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Abstract
This paper proposes the Trasfugen method for traffic assignment aimed at solving the user equilibrium problem. To
this end, the method makes use of a genetic algorithm. A fuzzy system is proposed for controlling the mutation and
crossover rates of the genetic algorithm, and the corrective strategy is exploited for handling the equilibrium
problem constraints. In the model, an approximation algorithm is proposed for obtaining the paths between the
origin-destination pairs in the demand matrix. Unlike the traditional deterministic algorithm that has exponential
time complexity, this approximation algorithm has polynomial time complexity and is executed much faster.
Afterward, the Trasfugen method is applied to the urban network of Tehran city and the efficiency is investigated.
Upon comparing the results obtained from the proposed model with those obtained from the conventional traffic
assignment method, namely, the Frank-Wolfe method; it is shown that the proposed algorithm, while acting worse
during the initial iterations, achieves better results in the subsequent iterations. Moreover, it prevents the occurrence
of local optimal points as well as early/premature convergence, thus producing better results than the Frank-Wolfe
algorithm.
Keywords: Traffic assignment, Fuzzy genetic algorithm, Urban network
1. Introduction
Increasing trip demand has led to more research in the field of traffic focused on improving service provisioning
level as well as trip quality. Traffic assignment models provide the engineers and analysts with the opportunity to
predict future traffic conditions in a transportation network, compare different investment projects, and estimate the
effects of traffic management measures. The traffic assignment model can not only evaluate a transportation system,
but also can be used for analyzing the effects resulted from changes in land use and transportation network, or
providing new transportation facilities. The results obtained from traffic assignment are used in many transportation
macro projects and plans. The output of a traffic assignment scheme specifies which paths are used in the roads
network to respond to the relevant trip demand. Ultimately, upon completion of the traffic assignment operation,
the volume (number) of vehicles in each network link (arc) is determined.
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Different models are proposed in the literature for the traffic assignment problem, and different methods have been
put forward for solving them. The most important traffic assignment methods are: All or Nothing [1], Restrained
Capacity, Partial Assignment, User Equilibrium [2], and Systematic Optimization methods. The simplest traffic
assignment and path selection method is the all or nothing method where it is assumed that congestion plays no role
in the network, that all drivers consider similar selection attributes for selecting their routes, and that the
significance of all these attributes is the same to all the drivers. In this method, fixed charges are applied for using
a link (arc), and drivers select similar paths for traveling between the origin and destination nodes. In other words,
all traffic flows between each origin-destination pair is assigned to the shortest path between the two [1]. This
method forms the basis of the most traffic assignment methods. In this method, the major computation load belongs
to finding the shortest path between the respective origin-destination pairs. To this end, a shortest-path algorithm
such as Dijkstra [3] is usually used.
There are different algorithms for solving the traffic assignment problem in the equilibrium state. The majority of
these algorithms have been successfully used for solving actual small scale problems. One of these algorithms,
proposed by Lobelank [4], solves the problem in the fixed demand mode based on the Frank-Wolfe’s convex
combination method,. The convex combination method has been firstly proposed by Frank-Wolfe [5] for solving
mathematical optimization problems with linear constraints. This is a feasible descent method based on which the
objective function is linearly approximated in each iteration, and, subsequently, the obtained linear program is
solved in each iteration to obtain the respective descending direction. The move size is obtained via minimizing the
objective function along the descending path. The efficiency of this algorithm depends on how easy it is to solve
the obtained linear program.
In this paper, we aim to achieve a good approximation of an optimal distribution of cars to alternative routes between
their origin and destination points. Due to the complex co-dependencies, the optimization of individual cars' route
choices with respect to a user equilibrium is very difficult. In this context, we introduce a methodology - termed the
Trasfugen method - to optimize the route assignments in a large-scale road network based on fuzzy genetic
approach. In this method, the fuzzy system is used for controlling the mutation and crossover rates of the genetic
algorithm, and the corrective strategy is exploited for handling the equilibrium problem constraints. Moreover, an
approximate algorithm is used for obtaining the paths between the origin-destination pairs in the demand matrix.
The remainder of this paper organized as follows. The next section describes the related works. Section 3 discusses
the equilibrium traffic assignment problem. A definition of the fuzzy genetic algorithm is given in Section 4. Section
5 describes the Trasfugen method proposed for solving the equilibrium traffic assignment problem. In Section 6,
the Trasfugen method is implemented in the Tehran urban network. A comparison between the Trasfugen and the
Frank-Wolfe results is presented in Section 7 Finally, Section 8 is devoted to conclusion remarks as well as future
research directions.

