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Abstract: The optimization and control of traffic signals is very important for logistics transportation.
It not only improves the operational efficiency and safety of road traffic, but also conforms to the
direction of the intelligent, green, and sustainable development of modern cities. In order to improve
the optimization effect of traffic signal control, this paper proposes a traffic signal optimization
method based on deep reinforcement learning and Simulation of Urban Mobility (SUMO) software
for urban traffic scenarios. The intersection training scenario was established using SUMO micro
traffic simulation software, and the maximum vehicle queue length and vehicle queue time were
selected as performance evaluation indicators. In order to be more relevant to the real environment,
the experiment uses Weibull distribution to simulate vehicle generation. Since deep reinforcement
learning takes into account both perceptual and decision-making capabilities, this study proposes a
traffic signal optimization control model based on the deep reinforcement learning Deep Q Network
(DQN) algorithm by considering the realism and complexity of traffic intersections, and first uses
the DQN algorithm to train the model in a training scenario. After that, the G-DQN (Grouping-
DQN) algorithm is proposed to address the problems that the definition of states in existing studies
cannot accurately represent the traffic states and the slow convergence of neural networks. Finally,
the performance of the G-DQN algorithm model was compared with the original DQN algorithm
model and Advantage Actor-Critic (A2C) algorithm model. The experimental results show that the
improved algorithm increased the main indicators in all aspects.

Keywords: logistics transportation; traffic signal optimization control; intelligent optimization; deep
reinforcement learning; DQN

1. Introduction

Traffic signal optimization control is a method of the intelligent management of traffic
facilities such as intersections and road sections through technological means, in order
to improve the operational efficiency, safety, and comfort of road traffic. It can improve
logistics efficiency, reduce costs, and improve delivery reliability, while also being in line
with the trend of green environmental protection and information technology development;
in addition, it has a positive role in promoting the sustainable development of the logistics
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industry [1]. The proposal of the concept of intelligent transportation can effectively
enhance the capacity of road transportation. Smart transportation combines technologies
such as the Internet of Things, cloud computing, big data, and artificial intelligence to gather
traffic information through high technology and support the control of traffic management,
transportation, and other transportation fields in order to fully guarantee traffic safety, bring
into play the effectiveness of transportation infrastructure, and improve the management
of transportation systems for smooth public travel and economic development [2]. Among
them, intelligent optimization of traffic signal control is an important application. Most
traditional traffic signal optimization control systems use traditional fixed timing schemes,
which cannot be adjusted according to the real-time status of intersections and are prone
to traffic congestion if the traffic flow is too high. Therefore, many scholars have started
to study Adaptive Traffic Signal Control (ATSC), such as developing new adaptive signal
optimization control systems that set different signals according to different geographical
areas [3]; using pressurized routing algorithms in the field of communication to effectively
reduce traffic congestion and decrease the average travel time of vehicles on the road [4];
introducing greedy ideas and modeling two-dimensional automata matrices for vehicles so
that they can explore rerouting paths in congested areas [5]; and setting up new traffic light
schedules that take holiday factors into account to model the behavior of traffic lights [6].
However, all these ATSC systems rely on manually designed traffic signal schemes, which
have many limitations.

With the development of artificial intelligence and IoT technologies, intelligent traffic
light signal optimization control methods are becoming more and more sophisticated. Com-
pared with traditional traffic signal optimization control methods, intelligent traffic signal
optimization control methods are able to adjust the strategy according to real-time road
conditions. Since the traffic signal optimization control problem is a sequential decision
problem, reinforcement learning is well suited to solve the problem. Noaeen et al. [7]
summarized the applications of reinforcement learning in various areas of traffic signal
optimization control over the last 26 years, exploring all the applied methods and defin-
ing the main first events in the scope, and finally giving suggestions for development.
KuangLi et al. [8] simplified the representation of the states using a generated Q-table, and
proposed a bi-objective reward function to enable an intelligent body to quickly learn the
optimal signal timing strategy. Müller et al. [9] argued that the deployment of reinforcement
learning for traffic signal optimization control lacks safety in realistic intersections, so they
designed a safe action space and action masking mechanism to ensure safety in practi-
cal applications, driving the application of reinforcement learning in realistic scenarios.
Subsequently, Zhao et al. [10] argued that existing reinforcement learning-based traffic
signal optimization control progressed slowly due to poorly designed states and rewards in
reinforcement learning, so they introduced the concept of strength, which ensured that their
states and rewards reflected vehicle states more accurately. Genders et al. [11] compared
two reinforcement learning adaptive traffic signal controllers with the Webster controller
to demonstrate the superiority of reinforcement learning, by developing a new action
selection strategy. Zhang et al. [12] combine reinforcement learning with vehicle wireless
technology. Vehicle wireless technology uses vehicle-to-infrastructure (V2I) wireless com-
munication to detect vehicles, but traditional V2I intelligence detects vehicles equipped
with wireless communication capabilities, and reinforcement learning gives help to this
problem. Boukerche et al. [13], to address the problem that existing methods ignore the
impact of transmission delay on the system exchanging traffic flow information, proposed
a traffic state detection method, and proved to solve the data transmission delay problem
by an experimental comparison. Alegre et al. [14] proposed the TOS(λ)-FB algorithm
and proved its efficiency by combining the Fourier basis function and the reinforcement
learning SARSA(λ) algorithm in order to solve the dimensional explosion problem due to
the large state space. Wang et al. [15] investigated multi-intelligent reinforcement learning
for large-scale traffic signal optimization control problems. A multi-intelligent reinforce-
ment learning algorithm called Co-DQL was proposed with improved local state sharing
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methods and reward allocation mechanisms to improve the robustness of the learning
process. Antes et al. [16] optimized the problem of passing information between intelli-
gences in a multi-intersection traffic environment. They used a hierarchical approach to
increase the basis for action selection of the intelligences and proposed an information-up,
recommendation-down framework to organize reinforcement learning. Experiments show
that this approach outperforms the fixed timing approach and the reinforcement learning
approach without layering. However, when the amount of data increases or the state space
is high-dimensional, the computational and learning capabilities of the above-mentioned
reinforcement learning methods without using neural networks are severely limited.

