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An efficient traffic management system is essential to minimize traffic problems and ensure the rapid circulation of 

emergency vehicles. This research proposes a new single-agent deep reinforcement-learning model using a deep Q-Network (DQN) 
to optimize traffic lights, aiming to reduce waiting times and increase vehicle speed, with particular emphasis on emergency vehicles. 

Our method incorporates a new state representation, which captures variations in vehicle density and speed that directly influence the 

reward structure to prioritize both traffic flow and emergency vehicle response times. The decision of the agent is enhanced by a 
replay memory mechanism, which ensures that experiences are effectively used in learning. The model’s effectiveness was tested in 

a simulated environment using SUMO, showing significant improvements in traffic management compared to traditional methods. 

Experimental results show that our system significantly reduces average waiting times and improves emergency vehicle prioritization. 

Keywords: Intelligent traffic light control, emergency vehicle,waiting time, speed, DQN  

1. Introduction 

Traffic congestion is one of the main problems that cause delays, rising fuel consumption, and 

pollution levels in urban areas. As cities become increasingly densely populated, efficient traffic solutions 

are required. The dynamic nature of traffic flow, particularly at busy times, often poses a problem for 

standard traffic control approaches, including fixed-time traffic lights. Effective traffic control at urban 

intersections is essential to reduce congestion, travel times, and improve road safety in general. Traditional 

traffic control systems, which are based on pre-programmed or actuated signals, often fail to respond to 

traffic conditions in real time, resulting in less-than-optimal performance. However, recent progress in 

artificial intelligence, particularly in Deep Reinforcement Learning (DRL), has provided promising 

solutions for the dynamic and adaptive control of traffic lights. This allows the rapid development of 

Intelligent Traffic Control Systems (ITCS) that interact with the environment to determine the best possible 

policies. DRL methods use real-time traffic data to make smart choices regarding the traffic flow, wait 

times, and emergency vehicles. This type of adaptability is especially useful in urban environments, where 

circulation routes vary and are unexpected. This study aims to develop a Deep Q Network (DQN) single-

agent DRL model for intelligent traffic control at a single intersection. The simplicity and adaptability of 

the single-agent concept make it the preferred option for addressing traffic-management issues. Its easy 

implementation and rapid learning make it an excellent choice for practical application. Additionally, the 

scalability and flexibility of the single-agent technique can be increased by adding it as needed to larger 

traffic networks. The primary contributions of this work include: 

• Designing a DQN-based traffic control model that optimizes traffic signal timings. 

• Evaluating the performance of the proposed model in terms of reducing waiting times and 

improving the speeds of both regular and emergency vehicles. 

The remainder of this paper is organized as follows. Section 1 provides an overview of relevant 

studies, followed by Section 2, which delves into the details of the proposed approach. Section 3 outlines 

the experiments and presents a detailed discussion of their results. Finally, in Section 4, we conclude the 

study with observations and suggestions for future research. 
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2. Related work 

Traffic signals are a vital component of transportation systems, serving to manage traffic flow and 

guarantee the safety of pedestrians and cyclists. The goal is to prevent accidents and congestion.  Despite 

minimizing travel time while maintaining safety. Recently, researchers have begun to use reinforcement 

learning (RL) to address traffic control issues. Two primary methods, RL and DRL, have been proposed to 

optimize traffic signal timing and improve traffic flow efficiency. These methods are commonly used in 

traffic-control research. 

2.1. Reinforcement learning  

This method relies on traditional RL algorithms that are devoid of deep-learning components. It is 

suitable for low-dimensional state-space tasks.  The study of Joo et al. (2020) proposed an Intelligent Traffic 

Signal Control (ITSC) system that employs Q-learning (QL) to optimize vehicle crossings and balance road 

signals. The structure of the system is adaptable and can be altered to accommodate changes at the 

intersection. In Kuang et al. (2021), an ITSC method that utilizes RL with a state reduction was developed. 

