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Abstract

Modeling highway traffic crash frequency is an important approach for identifying high crash risk
areas that can help transportation agencies allocate limited resources more efficiently, and find
preventive measures. This paper applies a Poisson regression model, Negative Binomial regres-
sion model and then proposes an Artificial Neural Network model to analyze the 2008-2012 crash
data for the Interstate I-90 in the State of Minnesota in the US. By comparing the prediction per-
formance between these three models, this study demonstrates that the Neural Network is an ef-
fective alternative method for predicting highway crash frequency.
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1. Introduction

Highway safety is a global concern, and a socio-economic aspect, leading to tremendous life and property loss
each year around the world, and therefore a comprehensive understanding of the traffic safety system is always
emphasized in transportation engineering. Public agencies have put great effort into preventive measures, such
as illumination and policy enforcement; however, the annual number of traffic accidents has not yet significantly
decreased. For instance, in the US according to the 2012 crash overview report, published in Feb 2014 by the
fatality analysis reporting system (FARS) and the national automotive sampling system-general estimates sys-
tem (NASS-GES), a total of 33,561 people were killed in motor vehicle crashes in 2012 with 3.3% increase over
2011 fatalities, and an additional of 2,362,000 people were injured in crashes with an increase of 6.5% over
2011 injuries. Therefore, there should be further research studies on the risk factors associated with traffic acci-
dents. The occurrence of crashes can be attributed to driver, vehicle, environment, and roadway characteristics.
This paper begins with a literature review of modeling accident frequencies, followed by a description of the
data used in the analysis, then introduces the methodological approach of evaluating Poisson regression and
Negative Binomial regression, and then proposes the Artificial Neural Network approach to improve upon the

How to cite this paper: Abdulhafedh, A. (2016) Crash Frequency Analysis. Journal of Transportation Technologies, 6,
169-180. http://dx.doi.org/10.4236/]tts.2016.64017



http://www.scirp.org/journal/jtts
http://dx.doi.org/10.4236/jtts.2016.64017
http://dx.doi.org/10.4236/jtts.2016.64017
http://www.scirp.org
http://creativecommons.org/licenses/by/4.0/

A. Abdulhafedh

two previous methods, followed by discussion of findings, and comparison of results. The paper concludes with
a summary and directions for future researches.

2. Literature Review

Modeling of crash count data is very important topic in highway safety analysis, and in the past few decades,
modelers have proposed a significant number of analysis tools for analyzing crash data. The number of crashes
per year (or per more than one year, such as five years) is called the crash frequency, which has been widely
used as an indicator of the crash occurrence at highways or certain segments of the roads. A variety of indepen-
dent variables can affect crash frequency that are related to the driver behaviors, road geometric, vehicle, and
environment. The influence of such variables on crash occurrence could significantly vary on case by case basis,
but in general, past researches have shown that both behavioral factors related to the driver’s errors, and non-
behavioral factors related to the road geometry, vehicle, and environment can significantly affect traffic acci-
dents, and researchers usually extract only a limited number of variables from each class to be used as indepen-
dent variables in the modeling process [1]. Previous researches in the literature that attempted to estimate crash
frequency can be classified into two types. One type includes conventional univariate regression models, such as
the Poisson regression model, Poisson-Gamma (Negative Binomial) model, Poisson-lognormal model, ze-
ro-inflated model, and Conway-Maxwell-Poisson model. The second type includes more specification-based
models such as generalized additive models, random-parameters models, finite mixture, Markov switching
models, and hierarchical models [2]. Crash prediction models were first based on the simple Multiple Linear
Regression models assuming normally distributed errors. However, researchers soon discovered that crash oc-
currence is more fitted with the Poisson distribution, and hence began to utilize the Poisson regression model
that was developed by an advanced modeling technique called the Generalized Linear Models (GLM), instead of
the conventional multiple linear regression technique [3]. The Multivariate Poisson (MVP) regression models
have been used for several decades, and become one of the most popular modeling techniques in the traffic
safety field, especially for crash rate or crash frequency estimation. Several papers in the literature, such as
[4]-[6] produced an MVP model approach to explore the relationship between the risk factors and crash rates.
However, many researchers have found that the Poisson regression model has one important constraint that is
the mean must be equal to the variance, and when this assumption is violated, the standard errors estimated by
the maximum likelihood method, will be biased and the test statistics derived from the model will be incorrect.
Since recent studies have shown that the accident data were usually over-dispersed (i.e. the variance is much
greater than the mean), therefore, this will result in incorrect estimation of the likelihood of accident occurrence
when using the Poisson regression model [2]. In overcoming the problem of over-dispersion, researchers began
to employ the Negative Binomial (NB) distribution (or Poisson-Gamma) instead of the Poisson distribution,
which relaxes the condition of mean equals to variance, and hence can take into account the over-dispersion in
the crash data counts [2]. The NB models have been widely used in crash frequency modeling, and several pa-
pers can be found in the literature addressing the NB models, such as [7]-[12]. However, the NB model has
some limitations such as its inability to handle the case of under-dispersion of the data count, where the mean of
the crash counts is higher than the variance, and this (although rare) can exist when the sample size used is very
small, and the mean value is too low, which can result in inadequate parameter estimates [13] [14]. Hence, to
overcome the limitations of the NB models, some researchers introduced the Poisson-Lognormal model, in which
the error term is Poisson-lognormal rather than gamma-distributed, and can handle the under-dispersed data
counts [11] [12] [15] [16]. Another widely used crash frequency modeling that can be found in the literature is
the zero-inflated Poisson and zero-inflated negative binomial models, which have been introduced mainly to
deal with the over-dispersion problem caused by the excessive zeroes (i.e. locations where no accidents can be
observed) in traffic accident data counts. The zero-altered procedure allows modeling the accident frequencies in
two states, namely; the zero-accident state, and the non-zero accident state (where accident frequencies follow
some distribution occurrence, such as the Poisson or negative binomial distribution), and the probability of a
section being in zero or non-zero states can be found by a binary log it model or a probit model. These ze-
ro-inflated models have shown great flexibility in both states, although some researchers have criticized their
applications in crash predictions because of the long term mean equals to zero in the safe state, and hence, it can
produce some biased estimates [10] [17]. The Conway-Maxwell-Poisson model has been recently investigated
in highway safety researches, but it has limited applications in crash frequency modeling [9] [18]. A limited
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number of researches have used the Generalized Additive Models that can provide smoothing functions for the
explanatory variables, however their estimation process can become very difficult to be employed as they in-
clude more parameters than the traditional count models, and therefore their applications to the crash frequency
prediction are very limited [19] [20]. Random-parameters models have also been used in few researches to take
the effect of the unobserved heterogeneity from one roadway site to another, but they have been very limited in
their applications [21]-[23]. Finite mixture and Markov switching models have been used recently in some li-
mited applications of highway safety and crash frequency, but still they are very complex in their processing
procedures to be widely employed [10] [24] [25]. Hierarchical-multilevel models have also been used in crash
frequency modeling to address the effect of large correlation within the hierarchical clustering if exist, but their
outputs are very difficult to be interpreted, and have not been popular in their applications [8]. Artificial Neural
Networks (ANNSs) have been employed in some applications of highway safety as predictive tools, such as driv-
er behavior analysis, pavement maintenance, vehicle detections, traffic signal control, and vehicle emissions
[26]-[28]. However, their applications in crash frequency analysis have been extremely few, and therefore this
paper examines whether ANNSs can be used as an alternative method to determine the relationships between the
risk factors and crash occurrence by comparing their performance with other methods.

