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Abstract
Overview: Efficient traffic signal timing and congestion management remain significant challenges for smart city transportation systems, particularly under changing traffic conditions. Traditional fixed-time traffic signals may not respond effectively to variations in traffic demand, resulting in unnecessary waiting and queue formation.

Purpose: The purpose of this project is to develop an intelligent Reinforcement Learning (RL)-based traffic signal controller that can adapt signal decisions according to current traffic conditions and improve traffic flow.

Method: A quantitative, simulation-based methodology will be adopted using Simulation of Urban Mobility (SUMO) and Python. A Deep Q-Network (DQN)-based controller will be developed and compared with a conventional fixed-time traffic signal controller under different simulated traffic conditions. Performance will be evaluated using vehicle waiting time, queue length, throughput and travel time.

Expected Results: The RL-based controller is expected to reduce vehicle waiting time and queue length while maintaining or improving throughput and travel-time performance. The system is also expected to demonstrate greater responsiveness to changing traffic conditions than the fixed-time controller.

Overall Conclusion: The study is expected to demonstrate the potential of Reinforcement Learning for developing adaptive and responsive traffic signal control systems. The findings should indicate whether a DQN-based approach can provide more effective congestion management than conventional fixed-time traffic signal control in a simulated smart city environment.
INTRODUCTION
Research Problem: One of the big issues in transportation management in the smart city is traffic congestion, especially in cases where the traffic lights cannot react in relation to the traffic [1]. The traditional traffic light systems tend to be programmed on fixed schedules; that is, a road can be allocated a given amount of green-light time even when there are no vehicles needing it, while another road may find itself with a growing queue. This rigidity may add to unnecessary vehicle waiting and ineffective traffic [2]. Intelligent Traffic Signal Optimisation uses real-time traffic conditions, such as vehicle queues and waiting times, to dynamically adjust signal phases and improve traffic flow. The research is therefore targeted at developing an intelligent traffic signal optimization system that relies on reinforcement learning (RL) and is capable of adaptively responding to the current traffic situation. The study aims to use Simulation of Urban Mobility (SUMO) to model a 4-way road intersection and then simulate different traffic conditions. This study does not use any external real-world data, however real-world traffic will be simulated, and quantitative observations of traffic will be derived. A series of observations will be taken that include vehicle waiting time, queue length, throughput and travel time. This method gives the opportunity to run the proposed RL control system in a controlled environment where it can be compared to a conventional fixed-time traffic signal system under similar conditions.
Motivation: The need to have increased reactive traffic-management models in smart cities drives this study. In contrast to fixed-time systems, an RL-based system will be able to adapt its decisions based on changing conditions by learning about the interactions with a traffic environment [11]. This research will discuss whether artificial intelligence can provide a more adaptive answer to managing traffic lights to remove unwarranted delays and congestion. This study proposes a more feasible methodology of computation, which can be extended and applied to a simulated traffic scenario. Another focus of the study is a practical computation technique which can be finished within the time frame of the project. Python will be used to develop the RL controller and connect it with the SUMO simulation environment. Since the traffic-signal decision-based approach is a discrete action such as signal-phase change or extension, it will be implemented under the framework of DQN. The model will not be intended to simulate an entire city network, but rather, different traffic scenarios will be tested. In this way the study can be performed in a manageable way and at the same time give some meaningful comparison between RL and fixed-time control.
