash prediction
model for rural two-lane two-way roads in Kerman province,
Iran. Rural two-lane two-way roads were selected due to the
high rate of casualties in this type of roads in Iran [38-42].
The calibration was performed in order to identify the
efficiency of HSM when it is used to predict crashes in a
developing country. Also, the performance of the calibrated
HSM model was compared to the performance of a
jurisdictional specific crash prediction model developed for
this region in an earlier study [39]. The results of this study
are of importance since it tests the transferability of a model
created in the USA to a developing country with different
driving behavior characteristics and traffic conditions.

2. Material and Method
2.1. Data Collection

In this section, the data collection procedure is
described.

2.1.1. Study Area

The intended study area in the present research consists
of three rural two-lane two-way roads with a total length of
83 miles (133 km) in Kerman province, Iran. The topography
was level, rolling and mountainous, respectively, for the first
road with the length of 14 miles (22 km), the second road
with the length of 34 miles (54 km) and the third road with
the length of 35 miles (57 km).

2.1.2. Collected Road Characteristics

In the present study, the collected data included the
required variables for the HSM’s crash prediction model
according to the following: AADT, lane width, shoulder
width, the characteristics of the roadside area including clear
zone width and side slope, the characteristics of horizontal
curvatures including radius, length and super-elevation,
vertical grade, the number of driveways, the existence of
passing lane, and the existence of lighting [11, 43].

2.1.3. Data Sources

The data was collected from different sources. Some
parameters were collected from field data surveys, and some
from documentations and schematics. Some characteristics
of the road including the radius and the length of horizontal
curves and longitudinal slope were gathered from the
documented plan and the profile of roads. Also, other field
surveys were performed to measure the super-elevation of
horizontal curves.
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2.1.4. Crash and Traffic Data

Normally, a period of 2 to 5 years is considered to
collect crash data [44]. According to the literature review and
the changes that have occurred in the study road due to
improvement projects, a period of three years was chosen for
crash data collection [29, 33]. Crash records of a three-year
period from 2010 to 2012 were obtained from Road
Maintenance and Transportation Organization for the
intended roads. Furthermore, the traffic volume data was
collected from the same organization for the chosen period.
This data was recorded by traffic detectors.

2.2. Method

In the following section, the methodology is presented.
Firstly, the procedure developed by HSM to create
homogenous segments is described. Then, the crash
prediction model of HSM is presented. This model is utilized
to predict crashes for the created homogenous segments. In
addition, the HSM’s calibration method is described. At the
end, the statistical methods utilized for evaluation are
mentioned with their formula.

2.2.1. Homogeneous Road Segments

Once the data was collected, the study roads were
divided into homogeneous segments based on the HSM’s
segmentation method. A homogeneous segment is a segment
through which all road characteristics are the same.
According to HSM, the start of the road is considered as the
start of the first segment. This segment continues until one
of the following conditions are met:

Start or end of horizontal curve, Point of Vertical
Intersection (PV1), start or end of passing lane, start or end
of the two-way left-turn lane. In this situation, the last
segment ends, and a new segment begins. Also, a new
segment starts when a change in any of the following
characteristics is observed:

AADT, lane width, shoulder width, shoulder type,
Roadside Hazard Rating (RHR), centerline rumble strip,
lighting, and automated speed enforcement [11]. All the
variables used in this study are presented in Table A.1 in
Appendix A.

2.2.2. The HSMs Crash Prediction Model

Afterwards, crash frequencies were predicted for the
obtained homogeneous segments using the HSM’s crash
prediction model for rural two-lane two-way roads. The
crash prediction model of HSM utilizes an 18-stage
procedure and a base equation for the segments of rural two-
lane two-way roads in order to estimate the frequency of
crashes. The base formula is shown in Eq. (1)

Npredgictea =Nspy X (CMF; X CMF, X...Xx CMF;,) X C
@

Where:
Npredictea = The predicted crash frequency by the HSM’
model,
Ny, = The predicted crash frequency for base conditions,
CMF; = The ith crash modification factor,
C = The calibration factor.
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Eq. (2) shows the SPF, and Eq. (3) presents the
calculation of the over-dispersion parameter, which is used
in the Empirical Bayes (EB) method.

