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ABSTRACT

Intelligent Traffic Control System (ITCS) is an integral part of modern transportation
system, helping to maintain smooth and safe traffic flow while reducing pollution. In this
paper, we propose an intelligent traffic control system for multi-intersection networks
that aims to improve traffic control systems by adjusting signal light timings to reduce
waiting times and considering vehicle types and priorities. The model combines
Reinforcement Learning (RL) to obtain optimal control policies, Graph Convolutional
Networks (GCN) to capture spatial dependencies, Long Short-Term Memory (LSTM)
to capture temporal dependencies, and Genetic Algorithms (GA) to enhance the deep
network weights quickly and escape local optima. The experiment evaluates the
effectiveness of various RL-based models in traffic management by evaluating the
impact of GA and prioritization on ITCS models. Models are trained/tested using
synthetic traffic data generated with the SUMO tool on three different-sized networks:
Manhattan, Suzhou, and Cairo, with various vehicle types. The results demonstrate the
distinct improvements of the LSTM-GCN-GA model in reducing waiting times. When
compared with traditional models such as the Pre-Time model as in the Manhattan
network, it reduced the waiting time by up to 84.81% for all vehicles and by up to
92.46% for priority vehicles. The genetic algorithm integration reduced the waiting time
by up to 26.39% for all vehicles and by up to 80.21% for priority vehicles. Adding vehicle
priority reduced the waiting time by up to 33.1% for all vehicles and by up to 83.82%
for priority vehicles. Applying this model in real-world applications can enhance neural
network efficiency, which optimize traffic flow, reduce congestion, and improve road
safety.

KEYWORDS: Vehicle Priority, Spatial-Temporal dependencies, Multiple Intersections,
Long Short-Term Memory, Graph Convolutional Networks, Genetic Algorithms, Traffic
Control System.
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1. INTRODUCTION

Traffic congestion is a critical problem for the large and developing cities worldwide. With
economic growth and rapid urbanization, traffic congestion levels have increased, leading to
negative impacts on city growth, development, and the environment. Moreover, longer travel times,
increased risk of road accidents, and high fuel consumption.

Traditionally, efforts to reduce congestion have focused on expanding transportation
infrastructure such as adding lanes and extending road construction. However, this strategy is not
only costly but might also prove inefficient within vast road networks. Therefore, there is a need to
develop intelligent traffic control systems that can be implemented on existing road networks to
reduce congestion more efficiently. The Intelligent Traffic Control System (ITCS) includes many
systems, such as Incident Management [1], Traffic Flow Prediction [2-3], and Traffic Signals
Control [4].

In this paper, we focus on a traffic control system to adjust signal light timings. The traffic
signal control system's main aim is to reduce traffic congestion and its impacts by optimizing traffic
signal parameters, including: Phase Sequence arranges signal phases in the cycle, Green duration
(or signal timing/split control) sets the seconds for a specific traffic movement, Cycle Length
determines the time for a signal's single cycle, and Offset coordinates nearby intersections [4-5].

Signal timing control approaches are classified into three categories: Pre-time (fixed-time),
actuated, and adaptive. This classification is mainly based on the data type and algorithms utilized
to enhance traffic signal planning. Pre-time relies on fixed green splits determined by historical
traffic demand, lacking real-time adjustment and effective control. Actuated uses sensors like
induction loops and cameras to detect requests for green time, with the controller adapting cycle
length based on historical data and extending green time for detected vehicles up to the maximum
predefined green time. Adaptive approaches also use sensors but dynamically optimize signal
timing with real-time traffic data [4-6].

In recent years, increasing the traffic volume on the roads has led to a rise in traffic
congestion, delays, and accidents. These problems have not only inconvenienced commuters but
have also increased economic losses. In response to these issues, Intelligent Traffic Control
Systems (ITCSs) have been developed and designed to resolve these challenges. They aim to
enhance the efficiency and safety of traffic flow at intersections.

