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Department of Computer Engineering

Abdullah Gul University)
Kayseri, Turkey

sultankubra.kilic@agu.edu.tr

2nd Adam Thahir
Department of Computer Engineering

Abdullah Gul University
Kayseri, Turkey

adam.thahir@agu.edu.tr

3rd Mustafa Coşkun
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Abstract—While reducing traffic congestion and decrease the
number of traffic accidents in the intersections, most of the traffic
light management approaches cannot adapt well to fast changing
traffic dynamics and growing demands of the intersections with
modern world developments. To overcome this problem, adaptive
traffic controllers are developed, and detectors and sensors are
added to systems to enable adoption and dynamism. Recently,
reinforcement learning has shown its capability to learn the dy-
namics of complex environments, such as urban traffic. Although
it was studied in single junction systems, one of the problems
was the lack of consistency with how the real world system
works. Most of the systems assume that the environment is fully
observable or actions would be freely executed using simulators.
This study aims to merge usefulness of reinforcement learn-
ing methods with real-world traffic constraints. Comparative
performance evaluations show that the reinforcement learning
algorithm (Advantage Actor-Critic (A2C)) converges well while
staying stable under changing traffic dynamics.

Index Terms—reinforcement learning, traffic light manage-
ment

I. INTRODUCTION

Traffic lights have been used in many cities since 19th
century with gas-lit traffic lights in London, which was soon
followed by a single electrical light in Ohio in 1914 and a
network of traffic lights with a manual switch in Utah in 1917
[1]. The purpose of traffic lights is to control traffic to prevent
traffic jams and congestion in the intersections and to decrease
the number of accidents caused by uncontrolled intersections.

Traffic congestion and jams are practical problems in to-
day’s world causing delays, increased costs because of fuel and
increased amount of harmful gas emission. As stated in 2021
Urban Mobility Report from Texas A&M, the amount of fuel
consumption caused by traffic congestion is nearly 1.7 billion
gallons with an annual delay of almost 4.3 billion hours which
led to a cost of 100 billion dollars [2]. With the development
of modern cities, the traffic lights are automated and optimized
to increase the vehicle flow of the intersection using variety
of methods as a solution.

This paper proposes a solution based on Reinforcement
Learning for this problem. We have designed a traffic environ-
ment, trained three agents on selected algorithms, which are
Advantage Actor-Critic (A2C), Trust Region Policy Optimiza-
tion (TRPO) and Proximal Policy Optimization (PPO), and
evaluated each of the algorithms to show that Reinforcement
Learning can optimize the traffic flow in the junctions. Com-
parative performance evaluations show that A2C algorithm
converges well while staying stable under changing traffic
dynamics.

The rest of this paper is organized as follows: Section II
reviews a variety of methods in the field traffic controllers.
Section III presents recent approaches based on reinforcement
learning. Section IV presents the simulation environment and
the design specifics of our proposed methodology. Section
V presents experiment design, performance results and their
analysis, while section VI concludes the paper discussing the
contributions of our work.

II. RELATED WORK

A. Offline Approaches

Offline or fixed-time traffic light control methods use prede-
fined traffic light settings (the sequence of green, yellow and
red phase durations) that are deduced and optimized based
on offline historical traffic data analyzation. To maximize its
success and optimize the predefined timings, time slots has to
be identified. The actuated methods contain a set of defined
rules where any of them could be triggered by violations
or extreme situations to adapt the traffic environment more.
However, even though these kind of methods work well in
constant environments, they cannot adapt to the dynamism of
the traffic environment and demands.

B. Adaptive Controllers

Adaptive controllers have been utilizing the use of sensors
and data collection to adapt the changes in the traffic. An
example to these methods is Sydney Coordinated Adaptive
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Traffic System (SCATS) [3] where real time data is used to
control the traffic lights. However, it is deemed to be costly
and requires dramatic amount of modifications to existing road
systems. Another notable early traffic system to be used in UK
is Split Cycle and Offset Optimisation Technique (SCOOT) [4]
where traffic lights are controlled only by small adjustments
to avoid dramatic changes and focus more on long-term flow
of the intersection using real time data by detectors. One
of the more recent approaches is Intelligent Traffic Light
Controlling algorithm (ITLC) [5]. It uses vehicular ad-hoc
networks (VANETs) [6] as the backbone, which requires all
the vehicles in network to be equipped with a form of GPS to
identify its properties, and aims to decrease the vehicle wait
times.

C. Reinforcement Learning Based Approaches

Machine learning, especially reinforcement learning, meth-
ods are used to make the agents or algorithm learn what the
dynamics are and act based on those insights. As an example
to reinforcement learning, Wiering has proposed different
variations of reinforcement learning methods to be applied to
various traffic environments and created a simulator called the
Green Light District (GLD) with the purpose of demonstration
[7] which was used in other works [8] for further development.
Recently, reinforcement learning gained much attention as
Deep Q-Networks (DQN) has shown robust performance on
Atari games [9]. One of the similar approaches called Deep
Deterministic Policy Gradient (DDPG) [10] has shown success
on large continuous action and state spaces.

