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ABSTRACT 

The rapid pace of urbanization and increasing travel demand have placed significant 

strain on transportation systems, particularly in densely populated urban areas. A 

key challenge is congestion at intersections, where high vehicle volumes often lead 

to long queues, extended travel times, increased environmental pollution, and 

economic inefficiencies. Traditional fixed-time signal control (FTSC) is insufficient to 

address these dynamic traffic patterns. In response, Reinforcement Learning (RL) 

has emerged as a promising approach for adaptive traffic signal control. This paper 

presents a Double Deep Q-Network (DDQN)-based model for optimizing traffic light 

control at a single urban intersection. DDQN is a significant advancement in RL by 

combining the function approximation capability of deep neural networks (DNNs) 

with the Double Q-learning framework, effectively reducing overestimation bias and 

improving the stability of value-based learning. This integration enables RL to scale 

to complex real-world tasks such as traffic light control, where the state space is too 

large to represent explicitly with a table. The proposed DDQN model enhances traffic 

performance by dynamically adjusting signal phases under heterogeneous traffic 

conditions. Experimental results demonstrate the potential of the DDQN approach to 

enhance traffic speed and reduce congestion compared to conventional strategies.  

1. Introduction 

Rapid urbanization has caused many negative 

impacts on traffic conditions in large cities, including 

traffic jams, infrastructure overload, and 

environmental pollution. Traffic congestion occurs 

when travel demand exceeds the capacity of the road 

infrastructure. The problem of congestion not only 
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affects travel but also causes great damage to the 

economy. According to statistics, by the end of 2023, 

Ho Chi Minh City had about 10 million vehicles, 

including more than 7.6 million motorbikes and 

700,000 cars [1]. The rapid increase in personal 

vehicles exceeds the capacity of the current traffic 

infrastructure, causing serious congestion. In 

addition, it also increases fuel costs, reduces 
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economic productivity, and causes great damage to 

businesses. Traffic congestion also contributes to 

increased environmental pollution. When vehicles 

move slowly or stop, the amount of toxic emissions 

released into the environment increases. According 

to statistics, traffic pollution accounts for about 70% 

of total emissions in Ho Chi Minh City [2]. 

To reduce traffic congestion in urban areas, many 

studies and solutions have been proposed. Road 

expansion is a common method when it is necessary 

to reduce congestion and improve the ability of 

vehicles to pass through. However, this solution also 

has limitations, such as high land clearance costs, and 

there are areas where land clearance is difficult, such 

as the core urban area. Therefore, new solutions are 

needed to control traffic lights more effectively while 

still maintaining the existing road network 

infrastructure. 

Controlling traffic lights effectively is a broad 

research topic and is approached in many different 

directions. Author Webster proposed formulas for 

calculating the length of the light phase for a single 

intersection, assuming that the traffic flow is a 

constant flow in a fixed time, and calculating the 

optimal light cycle and phase to minimize waiting 

time [3]. Due to the lack of real-time data, the current 

popular traffic lights in Vietnam are still controlled by 

this fixed-phase method. Accordingly, the transition 

of the light phases follows a sequential order, and the 

time of the light phases is also set in advance. 

Another approach to solving the problem of 

congestion at intersections is to change the fixed-

phase control method to better match the changes in 

traffic flow. The fixed-phase control method has a 

constant cycle, leading to an unreasonable situation 

when traffic flow changes. For example, one direction 

with high traffic density has to wait for the red light, 

while the other direction has no traffic at the green 

light, wasting time and increasing congestion. The 

Max-Pressure method prevents the intersection 

from being oversaturated by optimizing the number 

of approaching and exiting vehicles in each direction 

[4]. Some other algorithms are also applied to be able 

to control the signal lights better, such as the Sydney 

coordinated adaptive traffic system (SCATS) [5], the 

split-cycle offset optimization technique (SCOOT) [6], 

or adaptive control software lite (ASC-Lite) [7]. 

According to these studies, smart signal lights that 

automatically adjust according to actual traffic will 

help regulate traffic more flexibly. Accordingly, the 

time of each signal phase will be adjusted 

automatically based on the number of vehicles 

approaching the intersection. However, most of 

these methods consider the same effects for all 

modes, meaning that each mode in the traffic flow is 

treated similarly. In addition, these algorithms do not 

take full advantage of modern traffic data sources 

because traditional devices often only detect the 

presence of vehicles when passing. Therefore, they 

are difficult to apply to complex intersections. In 

recent times, emerging technology techniques in the 

field of automobiles and communication have 

significantly improved the efficiency of automobiles. 

