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Abstract

This study investigates the application of the Dueling Double Deep Q-Network (3DQN)
algorithm to optimize traffic signal control at a major urban intersection in Danang City,
Vietnam. The objective is to enhance signal timing efficiency in response to mixed traffic
flow and real-world traffic dynamics. A simulation environment was developed using the
Simulation of Urban Mobility (SUMO) software version 1.11, incorporating both a fixed-
time signal controller and two 3DQN models trained with 1 million (1M-Step) and 5 million
(5M-Step) iterations. The models were evaluated using randomized traffic demand sce-
narios ranging from 50% to 150% of baseline traffic volumes. The results demonstrate
that the 3DQN models outperform the fixed-time controller, significantly reducing vehicle
delays, with the 5M-Step model achieving average waiting times of under five minutes. To
further assess the model’s responsiveness to real-time conditions, traffic flow data were
collected using YOLOv8 for object detection and SORT for vehicle tracking from live camera
feeds, and integrated into the SUMO-3DQN simulation. The findings highlight the robust-
ness and adaptability of the 3DQN approach, particularly under peak traffic conditions,
underscoring its potential for deployment in intelligent urban traffic management systems.

Keywords: deep Q-network; fixed-phase; traffic signal control; SUMO simulation; mixed
traffic flow

1. Introduction
Traffic congestion presents a persistent and significant challenge in urban environ-

ments, resulting in adverse economic and social impacts, such as prolonged travel times,
increased fuel consumption, and elevated air pollution levels. A primary contributor to
this issue is the inefficiency of traffic signal control at urban intersections. In Vietnam,
the problem is exacerbated by rapid urbanization and the continuous growth in private
vehicle ownership, placing increasing pressure on transportation infrastructure. This trend
is observed not only in major metropolitan areas, like Hanoi and Ho Chi Minh City, but
also in smaller, well-planned cities, such as Danang. According to the General Statistics
Office’s Population and Housing Census 2019 [1], Danang ranked second nationwide in
car ownership, with 10.7% of households owning a vehicle, second only to Hanoi. As
one of the most dynamic and systematically planned cities in Vietnam, Danang is now
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experiencing worsening traffic congestion, underscoring the urgent need for effective traffic
signal control strategies.

Conventional traffic signal control methods are widely implemented across global
urban networks, including in Vietnam. These methods typically rely on fixed-time
schedules [2–4] or traffic-responsive control schemes [5,6]. Signal timings are often pre-
configured based on historical traffic patterns or vehicle counts during peak hours. While
these approaches are cost-effective, simple to implement, and adequate under stable traf-
fic conditions, they lack the flexibility to respond to dynamic and unpredictable traffic
fluctuations caused by incidents or surges in demand. Moreover, as urban traffic systems
grow more complex, traditional control strategies often fall short in terms of scalability
and optimization.

To address these limitations, Adaptive Traffic Signal Control (ATSC) systems have
emerged as a promising alternative, receiving growing attention for their ability to reduce
congestion and improve vehicle flow through real-time optimization [7–9]. A variety of
computational intelligence techniques have been employed to enhance ATSC, including
genetic algorithms, swarm intelligence, and, notably, reinforcement learning (RL) [10–12].
Among these, RL offers significant advantages due to its ability to learn from environmental
feedback and make real-time adjustments to traffic signals. Several studies have shown
that RL algorithms can effectively manage traffic flow at intersections by continuously
updating decision policies based on real-world data [13–16]. RL is particularly well-
suited for large-scale, interconnected traffic networks, offering the ability to coordinate
multiple intersections. Moreover, it does not require prior assumptions about the traffic
system’s structure, making it highly adaptable. However, RL methods are often hindered
by the “curse of dimensionality”, which can degrade performance in complex or large-
scale scenarios [17].

To overcome these challenges, Deep Reinforcement Learning (DRL)—which combines
the representational power of deep learning with RL’s decision-making capabilities—has
been introduced. DRL leverages neural networks to approximate value functions and
policy mappings in environments with large state and action spaces, making it increas-
ingly prevalent in traffic signal control research [18–25]. Recent studies have focused on
enhancing the adaptability of DRL models to dynamic traffic conditions. For example,
Zhang et al. [26] developed RL models that effectively learn and adapt to changing traffic
environments, while Wei et al. [27] proposed a deep Q-learning-based approach tested
under realistic conditions. These methods typically employ deep neural networks (DNNs)
to relate traffic states (e.g., queue length, average delay) to reward functions, enabling
intelligent, real-time decision-making. Building on this foundation, Ducrocp and Farhi [28]
advanced DQN-based traffic control systems by introducing partial detection capabilities,
showing improved performance across various scenarios. Subsequently, Cardoso [29]
conducted a comparative evaluation of DQN variants, including Double DQN and Dueling
Double DQN (3DQN), demonstrating that the 3DQN model achieved the most stable and
robust performance under complex traffic conditions in Simulation of Urban Mobility
(SUMO)-based simulations.

One of the emerging areas of focus in traffic signal control is the development of
demand-responsive systems that utilize real-time traffic parameters. With the advancement
of technologies such as the Internet of Things (IoT), it is now feasible to integrate real-time
data from GPS devices, RFID systems, Bluetooth sensors, and smartphone applications
(e.g., Google Maps, Apple Maps) into traffic control strategies [30,31]. In Vietnam, govern-
ment regulations mandate the installation of journey-tracking devices in vehicles, which
collect data, such as GPS coordinates and speed [32]. As a result, the growing penetration
of wireless communication technologies in vehicles presents new opportunities for imple-
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menting demand-responsive control systems, marking a critical area for future research
and development.

Building upon the work of Ducrocp and Farhi [28], this study applies the 3DQN
algorithm to optimize mixed traffic flow (MTF) control at a key intersection in Danang City,
a context that has received limited attention in prior research. Unlike studies focused on
traffic networks in highly regulated environments, this research examines an emerging
urban area with diverse vehicle types, variable traffic patterns, and rapidly evolving
infrastructure. Danang serves as a representative case study to evaluate the practical
effectiveness of 3DQN in managing complex urban traffic.