Shortcomings in literature: The existing systems of controlling traffic lights provide a platform through which traffic movement can be regulated, but the fixed-time systems lack the intelligence to react to changing traffic demand. Another area of research is to explore the use of reinforcement learning to establish an intelligent, adaptive signal-control system and systematically compare its performance with standard fixed-time control. This gap will be filled in this study by developing and testing an RL traffic signal system with the help of simulations. A gap will be detected and filled by deploying and tuning a DQN traffic-signal controller in SUMO. Consistent measures of performance of the two approaches will be applied, such as waiting time, queue length, throughput and travel time, both under balanced traffic conditions, peak hour and under uneven traffic conditions. This provides a clear link between the research problem, proposed method and evaluation strategy.
Objectives:
Specific and measurable objectives:
1. To examine the limitations of the conventional fixed-time traffic lights in changing traffic situations.
1. To create an RL model which will be able to choose intelligent signal action based on the existing traffic conditions.
1. To set up and test the controller under simulated real-life traffic for making intelligent signal action
1. To measure the performance of intelligent traffic system in terms of waiting time, length of queue, throughput and travel time
1. To make a comparison between the RL-based controller of intelligent traffic system and the traditional fixed-time signal system
Purpose of the study: To develop an intelligent RL-based traffic signal system that responds adaptively to changing traffic conditions and reduces congestion.
What is expected to be achieved: To reduce vehicle waiting time and queue length and improve traffic flow by comparing the RL system with a fixed-time signal system.
Importance of Research
The importance of this research lies in the fact that the fixed-time traffic signal may not be effective when aiming to adjust the traffic flow conditions, which will result in vehicle waiting time and vehicle queue. The study explores reinforcement learning as an adaptive approach to making the appropriate decisions at the signal when needed for the current traffic scenario. The research will evaluate the DQN based traffic signal controller using SUMO and Python in various simulated scenarios.
LITERATURE REVIEW
Problems and limitations of fixed-time traffic signal systems
Fixed-time traffic signal systems operate according to a fixed program of signal timelines and therefore are not highly sensitive to the dynamic traffic demand [3]. These set schedules may not be effective in the provision of green time when the traffic flow varies among roads or even within the day, resulting in even more time wastage of the vehicles and the development of queues. However, urban traffic is increasingly becoming dynamic and complex, limiting fixed-time and traditional actuated methods [4].
Existing adaptive and intelligent traffic signal control approaches
Adaptive traffic signal control tries to adjust to the dynamic nature of traffic conditions by adjusting the functioning of the signal based on perceived demand [5]. These schemes are more flexible than fixed-time control, but can be based on predefined control logic, provided traffic information and system complexity. Research refer to another shift between traditional fixed-time models and AI-driven applications as adaptive control [6]. The RL-based approaches go an extra mile to allow the controller to learn signal-control policies through interactions with a traffic environment.
Reinforcement learning and AI for traffic signal optimisation
Reinforcement learning has emerged as a significant AI method in traffic signal control since it is capable of learning decisions by interacting repeatedly with the evolving traffic situations [7]. In RL, traffic conditions can be a state, signal decisions can be actions, and objectives can be to minimise delay, or queues can be rewards. Research pointed to the significant growth in the field of RL-based traffic signal research, particularly with the application of deep reinforcement learning (DRL), which can use other advanced representations of traffic states [8]. However, intelligent approaches also create advanced challenges, including high computational requirements, model-training complexity and difficulties in transferring simulated results to unpredictable real-world traffic. Emerging technologies can also introduce concerns around scalability, reliability and the interpretability of automated signal-control decisions.