3. Data Source and Description

Data were obtained from the Highway Safety Information System (HSIS) database maintained by the Federal
Highway Administration (FHWA) of the United States Department of Transportation. This paper used a 5-year
crash period extending from 2008 to 2012 on the interstate highway (1-90) in the state of Minnesota. The inter-
state 1-90 is a multi-lane divided highway that connects the eastern and western coasts of the US, and it passes
through the southern part of Minnesota with a length of 444 km (276 mi). The data provided by the HSIS for
Minnesota was carefully examined, labelled, filtered, and outliers and missing data were excluded from the
analysis. All crashes that occurred on the 1-90 during the study period 2008-2012 were considered in the analy-
sis including fatal, different levels of severity injury, and property damage crashes. The data from the HSIS were
obtained in three separate folders: the accident files, the road files, and the vehicle files on a year-by-year basis
for the state of Minnesota. The accident files contained information about the crashes, the environment, and the
circumstances of the crash occurrence. The vehicle files described various characteristics of the vehicle(s) in-
volved. The road files provided information on the road characteristics where the accidents occurred. For the
purposes of this study, the three data files for each of the 5 years period were combined to create a single dataset
of the crash records containing all relevant data about the drivers, roads, environment, and vehicles involved in
these crashes. The (1-90) study area was divided into manageable and homogenous roadway sections, such that
within each section there was reasonable constancy of geometric characteristics so that each section can be
treated as an observation in the dataset. The total length of 1-90 in MN (444 km) was disaggregated into 897
sections with section length varies from 0.2 km to 0.9 km. Different risk factors related to the road geometry, the
driver behavior, the environment, and the vehicles involved in the crashes were carefully examined, classified,
and pertaining with previous studies in the literature, the following group factors were chosen to be included in
the analysis: the road characteristics factors (i.e. straight segments, upgrades, downgrades, horizontal curves);the
road surface conditions (i.e. dry, wet, muddy); the section lengths; the weather conditions (i.e. clear, rain, snow,
fog); the annual average daily traffic (AADT) of each section; the light conditions (i.e. day light, dark with street
light on, dark and no light);the driver age; the driver sex; and the vehicle type (i.e. passenger car, van, bus,
truck).The number of lanes, width of lanes, shoulder widths, and route classifications have been widely used in
the literature as contributing factors in the analysis of crash prediction, however they were removed from this
study because the interstate 1-90 mostly consists of homogenous and fixed number of lanes and shoulders
throughout the study area, and therefore they cannot contribute to the crash frequency in this paper. The HSIS
criteria for labelling and classifying of the risk factors were used in the analysis. The data were randomly di-
vided into two subsets, one for the training process that includes 70% of the observations, and the other for test-
ing process that includes 30% of the observations. Hence, the total number of the road sections (897) was disag-
gregated into 628 sections for the training data, and 269 sections for the testing data. Table 1 shows the risk
factors (i.e. the explanatory variables) included in the analysis, their name interpretations, and their statistics.
The correlation between all the explanatory (independent) variables were tested using Pearson correlation test
in order to exclude the highly correlated variables (i.e., correlation of 60% or more), and the correlations were
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Table 1. Variables included in the study with summery statistics.