Ny =AADT X L X 365 x 1076 x ¢(-0312) (2
k = 0.236 (3)

L
Where:
N, = The predicted crash frequency for base conditions,

AADT = Average annual daily traffic (vehicles/day),

L = The segment’s length (kilometers),
k = The over-dispersion parameter.

The HSM’s SPF was developed based on some base
conditions that were prevailing in the roads of the states
whose data was used in the HSM’s crash prediction model
development. The base conditions for rural two-lane two-
way roads are presented in Table 1.

Table 1. The HSM’s base conditions for rural two-lane two-way roads

Number Parameter Base condition
1 Lane width 3.65m (12 ft)
2 Shoulder width 1.85m (6 ft)
3 RHR 3
4 Driveway density 3 driveways per km (5 driveways per mile)
5 Horizontal curvature None
6 Vertical curvature None
7 Longitudinal slope Zero percent
8 Centerline rumble strip None
9 Passing lane None
10 Two-way left-turn lane None
11 Lighting None
12 Automated speed enforcement None

Considering the geometric conditions of studied roads,
Crash Modification Factors (CMF) are used to modify the
frequency of crashes predicted by the SPF. There are twelve
CMFs defined in HSM for rural two-lane two-way roads.

The crash prediction model of HSM has been developed
based on the data of selected few states in the USA. Also,
several parameters including driving behavior, weather
conditions, traffic circumstances, etc. differ from one region
to another. Therefore, HSM proposes that this model should
be calibrated for the intended region before usage. Based on
HSM, there are five steps in the calibration process. The first
step is defining the type of road (for instance rural two-lane
two-way) on which the calibration will be done. The second
step is choosing the intended section of road for calibration.
The selected section should have at least 30 to 50 road
segments with a total annual crash frequency of 100 or more.
The next step is summing the observed crash frequency for
the chosen road segments in the selected period. The fourth
step is calculating the total predicted crash frequency for the
study road section using the HSM’s crash prediction model
with the calibration factor of one and without the EB method.
Eventually, the last step is calculating calibration factor
utilizing Eq. (4)

_ X1 Nobserved
C - Z?=1 Npredicted (4)

Where:
C = The calibration factor,
N,pservea = The observed crash frequency,
Npreaictea = The predicted crash frequency by the HSM’
model.

EB method was also implemented in the present study.
In the case of the presence of crash history, the observed and
the predicted number of crashes are combined to create the
expected frequency of crashes. This method is utilized to
counteract the bias of regression to the mean. The expected
frequency of crashes is calculated through Eg. (5) and Eq.

(6) [11].
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Nexpected =wX Npredicted + (1 - W) X Nobserved (5)
1

(6)

N 1+k><(2all study years Npredicted)
Where:
Nexpectea = The expected crash frequency,
w = The weighted adjustment EB coefficient,
Npregictea = The predicted crash frequency by the HSM’
model,
N,pservea = The observed crash frequency,
k = The over-dispersion parameter.

In an earlier study, crash prediction models were
developed for estimating frequency of crashes in rural two-
lane two-way roads based on the data from the same region
[39]. In the current study, the performance of these
jurisdiction specific crash prediction models was compared
to the performance of the HSM’s crash prediction model in
order to find out the best model.

2.2.3. Evaluation Methods

The statistical parameters of Spearman correlation
coefficient, MPB and MAD were used in order to evaluate
the crash prediction models. The statistical measure of
Spearman correlation is a coefficient which shows the
dependence between two variables. As much as this
coefficient is closer to 1 or -1, the correlation between the
observed and the predicted frequency of crashes is higher.
Eqg. (7) is used to estimate this statistical parameter.
6™ d;?

s = 1- n(;zl_ll)
Where:

1, = Spearman correlation,
d; = The difference between the predicted and the observed
crash frequency of the ith road segment,

n = The number of road segments.

The parameter of MPB is utilized to measure the mean
difference between the predicted and the observed frequency
of crashes. Low values of this parameter show the little
difference between predicted and observed frequencies.
Positive values show that predicted frequencies are greater

()
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than observed frequencies and vice versa. The value of this
parameter is estimated using Eq. (8)

MPB =2=1% ®)
Where:
MPB = Mean prediction bias,
d; = The difference between the predicted and the observed
crash frequency of the ith road segment,
n = The number of road segments.