The model utilizes historical traffic flow and a dual-objective reward function to minimize vehicle delays 

and enhance the signal timing. The state and action were reduced by choosing appropriate control phases 

and eliminating rare states. Simulation experiments demonstrated improved intersection capacity and 

decreased algorithm costs. An RL-based ITSC using the n-step SARSA algorithm was employed for 

predictive ITSC (Kekuda et al., 2021). The algorithm surpasses conventional methods, making it feasible 

for low-cost real-time systems and reducing the network congestion probability. 

2.2. Deep reinforcement learning  

DRL is a promising approach for handling high-dimensional state spaces in complex traffic scenarios, 

because it leverages deep learning algorithms as an approximation function to enhance the learning ability of 

the agent. In the study by Wei et al. (2018), a novel approach to ITSC was introduced, emphasizing phase-

sensitive DRL. This method demonstrated superior performance compared to existing techniques through 

comprehensive synthetic and real-world experiments. Jang et al. (2018) proposed a method for integrating 

DRL into traffic simulation modelling to effectively solve traffic congestion in cities by adapting to changing 

traffic conditions and learning from experience. Kumar et al. (2020) developed a Dynamic Intelligent Traffic 

Light Control System (DITLCS) for vehicular traffic networks, considering the heterogeneity of emergencies 

and priority vehicles. The system operates in three phases: fairness, priority, and emergency. It uses DRL and 

fuzzy inference to dynamically generate traffic lights, thereby demonstrating its effectiveness and efficiency. 

According to the study in Zhang et al. (2020), a deep QL algorithm was utilized for ITSC system with partial 

vehicle detection. The algorithm uses a neural network to approximate the Q-value function, and aims to 

minimize the difference between the average travel time of commuters and the lowest average travel time. 

Cao et al. (2022) applied the DRL approach to an ITSC system for emergency vehicles. The primary objective 

of the system is to minimize the impact on traffic efficiency, while ensuring a quick response to emergency 

vehicles. Liu et al. (2023) applied a double-deep Q-network approach to an ITSC. The reward function was 

defined based on queue length, number of vehicles, and waiting time. Zhu et al. (2022) have compared policy-

based and value-based DRL techniques to examine the use of RL for ITSC in smart cities. The authors used 

a policy-based DRL technique called Proximal Policy Optimization (PPO) and evaluated its performance 

against value-based techniques, such as Double DQN (DDQN). The findings show that PPO generates optimal 

policies more effectively than DDQN, particularly when variable time intervals rather than fixed intervals are 

used for the traffic signal phases. As a result of this adaptive strategy, there were fewer phase changes, shorter 

car wait times, and increased traffic efficiency. The study also investigated the PPO's adaptation to 

environmental and action perturbations, showing that the learning-based controller continues to operate at a 

high level, even in difficult situations. To enhance traffic light control, Kodagoda et al. (2021) suggested the 

use of waiting time and standard deviation of vehicle waiting times, along with the number and type of 

vehicles, and proposed that the current signal phase index should be included as an essential element of the 

state representation instead of using traditional state representations and reward functions. Choosing the 

following traffic signal phase from a list of safe green signal combinations is a part of the agent's action space. 

Rewards were determined by averaging and standardizing waiting times for regular and emergency vehicles. 

Tested on both synthetic and actual datasets in the SUMO simulation environment, the approach outperforms 

established statistical and fixed-time methods, as well as methods that ignore standard deviation. Tan et al. 

(2022) used sensor technology to collect accurate traffic status data and then applied DRL to challenging 
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signal optimization problems. Through the integration of this exact data source, this study examines variations 

in state under various traffic scenarios and the correlation between the observed traffic states and traffic 

demand. The research involved testing the model under four distinct scenarios: extreme traffic states, entirely 

balanced traffic states, mildly unbalanced states, and fully balanced states. This ensures a comprehensive 

evaluation and adaptability. In their study, Alsheikhy et al. (2024) created Intelligent Adaptive Traffic Control 

and Management System (IATCMS), that makes use of cutting-edge methods for data collecting and 

processing. The system evaluates important traffic factors such as vehicle speed, density, and headway using 

real-time data from wireless sensor networks and cameras. Utilizing a Generative Adversarial Network 

(NDGAN), pertinent features are extracted, and ideal traffic signal timings are predicted, dynamically varying 

the lengths of red and green lights according to the traffic situation at the time. By prioritizing lanes with 

higher traffic congestion, this strategy helps the system reduce the average waiting time at crossings. 

