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Abstract 
In this article, the role of speed and volume of traffic on occurrence of acci-
dents on urban highways is investigated using Fuzzy models and the accident 
data of Tehran urban highways is used as case study. To fuzzify the variables 
in scatter diagram, the notion of statistical percentiles is used for assigning 
the linguistic terms. To produce rules in each model, one or more variables 
are deemed effectively in occurrence of accidents. The evaluated number of 
accidents by developed models is compared with the number of observed ac-
cidents. The results of comparison represent the accuracy of each model. The 
model with the highest value of R2 is the best model and the variables deemed 
effective for that model are those which do play a role in occurrence of acci-
dents. Comparing the effect of elements of traffic volume indicates that after 
the average speed, volume of light non-passenger car vehicles is more effec-
tive on occurrence of accidents on urban highways than volume of heavy ve-
hicles and passenger cars. After that the part of volume of heavy vehicles is 
more prominent than volume of passenger cars in the likelihood of more se-
vere accident. The opposite is true for no injury accidents. After prioritization 
of variables in terms of influence on occurrence of accidents, the authors em-
ployed the models best fitting the data with the highest value of goodness of 
fit to do the sensitivity analyse. Sensitivity analyse specifies the effect rate of 
each variable on likelihood of accidents. 
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1. Introduction 

The volume of traffic is comprised of different elements which could be catego-
rized in three groups i.e. passenger cars, heavy vehicles including minibuses, 
buses, trucks and trailers and light non-passenger car vehicles including taxis, 
pickups and motorcycles. The role of elements of traffic volume in likelihood of 
property and more severe crashes in roads safety is investigated in different re-
searches through different statistical and mathematical methods [1]-[9] (Chen et 
al., 2011; Ayati and Abbasi, 2011; Kaplan and Prato, 2012; Chang and Chien, 
2013; Feng et al., 2016; Green et al., 2016; Castillo-Manzano et al., 2016; Tseng et 
al., 2016; Cerezo and Conche, 2016). The part of heavy vehicles in various seg-
ments of urban and rural roads network is studied many times more than the 
other elements of traffic volume. Furthermore, the influence of the presence of 
heavy vehicles in traffic flow on road safety has been studied in different me-
thods.  

Recently, Fuzzy Logic based models have been known as a perfect and power-
ful tool for modeling processes, which are complex with conventional quantita-
tive techniques, or when the acquired information from modeling processes is 
qualitative, ambiguous or indefinite. Now Fuzzy Logic is used widespreadly for 
developing models and dealing with complicated systems. 

Goh et al., (2014) conducted an analysis of bus-involved accident data to as-
sess the safety impact of introducing bus priority measures in Metropolitan 
Melbourne, Australia. They developed two models; mixed-effects negative bi-
nomial and neural network based on the back-propagation approach to explore 
key traffic, transit and route factors associated with bus accident frequency. The 
results of mixed-effects negative binomial model indicated that bus accident 
frequency increases with traffic volume, route length, service frequency and stop 
density [10]. 

Cerezo and Conche (2016) studied the risk of accident occurrence of heavy 
vehicles in ramps. They used statistics from several accidents databases to inves-
tigate whether ramps were more risky for heavy vehicles and to specify the criti-
cal slope which found to be 3.2%. Furthermore, simulations showed that heavy 
vehicles must drive more than 1000 m on ramps to reach their minimum speed 
and when the slope is superior to 3.2%, tractor semi-trailer presents a strong de-
crease of their speed until 50 km/h. This situation represents a high risk of colli-
sion with other road users which drive at 80 - 90 km/h [9]. 

Chang and Chien (2013) developed a non-parametric Classification and Re-
gression Tree (CART) model to develop the empirical relationship between in-
jury severity results and driver/vehicle characteristics, highway geometric fac-
tors, environmental features, and accident variables. The results of their research 
showed that drinking-driving, seatbelt use, vehicle and collision type, contribut-
ing circumstance and driver/vehicle action, number of vehicles involved in the 
accident and accident location were the most effective factors of injury severity 
outcomes in truck accidents [4]. 
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The safety problem of heavy vehicles has ever been of important concern for 
managers and officials of road safety and community, and has involved many 
researchers of traffic safety area such as Grytnes et al., 2016 [11]; Evgenikos et 
al., 2016 [12]; Boyce, 2016 [13]; Zhu and Srinivasan, 2011 [14]. In researches on 
traffic safety, researcher intends to predict traffic crashes due to potential con-
flict situation regarding road geometry, traffic volume composition, weather 
condition, drivers’ characteristics or behaviors. Such intention usually appears in 
format of a model which relates various potential factors to output variable that 
is normally number or likelihood of accidents both property or more severe ac-
cidents.  