With the rapid development of deep learning, the application of deep reinforcement
learning is becoming more and more widespread [17], which can be a good solution to
the shortcomings of reinforcement learning. Park et al. [18] developed a traffic signal
optimization control model for a single intersection and two coordinated intersections,
and used DQN and Synchro 6.0 software optimized fixed-time timing for comparison to
demonstrate the effectiveness of deep reinforcement learning algorithms. Zhao et al. [19]
used a combination of the convolutional neural network (CNN) and Recurrent Neural
Network (RNN) with an additional layer of Long and Short-Term Memory neural net-
work (LSTM) in the outer layer of CNN by proposing a new Deep Recurrent Q-Learning
(DRQN) algorithm able to define the reinforcement learning states as matrices to better
characterize the environment. Wan et al. [20], on the other hand, used a CNN model to
compare with a DNN model experiments and modeled traffic intersections using VISSIM
simulation software. The experiments proved that the CNN model has a better ability to
extract features than the DNN model. Zou et al. [21] combined Bayesian methods with
reinforcement learning to solve the overfitting problem of neural networks and to speed
up the training of neural network models. Chu et al. [22] used for the first time a three-
dimensional reinforcement learning state; the data were taken using photos by intersection
cameras and vehicles were visualized using Sumo-web3d 3D visualization tool. To better
extract data features, experiments were conducted using three algorithms and two combi-
nations of neural network model permutations, and the results showed that DQN + CNN
worked best. Muresan et al. [23] used the idea of migration learning to apply the model
training method for a single intersection to multiple intersections and simulated the real
scenario using SUMO simulation software. Alhassan et al. [24] used the DQN algorithm
to perform traffic optimization on four different SUMO-simulated streets and re-planned
the streets. Bouktif et al. [25] combined a dual deep Q-network (DDQN) with a priority
experience replay (PER) mechanism and proposed a new method for defining states and
rewards. They adopted this method to optimize the agent’s strategy for selecting actions,
allowing the agent to select the best action faster. Su et al. [26] believed that the scalability
of existing optimization algorithms for signal light control was bad, and the current deep
reinforcement learning algorithms had the problem of overestimating the Q-value. There-
fore, they reduced the dimensionality of the action space and proposed a dynamic delayed
update method based on Exponential Weighted Moving Average (EWMA) to optimize the
algorithm and improve the performance of the model. Due to the increasingly widespread
application of neural networks, they are being used in more than just transportation [27,28].
This proves the widespread application of neural networks in various industries.

In response to the above findings, it was found that the original DQN algorithm using
DNN to represent the Q function was not as effective as CNN and RNN, and CNN was the
most effective. Many studies overlook the detailed description of the traffic environment,
which can affect the convergence speed of neural networks. This also leads to the inability
of ordinary structured CNN to adapt well to complex traffic situations. This article starts
with the design of reinforcement learning states, then improvement of the CNN structure,
and adjustment of action selection strategies. Thus, the main contributions of this paper,
based on the previous academic studies, are the following:
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(1) By improving the action selection strategy of deep reinforcement learning, the model
can be trained faster, and the number of vehicle queues can be effectively reduced by
experimental verification.

(2) Based on the DQN algorithm, the G-DQN algorithm is proposed. The algorithm
redefines the state and reward in the three elements of reinforcement learning, and
improves the original CNN network structure into a dual-channel CNN, so that
it can reflect the state of the traffic intersection more accurately and improve the
performance of the model, and its optimization effect is proved to be better than the
DQN algorithm, the A2C algorithm and the fixed signal timing strategy through
comparison experiments.

(3) The experiments are modeled and simulated by SUMO simulation software, and the
Weibull distribution is used to simulate the traffic flow in the real environment.

The composition of the remaining part of the paper can be summarized as follows.
Section 2 provides a detailed introduction of the basic tools and methods used in the study.
Section 3 explains the construction and implementation of the G-DQN model. Section 4
explains the method of data generation and the way of conducting the experiments to
demonstrate the universality and superiority of the proposed G-DQN in two optimization
objectives by comparing it with the original DQN algorithm, A2C algorithm, and current
fixed signal timing methods. Finally, in Section 5, the research conclusions and innovative
directions for future works are presented.

2. Related Work

This section introduces SUMO 1.14.1 simulation software and deep reinforcement
learning methods, providing theoretical support for the following experiments.