. ikl Name Interpretation Variable sub Classification Mean Star)da}rd
Variable Name Deviation
1—Straight
Rd char Th_e characteristics of the road 2—Upgrade 1662 1.097
- section where the crash occurred 3—Downgrade

4—Horizontal curve

o 1—Dry
Rdsurf The condition of the road surface > Wet 2396 05831
where the crash occurred
3—Snow, muddy

1—Clear
Weather conditions 2—Rain
Weather when the crash occurred 3—Snow, sleet 1.533 0.803
4—Fog
. . 1—Daylight
Light zrt‘irfg‘ifn?: ('J'?thrfeeé‘r'zgfld 27— Dark,Lights On 1.642 0.69
3—Dark, No Lights
. 1—< 21 years
Drv_age o?t]r? ea\?:h(i)ZIteh?n(\j/gl\gd 2—between 21 to 65 1733 0.565
3—> 65 years
Sex of the driver of the 1—Male
Drv_sex vehicle involved 2—Female 1.401 0.49
1—Passenger Car
Type or body of vehicle 2—Van or Minivan
Ventype involved in the crash 3—Bus 1174 0.584
4—Truck
Annual Average Daily Traffic Numeric values in 1000s of vehicles.
AADT of the road section Min. =5.70 13.027 5.499
where the crash occurred Max. = 27.618
. Numeric values
Sec_leng Section of the road Min. = 0.2 km 0518 0.204

where the crash occurred Max. = 0.9 km

found to be very low among all variables (i.e. no correlation value exceeded 21%), and therefore all the selected
explanatory variables were kept in the analysis. The observed crash frequency of 1-90 at all road sections from
2008 to 2012 ranges from 0 to 7, the average frequency is 0.77, sections with zero crash frequency are 480, and
sections with only one crash frequency are 286, as shown in Figure 1.

4. Methodology

Two widely used crash prediction approaches were chosen for the analysis of crash data of the interstate high-
way 1-90 in Minnesota; namely the Poisson Regression Model, and the Negative Binomial (NB) Regression
Model. In order to improve the prediction outputs, a new approach was proposed for conducting the analysis,
and comparing the results namely; the Artificial Neural Network (ANN) model as described below:

1—The Poisson Regression Model

Poisson regression model was widely used in the past few decades as an introductory method of modeling the
highway crash prediction because it can easily handle the nature of the crash frequency data counts, which are
often described as random events, discrete, and non-negative integers, and often their distributions were found to
be skewed, and close to the Poisson distribution rather than other distributions such as the normal distribution [2]
[6] [29]. The Poisson model can be expressed as:

P(ni): ﬂiEXP( /11)
n!

€]

where,

()



A. Abdulhafedh

Summary Report for Observed Crash Freq. of I-90 MN

2008 - 2012 Anderson-Darling Normality Test
480 A-Squared 98.91
P-Value <0.005
Mean 0.77035
Obs. StDev 1.16338
Crash 286 Variance 1.35345
F . Skewness 2.32182
req. .
N Kurtosis 6.84548
N 897
Minimum 0.00000
/ 1st Quartile  0.00000
57 Median 0.00000
47 3rd Quartile 1.00000
9 9 4 5 Maximum  7.00000
2 2 3 95% Confidence Interval for Mean
Crash Occurrence rate on [-90 road sections 0.69411 0.84658

Figure 1. Summary statistics of the observed crash frequency of 1-90 in MN from 2008 to 2012.

P(n;): the probability of n crashes occurring on section i of a highway during a period of time,
Ji: the expected crash frequency on section i of the highway.
Accordingly, the crash frequency can be estimated by the expression:

4 —EXP(pX,) @

where,

J;: the dependent variable (the expected number of crashes per time period),

Xi: a vector of the independent (explanatory) variables,

f3: a vector of the estimates (coefficients) of the independent variables X;.

The Poisson model assumes that the mean equals the variance, and hence can’t handle the over-dispersion
nature of the crash data when the variance exceeds the mean, especially if the sample size is small [2] [14]. A
crash frequency analysis was conducted on both the training and testing datasets using the Poisson regression
model, and the results of the Poisson model fit were obtained by using the SPSS software as shown in Table 2.
Since the Poisson regression model is a form of the Generalized Linear Models (GLMs), therefore many good-
ness of fit measures can be used for estimating how well the model fits the data, such as the deviance, and Pear-
son Chi square. If the model fits the data well, the ratio of the deviance to the degrees of freedom (df), and the
ration of the Pearson Chi square to the degrees of freedom should be close to one [7]-[10]. Table 2 shows that
both the deviance/df (unitless), and the Pearson Chi square/df (unitless) for both the training and testing data are
significantly larger than one, indicating that the Poisson regression model might not be well suited for these data,
apparently because of the over dispersion in the data count, that cannot be handled effectively by the Poisson
regression. The overall model fit determined by the software is 53.45% for the training data, and 55.87% for the
testing data, as shown in Table 2.

2—The Negative Binomial (Poisson-Gamma) Regression Model (NB)

The Negative Binomial (or Poisson-Gamma) Regression Model is the most commonly used model in crash
frequency modeling, and it was introduced as an alternative to the Poisson Regression Model to take into ac-
count a possible over-dispersion in the crash data counts. The NB uses Gamma Probability Distribution, and can
relax the assumption of the mean equals the variance that the Poisson regression model takes into account, and
hence the NB can deal with the over-dispersion that usually exists in the crash data counts. In order to obtain the
NB model, the Poisson regression can be rewritten by adding an error term to its predicted number of crashes,
and becomes:

A =EXP(BX; +¢) ®)

where:
EXP (&) : a gamma-distributed error with mean equals one and variance equals o.
This error term which is called the over-dispersion parameter, allows the variance to differ from the mean
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Table 2. Goodness of fit measures of poisson regression for training and testing data.

