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Since attention to the safety of traffic facilities including freeway interchanges has been increased during recent years, accident
prediction models are being developed. Simulation-based surrogate safety measures (SSMs) have been used in the absence of
real collision data. But, obtaining different outputs from different SSMs as safety indicators had led to a complexity of using
them as the collision avoidance system basis. Additionally, applying SSM requires trajectory data which can be hardly obtained
from video processing or calibrated microsimulations. Estimating safety level in different parts of freeway interchanges
through a new proposed method was considered in this paper. Fuzzy logic was applied to combine the outputs of different
SSMs, and an index called no-collision potential index (NCPI) was defined. 13608 calibrated simulations were conducted on
different ramps, weaving, merge, and diverge areas with different geometrical and traffic characteristics, and NCPI was
determined for every case. &e geometrical and traffic characteristics formed input data of two safety estimator models
developed by Artificial Neural Network and Particle Swarm Optimization. Ten freeway interchanges were investigated to
calibrate the simulations and to ensure the validity of the fuzzy method and accuracy of the models. Results showed an
appropriate and accurate development of the models.

1. Introduction

Providing an acceptable safety level of traffic facilities is
logically vital due to its consequent effects on prevention of
fatality and property damage. On the other hand, the low
level of safety shall lead to the low performance of these
facilities, as well. Since the freeways have always played
a significant role in road transportation, determination of the
safety level in different segments of the freeways has been one
of the main concerns of researchers. Previous investigations
are divided into two categories. &ese two categories include
the real-accident data analyzing and the simulation-based
safety study. In the real-accident studies, the effect of some
factors (such as mainline speed at the beginning of the
weaving segments, the speed difference between the begin-
ning and the end of the weaving segment, the logarithm of

the volume, the maximum length of the weaving area [1], the
heavy vehicle rate, the hourly traffic volume, the speed dif-
ferential between cars and heavy vehicles, the number of
accesses [2], the number of vehicles that enter and exit the
freeway at a specific segment, the length of the speed change
lane, the speed of off-ramps [3], parallel-type or taper-type
exit ramps [4], left-side or right-side merging and diverging
areas [5, 6], the number of lanes on freeways, the number of
lanes on ramps, and the speeding-related crashes [7]) on the
number and/or severity of accidents was separately in-
vestigated and some models were developed. When there are
no registered data about the accidents in a specific facility or
when someone is trying to design that facility or when the
facility has not yet been built, simulation-based safety
studies/estimations such as conflict analysis by microscopic
simulation and surrogate safety measures (SSMs) including
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time-to-collision (TTC), postencroachment time (PET),
proportion of stopping distance (PSD), crash potential index
(CPI), unsafe density (UD), max speed (Max S), relative
speed (ΔV), kinetic energy (KE), and deceleration rate to
avoid collision (DRAC) are often used to estimate the danger
or risk of possible collisions. Integrating the rate of TTC
variation and the level of hazard associated with TTC as an
approximate safety indicator [8] and calculating the risk of
sideswipe collisions [9] are some kind of using these mea-
sures. An FHWA-sponsored research project has also studied
the potential to derive SSMs from existing traffic simulation
models. In that research, TTC, PET, and DRAC were used to
measure the severity of the conflict, and by use of additional
information about the mass of the vehicles, Max S and ΔV
were used to measure the severity of the potential collision
[10]. &ese are some examples of using simulation-based
SSMs. &ese measures are so useful because they occur more
frequently than accidents and therefore need shorter periods
of the study compared with real-accident investigations [11].
It is important to note that the results of using SSMs mostly
showed a good relationship between the proposed SSM and
actual accident data [12]. So, using the SSM will help to stay
far from long-term real-accident data analysis. But, there are
some shortcomings in this way. Different surrogate measures
for safety result in different outcomes, and unfortunately, an
acceptable method to choose the best outcome especially to
use as the basis of collision avoidance systems has not yet
been presented. On the other hand, using these measures
requires some prerequisites such as providing micro-
simulation software, simulation experts, and trajectory data.
In addition, when it is intended to investigate the safety
aspects of interchanges, there is not enough literature which
focused well on these traffic facilities to review. Here, the
questions are that by focusing on freeway interchanges:

(1) Is it possible to combine the outcomes of different
SSMs and have an exclusive outcome which could be
a safety indicator of the interchange or not?

(2) Could the level of safety be indicated just by having
traffic and geometrical characteristics of the in-
terchange instead of simulation attempts, trajectory
data, or accident data?

&e first purpose of the paper is to present a method to
show that it is possible to give a positive answer to the first
question. To do this, the fuzzy inference system (FIS) was
used to combine the outcomes of the SSM, and fuzzy logic
was applied to define an index called no-collision potential
index (NCPI) as a safety indicator of the interchange (i.e., the
exclusive outcome). Fuzzy logic could be a suitable tech-
nique where qualitative definitions cannot be directly
quantified. &e next purpose is to develop a model to es-
timate the safety level in the ramps, weaving, merge, and
diverge areas of interchanges based on their traffic and
geometrical properties. One of the approaches in developing
the model is using a powerful tool dealing with the pre-
diction and classification problems, and that is Artificial
Neural Network (ANN) which has been a consistent al-
ternative method to analyze the freeway accident frequency

and does not require any predefined underlying relationship
between dependent and independent variables [13]. Another
approach is using an evolutionary computation algorithm
motivated by the behavior of organisms and gathered social
psychology principles in sociocognition human agents and
evolutionary computations. &e algorithm is particle swarm
optimization (PSO) which has a simple concept and effi-
ciency in computations and is implemented easily [14–17].

2. Methods

2.1. Description of the Proposed Fuzzy Method

2.1.1. NCPI Definition and Determination. In this paper,
a fuzzy-based method was proposed to estimate the safety
level in different parts of freeway interchanges. In this
method, different outputs of SSMs were combined, and the
outcome was NCPI which is defined as a safety indicator.
&e value of NCPI falls within the range of zero to 100. &e
higher the value of NCPI, the higher the safety level. Since it
was intended to indicate the level of safety despite many
other types of research that usually determine the level of
risk, NCPI was defined to show the likelihood of no collision
in the interchange instead of indicating the probability of
collisions to occur. To determine the NCPI, the SSM were
categorized into two groups:

Number estimation measures: the measures consist of
TTC, PET, PSD, CPI, UD, and DRACwhich are usually
used to measure the severity of the conflicts. &ese
measures can be used to estimate the number of near-
crash events.
Severity estimation measures: the measures includeMax
S, ΔV, and KE which are usually used to measure the
severity of the potential collisions.

Due to the complexity and time-consuming of using all
measures, in this research study, the measures of TTC and
DRAC were selected to estimate the number of possible
collisions, and the severity of these potential collisions was
estimated by the measures KE and ΔV.

2.1.2. Definition of the Used SSM. Here, the definitions of the
measures TTC, DRAC, KE, and ΔV are briefly described.

TTC: this was first defined by Hayward as the remaining
collision occurrence time between two vehicles if the col-
lision course and speed difference were maintained constant
[18]. When TTC is low, there is an imminent danger of
collision [19]. TTC for rear-end conflicts can be calculated
by [20]

TTCF(t) �
XL(t)−XF(t)− lL

VF(t)−VL(t)
∀VF(t)>VL(t), (1)

where TTC is the time-to-collision, X is the vehicle position
(L: leading and F: following), V is the vehicle speed (L:
leading and F: following), and l is the vehicle length.

DRAC: deceleration rate is a good measure to detect
dangerous maneuvers. DRAC is the rate at which a vehicle
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must decelerate to avoid a probable collision. For vehicles
traveling in the same path, DRAC is de�ned as [11]

DRACt �
VF(t) −VL(t)( )

2

2 XL(t) −XF(t)( )− lveh L[ ]
, (2)

where lveh L is the length of the leading vehicle and other
parameters were described previously. For angled con�icts,
the equation changes as

DRACt �
ΔVij(t)2

2Di(t)
, (3)

where ΔVij(t) is the relative speed of two vehicles engaged in
the con�ict and Di(t) is the distance between the current
position of the vehicle i and point of the intersection ahead
of two vehicles.

KE: from Newtonian physics, we know that a moving
vehicle has a kinetic energy as [21]

K �
1
2
mv2, (4)

where K is the kinetic energy, m is the mass, and v is the
speed of the vehicle. �e kinetic energy transferred to the
target vehicle can be calculated by

KEs �
1
2
msΔvs

2, (5)

where KEs is the kinetic energy transferred to the target
vehicle, ms is the mass of the target vehicle, and Δvs is the
change of the target vehicle speed before and after the
collision [21].
Δv: Δv is the relative speed of vehicles involved in the

con�ict as a collision severity re�ector [22].