To enhance real-world applicability, this study incorporates advanced sensing and
tracking technologies, including YOLOv8 for real-time object detection and the SORT
algorithm for vehicle tracking. These tools are used to extract dynamic traffic flow data
from intersection surveillance cameras, which are then fed into the SUMO simulation
environment coupled with the 3DQN model. This integrated approach allows for a more
accurate representation of real-world MTF conditions, addressing limitations in prior
studies that often rely on static or synthetic datasets. By combining YOLOv8, SORT, and
the 3DQN-SUMO framework, the study aims to assess not only the technical feasibility
of reinforcement learning in MTF control but also its practical relevance in dynamic, data-
driven urban contexts.

The remainder of this paper is organized as follows: Section 2 outlines the theoretical
foundation of deep Q-learning and the architecture of the 3DQN model. Section 3 presents
a case study focused on the application of 3DQN in a cluster of intersections in southern
Danang City. Sections 4 and 5 detail the experimental results and discussion. Finally,
Section 6 concludes with key findings and implications for future research and practice.

2. Fundamentals of Deep-Q Learning
The RL-based traffic signal control model operates on three main components: the

agent, the environment, and the elements of state, action, and reward (see Figure 1). In this
model, the agent represents the traffic signal control system, which determines the duration
of green, red, and yellow lights based on the current traffic conditions at the intersection.
The environment encompasses the surrounding traffic conditions that influence the agent,
including the number of vehicles, traffic flow speed, and congestion levels. The state
describes explicitly the traffic situation at a given moment, for example, the number of
vehicles waiting in different lanes and the remaining time for each traffic light cycle. The
action refers to the decision made by the agent, such as adjusting the traffic light duration
for each lane, with options like extending the green light for lanes with heavier traffic. The
reward reflects the performance of the action taken by the agent and is calculated based on
factors, such as vehicle wait time and the level of traffic congestion.

Q-Deep Learning system is a combination of Q-learning and DNNs designed to
map the states in the system into the Q-value, representing values related to behavior
from changes in external environmental conditions. For traffic light controller problems,
Q-learning can be expressed by the following formula:

Qt+1(st, at) = Q(st, at) + α(rt+1) + γ · max
a

Q(st+1, at)− Q(st, at) (1)

where Q(st, at) is the Q-value, which is updated in a decreasing manner depending on the
learning rate α and the action value at state st. Meanwhile, rt+1 is the reward value esti-
mated after performing the action state step st. Furthermore, the Q(st+1, at) is represented
the Q-value in the next state, and st+1 is the next state after finishing the current state st. In
addition, maxA indicates that the action has the highest value among the potential actions
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at the selected state st+1. Another parameter, γ, is the discount factor indicating that the
future reward is less important than the present, and its distribution value ranges from 0 to
1. Following the application of Q-learning in traffic light controller research, Equation (1)
can be simplified as follows:

Q(st, at) = α(rt+1) + γ · max
a

Q′(st+1, at+1) (2)

where Q′(st+1, at+1) is the Q-value corresponding to action at+1 at state st+1. There is
a rule that the updated Q-value of the current action is performed in state st+1 with
immediate reward as well as the decreasing Q-values of the actions in the future. Therefore,
Q′(st+1, at+1) is represented by the Q-value of the action in the future, holding the largest
reward value after performing state st+1. Similarly, Q′′(st+2, at+2) and Q′′′(st+3, at+3) hold
the maximum reward value in the next states st+1. This is how the agent will choose an
action based not only on the current reward but also on the expected future discounted
rewards. This rule can be simplified as follows:

Q(st, at) = rt+1 + γ · rt+2 + γ2 · rt+3 + γ3 · rt+4 + . . . + γy−1 · rt+y (3)

where y is a random value indicating the last time step before the end of the episode.
Also, since there are no more feasible actions in state t + y, the value of rt+y is 0. To solve
Equation (3), specialized computational software, such as MATLAB lastest version or ealier,
can be used; however, it is necessary to limit the number of elements of the chain to easily
control the complexity of the calculation. For practical problems, DNNs is used to solve
Equation (3) more effectively through the machine learning training process.

Figure 1. Schematic of reinforcement learning in traffic signal control.

The 3DQN algorithm is an advanced reinforcement learning method that builds
upon the traditional DQN by addressing key limitations, such as overestimation bias and
improved value decomposition. It begins by initializing two neural networks: the dueling
Q-network Q(s, a, Wt), which estimates the action-value function with the random weights
Wt=0 and the target Q-network Qb

(
s, a, W−

t
)

initialized with weights W−
t=0 = Wt=0, which

helps stabilize the learning process. The networks are designed with separate streams for



Mach. Learn. Knowl. Extr. 2025, 7, 65 5 of 24

estimating the state-value function V(s) and advantage function A(s, a). As a result, the
Q-value can be computed as:

Q(s, a, Wt) = V(s, a) +

[
A(s, a)− 1

|A| ∑
a′∈A

A
(
s.a′

)]
(4)

Following Equation (4), this decomposition allows the agent to efficiently learn both
the value of being in a state and the advantage of each action.

In addition, a relay memory buffer D, which stores N last transitions, is also initialized
and populated with Nmin random transitions A(s, a, s′, a′), which store the agent’s past
experiences. At the beginning of each episode, environment state st is observed. While the
episode is ongoing and the terminal state is not reached, the agent must select action at.
The action selection follows two parameters with probability ε and random action at ∈ A.
With probability 1 − ε, the action that maximizes the Q-value is expressed as:

at = argmax
a

Q(st, a, Wt) (5)

This policy ensures a balance between exploration and exploitation as the agent
learns optimal actions. Upon selecting an action, the agent executes it in the environ-
ment and observes both the immediate reward rt+1 and the next state st+1. The transition
(st, at, st+1, rt+1) is stored in relay memory D. In order to update the network, a back-
propagation is adapted with a batch U(D) of M transitions (sm, am, s′m, r′m) randomly sam-
pled from D. For each sampled transition, temporal difference (TD) error δm is computed to
update the Q-values of both online and target networks based on the forward propagation
process. Therefore, it can be estimated as:

δm = rm + γQb
(
s′m, argmaxQ

(
s′m, a, Wt

)
, W−

t
)

(6)

where γ is the discount factor, and Qb is the target network’s Q-value for the next state-
action pair.