Recent scholars have utilized different methods to investigate the road safety 
under flow of heavy vehicles. Part of them studied the operational features and 
design criterions to predict factors affecting the road safety among many poten-
tial factors that each scholar studied on and concluded about its effect. This me-
thodology intends to assess the dimension and elements of heavy vehicles per-
formance on urban or rural highways to let them drive on roads facilitated with 
standard geometry [15] [16] [17] [18] (Abdelwahab and Abdel-Aty, 2004; Daniel 
and Chien, 2004; Mohamed et al., 2012; Edwards et al., 2014). 

Hosseinpour et al. (2014) found out in their study on occurrence of head-on 
accidents on federal roads in Malaysia that variables horizontal curvature, ter-
rain type, heavy-vehicle traffic, and access points positively influence on the 
frequency of head-on accidents, while posted speed limit and shoulder width 
decreased the accident frequency. Also horizontal curvature, paved shoulder 
width, terrain type, and side friction have significant impact on more severe ac-
cidents, whereas land use, access points, and presence of median reduced the 
probability of severe accidents [19]. 

Mussone et al. (2017) in their research estimated the level of accident severity 
at intersections using environmental and traffic factors through a back propaga-
tion neural network model and the generalized linear mixed model that used an 
analytical approach. Counting passing flow shows the number of conflicts (po-
tential accident) occurs on road intersections under study [20]. Rusli et al. 
(2017) investigated the frequency of single vehicle accidents in terms of geome-
tric factors comprising horizontal and vertical curves, traffic flow related factors, 
weather condition, cross-sectional factors, and roadside features. Results of their 
research implied that rainfall during the accident is positively associated with 
single vehicle accidents, but real-time visibility is negatively associated. The 
presence of a road shoulder along mountainous highways is associated with less 
number of single vehicle accidents [21].  

Tseng et al., 2016 explored the factors that lead to violation from speed limit 
for large truck drivers of Taiwan. The results of their research indicated that the 
factors which influenced speeding offense were not related to job experience. 
Rather, the driver’s demographics including age and education, mental condi-
tion i.e. sleep quality, and driving status i.e. yearly distance driven and driving 
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late at night were significantly associated with violation from speed limit [8]. 
Mallia et al. (2015) in their study used a personality–tendencies model to esti-
mate if personality traits are associated with improper self-reported driving be-
haviors both directly and indirectly, through the effects of attitudes towards traf-
fic safety in a large sample of bus drivers. Structural equation modeling analysis 
revealed that personality traits were associated to aberrant driving behaviors. 
Personality traits related to emotionality were directly associated with bus driv-
ers’ aberrant driving behaviors, without interference of tendencies [22].  

Fowles et al. (2013) studied the effect of cell phones on truck accident rates. 
Cell phones were found to have a significant effect on these rates. A nonlinear 
model was evaluated by a set of exact specification requirements. The model 
suggested a non-linear impact of cell phone usage on truck accident rates. 
Hence, cell phones have a positive effect on crashes but at a decreasing rate [23]. 

Chen et al. (2016) examined in their research the sleep patterns of 96 com-
mercial truck drivers during non-work periods and evaluated the influence the 
sleep patterns had on truck driving performance. Negative binomial regression 
was used to evaluate the relationship between the sleep patterns and driving 
performance, compatible with driver demographic data. The results of their re-
search indicated that the sleep pattern with the highest safety-critical event rate 
was related to shorter sleep; sleep in the early stage of a non-work period, and 
less sleep between 1 a.m. and 5 a.m. Also male drivers, with fewer years of com-
mercial vehicle driving experience and higher body mass index, were related to 
nonsense driving performance and increased driving risk [24]. 

Keeping a proper level of friction is a crucial maintenance practice, because of 
the effect it has on roadway safety. Najafi et al. (2016) came up with a fuzzy logic 
inference system in their research to predict the rate of vehicle crashes based on 
traffic level, speed limit, and surface friction. Mamdani and Sugeno fuzzy con-
trollers were used to develop the model. The results of research provided a deci-
sion support model for highway agencies to monitor the network’s friction and 
make sound judgments to remove flaws based on crash risk. Furthermore, the 
model could be implemented in the vehicle periphery to warn drivers of slippery 
locations in ice or rainy periods [25]. 

The accident data of Tehran urban highways in the period from 2010 to 2015 
are used to model crashes on urban highways in this study. These data were ga-
thered by the traffic and transportation organization of Tehran. For collecting 
the accident statistics, 100 kilometers of highways are divided into 100 parts with 
constant length equal to 1 kilometer. In addition, the number of crashes in each 
part is collected for different hours of the day which were divided into first traf-
fic peak hours, second the day non-peak hours and third night non-peak hours. 
Thus there are 300 data available for 300 subparts. 