Connected Vehicles (CVs) are considered a new 

solution to enhance road capacity, increase traffic 

speed, and reduce congestion on the road [7]. 

Accordingly, CVs are capable of sharing data directly 

with each other or with infrastructure devices 

through a wireless communication system [8]. 

With the development of science and technology, 

data collection from vehicles on the road can be done 

through wireless communication systems. The data 

collected during the movement of the vehicle 

includes location, speed, waiting line length, and 

waiting time at the intersection when encountering a 

red light. This real-time data can be used as input for 

the Reinforcement Learning (RL) model to control 

the traffic lights.  

In the past, due to limited technical conditions, the 

Q-learning model [9] often used small-sized state 

functions and linear functions to calculate the 

approximate value of Q. However, the complexity of 

the model has not been fully demonstrated due to 

limited input data. Additionally, it exhibits several 

limitations that can impede its effectiveness in 

complex scenarios. One significant drawback is its 

reliance on a discrete Q-table to store state-action 

values, which becomes impractical as the state-

action space grows exponentially. This issue, known 

as the "curse of dimensionality," can lead to 

inefficient learning and storage challenges in large-

scale problems. Additionally, Q-learning can be slow 

to converge, requiring extensive exploration to 

accurately estimate Q-values, which is time-
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consuming and computationally expensive. The 

algorithm also struggles with generalization, as it 

learns specific Q-values for each state-action pair 

without leveraging similarities between states, 

limiting its ability to handle unseen situations 

effectively. Moreover, Q-learning assumes a 

stationary environment and may not adapt well to 

dynamic changes, leading to suboptimal 

performance in real-world applications. These 

challenges have prompted the development of 

advanced techniques like Deep Q-Networks (DQN) 

[10], which utilize neural networks to approximate 

Q-values and address some of these limitations. 

With the development of algorithms, the Deep 

Neural Network (DNN) has been used to take 

advantage of the large amount of input data in the 

DRL model. However, the standard DQN framework 

suffers from several limitations, most notably 

overestimation bias, which arises from using the 

same Q-network to both select and evaluate actions. 

To address this limitation, Double Deep Q-Network 

(DDQN) has been introduced as an extension of DQN, 

which decouples action selection from action 

evaluation to mitigate overestimation bias and 

stabilize the learning process [11]. 

In addition, most DRL models for traffic signal 

control rely on the assumption that vehicles are 

equipped with wireless communication systems for 

continuous data collection. In practice, this 

assumption is unrealistic, as only a subset of vehicles 

are equipped with such technologies. Furthermore, 

the majority of existing studies have been conducted 

under simulation settings where cars are the 

dominant mode of transport. This creates a 

substantial gap when applying these approaches to 

the Vietnamese context, where traffic flow is 

predominantly characterized by motorcycles, 

leading to significant differences. 

The main contributions of this paper are shown as 

follows: 

• We employ the DDQN algorithm to optimize 

traffic signal control under heterogeneous traffic 

conditions. By decoupling action selection from 

action evaluation, DDQN effectively mitigates the 

overestimation problem inherent in standard DQN, 

thereby improving learning stability and control 

performance. The proposed model is evaluated 

against conventional traffic signal control methods, 

and the results demonstrate the superior 

effectiveness of employing DDQN for traffic 

management at an isolated intersection; 

• We set up adjustment parameters to simulate 

the flow of motorcycles in mixed traffic conditions in 

Vietnam. Motorcycles have different characteristics 

while moving compared to cars, such as lane 

sharing, side-by-side riding, and frequent 

overtaking within a single lane. 

The remaining sections of the paper are 

organized as follows: Section 2 presents the research 

methodology. Section 3 describes the experimental 

setup. Section 4 discusses the simulation results and 

evaluation. The final section provides discussions 

and conclusions. 

2. Research Methodology 

This section presents a method for controlling 

traffic lights at a single intersection based on the 

application of the DDQN algorithm. Section 2.1 gives 

an overview of RL, and Section 2.2 presents the 

principle of the DDQN algorithm. 

2.1. Reinforcement Learning 

Reinforcement learning [12] is a machine 

learning (ML) technique to train agents to make 

decisions to achieve the most optimal results. This 

technique simulates the trial-and-error learning 

process that humans use to achieve a goal based on a 

pre-determined reward function. 

In RL, agents are trained to make decisions in a 

given environment, aiming to maximize the 

cumulative reward. The agent learns by interacting 

directly with the environment. Each action of the 

agent will create a new state and a corresponding 

reward. This process is repeated continuously, 

allowing the agent to gain experience and adjust its 

behavior. The goal of the agent is to maximize the 

total cumulative reward during the interaction with 

the environment. 