2.1. SUMO Traffic Simulation Software

SUMO (Simulation of Urban Mobility) is an open source, microscopic, multi-modal
traffic simulation software. Its microcosm is reflected in the fact that each vehicle is explicitly
modeled with its own individual route of movement in the road network structure. It
allows to simulate how a complex traffic flow consisting of many individual vehicles moves
through a given road network structure after a given traffic demand. The simulation
software solves a large number of traffic management problems by simulating vehicle
movements for different vehicle types at spatially continuous and temporally discrete
times, and by managing road network structures of up to 20 lanes in both directions,
supporting lane changes, multi-lane streets, and different access rules. SUMO has a fast
OpenGL graphical user interface that enables the user to design each element of each
roadway at an intersection, including the number of roadway strips, directions, and the
number of lanes, the location of traffic signals and the phase sequence and duration of
traffic signals. In addition, the package Traci in SUMO can easily enable it to communicate
with python, which facilitates the simulation. By calling Traci, various data from the traffic
simulation, such as vehicle waiting time, number of vehicles on the road, and vehicle speed,
can be obtained in real time. From this, the real-time traffic status of the intersection can be
obtained and the optimization control strategy of the signal can be adjusted [29].

In SUMO, a simulation requires several configurations: a road network file (.net.xml),
a traffic flow file (.rou.xml), an additional file (.add.xml), and an executable file (.sumocfg).
Among them, road network files, traffic flow files, and executable files are indispensable.
The working principle of SUMO simulation software is as follows:

(1) Create a road network file. A road network file is used to generate the scenarios
required for the experiment, including various parameters of the intersection, such as
the number of lanes, lane distribution, lane length and transition rules. It has three
ways to generate these. The first is to write the code manually. The second is to design
through SUMO’s own netedit road network editor. The Netedit road network editor
can be very convenient for users to directly draw any shape of road network in the
editor. The signal light control phase can also be generated by the editor. The third is
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to download the real-world road network through OpenStreetMap to generate the
osm file, and then convert it into a road network file.

(2) Create a traffic flow file. A traffic flow file is used to generate vehicles and their
attributes, including various parameters of vehicles, such as vehicle ID, vehicle type,
vehicle color, and lanes entered and left. The traffic file is intelligently generated by
manually writing code.

(3) Create an executable file. An executable file should be configured with the file names
of the two files mentioned above, so that the road network and traffic flow can be
combined for simulation.

(4) Start simulation. Open sumo-gui in the bin directory and open the configured exe-
cutable file to start the simulation.

2.2. Deep Reinforcement Learning

Deep reinforcement learning (DRL) has become one of the hot spots in artificial
intelligence research. DRL comes from deep learning that has been applied in the recent
past in several research fields [30–34]. DRL has also been widely used in various fields such
as recommender systems, robot control, end-to-end control, and natural language dialogue
systems. It integrates the perceptual ability of deep learning and the decision-making
ability of reinforcement learning to first explore and optimize the system objectives through
reinforcement learning, and then, second, to solve the optimization control strategy problem
through deep learning algorithms. This is with the aim to understand the dimensional
explosion problem caused by the lack of storage space of reinforcement learning algorithms,
so as to optimize the objective function of the system and seek the optimal value of
the system.

As shown in Figure 1, in the process of reinforcement learning, the agent and the
environment are constantly interacting, which is a sequential decision problem. Generally,
reinforcement learning problems are regarded as Markov decision processes (MDPs). MDPs
are a mathematical model for sequential decision making, which include a set of interactive
objects such as environment and agent. In addition, they also includes five model elements:
state, action, reward, strategy, and value function. Based on these elements, MDPs calculate
the optimal strategy, which is how to select the best action in each state to maximize the
expected cumulative reward [35]. At each moment the intelligence receives a state from
the environment, and based on such a state, the intelligence makes a corresponding action,
which then acts on the environment and gives the intelligence a reward and the next state,
and the intelligence selects the action for the next state based on the effect of the reward on
the strategy. By continuously cycling the above process, the optimal strategy to achieve the
goal is finally obtained. The value function is divided into a state value function and an
action value function, which evaluate the state and action, respectively, and their results
are the expectation of cumulative rewards.
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The neural network in deep learning has strong feature extraction capability, which
can process features more easily and no longer requires manual feature extraction. Espe-
cially in large-capacity data processing, the effect of deep learning algorithms has obvious
advantages over traditional artificial intelligence algorithms.

This study applies a convolutional neural network, as shown in Figure 2. The learning
process of deep reinforcement learning can be described as follows:

(a) The established single-intersection training scenario is implanted into SUMO sim-
ulation software to form SUMO’s intersection environment and we use Weibull
distribution to simulate vehicle generation and generate traffic flow data.

(b) The traffic flow data are processed using the functions under the vehicle module in
the Traci interface to calculate the state and reward, the Q-value is calculated from the
reward, and the state and Q-value are passed into the convolutional neural network
for training.

(c) The convolutional neural network will use the output generated by each turn pre-
diction, i.e., action, for decision making until the specified training turn is reached,
and it will feed back to the SUMO intersection environment to change the phase of
the signal in SUMO. In addition, the queue length and queue time of vehicles in the
traffic system for each round will be counted.

(d) When the convolutional neural network completes the prescribed training rounds,
the queue length and queue time of vehicles in the traffic system for each round are
compared to verify the performance improvement in the improved algorithm.
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Since the value function-based reinforcement learning algorithm is more suitable for
dealing with continuous state space and discrete action space problems, this study uses
the DQN algorithm as the basis for improvement, so as to perform intelligent optimization
of regional traffic signal optimization control. The naming table of variables is shown
in Table 1.
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Table 1. Nomenclature table.