Data Subset # of observations Deviance/df Pearson Chi Square/df Sig. Overall Model Fit
Training 628 1.247 1.333 0.000 53.45%
Testing 269 1.213 1.286 0.000 55.87%
such that:
VAR(Y)=E(¥;)(1+aE (%)) @)
where,

VAR(y;): the variance of the dependent variable y;,

E(y;): the expected mean value of the dependent variable y;.
and both « and £ can be estimated from the maximum likelihood function. When « is zero, the model becomes
Poisson regression, and if « is found to be significantly different from zero, then the NB regression can be used
instead of the Poisson regression model [2] [9] [26]. A crash frequency analysis was conducted on both the
training and testing datasets using the Negative Binomial regression model, and the results of the NB model fit
were obtained by using the SPSS software as shown in Table 3. The NB model also belongs to the GLMs, and
as was the case in Poisson regression, if the model fits the data well, the ratio of the deviance to the degrees of
freedom, and the ration of the Pearson Chi square to the degrees of freedom should be close to one. Table 3
shows that both the deviance/df (unitless), and the Pearson Chi square/df (unitless) for both the training and
testing data are very close to one, indicating a good fit of this model. The overall model fit is 59.18% for the
training data, and 61.88% for the testing data, indicating much better fits than the results obtained from the
Poisson regression, apparently because the NB can easily handle the over dispersion nature of the data counts,
and hence can effectively improve the overall fit and prediction results.

3—The Artificial Neural Network (ANN)

Artificial Neural Networks (ANNSs) are robust functions and analytical tools for prediction and classification
problems that can model very complex non-linear functions to high accuracy levels using a process of learning
that is similar to the learning procedure of the cognitive system in the human brain. The network body is com-
posed of a series of nodes and weight factors that connect the nodes together in hierarchical style that consists of
input layers, hidden layers, and output layers. These models have been used in recent years in many research
areas including highway safety as predicting approaches, and researches have shown that they can predict com-
plex observations more accurately than the traditional regression models. ANNs have many advantages over the
classical statistical models. For instance, regression models need a pre-defined relationship or functional form
between the dependent variable (crash frequency) and the independent explanatory variables that can be esti-
mated by some statistical approaches, whereas the ANNs do not require the establishment of these functional
forms, and can be easily applied for the analysis. On the other hand the ANNs differ from the statistical models
in that they behave as black-boxes and do not provide interpretation for the parameter estimates related to the
explanatory variables [2] [27] [28]. In this paper, a three-layer Neural Network has been used consisted of an
input layer with 9 explanatory variables that contained a total of 27 subunits, the hidden layer with 8 neurons,
and the output layer that represents the 8 classes of the crash frequency occurrence on the 1-90 in MN (i.e. sec-
tions with 0, 1, 2, 3, 4, 5, 6, 7 crash rate occurrence), and the structure of the Neural Network is shown in Figure
2. The same independent variables that were introduced into the Poisson regression and the Negative Binomial
regression models were fed into the input layer of the ANN for the purpose of the performance comparison be-
tween the different models. The number of the neurons in the hidden layer were tested for optimization using the
cross-validation design experiment by the SPSS software, and the optimal number was found to be 8 (i.e. 7 neu-
rons plus the bias neuron). The output layer was set to predict the crash frequency at each section of the 1-90.
The data were randomly divided into two subsets as was already done for the Poisson and the NB models, the
training data which consists of 70%, and the testing data consists of 30% of the total observations. The back
propagation algorithm was employed for training the Neural Network in this study, as it is currently the most
widely used rule for training neural networks, which tries to minimize the total mean square error (MSE) of the

output as follows [26]:
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Bias

rd_charl
rdsurf

aadt

weather

light
drv_age
drv_sex

vehtype

sec_leng
INPUT LAYER Hidden Layer

Figure 2. The Neural Network Structure used in the analysis.

Table 3. Goodness of fit measures of nb regression model for training and testing data.

Data Subset # of observations Deviance/df Pearson Chi Square/df Sig. Overall Model Fit
Training 628 1.019 1.021 0.000 59.18%
Testing 269 1.012 1.017 0.000 61.88%
MSE=— Y 5% (t, -, ) (5)
N x K &=t j=1\i ij
where,

MSE: the mean square error,

t: the target output,

a. :the model output,

K: the number of neurons,

N: the number of observations in the data.

The software default hyperbolic tangent activation function was used for processing the hidden layer, and the
soft max activation function was used for the output layer. The best MSE results for the training and testing data
were obtained after conducting thousands of learning cycles by the Tiberius software. The results of the overall
model fit, and the overall model error determined by the software for both the training and testing data are
shown in Table 4. The overall ANN fit is 69.3% for the training data, and 70.2% for the testing data, and the
overall error for the training data is 6.3% and for the testing data is 5.7%. These results show that the ANN can
fit the training and testing datasets much better than the Poisson and the NB models, and thus, a significant im-
provement has been achieved by using the ANN model over the Poisson and the NB model fits.

5. Discussion of Findings

The results of the coefficient’s estimates of the explanatory variables for the testing data from both the Poisson
regression, and the NB regression models are shown in Table 5. The Wald Chi square statistics shown in the ta-
ble is a popular way of testing the significance (similar to the t-statistics) of the explanatory variables used in the
Generalized Linear Models, such as Poisson and NB models. If the Wald statistics turned to be significant for
any variable (as indicated by the associated p-value), then this variable is significant, and should be kept in the
model, and if not, then this variable can be omitted from the model [9]-[12]. Since the Wald statistics shown in

()
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Table 4. Overall model fit, and model error of the ANN.