2.1.3. Trajectory Data Analysis. Finding the variables’
values of (1–5) requires analyzing the data of trajectory. It
was assumed that the vehicles had a linear movement with
a constant acceleration or deceleration rate between every
two consecutive time intervals in the analysis. So, the
coordinates of the intersection ahead of two vehicles i and j
could be computed. �e acceleration or deceleration rate
and speed of vehicles could also be determined using these
assumptions. It should be noted that any collision in the
study areas could either be a rear-end collision or occurs at
an angle of β. �us, the analysis should be done with
respect to angled collisions. In a special case in which the
angle of collision is zero, it will be a rear-end collision. �e
collision of two vehicles at an angle of β is depicted in
Figure 1.

On the other hand, it is necessary to check whether the
coordinates are within the limits of the study area or not.
By assuming no changes in the conditions, it can be
concluded that two vehicles i and j will never collide with
each other if the coordinates of the intersection ahead of
the two vehicles are outside of the limits of the study area.
�e distance between the position of each vehicle to the
intersection ahead and the time required to reach this
point can be obtained by simple calculations. Assume that

Ti and Tj are the time required to reach the point of in-
tersection of vehicles i and j, respectively. While the ab-
solute value of the di�erence between Ti and Tj is less than
the TTC threshold, there will be a near-crash event. �e
value of the TTC threshold varies in several studies. �e
proposed values of thresholds are 1.5 seconds for urban
areas [23], 4 seconds to distinguish between safe and
unsafe situations [12], and 1.0 second for critical situations
[24]. But, according to the surrogate safety assessment
model, which considers a con�ict as an event with TTC less
than 1.5 seconds [25], a threshold of 1.5 seconds was used
in this paper. Among di�erent pairs of vehicles i and j, the
number of those that encountered a near-crash event was
counted by

CTTC � Countji Ti −Tj
∣∣∣∣∣

∣∣∣∣∣<TTCthreshold[ ], (6)

where CTTC is the number of pairs of vehicles that en-
countered a near-crash event. Regarding the angled collision
of two vehicles i and j, the relative speed of these two vehicles
at the time of the collision could be determined by (7) and
(8) in each direction of vehicles i and j.

ΔVij � Vi −Vj cos β, (7)

ΔVji � Vj −Vi cos β, (8)

where β is the angle of collision. �e minimum required
DRAC could be also found by

DRACij � 0.5ΔVij
2 Lij
−1, (9)

DRACji � 0.5ΔVji
2 Lji
−1. (10)

Maximum deceleration rate for di�erent vehicles was
proposed by Maurya and Bokare [26]. If the value of each of
the DRACs is more than the maximum deceleration rate,
there will be a near-crash event. �e DRAC of a couple of
vehicles, i and j, is the maximumDRAC of them as written in
(11). �e number of cases in which a near-crash event takes
place will be counted by

DRAC � max DRACij · DRACji{ }, (11)

CDRAC � Countji [DRAC>maximum deceleration rate],
(12)

where CDRAC is the number of cases in which a near-crash
event occurs. �e speed of the vehicle i at the time of col-
lision is calculated by

Vehicle i


Vi

Vehicle j

Vj

Figure 1: Collision of two vehicles at an angle of β.
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Vi-collision � aiTi + Vi, (13)

where ai is the acceleration/deceleration rate of the vehicle i
and Vi is the speed of the vehicle i at the time of analysis.
Decomposition of the speed vectors at the moment of
collision is shown in Figures 2 and 3.

So, the relative speed of two vehicles i and j at the
moment of the collision could be determined by

ΔV
��→

� ΔVi-para.
���������→

+ ΔVi-perp.
���������→

� ΔVj-para.
���������→

+ ΔVj-perp.
���������→

,

(14)

ΔVi-para.
���������→∣∣∣∣∣

∣∣∣∣∣ � Vi-collision
����������→∣∣∣∣∣

∣∣∣∣∣− Vj-collision
����������→∣∣∣∣∣

∣∣∣∣∣cos β, (15)

ΔVi-perp.
���������→∣∣∣∣∣

∣∣∣∣∣ � Vj-collision
����������→∣∣∣∣∣

∣∣∣∣∣sin β, (16)

ΔVj-para.
���������→∣∣∣∣∣

∣∣∣∣∣ � Vj-collision
����������→∣∣∣∣∣

∣∣∣∣∣− Vi-collision
����������→∣∣∣∣∣

∣∣∣∣∣cos β, (17)

ΔVj-perp.
���������→∣∣∣∣∣

∣∣∣∣∣ � Vi-collision
����������→∣∣∣∣∣

∣∣∣∣∣sin β, (18)

ΔV � |ΔV
��→
| � ΔVi-para.

���������→∣∣∣∣∣
∣∣∣∣∣
2
+ ΔVi-perp.
���������→∣∣∣∣∣

∣∣∣∣∣
2

[ ]
0.5

� ΔVj-para.
���������→∣∣∣∣∣

∣∣∣∣∣
2
+ ΔVj-perp.
���������→∣∣∣∣∣

∣∣∣∣∣
2

[ ]
0.5
.

(19)

If the di�erence between the speed of vehicle j before and
after the collision is equal to the ΔV obtained above, the
amount of kinetic energy transferred in the collision will
be de�ned as

KEij � 0.5 mjΔV
2, (20)

where mj is the mass of vehicle j.

2.1.4. Probabilistic Framework. Four surrogate measures
were used to estimate the number and the severity of
possible collisions. But the probability that a near-crash
event becomes a real collision should be determined and
be considered in the model development. �ere are two
following probabilities:

(1) �e probability that after detection of an event as
a near-crash event, the event becomes a real collision
(it is possible that both or one of the drivers prevents
the collision to take place by performing an evasive
act).

(2) �e probability that the severity of collision does
not change (it is possible that both or one of the
drivers engaged in a collision reduces the speed to
avoid the collision. Even if the collision occurs, the
collision severity will become lower).

When both or one of the drivers has a time to react, both
mentioned probabilities will appear. In other words, the
more the TTC, the less the probability of the collision taking
place with a certain severity. A probability density function
(PDF) was de�ned which was sensitive to the perception-
reaction time of drivers. For this purpose, an exponential
PDF was selected among the most appropriate distributions
which satisfy the requirements of the problem and was
written as

Pri � λe−λ 0.5TTCi2 t−2reaction( ), (21)

where Pri is the probability that a near-crash event with
a certain severity becomes a real collision with the same
severity, treaction is the perception-reaction time of drivers,
and λ is a constant value which should be de�ned based on
the problem. Since the probability must be closed to one
when TTC approaches zero second, the value of λ should be
equal to 1.0.

�e American Association of State Highway and
Transportation O£cials (AASHTO) mandates using
a perception-reaction time of 2.7 seconds in most cal-
culations [27]. But, in certain more complex situations,
drivers may require more time to react than 2.7 seconds,
for example, situations where drivers should detect and
react to unexpected events. According to the AASHTO,
where a collision avoidance maneuver is needed, the
perception-reaction time of 3.0 seconds should be used
for rural roads and 9.1 seconds for urban roads. In sit-
uations that avoiding a collision needs alterations in the
speed, path, and/or direction, the AASHTO recommends
a range of perception-reaction time between 10.2 and
11.2 seconds for rural roads, 12.1 and 12.9 seconds for
suburban roads, and 14.0 and 14.5 seconds for urban
roads [28]. Due to the high speed of vehicles, disorderly
movements of vehicles, and a high number of lane
changes in a freeway interchange, avoiding a collision
certainly requires changing the speed, path, and di-
rection. So, the perception-reaction time of 11.2 seconds
was used in this paper. Figure 4 presents the relation
between the probability and TTC with λ� 1.0 and
treaction � 11.2.

Vehicle i


Vi-collision

Vj-collision × cos 

Vj-collision × sin 

Vehicle j

Vj-collision

Figure 2: Decomposition of the speed vectors of vehicle j parallel
with and perpendicular to the movement direction of vehicle i.

Vehicle i



Vehicle j

V
i
-collision × sin 

Vi-collision × cos 
Vj-collision

Vi-collision

Figure 3: Decomposition of the speed vectors of vehicle i parallel
with and perpendicular to the movement direction of vehicle j.

4 Advances in Civil Engineering



�e number and the severity of collisions in di�erent
parts of freeway interchanges could be better estimated by
applying the above probability as

NTTC � C
−1
TTC × ∑

CTTC

i�1
PriCTTC i, (22)

NDRAC � C
−1
DRAC × ∑

CDRAC

i�1
PriCDRAC i, (23)

SKE � C
−1
TTC × ∑

CTTC

i�1
Pri × KEi( ), (24)

SΔV � C
−1
TTC × ∑

CTTC

i�1
Pri × ΔVi( ), (25)

where NTTC is the number of predicted collisions by the
TTC, NDRAC is the number of predicted collisions by the
DRAC, SKE is the severity of predicted collisions by the KE,
and SΔV is the severity of predicted collisions by the ΔV.