The objective of this research is to determine the effect rate of speed, volume 
of passenger cars, heavy vehicles and light non-passenger car vehicles on like-
lihood of crashes on urban highways by separating the volume into three distinct 
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groups i.e. passenger cars, heavy vehicles comprising minibuses, buses, trucks 
and trailers and light non-passenger car vehicles consisting taxis, pickups and 
motorcycles. To conduct so, MATLAT program, Fuzzy logic Toolbox is utilized. 
The stages of developing models include Fuzzification of input and output va-
riables, Rule production, Composition or Aggregation of diagrams and Defuzzi-
fication. After developing the models for predicting the number of crashes on 
urban highways, the evaluated number of property and more severe crashes by 
the models are compared with the number of observed crashes for each combi-
nation of effective factors. The results of comparison represent the accuracy of 
each model which is developed based on the role of variables that considered ef-
fective in occurrence of property or more severe crashes individually. The model 
with highest value of R2 is the best model and the variables considered effective 
for that model are the traffic flow related variables i.e. speed and three prede-
fined categories of traffic volume that do play role in occurrence of property or 
more severe crashes. This technique of identification of effective factors on like-
lihood of traffic crashes is the main contribution of this article. The contribution 
goes further when the effect of these factors is ranked and it is specified that 
which variable is more effective than the other. Furthermore the researchers 
want to determine the impact rate of each factor on occurrence of crashes on 
urban highways. For this job sensitivity analysis is done, as the number of each 
effective factor is increased by one unit and the best model predict the rate of 
change in number of crashes.  

2. Methodology 

In this study, the fuzzy logic based models for modeling accidents on urban 
highways are developed based on the gathered data of accidents and indepen-
dent variables. Fuzzy logic modeling is a four staged procedure including fuzzi-
fication of input and output variables, rule production, composition and aggre-
gation of diagrams and defuzzification.  

Linguistic terms low-medium-high are usually applied For developing Fuzzy 
models in modeling accidents and a part could be simultaneously the member of 
more than one fuzzy set. Information flow through a fuzzy model requires that 
the input variables go through three major transformations before exiting the 
system as output information, which are known as fuzzification, rule produc-
tion, composition and aggregation and defuzzification. After fuzzification of in-
put and output variables and establishing the rules based on the role of variables 
deemed effective in accident occurrence, the composition of diagrams is 
processed. The next step is defuzzification for obtaining the crisp output from 
assembled fuzzy output. For so, the Centroid method is applied. In this method, 
the center of area of the aggregation diagram is calculated. This centroid is the 
crisp output that is the number of predicted accidents. Through a similar 
process, for all values of volume and speed, the number of accidents is predicted. 
For doing calculations, MATLAB program, the Fuzzy Toolbox is utilized. 
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2.1. Fuzzification of the Variables 

Fuzzification encompasses two stages; obtaining the membership functions for 
input and output variables and linguistic depicting of these functions. Triangular 
and trapezoidal membership functions are applicable for modeling accidents 
with great deal of variations. Statistics of the accidents and independent variables 
of the models are gathered for 100 sections of Tehran urban highways in 300 
subsections. The passenger car equivalent factors of vehicle types are given in 
Table 1 [26] (Transportation and Traffic Organization of Tehran, 2013): 

The total volume (passenger car equivalent) of light non-passenger car ve-
hicles and heavy vehicles is obtained by following equation: 

1 1te n nV e N e N= + +                      (1) 

where teV  is the total equivalent volume and ie  and iN  are equivalent factor 
and number of vehicles of type i respectively. 

The scatter diagrams of input and output variables are presented in Figure 1.  
Based on the scatter diagram of speed, for fuzzification the percentiles P20, P40, 

P60 and P80 equal to 45, 60, 70 and 90 are used and 4 fuzzy subsets defined. The 
fuzzified of the variable level of physical health of drivers is as the following dia-
gram Figure 2. 

Based on the scatter diagram of volume of passenger cars, for fuzzification the 
percentiles P17, P33, P50, P67 and P83 equal to 368, 599, 792, 1147, 1780 are used 
and 5 fuzzy subsets defined. The fuzzified of the input variable volume of pas-
senger cars is as the following diagram Figure 3. 

Based on the scatter diagram of volume of heavy vehicles, for fuzzification the 
percentiles P17, P33, P50, P67 and P83 equal to 172, 292, 418, 580, 931 are used and 5 
fuzzy subsets defined. The fuzzified of the input variable volume of heavy ve-
hicles is as the following diagram Figure 4. 

Based on the scatter diagram of volume of light non-passenger car vehicles, 
for fuzzification the percentiles P17, P33, P50, P67 and P83 equal to 212, 311, 448, 
609, 989 are used and 5 fuzzy subsets defined. The fuzzified of the input variable 
volume of light non-passenger car vehicles is as the following diagram Figure 5. 

