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ABSTRACT:Th e c om m on wa y t o m a n a ge r oa d i n t er se ct i on t r a ffi c i s d on e
t hr ough t r a ffi c l i gh t s. E xi st i n g t r a ffi c l i gh t i n ter s ect i on c on t r ol l er s h a ve a
fi x ed t i m i n g i n th ei r out put s wi t h out c on si d er i n g t h e r ea l -t i m e t r a ffi c
si t ua t i on . Th i s st ud y a i m s t o de vel op a sm a r t tra ffi c l i gh t con t r ol l er wh i ch
i s a da pt i ve d ep en di n g on t h e t r a ffi c si t ua t i on i n or der t o l e ss en t h e t r a ffi c
i n in t er sect i on s. In or der t o a ch i e ve t h e sm a r t t r a ffi c l i gh t con t r ol l er ,
r ei n for c em en t l ea r n i n g i s t h e t e ch n i que i n wh i c h th e r es ea r ch er s i m pl em en t
for i t s de vel opm en t . Rei n for c em en t L ea r n in g (RL) i s a t yp e of m a ch i n e
l ea r n in g t ech n i que t ha t best fi t s t h i s pr obl e m . It l ea r n s b y i n t er a ct i n g
t hr ough i t s en vi r on m en t a n d gi ven r ewa r ds a n d pun i sh m en t ba se d on i t s
a ct i on s. In th i s pa per , th e r es ea r ch er s us ed t wo RL m et h od s, n a m el y D e ep
Q- Lea r n i n g/ Net wor k
(DQ N)
and
Cova r i a n ce
Ma t r i x
Ada pt a t i on
E vol ut i on a r y- St r a t egi es (CM A -E S) wi t h t h e sa m e d e ep n e ur a l n et wor k
a r ch i t ect ur e t o i m pl em en t t h e sm a r t tr a ffi c l i gh t con t r ol l er a n d wi l l be
si m ul a t ed vi a Un i t y 3 D. T h e sm a r t tr a ffi c l i gh t a gen t i s t est ed i n t wo t es t
a r ea s wi t h ea s y a n d h ar d l evel s of t r a ffi c wi t h DQN, CMA -E S t og et h er wi t h
t h e Fi x e d-T i m e for i t s ba si s. T h e r esul t s of t h i s st ud y d em on st r a t e t h e
a dva n t a ge of u si n g t wo di ffer en t RL m et h od s over a fi x ed t i m e t r a ffi c
c on t r ol l er . T h e r es ea r ch er s foun d out t h a t CM A -E S h a d bet t er p er for m a n ce
for a sm a r t t ra ffi c l i gh t c on t r ol l er .
KEYWORDS: Reinforcement Learning, Traffic Control, Deep Q-Learning, Covariance
Matrix Adaptation Evolutionary-Strategies, Deep Neural Network
1.0 I N T RO D UCT IO N
The common way to manage road intersection traffic is done through traffic lights. Existing
traffic light intersection controllers have a fixed timing in their outputs without considering the
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real-time traffic situation [1]. This current way of controlling traffic lights is an inefficient way
to implement it in intersections as it causes major traffic congestion. It also causes several
problems of commuters such as delay going to their destination, road rage, fuel consumption,
waste of energy, and the worst, vehicular accidents. If the area still uses the existing fixed,
controlled traffic lights, traffic congestion will still continue to get worse due to the
infrastructures being constructed from time to time together with more demands for vehicles.
This motivates us to develop a smart traffic light controller, which is adaptive that dynamically
adjusts the traffic light timing based on the real-time traffic situations happening in an
intersection.
In order to achieve the smart traffic light controller, reinforcement learning is the technique in
which the researchers implement for its development. Reinforcement Learning (RL) is a type of
machine learning technique that best fits this problem. It learns by interacting through its
environment and given rewards and punishment based on its actions [2]. The goal of RL is to
maximize its rewards, but in order to achieve this, it should learn the most optimal policy
during the process. In this case, the goal is to reduce the waiting time of the vehicles queued up
in an intersection resulting in smooth traffic flow within the area. The controller must first take
the traffic information such as vehicle number in the queue and waiting time for each road in
the intersection where it is done through existing technologies [3]. After taking the inputs, it is
processed in a deep neural network, and later it outputs the change of timings of the traffic
lights.
With reinforcement learning, the researchers can create a smart traffic light controller that can
adapt to any real-time traffic situation happening in an intersection. Reinforcement Learning
(RL) is modeled as a Markov Decision Process (MDP), which represents a tuple (S, A, P, R) of
an agent's state, action, policy, and reward [4]. In each step, the agent will get a representation