Many techniques have been used to optimize traffic control, such as the adaptive linear-
quadratic regulator (LQR) [4], the scheduling algorithm [7], fuzzy logic [8-10], and IoT [11-14].
Among these techniques, reinforcement learning (RL) [15-18], RL with graph convolutional neural
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networks (GCN) [19-21], RL with recurrent neural networks (RNN) [22-23], GCN with RNN [2,
24-25], and genetic algorithms (GA) [26] have demonstrated the possible to enhance and optimize
traffic control systems.

Many research studies focus on managing traffic flow at individual intersections and rely
only on lane density, neglecting the impact of neighboring roads, as in [8-9]. In urban areas, the
network is more complex, and designing an effective ITCS is a challenging task, requiring
consideration of various factors such as the number and density of intersections, road
configurations, and pedestrian movements. Furthermore, the ITCS should be scalable, adaptable,
and capable of managing dynamic and uncertain traffic conditions. Therefore, researchers have
been developing new algorithms and models to enable ITCSs to optimize traffic flow, reduce
congestion, minimize delays, and improve multiple intersections safety, as in [19-20].

These studies have demonstrated that the proposed approaches are effective in real-world
traffic scenarios, resulting in significant improvements in traffic prediction and flow. However,
several challenges remain to be resolved. These challenges include enhancing model efficiency to
facilitate the learning process and developing more efficient training algorithms for managing
traffic lights with diverse vehicle types across the network.

This paper handles the inefficiencies of current multi-intersection traffic control systems,
such as high waiting times and traffic flow issues, which do not considering traffic density and
vehicle types. The objective is to develop an intelligent traffic control system that optimizes signal
timing by integrating traffic density and vehicle types, taking into account the complex spatio-
temporal dynamics dependencies in networks.

Here are some of the key contributions of this paper:
e Propose an intelligent traffic control system based on RL integrating GCN, LSTM, and GA.

e Demonstrating the effectiveness of integrating RL, GCN, LSTM, and GA for enhancing
traffic control systems.

e Evaluating the proposed approach in simulated traffic networks, demonstrating a significant
reduction in congestion compared to alternatives, while considering various vehicle types.

e Executing experiments on three diverse networks with varying intersection and road
topologies, specifically Suzhou, Manhattan, and Cairo.

2. METHODOLOGY AND DESIGN
2.1. Intelligente Traffic Control (ITC)

This paper focuses on an intelligent control method for managing traffic in a multi-intersection
network, as illustrated in Fig. 1. The model collects traffic data from the roads within the network
into a centralized unit. Then it processes this data and transmits the appropriate phase for each
traffic light at the intersection, as illustrated in Fig. 2, which shows the ITC model input and output.
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Fig. 2: Input and Output of Intelligent Traffic Control Model

2.2. ITC Model Design

The intelligent traffic control model architecture, illustrated in Fig. 3, includes three primary
components: Deep Reinforcement Learning, Graph Convolution Long Short-Term Memory
Network, and Genetic Algorithm. These approaches are utilized to train the model to observe and
provide optimized traffic phases.
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Fig. 3: Intelligent Traffic Control Architecture
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2.2.1. Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning that is based on a Markov Decision
Process (MDP), which is defined by a (S; A; P; R; y) tuple, where S is a set of discrete states in the
environment, A4 is a set of actions that the agent can act, P is the state transition probability matrix,
R denotes the reward function, and y€[0,1] is a discount factor that is used to balance the
importance of immediate and future rewards. The RL agent learns by interacting with the
environment through a trial-and-error process, by using its own actions and experiences as
feedback. This feedback can be positive or negative, as rewards or punishments, and its main
objective is maximizing the reward function. RL is used in traffic control systems to interact with
non-structured environments, improve responsiveness to unexpected events, continuously improve,
and learn from experience.