The value of MAD shows the magnitude of the mean
difference between the model results and the observed
frequency of crashes. The difference between MPB and
MAD is that, in MAD, positive and negative values cannot
zero out each other. It is calculated through Eq. (9)

MAD = 2=1 )
Where:
MAD = Mean absolute deviation,
d; = The difference between the predicted and the observed

crash frequency of the ith road segment,
n = The number of road segments.

3. Results and Discussion

In this section, firstly, the results of homogenous segment
creation are presented. Then, the crash prediction results for
the created segments are offered. Afterwards, the results of
the evaluation and the comparison of the jurisdictional and
the HSM’s model are presented. The discussion is presented
at the end.

3.1. Crash Prediction Results

After performing the segmentation process on the study
road based on the HSM’s method and the elimination of
intersections, 880 homogeneous segments were produced.
Then, crash frequencies were predicted for the obtained
homogeneous segments. Also, the calibration factor was
calculated using the crash prediction model of HSM. The
statistical summary of homogeneous segments is presented
in Table 2.

Table 2. The summary statistics of homogeneous segments

Variable Min Max Mean Standard Deviation
L [mile (km)] 0.016 (0.025) 0.766 (1.233) 0.087 (0.140) 0.083 (0.133)
AADT [vehicles/day] 1496 2330 1972.47 269.44
LW [ft (m)] 8.530 (2.6) 12.467 (3.8) 10.545 (3.214) 0.915 (0.279)
SW [ft (m)] 0(0) 10.171 (3.1) 2.635 (0.803) 1.831 (0.558)
CL [mile (km)] 0.029 (0.046) 0.337 (0.543) 0.133 (0.214) 0.067 (0.107)
CR [ft (m)] 285.433 (87) 32808.4 (10000) 41815 (1274.52) 5894.49 (1796.64)
SV [%] 0 0.05 0.012 0.015
G [%] 0 9 3.763 2.625
DD [1/mile (1/km)] 0 (0) 82.51 (51.28) 3.673 (2.283) 10.539 (6.550)
CRS 0 0 0 0
PL 0 1 0.025 0.156
TWLTL 0 0 0 0
RHR 1 7 4.6 1.44
Li 0 1 0.115 0.319
ASE 0 0 0 0
According to Table 2, there were not any Centerline As shown in Table 3, the overall three-year calibration
Rumble Strips, Two-Way Left-Turn Lanes, and Automated factor was calculated as 1.4. This value is greater than 1 i.e.,
Speed Enforcements in the study roads. The aggregated the predicted frequencies of the HSM’s model are less than
prediction results of the HSM’s model and the calculated the observed frequencies of crashes in general. In a previous
calibration factors for each year are shown in Table 3. research, several crash prediction models were created for
rural two-lane two-way roads based on the data from the
Table 3. The calculated calibration factors in different years same area. Based on evaluation results, the best performance
Year Total observed  Total predicted ~ Calibration factor was observed in the following model [39].
crashes crashes
2011 89 74 1.21
2012 117 77 1.52
2013 119 80 1.49
Overall 325 230 1.41
—0.5071 x SW + 0.2370 X LU 4+ 49.3516 x 1/CR
Npro—jur = L2938 X AADT?58%7 x EXP 1
Pre=jur (+12.5746 X SV +0.0193 x DD — 18.6762 ) (10)
Where: SV = The wvariance between the super-elevation
Npye—jur = The predicted crash frequency by the recommended by the highway design code and the actual

jurisdictional model,

L = The segment’s length (kilometers),

AADT = Average annual daily traffic (vehicles/day),

SW = The shoulder’s width (meters),

LU = Land use (1 for the presence of residential land use on
roadside and O for absence),

CR = The curvature radius (meters),
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super-elevation of the curve,
DD = Driveway density calculated by dividing the humber
of driveways on both sides of highway by the length of
segment (driveways/kilometer).

It is observed that, in the developed model, influencing
variables include segment length, traffic volume, shoulder
width, the presence of residential land use on roadside,
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curvature radius, the variance between recommended super-
elevation and observed super-elevation, and driveway
density.