Data Subset Overall Model Fit Overall Model Error
Training 69.3% 6.3%
Testing 70.2% 5.7%

Table 5. Coefficient’s estimation results from poisson and NB models for the testing data.

Item ) Testing D_ata _Testi_ng Dgita
Poisson Regression Model Negative Binomial Model
VRS Eg:t?rilfaf\.te Squ\;\izlgtgt?sltics PRELLE Eg:t?rilfaf\.te Squ\g\glgtg:t?;tics PRI
Intercept —2.681 21.088 0.000 —2.323 22.709 0.000
Rd_char
1—Straight —0.109 0.343 0.046 —0.193 0.371 0.044
2—U.grade 0.332 7.774 0.002 0.412 6.311 0.001
3—D.grade 1.389 4614 0.002 1.559 3.727 0.001
4—H. Curve 1.703 6.633 0.002 1.388 5.476 0.001
Rdsurf
1—Dry —0.282 0.225 0.043 -0.172 0.482 0.041
2—Wet 1.321 5.867 0.003 1.478 5.533 0.002
3—Muddy 0.732 10.448 0.001 0.915 9.611 0.001
Weather
1—Clear -0.221 0.411 0.077 —0.393 0.622 0.079
2—Rain -1.032 4.747 0.033 -1.703 7.153 0.003
3—Snow 1.744 7.182 0.002 2.433 7911 0.001
4—Fog 2.011 12.877 0.000 3.044 9.633 0.000
Light
1—Day Light —0.019 0.177 0.092 0.099 -0.191 0.107
2—Light ON —0.153 0.242 0.041 0.331 —0.338 0.044
3—No Light 2.091 12.944 0.001 3.866 12.852 0.000
Drv_age
1—<21yr. 2.281 13.553 0.001 4.472 12.264 0.001
2—(21to 65) —-0.141 0.093 0.032 —0.394 0.435 0.003
3—>65yr. 2.176 13.844 0.001 5.611 12.919 0.001
Drv_sex
1—Male -1.337 15.445 0.031 —-1.499 12.069 0.002
2—Female -1.228 14.688 0.027 —2.093 13.419 0.001
Vehtype
1—P. Car —2.301 17.285 0.036 —4.612 18.333 0.041
2—Van —2.099 12.312 0.021 —2.411 12.419 0.023
3—Bus 1.890 10.449 0.002 2.712 9.747 0.003
4—Truck 1.909 9.781 0.002 2.644 6.552 0.002
Sec_leng
1—0.2 km —1.266 2.322 0.023 —2.229 5471 0.026
2—0.5 km —1.441 5.888 0.036 —2.741 6.071 0.039
3—0.9 km —1.155 2.991 0.029 -1.791 5.559 0.033
AADT 2.761 4.663 0.022 2.819 5.113 0.001
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the table are significant at the 95% confidence level for all the explanatory variables used in the model (i.e., their
p-values are less than 0.05) except for the clear weather condition (with p-value of 0.077 in the Poisson model,
and 0.079 in the NB model), and the day light condition (with p-value of 0.092 in the Poisson model, and 0.107
in the NB model), then these two factors can be omitted from the model, and all other factors are significant, and
should be kept. Also, the coefficient’s estimates and their signs for the testing data in both Poisson and NB
models shown in Table 6 can be used to explore the contribution of each explanatory variable to the resulting
dependent variable (i.e. crash frequency). The positive sign of the estimate indicates that the associated expla-
natory variable would increase the likelihood of the crash occurrence, and the negative sign indicates negative
contribution of the variable to the crash occurrence. For example, when inspecting the road characteristics fac-
tors in both the Poisson and NB models, the positive sign of the upgrade, downgrade, and horizontal curves
means that the occurrence of crashes at road segments with these features are more likely to happen than at the
straight portions of the road. The grades and curves affect the operation of vehicles and their speed, and this ob-
viously could increase the probability of the vehicle accidents. The wet, and muddy conditions of the road sur-
face would decrease the coefficient of friction between the tires and the road surface, and hence would increase
the crash probabilities, as indicated by the positive sign of the wet and muddy coefficient estimates compared to
the negative sign of the dry condition estimate. For the weather factors estimates, the positive sign of the snow,
and fog conditions indicates increased crash frequency at these conditions, as the driver vision within the fog
could decrease, and the friction coefficient within the snow could substantially decrease, and hence, causing the
increased probability of more accidents. The accidents could also increase in the dark with no light, as indicated
by the positive sign of the (No light) factor estimate in the table. The driver age group of (21 to 65 years) has
negative estimate, indicating that this group is less likely to increase the crash occurrence, whereas the young
drivers (less than 21 years), and the elderly (more than 65 years) can positively contribute to the increased crash
frequency, as indicated by their positive sign estimates. The driver sex has negative estimates for both males and
females, indicating no preferences on crash occurrence in term of driver sex. The vehicle type factors show that
both the passenger cars and vans or mini vans have negative sign estimates, meaning that their contribution to
the accidents is less likely to increase, compared to the buses and trucks with positive estimates that can increase
the crash occurrence likelihood. The negative sign of the section length estimates shows that the different sec-
tion lengths have no effect on the increased accident probability. The annual average daily traffic (AADT) has
positive estimate sign, indicating that the increased daily traffic volume at any section can increase the crash
frequency as vehicles are more likely to interact with each other in higher volume conditions.