2. Related works

Preprint submitted to the International Journal of Modeling, Simulation, and Scientific Computing
You can find the published version at https://www.worldscientific.com/doi/abs/10.1142/S1793962318500344

In recent years, much attention has been devoted to meta-heuristic and soft-computing algorithms). These metaheuristics can be regarded as problem-independent approaches and are well suited to solve complex problems that
may be difficult to solve by traditional techniques. Besides, they are capable of producing high-quality solutions
with a reasonable computational effort [6]. In continue, relate works that use these metaheuristics are discussed.
Shafahi and Ramezani [7] endeavored to provide more flexibility for modeling driver characteristics (which
influence their path selection) by introducing fuzzy traffic assignment models. Their results were similar to those
obtained by the user equilibrium method. Their fuzzy model can be used for evaluating traffic management
strategies in real time, but it is computationally impractical in situations where large networks and complicated
simulations are involved.
Friesz et al. [8] present a static multi-target model for optimal design of transportation networks. Their model has a
nonlinear and non-convex structure. They solve their proposed model through the simulated annealing algorithm.
Comparison of the genetic algorithm and annealing simulation solution reveals that, in the latter, the dependency
between the initial and the final solutions cannot be removed, since the algorithm starts from an identical initial
point. This problem is resolved in the genetic algorithm, which offers wider maneuvers in the solution set.
Using the particle swarm optimization (PSO) algorithm, Hongwei et al. [9] solve the user equilibrium traffic
assignment problem and obtain a two-part link function. They apply their proposed method to a network with 12
nodes and 34 links. Besides, Asgharpour and Ibrahimneghad [10] propose a traffic assignment model for networks
based on the genetic algorithm. Their two-level discrete-time mathematical model is capable of modeling traffic
assignment problems, dynamically. In addition, this is a nonlinear planning model mixed with integers and ranked
as a specialized traffic optimization models. To validate their model, they tested it in the center of Karaj, Iran with
a small network.
Varia and Dhingra [11] formulate a system equilibrium dynamic traffic assignment model for an urban network
including a number of traffic lights. They apply the genetic algorithm to minimize trip time within this network and
optimize traffic light timing. They execute their method to solve a small theoretical (not actual) network.
Chromosome length in this method is assumed to be [(the number of origin-destination pairs in the demand matrix)
multiply by (the number of time intervals) multiply by 6], which becomes too large for an actual network and leads
to a huge computation as well as data-intensive program.
Sung and Rakha [12] present a network model as well as a genetic algorithm based on random user equilibrium for
the purpose of simultaneous estimation of trip distribution and traffic assignment. In their proposed algorithm, a
chromosome is defined as a vector of real numbers representing the origin-destination matrix set as well as traffic
link volumes. Besides, Zhang and Chen [13] propose a genetic algorithm for solving the multi-class traffic
assignment problem based on user equilibrium. They apply their algorithm to a network with two nodes and two
links. In this model, each chromosome represents the traffic flow in individual origin-destination paths in all the
classes. Moreover, Cagara et al. [14] present a system equilibrium traffic assignment method based on the genetic
algorithm In their proposed algorithm, each chromosome (encoded as a binary code) represents the selected paths
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for each vehicle. They subsequently test their method by applying it to a 13-node, 23-link network. The main
drawback is the method used for encoding chromosomes, which produces chromosomes that are too large for actual
large scale networks. Finally, Sangen et al. [15] solve the user equilibrium traffic assignment problem via the genetic
algorithm, with chromosome genes representing link volumes. They apply their proposed method to a network with
two nodes and three links, which is also too small comparing to a real network.
To our best knowledge, the avaioable traffic assignment methods that are based on innovative algorithms are
primarily designed for small-scale networks and have not been applied to large actual networks. In addition, they
do not provide any criteria for determining the parameters of the proposed algorithm. The proposed Trasfugen
method addresses this issue through fuzzy logic. In large scale networks, the main challenge is to obtain all existing
routes for each origin-destination pair, which is an NP-hard problem. The main purpose of this paper is to apply the
traffic assignment to an actual large scale network with a reasonable execution time. To this end, a fuzzy genetic
algorithm is proposed, and an approximation algorithm is used for approximating the paths between nodes. The
overall purpose is to improve (compared with other methods) the algorithm execution time as well as the quality of
the obtained solutions.

3. Equilibrium Traffic Assignment
As an integral part of transportation planning, the traffic assignment process estimates the shortcomings of the
existing transportation system by assigning future trips to the current system for the purpose of identifying the
effects of the present transportation system development [16]. The traffic assignment output is defined as the volume
or number of vehicles in each traffic network link. The following inputs are required in the traffic assignment
process [2]:


A graph representation of the urban transportation network



The associated link performance function



An origin-destination matrix

The user equilibrium assignment examines the behavior of users in the network in such a way that no user can
achieve a shorter trip time via changing the routes. The user behavior method was first proposed by Wardrop [17],
who suggested that the trip time required for a vehicle to actually travel certain routes is less than or equal to that
required for the untraveled routes. This is referred to as the Wardrop principle. For the first time, Beckmann et al.
(1996) [18] added certain assumptions to formulate the user equilibrium problem (The first Wardrop principle) as
an optimization problem, which later became the basis for the equilibrium assignment algorithms. Their formula is
given in equation 1.
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𝑋𝑎