RL is based on the mathematical foundations of 

the Markov Decision Process (MDP) [12], which 

provides a formal framework for modeling decision-

making in environments where outcomes are partly 
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random and partly under the control of an agent. An 

MDP is formally defined as a tuple ( , , , , )S A P R .  

 At time t, the agent is in state s S  (S is the state 

space). It performs an action a A  (A is the action 

space) based on the policy  and receives a reward 

r, and the environment also changes from state s to s’. 

The probability of transitioning from state s to s’ after 

performing action a is P(s’|s,a).  is a discount factor 

that determines the importance of the future reward. 

 is the learning rate used to control the rate of value 

update. Q-learning [9] is an algorithm designed to 

solve problems modeled as MDPs. The Bellman 

equation [13] forms the foundational basis for Q-

learning, a value-based reinforcement learning 

algorithm aimed at finding an optimal policy by 

estimating the action-value function  ( , )Q s a . It 

expresses the recursive relationship between the 

value of a state-action pair and the expected return 

from the subsequent state, incorporating both 

immediate rewards and future returns. 

Mathematically, the Bellman optimality equation for 

the Q-function is defined as 

   
 

E
'

( , ) max ( ', ')| ,
a

Q s a r Q s a s a  (1) 

where  ( , )Q s a is the expected return of taking 

action a in state s under policy  . s’ and a’ are the 

next state and action of the agent. 

2.2. Double Deep Q Network 

 Q-learning [9] is a foundational RL algorithm that 

has demonstrated success in various applications. 

However, as the dimensionality of the input space 

increases, the performance of Q-learning 

deteriorates significantly. DQN [10] uses DNN 

instead of Q-tables to estimate Q values, which helps 

to handle large state spaces. The DQN algorithm is a 

breakthrough in the field of RL, allowing agents to 

learn to make decisions in complex environments by 

combining Q-learning with DNN. In DQN, a DNN is 

employed to approximate the Q-value, which 

represents the expected future reward for a given 

action in a particular state. Unlike traditional Q-

learning, where the Q-table is directly updated with 

each action, DQN updates the network itself by 

minimizing the loss function, which measures the 

discrepancy between the predicted Q-values and the 

target Q-values. However, it suffers from 

overestimation because the same Q-network is used 

for both action selection and evaluation. DDQN [11] 

addresses this issue by decoupling these processes, 

using the online network for action selection and the 

target network for evaluation. 

 At state ts , the agent (traffic signal light) selects 

an action (phases in action space) ta to execute, and 

the environment responds with an immediate 

reward tr  and transitions to the next state
1ts .This 

transition tuple  1, , ,t t t ts a r s is stored in an 

experience replay buffer, which enables the agent to 

decorrelate consecutive samples and reuse past 

experiences. During training, a mini-batch of 

transitions is sampled from the replay memory to 

update the network.  

 In the DDQN, two sets of parameters are 

maintained to mitigate the overestimation bias 

inherent in standard DQN: the online network with 

weights (  ) and the target network with weights (

  ). The online network is responsible for selecting 

actions, while the target network is used to evaluate 

them. For a given transition  , , , 's a r s the DDQN 

target is defined as  

       
 '

',argmax ( ', '; );DDQN

a

y r Q s Q s a  (2) 

  where   is the discount factor. The learning 

objective is then to minimize the mean squared error 

between the predicted Q-values and the DDQN 

target, expressed as  

    
  

EL
2

( ) ( , ; )DDQNy Q s a  (3) 

 This formulation stabilizes the learning process 

and reduces the overestimation bias, thereby 

enhancing the robustness of value-based 

reinforcement learning. In DDQN, the update 

procedure distinguishes between the online network 

and the target network. During training, the online 

network (  ) is updated iteratively through 

stochastic gradient descent to minimize the temporal 

difference (TD) loss. Gradient descent is applied to 
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update the  online network with the learning rate (

) as below: 

      L( )  (4) 

Conversely, the target network (  ) is updated less 

frequently by synchronizing it with the online 

network parameters (   ) after a fixed number 

of steps, constituting a hard update strategy. The 

flowchart of DDQN is expressed in Figure 1. 

 

Figure 1. Flowchart of DDQN. 

3. Experimental Setup 

In this paper, we use the Simulation of Urban 

Mobility (SUMO) [14] tool to simulate the operation 

of traffic lights, shown in Figure 2. The intersection 

can be accessed from 4 directions, each direction will 

have 4 lanes and be divided into 1 separate left turn 

lane and 2 straight lanes, 1 shared lane between right 

turn and straight. 

