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Abstract—In urban areas, the efficiency of traffic flows largely 
depends on signal operation and expansion of the existing 
signal infrastructure is not feasible due to spatial, economic 
and environmental constraints. In this paper, we address the 
problem of congestion around the road intersections. We 
developed our traffic simulator to optimally simulate various 
traffic scenarios, closely related to real-world traffic situations. 
We contend that adaptive real-time traffic optimization is the 
key to improving existing infrastructure's effectiveness by 
enabling the traffic control system to learn, adapt and evolve 
according to the environment it is exposed to. We put forward 
a vision-based, deep reinforcement learning approach based on 
a policy gradient algorithm to configure traffic light control 
policies. The algorithm is fed real-time traffic information and 
aims to optimize the flows of vehicles travelling through road 
intersections. Our preliminary test results demonstrate that, as 
compared to the traffic light control methodologies based on 
previously proposed models, configuration of traffic light 
policies through this novel method is extremely beneficial. 

Keywords-component; Autonomous Traffic Control; 
Machine Learning; Deep Reinforcement Learning; 3d Virtual 
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I. INTRODUCTION 

Traffic management is a major problem with significant 
economic and environmental repercussions. Urbanization 
and motorization have caused an imbalance between 
demand and supply of transportation and traffic 
infrastructure, leading to problems such as travel delays, 
increase of road accidents, environmental degradation and 
so on. 

A road intersection is a shared physical space; access to 
this common resource must be granted intelligently to 
optimize the traffic throughput while ensuring safe passage 
of vehicles. Ever since their advent at the end of 19th 
century, traffic lights have been effectively used as the 
prime mode to grant vehicles access to the intersections, 
however their benefits tail off when they fail to adapt to 
changes in traffic flows [1]. 

For efficient utilization of already existing traffic-based 
resources, it is critically important to carry out optimization 
in an automated and adaptive manner, embodying 
characteristics such as self-configuring, self-optimizing, 
self-protecting and self-healing.  

Leveraging to the recent advancements in the field of 
deep reinforcement learning, we show that following such 
an approach can increase the efficiency of signal-controlled 

traffic resources (intersections, smart lanes etc.). We 
propose an end-to-end traffic light control system which 
makes use of the raw pixels to detect the inconsistent traffic 
flow effectively, to determine the best set of traffic light 
policies to increase the traffic throughput and safety across 
the junction. Our system learns (without being explicitly 
taught), the significant visual features to accurately monitor 
and effectively control the traffic light signals in real-time, 
to optimize their performance across a range of metrics 
(traffic throughput, travel time, delay). Our results indicate 
the transition from low to high traffic throughput, as our 
system gradually learns to predict the best set of traffic light 
policies based on the current traffic conditions.  

The remainder of this paper is structured as follows; 
Section II includes the related work in this domain. Section 
III covers the basic ideas of Reinforcement Learning, Deep 
Learning and their combination to underpin our proposed 
algorithm. Section IV introduces our traffic simulator. 
Section V specifies our model architecture specifications. 
Section VI covers details of our experiment and section VII 
discusses results and their analysis. Finally, section VIII 
summarizes our conclusions and discusses future work. 

II. RELATED WORK 

Several research works attempt to optimize traffic light 
performance. In [2], Dresner et al. proposed a centralized 
road intersection control system by making use of vehicle-
to-infrastructure (V2I) communication for providing each 
vehicle a slot in space-time to pass through the intersection. 
In [3], Tachet et al. developed a comprehensive analytical 
framework for comparing slot-based system intersection 
control with traditional traffic lights. Theoretically, their 
results showed that transitioning from the traffic light 
system to a slot-based system can double the intersection 
throughput while significantly reducing the delay. However, 
their research approach requires the bulk of communication 
between the central controller (intersection manager) and 
the vehicles, which can potentially lead to significant 
amount of overhead in the communication network and 
delays due to loss or corruption of messages. Moreover, due 
to its centralized nature, this system is prone to single-point-
of-failure bottlenecks; if the intersection manager fails, 
passing through the intersection would be chaotic and risky, 
especially in a busier junction. 