The proposed model can control large-scale traffic intersections through a central agent.
The agent obtains real-time traffic state observations through road sensors as GPS [10], video
image processors [12], wireless [13], Google Traffic Map [ 14], ultrasonic sensors [18], or inductive
loops [19]. In this study, statistical data generated by a simulation program was used for data
collection. The agent then estimates the best reward based on the appropriate actions taken. The
state space S, action space 4, and reward R are defined as follows:

The state space S consists of the essential information required for traffic signal control,
including the current signal, number, type, and waiting time of vehicles on all lanes entering the
intersection. Equation 1 demonstrates the state space of the model.

state(t) = {((v, wt * p)q, ., (.. TLeurrent)r’ -+ (- )n} Eq. (1)

Where [ is the total number of lanes at the » intersections in the network, v is the total
number of vehicles in each lane i at time ¢, wt is the average waiting time at lane 7, and p is the
priority of the vehicle based on its type. For instance, in a network consisting of 12 intersections,
the state space § represented as a vector of size 12x21, where each row corresponds to an
intersection and each column corresponds to the vector of the total vehicles, the average wait time,
and the current traffic light signal at each lane of the intersection.

The action space A consists of different phases that the agent can act after observing the
intersection's state at time ¢. For instance, a four-phase traffic light controller has an action space
with four different phases represented by numbers from 0 to 3, as shown in Fig. 4. The different
phases allow for various traffic flows to pass the intersection without collisions.

Phase 0 Phasel Phase2 Phase3

Fig. 4: An Example of Traffic Lights Actions

As in [19], we enable control of all intersections with a unified decoder-to-decoder action
structure. An action probability matrix with dimensions m xn is used, where n represents the
number of intersections and m represents the number of phases of each signal. This matrix satisfies
Va € A and is multiplied by a mask matrix to ensure correct control of each signal, even when
different traffic lights have different phase numbers.

The reward R is determined by evaluating the agent’s action after observing the state at time
t. It is defined as the reduction in the average waiting time R, calculated using Equation 2, and the
average emergency waiting time Ry m calculated using Equation 3.
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Ryt = Z avg_WT (intersectionf ™) — z avg_WT (intersection) Eq. (2)
i j

Ryt em = z avg_WT,n,(intersectionf™) — z avg_W Tom (intersection;) Eq. (3)
i J

Intuitively, if the agent performs a “correct” action, the total accumulative average waiting
time from the last step will be reduced, that is a /arge R, reward. On the other hand, if the action
is “not correct”, a small R, reward will be returned. Similarly, for the total accumulative average
emergency waiting time Rw: em. The total reward is calculated using Equation 4:

Ri = Ry + th_em Eq. (4)

We have chosen Double Deep Q-Networks (DDQN) as our RL algorithm for optimization.
To improve training efficiency and stability, we used techniques such as experience replay, target
networks, and genetic algorithms. Mathematically, the DDQN was calculated using Equation 5:

Q(s, a,é) =Q(s,a,0) + Br: + ymaxQ($,d,0) — Q(s,a,6)] Eq. (5)

Where 6, @ and & denote different learnable weights, while f represents the learning rate.
The term 7, denotes the instant reward at time ¢, and Q (*) represents Q networks.

The loss function L is defined as the mean square error. Using Equation 6, we calculated
the loss function:

L(9) = ((7} + ¥y max Q (3, d, @**9¢t)) — (Q(s, a, Gpred)))z Eq. (6)

2.2.2. Edge Weight Graph Convolution Long Short-Term Memory Network (EW- LSTM
GCN):

Capturing both spatial and temporal features is essential for optimizing traffic. Since the spatial
relations between intersections form a non-Euclidean graph, traditional approaches may not be
sufficient. Graph Neural Networks (GNNs) provide a more generic framework to encode these
topology node relations. Therefore, we apply edge-weighted GNNSs to integrate spatial and distance
information, capture cross-intersection relations, and traffic flow patterns. While LSTM is applied
to capture the temporal dependencies of traffic data, such as the relationship between traffic flow
at different time intervals. To capture both the spatial and temporal dependencies simultaneously,
we utilize a combination of GCN and LSTM networks as in [2].