The methods to be applied at real world traffic environments
have to have a robust performance under a wide variety of
conditions and has to react fast when a dramatic change hap-
pens. As deep reinforcement learning has shown its success, in
our approach, we are applying several on-policy reinforcement
learning algorithms with real world constraints to achieve
robust performance with an ability to adapt safely to real world
intersections as the main contribution of this work.

III. REINFORCEMENT LEARNING

Reinforcement learning is described as a subfield of ma-
chine learning that learns the solution by trial and error [11].
The agent, learner, is not been given what actions (a ∈ A) to
take under specific situations, but rather, it has to discover the
best action to take by interacting with the given observable
environment states (s ∈ S) and apply the action to the
environment. By defining a reward (r ∈ R) function, the
actions of the agent are evaluated that will make the agent
to take better actions by learning the optimum policy (π(a|s))
to maximize its cumulative reward.

Each state that the agent observes is associated with a value
(V (s)) calculated by a value function to predict the expected
rewards under the taken policy, which is used to evaluate how
good a given state is. Here, the main goal of the reinforcement
learning is to learn policy and value function.

The interaction between the environment and the agent
throughout simulation is a sequence of states (observations

Fig. 1. Reinforcement Learning Diagram

from the environment), actions that the agent takes and rewards
from the agent in time (t = 1, 2, . . . , T ). Throughout this
process of learning, the agent uses the method of exploration
and exploitation to accumulate the knowledge of environment
hence to learn an optimal policy by taking the best actions until
the process is terminated. This whole sequence is described
by one episode and could be represented as below where
state, action, and reward at time step t are St, At, and Rt

respectively and ST is the termination state:

S1, A1, R1, S2, A2, R2, . . . , ST (1)

Policy gradient methods in reinforcement learning learn the
policy using a parameterized function respect to θ, πθ(a|s)
without taking value function into consideration. The optimum
value of θ could be found by gradient ascent to produce the
highest expected reward by maximizing the score function
given in (2) where dπ(s) is state distribution, Qθ (s, a) is
state-action value and πθ(a|s)Qπ(s, a) is action distribution.

J(θ) =
∑
sS

dπ(s)V π(s) =
∑
sS

dπθ(s)
∑
aA

πθ(a|s)Qπθ(s, a)

(2)

A. Advantage Actor-Critic (A2C)

There are two essential components in policy gradient based
methods: policy model and the value function. In vanilla
policy gradient methods, the value function is not optimized
although it would be very useful as the value function could
assist the policy update. However, Actor-Critic methods takes
optimization of value function into consideration and consists
of two models:

• Critic model updates and optimizes value function pa-
rameters w.

• Actor model is used to update the policy parameters θ,
using critic model evaluations.
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A2C [12] is a policy gradient algorithm designed to be
used specifically on parallel training. Multiple critic models
learn the value function by multiple actor models as they’re
being trained in parallel and both global θ and w are updated
asynchronously using local gradients of the parameters.

B. Trust Region Policy Optimization (TRPO)

To increase the training stability, changing policy too much
by parameter updates at one step should be avoided. TRPO
[13] takes this idea into account by enforcing a constraint
KL (Kullback–Leibler) divergence to limit policy updates at
each iteration. It still aims to maximize objective function J(θ)
subject to the given trust region constraint E while labeling
behavior policy as πθold(a|s) (3). However, by applying E (3),
it enforces the distance between new and old policies, which
is calculated by KL divergence, to be within a parameter δ
hence the improvement would be monotonic:

J(θ) = Es∼p
πθold ,a∼πθold

[
πθ(a|s)
πθold(a|s)

Âθold(s|a)]

Es∼p
πθold [DKL(πθold(.|s) ∥ πθ(.|s))] ≤ δ

(3)

It should be noted that estimated advantage Â is used in (3)
instead of the base advantage function A as the base rewards
are generally unknown.

C. Proximal Policy Optimization (PPO)

PPO adopts the same idea of TRPO, it implements similar
constraint. PPO [14] simplifies this idea by using a clipped
surrogate objective by forcing ratio between new and old
policies denoted as r(θ), to stay within a relatively small
interval at [1− ϵ, 1 + ϵ] given ϵ is a hyperparameter.

r(θ) =
πθ(a|s)
πθold(a|s)

(4)

Additionally, to encourage enough exploration, the objective
function is enhanced with an error term applied on the
value function (c1(Vθ(s) − Vtarget)

2) and an entropy term
(c2H(s, πθ(.))) so that objective function becomes:

JCLIP (θ) = E[JCLIP (θ)−c1(Vθ(s)−Vtarget)
2+c2H(s, πθ(.))]