𝑀𝑖𝑛 𝑍(𝑋) = ∑ ∫ 𝑡𝑎 (𝑤)𝑑𝑤

(1𝑎)

𝑎∈𝐴 𝑂

𝑆. 𝑡.
∑ 𝑓𝑘𝑟𝑠 = 𝑞𝑟𝑠
𝑘∈𝐾𝑟𝑠
𝑓𝑘𝑟𝑠 ≥

𝑂

∀𝑟, 𝑠 𝑟 ∈ 𝑅, 𝑠 ∈ 𝑆
∀𝑟, 𝑠, 𝑘 𝑟 ∈ 𝑅, 𝑠 ∈ 𝑆, 𝑘 ∈ 𝐾𝑟𝑠

(1𝑏)
(1𝑐)

The definitional constraints
𝑟𝑠
𝑋𝑎 = ∑ ∑ ∑ 𝑓𝑘𝑟𝑠 𝛿𝑎𝑘
𝑟

𝑠

(2)

𝑘

Where,
A is the arc set, R is the set of origin and S is the set of destination nodes
Krs is the set of paths connecting r-s origin-destination pair and kєK is a path between r and s
qrs is the demand between origin r and destination s
ta is the travel time on arc a and frsk is the flow on the kth path between r and s.
 akrs =1 if link a is on the path k between r-s pair

 akrs =0 otherwise
flow on path k connecting O-D pair r-sAnd 𝑋𝑎 is the equilibrium flow on arc a, which is obtained by equation2

4. Fuzzy genetic
Inspired by evolutionary processes, the genetic algorithm (GA) is a member of a family of computational models,
and is used for finding a feasible solution to a particular problem through a chromosome-like data structure.
Applying combined operators to this data structure, the algorithm then attempts to preserve the vital information in
this structure [19]. GA is a simple optimization mechanism based on the selection of the fittest (natural selection).
It finds an optimum point in the search space through iterating random generations that exchange information. The
GA is the first algorithmic model used for simulating gene-based systems.
A fuzzy set provides a tool for processing inexact information. This method was first proposed by Lotfizadeh [20]
over 40 years ago. Unlike a crisp set where the membership function values are limited to 0 and 1, a fuzzy set can
assume any number in the [0 1] interval. The greater this value, the more that member would possess the
characteristic defined in the fuzzy set. A generalized fuzzy set is a crisp set that uses the concept of relative
correctness to model the uncertainties expressed in natural language [6].
Fuzzy genetics is in turn a part of a greater group of combination methods (called soft computation ), which have
been efficiently used for solving optimization problems in different engineering and scientific fields. Fuzzy genetic
algorithms are genetic algorithms with inherent fuzzy parameters (e.g., fitness function, stop condition, rate of the
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algorithm operators such as mutation rate). They have the advantage of tolerating inexactness for the purpose of
saving computational resources. Fuzzy systems are used either as tools for dynamic handling of algorithmic
parameters or in those parts of the algorithm designed based on fuzzy logic principles [21].
5. Trasfugen: The proposed Traffic Assignment Method
This section is devoted to a detailed description of the structure as well as different steps of the proposed TRaffic
ASsignment method based on FUzzy GENetic (Trasfugen).
5.1.

Representation of Chromosomes and Network Information

In the genetic algorithm, at first the relationship between the algorithm and the studied problem, the encoding and
representation of chromosomes (solutions), and the fitness function are described. In the Trasfugen method, each
chromosome represents the flow in all the existing routes attributed to an origin-destination pair in the demand (OD)
matrix. Thus, the k-th gene represents the flow in the k-th path between origin s and destination r, represented as
𝑓𝑘𝑟𝑠 in the Beckman formulation (Equation 1). On the other hand, before encoding the chromosomes, we need to
load and store the studied network information in a proper data structure. To store a network (graph) with n nodes,
we can use an n×n adjacency matrix A. In this matrix, the value of an element is 1 if there is a link between node i
and node j, otherwise, the elements would adopt a value of zero. Krs is the set of paths between origin r and
destination s, saved as a path array where each path is stored as a vector. In the next section, Krs is estimated using
the proposed approximation algorithm for large networks. To save memory space for large networks where the
number of zeros in the adjacency matrix is high, we use the Sparse matrix for representing the network and loading
it. In addition to the adjacency matrix, the OD matrix, and the Krs set, the Trasfugen method uses an array of lists
𝑟𝑠
to implement 𝛿𝑎𝑘
in the Beckman formula. The number of lists is equal to that of the links (arcs). Thus, the i-th list

represents the number of paths crossed by link i.
5.2.

