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Abstract

Estimating traffic accidents play a vital role tppsy road safety procedures. This study proposéer@ntial
Evolution Algorithm (DEA) models to estimate thenmoer of accidents in Turkey. In the model developime
population (P) and the number of vehicles (N) alected as model parameters. Three model formsarin
exponential and semi-quadratic models, are devdlasing DEA with the data covering from 2000 to 201
Developed models are statistically compared tocséthe best fit model. The results of the DE modblsw that
the linear model form is suitable to estimate thenber of accidents. The statistics of this fornbéster than
other forms in terms of performance criteria wharle the Mean Absolute Percentage Errors (MAPE)thad
Root Mean Square Errors (RMSE). To investigatepingormance of linear DE model for future estimasioa
ten-year period from 2015 to 2024 is considerede Tésults obtained from future estimations revéal t
suitability of DE method for road safety applicait$o
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1. Introduction

Deaths and injuries caused by traffic accidentsarmus traffic safety problems for not only
developing countries but also developed countAesording to the statistics of World Health
Organization (WHO), worldwide 1.3 million peopleedand as many as 20-50 million people
are also injured annually because of traffic aguisleThe same statistics expressed that 90 %
of deaths resulted from traffic accidents occulaw and middle income countries, even
though they own less than 50 % of the motor vekitighe world [1].

Traffic accidents, injuries and fatalities are adsserious public health problem in Turkey.
According to the statistics obtained from TurkegtStical Institute (TSI), approximately 1.2
million traffic accidents occurred in the countaynd more than 3.5 thousand people lost their
lives and about 285 thousand people were injureddse accidents in 2014 [2]. These figures
are much higher than those of European countries.rmain reason behind this figure is due
to the fact that freight and passenger trafficcanecentrate on highway transportation system.
More specifically, today 95% of passenger and 9@%eight transportation are managed on
highways in Turkey. Additionally, growing populatiopdeveloping economy and increasing
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the number of vehicles in the country are otheseaa on traffic accidents. Considering the
general situation of the country during the perdd@000-2014, the population has gone up
from 67.4 to 77.7 million while the number of veleg has increased from 8.3 to 18.8 million.
During the same period, the number of accidentg haged from 0.5 to 1.2 million.

Accident prediction models are employed by transpion planners, decision makers and
engineers to develop new strategies for road saf@ye of the oldest models is accident
prediction model developed by Smeed in 1949. Thihcawuinvestigated the relationship
among the population, the number of fatalities aekicles by using the data gathering from
various 20 countries [3]. However, Andreassencizgéd Smeed’s model because he was
used only one-year data and each country has @liffesocial and economic conditions. He
proposed a different exponential fatality model dach country [4]. Mekky [5] investigated
the relationship between the ratio the number bicles to the number of accident fatalities.
He expressed that there exists an inverse rel&iprizetween them in both developed and
developing countries. Vall[6] suggested accident prediction models for Indiad
metropolitans of India by benefiting from Smeed ahdreassen accident models, and
predicted the number of accidents, fatalities amdries for 2007 and 2010. Zegdét
developed an accident model by using traffic, rgadmetry and terrain condition data, which
were assumed to be effective parameters. Chakraat Roy[8] conducted a study to
determine the road safety level in Kolkata, Indesdd on Smeed model. Juretsal. [9]
compared two-time series methods that are timeesergression and structural times of
modelling road accidents in Penang and their reshibwed that both models have a different
view in terms of the relationship and the factontabuting to road accidents.

Recently, artificial intelligence methods have besed in engineering applications including
model developments. Differential Evolution Algomnthwere applied to PID controllers for
time delay systems by Shalai al. [10]. Zellaguiet al. [11] applied Differential Evolution
Algorithm for multi-objective optimization of powdransformer design as well. Artificial
Neural Network (ANN) which is another of artificiadtelligence methods used for estimation
of delay and vehicle stops at signalized intersastby Dganet al.[12]. Mussoneet al.[13]
proposed a model utilizing Artificial Neural Netwomethod for the analysis of vehicle
accidents in Milan, Italy. Akgungor and Dogdd] developed accident prediction models for
Turkey with ANN and nonlinear regression approachdhe same researchers performed
another study using ANN and Genetic Algorithm (&@8)develop accident models for the
city of Ankara. The results showed that the per@mmoe of ANN models was better than that
of GA modelq15]. Same authors proposed various ANN acciderdets based on Smeed
and Andreassen approaches for three metropolitaes cof Turkey, and evaluated the
performances of the models in terms of errors nreasents [16]. Codur and Tortufh7]
developed an accident prediction model using road #affic parameters with ANN
approach. The study result showed that the dedreertical curvature is the most important
parameter that affects the number of accidentagimays.

