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 It is quite difficult to improve the performance of urban traffic light control systems 
efficiently by using traditional methods of modeling and control because of time-
variability, non-linearity, fuzziness and non-determinacy in the systems. It becomes the 
research hotspot in this area to apply artificial intelligence methods to urban traffic light 
control systems. This paper is based on the idea that each signal (agent) should learn 
not only to acquire its control plans individually via reinforcement learning but also to 
cooperate with each other through Particle Swarm Optimization (PSO). These two 
objectives learning for the agents are combined to gain consequently a method to get a 
global optimal. The proposed method in this paper corresponds with these two 
objectives for localized reinforcement learning and global combinatorial optimization. 
Therefore, it achieves cooperation in long term without bothering autonomy. The 
outline of the idea is as follows: each agent performs reinforcement learning and reports 
its cumulative performance evaluation, and the PSO is simultaneously carried out to 
find appropriate parameters for learning in long term that maximizes total profit of the 
signals (agents). 
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INTRODUCTION 

 
 The problem of urban traffic is becoming more and more serious, and many people are trying hard to solve 
it. So many area coordinated traffic control systems based on computers are developed one after the other. 
 In the field of Traffic Planning, one important and still difficult problem is the optimization of the traffic 
light control for an area so that the total traffic volume should be maximized (Khisty and Lall 1990). The 
fundamental principle of urban traffic control is to respond to dynamic changes of the traffic demand. In other 
words, it is to reduce total traffic delay by adjusting parameters such as cycle, splits, phase sequences and offsets 
according to changes of the traffic volume. 
 This problem can be regarded as a large and a multi-agent type real-time planning problem with no explicit 
model given. The framework contains the following difficult tradeoff between cooperation and autonomy of 
planning agents: If each signal determines its phases (green, yellow, or red) from only its local traffic flow 
sensor, traffic congestion may easily occur over the whole area because the improvement of the local traffic 
flow is not directing to cooperate with the other signals. In contrast, if each signal simultaneously communicates 
with others and controls its phases according to the change of global traffic flow, the total volume of the area is 
well optimized. However, in traffic control problems, such as frequent communication and a large-scale real-
time planning is not available because the number of the signals is usually very big. More importantly, there is 
no good prediction model for traffic flow that the controllers should be referred to perform conventional 
adaptive control methods. 
 Thus, what we need is the self-adaptive signal controller that optimizes global objective functions in real-
time. Today's traffic control methods, such as SCOOT (Bretherton and Bowen 1990) and SCATS (Luk, Sims 
and Lowrie 1982) systems are based on the real-time modification of control parameters for local agents, and 
they are categorized as supervised control. There is no such distributed control method that acquires optimal 
signal control over the group of the signals. 
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 Artificial intelligent and the machine learning methods are applied widely in improving the existing traffic 
lights control (S. Araghi, et al. 2013). For example, artificial neural network (Oliveira and Almeida Neto 2013), 
(Xia and L. Shi 2012), (Yang and Dai 2013) is one of them that have been the most widely studied and applied 
to traffic lights control. Artificial neural network is a supervised machine-learning algorithm that for learning 
purposes requires a large number of examples, consisting of sets of inputs and associated outcomes. In that case, 
we use Q-learning, which is unsupervised; the outcome is learned through dynamic trial-and-error exploration of 
environment. Another machine learning method is Fuzzy Logic, which can represent fuzzy and qualitative 
knowledge, so it can imitate human to reason. Most researchers have used Fuzzy Logic to control an isolated 
intersection (Jianmin, Ning and Hongbin 2000) (Bi, et al. 2013). To use Fuzzy Logic to control and coordinate 
multi intersection is not useful, since it complicates the system a lot, and it is mostly useful to control an isolated 
intersection (Lu, Zhang and Xie 2011). But in this paper, we control many intersections together. This paper 
tries to realize this feature by letting each signal learn through Reinforcement Learning (Sutton and Barto 1998) 
and acquire long-term cooperation through the combinatorial search by PSO (Kennedy and Eberhart 2001), 
(Iima and kuroe 2008). In ordinary reinforcement learning algorithms, a single agent learns to achieve a goal 
through many episodes. If a learning problem is complicated, it may take much computation time to acquire the 
optimal policy. Meanwhile, for optimization problems, multi-agent search methods such as PSO have been 
recognized that they are able to find rapidly the global optimal solution for multi-modal functions with wide 
solution space. 
 The multiple agents learn concurrently with two learning strategies: individual learning and learning 
through exchanging information. In the individual learning, each agent learns individually by using a usual 
reinforcement learning algorithm. Any existing reinforcement learning algorithm can be used for individual 
learning. We use Q-learning (Watkins and Dayan 1992) which is one of the typical reinforcement learning 
algorithms. In the learning through exchanging the information, each agent updates its own Q-values by 
referring the Q-values which are evaluated to be more useful and superior to those of the other agents for finding 
rapidly the optimal Q-values by using PSO algorithm. 
 Existing approaches for traffic control can be grouped into three categories. First, fixed time control 
strategies are calculated off-line, based on historical data. Second, traffic responsive strategies are real-time, 
calculating their policies from car counts determined from inductive-loop detectors. SCATS is one such system 
in use around the world. Third generation methods employ sophisticated dynamic traffic models and try to find 
optimal durations for all phases given a fixed phase scheme, e.g. by dynamic programming (Papageorgiou 
1999). In (S. Araghi, et al. 2013) Q-learning is applied for traffic light control to minimize delay, but it is used 
for controlling an isolated intersection. Reinforcement learning has also been applied (Wiering 2000), but in a 
way that uses a value function for each car, which is impractical in today’s world. Common to most approaches 
is that they deal with the insufficient state information by maintaining a model of the traffic situation, derived 
from available sensor counts. We focus on four different algorithms: fixed time control, fuzzy logic control, the 
Q-learning algorithm, and a swarm Q-learning approach for comparison. 
 This paper is organized as follows: Section 1 and 2 introduce Reinforcement Learning and a short 
introduction to Particle Swarm Optimization; Section 3 describes the learning to traffic light control; section 4 
describes implementation and results, and finally; conclusions and future works are provided in section 5. 
 
