University of Kurdistan
Dept. of Electrical and Computer Engineering

Smart/Micro Grid Research Center
smgrc.uok.ac.ir

Adaptive fuzzy urban traffic flow control using a cooperative
multi-agent system based on two stage fuzzy clustering
F. Daneshfar, F. Mansoori, H. Bevrani, B. Z. Azami
Published (to be published) in: IEEE 69th Conf on Vehicular Technology. Barcelona, Spain.
(Expected) publication date: 2009

Citation format for published version:
F. Daneshfar, F. Mansoori, H. Bevrani, B. Z. Azami (2010) Adaptive fuzzy urban traffic flow control
using a cooperative multi-agent system based on two stage fuzzy clustering. IEEE 69th Conf on
Vehicular Technology. Barcelona, Spain.

Copyright policies:
• Download and print one copy of this material for the purpose of private study or research is permitted.
• Permission to further distributing the material for advertising or promotional purposes or use it for any profitmaking activity or commercial gain, must be obtained from the main publisher.
• If you believe that this document breaches copyright please contact us at smgrc@uok.ac.ir providing
details, and we will remove access to the work immediately and investigate your claim.

Copyright © Smart/Micro Grid Research Center, 2017

Adaptive Fuzzy Urban Traffic Flow Control Using a
Cooperative Multi-Agent System based on Two Stage
Fuzzy Clustering
Fatemeh Daneshfar1, Javad RavanJamJah1, Fathollah Mansoori2, Hassan Bevrani1, Bahram Zahir Azami1
1

Department of Electrical and Computer Engineering, University of Kurdistan, Sanandaj, Iran
2
Islamic Azad University of Buin-Zahra, Buin-Zahra, Iran
daneshfar@ieee.org, j.ravanjamjah@ieee.org, fathollah.mansoori@gmail.com, bevrani@ieee.org, zahir@ieee.org
Abstract— The traffic congestion problem in urban areas is
worsening since traditional traffic signal control systems cannot
provide efficient traffic control. Therefore, dynamic traffic signal
control in Intelligent Transportation System (ITS) recently has
received increasing attention. This study devises an adaptive and
cooperative multi-agent fuzzy system for a decentralized traffic
signal control. To achieve this we have worked on a model which
has three levels of control. Every intersection is controlled by its
own traffic situation, correlated intersections recommendations
and a knowledge base which provides its traffic pattern. This
study focused on utilizing the prediction mechanism of our
architecture, it finds most correlated intersections based on a two
stage fuzzy clustering algorithm which finds most intersections
effect on a specific intersection based on clustering membership
degree. We have also developed a NetLogo-based traffic
simulator to serve as the agents’ world. Our approach is tested
with traffic control of a large connected junctions and the result
obtained is promising: The average delay time can be reduced by
42.76% compared to the conventional fixed sequence traffic
signal and 28.77% compared to the vehicle actuated traffic
control strategy.
Keywords- MAS; Intelligent Transportation System; Fuzzy
Control; Fuzzy Clustring; Traffic Light Control,

I.

INTRODUCTION

Traffic congestion is a crucial problem in large cities. It is
partially caused by improper control of traffic lights, which is
not corresponding to the current traffic conditions. To alleviate
traffic congestion in urban areas, the concept of Intelligent
Transportation Systems (ITS) has been widely accepted in
developed countries. ITS is a highly promising system for
providing key solutions to current road congestion problems
[1].
The problem of intelligent traffic control has been studied
in the area of ITS for many years. We will refer to only a few
which are related to our work. The first one is the method of
Vehicle Actuated Signal Control (VA). This method controls
traffic lights by considering the number of cars waiting in the
queue to be serviced by a traffic light. When the current green
light is going to be changed to red, but the sensor can detect
that some cars have come in that range of distance, the duration
of the green light is extended further [2, 3]. Some other