RL algorithms used for traffic signal control
Researchers note that a variety of RL algorithms have been researched, such as Q-learning, DQN, Double DQN, DDPG and multi-agent RL [9]. DQN is especially applicable when decisions about signals are discrete and action-like, whereas DDPG can make continuous control decisions like changing signal durations. On the other hand, the algorithm selection, state representation and reward-function design can have a significant impact on traffic-control performance [12].
Theoretical and technical issues 
Research highlights important theoretical and technical considerations in selecting an appropriate reinforcement learning method for traffic signal optimisation [3]. Traffic signal control can be formulated as a Markov Decision Process in which traffic conditions represent the state, signal-phase changes represent discrete actions, and reductions in waiting time and queue length form the basis of the reward. This makes Deep Q-Networks particularly suitable because they are designed for discrete action spaces, whereas methods such as Deep Deterministic Policy Gradient are more appropriate for continuous control. However, research depicted that DQN performance depends strongly on state representation, reward design, training stability and the quality of the simulated traffic environment [11]. Therefore, using queue length, waiting vehicles, traffic density and current signal phase as state inputs provides a technically relevant representation of traffic conditions, while comparing the trained model against a fixed-time baseline enables its effectiveness to be evaluated under controlled and consistent conditions.
Literature gaps
Though simulation results are promising, there are still a number of gaps. Recent reviews observe problems related to data specifications, computation cost, and scalability, extrapolation of simulation results to practice settings, and generalisation of simulation results to traffic settings. Reward design and experimental configuration can, however, have an important impact on reported performance, which are not well-specified in the existing literature. In this way, the research will address the need to have a well-defined RL system that would be experimentally testable against a fixed-time baseline with the use of constant indicators of traffic performance.
Hypothesis / Research Question
Hypothesis
H0: There is no statistically significant difference between reinforcement learning-based and fixed-time traffic signal systems in terms of their average vehicle waiting time and queue length in the traffic.
H1: The average vehicle waiting time and length of the traffic queue of the reinforcement-based traffic signal system developed under the reinforcement learning method will be lower compared to the same simulated traffic conditions of a typical fixed-time traffic signal system.
Research Questions
RQ1: What are the weaknesses of the conventional fixed-time traffic lights in dynamic traffic conditions?
RQ2: How is it possible to use a reinforcement learning model to choose the right actions of a traffic signal, depending on the current traffic situation?
RQ3: How will the proposed RL-based traffic signal controller behave under different simulated traffic conditions?
RQ4: How does the RL-based controller compare with respect to waiting time, queue length, throughput and travel time?
RQ5: What is the performance of the RL-based controller as compared to a traditional fixed-time traffic signal system?
RESEARCH DESIGN AND METHODOLOGY
The proposed approach will develop a DQN-based reinforcement learning controller in SUMO, where the agent observes traffic conditions, selects signal-phase actions and receives rewards for reducing waiting time and queue length. The researcher will independently manage the research, implementation, analysis and final report within the agreed timeframe.
	Component
	Proposed Approach