Reinforcement Learning: 
 Reinforcement Learning has inspired from the psychology of animal learning. Formally defined, 
reinforcement learning is the learning of how to map a situation to an operation with the main objective to 
maximize the scalar reward or reinforcement sign. The basic idea is that of awarding the learner (agent) for right 
actions, and penalizing incorrect deeds. Purely, reinforcement learning is an activity of trial-and-error, combined 
with learning. The agent decides on actions based on the current environmental state, and via feedback in results 
of the promising actions, learns which action or sequence of actions is best related with which state. The agent 
learns from interaction with the environment. One of the reinforcement learning techniques that we use in this 
study is Q-learning (Watkins and Dayan 1992) that works by learning an action-value function which specifies 
the goal on the long run. The value function is used to predict future reward, and is used to indicate what is good 
on the long run. The strong point of Q-learning is that it gains the optimal policy without a model of the 
environment. Instead, relationships between states, actions, and rewards are learned through dynamic interaction 
with the environment (Sutton and Barto 1998). Q-learning is an unsupervised learning method, the outcome 
associated with doing a specific action in each state and learning is gained by the use of dynamic trial-and-error 
exploration of alternative actions and observation of the relative outcomes. This method is better than learning 
with a large set of training examples. 
 In Q-learning, the task is to learn the expected discounted reinforcement values, , of taking action  
in state , then continuing by always choosing actions optimally. By searching the problem space, the agents 
build a table of Q-values for each environment state and each possible action. Excluding when making an 
exploratory move, the agents takes the action with the highest Q-value. The Q-learning rule is given in (1). 
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        (1) 
 The agent decides on an action  based on the current state  of the environment. New state  will be 
produced when the action was performed, and the agent is given the reward . The maximum Q-value for state  
and  is selected by . The future reward values is controlled by the discount factor, . The lower value 
of the discount value leads to immediate rewards be optimized; however higher values cause the learning 
algorithm to more strongly count future rewards. The learning rate parameter, , restricts the speed of learning 
occurrence. In the Q-learning algorithm, it controls how quickly the Q-values can modify with each state/action 
change. Learning will happen very slowly in result of too small value of learning rate for an instance task, while 
the higher values result in the algorithm might not converge, i.e., Q-values might not stabilize near values that 
represent an optimal policy. 
 