Based on the scatter diagram of number of no injury accidents, for fuzzifica-
tion the percentiles P17, P33, P50, P67 and P83 equal to 0, 2, 4, 8, 13 are used and 5 
fuzzy subsets defined. The fuzzified of the output variable number of no injury 
accidents is as the following diagram Figure 6. 

For the number of more severe accidents, the quartiles P25, P50 and P75 equal to 
0, 1 and 2 respectively are applied and 3 fuzzy subsets defined. The fuzzified dia-
gram of the output variable number of more severe accidents is as following di-
agram Figure 7. 

 
Table 1. The passenger car equivalent factors of vehicle types. 

Passenger  
car 

Taxi Pickup Minibus 
Intercity  

bus 
Intracity  

bus 
Bicycle and  
Motorcycle 

Heavy  
vehicles 

1 2 1 2 2.5 5 0.5 2.5 
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(a) 

 
(b) 

 
(c) 

 
(d) 
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(e) 

 
(f) 

Figure 1. Scatter diagrams of input and output variables of fuzzy logic based models. (a) 
Scatter diagram of input variable volume of passenger cars; (b) Scatter diagram of input 
variable volume of heavy vehicles; (c) Scatter diagram of input variable volume of light 
non passenger car vehicles; (d) Scatter diagram of input variable speed; (e) Scatter 
diagram of output variable number of property accidents; (f) Scatter diagram of output 
variable number of more severe accidents. 

 

 
Figure 2. Fuzzification of the variable speed. 

 

 
Figure 3. Fuzzification of the variable volume of passenger cars. 
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Figure 4. Fuzzification of the variable volume of heavy vehicles. 

 

 
Figure 5. Fuzzification of the variable volume of light non-passenger car vehicles. 

 

 
Figure 6. Fuzzification of the variable number of property accidents. 

 

 
Figure 7. Fuzzification of the variable number of more severe accidents. 

2.2. Production of Rules 

After fuzzification of input and output variables, it is the turn for developing 
rules. There are several methods for producing rules. In this research the Mam-
dani method is applied. In this method for this research, there are 4 input va-
riables including speed, volume of passenger cars, volume of heavy vehicles and 
volume of light non-passenger car vehicles with 4, 5, 5 and 5 fuzzy subsets re-
spectively. Therefore 4 × 5 × 5 × 5 equal to 500 rules are producible. Producing 
rules depends on the factors deemed effective on the occurrence of accidents and 
type of the relationship i.e. direct or reverse. For instance, to start the modeling, 
the variable speed is deemed effective on the occurrence of property and more 
severe accident and the relationship is direct which indicates that the higher the 
speed, the higher the number of accidents, whether property or more severe ac-
cidents. If the other variables are ineffective on the occurrence of accidents the 
produced rules are as following: 
1) If the speed is low, the number of accidents is low. 
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2) If the speed is medium, the number of accidents is medium. 
3) If the speed is high, the number of accidents is high. 
4) If the level of physical health is very high, the number of accidents is very 

high. 
In other steps, other variables could be considered effective alone or in com-

bination, with direct or inverse effect. For example, if the variables speed and 
volume of light non-passenger car vehicles are considered effective is occurrence 
of accidents with direct effect, the rules are produced as following: 
1) If the speed is low and volume of light non-passenger car vehicles is very low, 

the number of accidents is low or very low. 
2) If the speed is low and volume of light non-passenger car vehicles is low, the 

number of accidents is low. 
3) If the speed is low and volume of light non-passenger car vehicles is medium, 

the number of accidents is low or medium. 
4) If the speed is low and volume of light non-passenger car vehicles is high, the 

number of accidents is medium. 
5) If the speed is low and volume of light non-passenger car vehicles is very 

high, the number of accidents is medium or high. 
. 
. 
. 

17) If the speed is very high and volume of light non-passenger car vehicles is 
low, the number of accidents is low or medium. 

18) If the speed is very high and volume of light non-passenger car vehicles is 
medium, the number of accidents is low. 

19) If the speed is very high and volume of light non-passenger car vehicles is 
high, the number of accidents is low or very low. 

20) If the speed is very high and volume of light non-passenger car vehicles is 
very high, the number of accidents is very low. 

As stated above, for each combination of effective factors, the corresponding 
rules are producible.  