The proposed model consists of three GCN layers, followed by an LSTM layer. In the initial
phase, the input data series are used as the network states, while the GCN is utilized to capture the
topological structure of the urban road network, that enabling the extraction of spatial features. In
the second phase, the LSTM is provided with the time series enhanced with spatial features, which
facilitates the information exchange between the units to capture the temporal features, and
subsequently determine the appropriate action. To prevent the risk of overfitting of neural networks,
dropout layers are applied after each GCN layer.

For layer-wise representations, the functioning of Graph Convolutional Networks in the
multi-intersections traffic optimization problem is shown as follows:

Fa+1) — f(F(l),A),l >1 Eq. (7)

where F” denotes the feature map of layer /, which corresponds to an N x F’ feature matrix.
Each row of this matrix represents a feature representation of a node, N number of intersections,
and 4 represents the adjacent matrix of all junctions. As illustrated in Fig. 5, the network structure
takes the current layer's features and adjacent matrix as input and produces the features of the next
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layer, then the spatial features of GCN feed into the LSTM to capture the temporal features and
determine the appropriate action. The initial input of the network is denoted by X, where F= X.

Additionally, we implemented an edge-weighted graph convolutional encoder, following
the approach in [19], which assigns specific weights to edges based on the lane length.

GCN LSTM
e © e ®
o © o o
State Matrix . . . .
. . . . Action

Features Vectors
Adjacent Matrix

Fig. 5: GCN and LSTM Network Architecture for Traffic Control

The cells in LSTM are responsible for storing information from GCN output, which is then
transmitted to an LSTM layer. The gates regulate the memory. The LSTM has three gates: the
Forget Gate, which is responsible for discarding irrelevant data from the cell block, the Input Gate,
which is responsible for determining which new information from the input should be stored in the
cell state, and the Output Gate, which is responsible for determining which information to transmit
from the cell state to the next hidden state in traffic control. The Output Gate also determines which
information is no longer relevant and should be discarded, such as information on vehicles that
have already passed through the intersection.

2.2.3. Genetic Algorithm

Genetic Algorithm (GA) is an adaptive heuristic search algorithm and a type of evolutionary
algorithm (EA). It operates on the concept of passing the weights of two good neural networks,
would be a better neural network. Based upon on the natural selection's ideas and genetics that keep
the fittest. In such as this process keeps the strongest weights while the weakest are eliminated. GA
is used in optimization and search problems to generate high-quality solutions. Utilizing GA for
optimizing neural network weights offers several benefits: GA explores a broad solution space
simultaneously, possibly discovering the best weight configurations. Its population-based approach,
using crossover and mutation helps escape local optima.

We have integrated the GA into our traffic control model to accelerate the search for optimal
phases and reduce overall waiting time in the network, as illustrated in Fig. 6. The model
automatically uses GA when the total waiting time exceeds a predefined threshold. This constraint
on GA utilization accelerates the network's training process, as GA demands a large amount of time.
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Fig. 6: Genetic Algorithm for LSTM-GCN Network’s Weights Enhancement

In genetic algorithms, the initial population of possible solutions is referred to generation 0,
and subsequent populations are denoted as generation 1, generation 2, and so on. The process of
generating new generations continues until a specific condition is met, such as the maximum
number of generations. The process to generate a new generation involves several stages. The
different stages are:

Initialization: The GA process begins with generating a group of individuals called
population, each represented by a vector of weights called a chromosome. In Generation 0, the first
chromosome takes the weights from the online network of DDQN, and the rest generated randomly.
From Generation 1 until Generation i, the individuals are taken from old parents and new children.
These individuals are characterized by a group of parameters known as Genes.