Parameter Name Parameter

State s

Action a

Reward r

Time step t

Action selection strategy π

Neural network parameters θ

Experience pool size M

Learning rate α

Discount factor γ

Target network update period C

The DQN algorithm is an improved algorithm based on the q-learning algorithm of
reinforcement learning, which uses neural networks in deep learning to record the action
values in each state. The input of the network is the state information and the output is the
value of each action to optimize the action decision in the next state. the DQN algorithm
contains a Q-value function and a V-value function, and the algorithm uses the Q-value
function to evaluate the goodness of the current state it is in. The Q-value function is the
value of taking an action at with a state shift probability of P in the current state st under
a specific strategy π, and the V-value function is the average value in the current state st.
The Q-value function is calculated as Equation (1) and the V-value function is calculated as
Equation (2) as follows [36]:

Qπ(st, at) = ∑
st+1

Pat
st→st+1

[r(st, at) + γV(st+1)] (1)

Vπ(st) = ∑
at

π(st, at)∑
st+1

Pat
st→st+1

[r(st, at) + γV(st+1)] (2)

where Qπ(st,at) is the Q-valued function, and Vπ(st) is the V-valued function; γ represents
the degree to which the agent is concerned about future benefits, and a larger value indicates
that the agent is more concerned about future benefits.

The DQN algorithm adds experience replay and objective network mechanisms [31].
The experience replay mechanism can store the experience (consisting of five parameters:
current state st, action at, reward r, next-turn state st + 1, and whether to reach the scheduled
turn True/False) in the experience pool, and then each time the input of the neural network
is randomly sampled from the experience pool, which can break the correlation between
the data and make the data satisfy independent identical distribution, thus reducing the
parameter update. This can break the correlation between the data and make the data
meet independent homogeneous distribution, thus reducing the variance in the parameter
update and improving the convergence speed of the network. Meanwhile, the target of
the network mechanism is to build a network with the same structure on the basis of
the original network, but the time to update the parameter θ is different. θ is the weight
parameter of the convolutional neural network model. A continuous function Qθ(s,a)
with parameter θ is established in the DQN algorithm to approximate Qπ(s,a), and Q(st,at)
is calculated from the current state st, action at as the output result of the network r +
Q(st+1,at+1) is the target value, and the iterative update Formula (3) is as follows:

Q(st+1, at+1)← Q(s, a) + α[r + γmax
at+1

Q(st+1, at+1)−Q(s, a)] (3)
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Since the parameters of the original network are updated in real time during the
training process, while the target network parameters and the target value r + Q(st+1,at+1)
are constant, the introduction of the target network increases the stability of learning.
These two mechanisms are a good solution to the problems of neural networks that cannot
guarantee convergence, training instability and training difficulties.

In addition, the DQN algorithm also has a loss function to calculate the error between
the predicted value of the intelligent agent and the actual value. The definition of loss
function L is shown in Formula (4):

L = [r + γmaxQ(st+1, at+1; θ‘)−Q(s, a; θ)]2 (4)

The loss function can help the agent learn more accurate Q values, promote their
exploratory behavior, and avoid the overfitting of neural networks.

3. Traffic Signal Optimization Control Model

In the reinforcement learning framework, the intelligent body is always interacting
with the environment. The intelligent body contains three elements, i.e., state, action and
reward. The definition of the elements directly affects the performance of the algorithm,
and how to define the elements is the key to build the traffic light optimization control
model. The following is the definition of the environment, the three elements of rein-
forcement learning, the learning strategy and the convolutional neural network in the
G-DQN algorithm.

3.1. Environment

The scenario used in this study is shown in Figure 3, which is an intersection with eight
lanes in both directions. The traffic flow file is generated using a Weibull distribution, where
each generated car is assigned a random origin and destination. The Weibull distribution
is a continuous probability distribution function with an overall increase followed by a
decrease, which fits well with the pattern of high and low traffic peaks. The environment
for the scenario is defined as follows:
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Lanes: The lanes of an intersection are divided into an approaching lane and an exiting
lane. The lane in which the vehicle is approaching the intersection is the entry lane, and
the lane in which the vehicle is exiting the intersection is the exit lane, with four exit lanes
and four entry lanes in the same direction. The four entry lanes consist of two straight
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lanes, one left-turn lane and one right-turn lane, and the vehicle movements are randomly
assigned to straight, left-turn and right-turn movements.

Traffic signals: In the traffic movement, each approach lane to the corresponding exit
lane has a corresponding traffic signal to direct the vehicle movement. Among them, the
red light represents the prohibition of vehicle movement, the green light represents the
permission of vehicle movement, and the yellow light represents the buffer between the
red and green lights, and the vehicles that have crossed the stop line can continue to pass.
In general, right turns are not subject to traffic signals.

Phase: Phase represents the set of all non-conflicting signal combinations at an in-
tersection, each representing the state of passage at the intersection at that moment. For
example, the east–west direction allows straight ahead and right turn, but not left turn; at
this time the traffic signal for the east–west straight ahead lane is green, while the signal for
the left turn lane is red.

Phase sequence: Phase sequence refers to the combination of several phases in the
phase set, which is used to control the sequence of phase changes and is the strategy
adopted by the intelligence after learning, and is also the main optimization goal.