of an environment's state s ∈ S and chooses an action a ∈ A based on some policy π(a | s), and
later will proceed to the next state according to the transition dynamics P, s’ ~ P(s’|s, a). After
each episode or step, the agent will receive a reward r = R (s, a) as a consequence of its
previous action [5]. This process of choosing an action from the current state, receiving
rewards, and moving on to a new state occurs continuously in the environment until it reaches
to the end state.
In Q-learning, the single agent will be appropriate enough for its training. Its corresponding qnetwork's output will be q-values based on its state input. Adjusting of weights of the qnetwork is done through backpropagation. The Q-table is also needed during the learning
process since the q-network will learn from the q-table itself. In CMA-ES, its policy network
would output direct actions based on a given state input. Since its a policy iteration-based
algorithm, CMA-ES will need multi-agent to be trained to have each agent's own policy
network. Adjusting of weights of the policy network is generated from the mean value and
covariance of the elite candidates. The average performance of both algorithms, together with
the fixed time method, will be compared in order to decide which method is more efficient in
optimizing traffic signal timing control for the road. The researchers chose Gmall and Ochoa
intersection as the location to be tested with the smart traffic light controller since both
intersections are one of the busiest intersections in Butuan City especially with SM Mall will be
opening soon along JC-Aquino highway (connecting both intersections) which will make both
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of the intersections much busier.
2.0 REVIEW OF RELATED LITERATURE
Traffic researchers often use computer simulations to model individual vehicles as distinct dynamic
objects to reproduce real-world traffic. Simulation of Urban MObility (SUMO) in a vehicular
network is also a popular tool that shows the efficiency of the model in controlling traffic lights and
also to simulate a traffic system involving cars, roads, intersections, and traffic lights. [1].Since the
early 1990s, reinforcement learning was applied in traffic light signal control to dynamically adjust
the timing of traffic lights according to real-time traffic [6]. Also, during the 90s, reinforcement
learning techniques were limited to tabular Q learning, and a linear function was normally used to
estimate the Q value. However, such partial information could not fully represent the complexity of
road traffic systems. Because of this past limitation of the technique in reinforcement learning,
recent studies apply reinforcement learning with double Q- Learning to reduce the size of the state
space, such as with the number waiting for vehicles and the statistics of traffic flow [7][8][9]. There
is a steady growth of interest in applying deep reinforcement-learning algorithms to optimal control
problems, where convolutional neural networks are used to approximate optimal Q-values.Many
innovations in the field of reinforcement learning have gained traction in the RL community, such as
deep Q network [10], but only a few of these ideas were significantly effective in traffic control [1].
In the past, the state representation uses discrete table values like the location of vehicles or the
number of cars waiting in the queue. This action-pair matrix requires large memory space, making it
infeasible for large state space problems. Deep Q-learning methods, on the other hand, avoid the
large Q-table problem by using continuous state representations. In these methods, a deep
convolutional network is trained to learn a Q-value function which can be used to predict the value
or reward of every state-action pairs. These works vary in the state representation, including
handcrafted features like queue length, average delay, and image features [11].
Aside from DQN, another re-emerging variant of RL method is The covariance matrix adaptation
evolution strategy (CMA-ES). The fast adaptation of step size and covariance matrix makes the
CMA-ES one of the most efficient direct search algorithms for real-valued optimization. CMA-ES
was proposed for Reinforcement Learning (RL) for the ﬁrst time in 2003[12]. The CMA-ES was
observed to outperform other evolutionary RL approaches on variants of the pole balancing
benchmark in fully and partially observable environments.