The ANN model can directly determine the % importance of each explanatory variable in predicting the out-
put (crash frequency) as shown in Table 6. The road characteristics factors (road geometry) have the highest
importance of 42% in determining the crash occurrence rate as shown in the table, and this is obvious because
the road geometrics can affect the operational speed of the vehicles, especially on the grades and curves, and
hence, increasing the likelihood of the crash occurrence. The second important explanatory variable is the
AADT with 27.9%, indicating that the increased traffic volume at any section of the road can increase the prob-

Table 6. The % Importance of the explanatory variable on the crash frequency by the ANN model.

Explanatory Variable Importance %
Rd_char 42%
Rdsurf 4.3%
AADT 27.9%
Weather 6.7%
Light 4.2%
Drv_age 5.2%
Drv_sex 2.0%
Vehtype 5.1%
Sec_leng 2.6%
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ability of the crash occurrence resulting from the increased interaction between vehicles. The importance of the
weather factors is 6.7%, indicating that the adverse weather conditions, such as snow and fog conditions, could
increase the probability of the crash occurrence by 6.7%. Next, the importance of the driver age is 5.2%, indi-
cating that the driver age can contribute to the crash occurrence, especially for young drivers (less than 21 years),
and elderly drivers (more than 65 years) by as much as 5.2%. Next, the vehicle type (i.e., passenger car, van, bus,
truck) with 5.1% importance. Next, the road surface factors with an importance of 4.3%, indicating that these
factors (i.e., dry, wet, muddy) can contribute to the crash occurrence by 4.3%. The light conditions factors have
4.2% importance on the crash frequency, and the section length has only 2.6% importance. The least important
variable is the driver sex with only 2% contribution to the crash occurrence.

This classification tool from the ANN model is very useful in determining the most influential explanatory
variables that can contribute to the crash occurrence instead of using the coefficient estimates from the Poisson
and NB models. This % importance is easier to be interpreted than the estimates and their signs in the other two
regression models. Furthermore, the ANN does not require pre-defined relationships between the independent
and the dependent variables, and can be easily applied in the crash frequency analysis.

6. Comparison of Prediction Performance between the Three Approaches

The prediction performance of the three models used in this paper can be presented by comparing the observed
crashes versus the predicted crashes for each model at each crash occurrence rate, as shown in Table 7 for both
the training and testing data. The ANN crash prediction results are much better than the NB, and Poisson models
in all crash occurrence rate (i.e. within sections of 0, 2, 3, 4, 5, 6, 7), except for sections with one crash occur-
rence rate for the training data, where the NB performs better, followed by the Poisson model. Also, the overall
prediction performance of the ANN is much better than the NB, and Poisson models for the testing data. The
overall prediction performance of the ANN is 74.4% compared to the NB overall performance of 63.7% and the
Poisson performance of 54.9% regarding the testing data. These prediction results of the ANN demonstrate that
the ANN model is an effective approach in predicting highway crash frequency, and can improve the accuracy
of the prediction results upon the results obtained from the traditional statistical models, such as the NB, and the
Poisson regression models.

7. Conclusion

In this paper two crash prediction methods were analyzed using the crash data counts on the interstate highway
1-90 in Minnesota, namely; the Poisson Regression Model, and the Negative Binomial (NB) Regression Model.
Then the Artificial Neural Network (ANN) approach was used as a third method. The analysis showed that the
Poisson model might not be well suited to fit the crash data counts because it assumes that the mean must equal
the variance, and hence, it cannot deal with the over-dispersion nature of the crash data counts. The NB can take

Table 7. Comparison of the observed vs. predicted crash frequency between poisson, NB, and ANN.

Training Data Testing Data
o cgtrjisrr] ate %brzesrr:fsd Pprgcl:isi?:(t):d Pre’;iliEted Pr's‘d’\ilé\tled chrizrh\gsd PF;géiSif:(t)gd Pre’;iliited P r?d’\il(!\tled
Crashes Crashes Crashes Crashes Crashes Crashes
0 338 412 393 297 138 276 188 126
1 201 289 262 79 86 22 42 34
2 32 61 55 27 14 72 23 8
3 37 53 48 33 23 31 55 20
4 7 15 12 2 4 1 1 1
5 7 16 12 2 1 0 0 1
6 3 13 9 1 1 0 2 0
7 3 11 8 1 2 13 8 1
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the over-dispersion into account, and hence, can produce better prediction results. However, the prediction re-
sults obtained from the ANN model were superior to the other two methods, and hence, this paper recommends
employing the ANNSs in crash frequency modeling, as they can predict results with much more accuracy than the
traditional statistical models, and can directly determine the importance of each explanatory variable without the
need of statistical estimates to interpret the results. In addition, the ANNs do not require pre-defined relation-
ships between the risk factors, and the crash frequency compared to the traditional statistical models. Also, when
applying the ANN in the analysis of crash frequency, the correlation problems between the explanatory va-
riables would not be a concern, because ANN can effectively handle the correlation problem without affecting
the output. Future work might focus on how to improve the prediction performance of the ANN models in crash
modeling by using different training algorithms than the back propagation algorithm, different number of neu-
rons in the hidden layer that could further improve the results of prediction, and different activation functions for
processing the hidden and output layers.

Acknowledgements

The author would like to thank the Highway Safety Information System (HSIS) for providing the MN crash data
for the years (2008-2012) that were used in the analysis.