Finding the Paths

The Finding all paths problem is the problem of finding all the possible paths between an origin and a destination
node in a network/graph [22]. This is an NP-hard problem. Different crisp algorithms have been proposed for
solving this problem. However, these algorithms are based on exponential time complexity and can be used only
for graphs with a limited number of nodes. On the other hand, not all the existing origin-destination (OD) paths suit
network users (drivers) and are selected by them. In practice, only the shorter paths are selected. For this reason, an
approximation algorithm can be used to return– instead of all possible simple paths between the nodes – only those
shorter OD paths that are actually selected by drivers. The proposed algorithm pseudo-code is given below:
1
2
3
4
5
6
7

K=0
SP=shortestpath(r,s,'Dijkstra');
add SP to the P set
Multiply the weight of all links of SP by the C constant
K=K+1
while K<MAXITERATION repeat 2 to 5
remove duplicate paths from the P set
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8

Sort the P set

At first, the shortest path between the origin and destination is acquired (SP) by applying the Dijkstra algorithm.
This path is inserted to the path set (P). Afterwards, weight of all arcs of the SP path are multiplied by a C>1 constant
and the shortest path is obtained again by applying the Dijkstra algorithm, and inserted to the SP set. This algorithm
is iterated for a determined times. This algorithm has a polynomial run time and can be applied to large-scale
networks to obtain the required paths in reasonable time. By setting a threshold, we can determine how short the
selected paths can be.
5.3.

Constraint Handling in the Genetic Algorithm

Constraint handling within a feasible space is an important factor in designing the GA. As already mentioned, the
Trasfugen method uses the Beckman user equilibrium formula (Equation 1) to minimize the fuzzy GA. However,
this approach involves the following constraints:
∑ 𝑓𝑘𝑟𝑠 = 𝑞𝑟𝑠

∀𝑟, 𝑠

(3)

𝑘

𝑓𝑘𝑟𝑠 ≥ 𝑂

∀𝑟, 𝑠

(4)

The demand for the OD path of rs (rs entry in the OD matrix) is represented by qrs, and

f krs

is the flow in the k-th

path between the OD path of rs. The latter represents a gene of the chromosome. Therefore, the chromosome genes
or candidate solution variables have linear equality and lower bound constraints. In the Trasfugen method, a
corrective strategy is used for handling these constrainsts where - upon producing the initial population and
applying the genetic operators - the genes are checked for satisfying the constraints. If these constraints are violated,
the gene values are modified until they lie within the bounds defined by the constraints. To correct the lower bound
constraint, after a new chromosome is generated in each step, each gene value is compared with the lower bound
value (zero), being set to zero if its value is less than zero. To correct for the equality constraint, the trip demand
for each OD pair (qrs) is divided by the sum of the genes representing the path flows between r and s. The result of
this division is then multiplied by the respective gene value to produce the modified gene value.
5.4.

Fitness function

This function represents a criterion for comparing feasible solutions. As the purpose of this function is to minimize
the overall trip time for network users, the objective function in the Beckman user equilibrium formula (Equation
5) is used as the fitness function.
𝑋𝑎

𝑀𝑖𝑛 𝑍(𝑋) = ∑ ∫ 𝑡𝑎 (𝑤)𝑑𝑤
𝑎 𝑂

(5)
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, Where ta is the link performance function (trip time-volume) for a given arc a. In the Trasfugen method, the links
performance function used in the American Bureau of Public Roads [23] is applied where a=0.15 and n=4. This
function is given in Equation 6:
X

t = t 0 [1 + α(Q)n ]

(6)

, Where t is trip time in the desired link, t0 is the free-flow trip time (trip time along the link when there is no traffic
flow), X is the flow (vehicles volume) in the desired link, Q is the link capacity, and a and n are constants.
5.5.

Adjusting genetic operators Rate

A challenge faced in GAs is the proper adjustment of mutation and crossover operators rate, which greatly improves
the GA efficiency in terms of accuracy and computation time required for finding a solution. These rates generally
adopt different fixed values for different problems, and are determined empirically. Mutation and crossover rates
affect the exploration and exploitation in the GA. Exploration is defined as the ability of the GA in searching freely
notwithstanding its achievements during the search process. Exploitation is defined as the degree of attention paid
by the GA to its achievements during the search process [6]. The difference between crossover and mutation is that,
in the former, the parent chromosome genes are transferred to the child(ren) with the parent chromosomes generally
selected from among the best chromosomes (via a selection method). As a result, the purpose of crossover is to
produce children with high fitness. The crossover operator enhances exploitation of the GA. Mutation randomly
changes the genes of a chromosome so that different chromosomes can be produced from new chromosomes, thus
increasing population diversity. This operator is used for increasing exploration when the GA is trapped in a local
optimum. Care must be exerted so that good genes would not be destroyed in the mutation process. To this end,
lower probabilities are considered for mutation rate. It is better to change both mutation and crossover rates during
the GA runtime, selecting their respective values in each iteration based on the chromosomes fitness function values.
A fuzzy system can be used for this purpose. In this system, two input variables (UN and FitBest) are used for
regulating the mutation (Pm) and crossover (Pc) rates, as algorithm outputs. Here, UN is the number of iterations
that the best fitness has not been improved, and FitBest is the fitness value obtained for the best chromosome in the
GA.
In the proposed fuzzy system, three linguistic terms are attributed to each input variable: High, Medium, and Low,
representing the low, medium, and high values, respectively. The ZMF membership function, the Gaussian
Combination membership function, and the Sigmoid membership function (SMF) are used to represent the Low,
Medium, and High linguistic variables, respectively.
This system has five fuzzy rules (Fig. 1):