Following TD error δm, the Huber loss function is minimized to update the online
Q-network, and it can be computed as:

L =
1

2M

M

∑
m=1

{
(δm)

2 if |δm| < 1
2 · |δm| − 1 otherwise

(7)

The Huber loss is minimized using the Adam optimizer, which adjusts weight
Wt based on gradient ∇WL. Therefore, the weight matrix of online network Q can be
updated as:

Wt+1 = Wt − η∇WL = Wt − η

(
∂L

∂w1
,

∂L
∂w2

, . . . ,
∂L

∂wn

)
(8)

where η is the learning rate, which controls the epoch in training process.
In addition, the target Q-network is updated using a Polyak averaging update

W−
t = χWt − (1 − χ)W−

t (9)

where χ is a small value which allows the target network to slowly monitor the online
Q-network.

Finally, the exploration rate α is decayed exponentially after each time step to progres-
sively shift the focus from exploration to exploitation as the agent learns the optimal policy:

αt = α0 · exp(−k · t) (10)
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where k is a decay factor. This ensures that the agent explores sufficiently in the early stages
of training while increasingly exploiting learned knowledge as training progresses. This
iterative process of action selection, experience replay, Q-network updates, and exploration–
exploitation balance is repeated for each episode, resulting in an agent that learns an
optimal policy over time.

3. Case Study: Application of 3DQN
3.1. Study Location: Traffic Intersection

Danang City, as one of the country’s five direct-controlled municipalities, falls under
the administration of the central government. It is located in central Vietnam, with a
strategically important position along Vietnam’s North–South transportation corridor (see
Figure 2). The city’s central area is close to the East and Northeast coasts, while the western
region is predominantly mountainous. Due to these geographical features, Danang’s urban
planning has predominantly developed towards the south, making the intersections in the
southern part of the city crucial for regulating traffic flow. These intersections frequently
experience congestion, especially during peak hours.

Figure 2. Location of the intersections.

In this study, we focus on the major traffic intersections at the junction between
Nguyenthanhnghi Street and the main arteries Cachmangthang-8 and 2/9 Streets, located
in the southern part of Danang City (see Figure 2). These intersections not only serve as key
points for traffic leading into the city’s gateway but also connect to Danang International
Airport, as shown in Figure 3. Additionally, these intersections connect new urban areas,
including the Hoaxuan urban area, further increasing their importance within the urban
traffic system.
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Figure 3. Layout of intersections.

Specifically, traffic signal control is implemented at the main intersection to manage
vehicle flow, with dedicated lane designs to protect right-turning traffic. Cachmangthang-8
Street, which connects with 2/9 Street, features a tree-planted island median with three
lanes on each side. Notably, there is also a branch road at the intersection from the northeast,
Nuithanh Street, just 110 m away, which complicates traffic regulations during peak hours.
Moreover, Nguyenthanhnghi Street and the extended section towards the Hoaxuan Bridge
have only two lanes on each side, without a hard median. The end of the Hoaxuan Bridge
intersects with Thanglong Street, creating another critical intersection within the city’s
traffic network. Figure 3 provides a detailed layout of these intersections.

At this intersection, the traffic light system has three phases under a fixed-cycle traffic
signal control system, with a total signal cycle of 103 s (see Figure 4). In this cycle, the traffic
flow from the northwest (NW) to the southeast (SE) receives a green signal for 32 s, the
flow from the northeast (NE) to the southwest (SW) receives 28 s, while the flow from the
southwest (SW) to the northwest (NW) and from the northeast (NE) to the southeast (SE)
receives only 22 s of green light. This time allocation is crucial for regulating and managing
traffic flow in the area, aiming to reduce congestion and improve the operational efficiency
of the urban traffic system. The traffic volumes for the signalized and self-regulated
intersections are shown in Tables 1 and 2, respectively. The traffic volumes were collected
by the Danang Department of Transport in 2022 [33].
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Figure 4. Fixed-phase traffic light control design for a signalized intersection.

Table 1. Traffic volumes for the signalized intersection [33].

ID Lane Group Direction Denotation

Traffic Flow During
Peak Hours

(Passenger Car
Equivalent/Hour)

Percentage
(%)

1 Lethanhnghi (NW)

Go straight on Hoaxuan Bridge NW-SE 696

16.58
Turn right onto

Cachmangthang8 Street NW-SW 318

Turn left onto 2/9 Street NW-NE 9

2 Lethanhnghi (SE)

Go straight on Danang
International Airport SE-NW 369

20.86Turn right onto 2/9 Street SE-NE 711

Turn left onto
Cachmangthang8 Street SE-SW 207

3 2/9 Street (NE)

Go straight on Quangnam province NE-SW 942

38.84

Turn right onto Lethanhnghi (NW)
to go to Danang

International Airport
NE-NW 96

Turn left onto Lethanhnghi (SE) to
go to Hoaxuan Bridge NE-SE 1359

4
Cachmangthang8

Street (SW)

Go straight on Danang City center SW-NE 1059

23.72
Turn right onto Lethanhnghi (SE) to

go to Hoaxuan Bridge SW-SE 300

Turn left onto Lethanhnghi (NW) to
go to Danang International Airport SW-NW 105

Total 6171
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Table 2. Traffic volumes for priority-controlled intersection B [33].