3.0 METHODOLOGY
The main objective of this study is to develop a smart traffic light controller with reinforcement
learning applying its two methods, namely deep q-learning and covariance matrix adaptation
evolutionary strategies, in an attempt to maximize the traffic light agent rewards and lessen the
waiting time of the vehicles in intersections. This study will be tested in a vehicle and traffic
light simulation. The researchers created two (2) test areas of the simulation, namely the Gmall
(Figure 1) and Ochoa (Figure 2) intersection based upon Butuan City. During the testing, the
researchers will statistically compare the rewards and the average time with an average of 5
runs in DQN, CMA-ES, and fixed time with an easy and hard level.
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Figure 1. Deep Q-Learning Applied in a Traffic LightController
Figure 1 shows the process of deep q-learning, and Figure 2 for CMA-ES applied for the smart
traffic light controller. In this study, there is an agent and an environment. The agent is the
decision-maker or the learner.

Figure 2.CMA-ES Applied in a Traffic LightController

3.1 Implementing the Simulation
Unity is a development platform where it allows users to create 2D or 3D games. The
researchers chose unity because it is easier to work with compared to other game development

6563

JOURNAL OF CRITICAL REVIEWS
ISSN- 2394-5125

VOL 07, ISSUE 15, 2020

platform. It also had several assets and plugins available for users. Lastly, unity has a free
version, namely Unity Personal. ML-Agents is a plugin in unity which makes unity assets or
objects turn into an agent. In this plugin, its environment must be composed of Academy,
Brain, and Agent objects with its corresponding scripts. An academy object represents the
training environment where the agent's training configurations are defined. It is a school or
classroom where the agent will be trained. The brain object is where an agent will base its
decision at the same time learning from it. The states, actions, and rewards will be defined in
the brain object via script. The agent object is just the physical model of the agent to be trained
in an academy and where the brain object will be attached. In this case, the agent is the two
traffic lights present in both intersections, and the type of brain the researchers will use is an
external brain so that it will be trainable via a neural network.
3.2 Reinforcement Learning Algorithms
In this paper, the researchers used two reinforcement learning methods, namely Deep QLearning/Network (DQN) and Covariance Matrix Adaptation Evolutionary Strategies (CMAES), to implement the smart traffic light controller. Both algorithm goal is to maximize future
rewards but differs on the manner of how they will work and learn. DQN uses value iteration,
which uses one policy and improves that policy based on the value improvement of each state
in which CMA-ES uses several policies to be tested, then the top-performing policies will be
used and will be the basis for next generation of policies to be generated. Deep neural networks
with a feed-forward design will be applied to both methods.
3.3 DQN
Deep Q-Learning starts by initializing random values for the parameters or the tuple, state,
action, reward, and next state. Next, it initializes the memory with the defined capacity for the
experience replay process.
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In each episode, it initializes s with a current observation of the intersection. With that state,
choose an action according to a greedy policy. With that action, a reward is given and will
proceed to the next. A sample batch will be retrieved in the memory. With each transition or
possible state in the current state, then update the q-values. It will be repeated until all batch,
state, and episodes are done.
3.4 CMA-ES
CMA-ES starts by initializing random neural networks for all the agent population and a fitness
function. It then iterates through all generations, episodes, and agents. It each agent, the state is
observed. The agent will get a reward based on that observation and will transition to the next
state. After the iteration, the population is then sorted in descending order (high rewards first)
based on rewards. Next, the elite candidates will be chosen from the current population, and its
mean and covariance will be calculated. The children will then be generated based upon sample
multivariate normal distribution. The population will then be updated to a newer one and will
be returned accordingly.
CMA-ES Algorithm
1: Input: population P of randomly initialized neural networks, fitness function F.
2: for g = 1 ,2… , in G generations do
3:
for ep = 1,2… , in Ep episodes do
4:
for agent = 1,2… , in P do
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5:
observe state S each step
receive reward R , R = F (S), based on the currentstate S,
7:
perform action a = π (S) based on current policy π,
8:
Sort P with descending order by reward R
9:
Set Elite Candidates C from P
10:
Calculate Mean M and Covariance Cov of C
11:
for i = 1 ,2 … in P-C do
12:
Children[i]= Sample_Multivarite_Normal(M,Cov)
13:
Update New P , P = { C, Children}
14:
Return: P
15: end for