methods are based on gathering traffic information during
different times of day and year to help agents to make decisions
[4, 5]. Using fuzzy control [6, 7], timed Petri Nets [8], SPSA
[9], ant algorithm [10], knowledge based multi-agent system
[11, 12], and a mobile agent [13] have also been suggested.
The domain of traffic signal control is well suited for multiagent based approaches owing to its distributed nature.
Researchers and practitioners have now realized that single
agent system [14], multi-agent systems and distributed artificial
intelligence are attractive because they consider the social
aspects of computer systems, ranging from human computer
interaction over distributed problem solving, to the simulation
of social systems [15].
But recently, multi-agent decentralized strategies for
controlling urban traffic networks have attracted considerable
attention. Roozemond and Rogier [16] proposed a prototype
using agent technology to control traffic signal systems.
Srinvasan and Choy [17] used advanced cooperative behaviors
to improve individual agent’s learning process, Chang-Qing
Cai and Zhao-sheng Yang [18] proposed an architecture
composed of segment agents, crossing agents and section
agents that it can realize an intelligent traffic management by
sharing information. Ferreira et al. [19] also presented a multiagent strategy where its agents optimize a traffic index based
on its local state and sensors, and also on information from
adjacent intersections.
It appears that all these approaches lack a unified model
and use only a fix number of neighbor intersections to predict
traffic flow (the neighborhood area in most of them is limited
with physical distance). Therefore we have proposed a model
with a high abstraction, which considers most correlated
intersections to predict traffic volume. Furthermore, each agent
has the ability to communicate; enabling each agent to
exchange relevant traffic information and cooperative with
other multi-agents through a flexible architecture. The
flexibility of this architecture is achieved through a modular
design. To control the traffic volume in each intersection, we
use three parameters:
1) Intersection Traffic volume (number of stopped cars
behind red light and flow of cars from green light).
2) Correlated intersections traffic volume.
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3) Intersection Traffic pattern.
In this paper we propose a cooperative multi agent
approach and an adaptive fuzzy inference system based on two
stage fuzzy clustering for traffic light control, which efficiently
manages the traffic flow according to its current conditions. In
addition, we have developed an agent-based traffic simulator in
NetLogo [20] that we can easily use to test and evaluate the
performance of our approach.

(NetLogo’s unit) and any turtles (NetLogo’s car) move one
patch in one minute. Therefore, 16 minutes is a good time to
report data without too much redundancy.
NetLogo Traffic Simulator
Traffic Simulator
Green Light
Smart Agent (SA)
NetLogo Progammer API

II.

PROPOSED MODEL

Traffic Simulator
Sensor

A. Overview
This section describes the proposed architecture and its
components. From Fig. 1, the system architecture comprises of
four parts:
•

Smart Agent (or SA; each intersection has an SA)

•

Traffic Simulator Sensor

•

Traffic Simulator Green Light

•

Two Stage fuzzy Clustering

The information flow in this model can be described as
follows: first, the traffic simulator sensor is used to monitor the
traffic volume and forward it to the corresponding SA. Two
stage fuzzy clustering module finds all correlated intersections
with corresponding intersection and their correlated degrees.
Then the corresponding SA communicates and gets traffic flow
of correlated intersection’s SAs and begins to generate an
appropriate traffic signal control strategy for the specific traffic
signal using a fuzzy inference system. The data is processed in
the SA Traffic Observer Module. SA communicates with other
correlated intersections SAs via the Correlation Module.
After gathering all of the necessary information,
Knowledge Base Module generates a pattern related to this
intersection. The generated results are delivered to Real Traffic
Data Preparation Module to prepare the real traffic volume
behind the red light, provide a real traffic flow through green
light of the corresponding intersection, and send the
information to a fuzzy inference engine to set the control
parameters of traffic lights. Traffic Observer, Signal Plans
Interpreter, Correlation Module, Knowledge Base, and Pattern
Module have been written in NetLogo. Real Traffic Data
Preparation Module, Fuzzy Inference engine, and two stage
fuzzy clustering have been implemented with MATLAB.
Components in SA are shown in Fig. 2. Their functions are
briefly summarized below.
B. Traffic Observer
To control the urban traffic, the traffic volume of each
intersection’s sides should be known, first. The NetLogo
programmer API reports raw data about traffic volume for a
specific intersection to the Traffic Observer; then it reports the
count of the cars that are behind the red light and the count of
the cars flowing from the green light of the corresponding
intersection every 16 minutes to the Real Traffic Data
Preparation Module. Whereas in our Netlogo simulator model
the distance between two intersections was 25 patches