3.2. Evaluation Results

In the current study, the performance of the jurisdiction
specific crash prediction model was compared with the
HSM’s model. Also, the EB method was utilized as an
additive to crash prediction models in order to enhance their
performance. The results of evaluation are presented in Table
4,

Table 4. Evaluation results

Model T MPB MAD Calibration Factor
HSM’s model without EB 0.48 -0.88 2.00 141
HSM’s model with EB 0.77 -0.36 0.86 1.17
Jurisdictional Model without EB 0.56 0.00 1.90 1.00
Jurisdictional Model with EB 0.71 0.008 1.42 0.997

The addition of the EB method improved results as
expected. According to Table 4, in both the HSM’s and the
jurisdictional models, the value of Spearman correlation
coefficient using EB was higher and closer to 1 compared to
without EB. This indicates that the addition of EB leads to
higher correlation between the predicted and the observed
frequency of crashes. Also, using EB with the HSM’s model,
the value of calibration factor became smaller and closer to
1 showing more precision and more similarity of predicted
and observed values. The calculated values for MPB and
MAD were smaller and closer to 0, utilizing EB, indicating
lower deviation and better performance.

By comparing Spearman correlation values in different
models, it is observed that, without EB, the jurisdictional
model had a higher correlation than the HSM’s model.
However, using EB, the HSM’s model showed better
performance than the jurisdictional model. It may be due to
the reason that the utilized EB method was developed in
HSM and is more compatible with the HSM’s model. The

same trend was observed in MAD values. The value of MPB
for the jurisdictional model was around 0. However, this
model had the MAD value of more than 1 which means
errors canceled each other out. The calculated calibration
factors were equal to 1 for the jurisdictional model. It may
be owing to the fact that the jurisdictional model was
developed based on the data from the same region and did
not require calibration. All in all, it is concluded that the
addition of the EB method improved the performance of
crash prediction models. Also, consistent with literature
review, significant difference was not observed between the
performance of the jurisdictional and the HSM’s model with
respect to the effort that has been put to develop the
jurisdictional model [30, 37]. Utilizing the EB method, the
HSM’s model even outperformed the jurisdictional model. A
summary of the conducted research on the calibration of the
HSM’s crash prediction model for rural two-lane two-way
roads is presented in Table 5.

Table 5. The calculated calibration factors for the HSM’s crash prediction model of rural two-lane two-way roads

Number Researcher Year Calibration factor Study area
1 Sun et al. 2006 1.63 Louisiana (USA)
2 Martinelli et al. 2009 0.37 Italy
3 Xieetal. 2011 0.74 Oregon (USA)
4 Banihashemi 2011 1.50 Washington (USA)
5 Williamson and Zhou 2012 1.40 Ilinois (USA)
6 Brimley et al. 2012 1.16 Utah (USA)
7 Lubliner and Schrock 2012 1.48 Kansas (USA)
8 Sun et al. 2013 0.82 Missouri (USA)
9 Mehta and Lou 2013 1.39 Alabama (USA)
10 Qinetal. 2014 1.54 South Dakota (USA)
11 Russo et al. 2014 0.58 Italy
12 Srinivasan et al. 2016 1.08 Arizona (USA)
13 Alluri et al. 2016 0.47 Florida (USA)
14 Rajabi et al. 2018 0.99 South Carolina (USA)
15 Llopis Castello and Findley 2019 1.34 North Carolina
16 The present study 2020 1.17 Iran

It is observed in Table 5 that, considering calibration
factor, the HSM’s crash prediction model had an acceptable
performance in the study area of the present research
comparing to other studies.

4. Conclusion

In this study, the HSM’s crash prediction model was
calibrated for the rural two-lane two-way roads of Kerman
province, Iran. In addition, the performance of a
jurisdictional crash prediction model that was developed in a
previous research was compared to the performance of the
HSM’s model. It was concluded that the HSM’s model had
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an acceptable performance in comparison with the
jurisdictional model.