3. Methodology 

3.1. Traffic light control problem formalization  

Effective traffic management at urban intersections presents a significant challenge in transportation 

engineering, which is the focus of this study. A single intersection represents the intricacies of traffic flow 

management. It consists of four junctions, each with three incoming lanes and one outgoing lane. Eight 

phases of traffic lights were defined, as depicted in Figure 1, which illustrates the organization of traffic 

lights for one phase.  RL is an effective method for training agents to navigate and make decisions in 

intricate environments such as ITLC. By interacting with the environment, the agent learns the optimal 

policy and uses trial and error to maximize the objective reward function. The RL agent explores the 

environment to make better decisions at each time step. It has been used in many domains such as 

telecommunications (Sherif et al., 2024), and plays a crucial role in transportation (Ballis and Dimitriou, 

2020), in robotics (Hohenfeld et al., 2024) and game playing (Lample and Chaplot, 2017). Several 

algorithms are used in RL, including Q-learning, policy gradient methods, and Monte Carlo methods. Deep 

Q-Networks DQN is a widely used algorithm that utilizes a deep neural network to approximate the Q-

value function, which maps states to action values. 

 
Figure 1. Traffic light organization for phase one 

 

3.2. DQN algorithm 

The Deep Q-Network (DQN) method combines deep learning with reinforcement learning to address 

the sequential decision-making challenges. This is a variant of the Q-learning algorithm, which represents a 

fundamental RL technique. The aim of this algorithm is to learn an optimal policy that maximizes the total 

expected reward by estimating a Q function denoted as Q(s, a), which signifies the cumulative reward resulting 

from action (a) taken in state (s), following policy π. The DQN method uses a Neural Network (NN) to 

approximate the Q-function. The NN accepts the state as an input and yields a Q-value for all the feasible 

actions. The Q-value indicates the expected future reward for each action in a given state. Training a neural 

network involves supervised learning, which requires continually updating the target values to align them with 

the observed rewards. The objective of the training is to minimize the gap between the predicted and target Q-

values. To calculate the target Q-values, the Bellman equation is employed, which explains how the current 

Q-value relates to the expected future reward, as expressed in Equation 1. 

𝑄(𝑠, 𝑎) = 𝑅 + 𝛾 ∗ ma x(𝑄(𝑠′, 𝑎′)).  (1) 

This equation indicates that (R) denotes the immediate reward gained after executing action (a) in 

state (s). (s') is the resulting state and (a') denotes the action. The discount factor γ (Gamma), determines 
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the significance of future rewards by balancing the trade-off between the immediate and long-term rewards.  

The term ma x(𝑄(𝑠′, 𝑎′)) represents the maximum target Q-value for the next state (s′), reflecting the best 

possible future reward the agent can expect by taking the optimal action (a′). 

During the training process, the DQN algorithm uses experience replay to break temporal 

correlations and stabilize learning by saving experience. The loss function, denoted as (L), quantifies the 

difference between the predicted Q-values and the target Q-values, and is employed to train the neural 

network. This function is expressed in Equation 2. 

𝐿 = (𝑄(𝑠, 𝑎) − (𝑅 + 𝛾 ∗ max(𝑄(𝑠′, 𝑎′))))2.  (2) 

3.3. Parameter modelling 

As a first step in designing our model based on deep reinforcement learning, we define the reward, 

action, and state in our method.  

a) State:   

The state representation in our ITSC system is crucial for capturing the necessary information 

regarding the traffic conditions at the intersection. The following elements are utilized to construct the state. 

• The queue length represents the number of vehicles in each lane N, with the maximum capacity of 

vehicles per lane. 