The problem of traffic signal optimization control can be defined as the intelligent
body as an intersection, the state s of the intersection, the action a selected by the intelligent
body from a predefined set of actions, the reward r derived from the reward function,
the time step t, the policy π, and the value function Qπ(s,a) under that policy. First, the
intelligence perceives the environment and receives the current state st. Then, the next
action at is selected based on the current state st and previous experience, and the selected
action yields the reward rt and the value function Qπ(st,at) for this time. The value of
this action is then evaluated by the reward rt and the value function Qπ(st,at) for this
time. Finally, these experiences are used to train the convolutional neural network, which
updates itself by continuously receiving states and rewards from the environment and
can dynamically select the phase sequence of traffic signals by learning from historical
experiences. However, the traffic signals must follow the corresponding rules of operation,
and the duration of the phases in this study model is fixed and can be adjusted according
to the experimental effects. Within the same time step, there must be lanes in the phase
that are in the green or yellow light state, and there cannot be a state where the entire
intersection is red.

The design process of the simulation environment is as follows:

(1) Construct a bidirectional eight lane intersection environment in netedit of SUMO
simulation software.

(2) Use Python to write classes that generate vehicles. This function uses the Weibull
distribution function to generate traffic flow files. It ensures that the vehicles in the
environment are randomly generated.

(3) Write simulation classes through the Traci interface in Python. Traci is an interface
between SUMO and Python, and its built-in functions can help Python set or obtain
information in SUMO. For example, traci.start() can call SUMO to start simulation;
traci.vehicle.getIDList() can be used to obtain the vehicle ID; traci.vehicle.getRoadID()
can be used to obtain the road ID; traci.vehicle.getSpeed() can be used to obtain the
vehicle speed; traci.vehicle.getAccumulatedWaitingTime() can be used to obtain the
cumulative waiting time of the vehicle; traci.trafficlight.setPhase() sets the phase of
the signal light; traci.vehicle.getPosition() can be used to obtain vehicle position; etc.
We use these functions to control and obtain information from simulation software.

(4) Import the simulation environment code into the deep reinforcement learning algo-
rithm and connect it with the neural network model framework for experiments.

3.2. State

The state in deep reinforcement learning is used to describe the current characteristics
of the environment, which is generally used as the input of the neural network to provide
the basis for the decision of the intelligence. In related studies, the state of an intersection is
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usually represented by a matrix as input to a convolutional neural network in order to better
represent the features of the intersection and to minimize the training time of the neural
network. First is the vehicle location matrix: since the congestion level of the intersection
depends mainly on the approach lanes, the four approach lanes in each direction of the
intersection are divided into 10 cells of the same size; i.e., a 16 × 10 matrix can be generated.
If a vehicle exists in the cell, the state is set to 1; otherwise, it is 0. Secondly, the speed
matrix: the speed matrix is also a 16 × 10 matrix, and the data in the speed matrix are
the average speed of all vehicles in the cell. In addition, to facilitate convolutional neural
network training, the speed matrix is normalized and all the data in the matrix are divided
by the road speed limit.

It is indeed a simple and efficient way to model the intersection by discretizing the
approaching lanes into cells, but for the actual road conditions, the closer the vehicles are
to the intersection, the greater the impact on the current traffic environment. Therefore,
in order to more accurately reflect the state of the intersection, this paper introduces the
idea of cluster series. The cluster series originates from the Warring States “Sun Bin Art of
War—Ten Array”, which is a series of numbers {an} grouped according to a certain regular
geometric pattern. The common arrangements of numbers are from small to large order,
an “S” arrangement, the Yang Hui triangle arrangement, and other forms. The common
grouping forms are triangle, rectangle, trapezoid, sawtooth, a long snake formation form,
etc. For example, given a series {an}: a1, a2, a3, a4 . . . in accordance with the rules of the
equal difference series tolerance of one grouping order, then you can obtain the sequence of
the group as a unit: (a1), (a2, a3), (a4, a5, a6) . . . In order to reflect the impact of the vehicle
distance from the intersection on the road conditions, it will drive into the lane. The 10
cells {a10} delineated (in order from near to far from the intersection) are divided into four
groups, namely (a1), (a2, a3), (a4, a5, a6), (a7, a8, a9, a10); for the reasonableness of weight
assignment and convenience of neural network training, the normalized matrix should be
kept as normalized as possible, so the values in it are assigned weights 0.4, 0.3, 0.2, and 0.1,
respectively, indicating the degree of influence on road conditions.

3.3. Action

Action in deep reinforcement learning is the interaction between the intelligence and
the environment, determined by the current state and the reward of the feedback. In order
to allow the traffic to pass through the intersection as soon as possible and to improve the
efficiency of vehicular traffic at the intersection, the actions defined in this paper caused
the signal of a set of lanes to turn green in one cycle. All possible actions are defined as a
set of phases:

A = {EW, EWL, SN, SNL} (5)

where EW is the east–west-direction-driving vehicles that can go straight and turn right;
EWL is the east–west-direction-driving vehicles that can only turn left; SN is the north–
south-direction-driving vehicles that can go straight and turn right; and SNL is the north–
south-direction-driving vehicles that can only turn left. Since the phase sequence is the
main optimization target, in this study we set the duration of green and yellow lights as
fixed values, which were set to 12 s and 4 s, respectively, and the remaining time was the
duration of red lights. When the intelligent body selected the action, if the two actions
before and after were consistent, it would continue to maintain the original signal light; if
not, it would add a yellow light to buffer between the switching of red and green lights.