ID Lane Group Direction Denotation

Traffic Flow During
Peak Hours

(Passenger Car
Equivalent/Hour)

Percentage
(%)

1 Lethanhnghi (SE)

Go straight on Hoaxuan Bridge NW-SE 1545

47.84
Turn right onto Thanglong

Street (SW) NW-SW 618

Turn right onto Thanglong
Street (NE) NW-NE 60

2 Hoaxuan Bridge

Go straight on Danang
International Airport SE-NW 1107

30.86
Turn right onto Thanglong

Street (NE) SE-NE 261

Turn left onto Thanglong
Street (SW) SE-SW 66

3
Thanglong Street

(NE)

Go straight on Quangnam
province (NE-SW) NE-SW 333

13.75
Turn right onto Lethanhnghi

Street to go to Danang
International Airport

NE-NW 108

Turn left onto Hoaxuan Bridge NE-SE 198

4
Thanglong Street

(SW)

Go straight on Danang
city center SW-NE 120

7.55
Turn right onto Hoaxuan Bridge SW-SE 75

Turn left onto Lethanhnghi
Street to go to Danang
International Airport

SW-NW 156

Total 4647

3.2. Architecture of 3DQN Model

A Convolutional Neural Network (CNN) is a crucial component of the DQN model.
It is a specialized neural network designed for image processing and pattern recognition.
CNN operates in two main learning stages. The first stage is the convolutional module,
consisting of multiple layers. These layers gradually detect more complex patterns in the
images through 2D convolution, where filters (or kernels) slide across the input data in a
windowed fashion, generating feature maps. The filters share weights across the entire
datasets, optimizing computational efficiency. The convolution parameters include the
number of input channels (C), filter size (K), and stride (S). Pooling layers are typically
added between convolutional layers to reduce the spatial dimensions of the feature maps,
thus reducing the computational load. The second stage is the fully connected module,
where the output from the convolutional layer is flattened and passed through a Multi-
Layer Perceptron (MLP) for classification or regression tasks.

In this study, the convolutional 3DQN model consists of five layers: the input layer,
the CNN mapping layer, the fully connected layer, the stream layer, and the output layer
(as shown in Figure 5). The input layer receives data in the form of matrix grids from the
Dynamic Traffic State Estimation (DTSE), which represents the traffic flow states coming
from different directions at the simulated intersections in SUMO software version 1.11.
As presented in Ref. [28], DTSE encodes the traffic environment into a structured matrix
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grid, where each cell contains information, such as vehicle presence, speed, and distance
to the nearest vehicle ahead. These grids are continuously updated over time to reflect
the dynamic changes in traffic conditions across different lanes and approaches. This
matrix is defined similarly to an image with 3 channels, where each “pixel” corresponds
to a grid in the DTSE, indicating the presence of vehicles at intersections (as shown in
Figure 6). The convolutional 3DQN model processes the DTSE matrix, treating it as a
multi-channel image to determine traffic signal phases via Q-value predictions. The CNN
mapping layer consists of two convolutional layers; the first convolutional layer (CNN1)
extracts basic features from the DTSE matrix, detecting general traffic patterns. The second
convolutional layer (CNN2) further identifies more complex features, allowing the network
to better understand the variations in traffic flow at intersections. The fully connected
layers (FC1 and FC2) aggregate the information from the extracted features, preparing for
the output calculation.

Figure 5. Architecture structure of 3DQN.

Figure 6. Schematic of dynamic traffic state estimation.
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A key aspect of 3DQN is that after passing through the fully connected layers, the
model splits into two streams: the state-value stream assesses the overall traffic state,
while the advantage stream calculates the advantage of each traffic light phase over others.
The final output layer combines both state-value and advantage to produce the Q-value,
representing the optimal traffic signal control action. This structure enables the model
to learn and make precise traffic control decisions and optimize traffic light performance
based on real-time traffic conditions.

To ensure the efficiency of the 3DQN model, the architecture of the CNN layers and
the number of neurons in the fully connected layers are crucial. According to the study by
Ducrocp and Farhi [28], the optimal architecture for CNNs and fully connected layers has
been identified. Specifically, the CNN1 uses 16 filters with a kernel size of 4 and a stride
of 2. The CNN2 uses 32 filters with a smaller kernel size of 2 and a stride of 1. The fully
connected layers consist of 128 neurons in the FC1 and 64 neurons in the FC2. Additionally,
the model’s hyperparameters need to be fine-tuned before training the convolutional 3DQN
model. Based on the research by Ducrocp and Farhi [28], the model was fine-tuned using
a grid search across hyperparameters, with tuning runs set to 200,000 timesteps. The
fine-tuned hyperparameters include a learning rate of 10−4 using the Adam optimizer and
the Huber loss function. The discount factor gamma is set to 0.99, with an initial epsilon
value of 0.001, and epsilon decays exponentially with a decay factor of 2 million steps. The
experience replay memory has a maximum size of N = 1 million steps and a minimum size
of N = 0.1 million steps. The soft Polyak update rate is 10−3, ensuring gradual updates
between the target and the main networks. No terminal state is defined for the agent, and
training episodes are terminated early by an internal time limit in the SUMO simulation.
This prevents simulations from running excessively long and focuses on the critical parts
of the learning process.

The agent actions are an important factor in the 3DQN model. This factor involves
selecting the next phase from the set of possible phases to apply for a minimum green
interval time Tg,min. If the predicted phase by 3DQN is the same is the same as the current
one, the green light duration Tg is extended by Tg,min. If a different phase is selected,
then the model in SUMO shifts to that phase, including transition period Ty + Tr for
changing and clearing intervals, followed by a new green interval beginning with Tg,min.
Consequently, the agent’s decision to select the next phase also controls how long the
current phase lasts if it selects the same phase repeatedly. The agent action space is based
on the number of possible phases in the traffic light program. At a four-way intersection,
there are typically eight valid signal phases that avoid conflicts in vehicle movements.
To reduce conflicts among simultaneous movements, the set of phases typically includes
either two or four options. Figure 7 illustrates these two kinds of action spaces. In a
two-phase program, there are two permissive green intervals per axis that allow left turns,
straight-through, and right-turn movements. For the two-phase program, the action space
can be expressed as:

A =
{
(NW → NE − SE, SE → SW − NW) (SW → NW − NE, NE → NW − SW)

}T
(11)

In a four-phase program, the action space expands to four protected green intervals,
with two per axis, allowing protected left turns or straight-through and right turns only.
The action in this case can be estimated as:

A =


NW → SE, SE → NW
NW → NE, SE → SW
NE → SW, SW → NE
SW → NW, NE → SE

 (12)
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Figure 7. Description of agent’s space for Dueling Double DQN: (a) 2-phases; (b) 4-phases program.