4.0 EXPERIMENTAL RESULTS AND DISCUSSIONS
4.1 Unity 3D Simulation
The simulation runs successfully with all the setup the researchers prepared. The traffic lights
and vehicles are working properly since the vehicle followed the behaviors,the researchers
tweaked and also followed the traffic light signals. The red and blue spots present on the road
will be gone during the exporting of the simulation. With all of this, the researchers
successfully simulated a road and traffic simulation with an intersection, as shown in Figure 3.
Figure 3. Traffic Simulation via Unity 3D

4.2 Architecture and Training Hyperparameters
The network has 2 layers: 4 input units, 128 hidden units, and 8 output units. The network is a
feed-forward type with an activation function of tanh. Tanh activation function will rescale the

values of the network nodes to -1 to 1. Input nodes correspond to the observations in each lane.
There are four input nodes since there are four lanes to collect observations with. The hidden
units are set to 128 nodes since it is a common node count for a small to medium problems. The
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output units correspond to a certain time the traffic light will give to the available lane to go.
The following table shows the hyperparameters that were applied to the agent's brain.
Table1. Configured Hyperparameters set for Training the Policies
HyperParameters
Q-Network CMA-ES
Max Episodes
100
100
Population
N/A
10
Elite Candidate Selection Value N/A
0.2
Evolve Rate
N/A
0.2
Episode Reset Time
300 sec.
300 sec.
Number of Layers
2
2
Input Units
4
4
Hidden Units
128
128
Output Units
8
8
The researchers have gone a few trials and errors during the setting of hyperparameters since it
is very critical and sensitive during training. With the hyperparameters configured, the
researchers run the training with 5 iterations of Gmall and Ochoa intersection of with different
levels of traffic.
4.3 Training Results
Figure 4 shows the performance of DQN applied in Gmall and Ochoa intersection with a
moderate level of traffic. The rewards are easily increasing all throughout the training. Figure 5
shows the performance of CMA-ES applied in Gmall and Ochoa intersection with a moderate
level of traffic. The rewards are easily increasing all throughout the training, but Gmall got
higher rewards than the Ochoa run.
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DQN Applied on Gmall and Ochoa Intersection
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Figure 4. DQN Training Run on Ochoa and Gmall Intersection

CMA-ES Applied On Gmall and Ochoa Intersection
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Figure 5. CMA-ES Training Run on Ochoa and Gmall Intersection

The environment gives rewards for every episode/generation based on the number of vehicles
in queue and weighted acceleration, i.e., vehicles in queue that have a slow acceleration like
tricycles contribute more to slow traffic (large negative reward) while vehicles like sedans can
accelerate faster during go time and hence contributes less to traffic (small negative reward). In
this simulation, a very large negative reward can mean that the traffic is almost at a standstill. It
can be observed from the results that both DQN and CMA-ES achieve an optimal reward of 500. It can also be observed from the plot that the reward signals become less negative as the
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training/learning progresses; hence both networks indeed learn an adaptive control policy to
keep the traffic flowing and avoiding gridlocks. Table 2 shows the percentage decrease of the
waiting time of the vehicles in both intersectionsbased upon the fixed-time results (bigger is
better). The majority of all runs in both intersections applying DQN and CMA-ES decreases
the average waiting time of the vehicles.
Table2.Decrease of vehicle queue time as compared to fixed-time controller
Gmall
Ochoa
DQN 16.50% 27.80%
CMA25.90% 33.50%
ES
5.0 CONCLUSION AND FUTURE WORK
The researchers conclude that the traffic simulation implemented via Unity works well and is a
great platform for studying different policy search methods for developing an optimal traffic
control system. The traffic lights work well as intended, and it mimics the behavior of the
traffic light in Butuan City, which is cyclic all in one go (forward and left turn are
simultaneous) behavior. The researchers also conclude that the deep q-network and direct
policy network are able to control the traffic light agent in Unity 3D. The agent syncs well with
the action provided by the network, and it also gives back observations to the network. In the
comparison of the performance of algorithms, CMA-ES performs better than DQN in terms of
a decrease in the waiting time of vehicles as compared to a fixed-time traffic controller. With
this, it can also be concluded that both value iteration algorithms such has DQN and direct
policy search algorithms such as CMA-ES achieve an optimal policy that is better than a fixedtime controller. The future work of this study is to apply several other Deep RL methods or
algorithms in the simulation. Additionally, adding several vehicle types must also be
considered. Finally, non-cyclic action of traffic light can also be implemented and tested.
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