• Waiting time, denoted by W, is calculated as the sum of all vehicle waiting times divided by the 

number of vehicles, as shown in Equation 3. 

𝑊 =  
∑ 𝑤𝑖

𝑁
𝑖=1

𝑁
,  (3) 

where ∑ 𝑤𝑖
𝑁
𝑖=1  represents the sum of waiting times for vehicles in the lane. 

• The maximum emergency waiting time, denoted as MWT, is the longest duration that an emergency 

vehicle can take before leaving the intersection. This is defined in Equation 4. 

𝑀𝑊𝑇 = 𝑚𝑎𝑥 ( 𝑤1, 𝑤2, … . , 𝑤𝑛),  (4) 

where n denotes the total number of emergency vehicles in a specified lane.  

• The average speed of regular vehicles, denoted as 𝑆𝑟𝑒𝑔, is computed  as the sum of the speeds of all 

regular vehicles divided by the number of regular vehicles, as presented  in Equation 5. 

𝑆𝑟𝑒𝑔 =  
∑ 𝑠𝑖

𝑁𝑟𝑒𝑔
𝑖=1

𝑁𝑟𝑒𝑔
,  (5) 

where 𝑠𝑖 is the speed of the i-th regular vehicle and 𝑁𝑟𝑒𝑔 is the number of regular vehicles. 

• The average speed of emergency vehicles, denoted as 𝑆𝑒𝑚𝑔, is calculated as the sum of the speeds 

of all emergency vehicles divided by the number of emergency vehicles, as stated in Equation 6.  

𝑆𝑒𝑚𝑔 =  
∑ 𝑠𝑖

𝑁𝑒𝑚𝑔
𝑖=1

𝑁𝑒𝑚𝑔
,  (6) 

where 𝑠𝑖 is the speed of the i-th emergency vehicle and 𝑁𝑒𝑚𝑔is the number of emergency vehicles. 

• A one-hot encoding vector, referred as (A), signifies the state of the signal, with values ranging from 

1 to 8. This indexing system provides an agent with a comprehensive overview of vehicle 

movements. 

b) Action:  

To regulate the signal, we implemented actions corresponding to potential phase changes of the 

traffic light. After a 12-seconds interval, the agent selects the next phase. If the agent's current phase is the 

same as the next phase, it will remain in the same state for an additional 12 seconds. Alternatively, the agent 

will transit to a new phase, preceded by a 3-second yellow signal. 

c) Reward:  

The reward function serves as a directive signal for the agent, providing feedback on the efficiency 
of its actions. In the proposed ITSC system, the reward function is formulated using Equation 7. 
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𝑅 = 50 − [(𝑊𝑟𝑒𝑔 + 𝛼 ∗ (60 − 𝑆𝑟𝑒𝑔)) + (𝛽 ∗ 𝑊𝑒𝑚𝑔 + 𝛼 ∗ (60 − 𝑆𝑒𝑚𝑔))].  (7) 

The α and β parameters allow the adjustment of the reward function to achieve specific objectives. 
By modifying these parameters, the system can vary the importance placed on minimizing waiting times 
and speed penalties, as well as prioritizing emergency vehicle responses. Coefficient α controls the trade-
off between waiting time (𝑊𝑟𝑒𝑔) and speed (𝑆𝑟𝑒𝑔) for regular vehicles, while 𝛽 governs the emphasis on 

emergency vehicle prioritization, as indicated by (𝑊𝑒𝑚𝑔) and (𝑆𝑒𝑚𝑔). In this study, we set α = 0.5 and β = 1. 

Both coefficients can be fine-tuned based on the system requirements. 

d) Neural Network Architecture Choice:   

To determine the best strategy, we investigated several neural network designs in our study on traffic 
light control optimization using DRL. Through rigorous experimentation, we discovered in our use case 
that a simple architecture of only dense layers was the best performance when compared with other more 
sophisticated models such as Convolutional Neural Networks (CNN) and Long Short Term Memory 
(LSTM) networks. 

