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Abstract:

In most of the developing countries, the metropolitan organizations do not assess the safety consequences of alterna-
tive transportation systems and one of the reasons is the lack of suitable methodology. The goal of this paper is to
develop practical tools for assessing safety consequences of arterial roads in the context of long-term urban transpor-
tation plans in Dhaka city, the capital of Bangladesh. The researchers used the generalized linear modeling approach
to develop separate models to predict number of crashes for different levels of crash severity for major arterial seg-
ments which have the highest crash rates. The models used five independent variables - length of segment, traffic
volume, number of access road, design speed and roadway width - all of which are usually collected or predicted by
transportation planners. The study reveals that roadway width and design speed are the governing factors for non-lane
based traffic on urban arterials for controlling crashes. The crash prediction models presented in this paper can enable
Dhaka’s transport planners to evaluate the safety impact of alternative road networks with regard to the costs and
benefits in long-term planning context.
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1. Introduction

Arterials are the main life-lines of any modern city, and
play an important role in a city’s growth by facilitat-
ing movement of enormous volume of traffic including
both passenger and pedestrian. Many research studies
in the past have examined the capacity and operation
of freeways, investigated the effects of geometric fea-
tures, drivers, and environmental factors on the number
and severity of crashes on freeways [Fazio, Holden and
Rouphail, 1993; Kraus et. al, 1993; Khan, Shanmugam
and Hoeschen, 1999]. Examples of independent vari-
ables used in crash prediction models developed in the
aforementioned studies included median width, pave-
ment surface rating, and weather condition. These mod-
els can be used for corridor planning and at the project
development stage when detailed characteristics of road
segments are known. However, at the long range plan-
ning stage when decisions are made regarding general
characteristics of urban roadways, and also when trad-
eoffs involving freeways and non-freeway arterials and
other modes of transportation are examined, the avail-
able crash prediction models are not helpful because
they demand data on detailed characteristics of these
roadways for which planners do not make forecasts.
Consequently, not much effort is made by planners to
assess the safety implications of alternative transpor-
tation networks, and this is a serious weakness of the
long-range planning process. For this purpose, there is
a need to understand and recognize the requirements
and limitations of the long-range planning process with
regard to data availability, and develop tools and crite-
ria that can actually be used by planners for assessing
the safety impacts of long-range transportation alterna-
tives. The goal of this paper is to make some contribu-
tions toward meeting this need. It should be pointed out
that the application scenario for the models presented
in this paper is the plan development stage of the long-
range transportation planning process when alternative
transportation and land use plans are evaluated.

2. Research Objectives

The objective of this research was to develop predic-
tive models for crashes occurring on urban arterials.
Separate models are developed for crashes of different
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severity levels—Fatal,” and “Non-fatal”. These crash
prediction models are to be used for assessing the safety
related consequences associated with alternative types
of arterials included in long-term transportation plans.
The independent variables used in the models are limit-
ed to those which are commonly forecasted by planners
for future scenarios. The models presented in this paper
can be implemented in the safety conscious planning of
alternative roadways for urban areas.

3. Crash Prediction Model Approaches

A crash prediction model can have different alternative
forms — simple or complex. It can be in the form of a
simple cross-classification table (matrix) where the cell
values are crash/accident rates and the classification is
based on different factors, or variables, such as the type
of roadway, traffic volume, roadway geometry, drive-
way density, etc. These matrices can vary in complex-
ity depending on the number of factors used for cross-
classification.

Another approach is to derive mathematical equations
by correlating crash/accident rates with different ex-
planatory/independent variables using a statistical tech-
nique such as multiple regression analysis. Whatever
the form of the equation may be, these models are de-
veloped based on historical crash data. Crash/accident
rates are based on the number of crashes and an appro-
priate exposure measure. Separate models usually are
developed for road segments and intersections, which
then can be separated by different classes or types. It
should be added that the mathematical equations may
use “number of crashes” as the dependent variable in-
stead of ‘crash rates’; and in that case ‘vehicle-miles
traveled’ (VMT) is used as an independent variable.
Many analysts prefer the latter approach [El-Basyouny
and Sayed, 2009; Ladron de Guevara , Washington and
Oh, 2004; Lord and Persaud, 2004].