Particle Swarm Optimization: 
 The particle swarm optimization (PSO) algorithm is a population-based search algorithm based on the 
simulation of the social behavior of birds within a flock. It starts with a population of random solutions, called 
particles. In simple term, each particle flies around in the multi-dimensional search space with a velocity, where 
the position of each particle is adjusted according to its own experience and that of its neighbors. Since PSO is 
first introduced by (Kennedy and Eberhart 1995), it has been successfully applied to optimize various 
continuous nonlinear functions. 
 The social sharing of information through particles of a population is one of the most important factors that 
encourage us to use it in this work. In PSO algorithm, search is behaved by using a population of particles, 
corresponding to individuals as in the case of evolutionary algorithms. Unlike GA, there is no natural evolution 
operator which is used to produce children for the next generation. Instead, A PSO algorithm maintains a swarm 
of particles which exchange information between themselves, where each particle represents a potential 
solution. In analogy with evolutionary computation paradigms, a swarm is similar to a population, while a 
particle is similar to an individual. Each particle adjusts its own position with regards to its best previous 
position, and regarding the best previous position obtained in the swarm. Memorizing its best own position 
establishes the particle’s experience implying a local search along with global search emerging from the 
neighboring experience or the experience of the whole swarm. Originally, two PSO algorithms have been 
developed which differ in the size of their neighborhoods, one with a global neighborhood, and other one with a 
local neighborhood. Each particle advances to its best previous position and meanwhile obeys the best particle 
movement in its neighborhood. (Kennedy and Eberhart 2001). 
 
A. PSO ALGORITHM: 
 In the basic PSO technique, the search space is supposed to be d-dimensional: 
• Each member is called particle, and each particle (i-th particle) is represented by d-dimensional vector and 
described as Xi = [x i1, xi2, …,xid] . 
• The set of n particle in the swarm are called population and described as pop = [X1, X2, …,Xn]. 
• The best previous position for each particle (the position giving the best fitness value) is called particle best 
and described as PBi = [pbi1, pbi2, …,pbid] . 
• The best position among all of the particle best position achieved so far is called global best and described as 
GB=[gb1, gb2, …, gbd ] . 
• The rate of position change for each particle is called the particle velocity and described as Vi=[ v i1, vi2, …, 
vid,] . 
• At iteration k, the velocity for d-dimension of i-particle is updated by (2). 

        (2) 
 Where i= 1, 2, ..., n and n is the size of population, w is the inertia weight that is introduced to balance 
between the global and local search abilities. The large inertia weight facilitates global search while the small 
inertia weight facilitates local search (Shi and Eberhart 1998), c1 and c2 are the acceleration constants, and r1 and 
r2 are two random values in range [0,1]. 
• The i-particle position is updated by (3). 
 

       (3) 
 
Learning for Traffic light control: 
 To achieve rapid optimization against sudden change of traffic flow around an intersection, we associate an 
agent to each of the signals and let the agent learn to optimize its local traffic flow by observing local traffic 
sensors. It decides whether to transit its phase or not at every unit time step by using Q-learning algorithm. 
States in Q-learning correspond with number of cars in intersection. For each street, after counting number of 
cars, each intersection perceives a state such as table 1. Q-learning in traffic light control has two actions: 
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including changing traffic light to green or red. Q-table in Q-learning must include all states in two directions 
such as south-north and east-west. Q-table for each intersection that is shown in Fig.1 has 16 elements, and each 
element is corresponding to a state in two directions such as south-north and east-west, and each state has two 
members as two possible actions in Q-learning algorithm. 
 