Two Stage Fuzzy Clustering

Fig. 1. Overview of the proposed approach.

Traffic Simulator Green Light
Fuzzy Inference Engine

NetLogo Programmer API
Signal Plans Interpreter

Real Traffic Data Preparation Module
Pattern Module

Traffic Observer
Correlation
Module

Knowledge
Base

Traffic Simulator Sensor

NetLogo
Programmer API

Two Stage
Fuzzy Clustering

Fig. 2. Structure of Smart Agent.

C. Traffic Volume Prediction
By using the output of the two stage fuzzy clustering we
determined the most correlated intersections to any specific
intersection by using a two stage fuzzy membership degree
(that show their traffic effects on the specific intersection).
If the two stage fuzzy membership degree of an intersection
in relation to a specific intersection is high, it means that its
traffic effect on the specific intersection is high and vise versa.
D. Knowledge Base
To Control the urban traffic in each intersection, in addition
to the correlated intersection traffic volume, the traffic pattern
of the corresponding intersection is also important. To extract
an intersection traffic pattern, the traffic volume in seven days
of week (in rush and slow hours) should be gathered and be fed
to a learning module [5]. Since in the NetLogo traffic simulator
it is difficult to simulate different week days, with different
traffic conditions (like weekend with rush hours in some
intersections and slow hours in other ones), a simplified
scheme is considered: we put 400 turtles in an area of 81
intersections as the distance between every two intersections is

25 patches and each turtle length is equal to 1 patch. Every 16
minutes we measured the traffic volume in each intersection
and repeated this for 2000 minutes, then calculated the mean
and the standard deviation of traffic flow of each intersection in
one minute. With this information we could approximately
extract the traffic flow pattern of each intersection and create a
knowledge base for it.
E. Fuzzy Inference Engine
Another principle in the model is the algorithm chosen to
provide the control agents with a decision-making capability. A
rule-based approach is suitable if a human expert can describe
the control task as a set of rules. In these cases, fuzzy rulebased inference can be a suitable solution [6].
Traffic in general is controlled by rules, which makes rulebased signal control a plausible choice. A rule-based approach
gives better control related to how the system should behave
[6]. Therefore, this module is a fuzzy rule-based module and it
has two inputs: the traffic flow from the green light and the
stopped cars behind the red light. These two inputs are
prepared through Real Traffic Data Preparation Module. The
output of the inference engine gives control parameters that are
sent to Signal Plans Interpreter Module. We provided fuzzy
sets of this module with use of the mean and the standard
deviation calculated in previous section (See Fig. 3).

because if two close intersections have similar traffic volumes,
means and standard deviations, then their traffic volume
changes are predictable from the traffic volume of the
neighbor.
In the first stage, we clustered intersections by using the
above metrics (four dimensions). But in the second stage we
clustered again by adding the first stage membership degree of
each intersection as a new metric to the previous metrics.
A. Fuzzy C-mean Clustering Algorithm
We use the following notations in our approach:
Equation (1) denotes data that is used in clustering [23]:
zk ∈ ℜn , Z = {zk | k = 1,2,…, N}

zk = [z1k ,…, znk ]T

(1)

Each vector has n elements (N is the number of data
vectors), and the matrix of whole vectors is [23]:
⎡ z11
⎢z
21
Z=⎢
⎢
⎢
⎣ z n1

… z1 N ⎤
… z 2 N ⎥⎥
⎥
⎥
z nN ⎦

z12
z 22
zn2

(2)