In this paper, the researchers applied statistical technique
for developing crash prediction models. Though simple
cross-classification approach avoids mathematical for-
mulation of an equation, this approach can be some-
what crude because the values of the variables used for
cross-classifying the crash rates must be grouped into
categories using specific ranges of values. Further, the
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selection of variables to use for cross-classification usu-
ally is done intuitively, and the strength of correlation of
individual independent variables with the crash rates, the
response/dependent variable, usually is not determined.
On the contrary, statistical procedures such as an analysis
of log-likelihood values can be performed to determine
if the relationship among those two types of variables
is significant or not [Turner and Roozenberg, 2005]. A
prediction model in the form of an equation requires a
rigorous statistical analysis for determining the appropri-
ate mathematical formulation. The underlying statistical
distributions may be simple or fairly complex, such as
Normal, Poisson, or Negative Binomial.

4. Review of Crash Prediction Models

Most of the previous attempts to develop planning level
crash prediction models were focused on freeway or
highway facilities. In most cases freeway crash pre-
diction models were developed for evaluating the ef-
fectiveness of safety countermeasures. The literature
review found several studies that developed freeway
crash prediction models for long-range planning ap-
plications [Persaud and Dzbik, 1993; Chatterjee et. al,
2003; Kononov and Allery, 2004] while the majority
developed models for the purpose of either identifying
highly hazardous locations, traditionally called black
spots, or performing before and- after analysis [Fazio
et. al, 1993; Kraus et. al, 1993; Shankar et. al, 1996;
Resende and Benekohal, 1997; Khan et. al, 1999; Kon-
duri and Sinha, 2002]. These applications considered
in most freeway crash studies were suitable for corri-
dor and short-range planning involving specific road
segments. Though few crash studies were devoted to
urban arterials [El-Basyouny and Sayed, 2009; Ladron
de Guevara et al., 2004; Lord and Persaud, 2004], their
limited extent and applicability for developing coun-
tries requires for more research in this field for sustain-
able transport.

The most common model form used in the aforemen-
tioned studies is:

E(Y) = by x VKT?1 x exp ¥, b;x; (1)
where E (Y) is the predicted collision frequency (over a
period); b, is intercept, b, and bi are model parameters;
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VKT is the external exposure variable, and X repre-
sents the explanatory variable.

5. Data Collection

The model consists of several independent or explana-
tory variables, encompassing elements from road ge-
ometry to traffic condition. For this study, the variables
which have been considered are arterial segment length,
85thpercentile speed, traffic volume, roadway width
and number of access points per kilometer

5.1 Crash data

Data on traffic crashes in Dhaka city were collected
from the First Information Reports (FIR) of police sta-
tions in the city for the 8 years (1998 to 2005). The
only official source of crash data in Dhaka is the traffic
division of the Dhaka Metropolitan Police (DMP). In
Dhaka very few crashes between non-motorized ve-
hicles are reported to police. This is because damages
from these slow-moving vehicles are usually minor and
compensation costs are settled immediately.

5.2 Link Length

In analyzing crashes, the length of link includes the area
of influence around a hazard. The link (or mid-block)
as defined in this paper includes the roadway segment
between two intersections. All crashes that occur within
a specified radius of 250 feet from the center of an in-
tersection has been considered as intersection crashes
and thus excluded from the present research which is
focused mainly on prediction of link crash.

5.3 Traffic Volume

Traffic volume data were collected at each link on
weekdays for two hours with the help of a video cam-
era. Time of data collection was so selected that the
morning or afternoon peak was included within the
study hour. The hourly traffic volume and the composi-
tion of various types of vehicles at the study sections
were obtained from the videos of the traffic stream.

5.4 Design Speed
Speed data were collected both manually and auto-
matically (using radar-gun). The 85th percentile speeds
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were determined from spot speed measurement using
SPSS program.

5.5 Number of Access Roads

Number of access roads on each link was observed by
traversing the entire length of the road segment and the
number of major access point per kilometer for every
section is obtained.