2.1.5. Fuzzy Logic. �e estimated number of collisions using
the measures of TTC and DRAC is usually di�erent, and the
results of the severity of the predicted collisions using the
measure of KE are not the same as that of the measure of ΔV,
as well. But, all the outputs from the four measures should be
considered all together. So, the NCPI must be a function of
the outputs of the four mentioned measures as four variables
as shown in

NCPI � F NTTC ·NDRAC · SKE · SΔV( ). (26)

�e determining function of the NCPI was de�ned using
a Mamdani-type FIS with four inputs (the values of the four
measures) and one output (NCPI). At �rst, a membership
function with three qualitative classes was de�ned for each
measure. �en, a fuzzi�cation procedure was implemented
for the measures. It means that the quantitative value of each
measure was automatically placed in one of the three
qualitative classes of “low,” “medium,” and “high” using the
membership functions. Between NCPI and its variables, 81
rules were set. �ese rules determine the qualitative value of
NCPI by taking the qualitative values of the four measures
into account simultaneously. Table 1 presents the 81 applied

Table 1: �e rules of the FIS.

Rule number
Variables Function

SΔV−1 SKE−1 NTTC
−1 NDRAC

−1 NCPI
1 Low Low Low Low Very low
2 Low Low Low Medium Very low
3 Low Low Low High Low
4 Low Low Medium Low Very low
5 Low Low Medium Medium Low
6 Low Low Medium High Medium
7 Low Low High Low Low
8 Low Low High Medium Medium
9 Low Low High High High
10 Low Medium Low Low Very low
11 Low Medium Low Medium Low
12 Low Medium Low High Medium
13 Low Medium Medium Low Low
14 Low Medium Medium Medium Medium
15 Low Medium Medium High Medium
16 Low Medium High Low Medium
17 Low Medium High Medium Medium
18 Low Medium High High High
19 Low High Low Low Low
20 Low High Low Medium Medium
21 Low High Low High Medium
22 Low High Medium Low Medium
23 Low High Medium Medium Medium
24 Low High Medium High High
25 Low High High Low Medium
26 Low High High Medium High
27 Low High High High Very high
28 Medium Low Low Low Very low
29 Medium Low Low Medium Low
30 Medium Low Low High Low
31 Medium Low Medium Low Low
32 Medium Low Medium Medium Low
33 Medium Low Medium High Medium
34 Medium Low High Low Low
35 Medium Low High Medium Medium
36 Medium Low High High High
37 Medium Medium Low Low Low
38 Medium Medium Low Medium Low
39 Medium Medium Low High Medium
40 Medium Medium Medium Low Low
41 Medium Medium Medium Medium Medium
42 Medium Medium Medium High High
43 Medium Medium High Low Medium
44 Medium Medium High Medium High
45 Medium Medium High High Very high
46 Medium High Low Low Low
47 Medium High Low Medium Medium
48 Medium High Low High High
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Figure 4: PDF for a near-crash event becomes a real collision.

Advances in Civil Engineering 5



rules. A membership function for NCPI was de�ned with
�ve qualitative classes of “very low,” “low,” “medium,”
“high,” and “very high.” So, a qualitative index was attrib-
uted to NCPI based on the rules and the membership
function. After all, a defuzzi�cation procedure using the
centroid method was accomplished, and the quantitative
value of NCPI was obtained by the use of NCPI membership
function. �e FIS settings for AND/OR methods were set to
MIN/MAX and for IMP/AGGR methods were set to
MIN/MAX, as well. Figure 5 shows the membership func-
tions of NCPI and NTTC, for example, and Figure 6 depicts
two samples of 3D pro�les of NCPI and its variables.

2.1.6. Field Study. �e �eld study was carried out to reach
the following three aims:

(1) To calibrate the simulations
(2) To control the validity of the proposed method in

which the safety level is indicated using fuzzy logic
and SSM

(3) To check the accuracy of safety estimator models (the
safety estimator models will be described in the
following sections)

Ten freeway interchanges in Tehran Province in Iran
were investigated. All the tra£c and geometrical charac-
teristics of the interchanges were gathered and shown in
Table 2.

�e behavior of the drivers and the trajectory data were
extracted by video processing tools. �e driving times in
di�erent parts of the interchanges, the headways, the real
acceleration and deceleration scenarios, the number of lane
changes, the route selections of the drivers, the length before
the gores which the lane change occurs, and the accepted gap
for the lane change were obtained by analyzing the behavior
of the drivers. According to the gathered data and analysis
on the behavior of the drivers, the simulation was calibrated.
�e value of the NCPI was also computed for every case by
analyzing the real trajectory data and applying the proposed
fuzzy method. �e interchanges were simulated, and tra-
jectory data were derived. �e NCPIs computed using
simulation trajectory data were compared with the NCPIs
obtained from real trajectory data for controlling the validity
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Figure 5: �e membership functions for NCPI and NTTC.

Table 1: Continued.

Rule number
Variables Function

SΔV−1 SKE−1 NTTC
−1 NDRAC

−1 NCPI

49 Medium High Medium Low Medium
50 Medium High Medium Medium High
51 Medium High Medium High High
52 Medium High High Low High
53 Medium High High Medium High
54 Medium High High High Very high
55 High Low Low Low Very low
56 High Low Low Medium Low
57 High Low Low High Medium
58 High Low Medium Low Low
59 High Low Medium Medium Medium
60 High Low Medium High High
61 High Low High Low Medium
62 High Low High Medium High
63 High Low High High High
64 High Medium Low Low Low
65 High Medium Low Medium Medium
66 High Medium Low High Medium
67 High Medium Medium Low Medium
68 High Medium Medium Medium Medium
69 High Medium Medium High High
70 High Medium High Low Medium
71 High Medium High Medium High
72 High Medium High High Very high
73 High High Low Low Medium
74 High High Low Medium Medium
75 High High Low High High
76 High High Medium Low Medium
77 High High Medium Medium High
78 High High Medium High Very high
79 High High High Low High
80 High High High Medium Very high
81 High High High High Very high
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of the method. Figure 7 presents the aerial photos of the ten
studied interchanges. �e results were used to check the
accuracy of the future developed safety estimator models,
too.

2.2. Development of Safety EstimatorModels. In the previous
section, it was shown that the safety level could be de-
termined using microsimulation, trajectory data analysis
and computations, SSM, and the proposed fuzzy method
and computing NCPI. But, providing expensive pre-
requisites like simulation software, simulation experts,
trajectory computations, and the time required is di£cult
and time-consuming. In this paper, it was intended to de-
velop two models to estimate the level of safety based on
geometrical and tra£c characteristics of freeway in-
terchanges. Developing the models needs generating a da-
tabase containing geometrical and tra£c characteristics of
the ramps, weaving, merge, and diverge areas as inputs and
computed NCPIs as output. �en, ANN and PSO were used
to develop the models.

2.2.1. Generating Database. Every e�ective geometrical and
tra£c variable which may a�ect the safety level of the
interchange was recognized, and a list of these variables
comprising the length of the weaving area, the number of
lanes in the weaving area, the number of lanes in on-ramp,
the number of lanes in o�-ramp, the free �ow speed in
freeway, the free �ow speed in on-ramp, the free �ow speed
in o�-ramp, the freeway �ow rate, the on-ramp �ow rate,
the o�-ramp �ow rate, the length of the acceleration lane,
the length of the deceleration lane, the length of the in-
terchange ramp, the average slope of the ramp, and the
ramp radius was prepared. Table 3 describes the variables
and their range used for the simulations. Combining
various values of each variable with those of the other
variables resulted in the generation of 13608 di�erent
ramps, weaving, merge, and diverge areas with di�erent
tra£c and geometrical characteristics. Di�erent kinds of

interchange ramps, weaving, merge, and diverge areas with
di�erent geometry and di�erent tra£c characteristics were
simulated. �e trajectory data were derived from every
simulation run. By applying the proposed fuzzy-based
method, NCPI was computed for every case. �us, a da-
tabase could be generated containing 10368, 2160, 720, and
360 rows of information for weaving areas, merge areas,
diverge areas, and ramps, respectively.

As described in Table 4, the database comprised geo-
metrical and tra£c characteristics of the ramps, weaving,
merge, and diverge areas of the interchange as inputs and
computed NCPIs as the output. Using this database, the
models could be developed.