2.3. Aggregation and Defuzzification 

After fuzzification of input and output variables and producing rules, combina-
tion of diagrams is processed. Composition of diagrams is done according to the 
rules. After composition and aggregating the diagrams, the next step is defuzzi-
fication. In defuzzification, for each mixture of input variables and resulted ag-
gregation diagram, the crisp output, that is the specified number of no injury or 
more severe accidents, is obtained using the method of centriod. For combina-
tion of diagrams and defuzzification, MATLAB software, Fuzzy Toolbox is ap-
plied. Accordingly, for each input data set, one specified number of property and 
more severe accidents is estimated by fuzzy logic based models. To clarify the 
method here are examples of input data set and method of calculation of output 
value for each data set: 
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1) For the 50-th data, according to Scatter diagrams in Figure 1, the volume of 
passenger cars is 2213 pc/h, volume of heavy vehicles is 1235 pc/h, volume of 
light non-passenger car vehicles is 704 pc/h and speed is 50 km/h. Based on 
fuzzification diagrams of input variables in Figures 2-5, volume of passenger 
cars and heavy vehicles is very high, while volume of light non-passenger car 
vehicles is high/very high and speed is low/medium. If all input variables are 
considered effective (increasingly) in occurrence of property accidents as for 
case 4 in Table 2 (comes later as the best case) following rules are produci-
ble: 

a) If volume of passenger cars and heavy vehicles is very high, volume of light 
non-passenger car vehicles is high and speed is low, the number of property 
accidents is high. 

b) If volume of passenger cars and heavy vehicles is very high, volume of light 
non-passenger car vehicles is high and speed is medium, the number of 
property accidents is high. 

c) If volume of passenger cars and heavy vehicles is very high, volume of light 
non-passenger car vehicles is very high and speed is low, the number of 
property accidents is very high. 

d) If volume of passenger cars and heavy vehicles is very high, volume of light 
non-passenger car vehicles is very high and speed is medium, the number of 
property accidents is very high.  

 
Table 2. The prediction power of number of property accidents of different cases. 

Case 
Effective factors 
(considered) 

Number of rules R2 

1 Speed 4 0.53 

2 
1) Speed 
2) Volume of light non-passenger car vehicles 

20 0.63 

3 
1) Speed 
2) Volume of light non-passenger car vehicles 
3) Volume of heavy vehicles 

100 0.68 

4 

1) Speed 
2) Volume of light non-passenger car vehicles 
3) Volume of heavy vehicles 
4) Volume of passenger cars 

500 0.73 

5 Volume of light non-passenger car vehicles 5 0.51 

6 Volume of heavy vehicles 5 0.46 

7 Volume of passenger cars 5 0.47 

8 
1) Speed 
2) Volume of heavy vehicles 

20 0.56 

9 
1) Speed 
2) Volume of passenger cars 

20 0.58 

10 
1) Speed 
2) Volume of light non-passenger car vehicles  
3) Volume of passenger cars 

100 0.7 
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So the predicted number of property accidents is calculated by the model as in 
Figure 8. 

The diagrams in rows 1 up to 4 in Figure 8 represent applying the first up to 
forth rule, as is seen the method of minimum is used to combine the diagrams, 
next the combined diagrams in four rows are aggregated to obtain the diagram 
in fifth row. In this diagram 0.82 is sum of 0.5 and 0.32 that are degrees of 
membership in combination (on the rightmost) diagrams in rows 1 and 2 re-
spectively for 6 property accidents. 1.02 is sum of 0.7 and 0.32 that are degrees of 
membership in combination diagrams in rows 1 and 2 respectively for 8 proper-
ty accidents. 1.46 is sum of 0.6, 0.32, 0.27 and 0.27 that are degrees of member-
ship in combination diagrams in rows 1 up to 4 respectively for 10 property ac-
cidents. 0.94 is sum of 0.2, 0.2, 0.27 and 0.27 that are degrees of membership in 
combination diagrams in rows 1 up to 4 respectively for 12 property accidents. 

 

 
Figure 8. Calculation of predicted number of property accidents by the model. 
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0.54 is sum of 0.27 and 0.27 that are degrees of membership in combination dia-
grams in rows 3 and 4 respectively for 13 to 37 property accidents. 37 is the 
maximum number of property accidents observed in Figure 1(e). The predicted 
number of property accidents by the model is obtained in defuzzification in 
which the method of centroid is used. The calculated value is equal to 10.2 which 
fits good with the observed number of property accidents equal to 12 according 
to scatter diagram in Figure 1(e). However the goodness of fit of the model is 
evaluated for all 300 data set in total in Figure 10. 
2) For the 95-th data, according to scatter diagrams in Figure 1, the volume of 

passenger cars is 748 pc/h, volume of heavy vehicles is 405 pc/h, volume of 
light non-passenger car vehicles is 453 pc/h and speed is 50 km/h. Based on 
fuzzification diagrams of input variables in Figures 2-5, volume of passenger 
cars and heavy vehicles is low/medium, while volume of light non-passenger 
car vehicles is medium/high and speed is low/medium. If input variables 
speed and volume of heavy vehicles are considered effective (increasingly) in 
occurrence of more severe accidents as for case 8 in Table 3 following rules 
are producible: 

a) If volume of heavy vehicles is low and speed is low, the number of more se-
vere accidents is low. 

b) If volume of heavy vehicles is low and speed is medium, the number of more 
severe accidents is low (or medium). 

c) If volume of heavy vehicles is medium and speed is low, the number of more 
severe accidents is medium (or low). 

d) If volume of heavy vehicles is medium and speed is medium, the number of 
more severe accidents is medium. 