3.4. Reward

The goal of reinforcement learning intelligence is to maximize the total reward that
can be obtained when the learning is completed, so the setting of the reward function
is particularly important, which is the learning direction of reinforcement learning. In
previous studies, most models simply designed the reward function as the change in
cumulative waiting time between adjacent cycles [37]. This approach has appeared in many
previous studies, and using only a single cumulative waiting time change cannot accurately
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describe the traffic environment in the environment. The variables in the reward function
need to be closely related to the optimization objective of the model, so the reward function
was defined in this paper as a weighted linear combination of the change in cumulative
vehicle waiting time T and the cumulative duration of the yellow light Y as the intersection
road conditions deteriorate. Both indicators reflect the effect of the model to improve traffic
after learning. The value of T is the waiting time of all vehicles in the previous time step
minus the waiting time of all vehicles in the current time step, which is negative when
the road conditions become worse. The Y value is the duration when the signal light
switches to yellow. Due to the high traffic flow at the intersection studied in this article,
the longer duration of the traffic lights can improve the passing rate of vehicles. Frequent
phase switching can easily lead to vehicle congestion. Finally, the reward function can be
expressed as follows:

R = k1T + k2Y k1 + k2 = 1, k2 < k1 (6)

where k1 and k2 are the weights of T and Y, respectively, and the size of k1 and k2 is
constrained because of the large influence of T on the optimization effect.

3.5. Action Selection Strategy

In order to prevent the neural network training from always training in the direction
of the maximum value function, i.e., the intelligent body always uses the action that
maximizes the reward function when making action decisions, which leads to overfitting
the neural network, in this paper we used ε-greedy as the action selection strategy. The
idea is that the intelligence selects the action with the greatest known reward with the
probability of 1 − ε at each decision, called exploitation, and randomly selects an action
from the set of actions with probability of ε, called exploration:

a =

{
argmaxQ(s, a), 1− ε

a
random(A), ε

(7)

The purpose of this strategy is to prevent the neural network from overfitting caused by
training in the direction of maximum Q value all the time after it starts training, which can
enable the intelligence to choose the appropriate learning strategy in a limited number of
rounds and achieve a balance between exploitation and exploration to obtain the maximum
cumulative reward. Although the strategy does play a certain optimization role for the
neural network, the direction of action selection is basically fixed after the neural network
is trained for many rounds, and too high a ε value will affect the convergence speed of
the model. Therefore, in this paper, ε was dynamically adjusted during the training of
the neural network, and was set to 1 at the beginning of the training, and then decreased
according to the number of training rounds. This avoided the overfitting of the neural
network and also sped up the convergence of the model.

3.6. Convolutional Neural Network

Since the deep reinforcement learning state of this study extracted two feature matrices,
a dual-channel CNN design was adopted in order for the neural network to obtain more
information about the traffic intersection. The dual-channel CNN obtained double the
local features by different inputs, which could describe the current traffic state more
accurately compared with the single-channel CNN. The model structure is shown in
Figure 4. Firstly, the model contained two parallel networks with input position and speed
matrices, respectively, which underwent feature extraction by two convolutional layers;
then, the Flatten layer flattened the refined features; the concatenate layer was responsible
for uniting the features; and finally the fully connected layer was added to integrate and
extract the data.
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The network uses relu activation function for all convolutional and fully connected
layers except the last fully connected layer, which uses liner activation function to output a
traffic light signal that matches the action space.

The G-DQN algorithm process is shown in Algorithm 1:

Algorithm 1 Steps of G-DQN algorithm.

Input
Initialize the number of training rounds episodes, the number of training steps per round
Initialize the optimization network Q and the parameter θ. The target network Q’= Q and the
parameter θ’
Initialization batch, experience pool size M, learning rate α, discount factor γ, learning strategy
probability ε, target network update period C
Start
For each episode:
Initialize the environment and divide the lanes into groups to obtain the state s

For each step of episode:
Select an action a randomly with probability ε or with probability 1 − ε a = argmax

a
Q(s, a),

ε = 1 − (episode/episodes)
Execute action a to get new state s‘ and reward r
Store (s,a,r,s‘) in the experience pool
Get the batch group(s,a,r,s‘) from the experience pool
target y = r + max

a
Q(s’, a)

Update the parameter θ of the Q network so that Q(s,a) approximates the target y
Update state s = s’, step += 1
When step is divisible by period C, update the target network Q’ = Q

End for
End for
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4. Results

This section is the experimental part of the article, which first introduces the experimen-
tal environment and explains the method of generating data. Then, the experimental results
are explained in detail, and a comprehensive comparison is made between the G-DQN
algorithm and the other three methods to prove the effectiveness of the G-DQN algorithm.

4.1. Experimental Environment

The hardware environment in this paper is 11th Gen Intel(R) Core(TM) i5-11300H @
3.10GHz, the simulation environment is SUMO 1.14.1, the deep learning framework used
is Keras, and the experiments are run in python 3.8.

The hyperparameter settings are shown in the following Table 2.

Table 2. Hyperparameters.