In this paper, vector elements are intersection coordinates
(x,y), intersection mean, and standard deviation.
The limitations of fuzzy clustering are [23]-[25]:
µik: The membership degree of each data vector to each
cluster

(a), (b)

μ ik ∈ [0,1]

1 ≤ i ≤ N,

c

∑ μ ik = 1

(3)

1 ≤ k ≤ N,

i =1

N

0 < ∑ μ ik < N

1 ≤ i ≤ c.

k =1

(c)
Fig. 3. Fuzzy sets of fuzzy Inference engine. (a) Input: cars behind green
light, (b) Input: cars behind red light (c) Output: green light extension

III.

TWO STAGE FUZZY CLUSTERING

Data Clustering is one of the most important tools in
intelligent information investigation, which belongs to soft
computing group [21]. It is to put similar data in one class and
different data in different classes [21]. But in real-world, data
has not clear boundaries. As a result we cannot separate them,
completely. In fuzzy clustering, data can belong to more than
one class with different membership degrees; as a result it is
more similar to clustering in real world [22].
Before intersections clustering, we should determined
metrics for it. Distance between intersections is not a sufficient
metric for clustering because sometimes two near intersections
do not impact on each other’s traffic volume. Therefore, we
used intersection positions (x,y), traffic volume mean, and
standard deviation in each intersection together as metrics for
fuzzy clustering [26]. These three factors create better result

c
N
⎧
⎫
M fc = ⎨U ∈ ℜ c× N | μ ik ∈ [0,1], ∀i, k ; ∑ μ ik = 1, ∀k ;0 < ∑ μ ik < N , ∀i ⎬
i =1
k =1
⎩
⎭

Where matrix U contains membership degrees of all
elements to all clusters.
The main goal of clustering is to minimize a cost function.
In this approach we use (4), as a cost function [23, 24]:
c

N

2
J (Z ; U , V ) = ∑∑ (μ ik ) DikA
m

,

2
DikA
= z k − vi

2
A

= (z k − vi ) A( zk − vi )
T

i =1 k =1

(4)
that
⎡(1 δ1 )2
⎢
0
A=⎢
⎢
⎢
⎣⎢ 0

⎤
⎥
⎥
⎥
2⎥
… (1 δ n ) ⎦⎥

0

…

0

(1 δ 2 )2

…

0

0

(5)

V: Cluster center vectors and δi: is the variance of the ith
cluster.

Finally the following C-mean algorithm is iteratively used to
find the intersection fuzzy clusters:

c clusters and found the best c clusters number using Equation
(9) (in the proposed approach c is 12).

1) Find the distance between vectors and each cluster
center using (6).

Whereas the C-mean fuzzy clustering algorithm calculates
the data membership degrees to the cluster centers. Therefore if
two data have equal membership degrees, it does not mean
they are correlated, rather it means they have equal distance to
the center of the cluster (see Fig. 4). Therefore, the membership
degree of this stage cannot precisely determine the data
correlations, therefore, at the second stage we clustered each
above cluster again in the following manner to find correlated
data:

(

D 2jkA = z k − vi(l )

) A(z
T

k

− vi(l )

)

1 ≤ i ≤ c, 1 ≤ k ≤ N .

(6)

2) Find membership degree of each element by (7).
for 1 ≤ k ≤ N
DikA > 0

if

1

(l )

μ jk =

(7)

for all i = 1,2, … , c

⎛ DikA
⎞
⎜
∑
D jkA ⎟⎠
j =1 ⎝
c

2

( m −1)

1) For each cluster we selected the intersection that had
the most membership degree to it.
2) We added membership degree to each intersection's
data vector as a new dimension.
3) We clustered each cluster again with the new data.