Based on the produced rules, the predicted number of more severe accidents 
is calculated by as in Figure 9. 

As previous, diagrams in rows 1 up to 4 represent applying the first up to 
forth rule and method of minimum is used to combine the diagrams, next the 
combined diagrams in four rows are aggregated to obtain the diagram in fifth 
row. In this diagram 0.28 is sum of 0.14 and 0.14 that are degrees of membership 
in combination diagrams in rows 1 and 2 respectively for 0 more severe acci-
dents. 1.02 is sum of 0.7 and 0.32 that are degrees of membership in combina-
tion diagrams in rows 3 and 4 respectively for 1 more severe accidents. Note that 
as the volume of passenger cars and light non-passenger car vehicles were con-
sidered not to be effective in occurrence of more severe accidents (in this specific 
case), these two variables do not have role in producing rules and hence do not 
cooperate in calculating the predicted number of more severe accidents.  

The predicted number of more severe accidents by the model is obtained in 
defuzzification by method of centroid. The calculated value is equal to 0.95 
which fits pretty good with the observed number of more severe accidents equal 
to 1 according to scatter diagram in Figure 1(f). However the goodness of fit of 
the model is evaluated for all 300 data set together in Figure 11.  
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Figure 9. Calculation of predicted number of more severe accidents by the model. 

 
In this research, first the variable speed is considered as the only effective va-

riable on the occurrence of accidents, whether property or more severe acci-
dents. Then rules are produced according to the effect of the variable considered 
effective, composition and aggregating the diagrams and next, defuzzification 
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gives the crisp output which is the predicted number of accidents for each input 
data set. If the result of comparison between the numbers of predicted and ob-
served accidents gives the value of R2 bigger than 0.5, proves the significance of 
variable speed in accident occurrence, otherwise the variable should be replaced 
by other one and the operation is done as previous.  

In the next step, the variable volume of light non-passenger car vehicles is 
added to speed, the corresponding rules, for their direct effect on the number of 
property and more severe accidents in two individual models, are produced and 
at last defuzzification give the crisp predicted number of accidents for each input 
data set. If the value of R2, result of comparison between the numbers of pre-
dicted and observed accidents is significantly bigger than previous, the influence 
of variable volume of light non-passenger car vehicles on accident occurrence is 
confirmed, otherwise the variable is replaced and the process is repeated.  

This procedure is continued since the best composition of effective variables 
with the highest related value of R2 is identified.  

The cases of fuzzy modeling including the considered effective factors, num-
ber of produced rules and R2 value come in Table 2 and Table 3 for property 
and more severe accidents respectively. The indicator diagram which illustrates 
the comparison of observed and evaluated number of accidents for the case with 
highest value of R2 comes after the tables in Figure 10 and Figure 11 for prop-
erty and more severe accidents respectively.  

 
Table 3. The prediction power of number of more severe accidents of different cases. 

Case 
Effective factors 
(considered) 

Number of rules R2 

1 Speed 4 0.56 

2 
1) Speed 
2) volume of light non-passenger car vehicles 

20 0.65 

3 
1) Speed 
2) Volume of light non-passenger car vehicles  
3) Volume of heavy vehicles 

100 0.7 

4 

1) Speed 
2) Volume of light non-passenger car vehicles  
3) Volume of heavy vehicles 
4) Volume of passenger cars 

500 0.72 

5 Volume of light non-passenger car vehicles 5 0.48 

6 Volume of heavy vehicles 5 0.42 

7 Volume of passenger cars 5 0.45 

8 
1) Speed 
2) Volume of heavy vehicles 

20 0.62 

9 
1) Speed 
2) Volume of passenger cars 

20 0.58 

10 
1) Speed 
2) Volume of light non-passenger car vehicles 
3) Volume of passenger cars 

100 0.67 
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Figure 10. Comparison between the evaluated and observed 
number of property accident for case 4. 

 

 
Figure 11. Comparison between the evaluated and observed 
number of more severe accidents for case 4. 