 

Figure 2. Intersection Plan and directions. 

Traffic volume is at a moderate level, including 

both cars and motorbikes. The model uses data 

collected from vehicles to control traffic lights. Traffic 

volume in the model is randomly generated 

according to the pre-defined probability in the .rou 

file. 

The DDQN model is combined using the Python 

programming language and the Tensorflow library 

when training. The SUMO Traci protocol uses a 

server/client architecture to provide a way to access 

SUMO and extract data from the simulation model. 

3.1. Proposed DDQN model to control traffic light 

 State Space 

The state of the signal agent is used to describe the 

environment at time t. This state needs to provide 

enough information on the approaches so that the 

agent can learn and choose the optimal action, that is, 

the signal can choose the best phase sequence and 

phase time. 
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The model uses the Discrete Traffic State 

Encoding (DTSE) technique [15] to represent the 

state of the signal agent based on the presence of 

vehicles. The approaches to the intersection will be 

divided into small cells from the stop line to a 

distance of 800m. The choice of the length of these 

cells directly affects the operation as well as the 

efficiency of the signal light.  Cells located closer to the 

intersection are assigned shorter lengths to provide 

higher resolution data where vehicle behavior is 

most critical for phase decision-making. This 

structure ensures that detailed traffic dynamics near 

the junction are accurately captured. Each cell is 

dimensioned to accommodate at least a single 

vehicle, enabling a representation that simplifies the 

state space while preserving essential traffic flow 

characteristics. 

From the above analysis, the length of these cells 

at a typical approach is shown in Figure 3 below. 

Each approach to the intersection is discretized into 

24 cells, comprising 12 cells for the dedicated left-

turn lane and 12 cells collectively representing the 

remaining three through and right-turn lanes.  This 

configuration reflects the signal phase operation, 

where the left-turn movement is controlled by a 

separate phase, while the other three lanes operate 

under a shared phase. As the intersection consists of 

four approaches, the complete state representation 

includes 96 cells.  

 

Figure 3. Data collection at an approach intersection. 

The state vector is defined as 

  0 1 95, , ...,ts v v v  (5) 

Where iv is the average normalized speed of 

vehicles in this cell, and it is calculated as 


max

 speed of vehicles in cell k
k

mean
v

v
 

(6) 

Where maxv is the maximum speed of vehicles. It is 

a continuous state representation where each 

element lies in [0,1], capturing relative mobility 

levels within each discretized road segment. Cells 

without vehicles are assigned a value of zero,  

indicating the absence of traffic in those locations. 

 Action Space 

The typical cycle of a traffic light includes green 

phase, yellow phase, and red phase. In our model, the 

action space is determined based on the activity of 

the traffic light phase, that is, the duration of the 

green phases. In the DNN model, after each duration 

(t =5s), the agent will choose an action to perform, 

that is, choose one phase from the four phases in 

Figure 4. If the selected action is the same as the one 

taken in the previous time step, the current green 

phase is extended. However, if the action differs from 

the previous one, the green phase transitions to a 

yellow phase, and the signal moves to the next green 

phase. The duration of each green phase may vary, as 

it is determined by the agent’s state at each time step. 

 

Phase 1 

 

Phase 2 

 

Phase 3 

 

 

Phase 4 

Figure 4. Traffic signal phases. 

 Reward Function 

The reward function is an important part of RL 

because it determines the goal of the model after 

training. In our model, the reward function was 

designed to reduce traffic congestion and improve 

flow performance. Due to the influence of traffic 

lights and conflicts, the vehicles have to slow down or 

stop. By penalizing the number of halted vehicles and 
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accumulated waiting time at an intersection, the 

reward function aims to minimize stops and improve 

overall throughput. To encourage efficient traffic 

flow, the mean speed across all incoming roads was 

incorporated as a positive reward signal. Formally, 

the reward function is defined as: 

Reward = -Number of Halting vehicles – 

waiting_time*0.05 +mean_speed*0.1 
(7) 

 Since the number of halting vehicles, waiting 

time, and vehicle speed are measured in different 

units and vary significantly in magnitude and direct 

aggregation would result in one factor dominating 

the reward signal. Scale parameters (0.05 with 

waiting time and 0.1 with mean speed) were 

incorporated into the reward function to convert 

heterogeneous traffic performance indicators into a 

comparable scale. 

 Hyperparameters in DDQN 

An activation function helps the network learn 

complex patterns by introducing non-linearity. In 

artificial neural networks, the activation function 

plays an important role in determining the output of 

a node based on its input or set of inputs. We use the 

RELU function [16] in the model because of its 

simplicity and non-linearity, which can learn 

complex data patterns. 