,

otherwise

μ ik(l ) = 0 if DikA > 0 and μ ik(l ) ∈ [0,1] with

c

∑ μ ( ) = 1.
l
ik

Equation (10) shows the second stage of the sub cluster’s
number for each c cluster.

i =1

3) Find cluster centers by (8) again.
N

v (jl ) =

∑ (μ ( ) )

m

l −1
jk

k =1
N

zk

∑ (μ ( ) )
l −1
jk

else
c i 2 = ⎣n i 2 ⎦

k =1

4) Repeat all above steps until U (l ) − U (l −1) > ε

Ci2: The sub cluster number of cluster i in the second stage.

Clusters obtained from this algorithm have oval or circular
shapes [23].
In C-mean clustering algorithm, we must determine the
number of clusters before clustering [23]. Natural data cluster’s
number is the best candidate for the cluster’s number, but it is
difficult to find it. Therefore, we define criterion (9) to evaluate
the clustering that are done with specific number of clusters
[23].
c

χ (Z ; U , V ) =

N

∑ ∑ μ ikm z k − vi
i =1 k =1

(10)

c i 2 = ⎣n i 4 ⎦

(8)

1 ≤ i ≤ c.

m

for 1 ≤ i ≤ c
if n i > 4

(

c. min v i − v j

2

Ki: The set of all vectors which their maximum membership
degree belongs to cluster i.
ni: The number of Ki members.
We found Equation (10) by using Equation (9),
experimentally. We wrote another application that used the
above results to calculate the correlation between the two
intersections’ traffic as in Equation (11).
if x ∈ K i , y ∉ K i

2

)

(11)

λ =0

(9)
else

The best cluster number has the least χ value; therefore, we
did clustering with different cluster numbers and selected the
cluster number with the minimum χ value.

λ =1− μx − μx

x, y: two intersections.

λ: the correlation between intersections.
C

µx, µy: x, y membership degrees

A
B

Fig. 4. Intersections B, C have the same membership degrees. A, B have
not equal membership degrees, but they have more near correlated data rather
than B and C.

B. Two Stage Fuzzy Clustering Algorithm
At the first stage of fuzzy clustering, we divided
intersection coordinates, mean and standard deviation values to

Whereas we want to calculate the correlation of x in
relation to y; therefore, we found a sub cluster that has the most
membership degree of y and determines the x membership
degree to it, then subtract them to calculate the correlation.
IV.

EXPERIMENTATION

We performed some experiments using the Knowledge
Base section assumptions in order to compare our approach
with other works. The experiment aimed at determining the
simulated average delay time of a specific urban traffic

network and achieved by the proposed architecture, when
compared to the conventional fixed sequence and VA signal
control strategy. In the present definition, average delay time is
the average of all cars waiting times in front of all traffic lights
in a specific traffic network.
Further investigations shows our approach reduced average
delay time by 42.76% compared to the fixed sequence traffic
signal and 28.77% compared to the VA control strategy (see
Fig. 5).
Fixed Time

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

VA
Proposed Approach

[8]

[9]

[10]
[11]
[12]
Fig. 5. Average delay time comparison of fix sequence, VA traffic signal
control strategy and our approach.

V.

CONCLUSIONS

We have presented a multi-agent approach for
decentralized fuzzy traffic signal control which efficiently
manages the traffic according to the current traffic condition,
correlated intersections traffic condition, and pattern traffic
conditions. It predicts traffic flow in each intersection by
considering most correlated intersections as neighbors and
implies their traffic volume by the correlation degree which is
extracted from a two stage fuzzy clustering. Our model also
enhances flexibility and extensibility owing to its modular
design. Modular design means that the module within the
architecture can be substituted using better and newer modules
when necessary. A decentralized control strategy achieves
improved scalability by adopting a multi-agent system, since
each agent oversees the local optimization problem and no
master controller is required. Thus, adding new intersections to
the network only increases the computational loading on fuzzy
clustering stage. Also agent fuzzy decision-making capability
can be used to achieve a balance between efficiency, safety,
and environmental objectives in traffic control.
The simulation results demonstrate that the model
outperformed the conventional fixed sequence and VA traffic
signal control strategy.
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