2.2.2. ANN Approach. ANNs are massive parallel archi-
tectures that can determine answers to demanding problems
with the participation of simple mutually dependent pro-
cessing elements (arti�cial neurons) [29]. An ANN has
powerful aspects of learning and data processing, and thus, it
is an e�ective tool for engineering applications. �e mul-
tilayer backpropagation network, the most popular ANN
paradigm [30], was used for e£cient generalization com-
petence. ANNs have the ability to carry out with a good
amount of generalization from the patterns on which they
are trained [31]. Training incorporated processing neural
networks with a set of known speci�c input-output data
using the generated database. �e backpropagation ANN
included layers with neurons: the input layer, the output
layer, and the hidden layers. �e learning process was
continued in the output layer where the error between the
model outputs and desired outputs was calculated and then
propagated back to the network with updated weights for the
direction in which the performance function decreases very
rapidly [32]. �e entire training process was repeated for
a number of epochs until the desired accuracy in the network
output was gained. After training and then, validation of the
network, the network was tested by using data that have
never experienced before.
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Figure 6: �e 3D pro�les of NCPI and its variables. (a) Severity estimation variables; (b) number estimation variables.
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Determining the number of hidden neurons is an im-
portant task. &e number of hidden neurons has a strong
effect on the stability of the neural network which is esti-
mated by error (minimal error reflects better stability). &e

random selection of a number of hidden neurons may cause
either overfitting or underfitting of the predicting models
[33]. &is concern arises when the network corresponds to
the data so closely that the ability to generalize over the test

Table 2: Characteristics of the interchanges investigated in the field studies.
Weaving area

Location LW
(m) NW (−) NR-ON

(−)
NR-OFF
(−)

VFW
(veh/h)

VR-ON
(veh/h)

SFW
(km/h)

SR-ON
(km/h)

SR-OFF
(km/h)

Number of
samples

Hemmat W-E: Yadegar ON and
Yadegar OFF 304.71 5 2 2 6650 1264 90 40 40 13

Hemmat Freeway W-E: Asharfi ON
and Yadegar OFF 705 5 2 2 6850 839 90 40 40 17

Hakim Freeway E-W: Sheikh Bahaee
ON and Chamran OFF 296 4 2 2 2990 895 80 40 60 18

Karbala Freeway E-W: Sahne ON and
Hamedan OFF 285 4 2 2 1870 185 110 50 60 21

Imam Ali Freeway S-N: N-N U-turn
ON and Sabalan OFF 535.04 5 1 2 5860 157 80 40 60 19

ImamAli Freeway S-N: Khavaran ON
and Khavaran OFF 256 4 2 2 878 833 80 30 40 17

Merge area

Location LACC
(m)

VFW
(veh/h)

NFW
(−)

VR-ON
(veh/h)

NR-ON
(−)

SFW
(km/h)

SR-ON
(km/h)

Number
of

samples
Hemmat Freeway W-E: merge
Asharfi N 145 5023 4 1253 2 90 50 11

Niayesh Freeway E-W: merge
Chamran S 118 3794 3 909 2 80 40 14

Tehran-Qom Freeway N-S: merge
Vahnabad E 173 2252 3 169 1 120 60 25

Tehran-Qom Freeway S-N: merge
Vahnabad W 154 1266 3 440 1 120 60 19

Tehran-Saveh Freeway W-E: merge
Shahriar W 225 2667 3 361 2 120 40 18

Diverge area

Location LDEC
(m)

NFW
(−)

NR-OFF
(−)

VFW
(veh/h)

SFW
(km/h)

SR-OFF
(km/h)

Number of
samples

Hakim Freeway W-E: diverge Sheikh
Bahaee S 172 4 1 3188 80 30 17

Hemmat Freeway W-E: diverge
Yadegar S 202 4 2 4196 80 60 13

Tehran-Saveh Freeway E-W: diverge
Dehshade W 215 3 2 4160 120 60 22

Tehran-Saveh Freeway E-W: diverge
Robat Karim E 180 3 2 1895 120 40 14

Yadegar Freeway N-S: diverge
Kouhestan E 152 3 1 1930 80 50 9

Interchange ramps

Location LR
(m) NR (#) SLONG

(%)
VR

(veh/h) RR (m) Number of
samples

Chamran S to Hemmat W 438 2 +3.8 1644 60 26
Hemmat W to Chamran S 350 2 +2.3 943 35 21
Imam Ali N to Mahallati W 402 2 +4.2 796 60 16
Mahallati E to Imam Ali N 514 2 +0.5 234 60 11
Niayesh E to Chamran S 470 2 −1.9 681 60 19
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data is lost. An excessive number of hidden neurons will
cause over�tting where neural networks overestimate the
complexity of the target problem. In this sense, de-
termination of the proper number of hidden neurons to
prevent over�tting is critical for problem estimation with the
capability for steady generalization with the lowest possible
deviation in estimation. Accordingly, the number of hidden
neurons must be delimited within a reasonable range. To
reach the minimum error, the optimized number of hidden
neurons was determined. �e ANN model had also
a number of neurons in the input layer and one neuron in
the output layer. In the trial and error attempts, the number
of neurons in the input layer was considered equal to or
a multiple of the number of variables in every part of the
interchange. Subsequently, the neural network results were
evaluated to determine the number of neurons that would
provide satisfactory results.

To ensure good generalization under ANN processing,
dividing the experimental data into three subdivisions is
mandatory: training, validation, and testing. For database
partitioning, Looney recommended 25% for testing [34],
whereas Swingler proposed 20% [35] and Nelson and

(a) (b) (c)

(d) (e) (f)

(g) (h)

(j)

(i)

Figure 7: Case studies: (a) Hemmat FW-Yadegar FW; (b) Imam
Ali FW-Khavaran FW; (c) Hemmat FW-Ashra�; (d) Niayesh FW-
Chamran FW; (e) Tehran-Qom FW-Vahnabad; (f) Tehran-Saveh
FW-Shahryar; (g) Hakim FW-Sheikh Bahaee; (h) Tehran-Saveh
FW-Dehshad; (i) Yadegar FW-Kouhestan; (j) Imam Ali FW-
Mahallati.

Table 3: Variable description and their range used for simulation.

Variablesa Range
Weaving areaa

LW (m) 300 to 900
NW (#) 4 to 5
NR-ON (#) 1 to 2
NR-OFF (#) 1 to 2
VFW (veh/h) 750 to 2970
VR-ON (veh/h) 600 to 1600
SFW (km/h) 90 to 120
SR-ON (km/h) 40 to 60
SR-OFF (km/h) 40 to 60
Merge areab

LACC (m) 100 to 500
VFW (veh/h) 750 to 2970
NFW (#) 3 to 4
VR-ON (veh/h) 600 to 1600
NR-ON (#) 1 to 2
SFW (km/h) 90 to 120
SR-ON (km/h) 40 to 60
Diverge areac

LDEC (m) 100 to 500
NFW (#) 3 to 4
NR-OFF (#) 1 to 2
VFW (veh/h) 750 to 2970
SFW (km/h) 90 to 120
SR-OFF (km/h) 40 to 60
Rampsd

LR (m) 100 to 500
NR (#) 1 to 2
SLONG (%) −3 to 3
VR (veh/h) 600 to 2200
RR (m) 60 to 140
aLW is the length of the weaving area,NW is the number of lanes in the weaving
area, NR-ON is the number of on-ramp lanes, NR-OFF is the number of o�-ramp
lanes, VFW is the freeway volume, VR-ON is the on-ramp volume, SFW is the
freeway free-�ow speed, SR-ON is the speed of on-ramp, and SR-OFF is the speed
of o�-ramp. bLACC is the length of the acceleration lane, VFW is the freeway
volume,NFW is the number of freeway lanes,VR-ON is the on-ramp volume,NR-

ON is the number of on-ramp lanes, SFW is the freeway free-�ow speed, and SR-
ON is the speed of on-ramp. cLDEC is the length of the deceleration lane, NFW is
the number of freeway lanes,NR-OFF is the number of o�-ramp lanes,VFW is the
freeway volume, SFW is the freeway free-�ow speed, and SR-OFF is the speed of
o�-ramp. dLR is the length of the interchange ramp,NR is the number of lanes in
the interchange ramp, SLONG is the average slope of the ramp, VR is the ramp
�ow rate, and RR is the radius of the ramp.

Table 4: �e database description.