                                                     Table 1: States in Q-learning. 

Number of cars  state  
0-3  1  
4-6  2  
7-9  3  

10-12  4  

 

 
 

Fig. 1: Structure of Q-table for each intersection. 
 
 The Q-values of each agent at the end of each episode are evaluated. Since the objective of reinforcement 
learning is to maximize the return, it seems to be most suitable to evaluate the Q-values by directly calculating 
the return. Therefore, for optimal traffic light control we must define a function to calculate return. We define 
the evaluated value E for the Q-values at the end of each episode such as (4). 
 _ _

_ _

Vehicle Pass Green
E

Vehicle Wait Red
=           (4) 

 That  indicates number of cars in streets with green light and  
indicates number of cars is waited behind red light. Our purpose is creating balance between these two values, 
and finally getting an optimal policy that reduce number of cars from intersection, so that it caused minimize car 
waiting time on an intersection. The ideal situation is when the value of  convergence to 1, that is the number 
of cars in streets with green light and red light become equal. To get this purpose we must assign optimal time to 
each phase. If  then the optimal policy is gained when the traffic light does not change. Because in this 
situation the number of cars in street with green light is more than the number of cars waiting behind red light. If 

 then traffic light must be changed. In Q-learning after each action, we must assign a reward to that agent. 
For calculating this reward, we count the number of cars of all streets in intersection (streets with red light and 
green light). Then calculate evaluated value for each intersection. After calculating value , we use equation 
(5) to receive reward of action. 

       (5) 
 In the equation (5) for calculating reward, if , and traffic light changed, then agent receive value  as 
reward, and if traffic light didn’t change then agent receive value  as reward. Also if , and traffic light 
changed then agent receive value  as reward, and otherwise agent receive value  as reward. After we 
calculated reward, then by using Q-learning algorithm update Q-values of each agent (intersection). The larger 
the evaluated value is, the better the Q-values are. 
 
Individual learning: 
 In proposed method, optimal policy of each agent (intersection) is individually learned by using Q-learning. 
Therefore, we must calculate value  for the Q-values at the end of each episode. 

: State-action value of agent  for action  in state . 

: Number of episodes for which Q-learning is performed in the inner loop. 

: Number of agents. 

: Total number of episodes. 
Step 1)  Set the initial values of Qi(s, a)(∀i, s, a), and set t← 0. 
Step 2)  Update Qi(s, a) by using Q-learning for Y episodes for each agent i. calculate the evaluated value for Q-
values by equation (5), for every agent and every episode. 
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Step 3)  Update Qi(s, a) by the interaction among the agents based on the evaluation result in step 2. This 
update procedure will be described in next subsection. 
Step 4)  Set t ← t + IY. If t ≥ T, terminate this algorithm. Otherwise, return to step 2. 
 
Learning through communication among agents: 
 In previous section, each intersection individually learned its optimal policy by using Q-learning. As we 
know convergence to optimal policy in Q-learning is slow, and also some of the optimal states may not be 
explored. Therefore, we used PSO to increase convergence to optimal policy and also share information among 
agents (intersections). Because some intersections may visit different traffic conditions to update its Q-values, 
and then interchange those Q-values with other intersections that didn’t visit those traffic conditions. Such 
communication among agents caused all agents to update their Q-values aims to reduce the total delay time of 
waiting vehicles as well as providing drivers with convenience.  
 For intersection cooperation, it is assumed that a controller can communicate with its neighbors and get 
information on their state through communication lines. For this purpose, the Q-values of all the agents 
(intersections) are updated through interaction among the agents according to the evaluation result for the Q-
values. Therefore, we call the reinforcement learning algorithms using the strategy PSO. 
 Multi-agent search methods are often used for finding a global optimal solution in optimization. Thus, an 
optimal policy could be also obtained rapidly by applying an update procedure used in the multi-agent search 
methods. In this paper, PSO is used as one of them. It originates in social behavior, and each agent updates its 
candidate solution by utilizing its personal best and the global best as follow. Average waiting time of cars for a 
determinate time is measured to calculate fitness function in PSO algorithm. 
Vi(s, a): difference of Qi(s, a) before and after its update. 
Pi(s, a): best state-action value for action a in state s found by agent i so far. 
G(s, a): best state-action value for action a in state s found by all agents so far. 
Ei: evaluated value for Pi (s, a). 
EG: evaluated value for G(s, a). 
W, C1, C2: weight parameters. 
R1, R2: uniform random numbers in the range from 0 to1. 
I:  Number of agents 
 