3. Sensitivity Analysis and Discussion 

A the final part of this research is sensitivity analysis in which the impact rate of 
each variable on occurrence of no injury and more severe accidents on urban 
highways is determined. To do this the best models which presented the most 
accurate results for no injury and more severe accidents are applied. According 
to Table 2 and Table 3 or Figure 10 and Figure 11, the most accurate models 
for predicting the number of property and more severe accidents is case 4 with 
goodness of fit equal to 0.73 and 072 respectively. To determine the impact rate 
of each variable on occurrence of accidents, the value of each variable in data set 
(300 data) is increased by one unit and the rate of change in the predicted num-
ber of accidents is investigated. As the average of speed, volume of light non 
passenger car vehicles, heavy vehicles and passenger cars in data set is 65, 630, 
565 and 1095 respectively, it is more accurate to compare the effect of one unit 
increase in speed with 9.7, 8.7 and 16.8 unit increase in the value of light non 
passenger car vehicles, heavy vehicles and passenger cars respectively on likelih-
ood of accidents. Clearly 9.7, 8.7 and 16.8 are equal to 630, 565 and 1095 divided 
by 65 respectively.  
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Each data set comprises 300 data for each variable. The results of sensitivity 
Analysis for input variables of speed, volume of light non-passenger car vehicles, 
heavy vehicles and passenger cars are depicted in Figures 12-15. To measure the 
impact rate of each variable on likelihood of property and more severe accidents, 
the impact rate for all 300 data are averaged to determine the specific value. The 
specific values determined for all variables on occurrence of accidents on urban 
highways are presented for both property and more severe accidents in Table 4.  

 
Table 4. Impact rate of input variables on occurrence of property and more severe 
accidents on urban highways. 

Impact rate of variables on 
occurrence of accidents 

Speed 
Volume of light non 

passenger car vehicles 
Volume of heavy 

vehicles 
Volume of  

passenger cars 

Property accidents 0.31 0.25 0.18 0.21 

More severe accidents 0.052 0.046 0.034 0.03 

 

 
(a) 

 
(b) 

Figure 12. Impact rate of speed on likelihood of accidents on urban 
highways. (a) Impact rate of speed on likelihood of property accidents; 
(b) Impact rate of speed on likelihood of more severe accidents. 

https://doi.org/10.4236/ojsst.2019.92004


M. H. Hosseinlou, E. Abbasi 
 

 

DOI: 10.4236/ojsst.2019.92004 54 Open Journal of Safety Science and Technology 
 

 
(a) 

 
(b) 

Figure 13. Impact rate of volume of light non passenger car vehicles on likelihood of 
accidents on urban highways. (a) Impact rate of volume of light non passenger car 
vehicles on likelihood of property accidents; (b) Impact rate of volume of light non 
passenger car vehicles on likelihood of more severe accidents. 
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(b) 

Figure 14. Impact rate of volume of heavy vehicles on likelihood of accidents on urban 
highways. (a) Impact rate of volume of heavy vehicles on likelihood of property accidents; 
(b) Impact rate of volume of heavy vehicles on likelihood of more severe accidents. 

 

 
(a) 

 
(b) 

Figure 15. Impact rate of volume of passenger cars on likelihood of accidents on urban 
highways. (a) Impact rate of volume of passenger cars on likelihood of property accidents; 
(b) Impact rate of volume of passenger cars on likelihood of more severe accidents. 
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As shown in Table 4, the impact rate of speed on occurrence of property and 
more severe accidents on urban highways is equal to 0.31 and 0.052 respectively. 
It indicates that when the value of speed increases by one unit, for example from 
58 km/h to 59 km/h, the number of property accidents is increased by 0.31 unit 
and more severe accidents by 0.052 unit or more clearly when the moving speed 
is increased by ten units, for example from 58 km/h to 68 km/h, the number of 
property accidents is increased by about 3 units and more severe accidents by 0.5 
unit. Then effect rate of the volume of light non passenger cars on occurrence of 
property and more severe accidents on urban highways is equal to 0.25 and 
0.046 respectively. It represents that when the value of light non passenger cars is 
increased by 9.7 unit, for example from 605 pc/h to 614.7 pc/h, the number of 
property accidents is increased by 0.25 unit and more severe accidents by 0.046 
unit or more clearly when the volume of light non passenger cars is increased by 
97 units, for example from 605 pc/h to 702 pc/h, the number of property acci-
dents is increased by 2.5 units and more severe accidents by about 0.5 unit. The 
impact rate of volume of heavy vehicles on likelihood of property and more se-
vere accidents is 0.18 and 0.034 respectively. It implies that when volume of 
heavy vehicles is increased by 8.7 units, for example from 550 to 558.7, number 
of property and more severe accidents increases 0.18 and 0.034 unit respectively 
on urban highways or more tangibly, if the volume of heavy vehicles is increased 
by 87 units, for example from 550 to 637 units, number of no injury and more 
severe accidents increases by about 2 units and 0.35 unit respectively. Finally the 
impact rate of volume of passenger cars on occurrence of property and more se-
vere accidents is 0.21 and 0.03 respectively. It indicates that if the number of 
passenger cars in traffic flow of urban highway is increased by 16.8 units in an 
hour, the number of no injury and more severe accidents increases by 0.21 and 
0.03 units respectively. More tangibly, when the volume of passenger cars is in-
creased by 168 units, for example from 1105 pc/h to 1273 pc/h, the number of 
property and more severe accidents increases by about 2 and 0.3 units respec-
tively.  