Fitness: The individuals are evaluated using a fitness function that provides a fitness score.
Individuals with higher fitness scores have a better chance of being selected for reproduction.

Selection: Individuals with the best fitness score are chosen for reproduction to enhance
the weights of a deep neural network, then replaced the individuals with their offspring.

Reproduction: This phase involves creating offspring using two functions:

Crossover: create new weights to improve the network's performance by exchanging the
weights of the two individuals at a random point.

Mutation: introduces random genes into the offspring (new children) to maintain population
diversity by flipping bits in the chromosome to produce new offspring. This helps to resolve early
convergence and enhance variety.

The objective of RL is to develop models that can navigate complex environments
effectively, and make decisions based on learned knowledge, that enabling the agent to perform
optimally. In this learning process, the loss as a metric to evaluate how well the model approximates
the optimal values or actions. As illustrated in Fig. 6, when using GA to enhance the weights of a
neural network, the vector of weights of the best solution obtained from GA that has best fitness,
will used to update the weights of the online network. This update occurs only if only the loss
between the GA model and the farget network is lower than the loss of the online network of DDQN
and the target network. This means that the GA model performs better in learning and predicting
the optimal values or actions compared to the online network of DDQN.
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3. EXPERIMENTS

This section presents the evaluation of integrating RL with various deep network models, including
GCN and LSTM-GCN. It explores the impact of GA on deep networks learning, and the effect of
considering vehicle priority at traffic control systems design. This evaluation is a critical measure
in evaluating the model's performance and effectiveness.

3.1. Simulaton Settings

Simulating realistic traffic flows is critical for the optimal traffic reduction, especially during major
events or in public areas like airports, schools, and hospitals. Additionally, simulating the impact
of vehicles and intelligent transportation technologies is better for understanding their capability in
reducing traffic flows. The Simulation of Urban Mobility (SUMO) platform, is designed for
modeling and managing traffic flows in large microscopic networks. We utilize the SUMO platform
to simulate three different types of networks: Suzhou with 12 intersections, Manhattan with 22
intersections, and Cairo with 57 intersections. Fig. 7 shows the netwoks structures. Synthetic traffic
data is applied during the simulation process for all networks.

!

A e e sV “i—|—|_
- Nt
e f“‘x{\x“‘a/’f‘\ . |—-J
C™L X
— NV
/ 5"' Y \
Suzhou Manhattan Cairo

Fig. 7: Experiment Networks Structures

3.2. Software Tools and Environment

In our experiment, we used the Python programming language and various Python libraries,
including torch and pygad.torchga. Google Colab, was used for machine learning training. The
central control agent interacted with the traffic environment using the TraCl package of SUMO.

The proposed model and other competing models are trained for 500 epochs and tested for
20 epochs. Each epoch comprising 1000 simulation steps executed at a rate of 10 steps per second
(the total time is approximately 10000 seconds). For all RL-based approaches, the buffer size of
experience replay is 2000, the batch size is between 50 and150, and the target network weights are
updated every 100 steps. The learning rate is 0.0001, the discount factor y is set to 0.9. The
exploration rate of the agent starts from 0.5 and gradually decreases at each learning step until it
reaches 0.01. In the GCN models, there are 2 hidden layers with 128 neurons in Layer 1 and 64
neurons in Layer 2. The LSTM-GCN models include 3 hidden layers: Layer 0 with 256 neurons,
Layer 1 with 128 neurons, and Layer 2 with 64 neurons. A dropout of 0.3 is applied after each layer,
and ReLU is employed as the activation function. For the GA models, the total number of
generations is set to 100, with 5 parents. GA is employed when the wait cost exceeds 50 thousand
seconds. The agent acts action every a second, and every 20 seconds the wait time is calculated.