In this study, three accident prediction models Tarkey were developed based on the
population and the number of vehicle using DEA.€an exponential and semi-quadratic
forms were used for the accident models. The estsnaf the models were statistically
compared to real data. The best fit model was tleto forecast the number of traffic
accidents for the future safety studies.
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2. Methodology
2.1 Differential Evolution Algorithm

Lately, many researchers have used population-bassd-heuristics search algorithms to
solve engineering problems because their perforesarare usually better than that of
traditional methods. DEA proposed by Storn anatd{il8] is one of the meta-heuristic
algorithms. The basic principle of DEA is quite ganto GA. Four basic operators run in
DEA. These are initial population, mutation, crossoand selection. The main difference
between DEA and GA is in the mutation operator. e Thutation process based on the
difference of randomly selected vectors in DEA ioy&s the performance of algorithm and
allows to be found the local minima by ignoring thiial parameter values. All operators in
DEA are not applied to the whole population oneobg as GA. DEA requires less control
parameters and can be encoded with less lineseTdwsntages of algorithm make it more
popular and preferred approach to solve the mamyskof problems.

The number of input variables (D) in the initialgutation determine the population size and
the number of chromosomes in the population mushbee than 3 [19]. Initial population is
obtained by random distribution between 0 and 1ltheatical form of initial population is
shown by Eq.1.

0 : '
XD = X"+ rand;(0,1) . (X" — X7 (1)

where X" and ij"” are the upper and lower bounds of the jth paramete 1... Np
(number of population) and j = 1...D (number of pagsens in fitness function).

Mutation operator uses the difference between mesnbt population and requires three
randomly selected chromosomes. Thus the mutanowvecbbtained. Mathematical form of
mutation is shown by Eq.2.

(G G .
X @ = x4+ rx@ —x®) i=1..Np )
in which X/ is the mutant vectorx'" is the base vector, G is generation number, Res t

scaling constantX ,EG) andXéG) are random vectors to produce the difference vecto
There are a lot of strategies in mutation and #reyexpressed in DGA/x/y/z form. Here, X
refers to the vector employed to create mutantovecly is the number of difference vectors
used in the mutation process and z is the crossobeme utilized in the crossover operation.
The aim of the crossover process is crossover leghilee target vector and mutant vector.
Therefore, trial vector is obtained. Mathematicathi of crossover is shown by Eq.3.

Xi'(G) if rand;(0,1) < C, o7 j = jrana

X-”(G) —
X l.(G) otherwise

L

3)

Cr is the crossover probability between 0 and 1.
Crossover is executed according to selected prbtyadistribution[20].
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The last step of DEA is to select the best poputatbetween target and trial vectors.
Expression of this is shown by Eq. 4.

X+ O (7 ) < f(x) i=1..Np

© (4)

X; otherwise
The values of control parameters. F, Cr and Npulshbe selected in optimum ranges as
Storn suggested. This is an important step fontbdel performanci8].

2.2 Development of the models

To develop the accident models, necessary data wet@ned from Turkish Statistical
Institute (TSI, 2014). Three different mathematioaddels, namely linear, exponential and
semi-quadratic forms, given in EqQs. [5-7] respaadiiy proposed to estimate the number of
accident in Turkey. The purpose of using the modelhree different forms is to establish
the relationship between the number of accidentd #re parameters affecting them.
Therefore, linear and exponential forms, whicheasy to use and conform to the distribution
of independent parameter values, are preferredddiition, since independent input variables
interact with each other, it is preferred in thiady to demonstrate the performance of the
semi-quadratic form, which is in a more complexfor

A=W1*x1+W2*x2+ W3 (5)
A= wyxx 2 +wzxx,* + ws (6)
A= Wq * X1 +W2 * Xp + W3y X1 * Xp + Wy (7)

in which x is the number of population and ¥ the number of vehicles. Ws the
corresponding weighting factors.
The coefficients of the models given in Table 1@tained by using DEA.