The model uses the popular Adam optimization 

algorithm [17] to train the DNN. Adam is an adaptive 

learning algorithm designed to improve the training 

speed in DNN and achieve rapid convergence. This 

algorithm is particularly suitable for training DNN 

because it calculates individual adaptive learning 

rates for different parameters. Adam combines 

Momentum and RMSprop techniques to provide a 

more balanced and efficient optimization process. 

Experience replay is a crucial component in 

DDQN that enhances learning stability and efficiency. 

Instead of learning from consecutive experiences, 

which are often highly correlated, experience replay 

stores the agent’s experiences, each consisting of a 

state, action, reward, next state, and done flag, in a 

replay buffer. During training, the DDQN randomly 

samples mini-batches from this buffer to break 

temporal correlations and smooth out learning 

updates. This approach allows the network to learn 

from a more diverse set of experiences, leading to 

better generalization and more stable convergence. 

Additionally, experience replay enables the agent to 

reuse past experiences multiple times, improving 

data efficiency and making learning more robust, 

especially in complex environments. 

In the DDQN algorithm, epsilon (  ) is an 

important parameter that controls the balance 

between exploration and exploitation. Exploration 

allows the agent to discover new actions that may 

lead to larger rewards in the future, while 

exploitation allows the agent to use learned 

knowledge to maximize immediate rewards. DDQN 

uses an epsilon-greedy strategy for action selection. 

Under this strategy, with probability epsilon, the 

agent chooses a random action from the action space. 

Conversely, with probability 1 - epsilon, the agent 

chooses the action with the highest estimated Q value 

(the “greedy” action). The formula to determine   is 

defined below 


   


  

/
( ) decayepisode

end start end e  (8) 

 At the initial time (epsilon = 1), the agent explores 

more, trying out different actions to gather more 

information. As epsilon decreases, the agent focuses 

more on exploiting the best-known actions, 

leveraging its experience. 

In DNN, the number of layers and the number of 

neurons per layer are crucial hyperparameters that 

directly influence the model’s capacity to learn 

complex patterns. These parameters are used to 

control the learning process of the DNN algorithm. 

They are determined before the training process 

begins. Choosing too many layers and too many 

neurons in each layer can cause over-fitting and 

increase the training time. On the contrary, choosing 

too few models can cause the model not to choose the 

appropriate action (under-fitting). In this study, we 

employ a two-layer feedforward network with 128 

neurons in each layer. This architecture offers 

adequate representational capacity to process the 

96-dimensional state input while maintaining stable 

convergence throughout training, as illustrated in 

Figure 5. 
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Figure 5. Neural network with 2 hidden layers. 

The models were trained 200 times, each time 

lasting 1200 seconds. Table 1 below summarizes the 

hyperparameters of the DDQN model. 

Table 1. Training parameters of DDQN. 

Parameter Value 

  (Gama) 0.99 

 (learning rate) 0.001 

Number of states 96 

Number of actions 4 

Number of layers 2 

Number of neurons in each layer 128 

L( )  (Loss Function ) Mean Squared 
Error 

Activation Function Relu 

Optimization Function Adam 

Total Episodes 200 

Step in each Episode 1200s 

Batch size 64 

Memory size (min-max) (1000-50.000) 

t (Green duration) 5s 

Yellow duration 5s 

Epsilon_start 1 

Epsilon_end 0.01 

Epsilon_decay 15 

3.2. Car and Motorcycle Models 

The behavior of individual vehicles is governed by 
a set of microscopic traffic models, including car-
following, lane-changing, and junction models. The 
car-following model, most commonly implemented 
as the Krauss model [18], is a fundamental 
component in traffic simulation used to replicate 
driver behavior in longitudinal vehicle movement. 
This model captures how a driver continuously 
adjusts their vehicle's speed in response to the 

distance to the vehicle in front, striving to maintain a 
safe headway while also promoting smooth and 
efficient traffic flow. By incorporating factors such as 
acceleration, deceleration, desired speed, and 
randomization to reflect human behavior variability, 
the Krauss model effectively balances safety with 
traffic efficiency. Its widespread adoption in 
microscopic traffic simulators makes it a reliable 
choice for studying vehicle interactions, congestion 
dynamics, and evaluating traffic control strategies. 