Part Number of rows Number of
variables (inputs)

Function
(output)

Weaving areas 10368 9 NCPI
Merge areas 2160 7 NCPI
Diverge areas 720 6 NCPI
Ramps 360 5 NCPI
Total 13608
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Illingworth suggested 20 to 30% [36]. �erefore, in the
present work, the training dataset consists of 60% of data
entries, and the remaining data entries are divided equally
between the validation and testing sets. To test the reliability
of the neural network model, 20% of the samples were
randomly selected as the validation set and 20% of the
samples as the test set. �e performance of an ANN-based
model primarily depends on the network architecture and
parameter settings. In this study, the Matlab ANN toolbox
[37] was used for ANN applications. All the networks were
trained using the Levenberg–Marquardt algorithm with
tansig transfer functions between the input and the hidden
layers and the purelin transfer function between the hidden
layers and the output layer along with a trainlm training
function. Performance evaluation was characterized by plots
of root-mean-squared error (RMSE) versus epoch for the
training, validation, and test performances of the data. In
principle, the error is reduced after more epochs of training
but may begin to increase on the validation dataset as the
network starts over�tting the training data. To reach the best
ANN, its performance was deduced from the epoch with the
lowest validation error after which there was no more in-
crease in the RMSE error. Consequently, a reliable ANN-
based safety estimator model was developed, and therefore,
NCPI could be estimated using adequate information about
the values of geometrical and tra£c characteristics. �e
structure of the ANN used for estimation of the safety level
in the weaving area is shown in Figure 8, for example.

�e properties of the designed ANNs are as follows:

Weaving area:

Number of hidden layers: 3
Number of neurons in each hidden layer: 9

Merge area:

Number of hidden layers: 3
Number of neurons in each hidden layer: 7

Diverge area:

Number of hidden layers: 3
Number of neurons in each hidden layer: 7

Ramps:

Number of hidden layers: 3
Number of neurons in each hidden layer: 5

2.2.3. PSO Approach. Recently, Eberhart et al. proposed
a PSO algorithm to be used for global optimization on the
basis of random exploration methods and models of simple
social systems.�ey stated that the algorithm is very e£cient
in solving the nonlinear problems. �e PSO algorithm is
established based on researches on di�erent communities
such as birds’ community and can be used to optimize both
nonlinear-continuous and discrete problems. In addition,
the algorithm does not require plenty of time and memory
for calculations because of its simple concept [17, 38, 39].

“Any information can be exchanged among the population”
and “the behavior of each particle is a�ected by the behavior of
other particles in the community” are the two hypotheses of
the PSO algorithm which forms its basic concepts according
to the results of a lot of studies on di�erent communities.
PSO has been developed in a two-dimensional (x-y) space,
and the coordination of each particle is de�ned in this space.
�e vectors of the movement of particles are illustrated asVx
and Vy in each direction as velocity vectors. So, the
movements of each particle are depicted by its coordination
and vectors. Every particle in the community tries to op-
timize a speci�c target function. It knows its own best results
and current coordination, and the particle is also informed
about the best results of the community. �erefore, the
movement vector of each particle can be achieved by [40]

vk+1i �wi × v
k
i + c1 × rand × pbest− xki( )

+ c2 × rand × gbest−xki( ),
(27)

Inputs 3 hidden layers with 9 neurons Output

Off-ramp speed

Length of weaving area

Number of lanes in weaving area

Number of on-ramp lanes

Number of off-ramp lanes

Freeway volume

On-ramp volume

Freeway FFS

On-ramp speed

Figure 8: ANN for estimation of the safety level in the weaving area.
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where vk
i is themovement vector of particle i in iteration k, vk+1

i

is the modifiedmovement vector of particle i, rand is a random
digit between 0 and 1, xik is the current location of particle i in
iteration k, pbest is the best result of particle i, gbest is the best
result of the community, wi is the weight coefficient of the
velocity vector of particle i, and ci is the weight coefficient of each
component.&e location of each particle can be obtained by [40]:

x
k+1
i � x

k
i + v

k+1
i . (28)

&e concept of modifying the search point is depicted in
Figure 9.

To ensure the convergence of the PSO, a contraction
factor was applied to (27). &us, the equation of the
movement vector is modified as [40]

v
k+1
i+1 � K ×(w × v

k
i + c1 × rand × pbest−x

k
i 

+ c2 × rand × gbest−x
k
i ),

(29)

whereK is the contraction factor and can be computed by [40]

K �
2

2−φ−
������
φ2 − 4φ



, (30)

φ � c1 + c2,

φ> 4.
(31)

All parameters were described previously. Choosing an
appropriate w will lead to creating a balance between the
general and local search. &e coefficient w can be calculated
by [40]

w � wmax −
wmax −wmin

itermax
× iter, (32)

where iter is the number of iterations and itermax is the
maximum number of iterations. Based on the above con-
cepts, the following steps were performed to develop the
PSO-based safety estimator model in the four parts of
freeway interchanges.

Step 1 (defining the general formulation). Equation (33)
depicts the general formulation of the PSO algorithm.

NCPIi,PSO �

t1

g1

⋮

tn

gn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

a1,i

.

⋮

.

an,i

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (33)

where NCPIi,PSO is the NCPI calculated by the PSO-based
model in iteration i, t1 to tn are the traffic variables, g1 to gn
are the geometry variables, and a1,i to an,i are the constant
parameters and coefficients of the PSO basic equation.

Step 2 (defining the input data). &e geometry and traffic
variables in the database were considered as the input data of
the PSO algorithm.

Step 3 (defining the target output data). &e NCPIs (safety
level) in the rows of information of the generated database
were considered as the target output data.

Step 4 (proposing a basic equation with adequate constant
parameters and coefficients). Some equations were pro-
posed, and after a great deal of trial and error attempts, the
best equations were chosen. Equations (34–40) are the se-
lected equations. Constant parameters of the basic equations
would be defined based on the generated database.

Weaving area:

NCPIW � b1sin b2θ + b3(  + b4sin b5θ + b6(  + b7, (34)

θ � 0.111a1L
a2
W + a3L

a4
W + a5L

a6
W + a7NW + a8NR-ON

+ a9NR-OFF + a10V
a11
FW + a12V

a13
R-ON

+ a14S
a15
FW + a16S

a17
R-ON + a18SR-OFF + a19,

(35)

where NCPIW is the NCPI in the weaving segment, LW is the
length of the weaving area, NW is the number of lanes in the
weaving area,NR-ON is the number of on-ramp lanes,NR-OFF
is the number of off-ramp lanes, VFW is the freeway volume,
VR-ON is the on-ramp volume, SFW is the freeway free-flow
speed, SR-ON is the speed of on-ramp, SR-OFF is the speed of
off-ramp, and ai and bi are constant parameters.

Merge area:

NCPIM � b1 × 0.143b2
a1e

a2LACC + a3e
a4LACC + a5V

a6
FW

+ a7NFW + a8V
a9
R-ON + a10NR-ON + a11e

a12SFW

+ a13e
a14SFW + a15S

a16
R-ON + a17


b2 + b3, (36)

where NCPIM is the NCPI in the merge area, LACC is the
length of the acceleration lane,NFW is the number of freeway
lanes, NR-ON is the number of on-ramp lanes, VFW is the
freeway volume, VR-ON is the on-ramp volume, SFW is the
freeway free-flow speed, SR-ON is the speed of on-ramp, and
ai and bi are constant parameters.

Xk+1

Vgbest

Vpbest

Vk

Xk

Vk+1

y

x

Figure 9: &e concept of modifying the search point in PSO.
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Diverge area:
NCPID � b1tan b2ω + b3


 + b4, (37)

ω � 0.167 a1L
a2
DEC + a3NFW + a4NR-OFF

+ a5V
a6
FW + a7e

a8SFW + a9SR-OFF + a10, (38)

where NCPID is the NCPI in the diverge area, LDEC is the
length of the deceleration lane,NFW is the number of freeway
lanes, NR-OFF is the number of off-ramp lanes, VFW is the
freeway volume, SFW is the freeway free-flow speed, SR-OFF is
the speed of off-ramp, and ai and bi are constant parameters.

Ramps:

NCPIR � a1L
2
R,mod + a2LR,mod + a3e

a4NR + a5V
0.5
R

+ a6 25.4RR(  + a7 25.4RR( 
0.5

+ a8,

(39)

LR,mod � LR 1−
SLONG

100
 , (40)

where NCPIR is the NCPI of the interchange ramp, LR is the
length of the ramp, LR,mod is themodified length of the ramp,
NR is the number of lanes in the ramp, SLONG is the average
slope of the ramp,VR is the ramp flow rate, RR is the radius of
the ramp, and ai and bi are constant parameters.

Step 5 (checking the difference between the NCPIs esti-
mated by the PSO-based model and the NCPIs in the
database).&e results of the NCPI using the basic equations
were compared to the NCPI in the database, and the RMSE
was calculated by

RMSE �

������������������������

∑k
i�1 NCPIi,PSO −NCPIi,DB 

2

k



, (41)

where NCPIi,DB is the NCPI in the rows of information of
the generated database.

Step 6 (obtaining the global best result). After a lot of trial
and error attempts and several iterations, the best results of
constant parameters (as the global best results) of the basic
equations were obtained when the possible minimum RMSE
was reached.