(5)
Where c1 and c2 are hyperparameter constraints and

H(s, πθ(.)) is entropy function.

IV. METHODOLOGY

A. Traffic Simulation

Traffic simulations in microscale are designed and executed
using a microscopic traffic simulation package, SUMO (Sim-
ulation of Urban MObility) [15], which allows each vehicle to
be designed and tracked individually through the network. In
our network, each road is represented as edges and the lanes
in each road are displayed individually. Each phase is linked
to lanes, and connections are drawn accordingly.

At intersections, phases are switched on and off, where
switching on means turning all the lights included in phase
to green and switching off means turning all the lights to first
yellow and then red. Each phase has a green time assigned to
it and after green times are executed for all the phases, which
is called a cycle [16]. Intersection and phase representation is
shown in Fig. 2 and total cycle time is calculated as below
where tp is the phase duration and tt is transition time:

tcycle = tpi + tti + tpi+1 + tti+1 + ... (6)

Fig. 2. Intersection and phase representation

OpenAI Gym [17] is a toolkit to enable development of
reinforcement learning algorithms. The traffic environment
is designed and implemented using Gym toolkit, which has
defined properties and functions to modify according to each
specifications. The step function is called each step of the
simulation, and is used to return four values:

• Observation is the representation of the environment state.
• Reward is the amount of reward given by the previous

action of the agent.
• Done is a true/false value indicating whether or not

the episode ended. If the episode ended or quitted, the
environment is reset by reset function.

• Info is a dictionary to be used for debugging.
The agent then chooses an action based on the observation
and reward returned by step function as defined in section III.

B. State Representation

As we are using a traffic simulator for evaluation purposes,
the traffic states at each step in the environments are fully
observable to us. However, to be able to adapt our system
to the real world dynamics safely, how we obtain the state
must be available in a typical real world traffic setup. We
have seen that, the most noticeable datasets are obtained by
traffic detectors [18] and one of the most common detectors to
obtain real time information of the traffic are induction loops
that are placed under the pavement [19]. Therefore, we assume
that there are loop sensors at the beginning and the end of each
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incoming lane, and constrain the state space with the vehicle
count and queue length inside the lane.

The current state of the simulation environment is repre-
sented as a nxm matrix where n is the edge count of the
specific intersection and m is the maximum lane count, similar
to concept used in [20]. While counting the vehicles, the
whole capacity of lanes are taken into account and the vehicles
waiting inside the intersections are ignored.

Fig. 3. Example Vehicle Positions and Corresponding Occupancy Matrix on
Intersection B

o

C. Action Space Definition

Some approaches use single real value and use that value
to set the duration of the next phase [21] and some of the
other approaches use action to decide which phase to make a
transition into [22]. However, these kind of approaches could
lead to chaotic situations as the agent doesn’t fully utilize the
intersection dynamics as each phase should be set depending
on all the phases in the intersection and doesn’t take cycle
demands into account. In order to avoid this, we set the phase
durations off all phases at each cycle. This way, if a network
has k phases, the action vector would have k components
where each value is a real number for each phase duration.

The agents in reinforcement learning typically use either a
discrete (or multi discrete) or continuous (or Box) action space
[11]. Using continuous values, actions are expressed as real-
values in the given range but discrete action space allows the
agent to take a distinct action to execute from a defined finite
action set [23]. We have defined the action space as given:

Ad = a1, a2, . . . , ak (7)

where a is the phase duration for each phase in the range of
[0, amax − amin], amin is the minimum phase time and amax

is the maximum phase time.
This definition allows us to utilize real world problems

better as in the real world we have green time limits that each
phase can execute.

D. Reward Function Design

To define the solution in the best way, the traffic has to be
analyzed in a good way. To achieve this, two measurements
are analyzed in this approach:

• Queue detection: Queue is defined as a line of vehicles
waiting [24], therefore queuing means that the vehicles
on the front of the queue is not able to flow efficiently
inside an intersection. To reduce and eliminate queuing,
no lane should exceed a maximum number of vehicles
qmaxi

on it, which is calculated based on the following
formula:

qmaxi
=

{
lane capacityi ∗ 0.6 lane lengthi > 100

lane capacityi ∗ 0.8 otherwise
(8)

If qi exceeds qmaxi
, then the episode is ended with a

punishment by a value Rq where qi is the current queue
length at lane i.