During the training/testing process, three distinct types of networks were used: Suzhou, Manhattan,
and Cairo. For each network, vehicles with different priorities were generated with varying
departure times and periods, Table 1 shows the vehicle details during the training/testing process.
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Table 1: Priority and Probability of Vehicle Types in Simulation

Vehicle Type Priority Generating a Vehicle Probability at Each Time Step
Training Test-1 Test-2 Test-3
Normal 1 0.8 0.4 0.7 1.0
Emergency 10 30.0 20.0 25.0 30.0
VIP 7 - 30.0 35.0 40.0

3.3. The Evaluation Methodology

The proposed traffic optimization model uses the average wait time cost of each vehicle type at
each traffic light as the evaluation metrics to measure various algorithms. When a suitable action
is executed, the average waiting time cost at time step t will decrease, leading to a reduced wait
time at intersection. Conversely, the model will receive a higher average waiting time cost if an
unsuitable action is executed. Reducing wait-time cost means effective model learning.

3.4. Performance Evaluation

In our experiment, we conducted the performance evaluations of RL with various deep network
models. We evaluated the impact of the GA and the vehicle type on RL model. Then we compared
the performance of the LSTM-GCN-GA with priority model to the LSTM-GCN with priority, the
LSTM-GCN-GA without priority, the GCN-GA with priority, and Pre-Time models.

3.4.1. Genetic Algorithm (GA)

The integration of GA with RL models achieved significant reductions in the average waiting time.
For example, in the Manhattan network as shown in Fig. 8, the GA models reduced the average
wait time of vehicles by 65.29% for the GCN model, and by 23.72% for the LSTM-GCN model,
as shown in Fig. 8A. Additionally, as shown in Fig. 8B the GA models reduced the average
emergency wait time by 13.36% for the GCN model, and by 80.21% for the LSTM-GCN model.

Manhattan: Testing-3 Vehicle Average Total Waiting Time Manhattan: Testing-3 Emergency Average Total Waiting Time
8 14
12
n w
5 u
E g 1o ¥ 13 36%
= = 08
24 ¥ 23.72% =
E ¥ 65.29% o 06
= E
5 0.4
¥ 80.21%
0.2
0 : : : : 0.0 : . ; :
» o o o » o o o
o o \5@_@ Y\b{}; & g ‘;\,\_Ca s
B B&

Fig. 8: RL with GA Models Average Wait Time in Manhattan Network: (A) All Vehicles; (B) Emergency
Vehicles

3.4.2. Vehicle Priority

Taking the priority of the vehicle into account achieved significant reductions in the average
waiting time. For example, in the Manhattan network as shown in Fig. 9, the models with priorities
reduced the average wait time of vehicles by 64.85% for the GCN model, and by 21.07% for the
LSTM-GCN model as shown in Fig. 9A. Additionally, as shown in Fig. 9B the models with
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priorities reduced the average emergency wait time by 22.28% for the GCN model, and by 83.82%
for the LSTM-GCN model.

Manhattan: Testing-3 Vehicle Average Total Waiting Time Manhattan: Testing-3 Emergency Average Total Waiting Time
8 175
_ _ 150
M n
v 6 v 125
=z E
= = 100 ¥ 22.28%
24 ¥ 2107% =
% ¥ £4.85% o 075
<, < 050
83.82%
025 T :
0 . . . T 0.00 T . T
80, ot o o 20, 2 G o
- o b o 0 ol o W
c&‘!"@@%& & ﬂ\_@&p@“ -c.\e'*'c’L c{-‘:"G\OQ‘& & \f'\-c’c\oq‘\ﬂ \c'*'c’{'
o Gon® 5 W A v

Fig. 9: RL models with/without Priority Average Wait Time in Manhattan Network: (A) All Vehicles; (B)
Emergency Vehicles

3.4.2. The Testing

During the testing process which was performed on three distinct types of networks: Suzhou,
Manhattan, and Cairo. For each network, the vehicles were generated with three varying departure
times and periods: Test-1, Test 2, and Test-3. In Test-1, the test was implemented with heavy traffic;
in Test-2, with moderate traffic; and in Test-3, with light traffic. The evaluation compares the
performance of the LSTM-GCN-GA with priority model to the LSTM-GCN with priority, the
LSTM-GCN-GA without priority, the GCN-GA with priority, and Pre-Time models.