2.2.4. Statistical Analysis. &e models were evaluated by
statistical analysis and field studies. &e survey results were
compared with the models’ outputs. Regarding possible
differences between the survey results and the models’
outputs, it was necessary to know that these differences were
because of either data distribution and their random
properties or a significant diversity between the outcomes.
Statistical analysis indicated whether there was a significant
difference between the surveyed NCPIs and the corre-
sponding NCPIs estimated by the models or not. A pooled
t-test was used due to the limited number of samples.
Statistical t could be calculated by [41]

t � μm − μs( Sp
−1

nm
−1

+ ns
−1

 
−0.5

, (42)

Sp � nm − 1( σm
2

+ ns − 1( σs
2

 
0.5

nm + ns − 2( 
−0.5

, (43)

where µm and µs are the mean of the models’ population and
the mean of the survey population, respectively. nm and σm
are the number of samples and standard deviation of the
models’ results, and ns and σs are the number of samples and
standard deviation of survey results, respectively. Computed
t should be compared with the tabulated values of the
t-distribution table.&e tabulated values of the t-distribution
table depend on the degree of freedom, f, which represents
the number of independent parts. &e degree of freedom is
defined by (44) in t-distributions [41]:

f � nm + ns − 2. (44)

Once the statistical t is determined, the tabulated values
of the t-distribution table yield the probability of a situation
in which the t value is greater than the computed value. In
order to limit the probability of a “type I” error to 0.05, the
difference in the means will be considered significant only if
the probability is less than or equal to 0.05. In other words, if
the calculated t value falls within the 5% area of the tail, or in
other words, if there is less than a five percent chance that
such a difference could be found in the same population, the
difference in the means will be considered significant. If the
probability is greater than 5% (or the computed t value is less
than the tabulated values of the t-distribution table), it could
be concluded that such a difference in means could be found
in the same population and the difference would not be
considered significant [41].

3. Results and Discussion

Estimation of the safety level in the ramps, weaving, merge,
and diverge segments of freeway interchanges was the main
purpose of this research. A huge number of simulated parts
of freeway interchanges and the ten existed freeway in-
terchanges in Tehran Province in Iran were investigated, and
by using the proposed fuzzy-based method, the NCPI was
determined in every case. &e models’ required database
was generated after the NCPI was calculated in all the cases.
&e database contained, respectively, nine, seven, six, and
five traffic and geometric characteristics for weaving areas,
merge areas, diverge areas, and ramps as inputs and the
NCPIs as output.&erefore, two ANN-based and PSO-based
models were developed utilizing the database.

3.1. ANN Results. &e ANN-based development process
was accomplished, and data training was stopped when the
RMSE in the validation set began to increase, which signifies
that the ANN generalization stopped increasing. Further
analysis was conducted to test the accuracy of estimation by
completely new input data to ensure that the reference
model of the neural networks provides reliable results. To
verify that the given estimation models are suitable to
provide reliable results, a complete set of new data (which
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were not used in the evaluation) was used. &e results of the
ANN-based model were categorized into three collections of
all data, validation data, and test data as indicated in Figure 10
for interchange ramps, for instance. For each collection,
ANN outputs were compared with the NCPI in the database
(as the target), and the results were presented in the first
graph. Error diagram and error distribution of the data of
each collection were depicted in the second and third graphs,
respectively.

&e results of using the ANN to estimate the NCPI in
the four parts of the interchange are illustrated in Figure 11,
and the correlation between the estimated NCPI by the
ANN-based model and the NCPI in the generated database
in the interchange ramps was represented in Figure 12, for
instance. According to the results, considering the fact that
all neural network models showed similar small error
means and high coefficients of correlation, the difference
between the results of training and validation sets was
negligible.

As shown in Figures 11 and 12, the analysis indicated
a relative agreement between the NCPIs in the database and
estimated data, according to all statistical performance
measures. &e standard deviation, coefficient of correlation,
error mean, and RMSE of the three collections demonstrated
a proper development of the ANN-based model. &e low
values of RMSE and error mean and the high value of co-
efficient of correlation are commonly recognized as a good
estimation of the model.

But, comparing the statistical results of the four parts
with each other, the highest coefficient of correlation and the

minimum RMSE along with the smallest value of standard
deviation were found in the diverge area. &e lowest co-
efficient of correlation was detected in the merge area, and
the high values of RMSE and standard deviation were ob-
tained in interchange ramps and merge areas. However, the
results of conducted analysis indicated that the proposed
ANN-based model could generally be used to estimate the
safety level of the four parts of the freeway interchange with
sufficient accuracy, and the results clearly depicted that, for
all the samples, values estimated with the ANN-based model
are strongly consistent with the values obtained by analyzing
the trajectory data. It is clear that the modeling results are
exceptionally correct; therefore, there is no doubt regarding
the accuracy of the estimation performance of the ANN-
based model.

3.2. PSOResults. After a lot of trial and error attempts, the
maximum number of iterations and the best population
size (swarm size) were discovered in the PSO-based model
development process. When the algorithm reached the
minimum MSE as the best cost, the trial and error at-
tempts were stopped. &erefore, the constant parameters
of (34–40) were determined based on the results of it-
erations. &e global best results and their position in the
basic equations along with MSE and RMSE of the algo-
rithm for the diverge area are presented in Figure 13, for
instance, and a brief overview of applying the optimiza-
tion process on all parts of interchanges is presented in
Table 5.
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Figure 10: Ramps: (a) test data comparison of the ANN output and the NCPI in rows of information as target, (b) error diagram, and
(c) error distribution.
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�e values of RMSE indicated a relatively good devel-
opment of the model. �e values are di�erent and vary from
7.66 for the weaving areas to 18.7 for the ramps. Irregular
movement of the vehicles in curves may cause a higher value
of RMSE in this area.

Although the RMSE values for the PSO-based model are
more than those for ANN-based models, it is not enough to
decline the application of the PSO-based model in esti-
mating the safety level in freeway interchanges. Constant
parameters were determined, and therefore, (34–40) were
rewritten as (45–51).

Weaving area:

NCPIW � 16.48 sin(30θ− 98.82) + 31.73, (45)

θ �− 0.21L5.11W − 4.44L
10
W + 4.44NW − 0.11NR-ON

+ 4.08NR-OFF + 6660000V−19.99FW + 0.13V−6.20R-ON
+ 6.66S1.68FW + 557.79S−4.10R-ON + 18.07.

(46)

Merge area:

NCPIM � 0.428×0.1430.0816
∣∣∣∣∣∣0.6e
−5.6LACC

+7V5.204
FW −30NFW−210V

−5.625
R-ON +46.9NR-ON

+355320000000000e−1.2SFW +69.564e0.302SFW

+1800000S−14R-ON
∣∣∣∣∣∣
0.0816

+2.891.

(47)

Diverge area:
NCPID � −18.2tan|1.23ω + 37.80| + 25.34, (48)

ω � 0.167 (−0.31L−0.32DEC + 29.97NFW

+ 15.56NR-OFF − 23.35VFW
0.38

− 135.92e−10.01SFW + 0.03SR-OFF − 910).

(49)

Weaving areas Merge areas Diverge areas Ramps

0.929 0.882 0.999 0.969

3.933 7.897 1.824 8.335
−0.049 −0.192 0.148 −0.038

3.933 7.897 1.820 8.347

3.616 8.590 0.647 12.714
−0.186 0.436 0.065 1.553

3.612 8.588 0.646 12.707

4.019 7.592 1.215 8.427
−0.090 −0.113 0.149 −0.454

RMSE

Test data

Validation
data

Error meanAll data
Standard deviation

RMSE
Error mean

Standard deviation

RMSE
Error mean

Standard deviation 4.018 7.600 1.210 8.474

R (Coefficient of correlation)

Statistics

Figure 11: Statistical results of using the ANN-based model.
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Table 5: A brief outlook of applying the optimization process on all parts of interchanges.

Part Effective iterations MSE RMSE Number of constant parameters
Weaving area 62 58.64 7.66 25
Merge area 21 184.245 13.57 20
Diverge area 121 285.49 16.90 14
Ramps 74 349.69 18.70 8

Table 6: Results of statistical analysis between means of the NCPIs estimated by the two safety estimator models versus the NCPIs achieved
by field studies.