 Lane-changing behavior is modeled using rule-
based approaches such as LC2013 [19], which 
account for both mandatory (e.g., to reach an exit) 
and discretionary (e.g., to achieve higher speeds) 
lane changes, considering factors like surrounding 
vehicle speeds and safety constraints. At junctions, 
SUMO uses a heuristic-based junction model that 
handles right-of-way rules, traffic signals, and 
priority settings to determine vehicle movement 
through intersections. Together, these models enable 
detailed and realistic simulation of complex traffic 
scenarios in urban networks. 

Although SUMO offers many default models for 
cars, it does not provide a separate model for 
motorcycles. Motorcycles are simulated by using 
default car models, which results in an incomplete 
and inaccurate representation of real motorcycle 
behavior. In Vietnam, the traffic composition is 
dominated by motorcycles, and their behavior 
diverges significantly from standard traffic models. 
Motorcycles often travel side-by-side (in parallel) 
within a single lane, as shown in Figure 6, exploiting 
the entire lane width much more efficiently than cars. 
While cars generally follow strict lane discipline with 
typically one car per lane, dozens of motorcycles can 
occupy the same space, often ignoring formal lane 
markings, especially in dense urban settings or 
during rush hour. This leads to a high-density, 
flexible flow that is not well-captured by 
conventional lane-based car-following and lane-
changing models. 

 

Figure 6. Movements of cars and motorcycles in mixed 

traffic conditions. 
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We use two vehicle types, “motorcycle” and 
“passenger car”, in the “.rou” file, to simulate the 
operation of mixed traffic conditions in Vietnam. The 
parameters used to simulate motorcycles and 
passenger cars are shown in Table 2 below. 

Table 2. Car and Motorcycle models in simulation. 

Parameters Car Motorcyle 

Length (m) 5 1.6 

minGap (m) 2.5 1 

maxSpeed (m/s) 20 20 

Sigma (driver imperfection 
parameter) 

0.8 0.5 

Tau (desired minimum 
time headway).  

1 0.5 

In Sumo, the two parameters sigma and tau 

directly affect the movement behavior of vehicles on 

the road. The sigma coefficient determines the level 

of randomness in driving behavior; it affects traffic 

speed and lane changes. Tau is the reaction time 

when there is a change in traffic. It affects the braking 

ability and the safe distance between vehicles. 

To simulate the behavior of motorcycles in traffic, 

we use some additional parameters as expressed in 

Table 3. Accordingly, motorcycles exhibit lateral 

flexibility within a lane, allowing them to pass each 

other within the same lane. They can weave through 

gaps, ride two or more abreast, and dynamically 

adjust their position across the width of the lane. This 

behavior is non-lane-based or sub-lane-based and 

contrasts sharply with cars, which follow stricter 

lane discipline. 

Table 3. Sublane model for motorcycles. 

Parameters in the lane 

changing model 

 Value  

lcStrategic (The eagerness for 

performing strategic lane 

changing) 

[0-

infinity) 

10 

lcSpeedGain (The eagerness for 

performing lane changing to 

gain speed) 

[0-

infinity) 

5 

lcKeepRight (The eagerness to 

follow the obligation to keep 

right) 

[0-

infinity) 

5 

Lateral-resolution (*)  1.5 

This feature (*) enhances the realism of vehicle 

movement within a traffic simulation. Unlike the 

default lane-based model, where vehicles are 

confined strictly to the center of each lane, the 

sublane model enables more flexible lateral 

movements, allowing multiple vehicles to occupy 

slightly offset positions within the same lane. The 

width of a vehicle relative to the lateral resolution 

(lateral-resolution) or sublane width determines 

how many sublanes it occupies or needs to occupy 

[20]. This capability is particularly useful for 

simulating realistic behaviors such as overtaking a 

slower motorcycle on a single lane without requiring 

a full lane change. Additionally, in high-density traffic 

conditions, the sublane model allows for the 

formation of virtual lanes, where up to three 

motorcycles can travel side by side on two adjacent 

lanes, reflecting real-world phenomena like compact 

vehicle formations at intersections or during traffic 

jams. In our model, both motorbikes and cars can still 

be in one lane while waiting at the stop line.  

4. Simulation Results and Evaluation 

To evaluate the effectiveness of the proposed 

DDQN-based traffic signal control algorithm, five 

simulation scenarios were designed for comparative 

analysis.  

 DDQN: this method uses two separate neural 

networks—an online network and a target 

network—to reduce overestimation bias during 

action-value updates. The online network selects the 

optimal action based on current state estimates, 

while the target network evaluates the value of that 

action, thus decoupling action selection and 

evaluation. 

 DQN: Unlike DDQN, the standard DQN employs 

a single network for both action selection and 

evaluation, which can result in biased Q-value 

estimates and unstable learning. 