Given the nature of our features, we construct fully connected layers in the context of DQN. 
Naturally, the traffic data in our case were tabulated, collecting different aspects, such as average waiting 
times, queue lengths, and vehicle speeds. Because dense layers, often referred as fully linked layers, can 
learn complex patterns and relationships between all input features without assuming any particular spatial 
or temporal organization, they are especially well suited for tabular data. The efficiency and simplicity of 
dense layers' make them perfect for traffic management scenarios when making real time decisions. This 
simplicity ensures that the model provides predictions very rapidly with bare necessities, which allows 
traffic signals to be adjusted in the next phases. CNN, on the other hand, is specifically designed for spatial 
data, such as images, and LSTM is built to operate on sequential data involving long-term dependencies. 
Both CNN and LSTM run more complex calculations, which adds a higher inference time and increases 
the computational overhead. In addition, dense layers are simpler in their architecture, and the risk of 
overfitting is minimized compared to other models. We strike a balance between model complexity and 
generalization ability using dense layers, ensuring a strong performance in a variety of traffic situations. 

e) Learning optimal policy process:  

DQN learning is run after every environmental signal change on a batch of 256 experiences that 
include interactions between the agent and environment (state-action-reward triads).  The process to learn 
optimal policy is presented in Algorithm 1.  

 

Algorithm 1: DQN Learning Process for Traffic Control 

Input: A batch of 256 experiences, each containing: 
State (s), Action( a), Reward (R), Next state (s′), Discount factor (γ), Learning rate (( 𝑙𝑟) 
Output: Optimized Q-network for traffic control 
for each sample (𝑠𝑡, 𝑎𝑡, 𝑅𝑡) in the experience batch do 

Step 1: Compute Expected Q-value Q (𝒔𝒕, 𝒂𝒕):   

Compute the expected Q-value for the current state 𝑠𝑡 and action 𝑎𝑡 based on the agent’s current 
knowledge. 

Step 2: Calculate Target Q-value 𝐐𝐭𝐚𝐫𝐠𝐞𝐭 (𝒔𝒕 , 𝒂𝒕): 

Qtarget (𝑠𝑡  , 𝑎𝑡) =   𝑅𝑡+1  +  γ max
𝑎∈𝐴

Q(𝑠𝑡+1, 𝑎 )  

Step 3: Calculate the Error E: 

𝐸 =  𝑄(𝑠𝑡  , 𝑎𝑡) − Qtarget (𝑠𝑡  , 𝑎𝑡)  

Step 4: Update the Q-value Q (𝒔𝒕, 𝒂𝒕):   

       𝑄(𝑠𝑡  , 𝑎𝑡) = 𝑄(𝑠𝑡  , 𝑎𝑡) + 𝑙𝑟  ∙ 𝐸     

3.4. Deep Q network architecture 

The DQN architecture presented in Figure 2 contains two main branches: a traffic state and a phase 
index branch. The first traffic state branch presented by the matrix 𝑀𝑠 used two dense layers with 64 and 
32 filters, each with Rectified Linear Unit (ReLU) activation, to process the features of the incoming traffic. 
The second-phase index branch, depicted in vector A, interprets one-hot encoded traffic light phase data 
using two dense layers with 32 and 16 filters and ReLU activation. Then, the output branches are 
concatenated, allowing the network to understand the relationship between the current state and available 
traffic-light phases. The output of the concatenation layer is passed through a dense layer of 16 units with 
ReLU activation. Finally, we used a dense layer of eight units (no activation) to generate Q-values for the 
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eight different traffic-light operations. In a DQN, the final layer typically avoids the activation function. 
This ensures that the network can predict Q-values over a larger range, incorporating both positive rewards 
and negative penalties involved in different traffic light control actions. The principal activation functions 
and layers are as follows: 

• Fully connected layer: Fully linked layers allow the model to learn sophisticated patterns by 
combining dissimilar features and connecting all neurons in one layer to all the neurons in the 
next layer. When tabular data are available, this strategy is effective, enabling us to understand 
the complex details of the traffic data patterns. 