4. Evaluation of 3DQN
This study applied the 3DQN model to optimize traffic signal control at intersections

and compare its performance with a fixed three-phase signal control method. Figure 8
illustrates this optimization process through a flowchart of the 3DQN agent. Before training,
a simulation model was constructed using simulation in SUMO software version 1.11 [34],
with the geometric design parameters of the intersection configured according to design
standards. Traffic flow within the model was defined based on actual peak-hour traffic
flow data.

The Traffic Control Interface (TraCI) API is an application programming interface that
enables external scripts to interact with the SUMO simulation model. Through the TraCI
API, SUMO is integrated with Python 3.6, enabling real-time control within the simulated
environment [12,28,29,35]. This intersection simulation model is subsequently used as the
environment for training the 3DQN agent. SUMO provides the agent with environmental
states and rewards, guiding the agent in learning an optimal control policy. The agent
returns actions in phase timing for the traffic signals, which are then implemented back
into the simulation. This interactive loop facilitates continuous learning, enabling the agent
to adapt its strategy based on real-time feedback from the environment.

A dynamic traffic flow generation module, also connected to SUMO, further enhances
the simulation flexibility by varying traffic flow randomly from 50% to 150% of the reference
flow. This method provides variability in traffic conditions, ensuring that the 3DQN model
can handle unstable traffic scenarios in real-world applications—an essential factor for
future applications. In addition, demand-responsive traffic signal control is analyzed. For
simplicity, a connected vehicle (CV) penetration rate factor is assumed to vary randomly
between 0 and 1. This factor is calculated using the binary matrix of CV position P, where
1 indicates the presence of a CV and 0 indicates its absence. The matrix of CV speed V,
normalized to the speed limits of the approaches, is also used. The penetration rate is
combined with vehicle speeds to introduce variability into the SUMO simulation. Applying
this factor will assist in evaluating the performance of traffic signal control using the 3DQN
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model. For a more detailed explanation of this factor and reward function of DQN, refer to
the study by Ducrocp and Farhi [28].

Figure 8. Flowchart of training and evaluation processes for 3DQN.

Figure 9 shows the variation in the reward value of the 3DQN model during training,
reflecting the model performance improvement across training steps. Initially, the reward
value exhibits large fluctuations, possibly because the model has not yet fully learned
the system characteristics in an environment with fluctuating traffic flow. However, the
reward value begins to gradually increase and stabilize from the 1.5 millionth training
step, maintaining stability from the 3 millionth to the 5 millionth training step. The small
fluctuations in the curve are a common phenomenon in reinforcement learning, as the model
experiments with different strategies before stabilizing and finding the optimal strategy. To
evaluate model performance, the weight matrices of the model at the 1 millionth (1M-Step)
and 5 millionth (5M-Step) training steps were saved and compared during the model
evaluation step to assess the impact of the number of training steps on the learning process
and the effectiveness of the 3DQN model.

Upon completion of training, the 3DQN model is evaluated by comparing its perfor-
mance with that of the fixed-signal control method. Two separate evaluation modules are
employed, with the 3DQN evaluation module utilizing the trained weight matrix of the
agent. In contrast, the fixed-signal control evaluation module simply uses TraCI API to
interact with the SUMO simulation model, employing pre-established fixed three-phase
signals (Figure 4). The dynamic traffic flow generation module generates the input traffic
flow for both modules, ensuring that both methods are under the same traffic conditions.
The results are then compiled in the output block, enabling a detailed comparison of the
performance between dynamic and fixed-signal control. These findings offer valuable
insights for recommending the practical application of 3DQN to improve traffic efficiency
under various conditions.
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Figure 9. Evolution of reward versus training steps of 3DQN.

Figure 10 presents the frequency distribution of vehicle delays under two traffic signal
control methods—3DQN and fixed-signal control—based on a 1000-h simulation using
the SUMO platform. The 3DQN method was tested using two pre-trained models: one
trained for 1M-Step and the other for 5M-Step. The x-axis represents vehicle delay intervals
(e.g., 0–5 min, 5–10 min), while the y-axis indicates the frequency of each delay interval.

Figure 10. Comparison of vehicle delay frequencies: 3DQN vs. fixed-signal control.
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The results clearly differentiate the performance of the two approaches. Both 3DQN
models (1M-Step and 5M-Step) significantly reduce the frequency of long waiting times
(over 5 min) compared to the fixed-signal control method. This highlights 3DQN’s ability to
dynamically adapt to changing traffic conditions, thus improving traffic flow and mitigating
congestion. In contrast, while the fixed-signal control method exhibits a higher frequency of
short delays (0–5 min), it also shows a substantial rise in delays exceeding 10 min, revealing
its limited capacity to respond to variable traffic patterns.

When comparing the two 3DQN models, the 5M-Step model outperforms the 1M-Step
model by achieving 750 instances of vehicle delays under 5 min, compared to 550 instances
for the 1M-Step model. Furthermore, the 5M-Step model records a significantly lower
frequency of delays over 5 min. These findings suggest that the number of training steps
has a substantial impact on the model’s performance and stability in real-world conditions.
Hence, selecting an appropriate training duration is critical to ensuring that the 3DQN
model reaches its full potential and effectively adapts to dynamic traffic environments.