 Q-learning is a classical tabular RL method that 

iteratively updates value functions to determine 

effective phase selection without requiring function 

approximation. The speed value of the first cell in the 

state vector is converted into a binary variable (1 if 

normalized speed ≥ 0.5, otherwise 0). This design 

significantly reduces the dimensionality of the state 
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space while still preserving the essential information 

for learning.  

 Actuated Traffic signal control (ATSC): is a 

method that operates through sensor-based 

detection, where green phases are extended or 

terminated depending on real-time vehicle arrivals 

at intersections. Detectors are placed on incoming 

lanes near the stop line. Each green phase begins 

with a minimum green time to ensure safe vehicle 

clearance. If no vehicle arrives within the detector 

gap, the green phase terminates. If vehicles are still 

present, the green is extended but only up to the max-

gap threshold. 

 FTSC: In this method, the duration of green 

phases and the sequence of signal phases remain 

constant throughout the simulation. This approach 

serves as a baseline, reflecting traditional, non-

adaptive traffic signal operation.  

By contrasting these four setups, we aim to assess 

the ability of the learning-based controller to 

improve traffic flow efficiency under heterogeneous 

traffic, including cars and motorcycles. 

The experiments were conducted on a system 

with an Intel Core i9-10900 CPU at 2.80 GHz and 32 

GB of DDR4 RAM at 2666 MHz. An NVIDIA GeForce 

RTX 3070 GPU with 8 GB VRAM was used to 

accelerate parallel computation and deep learning 

tasks. 

4.1 Model efficiency based on reward function 

We evaluate four models' performance using the 

reward function and other metrics. Throughout the 

training process, as shown in Figure 7, the reward 

curves of DQN and Q-learning exhibit an overall 

upward trend, indicating an improvement of the RL 

models. Although the reward curve displays 

fluctuations, particularly during the early stages of 

training, these variations diminish over time. This 

behavior is explained by the agent’s exploration-

exploitation strategy. At the beginning(  1 ), the 

agent predominantly explores the environment by 

selecting random actions (e.g., random phase 

sequences), resulting in unstable performance. As ε 

decreases, the agent shifts towards exploitation, 

improving decision-making.  

 

Figure 7. Reward curve of algorithms over 200 

episodes. 

In Figure 7, the DDQN achieves the highest and 

most stable reward after around 50 episodes, 

indicating that it learns an optimal policy faster and 

converges more reliably than the other methods. The 

use of a separate target network to mitigate 

overestimation bias allows DDQN to outperform 

DQN and Q-learning in both stability and peak 

reward. The DQN also shows strong performance, 

with a clear upward learning curve and convergence 

toward high rewards. However, compared to DDQN, 

DQN exhibits more oscillations and a slower 

convergence rate due to overestimation issues 

inherent in the update process. Q-learning also 

improves significantly after initial fluctuations, 

though its convergence is less stable than DQN, 

reflecting the limitations of tabular representation 

and discretization in capturing complex traffic 

dynamics.  In contrast, ATSC and FTSC maintain 

relatively stable but consistently lower rewards 

throughout all episodes. ATSC performs slightly 

better than FTSC due to its responsiveness to real-

time traffic via vehicle detectors, while FTSC remains 

static with fixed cycle times.  

4.2. Effectiveness of the four methods to control signal 
light 

To clarify the effectiveness of the four methods, 

their performance was compared across key traffic 

metrics, including average travel time, speed, lost 

time, and waiting time. 

 In Figure 8, the DDQN method achieves the 

lowest mean travel time (188.5s), with a narrow 

distribution and fewer extreme outliers. This 

demonstrates its superior ability to optimize signal 

timings, reduce vehicle delay, and adapt effectively to 
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dynamic traffic patterns. The DQN method achieves a 

higher mean travel time (223.7s) than DDQN, though 

still significantly better than Q-learning, ATSC, and 

FTSC. Its distribution is relatively compact but 

includes some high outliers, reflecting occasional 

inefficiencies caused by overestimation bias in Q-

value updates. 

 

Figure 8. Evaluation of Average Travel Time using 

different algorithms. 

Q-learning performs slightly worse, with an 
average of 238.2 s and a wider spread of results. The 
variability reflects the limitations of tabular learning 
and state discretization, which reduce precision in 
capturing complex traffic states. ATSC, with a mean 
travel time of 242.2 seconds, also performed 
reasonably well by dynamically adjusting signals in 
response to real-time conditions. However, its 
reliance on reactive adaptation, rather than long-
term optimization, constrains its ability to achieve 
the same performance improvements as RL  
approaches. FTSC is a traditional rule-based method 
that operates on pre-defined timing plans without 
adapting to real-time traffic dynamics. As a result, it 
exhibited the weakest performance with the highest 
mean travel time (261.4 seconds) and a wide 
distribution.  