UN

FitBest

Pm

Pc
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Rule 1

High

High

High

Low

Rule 2

Low

Low

Low

Low

Rule 3

Medium

Low

Medium

Medium

Rule 4

Medium

Medium

High

Medium

Rule 5

High

Low

Low

Medium

Fig1. The proposed rule-base of the fuzzy system
The first fuzzy rule states that if the value of the fitness function is far from the optimum, and in a great number of
iterations this value has not been improved, then higher values must be assigned to mutation rate so as to provide
for diversity in the population. The second rule states that if the fitness function value is close to the optimum, and
if this value is improved consistently with each iteration, then low values must be attributed to the mutation and
crossover rates so that good genes can thus be preserved in the chromosomes. The third rule is for the case where
the fitness function, though being close to the optimum, has not been improved in the past several iterations. To
improve the fitness function value in this case, we can use the mean mutation and crossover rates. The fourth fuzzy
rule states that if the mean fitness function value has not shown signs of improvement in the past runs, then higher
mutation rates must be selected to diversify chromosomes. In the meantime, the mean crossover rate can preserve
the GA exploitation. The fifth and final fuzzy rule states that if the fitness function value has remained close to the
optimum for a great many iterations, the GA exploration must be lowered by reducing the mutation rate while the
mean crossover rate value is utilized for greater exploitation.
5.6.

Trasfugen Steps

The Trasfugen method mainly involves the following stages:


Loading network information (Adjacency matrix of the network graph, the OD trip demand matrix, Matrix
of arcs capacity, Matrix of free-flow travel time of arcs)



Obtaining paths for each OD pair with the implementation of the proposed algorithm



Implementing the GA
o

Producing feasible initial population by considering the constraints

o

Evaluating the population with due attention to the proposed fitness function

o

Selection the best chromosomes by the roulette wheel

o

Implementing the proposed fuzzy system for obtaining mutation and crossover rates
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o

Performing the crossover operator for the parent chromosomes

o

Applying the mutation operator to the offspring chromosomes

o

Constraint handling

o

Producing new population

o

Assessing the stop condition

Returning the best chromosome (solution), which shows the flow and volume of each arc.

The flowchart of the Trasfugen algorithm is shown in Fig. 2.

Fig 2. The flowchart of the proposed Trasfugen algorithm
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6. Implementation
To check the efficiency of the proposed method, a case study is conducted on the Tehran Metropolitan Network.
Tehran is Iran’s capital and, with a population of more than 8 million, ranks among the greatest metropolises in the
world. In the comprehensive studies conducted on Tehran transportation traffic and transportation network [24], the
city is divided into 583 traffic zones. In the present street network of Tehran, there are 6106 nodes of which 583 are
centroid and 5523 are normal nodes. These nodes are connected via 14,855 links. The assumed OD trip demand
matrix is devoted to educational trips with 8014 pairs of OD trip demands. The required information for free-flow
trip time as well as links capacities are obtained from the comprehensive studies conducted on Tehran transportation
traffic and transportation network. Table 1 lists the specifications of Tehran Urban network. The Matlab (Version
R2010a) software is used for implementing the proposed method. The developed software is capable of modeling
a complete urban transportation network while considering all fuzzy GA operators. To our best knowledge, previous
research studies have used very small networks as case studies without attempting – due to computational
limitations - to apply their proposed model to an actual and large metropolis such as Tehran with all its details. We
run the software on a typical low-speed computer with 4GB main memory and 2.2 GHz dual-core processor.
Table 1. specifications of Tehran Urban network
The total number of

The number of normal

The number of

The total number of

The number of

Non-zero OD

nodes

nodes

centroids

arcs

active arcs

pairs

6106

5523

583

15279

14855

8014

The following steps have been taken for implementing the Trasfugen method in Tehran’s urban network:
-