Step 1)  Set the initial values of Qi(s, a) and Vi(s, a) (∀i, s, a), and set t ← 0, Ei ← -∞ (∀i), and EG ← -∞. 
Step 2)  Perform the following procedure. 

Step 2-1)  Set i* ← 1. 
Step 2-2)  Set y ← 1. 
Step 2-3)  Update Qi*  (s, a) by performing Q-learning for one episode for agent i*. 
Step 2-4)  Calculate the evaluated value E for Qi* (s, a) by equation (5). 
Step 2-5)  If  E >Ei* , set Pi* (s, a)←Qi* (s, a)(∀ s, a) and Ei*  ← E. 
Step 2-6)  If  E > EG, set G(s, a)←Qi*  (s, a) (∀ s, a) and EG

← E. 
Step 2-7)  If  y < Y, set y← y + 1 and return to Step 2-3. 
Step 2-8)  If i* = I , go to Step 3. Otherwise, set i* ← i* +1 and return to Step 2-2. 

Step 3)  Update Vi(s, a) and Qi(s, a)(∀i, s, a) by (6) and (7). 
  
              (6) 
                    (7) 
Step 4)  Set t ← t + IY. If t ≥T, terminate this algorithm. Otherwise, return to step 2. 
 Where Vi (s, a) is a so-called velocity, C1 and C2 are weight parameters, and R1 and R2 are uniform random 
numbers in the range from 0 to 1; W is corresponding to lane width that it ends in intersection. This parameter 
normalizes between 0 and 1, for lane with large width, W is nearest to 1. 
 In the model above first each intersection learn its optimal policy by using Q-learning independent of other 
intersections for determinate episodes, then Q-values of each intersection are sent to the PSO algorithm as a 
particle. Numbers of particles in PSO correspond with numbers of intersections. Dimensions of particle equal to 
the number of state Q-learning multiple numbers of its action.  
 The general structure of a swarm Q-learning traffic light control system is illustrated in Fig. 2. There are 
two electromagnetic sensors placed on the road for each lane that count the number of cars coming to the 
intersection. This is in contrast to conventional control systems, which place a proximity sensor at the front of 
each traffic light and can only sense the presence of a car waiting at the intersection, not the number of cars 
waiting at the traffic. 



114                                                                 Vahid Chegeni et al, 2015 
Advances in Natural and Applied Sciences, 9(7) June 2015, Pages: 109-117 

 
 

Fig. 2: A general structure of the swarm Q-learning traffic light Control system. 
 