5.6 Roadway Width

In case of developing countries like Bangladesh, ve-
hicles usually do not follow lane discipline. So instead
of considering lane based data total roadway width has
been considered as one of the model parameters which
seem logical for the current situation.

Table 1 presents the descriptive statistics of the data/
variables.

6. Model Form

The models used in the studies are called generalized
linear models and typically have a negative binomial or
Poisson error structure. Generalized linear models were
first introduced to road crash studies in [Maycock and
Hall, 1984] and extensively developed in [Hauer , Ng
and Lovell, 1989]. The aim of the modeling exercise is
to develop relationships between the crash rate (as the
dependent variable), and predictor variables. Typically
the models have the following form:

A= bO lel X2b2 X3b3 X4b4 X5b5

(1

Where A is the annual mean number of crash rate, x,,
X,s X5 X, and X, are explanatory variables and b1' b2, b3,

b, and b, are the coefficients. In the modeling process,
a log-linear transformation is made (refer to Equation
2). This is the reason the models are called generalized
linear models even though the final model form is mul-
tiplicative.

log A = log (bo x1* x22

=log bo+ b1log x 1+ b2 log x2+ bz log x3+

b3

X3 X4b4

2

X5b5)

bslog x4+ bslog xs

The models also may have the following form:
b4 XSbS eb6

A3)

A= bO lel X2b2 X3b3 X4

In the modeling process, the log-linear transform is:

log A = log (bo x1°* x2°2 x5 x4% x5 €*%) (4)
= log bo+ b1 log x1+ b2 log x2+ bz log x3+
bslog x4+ bslog x5 + be

The link function of the previous equations may be
identity or log.

7. Model Development

For the development of models, the ‘Crash Frequency
Method’ has been used in determining the crash rates.
The crash data has been normalized to convert the crash
frequencies to ‘Crash Rate’ in terms of crash per mile
per year. In this study, crash data for eight years on five
major arterials and a sum total of eighteen roadway
segments or links of Dhaka metropolitan were consid-
ered of which sixty percent data have been used in the
model development stage and remaining data for model
validation. Figure 1 shows the selected five arterials of
Dhaka city having the highest crash record.

Table 1. Descriptive statistics of the data/variables

Statistics Average Minimum Maximum  Standard Deviation
Number of access roads 8.4 2.0 24.0 7.0
Link length (Miles) 0.8 0.2 2.0 0.6
Roadway Width (Meter) 27.7 9.7 40.0 7.0
Traffic Volume (PCU/hr) 3238.5 1120.0 5641.0 12343
Design Speed (Mile/hr) 42.2 35.0 453 3.0
Accident Rate (Accident Per Mile 79 21 18.3 46
Per Year)
Fatal Accident Rate (Fatal
Accidents per Mile Per Year) 31 0.6 7.8 1.9
Non-Fatal Accident Rate (Non-Fatal 48 12 127 35

Accidents per Mile Per Year)

International Journal of Transportation Engineering,
Vol.3/ No.4/ Spring 2016

270



Md. Hadiuzzaman, Md. Ahsanul Karim, Md. Mizanur Rahman, Tanweer Hasan

St hgunda | Ry 1
a 4| Sanivrmeni [
) i
Fol Pallabi iy
’ Saction 12 L
[ L |_1|m:'||'_ %] * M
22 Srciom 11 by 3 - 3
T 3 il
"V Duaripar L
: Section &
3 Fuiticen . 5 5
iy w 2 p v
Sactian 1 -
| [T s
B el Cai '
: i s
T 4 4 [T
¥ Sha Al Ibrahim; e .
I i [ ,r.q P et Fuiehan
pur
& Barmi
5 Palpara Difibkn

* maghani

e——
-. Haameitag ' v Ohairliondi
. ? wahE
¥ Hararibag | Filieang

|""—|_-P Tarag|RrerH |
Fhm \ N r

Mchakha 0T
L] f
i 1
L T K
Hagar
i e Rana e
i Hearowg
Induimal 'Area Hnia
2 1
Faryatcia Meradia, [ Maw
Nogh K L
Bagaas 4
i Khuigaon
A %%ﬁ
Bayan B
. B i
ra
fare Pan R Y