Loading network information: to store the Tehran urban graph, a sparse matrix called LinkSparse with 3
columns and 14,855 rows is used. Each row represents a network arc (link), with the first and second
columns representing the node numbers (IDs) of the start and end point of the link, respectively, and the
third column representing the link number (ID) connecting these nodes. As compared with the matrix or
adjacency list methods, the utilized representation method has the advantage of saving memory space as
well as providing quicker access to matrix elements. To save memory space, the OD trip demand matrix
(with 8014 nonzero elements) is stored as a sequential array (so that the order of the elements is preserved).
To save link capacity information and free-flow trip times, array lengths of 14,855 elements (equal to the
number of links) are used.
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-

Obtaining paths for each OD pair: As there are 8014 OD pairs in the OD demand matrix, we could not use
deterministic algorithms for obtaining the required paths due to the fact that this would entail millions of
years of continuous computation on an ordinary PC. Instead, the proposed approximation algorithm returns
the shorter more desirable paths between the nodes. It takes only three seconds to obtain the desired paths
for each OD pair, and the paths for all 8014 OD pairs are obtained in only 24,964 s (6.9345 hours). For
Tehran urban network, 5 paths have been acquired for each OD pair in the demand matrix. Thus, the total
number of paths (the number of chromosome genes in the proposed GA model) amounted to 40,070. These
paths or genes are numbered sequentially in accordance with their respective origin and destination in the
OD array.

-

Implementing the GA
o

Producing feasible initial population: chromosome size (number of genes) is equal to the total
number of the paths (40,070). For the produced population to satisfy the problem constraints, the
initial population is generated via the all or nothing method so that all the demands between an OD
pair could be attributed to one path, with the other four paths adopting zero flows.

o

Evaluating the population: each candidate solution (chromosome) is evaluated with due attention
to the proposed fitness function, which uses the Beckman objective function to determine the total
trip time for network users.

o

Selection: the best solutions are selected as “parent chromosomes” using the Roulette Wheel
method.

o

Implementing the proposed fuzzy system for obtaining mutation and crossover rates: Here, the
values of the UN variable (number of iterations wherein the difference between the best solution
with those of the previous iteration has been less than 10,000) and the FitBest variable (the fitness
of the best solution) have to be normalized over the [0 1] interval. To this end, the MIN-MAX
normalization technique is used, which linearly maps any value to a new value in the [Min Max]
interval. The [0 10] and the[FitFW/2 Fitworst] intervals are considered for UN and FitBest,
respectively. Here, fitworst is the worst fitness value obtained from the first iteration and FitFW is
the fitness value resulted from the Frank-Wolfe algorithm. In each iteration of the GA, the values
of UN and Fitbest are transformed into the [0 1] interval. They are then fed as inputs to the proposed
fuzzy system so that the Pc and Pm (crossover and mutation rates, respectively) could be computed
as the outputs.

o

Crossover: the parent chromosomes are recombined at the Pc crossover rate to produce the child
chromosomes.

o

Mutation: the child chromosomes are mutated at the mutation rate Pm.
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o

Constraint handling: the chromosome genes are checked for satisfying the constraints. If they
violate the relevant user equilibrium formula constraints, they are modified in order to to finally fit
into the feasible space.

o

Producing new population: the new chromosomes are evaluated and compared with those of the
previous generation, and each new chromosome is substituted with its preceding counterpart if it is
better. Thus, a new population is formed.

o

Stop condition: in the implementation of the Trasfugen method for Tehran urban network, we set
the stop condition in terms of the number of iterations (1000 runs).

o

Returning the solutions: the best obtained chromosomes are accepted as the solutions to the traffic
assignment problem. The algorithm returns the paths between each OD pair in the demand matrix.
The total link flows can be obtained from the relevant path flows.

Table 2 lists the parameters used in the Trasfugen method for Tehran urban network.
Table 2. Parameters used in the Trasfugen method for Tehran urban network
Selection

Crossover

Mutation

Iteration

operator

Roulette wheel

Initial

The total number of paths

Population

Arithmetic

Random

1000

1000

The number of paths
between the origin and

(chromosome Length)

destination

40070

5

7. Evaluation
To evaluate the Trasfugen method, we compare its results with those obtained from the Farnk-Wolfe traffic
assignment method. These are obtained through Transcad (Version 4.5). The total trip times is used as the main
parameter for comparison. Obviously, the less the trip time, the better the solution shall be. The Trasfugen method
is run for 20 times and the results are averaged. Table 3 presents the parameters used in the Frank-Wolfe method.
Table 3. parameters used in the Frank-Wolfe method.
beta

alpha

Iteration

convergence

4

0.15

1000

0.0100

In Table 3, the alpha and beta values represent the arc performance function values of the American Bureau of
Roads, and the stop condition is set by the least convergence value. The convergence diagram corresponding to the
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best and mean values of the fitness function in each iteration of the Trasfugen method is shown in Fig. 3. As can be
observed, the best fitness value (i.e., the users trip time for Tehran urban network) has been obtained after 1000
iteration as 25285505.362. The mean fitness value of the chromosomes after the same number of iterations is
25325505.362. Fig. 3 shows how the mean solutions diagram gradually converges towards the best solution.