Hyperparameter Value

Number of training rounds episodes 30
Number of training steps per round steps 5400

Batch size 20
Experience pool size M 50,000

Learning Rate α 0.001
Discount Factor γ 0.75

Initial learning strategy probability ε 1.0
Target network update cycle C 500

Green light duration 12
Yellow light duration 4

k1 0.8
k2 0.2

4.2. Experimental Data

The two parameters of the Weibull distribution, shape parameters and scale parame-
ters, both have intuitive physical meanings. The shape parameter determines the shape of
the distribution, while the scale parameter determines the scale of the distribution. This
makes the analysis results easier to interpret and apply to practical problems. As shown
in Figure 5, when the shape parameter of the Weibull distribution is 2, the Weibull distri-
bution coincides with the peak hour traffic flow, showing a trend of increasing first and
then decreasing [38]. Therefore, in order to make the experiment more realistic, we used
the Weibull distribution in simulating vehicle generation. The Weibull distribution is a
continuous probability distribution with probability density of [39]:

f (x; λ, k) =

{
k
λ (

x
λ )

k−1e−(
x
λ )

k
x ≥ 0

0 x < 0
(8)

where x is the random variable, λ > 0 is the scale parameter, and k > 0 is the shape parameter.
When k = 1, it is an exponential distribution; when k = 2, it is a Rayleigh distribution. The
number of vehicles during the peak traffic hours showed a trend of rising and then falling,
with the number of vehicles rising steadily at the beginning and gradually entering the
peak hours; after the peak, the number of vehicles gradually decreased. Our experiments
used the Traci interface in SUMO to associate SUMO with python, specifically defining a
class for generating vehicles; the class initialized the total number of vehicles and the total
number of steps in the experiment, and the class defined a function for generating vehicles,
the function’s function would randomly generate 1000 vehicles as the experimental data
source; and each vehicle was set with a random initial place and destination.
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4.3. Experimental Results

In this paper, we first experimented with a dynamic ε-greedy action selection strategy.
The experimental process made ε dynamically adjustable, set to 1 at the beginning of
training, and then afterwards it was each round minus the current number of rounds,
divided by the total number of rounds. This avoided overfitting of the neural network and
also sped up the convergence of the model. In order to verify the feasibility of this approach,
a comparison experiment was set up in this paper, with a fixed ε = 0.9 action selection
strategy according to the reference, and both experiments used the convolutional neural
network DQN algorithm for model training and a final round of testing. The analysis was
performed in terms of the metric of the number of vehicles in the queue, and the comparison
of the two methods is shown in Figure 6. During testing, the number of vehicles queuing in
the environment optimized by the dynamic ε-greedy method was significantly less than a
fixed ε-Greedy method. This indicates the dynamic ε-greedy method has a stronger traffic
diversion ability and can maintain vehicles at intersections at a relatively low level.
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In summary, the dynamic ε-greedy action selection strategy is significantly better than
the static ε-greedy action selection strategy. Therefore, we applied dynamic ε-greedy to
the original DQN algorithm and continued to optimize the algorithm. In this paper, we
proposed a road division strategy based on subgroup series for obtaining traffic states. Since
vehicles close to intersections have a greater degree of traffic impact and thus cause more
traffic pressure, we proposed the G-DQN algorithm by dividing the divided intersection
cells into groups. The larger the weight of the group closer to the intersection, the greater
its impact on the traffic road condition was indicated. Compared with the average way of
dividing roads, the method proposed in this paper can reflect the current traffic state more
accurately, and at the same time can normalize the matrix, which is convenient for neural
network training.