To assess the impact of the CV penetration rate coefficient, vehicle delays were sur-
veyed and analyzed when applying both traffic control methods: 3DQN and fixed-signal
control. Figure 11 presents a chart showing the distribution of vehicle delay and the CV
penetration rate for the two control methods: fixed-signal control and 3DQN control. When
applying the fixed-signal control method, vehicle delays are randomly distributed with
a wide amplitude, and the average waiting time remains almost unchanged as the CV
penetration rate increases. This indicates that the traditional method lacks the ability to
connect traffic flow information, leading to inflexibility in adapting to traffic fluctuations.
Thus, the vehicle delay remains unchanged as the CV penetration rate increases.

Figure 11. Comparison of vehicle delay versus CV penetration rate: 3DQN vs. Fixed-signal control.

In contrast, the 3DQN control method shows a tighter distribution of vehicle delay,
which tends to decrease as the CV penetration rate increases. This demonstrates that
the 3DQN model can optimize waiting times more effectively when sufficient traffic flow
information, such as vehicle locations and speeds, is available, even if the vehicle-connected
penetration rate may not be fully complete. Comparing the 1M-Step and 5M-Step Dueling
Double DQN models, the results show that the 5M-Step model is more stable and can
reduce the average waiting time to under 5 min when the CV penetration rate reaches
20%, while the 1M-Step DQN model requires a penetration rate of over 40%. It is worth
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noting that both the 1M-Step and 5M-Step models begin to stabilize and optimize vehicle
waiting times to 3–4 min when the CV penetration rate reaches 70% or higher. Therefore,
the 5M-Step model proves to be more efficient, requiring only about 20% of the information
from traffic flow. In comparison, the 1M-Step model needs 40% of the vehicles in the flow
to be connected to the traffic control system. This difference indicates that the number of
training steps in the model plays a key role in the system’s flexibility to adapt when full
vehicle-connected information is unavailable.

5. 3DQN Performance in Mixed Traffic Patterns
The 5M-Step 3DQN model has demonstrated superior performance in optimizing

vehicle delays at intersections. The traffic flow data presented in Section 4 is based on
random traffic simulated over a period of 1000 h, using static traffic values corresponding
to peak hours. However, this data does not fully represent the complex fluctuations of
real traffic flow, which vary over time and depend on many factors, such as peak hours,
weather conditions, or unusual traffic events. To accurately evaluate the impact of MTF on
the performance of the 5M-Step 3DQN model, this section presents the process of collecting
and processing MTF data, as well as the method for evaluating the model’s performance
under real conditions.

MTF data at the signalized intersection is collected through the installed camera
system, using the YOLOv8 model [36,37] to detect and classify vehicles, combined with the
SORT (Simple Online and Real-time Tracking) algorithm [38] to track and determine the
direction of movement of each vehicle type. The classified vehicle types include motorbikes,
cars, trucks, and buses. To ensure consistency with the training data of the 5M-Step 3DQN
model, the dynamic traffic volume of each vehicle type is converted to the equivalent
passenger car unit, a common standardized unit in traffic research. The pre-trained 5M-
Step 3DQN model will be integrated with the SUMO to evaluate the performance under
dynamic traffic flow conditions, more accurately reflecting real-life traffic scenarios that
change over time.

MTF data were collected at the signalized intersection on April 1, 2025 (from 6:00
to 18:00) to evaluate the effectiveness of the 5M-Step 3DQN model. Two cameras were
installed at the intersection: Camera 01, recording the direction from Cachmangthang-
8 Street to the center of Danang City, and Camera 02, recording the direction from the
international airport approach road (Lethanhnghi) to Hoaxuan Bridge. Figure 3 illustrates
in detail the installation locations of the two cameras at the signalized intersection, ensuring
coverage of the main traffic flows. However, due to the limitation of the number of cameras,
the dynamic traffic flow in directions not directly recorded is estimated based on the
traffic ratio of the two main directions recorded by the cameras. This ratio is determined
through the analysis of peak hour traffic volume, ensuring the representatives of actual
traffic conditions.

To perform the analysis, a custom-built program was developed based on the pre-
trained YOLOv8 model and the SORT library in Python. This program allows for accurate
determination of the traffic volume and direction of movement of various types of vehicles,
including motorcycles, cars, trucks, and buses. At each camera, two lines are set up to
record the traffic volume in two directions: straight and left turn, as illustrated in detail in
Figure 12. In this figure, the red line is used to count the number of vehicles going straight,
while the blue line is used to count the number of vehicles turning left. Since the cameras
are oriented towards the intersection, an additional algorithm was developed to determine
the color of the traffic light to ensure that vehicle counting is only performed when the
traffic light is green, allowing vehicles to move in the straight or left turn direction. In
addition, each vehicle recognized by the YOLOv8 model is assigned a confidence score,
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which evaluates the accuracy of the prediction process. This score plays an important
role in evaluating the performance of the recognition model. The SORT algorithm is then
used to track and determine the direction of each vehicle based on its trajectory. When a
vehicle passes the direction line (whether going straight or turning left), the corresponding
vehicle type count is recorded and accumulated in real-time. This result provides detailed
data on dynamic traffic flow by vehicle type and direction, creating a basis for evaluating
the performance of the 5M-Step 3DQN model in optimizing waiting time and traffic
management at the intersection.

   
(a)  (b) 

Figure 12. Classification and counting resutls of vehicle types at the intersection: (a) Camera 01
captured from Cachmangthang-8 Street to Danang City center (SW-NE); (b) Camera 02 captured
from Lethanhnghi Street to Hoaxuan Bridge (NW-SE).