• Congestion measurement: Traffic congestion is defined as
a condition that occurs when the use of the intersection
increases and causes slower speeds for vehicles and
longer trip times which leads to queues eventually [25].
Congestion is detected by first checking if there is enough
queue in each lane which is denoted as lbi and whether or
not the vehicles are passing through the intersection easily
by checking if there are less vehicles passed through the
intersection in the cycle than the average count of vehicles
passed at previous k cycles with the following formula
where pv denotes passed vehicle count:

lbi = lane capacityi ∗ 0.3 (9)

pv current = total current− total previous (10)

congestion =

{
true qi > lbi & pvcurrent < pvavg

false otherwise
(11)

If a congestion is detected, then the episode is terminated
with a punishment by a constant negative reward Rc.

E. Vehicle Generation Method

Interaction with the SuMO simulation is enabled by a tool
called TraCI (Traffic Control Interface) [26]. TraCI provides
access to the simulation and allows program to retrieve and
make use of properties of the network during training. The
vehicle generation process takes place at the beginning of the
simulation. After each episode is ended, the present values
are checked to determine whether or not a level, a vehicle
trip setting generated, is solved. After a level is solved,
new vehicles are generated, meaning a new level is created.
Otherwise, the episode starts with the current level again.

V. RESULTS

A. Experiment Design

In order to evaluate how well the algorithms work, we
have used two different intersections with similar features of
road and phase number selected in the city of Kayseri. The
network is drawn using NetEdit [28], which is a tool provided
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by SUMO package that is used to create and modify traffic
networks. All the phases in the intersections are obtained by
monitoring the intersections and the connections are drawn to
indicate which paths a vehicle can use, and are shown as blue
and yellow lines in Figs 4, 5.

Fig. 4. Obtained image and drawing of Intersection A

Fig. 5. Obtained image and drawing of Intersection B

The algorithms explained in section III are applied using
Stable Baselines [29] from OpenAI to both junctions and
adaptive parameter noise is added for further exploration. As
we are using parameter noise, we used MLP (a multilayer
perceptron) for both the policy and the value function. To
enable bounding the total reward, a discount factor (γ = 0.95)
is used where Gt is the discounted reward and Rt is the reward
at time step t:

Gt = R0 + γR1 + γ2R2 + ...+ γtRt (12)

The SuMO simulation is stochastic by its nature as a
microscopic traffic simulator. Therefore, the results obtained at
each level depend on the randomly generated seed set. In order
to avoid algorithm overfitting to a single level, we randomize
the seed and change the network at each level as number of
roads, maximum number of lanes and phases are same for
both networks.

B. Experiment Results

To be able to evaluate the performances of the algorithms,
we compare the total reward gained and discounted rewards
at one episode although our main reference measure will be
the total reward. Each simulation is run for 200000 time steps
due to computation costs.

In Fig. 6, we can find the performance comparison of the
algorithms by comparing the total reward gained by episode.
Although TRPO and PPO reaches a similar level, A2C out-
performs them in a notably short period. A2C was able to
eliminate queuing and congestion successfully. Additionally,

Fig. 6. Total reward with smoothing gained by step for each algorithm

Fig. 7. Total reward without smoothing

it can be said that A2C is much stable by Fig. 6 where reward
plots are shown without smoothing. We can see that there are
steep decreases in the plots given in Fig. 7, which means the
algorithm is punished for either queuing or creating a traffic
congestion. And even though TRPO couldn’t converge within
the specified time range, it shows a promising trend in reward
accumulation.

Fig. 8. Queue Length per Episode

As the objective of this paper is to decrease the queue
length inside intersections and decrease the waiting times,
we observed the queue lengths during training of the agents.
We can see how queue length decreases over time before it
stabilizes using A2C algorithm in Fig. 8. By Fig. 8, we deduce
that the optimized queue length is highly dependent on the
qmaxi

value mentioned in section IV-D. Therefore, we could
say that the qmaxi

value itself needs to be optimized and Rc

value should depend on the qi instead of being a default, fixed
value.
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As TRPO and PPO algorithms were not able to converge and
stabilize, the results are not presented here.

Fig. 9. Calculated discounted reward by step for each algorithm

In Fig. 9, discounted reward plot can be found. We can see
that while discounted reward for TRPO gradually increases,
PPO shows an increase until halfway and then converges with
no further increase. Even though A2C performed best in terms
of total reward, we see a decrease in discounted reward.

VI. CONCLUSIONS

The main objectives of traffic light management systems
are to control vehicle traffic to prevent traffic jams and
congestion in the intersections and to decrease the number
of accidents caused by uncontrolled intersections. In this
paper, we have studied the effectiveness of reinforcement
learning to real-world vehicle traffic environments with con-
straints and have successfully applied three of the on-policy
reinforcement learning algorithms. Comparative performance
evaluations show that A2C algorithm converges well while
staying stable under changing traffic dynamics and is able
to decrease queue length inside intersections. Future work
includes investigation of hyper parameter optimization with
longer training periods with generalization.
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