We conducted model training and testing on the G-DQN algorithm, DQN algorithm,
A2C algorithm, and signal light fixed-timing scheme in the same environment, and com-
pared and analyzed three indicators: cumulative reward, average waiting time, and average
queue length. Among them, the cumulative reward reflects the speed of the rate of conver-
gence of the neural network, which is used to display the quality of the traffic conditions
laterally. Due to the lack of cumulative reward indicators in the fixed timing scheme of
signal lights, the comparison of cumulative rewards among the three deep reinforcement
algorithms is shown in Figure 7. At the beginning of the algorithm, the cumulative rewards
of the G-DQN algorithm first declined to a certain extent, and the cumulative rewards of
the DQN algorithm were more stable, while the A2C algorithm, as a new deep reinforce-
ment learning algorithm, had a more stable state. With the training to about five episodes,
the performance of the G-DQN algorithm was significantly better than that of the DQN
algorithm, the G-DQN algorithm had a faster rate of convergence than DQN, and the
performance of the final convergence was similar to that of the A2C algorithm.
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The average queue length comparison of the four methods is shown in Figure 8. At the
beginning of training, the number of vehicle queues in the G-DQN algorithm environment
was higher than the other three methods, and the stability of these three methods was
better than that of the G-DQN algorithm at the beginning. However, after several rounds
of training, the number of queued vehicles in the G-DQN algorithm environment sharply
decreased. The number of queued vehicles in the environment was the lowest among
the four methods, and the convergence trend appeared faster than in the DQN algorithm
environment, reflecting the performance superiority of the G-DQN algorithm.
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The cumulative queue time comparison of the four methods is shown in Figure 9.
Similarly, at the beginning of the training, the three deep reinforcement learning algorithms
did not converge, with large fluctuations, and the cumulative queue time was even higher
than the signal fixed-timing scheme. However, after several rounds of training, the effect of
the three deep reinforcement learning schemes was obviously better than that of the signal
light fixed-timing scheme. Compared with the DQN algorithm, the cumulative waiting
time under the G-DQN algorithm environment was less than that under the DQN algorithm
environment, and the rate of convergence of the G-DQN algorithm is significantly faster
than that of the DQN algorithm. Compared with A2C, although the G-DQN algorithm
had lower stability, the vehicle queuing time in the environment was shorter than that of
A2C algorithm.
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Finally, we conducted a round of testing on four methods and analyzed and compared
the number of queued vehicles under simulated road conditions lasting for 90 min. The
experimental results are shown in Figure 10. At the beginning of the testing phase, the
number of vehicles queuing in all four methods’ environments increased, with the A2C al-
gorithm environment having the least number of vehicles queuing. Under the environment
of fixed-signal timing scheme, the number of vehicles queuing up was obviously more
than the three deep reinforcement learning algorithms, which proves the feasibility of the
deep reinforcement learning algorithm. And within 1200 steps of testing, the number of
queued vehicles in the DQN algorithm and A2C algorithm environments was less than that
in the G-DQN algorithm environment, which is consistent with the conclusion of the model
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training process mentioned above. As the testing progressed, the stability of the G-DQN
algorithm began to manifest. In the G-DQN algorithm environment, the increasing trend
of the number of queued vehicles was slow, and the peak value of queued vehicles was
smaller than that in the A2C algorithm environment. After 2000 steps, there was a clear
downward trend, and the number of queued vehicles in the environment was almost zero
when the algorithm converged. Due to the lack of improvement in the state and rewards of
the DQN algorithm, it cannot effectively capture the features in the environment, which
can have an impact on optimization. Therefore, there was a significant fluctuation in the
number of queued vehicles in the DQN algorithm environment, which proves that the
DQN algorithm is not very stable, and the number of queued vehicles when the algorithm
converges is significantly higher than in the G-DQN algorithm. Although the number of
queued vehicles in both the G-DQN and A2C algorithm environments tended to zero in
the end, it can be seen that the number of queued vehicles decreased faster in the G-DQN
algorithm environment. Therefore, the comprehensive performance of the G-DQN algo-
rithm is better. However, the G-DQN algorithm started to have poor stability, which is an
aspect to be optimized in the future.
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In summary, as shown in Table 3, during the entire experiment, the fixed timing of the
signal lights did not learn any traffic information, so the performance was poor. The other
three reinforcement learning algorithms all apply better dynamics than the ε-Greedy strat-
egy to select actions. According to the cumulative reward comparison in Figure 7, all three
deep reinforcement learning algorithms tended to converge during the training process,
and the G-DQN and A2C algorithms converged more stably. According to the comparison
of vehicle queue length and cumulative waiting time in Figures 8 and 9, G-DQN and A2C
showed better performance during the training process, with both indicators maintained
at lower levels. Therefore, in the final testing phase, the G-DQN and A2C algorithms
were able to handle 1000 vehicles in the environment well, ensuring that there were no
congested vehicles in the final testing phase of the environment. The difference lies in the
G-DQN reflecting the state of the intersection in more detail, optimizing the details of the
model, designing a more realistic state space, and providing more comprehensive rewards.
Therefore, the neural network has faster convergence speed and better performance. The
experimental results show that when the intersection enters peak hours, the model trained
by the G-DQN algorithm can arrange the traffic lights in a more reasonable phase. This
optimizes the traffic environment with signal lights, improving the operational efficiency
and safety of road traffic.



Electronics 2024, 13, 198 18 of 20

Table 3. Comparison of experimental results.

Accumulated
Rewards

Average Queue
Length (Vehicles)

Cumulative
Queuing Time (s)

Number of Vehicle
Queues Tested
(Vehicles)

Neural Network
Convergence Step
during Testing

G-DQN −12,935.5 4.9 26,676 0 3200

DQN −22,209.0 7.2 38,870 32 4100

A2C −13,709.3 5.5 29,524 0 3600

Fixed - 8.0 40,538 95 -

5. Conclusions

The optimization and control of traffic signals is of great significance for improving
logistics efficiency, improving distribution reliability, optimizing distribution networks, and
improving the level of logistics informatization. It can promote the healthy development
of the logistics industry. Deep reinforcement learning provides a method to optimize the
signal optimization control system and provides a solution for urban traffic optimization
control. In this paper, the DQN algorithm based on a convolutional neural network (CNN)
model is used to model regional traffic, and then the concept of grouping sequence is
introduced on the basis of the algorithm, and the G-DQN algorithm is proposed. We
compared the optimization performance of the DQN algorithm, G-DQN algorithm, and
A2C algorithm. Experiments have shown that the G-DQN algorithm has significant advan-
tages in dealing with the optimization control of regional traffic lights during peak hours.
After optimization, the number and time of vehicle queues in the area are significantly
better than other methods, making it more suitable for dealing with the current traffic
congestion problems in large cities. This work systematically studied the optimization
control of regional traffic signal lights and achieved some research results with theoretical
and practical application value. However, with the increase in urban vehicles, the number
of high-volume traffic intersections will also increase day by day, and constructing a single
intersection traffic model can no longer meet the needs of the intelligent transportation field.
In the future, we will first consider optimizing traffic signal control in multi-intersection
areas and regulating traffic signals in more complex environments by using more complex
road network environments, such as irregular multiple intersections and intersections
with more than four directions, and using more complex traffic environments, such as
adding buses or sidewalks. Secondly, we will focus on improving more advanced deep
reinforcement learning algorithms, such as A3C, Twin Delayed Deep Deterministic Policy
Gradients (TD3) and Reinforcement Learning with Expert Demonstrations and Minimal
Losses (REM). We will add convolutional layers to the neural networks in these algorithms
for finer feature extraction, and consider adding residual networks to improve network
performance. Finally, we will further adjust the definitions of status and rewards to provide
a more detailed description of the transportation environment.
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