Figures 13 and 14 show the cumulative traffic volume of vehicle types and the confi-
dence scores of the YOLOv8 model from the image data of Camera 01 in two directions:
straight and left turn, respectively. The overall analysis shows that the traffic volume of
straight vehicles, as recorded from Camera 01, accounts for the majority compared to the
left turn direction. In the straight direction, from Cachmangthang-8 Street to the center of
Danang City, motorbikes are the type of vehicle with the highest traffic volume, followed
by cars and trucks. Notably, in the left turn direction, from Cachmangthang-8 Street to
Lethanhnghi Street towards Danang International Airport, the recorded traffic volumes
of motorbikes and cars are similar. Regarding the prediction performance of the YOLOv8
model, the average confidence score in the first stage shows fluctuations, possibly due to
the limited number of recognized vehicles. However, when the traffic volume increases,
the model shows stability with the confidence score remaining high and fluctuating little
over time. Specifically, in the straight direction (Figure 13), large vehicles, such as cars,
trucks, and buses, have high confidence scores, ranging from 0.75 to 0.9, while motorcycles
have lower confidence scores, ranging from 0.55 to 0.6. In the left turn direction (Figure 14),
the confidence score of motorcycles is similar to that of trucks and buses but still lower
than that of cars. The reason may come from the diversity in color, size, and purpose of
use of motorcycles, as well as factors, such as the driver’s clothing or the goods carried,
making it difficult for the YOLOv8 model to accurately recognize them.
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(a)  (b) 

Figure 13. Vehicle traffic flow and YOLOv8 model confidence scores from Camera 01, straight direc-
tion entering the intersection: (a) Cumulative vehicle flow; (b) Confidence scores for vehicle detection.

 
(a)  (b) 

Figure 14. Vehicle traffic flow and YOLOv8 model confidence scores from Camera 01 in the left-turn
direction: (a) Cumulative vehicle flow; (b) Confidence scores for vehicle detection.

Figures 15 and 16 show the cumulative traffic volume of vehicle types and the pre-
dicted confidence score of the YOLOv8 model from the image data of Camera 02 in
two directions: straight and left turn. The overall analysis shows that the traffic volume
of vehicles going straight, as recorded by Camera 02, accounts for the majority compared
to the left turn direction. Specifically, in the straight direction from Lethanhnghi Street to
Hoaxuan urban area (via Hoaxuan Bridge), motorbikes are the type of vehicle with the
highest traffic volume, followed by cars and trucks. Notably, in the left turn direction from
Lethanhnghi Street to 2/9 Street towards the center of Danang City, cars account for the
majority of traffic volume, far exceeding other types of vehicles. Regarding the prediction
performance of the YOLOv8 model, the average confidence score shows a similar fluctua-
tion to the data from Camera 01, especially in the early stages when traffic volume is still
low. According to the data from Figures 13–16, the average confidence score of all vehicle
types at both Camera 01 and Camera 02 locations ranges from 0.5 to 0.9. This confidence
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score is considered acceptable for use in the performance analysis of the 5M-Step 3DQN
model when integrated with the SUMO traffic simulation software.

 
(a)  (b) 

Figure 15. Vehicle traffic flow and YOLOv8 model confidence scores from Camera 02, straight direc-
tion entering the intersection: (a) Cumulative vehicle flow; (b) Confidence scores for vehicle detection.

(a)  (b) 

Figure 16. Vehicle traffic flow and YOLOv8 model confidence scores from Camera 02 in the left-turn
direction: (a) Cumulative vehicle flow; (b) Confidence scores for vehicle detection.

Following the MTF database, which is collected cumulatively at two surveillance
camera locations, the hourly average traffic volume is calculated to optimize data input into
the SUMO model. These data are combined with the pre-trained datasets of 5M-Step 3DQN
to improve the accuracy of traffic flow analysis and prediction. To ensure consistency and
comparability between vehicle types, the hourly average traffic volume of each vehicle
type is converted to the equivalent passenger car unit. The conversion factor applied to
each vehicle type is as follows: motorbike is 0.3, car is 1.0, bus is 2, and truck is 2.5. These
factors reflect the impact of each vehicle type on traffic flow, based on their size, weight,
and operating characteristics.

The results of the average hourly traffic volume analysis for the travel directions
recorded at Cameras 01 and 02 are illustrated in detail in Figures 17 and 18, respectively.
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Specifically, Figure 17 presents data on the traffic volume of vehicle types and the corre-
sponding converted car traffic volume at Camera 01. The data show significant fluctuations
during peak hours, especially from 7:00 to 9:00 and from 16:00 to 18:00 for the straight
travel direction. During this period, traffic volume increases sharply, reflecting the high
vehicle density resulting from increased travel demand during morning and evening rush
hours. For the left turn direction, traffic volume recorded two distinct peaks around 10:00
and 14:00, and there was a sudden increase during peak hours from 16:00 to 18:00. This
variation shows different traffic behavior between travel directions, which may be related
to factors such as work or study routes or socioeconomic activities in the area. Similarly,
Figure 18 shows the average traffic volume data of converted vehicles and cars at Camera
location 02.

(a)  (b) 

Figure 17. Hourly average traffic flow of passenger car units (PCUs) and other vehicle types from
Camera 01 data: (a) Straight direction; (b) Left-turn direction.

(a)  (b) 

Figure 18. Hourly average traffic flow of passenger car units (PCUs) and other vehicle types from
Camera 02 data: (a) Straight direction; (b) Left-turn direction.

Using the 12-h average traffic data from two camera locations, traffic volumes in other
directions at the intersection were estimated as percentages based on the main recorded
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flows. This dynamic data was input into the SUMO simulation, using the pre-trained 5M-
Step 3DQN model to evaluate its performance under real traffic conditions. A fixed-signal
control model was also simulated for comparison. For simplicity, both models assumed a
CV penetration rate of 1.0.

Figure 19 compares vehicle delays between the two models. The graph illustrates a
comparative analysis of average vehicle delay (in minutes) across various hours of the day
between two traffic control methods: 3DQN control (in red with circles) and fixed-signal
control (in blue with squares). The X-axis represents different time intervals throughout
the day (though exact times are not labeled, the intervals are consistent). The Y-axis shows
the average vehicle delay in minutes.