Fig 3. The convergence diagram corresponding to the best and mean values of the fitness function in the
Trasfugen method
As can be observed in Fig. 3, the best solution (in each iteration of the proposed algorithm) improves as compared
with the previous iteration without the algorithm being trapped into a local optimum. The algorithm does not
undergo premature/early convergence either. The reason for this lies in the way the mutation and crossover rates
have been adjusted in the proposed GA.
These rates are duly modified by the fuzzy system in each iteration. Figs. 4 and 5 show the diagrams obtained for
Pm and Pc variations in each iteration.

Fig 4. Mutation rate variations in each iteration of the Trasfugen method

Preprint submitted to the International Journal of Modeling, Simulation, and Scientific Computing
You can find the published version at https://www.worldscientific.com/doi/abs/10.1142/S1793962318500344

Fig 5. Crossover rate variations in each iteration of the Trasfugen method

As can be observed in these figures, mutation and crossover rates are variable and are modified in accordance with
the fitness function and its variations as compared with the previous iterations. Thus, the algorithm is prevented
from being trapped in the local optimal solution or undergoing early convergence.
From among the conventional traffic assignment methods, the Frank-Wolfe method produces the best results for
the equilibrium traffic assignment issue. As a result, in the Transcad this method returns a better fitness function
value than do the other methods[2]). However, the Trasfugen method provides better values for the fitness function.
Fig. 6 compares the results obtained from the Trasfugen method to those obtained from the Frank-Wolfe method.
45000000
39409703.08

40000000
35000000

Z(x)

30000000

25285505.36

25000000
20000000
15000000
10000000
5000000
0

Trasfugen method

Frank-wolfe method

Fig 6. Comparison of the results of the Trasfugen and the Frank-Wolfe method
Fig. 7 shows the results obtained from the Frank-Wolfe algorithm for each iteration. As can be observed, this
algorithm quickly converges during the initial iterations, whereas in the later iterations, this convergence rate is
negligible.
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Fig 7. Convergence rate of the results of Frank-Wolfe method

Comparison of the results obtained from the Trasfugen method with those obtained from the Frank-Wolfe method,
reveals that the latter acted better than the former during the initial iterations. In later iterations, however, these
results could not be improved due to early convergence. As such, the final results obtained from the Trasfugen
method are better than those obtained from the Frank-Wolfe algorithm.
Ratio of the obtained links' volume to the links' capacity is another criterion for comparing traffic assignment
methods. Obviously, a solution having a greater number of links with the volume-to-capacity ratio of below unity
would be a better method. Fig. 8 compares the number of links in the Trasfugen and Frank-Wolfe methods with a
volume-to-capacity ratio of more than one. Fig. 9 is a comparative diagram representing the links' surplus volumes
obtained in each method.

Fig 8. Number of links with a volume-to-capacity ratio of more than one
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Fig 9. The links' overall surplus volume
As can be observed in Figs. 8 and 9 the Trasfugen method produces better results in terms of links' volume-tocapacity ratio. Therefore, this method not only generates lower trip times, but also prevents congestion/bottlenecks
along the links.
8. Conclusion
In this paper, a GA-based traffic assignment method has been proposed. For handling the mutation and crossover
rates of the GA, a fuzzy system has been proposed. The purpose of this model is to minimize the objective function
in the Beckman users' equilibrium formula or to minimize users trip time in the studied urban network. A corrective
strategy has been implemented for handling the Beckman formula constraints. In the proposed model, an
approximation algorithm has been used for obtaining the paths between OD pairs in the demand matrix. Unlike
crisp exponential-time algorithms, the proposed algorithm has polynomial time complexity. The efficiency of the
proposed model has been evaluated by conducting a case study on Tehran urban network. We have used Transcad
to compare the results obtained from the proposed method with those obtained from the Frank-Wolfe method. The
evaluation results have demonstrated that the Trasfugen method produces better results than the Frank-Wolfe
conventional method.
Although the Trasfugen method has polynomial time complexity, it takes hours to be executed for a large-scale
urban network due to the nature of population-based algorithms such as GA. However, the main part of the method
could be designed as a parallel GA algorithm in which the master computing element maintains the whole
population and performs the mutation and crossover operations. It also partitions the population among other
computing elements to process them and compute the computation-intensive fitness function.