• Activation Function: Deep neural networks are highly dependent on the Rectified Linear Unit 
(ReLU) activation function. This function produces nonlinearity by reducing negative input 
values to zero and maintaining positive values. This minimizes the problem of the vanishing 
gradient and promotes faster convergence during training. 

• Concatenation layer: Concatenation layers are used to merge features extracted from different 
branches of the network.  

 
Figure 2. Architecture of Deep Q Network 

4. Result and discussion 

Our goal is to improve the assessment of RL algorithms, primarily focusing on DQN to minimize 
waiting time and prioritize emergency vehicles. Our main objective is to determine how well these 
algorithms optimize the ITSC to reduce delays and improve the efficiency of intersections.  We performed 
our experiments on an open-source platform Simulation of Urban Mobility (SUMO), with the advantage 
of simulating various traffic scenarios. SUMO's advanced simulation capabilities enabled us to reproduce 
the geometric layout, lane configuration, and traffic flow dynamics that closely defined our simulated traffic 
network. 

After presenting the training protocol, we used the parameters listed in Table 1 for the experimental 
configuration. These parameters are the learning rate, discount factor, replay memory capacity, batch size, 
and target network update frequency. These parameters must be defined because they play an important 
role in the manner in which our reinforcement-learning algorithm works inside SUMO and in how it learns. 
The training stage consists of tuning the hyperparameters to maximize the performance of the RL agent. 
The key hyperparameters were discount factor (𝛾), minimum epsilon (𝜀𝑚𝑖𝑛), epsilon decay (𝜀𝑑𝑒𝑐𝑎𝑐𝑦)  

learning rate (𝑙𝑟), and the replay memory capacity. Fine-tuning these parameters means that we can control 
and regulate the real ratio of exploration to exploitation, thereby driving robust policy learning. 
 
Table 1. Hyperparameters and parameters for training the DRL agent 
 

Variable Value Description 

𝛾 0.999 Discount factor 

𝜀𝑚𝑖𝑛 0.01 Minimum epsilon 

𝜀𝑑𝑒𝑐𝑎𝑐𝑦 0.0002 Epsilon decay rate 

𝑙𝑟 0.001 Learning rate 

𝜏 0.125 Target network update frequency 

Replay Memory Capacity 10000 Capacity of replay memory 

Replay Batch Size 256 Size of replay batches 

Steps per Episode 5000 Number of steps per episode 

 
To evaluate the performance of DQN control strategies, we examined key measures, such as average 

waiting time, average speed to regular and emergency vehicles, and reward. We aimed to determine the 
benefits of ITLC regulation by comparing the performance of the DQN architecture to standard fixed-time 
techniques and other RL techniques in terms of lowering the traffic waiting time and enhancing overall the 
travel speeds.  
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Figure 3 shows the history of the average waiting time for a regular vehicle over a number of actions, 

which refers to the number of times a specific scenario was run in a simulation. Initially, the average waiting 

time for regular vehicles is high, approximately 3000 seconds, owing to the initial learning phase of the 

system and the difficulty of the traffic scene. However, as the number of actions increases, the waiting time 

decreases considerably, reaching much lower and more stable levels. The reduction in waiting time after 

2000 actions, to almost 0 second until 8000 actions proves that the DQN-based intelligent traffic control 

system learns and adapts successfully over time. 
 

 
 

Figure 3. Average waiting time of regular vehicles 

 

Figure 4 shows the average waiting time over the number of taken actions. The waiting time of 

emergency vehicles starts to increase then decreases to reach 0 second as the number of actions increases, 

indicating that the DQN model adapts to prioritize emergency vehicles more effectively over time. 
 

 
Figure 4. Average waiting time of emergency vehicles 

 

The average speed feature of regular vehicles provides information on the consistency and reliability 

of the traffic light control models. 