AmTanad

Figure 1. Selected arterial segments

Three different types of crash models (i.e. total, fatal and
non-fatal) have been developed using SPSS and GEN-
MOD of SAS for different link function and regression
approach based on crash data distribution. Most of the
previous study reveals that crash data typically fol-
lows either negative-binomial or Poisson distribution.
The ‘Poisson’ model was used where the variance in
crash numbers is roughly equal to or less than the mean
over the majority of the traffic flow range. However,
when the variability is generally higher than the mean
the ‘negative binomial” model is used. The Negative bi-
nomial model is a mixture of the Poisson and gamma
distributions. In this study, it was observed that though
for metropolitan Dhaka total and non-fatal crash follow
negative-binomial distribution, but fatal crash follows
normal distribution. Probably this is due to the fact that
in the study area, pedestrians represent around 72% of
road traffic fatalities and the pedestrian’s exposure is
more or less same for each roadway segment [ARC,
2005]. As a result, the fatal crash rate has been found
nearly same and follows normal distribution instead of
negative binomial or Poisson distribution. Using statis-
tical software SPSS and SAS, a total of fourteen models
were developed. Models which have significant statisti-
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cal parameters have been listed in Table 2. For the mod-
els developed in SAS, only the models that have signifi-
cant parameters, the ratio of deviance to the degrees of
freedom close to one and a relatively high estimated
R

measure of discrepancy between actual and estimated

are presented in this section. The deviance is a

values, which was calculated in the GENMOD proce-
dure. The R?

a

indicator is used to measure the level of
explanatory ability of each model [Miaou, 1996].
K

K

max

R:=1- (5)
The term k =dispersion parameter estimated in the neg-
ative binomial model while k__=dispersion parameter
estimated in the same negative binomial model with
only an intercept term and a dispersion parameter. This
measure can be used equivalently to the coefficient of
determination (R?).

8. Model Validation

In the model validation phase, forty percent of the crash
data were used. Both coefficient of determination (R2)
and coefficient of variation of root mean square er-
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Table 2. Regression statistics and models for different crash severity

Crash Model Model
Severity No.
1. N = 0.0007458* (Access) 173 * (Length)” ©23* * (Width)>'* * (Volume)®'¢7 *
(Speed)°'435
R2=0.652
2. N = exp{0.00043*(Access) " 138*(Length) 0205*(Width)! 48! *(Volume)®- 16! *
Total (Speed)*7¢7}
Crashes R.?=0.633
3. N = 0.0007458*(Access)!7**(Length) *23**(Width)>'***(Volume)®1¢”  *
(Speed)0'435
Ry2=0.838
4. N = 6.714x10-9 * (Access) 7 * (Length) %07 * (Width)!9°® * (Volume)®¢'3 *
(Speed)>”7 * exp(0.2*link)
R2=0.919
1. N=3.11x10"" * (Access)?2% * (Length)*!? * (Width)>*38 * (Volume)®33* *
(Speed)7'094
R.2=0.594
2. N =exp{1.75x1073% * (Access) ! * (Length)' 020 * (Width)’# * (Volume)04¢° *
(Speed)”‘m}
R.2= 0.625
3. N=3.11x10"" * (Access)?2% * (Length)*!? * (Width)>*38 * (Volume)®33* *
(Speed)7'094
Fatal Crash R,>=0.878
4. N =3.261x10-8 * (Access) "% * (Length)*%0 * (Width)32!0* (Volume)*33* *
(Speed)®4%4* exp(0.765*Width)
R=0.951
5. N =1.31x10"" * (Access)®!*! * (Length)®% * (Width)*?3 * (Volume)0% *
(Speed)6.339
R=0.921
6. N =9.89x10® * (Access) %946 * (Length) %40 * (Width) 7210 * (Volume)?47 *
(Speed)®2P*exp(0.740*Width)
R=0.961
1. N =697.15 * (Access) 3% * (Length) %2 *(Width)!** * (Volume)?3%?? *
(Speed)-l,SIS
Ry?=0.672
2. N =exp {3.568x102 * (Access) %% * (Length) %% * (Width)>** * (Volume)®2%*
Non-fatal * (Speed)*?%}
Crash R2=0.551
3. N =697.15 * (Access) "% * (Length) %2 *(Width)!** * (Volume)?3%?? *
(Speed)-l,SIS
R/=0.814
4. N =1.169x10"5 * (Access)7%* (Length) %% * (Width)'33* * (Volume)®-36> *