References

Preprint submitted to the International Journal of Modeling, Simulation, and Scientific Computing
You can find the published version at https://www.worldscientific.com/doi/abs/10.1142/S1793962318500344

]1[
]2[
]3[
]4[
]5[
]6[
]7[
]8[

]9[

]10[

]11[
]12[
]13[
]14[

]15[

]16[
]17[
]18[
]19[
]20[
]21[
]22[
]23[
]24[

K. Saw, B. K. Katti, and G. Joshi, "Literature Review of Traffic Assignment: Static and Dynamic,"
Transportation Engineering, vol. 2, pp. 58-70, 2014.
Y. Sheffi, Urban Transportation Networks, 1 ed. Englewood Cliffs: Prentice-Hall, 1985.
E. W .Dijkstra, "A note on two problems in connexion with graphs. ," Numerische Mathematik, vol. 1, pp.
269–271, 1959.
L. J. Leblanc, "Mathematical Programming Algorithms For Large Scale Network Equilibrium And Network
Design Problems," PHD Thesis, Northwestern University, 1973.
F. Wolfe and M. Philip, "An algorithm for quadratic programming," Naval research logistics quarterly,
vol. 3, pp. 95-110, 1956.
A. P. Engelbrecht, Computational intelligence: an introduction., 2 ed. England: John Wiley & Sons, 2007.
Y. Shafahi and H. Ramezani, "Application of fuzzy theory for traffic assignment," in International
Conference On Modeling And Simulation, 2007, pp. 604-608.
T. L. Friesz, G. Anandalingam, N. J. Mehta, K. Nam, S. J. Shah, and R. L. Tobin" ,The multiobjective
equilibrium network design problem revisited: A simulated annealing approach," European Journal of
Operational Research, vol. 65, pp. 44-57, 1993.
G. Hongwei, Z. Qiaoxia, and W. Fan, "Solving Traffic Assignment Problem by an Improved Particle Swarm
Optimization and a Segmented Impedance Function " in Information Technology Convergence, Secure
and Trust Computing, and Data Management, 1 ed Netherlands: Springer, 2012, pp. 79-86.
M. J. Asgharpour and S. Ibrahimneghad, "A Model For The Dynamic Traffic Assignment To Urban
Transportation Network And Solving It By Generalized Reduced Gradient Algorithm And Genetic
Algorithm," Faculty Of Engineering (University Of Tehran) vol. 35, pp. 587-602, 2002.
H. R. Varia and S. L. Dhingra, "Dynamic Optimal Trafﬁc Assignment and Signal Time Optimization Using
Genetic Algorithms," Computer-Aided Civil and Infrastructure Engineering vol. 19, pp. 260-273, 2004.
K. Sung and H. Rakha, "A Genetic Algorithm for Trip Distribution and Traffic Counts in a Stochastic User
Equilibrium," International Journal of Management Science, vol. 15, pp. 51-69, 2009.
G. Zhang and J. Chen, "Solving Multi-class Traffic Assignment Problem with Genetic Algorithm," in
Computational Intelligence and Natural Computing, 2010, pp. 229-232.
D. Cagara, L. C. Bazzan, and B. Scheuermann, "Getting You Faster to Work – A Genetic Algorithm
Approach to the Trafﬁc Assignment Problem," in Genetic and Evolutionary Computation, 2014, pp. 105106.
H. Sangen, X. Lunhui, and Y. Huangyang, "A Method Based On The Genetic Algorithm Of Equilibrium
Traffic Assigment Problem.," in International Conference on Automatic Control and Artificial Intelligence,
2010, pp. 104-107.
M. Patriksson, The traffic assignment problem-models and methods, 1 ed. Sweden: Linkoping Institiue of
Technology, 1994.
J. G. Wardrop, "Some Theoretical Aspects Of Road Traffic Research," in Engineering Divisions, 1952, pp.
325-362.
M. Beckmann, C. B. McGuire, and C. B. Winsten, Studies In The Economics Of Transportation, 1 ed. New
Haven,CT: Yale University Press, 1956.
D. Whitley, "A genetic algorithm tutorial," Statistics and computing, vol. 4, pp. 65-85, 1994.
L. A. Zadeh, "Fuzzy Sets," Information and Control, vol. 8, pp.1965 ,353-338 .
O. Cordón, Genetic fuzzy systems: evolutionary tuning and learning of fuzzy knowledge bases vol. 19:
World Scientific, 2001.
V. Pieterse and P. E. Black. (2008). Dictionary of Algorithms and Data Structures (2 ed.). Available:
http://www.nist.gov/dads/HTML/allSimplePaths.html
Burea Of Public Roads. (1964) Traffic Assignment Manual. Urban Planning Division. US Department Of
Commerce.
"Tehran Comprehensive Traffic and Transportation Plan," in Updating Transportation Demand & Supply
data for Tehran, ed: Tehran Comprehensive Transportation and Traffic Studies Co (TCTTS), 2006, pp. 5657.

Preprint submitted to the International Journal of Modeling, Simulation, and Scientific Computing
You can find the published version at https://www.worldscientific.com/doi/abs/10.1142/S1793962318500344