Table 4 below presents the other metrics of the 
four traffic signal control methods.  

The DDQN method achieves the best overall 
performance, with the highest average speed (12.14 
m/s), the lowest lost time (29.16 s), and the shortest 
waiting time (18.12 s). This demonstrates the strong 
capability of DDQN to optimize traffic signal policies 
by effectively balancing exploration and exploitation 
while avoiding overestimation bias. The DQN 
method performs second best, with a slightly lower 
average speed (11.5 m/s) and significantly higher 
lost time (63.31 s) and waiting time (43.02 s) 
compared to DDQN. While still superior to traditional 

approaches, its performance degradation highlights 
the limitations of single Q-network estimation. Q-
learning performed moderately, with a speed of 
10.35 m/s, a lost time of 80.24 s, and a waiting time 
of 58.91 s. ATSC showed lower speed (9.53 m/s) and 
higher lost time (77.68 s), though its waiting time 
(48.57 s) was better than Q-learning. FTSC had the 
weakest performance, with the lowest speed (8.81 
m/s), the highest lost time (101.11 s), and the longest 
waiting time (69.71 s). Overall, DDQN clearly 
outperformed the other methods, while FTSC 
performed the worst. 

Table 4. Performance metrics of different traffic signal 

control methods. 

Method
s 

Speed 

(m/s) 

Lost time 

(s) 

Waiting 
time 

(s) 

DDQN 11.9 39.16 28.12 

DQN 11.5 63.31 43.02 

Q-
learning 

10.35 80.24 58.91 

ATSC 9.53 77.68 48.57 

FTSC 8.81 101.11 69.71 

4.3 Evaluate the influence of hyperparameters in 

the DDQN model 

In this section, we conducted experiments to 

evaluate the influence of individual hyperparameters 

in the DDQN model. Firstly, the number of hidden 

layers and neurons was examined using different 

values. The experimental results in Figures 9 and 10 

indicate that varying the number of hidden layers 

and neurons in the DDQN architecture does not lead 

to significant differences in performance. This can be 

explained as the traffic signal control has a relatively 

low-dimensional state space (96 states) and a small 

discrete action space (4 actions). The underlying Q-

function is not highly complex, and a shallow 

network with a moderate number of neurons is 

already sufficient to approximate it effectively.  
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Figure 9. Performance evaluation of DDQN with 

different hidden layers. 

 

Figure 10. Performance evaluation of DDQN with 

different neurons in hidden layers. 

The learning rate ( )  was also tested at different 

values to examine its effect on convergence speed 

and stability.  

 

Figure 11. Performance evaluation of DDQN with 

different learning rates. 

Results in Figure 11 showed that higher learning 

rates accelerated training but often caused unstable 

policies, while lower values improved stability but 

slowed convergence. When the learning rate is low, 

the agent shows stable learning progress, with 

rewards gradually improving and converging to a 

relatively high level after around 75–100 episodes. In 

contrast, a learning rate of 0.1 results in highly 

unstable training behavior, with rewards oscillating 

dramatically throughout the entire training process 

and failing to converge to a satisfactory policy. 

5. Discussion and Conclusion  

In this study, we propose the use of the DDQN 

algorithm to manage traffic lights at an isolated 

intersection, offering an alternative to traditional 

methods. Through the learning process, our model 

enhances vehicle performance compared to DQN, Q 

learning, ATSC, and FTSC scenarios. The results 

demonstrate the superiority of employing  DDQN  for 

traffic signal management at an isolated intersection 

under heterogeneous traffic. These results align with 

findings from previous studies. 

Our model assumes ideal conditions for the traffic 

simulation, where vehicle data is collected accurately 

and promptly. Traffic light control relies on the real-

time location data of vehicles within the system, with 

no interruptions or delays in data transmission. 

However, our model does not account for other 

forms of transport, such as buses, bicycles, or 

pedestrians. 

While the simulation results for individual 

intersections are promising, challenges remain when 

extending the model to networks of intersections. In 

such cases, the model becomes more complex, as 

multiple agents interacting within the same 

environment can influence each other. 

In the future, we aim to apply RL to multi-

intersection networks and include a wider variety of 

traffic participants in our simulations. Additionally, 

enhancing model performance to achieve faster 

training times and improved outcomes will be a key 

focus in future work. 
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