References

[1] Lao, Y., Wu, Y., Corey, J. and Wang, Y. (2011) Modeling Animal-Vehicle Collisions Using Diagonal Inflated Biva-
riate Poisson Regression. Accident Analysis and Prevention, 43, 220-227. http://dx.doi.org/10.1016/j.aap.2010.08.013

[2] Lord, D. and Mannering, F. (2010) The Statistical Analysis of Crash-Frequency Data: A Review and Assessment of
Methodological Alternatives. Transportation Research Part A, 44, 291-305. http://dx.doi.org/10.1016/j.tra.2010.02.001

[3] Caliendo, C., Guida, M. and Parisi, A. (2007) A Crash-Prediction Model for Multilane Roads. Accident Analysis and
Prevention, 39, 657-670. http://dx.doi.org/10.1016/j.aap.2006.10.012

[4] Park, E.-S. and Lord, D. (2007) Multivariate Poisson-Lognormal Models for Jointly Modeling Crash Frequency by
Severity. Transportation Research Record, 2019, 1-6. http://dx.doi.org/10.3141/2019-01

[51 Ma, J., Kockelman, K.M. and Damien, P. (2008) A Multivariate Poisson-Lognormal Regression Model for Prediction
of Crash Counts by Severity, Using Bayesian Methods. Accident Analysis and Prevention, 40, 964-975.
http://dx.doi.org/10.1016/j.aap.2007.11.002

[6] EI-Basyouny, K. and Sayed, T. (2009) Collision Prediction Models Using Multivariate Poisson-Lognormal Regression.
Accident Analysis and Prevention, 41, 820-828. http://dx.doi.org/10.1016/j.aap.2009.04.005

[7] El-Basyouny, K. and Sayed, T. (2006) Comparison of Two Negative Binomial Regression Techniques in Developing
Accident Prediction Models. Transportation Research Record, 1950, 9-16. http://dx.doi.org/10.3141/1950-02

[8] Kim, D.G., Lee, Y., Washington, S. and Choi, K. (2007) Modeling Crash Outcome Probabilities at Rural Intersections:
Application of Hierarchical Binomial Logistic Models. Accident Analysis and Prevention, 39, 125-134.
http://dx.doi.org/10.1016/j.aap.2006.06.011

[9]1 Lord, D. and Bonneson, J.A. (2007) Development of Accident Modification Factors for Rural Frontage Road Segments
in Texas. Transportation Research Record, 2023, 20-27. http://dx.doi.org/10.3141/2023-03

[10] Malyshkina, N. and Mannering, F. (2010) Empirical Assessment of the Impact of Highwaydesign Exceptions on the
Frequency and Severity of VVehicle Accidents. Accident Analysis and Prevention, 42, 131-139.
http://dx.doi.org/10.1016/j.aap.2009.07.013

[11] Daniels, S., Brijs, T., Nuyts, E. and Wets, G. (2010) Explaining Variation in Safety Performance of Roundabouts. Ac-
cident Analysis and Prevention, 42, 292-402. http://dx.doi.org/10.1016/j.aap.2009.08.019

[12] Geedipally, S.R., Lord, D. and Dhavala, S.S. (2012) The Negative-Binomial Lindley Generalized Linear Model: Cha-
racteristics and Application Using Crash Data. Accident Analysis and Prevention, 45, 258-265.
http://dx.doi.org/10.1016/j.aap.2011.07.012

[13] Oh, J., Washington, S.P. and Nam, D. (2006) Accident Prediction Model for Railway-Highway Interfaces. Accident
Analysis and Prevention, 38, 346-356. http://dx.doi.org/10.1016/j.aap.2005.10.004

[14] Lord, D. (2006) Modeling Motor Vehicle Crashes Using Poisson-Gamma Models: Examining the Effects of Low
Sample Mean Values and Small Sample Size on the Estimation of the Fixed Dispersion Parameter. Accident Analysis
and Prevention, 38, 751-766. http://dx.doi.org/10.1016/j.aap.2006.02.001

[15] Lord, D. and Miranda-Moreno, L.F. (2008) Effects of Low Sample Mean Values and Small Sample Size on the Esti-



http://dx.doi.org/10.1016/j.aap.2010.08.013
http://dx.doi.org/10.1016/j.tra.2010.02.001
http://dx.doi.org/10.1016/j.aap.2006.10.012
http://dx.doi.org/10.3141/2019-01
http://dx.doi.org/10.1016/j.aap.2007.11.002
http://dx.doi.org/10.1016/j.aap.2009.04.005
http://dx.doi.org/10.3141/1950-02
http://dx.doi.org/10.1016/j.aap.2006.06.011
http://dx.doi.org/10.3141/2023-03
http://dx.doi.org/10.1016/j.aap.2009.07.013
http://dx.doi.org/10.1016/j.aap.2009.08.019
http://dx.doi.org/10.1016/j.aap.2011.07.012
http://dx.doi.org/10.1016/j.aap.2005.10.004
http://dx.doi.org/10.1016/j.aap.2006.02.001

A. Abdulhafedh

[16]
[17]
[18]
[19]
[20]

[21]

[22]
[23]
[24]

[25]

[26]
[27]
[28]

[29]

mation of the Fixed Dispersion Parameter of Poisson-Gamma Models for Modeling Motor Vehicle Crashes: A Baye-
sian Perspective. Safety Science, 46, 751-770. http://dx.doi.org/10.1016/j.ssci.2007.03.005