In Figure 5, the average speed of regular vehicles changes slightly but remains relatively stable at 

approximately 57-59 seconds throughout the 8000 taken actions, which indicates that our DQN-based 

model maintains a reasonable speed for regular vehicles. 
 

 
 

Figure 5. Average speed of regular vehicles 
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Figure 6 presents the average speed of emergency vehicles against the number of taken actions. As 

shown in this graph, the average speed of emergency vehicles increases significantly from 60 to 70 seconds 

when the number of actions taken reaches 8000. This proves that our DQN-based intelligent traffic control 

system effectively prioritizes emergency vehicles and enables them to maintain higher speeds over time. 
 

 
 

Figure 6. Average speed of emergency vehicles 
 

The stable trend indicates that the system effectively prioritizes emergency vehicles, maintaining a 

consistent speed throughout the simulation and allowing them to pass through intersections without delays, 

ensuring timely responses. 

Figure 7 depicts the reward history for the DQN model and shows an overall increasing trend.  The 

rewards start to be negative, indicating poor initial performance and penalties taken by the agent at the 

beginning of the training. The model becomes increasingly better at rewards, reaching 10 positive rewards 

as the number of actions increased. This indicates that the system learns and improves its performance over 

time. 

 

 
 

Figure 7. Reward history 
 

The proposed algorithm is compared to several established approaches as shown in Table 2. This 

study focuses on the primary objectives, used strategies, and results obtained, with a particular focus on the 

average waiting time. The results demonstrate the effectiveness of our strategy in reducing traffic 

congestion and improving traffic flow efficiency on a single agent compared to existing methods. 

 
Table 2. Comparative evaluation of traffic light control methods 

Method Year  Average Waiting Time (s) Emergency Vehicle Waiting Time 

(s) 

Kodagoda et al. (2021) 2021 43.51 5.06 

Zhu et al. (2022) 2022 58,38 - 

Alsheikhy et al. (2024) 2024 56.5 - 

Proposed Approach 2025 30 0 

 

From the comparison, it is evident that the proposed method outperforms other state-of-the-art methods 

in terms of reducing the average waiting time of vehicles. Specifically, the proposed approach achieves 30 
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seconds average waiting time, which is substantially lower than the 58.38 seconds reported by Zhu et al. 

(2022), the 43.51 seconds by Kodagoda et al. (2021), and the 56.5 seconds by Alsheikhy et al. (2024). 

In addition to reducing the average waiting time for all vehicles, the proposed approach effectively 

eliminates the waiting time for emergency vehicles, achieving a waiting time of 0 seconds. This is a critical 

improvement over the 5.06 seconds waiting time for emergency vehicles reported by Kodagoda et al. 

(2021). Other studies have not reported specific waiting times for emergency vehicles, thus highlighting a 

potential gap in their evaluation. 

5. Conclusion 

This study proposes a novel approach to traffic signal control based on a DQN model to reduce 

traffic congestion while enhancing the flow of emergency vehicles in urban areas. The model efficiently 

balances general traffic and emergency vehicle priorities using a novel state representation that considers 

vehicle density and speed fluctuations. An essential part of our methodology is the use of a fully connected 

layer-based DQN architecture, which has been chosen because it is simpler and uses less processing power 

than more sophisticated architectures, even though CNN and LSTM can be used to extract rich features, 

not all tabulated features or data types benefit from their use. Furthermore, they have high memory and 

processing requirements, which may be problematic for real-time traffic-management systems. 

Experimental results in the SUMO simulation environment demonstrate that the proposed method 

outperforms traditional traffic signal control strategies in terms of reducing the average waiting times for 

regular vehicles and improving the response times for emergency vehicles. These results highlight the 

potential of reinforcement-learning-based approaches in enhancing urban mobility and safety. While these 

results are promising, the model remains limited to simulated environments and does not incorporate 

pedestrian flows or handle complex multi emergency scenarios. Future research will focus on extending 

the framework to multi agent coordination across multiple intersections, incorporating pedestrian activity 

and contextual features into the state representation, and validating the model using real-world traffic data 

to assess its performance in live environments. 
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