In addition to sensitivity analysis, the values of impact rate in Table 4 confirm 
the prioritization of variables in terms of their measure of influence on occur-
rence of property and more severe accidents. It is clear that speed have the most 
influence on likelihood of accidents in comparison with volume of passenger 
cars (0.21, 0.03), heavy vehicles (0.18, 0.034) and light non passenger car vehicles 
(0.25, 0.046) because of the bigger value of effect rate (0.31, 0.052). After that, 
volume of light non passenger car vehicles is more influential in occurrence of 
accidents on urban highways whether property or more severe accidents. Then 
volume of heavy vehicles is more effective on occurrence of more severe acci-
dents than volume of passenger cars. But the volume of passenger cars is more 
influential than heavy vehicles in occurrence of property accidents. It is note-
worthy to remind that the average of speed, volume of light non passenger car 
vehicles, heavy vehicles and passenger cars in data set is 65, 630, 565 and 1095 
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respectively. Therefore it is logical to compare the effect of one unit increase in 
speed with 9.7, 8.7 and 16.8 unit increase in the value of light non passenger car 
vehicles, heavy vehicles and passenger cars respectively on likelihood of acci-
dents. Where 9.7, 8.7 and 16.8 are equal to 630, 565 and 1095 divided by 65 re-
spectively.  

4. Conclusions 

In this research, two fuzzy logic based models for predicting the number of 
property and more severe accidents on urban highways are presented. After de-
veloping the models for predicting the number of accidents on urban highways, 
the predicted number of property and more severe accidents by the models are 
compared with the number of observed accidents for each case i.e. specific com-
bination of effective factors. The results of comparison show the accuracy of 
each model which is developed based on the role of variables that considered ef-
fectively in occurrence of property or more severe accidents individually. The 
model with the highest value of R2, the goodness of fit, is the best model.  

The results of research indicate that when speed, volume of light non-passenger 
car vehicles, volume of heavy vehicles and volume of passenger cars are consi-
dered to directly affect the frequency of accidents, the produced rules result in 
the model which predicts the number of accidents most accurately with R2 = 
0.73 and R2 = 0.72 for property and more severe accidents respectively; this in-
dicates that all the variables under study play a role in the likelihood of property 
accidents. The complemental results showed that the role of average speed is 
more prominent than the volume elements of traffic in the likelihood of both 
property and more sever accidents. This is concluded when the value of R2 for 
case 1 is compared to that for cases 5, 6 and 7. After speed, the variable volume 
of light non-passenger car vehicles is identified to play a more effective role than 
the volume of heavy vehicles and passenger cars in the likelihood of accidents, 
whether property or more severe accidents. This is concluded when the value of 
R2 for case 2 is compared to that for cases 8 and 9. Finally the role of heavy ve-
hicles is more influential in occurrence of more severe accidents than passenger 
cars, while the opposite is true for property accidents. This is clear when the 
value of R2 for cases 3 and 10 is compared together.  

After prioritization of variables in terms of influence on occurrence of acci-
dents, the models best fitting the data with the highest value of goodness of fit 
were employed to do the sensitivity analyse. Sensitivity analyse specifies the ef-
fect rate of each variable on likelihood of accidents. The results of sensitivity 
analysis indicated that the impact rate of speed on occurrence of property and 
more severe accidents on urban highways is equal to 0.31 and 0.052 respectively. 
It indicates that when the value of speed increases by one unit, the number of 
property accidents is increased by 0.31 unit and more severe accidents by 0.052 
units. The effect rate of the volume of light non passenger cars on occurrence of 
property and more severe accidents on urban highways is equal to 0.25 and 
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0.046 respectively. It represents that when the value of light non passenger cars is 
increased by 9.7 units, the number of property accidents is increased by 0.25 unit 
and more severe accidents by 0.046 units. The impact rate of volume of heavy 
vehicles on likelihood of property and more severe accidents is 0.18 and 0.034 
respectively. It implies that when volume of heavy vehicles is increased by 8.7 
units, number of property and more severe accidents increases 0.18 and 0.034 
unit respectively. Finally the impact rate of volume of passenger cars on occur-
rence of property and more severe accidents is 0.21 and 0.03 respectively. It im-
plies that when the number of passenger cars in traffic flow of urban highway is 
increased by 16.8 units in an hour, the number of no injury and more severe ac-
cidents increases by 0.21 and 0.03 units respectively.  
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