Part Location

ANN-based
model

PSO-based
model Field study Statistical pooled t-test

µm σm µm σm µs σs Sp-ANN Sp-PSO tANN tPSO
t value

(t-dist. table)

Waving area

Hemmat W-E: Yadegar ON and
Yadegar OFF 43.34 2.23 47.9 5.90 44.88 5.53 4.22 5.72 0.93 1.35 1.711

Hemmat Freeway W-E: Asharfi
ON and Yadegar OFF 28.94 2.89 33.42 6.68 30.54 6.10 4.77 6.39 0.97 1.31 1.695

Hakim Freeway E-W: Sheikh
Bahaee ON and Chamran OFF 29.75 2.58 27.44 7.35 30.43 8.16 6.05 7.77 0.34 1.16 1.694

Karbala Freeway E-W: Sahne ON
and Hamedan OFF 21.87 1.07 19.69 2.76 21.19 2.97 2.23 2.86 1.00 1.69 1.684

Imam Ali Freeway S-N: N-N U-
turn ON and Sabalan OFF 38.02 1.08 37.31 6.64 39.28 6.99 5.00 6.82 0.78 0.89 1.692

Imam Ali Freeway S-N: Khavaran
ON and Khavaran OFF 37.38 4.74 38.8 10.67 38.03 10.46 8.12 10.57 0.23 0.21 1.695

Merge area

Hemmat Freeway W-E: Merge
Asharfi N 16.3381 2.18 18.85 4.21 17.20 2.12 2.15 3.33 0.94 1.16 1.725

Niayesh Freeway E-W: Merge
Chamran S 14.7116 3.09 17.06 5.11 15.59 3.12 3.10 4.23 0.75 0.92 1.706

Tehran-Qom Freeway N-S: Merge
Vahnabad E 16.1305 4.48 14.41 5.30 15.73 4.21 4.35 4.79 0.33 0.97 1.687

Tehran-Qom Freeway S-N: Merge
Vahnabad W 15.2322 2.28 13.01 3.12 14.53 2.03 2.16 2.64 1.00 1.78 1.692

Tehran-Saveh Freeway W-E:
Merge Shahriar W 18.1533 3.41 15.17 4.22 17.24 3.07 3.25 3.69 0.85 1.68 1.694

Diverge area

Hakim Freeway W-E: Diverge
Sheikh Bahaee S 1.6394 0.18 1.61 0.20 1.65 0.20 0.19 0.20 0.18 0.66 1.694

Hemmat Freeway W-E: Diverge
Yadegar S 32.335 6.01 36.52 7.30 33.83 6.76 6.39 7.03 0.60 0.98 1.711

Tehran-Saveh Freeway E-W:
Diverge Dehshade W 49.555 8.72 57.17 10.86 52.18 9.91 9.34 10.40 0.93 1.59 1.681

Tehran-Saveh Freeway E-W:
Diverge Robat Karim E 5.6069 1.83 4.23 1.44 5.39 1.83 1.83 1.65 0.32 1.86 1.706

Yadegar Freeway N-S: Diverge
Kouhestan E 89.363 14.66 99.00 17.63 92.65 16.50 15.61 17.07 0.45 0.79 1.746

Interchange
ramps

Ramp: Chamran S to Hemmat W 30.45 2.62 31.65 3.90 30.88 3.80 3.26 3.85 0.47 0.73 1.676
Ramp: Hemmat W to Chamran S 57.93 4.98 50.99 10.19 55.71 11.13 8.62 10.67 0.83 1.43 1.684
Ramp: Imam Ali N to Mahallati W 63.02 5.42 68.99 13.11 65.10 12.37 9.55 12.74 0.62 0.86 1.697
Ramp: Mahallati E to Imam Ali N 90.06 7.75 97.68 13.67 92.64 12.97 10.68 13.33 0.57 0.89 1.725
Ramp: Niayesh E to Chamran S 75.77 6.52 69.17 12.32 73.65 13.11 10.35 12.72 0.63 1.09 1.689
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Ramps:

NCPIR � −0.000073L
2
R,mod + 0.0005LR,mod + 2.022e

−29.958NR

− 2.856V
0.5
R − 0.838RR + 18.632R

0.5
R + 66.16,

(50)

LR,mod � LR 1−
SLONG
100

 . (51)

All parameters were described previously.

3.3. Field Studies’ Outcomes. As it was mentioned before,
field studies were used to evaluate the proposed method and
the models. Six weaving areas, five merge areas, five diverge
areas, and five ramps were surveyed through the field study
on ten freeway interchanges of Tehran Province in Iran. &e
values of the NCPI were computed using trajectory data
analysis and estimated by applying ANN-based and PSO-
based models on the interchanges with characteristics
brought in Table 2. &e results of statistical analysis are
illustrated in Table 6. It could be said that no significant
differences between the means of the models’ population
and the real population were found when almost all com-
puted statistical t-values (which are achieved from statistical
analysis of the population of the models and studied areas)
are less than the tabulated values of the t-distribution table.

4. Conclusion

In this paper, it was intended to propose a new method to
have an exclusive safety indicator among different SSMs at
the first step and to develop a model to estimate the safety
level according to geometrical and traffic characteristics of
different parts of freeway interchanges at the second step.
Different surrogate measures were combined using fuzzy
logic, and an index called NCPI was defined as a safety level
indicator. &e variables of NCPI including outputs of four
surrogate measures of safety were determined by analyzing
the trajectory data. &e trajectory data could be either
achieved from video processing or derived from micro-
simulation. &en, NCPI was obtained by applying fuzzy
rules to the variables. It was done to estimate the level of
safety when there are not enough data or information about
the number and severity of accidents or the segment is just
being designed and has not yet been built. Due to the dif-
ficulties of accessing or obtaining the trajectory data, two
models were developed by ANN and PSO algorithms to
estimate the safety level based on geometrical and traffic
characteristics of interchanges. At last, field studies were
carried out to calibrate the simulations, controlling the
validity of the proposed fuzzy method and checking the
accuracy of safety estimator models.

&e results indicated an acceptable confidence about the
validity of the proposed fuzzy method. &e results also
showed a good accuracy of the developed models in terms of
compliance with the database generated from data analysis
and also surveyed data of the field studies. It also became
clear that, in most cases, the results of the ANN-based model

havemore accuracy than the results of the PSO-basedmodel.
However, the advantage of using the PSO-based model is
that finally, there will be a certain relationship which can be
conveniently used, while the ANN-based model has some
prerequisites to work, say, database knowledge and MAT-
LAB expertise.

&e developed models can also be used for comparing
different proposed plans of interchanges from safety aspects
and ranking them in the design steps and plan selection
process. In these cases, the lower accuracy of some PSO-
based models compared with the ANN-based models does
not matter.

In general, the proposed models will be valid when the
geometric and traffic characteristics of interchange’s parts
fall within the range of variables’ values used for model
development. Definitely, the more the difference between
the values of these characteristics and the range of men-
tioned variable values, the more the reduction in the validity
of the models. Another conclusion is that the models could
be trained to estimate other traffic parameters such as the
density, delay, and speed of interchange’s parts or other
traffic facilities based on their traffic and geometric
characteristics.

In this paper, it was proposed to use fuzzy logic and the
algorithms of ANN and PSO to estimate the safety level of
different parts of freeway interchanges. But, there will be
a long way to reach a point that these methods become
general and be used in every situation. In this way, we
propose that these methods can be applied in a wider range
of variables’ values and also be used in other segments of the
freeway which include traffic conflicts, merging, or
diverging.

Conflicts of Interest

&e authors declare that they have no conflicts of interest.

References

[1] L. Wang, M. Abdel-Aty, Q. Shi, and J. Park, “Real-time crash
prediction for expressway weaving segments,” Transportation
Research Part C: Emerging Technologies, vol. 61, pp. 1–10, 2015.

[2] J. Zhang, X. Sun, and Y. He, “Safety prediction models of
freeway in plain terrain,” in Proceedings of the International
Consortium of Critical Ieory Programs (ICCTP’10), Beijing,
China, August 2010.

[3] M. Sarhan, Y. Hassan, and A. O. Abd El Halim, “Safety
performance of freeway sections and relation to length of
speed-change lanes,” Canadian Journal of Civil Engineering,
vol. 35, no. 5, pp. 531–541, 2008.

[4] J. Xie, Y. Ma, L. Yuan, P. Zhang, and Y. Liu, “Safety and
capacity performances of single-lane right exit ramp on
freeway: a case study in Jiangsu Province, China,” Procedia
Engineering, vol. 137, pp. 563–570, 2016.

[5] D. Eustace, A. Aylo, and W. Y. Mergia, “Crash frequency
analysis of left-side merging and diverging areas on urban
freeway segments–a case study of I-75 through downtown
Dayton, Ohio,” Transportation Research Part C: Emerging
Technologies, vol. 50, pp. 78–85, 2015.

[6] H. Chen, H. Zhou, J. Zhao, and P. Hsu, “Safety performance
evaluation of left-side off-ramps at freeway diverge areas,”

16 Advances in Civil Engineering



Accident Analysis & Prevention, vol. 43, no. 3, pp. 605–612,
2011.