Table 2 shows the testing results of the LSTM-GCN-GA model enhancement percentages
compared to the different models. The results of Test-1 in Suzhou, Manhattan, and Cairo networks
are shown in Fig. 10, Fig. 11, and Fig. 12, respectively. While Fig. 13 , Fig. 14, and Fig. 15 are
the results of Test-2 in Suzhou, Manhattan, and Cairo networks, respectively. And

Fig. 16,

Fig. 17, and Fig. 18 are shown the results of Test-3 in Suzhou, Manhattan, and Cairo networks,
respectively.

The experiment results showed that the LSTM-GCN-GA model significantly reduced
waiting times compared to the Pre-Time model in various scenarios in the mid-sized network such
as Manhattan. The model also showed pretty effectiveness in both smaller and larger networks, like
Suzhou and Cairo, respectively. When comparing the LSTM-GCN-GA model to the LSTM-GCN
and LSTM-GCN-GA-NO-PRIORITY models, the LSTM-GCN-GA model achieved significant
reductions in average waiting times in various scenarios in the mid-sized network, such as
Manhattan, and limited effectiveness in smaller and larger networks, such as Suzhou and Cairo,
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respectively. On the other hand, the GCN-GA model achieved pretty reductions in average waiting
times in the mid-sized network as Manhattan under light traffic conditions and slight reductions in
larger networks like Cairo under moderate traffic conditions. However, in the other scenarios, the
LSTM-GCN-GA model proved more effective with slight reductions compared to the GCN-GA
model.

Table 2: The Testing Results of The Enhancement of the LSTM-GCN-GA Model Compared to Different
Models in Suzhou, Manhattan, and Cairo Networks. (-Reduce, + Increase) %

Model Suzhou Manhattan Cairo
Test-1  Test-2  Test-3  Test-1 Test-2 Test-3 Test-1 Test-2 Test-3
Pre-Time -28.84 -29.71 -30.28 -46.14 -80.86 -84.81 -30.28 -3324 -37.0
GCN-GA -352  -1.65 -434 -1372 -1721 +2395 -235 +141 -093
LSTM-GCN -233  -225 -356 -18.17 -2639 -2372 -3.58 -2.2 -5.35
LSTM-GCN-GA- -345 -196 -816 -33.1 -2732 -21.07 -24 - 1.76 -7.7
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Fig. 11: Test-1 Average Waiting Time in Manhattan Network
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Fig. 13: Test-2 Average Waiting Time in Suzhou Network
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Manhattan: Testing-2 Vehicle Average Total Waiting Time
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Fig. 16: Test-3 Average Waiting Time in Suzhou Network
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Fig. 17: Test-3 Average Waiting Time in Manhattan Network

Cairo: Testing-3 Vehicle Average Total Waiting Time
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Fig. 18: Test-3 Average Waiting Time in Cairo Network

CONCLUSION AND FUTURE WORK

This paper aimed to develop an intelligent traffic control system to optimize traffic lights, and
minimize waiting times, while considering the vehicle type priority, and maximizing their passage
through the network, and avoid collisions. The model combines RL, GCN, LSTM, and GA.

The experiment results showed the effectiveness of the LSTM-GCN-GA with priority
model significantly reducing waiting times in various scenarios and enhancing overall
transportation efficiency.

In the future, we will focus on deploying the LSTM-GCN-GA algorithm in real-time
scenarios, considering factors such as weather and accidents, applying it in large and complex
intersections, and integrating the autonomous vehicles into the network. Additionally, the model
may be expanded to detect accidents and suggest the best pathways.
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