Arguing about slot-based systems’ susceptibility to 
single point of failure shortcomings, in [4] Azimi et al. 
proposed a distributed intersection management system, by 
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creating vehicle-to-vehicle communication (V2V) for 
managing the movement of vehicles through the 
intersections. Their results showed that V2V 
communication can significantly reduce delays introduced 
by traffic lights and stop signs.  However, their approach did 
not consider information/data packets loss within the 
wireless communication network, which is one of the most 
critical issues of wireless communication. Dropped 
messages between the vehicles can lead to fatal crashes as 
the vehicles would not be able to sense the other vehicles 
around them. Also, they ignore vehicle position 
inaccuracies, which is one of the main considerations of 
their protocol as every vehicle within the network depends 
on its position and the position of the other vehicles to gain 
access to the intersection. 

In [5] and [6], Genders et al. proposed an adaptive traffic 
signal control system based on deep RL. They represented 
the current state of their traffic environment using a matrix 
indicating the presence and absence of vehicles at a certain 
position, which we believe is not the best state 
representation and does not completely exploit the potential 
of deep learning. In [7], Mousavi et al. followed a similar 
approach as ours to predict the best possible traffic signal 
policies. As their traffic state representation, they used raw 
image pixels. All these deep RL-based approaches were 
experimented on a commonly used traffic simulator, SUMO 
which is not able to optimally reflect a real-world traffic 

scenario. SUMO does not allow variability, most of the 
SUMO models only concentrate on describing a specific 
traffic behavior such as spontaneous traffic jams, making it 
inappropriate to be used for simulating complex scenes 
consisting of a variety of traffic situations such as peak and 
quiet traffic hours. Random collisions in SUMO are handled 
by using teleporting, which seems highly unrealistic when it 
comes to penalizing collisions in order to avoid the 
situations in the future which caused collisions in the past. 
Our traffic simulator is free from these limitations and is 
capable of effectively simulating a variety of realistic 3D 
traffic scenes. 

 

 
Figure 1.Basic Reinforcement Learning Mechanism Example. 

 
Figure 2. Policy Gradient Reinforcement Learning Pipeline 

 

III. BACKGROUND 

A. Reinforcement Learning (RL) 

RL enables an agent to learn how to achieve a certain 
goal by dynamically interacting with its environment.  An 
agent learns how to map situations to actions in order to 
maximize a numerical reward signal. The agent has a 
repertoire of possible actions and it discovers those that 
yield the greatest  
reward at each setting by trying them out. RL is particularly 
useful in situations where data arrives in a continuous 
manner and the agent needs to adapt its behavior in real 
time. Figure 1 outlines the basic reinforcement learning 
mechanism, depicting the interactions between the agent 
and the environment. 

A standard RL framework can be mathematically 
modelled as a Markov Decision Process (MDP). An MDP is 
defined by a five-tuple: <S, A, T, R, γ>, where S is a set of  

environment states, A is a set of agent actions, T is the 
transition function, which defines the probability of moving 
between the different environment states, R is the reward 
function and γ, (0 ≤ γ ≤ 1) is known as the discount factor, 
which models the relevance of immediate and future 
rewards. The goal of the RL agent is to learn a policy π: S 
→ A that maximizes the expected cumulative discounted 
reward. The discounted expected reward, 𝑅𝑡 , at time t is 
illustrated in equation (1), where E denotes the expectation 
of the discounted reward and k denotes the number of 
actions. 

𝑅𝑡 = 𝐸[ ∑
𝑘=0

∞

𝛾𝑘𝑟𝑡+𝑘]                                    (1) 

B. Deep Learning (DL) 

Deep learning is the state-of-the-art paradigm that has 
revolutionized representation learning, allowing a 
computational model to be fed with raw data in the form of 
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