Implementation and Results: 
 We associated an agent with each of the intersections. For exchange of information and communication 
among multiple agents, we used PSO approach. Each agent updates Q-values using its best Q-value and global 
Q-value obtained by all agents as equation (6) and equation (7). The average delay and the number of stops per 
unit of time are considered vital in the evaluation of the traffic light timing plan. Therefore, Inductive loops for 
car detection are installed on stop-lines and upstream-lines, which are called front detector and rear detector 
respectively. The distance between front loop detector and rear detector in the same lane is about 80-100 meters. 
The inductive loops provide cars’ information and number of cars waiting in the lanes. Traffic Light is 
controlled by two phases; Green phase and Red phase. In Green phase cars on horizontal lane can pass from 
intersection and cars on vertical lane must stop and when phase is Red, then cars movement inverse. In each 
episode after a determinate time (for example 20 time step) determines the intersection phase, then after ending 
each phase, we assign a reward according to equation (5), so that it caused learning convergences to reduce 
vehicle queue lengths and minimize vehicle waiting time on an intersection. 
 We simulate our proposed method with NetLogo that is a programmable modeling environment for 
simulating natural and social phenomena, and also is particularly well suited for modeling complex systems 
developing over time. To ensure the convergence of the proposed method, some experiments were carried out 
by using this simulated traffic environment. 
 Fig. 3 shows results obtained from runs of 50000 time steps with the proposed method for an environment, 
including 25 intersections, with movement direction of cars is north to south and west to east. There are 230 cars 
in this environment. As it is shown in Fig. 3, the first simulation performance is not very efficient, but after 
learning and updating Q-values, average waiting times of cars and percentage of stopped cars reduce, and 
average speeds of cars increase, finally system gets optimal policy to control traffic light. This simulation with 
same parameters is done for fuzzy logic and fixed time controller. Results are shown in Fig. 4 and table 2. 
Results indicate that performance of swarm Q-learning is more efficient than other methods. 
 

  
(a)       (b) 
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(c) 

 
Fig. 3: Results of swarm Q-learning obtained from 50000 time steps. (a) Average waiting times. (b) Percentage  

of stopped cars. (c) Average speeds of cars. 
 

 
(a)         (b)  

 
(c) 

 
Fig. 4: Results of Average waiting times obtained from 50000 time steps. (a)Swarm Q-learning. (b) Fuzzy  

Logic. (c) Fixed time controller. 
 
Table 2: Results of simulation for Swarm Q-learning, Fuzzy logic and fixed time controller. 

Controller 
Criterion 

Swarm Q-learning Fuzzy Logic Fixed time controller 

Average waiting times 2.323 10.28 37.045 
Percentage of stopped cars 39.7347 60.8347 76.8521 

Average speeds of cars 0.2861 0.2123 0.0882 

 
 Simulations also were performed to obtain average statistics on the performance of the different control 
methods such as ordinary Q-learning, Fuzzy logic and fixed cycle controller then compare these methods with 
swarm Q-learning. These were namely speed, percentage of stopped cars, and waiting time. The results shown 
in Fig. 5 were obtained from runs of 1000 time steps. For each method, one run was made varying the number 
of cars from 20 to 1000, in steps of 20 (51 runs in total). We can see that the swarm Q-learning is very efficient 
for different traffic conditions. 
 The analysis indicates that the average waiting time of vehicles of proposed method is 10-14% smaller than 
that of the ordinary Q-learning method. It is worthy noting that the proposed method has a better performance in 
it utilization and it could be assumed that the new method shall play a light role in alleviating traffic congestion. 
However it is recommended that a further study be carried out on this issue. 
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(a)  (b) 

 
(c) 

 
Fig. 5: Results for standard methods. (a) Average waiting times. (b) Percentage of stopped cars. (c) Average  

speeds of cars. 
 
Conclusion and future work: 
 The method combines reinforcement learning of a local agent with global optimization by PSO. It was 
shown that the application of the method to traffic light problems yielded good results especially for crowded 
traffic environment. 
 Since we made the controller of an intersection an active component, it can be applied to any situations 
independent of the number of intersections or the relative positions of intersections. The performance of the 
algorithm is proven to improve the intersection capacity by reducing the waiting time of vehicles. 
 This paper used Q-learning algorithm to get optimal policy. Using other reinforcement learning such as 
Sarsa and TD (λ) may get efficient results. 
 The proposed Swarm Q-learning is used to control traffic light, also it could be used to control assign traffic 
in dynamic environments. 
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