Aguero-Valverde, J. and Jovanis, P.P. (2008) Analysis of Road Crash Frequency with Spatial Models. Transportation
Research Record, 2061, 55-63. http://dx.doi.org/10.3141/2061-07

Lord, D., Washington, S.P. and Ivan, J.N. (2007) Further Notes on the Application of Zero Inflated Models in Highway
Safety. Accident Analysis and Prevention, 39, 53-57. http://dx.doi.org/10.1016/j.aap.2006.06.004

Kadane, J.B., Shmueli, G., Minka, T.P., Borle, S. and Boatwright, P. (2006) Conjugate Analysis of the Conway-Max-
well-Poisson Distribution. Bayesian Analysis, 1, 363-374. http://dx.doi.org/10.1214/06-BA113

Xie, Y. and Zhang, Y. (2008) Crash Frequency Analysis with Generalized Additive Models. Transportation Research
Record, 2061, 39-45. http://dx.doi.org/10.3141/2061-05

Li, X., Lord, D., Zhang, Y. and Xie, Y. (2009) Predicting Motor Vehicle Crashes Using Support Vector Machine Mod-
els. Accident Analysis and Prevention, 40, 1611-1618. http://dx.doi.org/10.1016/j.aap.2008.04.010

Milton, J., Shankar, V. and Mannering, F. (2008) Highway Accident Severities and the Mixed Logit Model: An Ex-
ploratory Empirical Analysis. Accident Analysis and Prevention, 40, 260-266.
http://dx.doi.org/10.1016/j.aap.2007.06.006

Anastasopoulos, P.C. and Mannering, F. (2009) A Note on Modeling Vehicle Accident Frequencies with Random-Pa-
rameters Count Models. Accident Analysis and Prevention, 41, 153-159. http://dx.doi.org/10.1016/j.aap.2008.10.005

Washington, S.P., Karlaftis, M.G. and Mannering, F. (2010) Statistical and Econometric Methods for Transportation
Data Analysis. 2nd Edition, Chapman Hall/CRC, Boca Raton.

Park, B.-J. and Lord, D. (2009) Application of Finite Mixture Models for Vehicle Crash Data Analysis. Accident Anal-
ysis and Prevention, 41, 683-691. http://dx.doi.org/10.1016/j.aap.2009.03.007

Malyshkina, N.V., Mannering, F.L. and Tarko, A.P. (2009) Markov Switching Negative Binomial Models: An Appli-
cation to Vehicle Accident Frequencies. Accident Analysis and Prevention, 41, 217-226.
http://dx.doi.org/10.1016/j.aap.2008.11.001

Chang, L.-Y. (2005) Analysis of Freeway Accident Frequencies: Negative Binomial Regression versus Artificial Neural
Network. Safety Science, 43, 541-557. http://dx.doi.org/10.1016/j.ssci.2005.04.004

Riviere, C., Lauret, P., Ramsamy, J.F.M. and Page, Y. (2006) A Bayesian Neural Network Approach to Estimating the
Energy Equivalent Speed. Accident Analysis and Prevention, 38, 248-259. http://dx.doi.org/10.1016/j.aap.2005.08.008

Xie, Y., Lord, D. and Zhang, Y. (2007) Predicting Motor Vehicle Collisions Using Bayesian Neural Networks: An
Empirical Analysis. Accident Analysis and Prevention, 39, 922-933. http://dx.doi.org/10.1016/j.aap.2006.12.014

Shively, T., Kockelman, K. and Damien, P. (2010) A Bayesian Semi-Parametric Model to Estimate Relationships be-
tween Crash Counts and Roadway Characteristics. Transportation Research Part B, 44, 699-715.
http://dx.doi.org/10.1016/j.trb.2009.12.019

*

9.
03¢

o2
Oo3e

Scientific Research Publishing

Submit or recommend next manuscript to SCIRP and we will provide best service for you:

Accepting pre-submission inquiries through Email, Facebook, Linkedin, Twitter, etc
A wide selection of journals (inclusive of 9 subjects, more than 200 journals)
Providing a 24-hour high-quality service

User-friendly online submission system

Fair and swift peer-review system

Efficient typesetting and proofreading procedure

Display of the result of downloads and visits, as well as the number of cited articles
Maximum dissemination of your research work

Submit your manuscript at: http://papersubmission.scirp.org/



http://dx.doi.org/10.1016/j.ssci.2007.03.005
http://dx.doi.org/10.3141/2061-07
http://dx.doi.org/10.1016/j.aap.2006.06.004
http://dx.doi.org/10.1214/06-BA113
http://dx.doi.org/10.3141/2061-05
http://dx.doi.org/10.1016/j.aap.2008.04.010
http://dx.doi.org/10.1016/j.aap.2007.06.006
http://dx.doi.org/10.1016/j.aap.2008.10.005
http://dx.doi.org/10.1016/j.aap.2009.03.007
http://dx.doi.org/10.1016/j.aap.2008.11.001
http://dx.doi.org/10.1016/j.ssci.2005.04.004
http://dx.doi.org/10.1016/j.aap.2005.08.008
http://dx.doi.org/10.1016/j.aap.2006.12.014
http://dx.doi.org/10.1016/j.trb.2009.12.019
http://papersubmission.scirp.org/

	Crash Frequency Analysis 
	Abstract
	Keywords
	1. Introduction
	2. Literature Review
	3. Data Source and Description
	4. Methodology
	5. Discussion of Findings
	6. Comparison of Prediction Performance between the Three Approaches
	7. Conclusion
	Acknowledgements
	References