Figure 19. A comparison of average vehicle delay controlled by the 3DQN and fixed-signal control
models using SUMO simulation.

The 3DQN control consistently achieves lower vehicle delay than the fixed-signal
control at all time intervals. The fixed-signal control shows greater variability and higher
peaks, with delays exceeding 12 min during some intervals. In contrast, the 3DQN-based
model keeps delays mostly under 6 min, with relatively stable performance. The perfor-
mance gap is especially pronounced during periods of peak congestion (e.g., rightmost
section of the graph), where the fixed control experiences a sharp increase, while the 3DQN
model maintains low delay.

At 06:00, the 3DQN model showed delays of 7–8 min, while fixed-signal control delays
were under 5 min. This matched the rising morning traffic recorded by Camera 02. As
traffic increased further, the 3DQN delay dropped to 2 min by 10:00, while the fixed-signal
control delay spiked to 12.5 min, remaining high until 10:00. From 10:00 to 12:00, the 3DQN
delay increased to 5 min and peaked again at 6 min between 14:00 and 15:00, likely due to
midday traffic. The fixed-signal delay also rose, reaching 14 min. After 15:00, both models
experienced a decline; however, 3DQN remained stable for approximately 5 min, while the
fixed-signal control dropped to 6 min. During the evening peak (16:00–18:00), 3DQN delays
remained steady at 4–5 min. In contrast, fixed-signal control delays increased sharply to
over 15 min, consistent with the high traffic recorded by both cameras.

Overall, the 3DQN model consistently handled changing traffic better, keeping delays
lower and more stable throughout the day, especially during peak periods. Its perfor-
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mance reflects better adaptability to fluctuating traffic flows compared to the Fixed-signal
control method.

The findings of this study are consistent with previous research [12,26–29], which
demonstrated the potential and significant benefits of RL in improving traffic signal control
under dynamic traffic conditions. A novel contribution of this study is the investigation of
the effects of dynamic traffic flows on the performance of 3DQN, an aspect that has not
been thoroughly addressed in prior studies. The input traffic data for the SUMO-based
3DQN model were collected from realistic camera footage using the YOLOv8 and SORT
models for vehicle detection and tracking. As a result, the 3DQN model applied to a
signalized intersection in Danang City, effectively reduced vehicle delays, particularly for
longer waiting times, by dynamically adapting traffic signal control to real-time traffic flow.

However, the study has several limitations. The computational cost and training time
required for the 3DQN model would be a significant hurdle when scaling the approach to a
larger traffic network. In addition, the collected dynamic traffic data are limited, as it relies
solely on data from two installed cameras, requiring assumptions about traffic flows in other
directions. To overcome this issue, cameras covering all directions at signalized intersections
need to be installed to provide comprehensive and accurate data, enabling the 3DQN
model to make timely decisions and reduce vehicle delays during peak hours. For future
research, exploring hierarchical RL or multi-agent reinforcement learning models could
help overcome these challenges and improve coordination across multiple intersections.
Furthermore, integrating real-time traffic data from connected vehicles and sensor networks
could enhance the model’s adaptability and efficiency in real-world applications. Future
studies should also prioritize balancing model complexity with computational efficiency
to facilitate the practical implementation of RL-based traffic signal control systems in
urban environments.

6. Conclusions
This study employed the 3DQN algorithm in conjunction with the SUMO platform

to optimize traffic signal control at real-world intersections in Danang City, Vietnam. By
integrating dynamic and stochastic traffic flows derived from actual traffic data, the study
evaluated the performance of the 3DQN model against a conventional fixed-time signal
control approach. The key findings are summarized as follows:

1. Effectiveness in Reducing Vehicle Delay: The 3DQN model demonstrated superior
performance in minimizing vehicle delays compared to the fixed-time signal control
method. Both versions of the model—trained with 1 million (1M-Step) and 5 million
(5M-Step) iterations—substantially decreased the frequency of prolonged waiting
times (over 5 min). Notably, the 5M-Step model achieved a higher frequency of shorter
delays (750 instances under 5 min) relative to the 1M-Step model (550 instances),
underscoring the model’s effectiveness in alleviating congestion.

2. Impact of Training Duration: The number of training steps critically influenced model
stability and performance. The 5M-Step model consistently outperformed the 1M-
Step model, particularly under fluctuating traffic conditions, indicating that extended
training enhances the model’s adaptability and reliability in complex environments.

3. Influence of CV Penetration: The CV penetration rate played a significant role in
optimizing traffic signal control. The 5M-Step model successfully reduced average
vehicle delays to below 5 min when the CV penetration rate reached just 20%, whereas
the 1M-Step model required a penetration rate exceeding 40% to achieve similar
results. Both models converged to optimal performance when the CV penetration rate
exceeded 70%.
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4. Flexibility Under Dynamic Traffic Conditions: Unlike fixed-time control methods,
which are rigid and unable to adapt to real-time fluctuations, the 3DQN model demon-
strated robust adaptability. This flexibility enabled more efficient traffic signal adjust-
ments in response to variable traffic patterns, contributing to improved overall flow.

5. Integration of Real-Time Data: The incorporation of real-time mixed traffic flow
data, obtained using the YOLOv8 object detection model and the SORT tracking
algorithm, further enhanced the performance of the 3DQN model. This integration
allowed the system to make timely and precise signal adjustments, yielding substantial
reductions in vehicle delays during peak hours and better responsiveness to real-world
traffic variability.

In conclusion, the 3DQN model presents a promising approach to intelligent traffic
signal control, capable of reducing congestion and improving traffic management efficiency
under dynamic, real-world conditions. The model’s ability to integrate real-time data and
adapt to variable traffic scenarios positions it as a valuable solution for next-generation
urban traffic control systems. Future work may explore scaling the model across larger
traffic networks and incorporating multi-agent reinforcement learning to further enhance
system-wide coordination.
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