Table 1: The coefficient of models

Linear Exponential Semi-Quadratic
w; = 48,6580 _
w; = 0,03524 W= 0,5990 w2
w,=0,04756 ws = 149521,2 w2 _ 0'0275
- _ - 3 ’
w3 = -2984892 wy= 0,2440 Wy = -4966102

ws= -12388411

For verification, the data were randomly separatéaltraining and test. For this purpose, 11
data were used for training remaining data weleeat for test
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3. Result and discussion
3.1 Comparison of the models
The performances of models were evaluated in tefvesror criteria which are root mean

square errors (RMSE), mean absolute percentagese(MAPE) and coefficient of
determination (B defined in Egs. 8-10.

n

1
RMSE = ;Z(AObserved - Aestimated)2 (8)
i=1
n
MAPE = lz AObserved - Aestimated + 100 (9)
n AObserved

i=1

R2=1- l2?=1(A0bserved - Aesl:imal:ed)2 (10)

Z?=1(A0bserved - Amean)

As seen from Table 2, thé’Ralues of all models for training and test areselto each other.
On the other hand, the RMSE and MAPE values ofalimaodel for training and test are
better than those of exponential and semi-quadnatidels except the RMSE of training in
semi-quadratic model. Therefore, developed lineaidant model is quite reliable and can be
used an efficient tool for future estimations.

Table 2: A compression of errors in developed met@l training and test

Linear Exponential Semi-Quadratic
Training  Test Training  Test Training  Test
RMSE 72124,57  94521,93  82785,42  114327,34 70717,01 11588
MAPE 6,37 13,05 7,55 13,56 8,02 15,30
R? 0,9479 0,9419 0,9530 0,9422 0,9601 0,9330

The estimates of accidents by developed modelsgeaphically compared against the
observed values in Fig. 1. As the figure indicasdlsthe developed models catch the
increasing trend of traffic accidents.

79



Ali Payidar Akgiing6r anérsin Korkma

1600000
1400000

observed
—a—linear

1200000 —e—exponential
1000000 —8— semi-ruadratic

800000
600000
400000
200000

0
1999 2001 2003 2005 2007 2009 2011 2013

Years

Accident estimations

Figure 1:Compression of the estimated and observed accidemtgke)

3.2 Future estimates of traffic accidents for Turkg

In this section of thetudy, a scenario is considered to estimate thebeuwf accidents unt
2024. According to the projection of TSI, the paiidn of the country will close to ¢
million in 2024. The vehicle ownership rate is eg@d to reach 0.4 by 2024. Thus
numker of the motor vehicles will reach to approximat84 million. This rate is consiste
with the average vehicle ownership rate in Europmamtries. The reader is referred to Te
3 for data on the population and motor vehicle detad in this scenio. Linear model
estimates are tabulated in Table 4. The studyiteeshiow that the number of the acciden
Turkey will be 2 245 567 in 20z

Table & Population and vehicle predictions

Year Future Estimates
Population Number of Vehicles
2015 78 151 75 19 537 938
2016 78 965 64 21320724
2017 79 766 01 22 334 483
2018 80 551 26 24 165 380
2019 81 321 56 25 209 686
2020 82076 78 27 085 340
2021 82 816 25 28 985 688
2022 83 540 07 30 909 828
2023 84 247 08 32013 893
2024 84 936 01 33974 404
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Table 4: Linear model estimates

Year Acc_ident

Estimates
2015 1415052
2016 1516466
2017 1590167
2018 1691915
2019 1765263
2020 1867159
2021 1969176
2022 2071288
2023 2143734
2024 2245467

4. Conclusion

This study presents an application of DEA to estamthe number of traffic accidents in
Turkey for the next decade. Traffic accident predic models have developed by using a
fifteen-year historical data covering the yearsween 2000 and 2014. In the model
development, the population and number of motoricket are considered as model
parameters. Three different types of accident nsodelorporating a linear, an exponential
and a semi-quadratic form of mathematical expressimve developed. A comparative study
is performed among developed accident models asereéd data. The model results indicate
that all of them catch the increasing trend officadccidents. Therefore, any of the developed
model is used alternatively for accident prediction

All developed models are statistically comparedemnms of error criteria, such as RMSE,
MAPE and R, for both training and test stage. The resultsashimt the performance of
linear accident model is relatively better thant thiaothers. Hence, linear accident model is
selected as the best model for the future estimdtleen, the performance of the linear
accident model is evaluated with a scenario. Toenario covers ten-year period from 2015
to 2024. According to the scenario, the populatm number of vehicles in Turkey will
reach nearly 85 and 34 million in 2024, respecyiveDuring the same period the number of
accident will steadily increase and go up from 154352 to 2 245 467 if necessary
preventions for traffic safety are not taken.

In this study, for the sake of simplicity and preat usage two common parameters, the
population and number of vehicle, were selected.flrvher studies, other parameters which
are effected on traffic accidents could be empldgeidhprove the performance of the models.
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