Owing to the importance of rural roads safety especially
rural two-lane two-way roads in Iran, the safety of this type
of roads was investigated in this research. Several rural two-
lane two-way roads were chosen for data collection in
Kerman province, Iran. The selected roads had different
topographic characteristics including level, rolling, and
mountainous. A three-year period of 2011 to 2013 was
selected for collecting crash data. Some of road features were
gathered through field surveys and some from maps and
documents. Then, using the HSM’s segmentation method,
the studied roads were divided into homogeneous segments.
The crash prediction model of HSM was employed to predict
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crash frequencies for the created road segments. Also, a
jurisdictional crash prediction model developed in a previous
research was utilized to estimate the safety of the studied
roads. Furthermore, the EB method was used with respect to
the accessibility of crash history. Afterwards, according to
the HSM’s calibration method, the calibration factor of 1.17
was obtained indicating the satisfying performance of the
HSM’s crash prediction model on evaluating the safety of
the studied roads. The value of 0.77 for Spearman correlation
coefficient between the output of the HSM’s model using EB
and the observed frequency of crashes, and the small values
of MPB and MAD were indicative of low bias and accurate
prediction of this model. With respect to correlation
coefficient and MAD values, it is observed that, without EB,
the jurisdictional model showed better performance than the
HSM’s model. However, utilizing EB, the HSM’s model
represented higher correlation and lower bias. It may be due
to the compatibility of the EB method with the HSM” model.
Consequently, the HSM’s crash prediction model showed
the same safety evaluation performance compared to the
jurisdictional model. However, much more time and effort
were spent on data preparation and modeling to develop the
jurisdictional specific model.

The limitations of this study were as follows. The first
limitation was using a small dataset since the data collection
required performing field surveys needing much time and
high costs. Another limitation of this research was the
absence of some parameters that were considered in the
HSM’s crash prediction model but were not present in the
studied roads. These parameters included centerline rumble
strips, two-way left-turn lanes, and automated speed
enforcements. In future studies, the HSM’s crash prediction

model can be calibrated for other road types in this area.
Also, jurisdictional crash prediction models can be
developed for other road types. In addition, specific crash
modification factors can be created for the road features that
influence the safety of roads in developing countries. The
results of this paper can be utilized by road designers, policy
makers, and road safety administrators to better understand
the contributing factors to road safety. Through using the
calibrated HSM’s crash prediction model, the road segments
with high crash risks can be identified and solutions can be
given to improve their safety. Also, the safety of future roads
can be evaluated in order to find the deficiencies of road
designs before moving into the construction stage.
Therefore, many lives could be saved using the calibrated
models.
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Appendix
Table A.1. The variables implemented in this study
Number Variable Definition Source
1 AADT Average annual daily traffic Road Maintenance and
Transportation Organization

Database

2 L Length of segment Field surveys, plans

3 LW Lane width Field surveys

4 SW Shoulder width Field surveys

5 RHR Roadside hazard rating** Field surveys

6 CL Length of horizontal curvature Plans

7 CR Radius of horizontal curvature Plans

8 sV The variance between the super-elevation recommended by AASHTO Green Book™® and the actual Field surveys, plans

superelevation of horizontal curve'
9 G Vertical grade Profiles
10 DD Driveway density that is calculated by dividing the number of driveways on both sides of the road by the Field surveys, plans
length of segment*

11 Li Lighting (1 for the presence and 0 for the absence of it) Field surveys

12 PL Passing Lane (1 for the presence and 0 for the absence of it) Field surveys

13 CRS Centerline rumble strip (1 for the presence and 0 for the absence of it) Field surveys

14 TWLTL Two-way left-turn lane (1 for the presence and 0 for the absence of it) Field surveys

15 ASE Automated speed enforcement (1 for the presence and 0 for the absence of it) Field surveys

16 Nopserved Observed crash frequency Road Maintenance and

Transportation Organization

Database

17 Npredictea Predicted crash frequency by the HSM’ model Equation 1

18 Npre—jur Predicted crash frequency by the jurisdictional model Equation 10

19 Nexpected Expected crash frequency Equation 5

20 Ngpr Predicted crash frequency for base conditions Equation 2

21 CMF Crash modification factor Equation 1

22 C Calibration factor Equation 4

23 k Overdispersion parameter Equation 3

24 w Weighted adjustment EB coefficient Equation 6

25 Ty Spearman correlation Equation 7

26 MPB Mean prediction bias Equation 8

27 MAD Mean absolute deviation Equation 9

28 d; The difference between the predicted and the observed crash frequency of the i™" segment Equations 7, 8 and 9

29 n Number of road segments Equations 7, 8 and 9
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