(Speed)! 7% * exp(0.308*1ink)

R.?=0.922

ror (CV_RMSE) values between predicted and actual
count of crashes have been calculated to identify the
best model for each crash type. Table 3 shows the mea-
sured statistical parameter. CV_RMSE has been calcu-
lated using the following equation (6).

From the table 3, it is clear that Model 2 for total crash,
Model 6 for fatal crash and Model2 for non-fatal crash pre-
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diction have high coefficient of determination and lowest
root mean square error. So, these three models have been
finally proposed for fatal, non-fatal and total crash predic-
tion on urban arterial of developing countries. These three
models have been enlisted below with the corresponding
R? values and P-values for the explanatory variables in or-
der of Access, Length, Width, Volume, and Speed:
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\/Z(Modelj —Count, f/(Number _of _counts ~1)
J

CV _RMSE = %100 (6)
{ZCountJ /Number _ of _CountsJ
i
Table 3. RMSE and R? Values between Observed and Predicted Crash
Crash Severity Model no. R? CV_RMSE

Model 1 0.967 12.474

Model 2 0.969 11.124

Total Crash Model 3 0.967 12.474

Model 4 0915 17.464

Model 1 0.841 32.302

Model 2 0.961 14.858

Model 3 0.841 32.302

Model 4 0.977 13.193

Fatal Crash Model 5 0.915 24.278

Model 6 0.971 12.712

Model 1 0.923 18.641

Model 2 0.980 9.415

Non-fatal Crash Model 3 0.923 18.642

Model 4 0.899 21.623

Total Crash: 9. Conclusion

N = exp {0.00043* (Access)”'*® * (Length)®** * The primary objective of this research was to develop

(Width)!4$! * (Volume)®!¢! * (Speed)®"¢"} (1)
(R,>=0.633; P-values in order: <0.001, <0.001, <0.001,
<0.001, <0.001)

Fatal Crash:

N=9.89 x 10-8 * (Access) ¥ * (Length)*%* *(Width)y ™10
* (Volume)®#37 * (Speed)6-209 * (0740 Widih) @)
(R,>=0.961; P-values in order: <0.001, <0.001, <0.001,
>0.001, <0.001)

Non-fatal Crash:

N = exp {3.568x1072 * (Access) 2 * (Length) 08 *
(Width)2'°45 * (Volume)°-284 * (Speed)4~93"} 3)
(Ra2=0.551; P-values in order: <0.001, <0.001, <0.001,
<0.001, <0.001)

where,

N = crash per mile per year

Access = number of access points on the arterial
segment

Length = length of arterial segment or link (mile)
Width = Width of roadway (meter)

Volume = Traffic Volume (Passenger Car Unit/hour)
Speed = Design Speed of arterial segment (mile/hour)
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planning level crash prediction models for assessing
the long-range safety impact of alternative arterial net-
works of urban areas. A set of regression models was
developed following the generalized linear modelling
technique. The authors used five independent variables
- length of segment, traffic volume, number of access
road, design speed and roadway width. It is expected
that all of these variables are usually known by the
transportation planners as these are regularly collected
or predicted. The developed models are not meant to
be used for analyzing detailed design features of urban
road during project development stage, which usually
is the responsibility of country’s transportation and plan-
ning ministry. Though all the previous models for free-
way show crash rates largely influenced by interchanges,
the present study reveals that roadway width and design
speed are the governing factors for non-lane based traffic
on urban arterials for controlling crashes.

The developed models can actually be used by the met-
ropolitan planners for assessing the safety impacts of al-
ternative arterials. However, it should be noted that these
models are most suitable in the plan development stage
of the long-range transportation planning process when
alternative transportation and land use plans are evaluated.
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Figure 2. Predicted values against the observed values for the proposed models
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