[7] W. Y. Mergia, D. Eustace, D. Chimba, and M. Qumsiyeh,
“Exploring factors contributing to injury severity at freeway
merging and diverging locations in Ohio,” Accident Analysis
& Prevention, vol. 55, pp. 202–210, 2013.

[8] H. Behbahani, N. Nadimi, and S. S. Naseralavi, “New time-
based surrogate safety measure to assess crash risk in car-
following scenarios,” Transportation Letters, vol. 7, no. 4,
pp. 229–238, 2015.

[9] H. Behbahani and N. Nadimi, “A framework for applying
surrogate safety measures for sideswipe conflicts,” In-
ternational Journal for Traffic & Transport Engineering, vol. 5,
no. 4, pp. 371–383, 2015.

[10] D. Gettman and L. Head, “Surrogate safety measures from
traffic simulation models,” Transportation Research Record:
Journal of the Transportation Research Board, vol. 1840,
pp. 104–115, 2003.

[11] J. Archer, Indicators for Traffic Safety Assessment and Pre-
diction and their Application in Micro-Simulation Modelling:
A Study of Urban and Suburban Intersections, Royal Institute
of Technology, Stockholm, Sweden, 2005.

[12] K. Ozbay, H. Yang, B. Bartin, and S. Mudigonda, “Derivation
and validation of new simulation-based surrogate safety
measure,” Transportation Research Record: Journal of the
Transportation Research Board, vol. 2083, pp. 105–113, 2008.

[13] L.-Y. Chang, “Analysis of freeway accident frequencies:
negative binomial regression versus artificial neural network,”
Safety Science, vol. 43, no. 8, pp. 541–557, 2005.

[14] P. Angeline, “Evolutionary optimization versus particle
swarm optimization: philosophy and performance differ-
ences,” in Evolutionary Programming VII, Springer, Berlin,
Germany, 1998.

[15] J. Kennedy, “&e particle swarm: social adaptation of
knowledge,” in Proceedings of the IEEE International Con-
ference on Evolutionary Computation, Indianapolis, IN, USA,
April 1997.

[16] Y. Shi and R. Eberhart, “A modified particle swarm opti-
mizer,” in Proceedings of the IEEE World Congress on Com-
putational Intelligence Evolutionary Computation Proceedings,
Anchorage, AK, USA, May 1998.

[17] Y. Shi and R. Eberhart, “Parameter selection in particle swarm
optimization,” in Evolutionary Programming VII, Springer,
Berlin, Germany, 1998.

[18] J. Hayward, Near Misses as a Measure of Safety at Urban
Intersections, Department of Civil Engineering, &e Penn-
sylvania State University, University Park, PA, USA, 1971.

[19] K. Vogel, “A comparison of headway and time to collision as
safety indicators,” Accident Analysis and Prevention, vol. 35,
no. 3, pp. 427–433, 2003.

[20] M. M. Minderhoud and P. H. L. Bovy, “Extended time-to-
collisionmeasures for road traffic safety assessment,”Accident
Analysis and Prevention, vol. 33, no. 1, pp. 89–97, 2001.

[21] A. Sobhani,W. Young, D. Logan, and S. Bahrololoom, “A kinetic
energy model of two-vehicle crash injury severity,” Accident
Analysis and Prevention, vol. 43, no. 3, pp. 741–754, 2011.

[22] D. Gettman and L. Head, Surrogate Safety Measures from
Traffic Simulation Models, Federal Highway Administration,
Washington, DC, USA, 2003.

[23] C. Hydén, Ie Development of a Method for Traffic Safety
Evaluation: Ie Swedish Traffic Conflicts Technique, Bulletin
Lund Institute of Technology, Lund, Sweden, 1987.

[24] J. C. Hayward and Pennsylvania Transportation and Traffic
Safety Center, Near Miss Determination through Use of a Scale

of Danger,&e Pennsylvania State University, University Park,
PA, USA, 1972.

[25] D. Gettman, L. Pu, T. Sayed, and S. Shelby, Surrogate Safety
Assessment Model and Validation, Research, Development,
and Technology Turner-Fairbank Highway Research Center,
McLean, VA, USA, 2008.

[26] A. K. Maurya and P. S. Bokare, “Study of deceleration be-
haviour of different vehicle types,” International Journal for
Traffic and Transport Engineering, vol. 2, no. 3, pp. 253–270,
2012.

[27] American Association of State Highway and Transportation
Officials, A Policy on Geometric Design of Highways and
Streets, AASHTO, Washington, DC, USA, 2011.

[28] R.P.Roess,E.S.Prassas, andW.R.McShane,TrafficEngineering,
Pearson Prentice Hall, Upper Saddle River, NJ, USA, 2011.

[29] S. Haykin and R. Lippmann, “Neural networks, a compre-
hensive foundation,” International Journal of Neural Systems,
vol. 5, no. 4, pp. 363-364, 1994.

[30] R. Lippmann, “An introduction to computing with neural
nets,” IEEE Assp Magazine, vol. 4, no. 2, pp. 4–22, 1987.

[31] M. Bilgehan and P. Turgut, “&e use of neural networks in
concrete compressive strength estimation,” Computers &
concrete, vol. 7, no. 3, pp. 271–283, 2010.

[32] M. A. Kewalramani and R. Gupta, “Concrete compressive
strength prediction using ultrasonic pulse velocity through
artificial neural networks,” Automation in Construction,
vol. 15, no. 3, pp. 374–379, 2006.

[33] K. G. Sheela and S. N. Deepa, “Review on methods to fix
number of hidden neurons in neural networks,” Mathe-
matical Problems in Engineering, vol. 2013, pp. 1–11, 2013.

[34] C. G. Looney, “Advances in feedforward neural networks:
demystifying knowledge acquiring black boxes,” IEEE
Transactions on Knowledge and Data Engineering, vol. 8, no. 2,
pp. 211–226, 1996.

[35] K. Swingler, Applying Neural Networks: A Practical Guide,
Morgan Kaufmann Publishers, Burlington, MA, USA, 1996.

[36] N. M. McCord and W. Illingworth, A Practical Guide to
Neural Nets, Addison-Wesley, Boston, MA, USA, 1990.

[37] M. H. Beale, M. T. Hagan, and H. B. Demuth,Neural Network
Toolbox™ User’s Guide, &e MathWorks, Inc., Natick, MA,
USA, 2012.

[38] J. Kennedy and R. C. Eberhart, “Particle swarm optimization,”
in Proceedings of the IEEE International Conference on Neural
Networks, Piscataway, NJ, USA, November–December 1995.

[39] J. Kennedy, Particle Swarm Optimization, in Encyclopedia of
Machine Learning, Springer, Berlin, Germany, 2011.

[40] B. Zhao, C. Guo, and Y. Cao, “A multiagent-based particle
swarm optimization approach for optimal reactive power
dispatch,” IEEE Transactions on Power Systems, vol. 20, no. 2,
pp. 1070–1078, 2005.

[41] C. Spiegelman, E. S. Park, and L. R. Rilett, Transportation
Statistics and Microsimulation, Taylor & Francis, Abingdon,
UK, 2010.

Advances in Civil Engineering 17



International Journal of

Aerospace
Engineering
Hindawi
www.hindawi.com Volume 2018

Robotics
Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

 Active and Passive  
Electronic Components

VLSI Design

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Shock and Vibration

Hindawi
www.hindawi.com Volume 2018

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi
www.hindawi.com

Volume 2018

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2013
Hindawi
www.hindawi.com

The Scientific 
World Journal

Volume 2018

Control Science
and Engineering

Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com

 Journal ofEngineering
Volume 2018

Sensors
Journal of

Hindawi
www.hindawi.com Volume 2018

International Journal of

Rotating
Machinery

Hindawi
www.hindawi.com Volume 2018

Modelling &
Simulation
in Engineering
Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Navigation and 
 Observation

International Journal of

Hindawi

www.hindawi.com Volume 2018

 Advances in 

Multimedia

Submit your manuscripts at
www.hindawi.com

https://www.hindawi.com/journals/ijae/
https://www.hindawi.com/journals/jr/
https://www.hindawi.com/journals/apec/
https://www.hindawi.com/journals/vlsi/
https://www.hindawi.com/journals/sv/
https://www.hindawi.com/journals/ace/
https://www.hindawi.com/journals/aav/
https://www.hindawi.com/journals/jece/
https://www.hindawi.com/journals/aoe/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/jcse/
https://www.hindawi.com/journals/je/
https://www.hindawi.com/journals/js/
https://www.hindawi.com/journals/ijrm/
https://www.hindawi.com/journals/mse/
https://www.hindawi.com/journals/ijce/
https://www.hindawi.com/journals/ijap/
https://www.hindawi.com/journals/ijno/
https://www.hindawi.com/journals/am/
https://www.hindawi.com/
https://www.hindawi.com/