	Traffic simulation
	SUMO (Simulation of Urban Mobility)

	Programming
	Python

	RL model
	DQN or another suitable value-based RL algorithm

	State inputs
	Queue length, waiting vehicles, traffic density and current phase

	Actions
	Change or extend the traffic signal phase

	Reward
	Reduction in waiting time and queue length

	Baseline
	Fixed-time traffic signal controller

	Evaluation
	Waiting time, queue length, throughput and travel time



The Deep Q-Network (DQN) algorithm uses a neural network to estimate the expected value of different actions for a given traffic state. During training, the agent interacts with the Simulation of Urban Mobility (SUMO) environment, selects signal-phase actions and learns from rewards associated with reduced waiting time and queue length. The DQN is appropriate because the proposed traffic signal controller uses discrete actions, such as changing or extending a signal phase. The fixed-time algorithm will provide a baseline using predetermined signal timings, allowing the performance of the DQN controller to be compared under equivalent simulated traffic conditions.
Methodology in line with objectives
This research will take the form of a quantitative, simulation-based experimental study to construct and test a reinforcement learning (RL) traffic signal controller. The four objectives are directly supported by the following methodology: it will help to analyse the limitations of fixed-time signals, followed by the creation of an RL model, simulations of the RL model in a simulated traffic scenario, and a comparison of its performance with a fixed-time controller. The simulating of the traffic will be based on SUMO (Simulation of Urban Mobility), and Python will be used to create the system. DQN will be applied to the discrete traffic-signal actions, using queue length, waiting vehicles, traffic density and current signal phase as state inputs, with training conducted across simulated traffic scenarios in Python and SUMO. Progress will be managed against the project timeline, while technical problems such as coding errors, unsuccessful training and computational limitations will be identified and addressed systematically. This approach demonstrates responsibility for maintaining the quality, reliability and completion of the research proposal.
Procedural steps to reach objectives
In this research, a four-way intersection will be created in SUMO and simulated in different traffic scenarios. Additionally, the state inputs will be queue length, waiting vehicles, traffic density and current signal phase that will be used to define the RL environment. Moreover, the RL agent will be implemented in Python, and available actions will be to modify or extend the phase of the traffic light. The agent will be motivated to learn by a reward mechanism that works on minimizing waiting time and queue length. The trained model will then be tested under simulated conditions.
Effectiveness of selected analytical and procedural techniques
The methods used are appropriate because simulation provides a controlled experiment on the decisions made in traffic control under different conditions. The reinforcement learning allows the controller to gain experience through interactions with the traffic environment over time instead of having to use predefined timings [12]. The fixed-time controller provides a fixed point of reference. Performance metrics will be waiting time, queue length, throughput and travel time, with the aim of providing indicators that can be utilized in measuring traffic efficiency.
Research Limitations:
The research will be constrained by the fact that it will be based on simulated and not real-life traffic conditions. The SUMO model will not essentially model predictable behavior of road car drivers, road accidents or city jam up. There might be time and computational constraints which limit the number of scenarios and intersections that could be tested and the generalizability of the findings. Furthermore, the simulation environment may not account for unexpected traffic changes, road-user behavior and the environment. The results may not be directly applicable to more complicated real world urban traffic networks and should be seen in this light. The expected outcome is a quantitative comparison showing whether the Deep Q-Network controller can reduce waiting time and queue length while maintaining acceptable throughput and travel time compared with fixed-time control. 
Timeline with professional practice
	Activity
	Week 1–2
	Week 3–4
	Week 5–9
	Week 10–12
	Week 13–14
	Week 15–16

	Literature review and identify research gap
	✓
	✓
	
	
	
	

	Finalise research objectives, questions and hypothesis
	✓
	✓
	
	
	
	

	Design RL traffic signal system
	
	✓
	✓
	
	
	

	Set up SUMO four-way intersection
	
	
	✓
	✓
	
	

	Develop Python–SUMO integration
	
	
	✓
	✓
	
	

	Define state, actions and reward function
	
	
	✓
	✓
	
	

	Develop DQN/RL model
	
	
	
	✓
	✓
	

	Train RL agent under simulated scenarios
	
	
	
	✓
	✓
	

	Test different traffic conditions
	
	
	
	
	✓
	

	Run fixed-time baseline experiments
	
	
	
	
	✓
	

	Compare RL and fixed-time performance
	
	
	
	
	✓
	✓

	Analyse waiting time, queue length, throughput and travel time
	
	
	
	
	
	✓

	Evaluate findings and research limitations
	
	
	
	
	
	✓

	Final report writing and submission
	
	
	
	
	✓
	✓


The timeline outlines the planned research, system development, testing, analysis and final reporting tasks across the project period.
EXPECTED FINDINGS
The quantitative data to be collected from the study will consist of waiting time, queue length, throughput and travel time (under balanced and peak hour and uneven traffic conditions). The measures will be used to compare the effectiveness of the RL-based controller to a fixed time controller, under the same set of simulated conditions. Data will be analysed descriptively and comparatively to find out difference in traffic performance and to check if the findings are in favour of the aims of the study and the hypothesis. The proposed system will be assessed based on the improvement in responding to a traffic signal, compared with the traditional fixed time signal control. The DQN-based controller is expected to adapt the signal actions based on the observed traffic state, thus adapting to the changing traffic. The following will be analysed: Reduction of waiting time and queue length of the vehicles without sacrificing throughput and/or travel time; maintenance of throughput and/or travel time while reducing waiting time and queue length of the vehicles. The comparison will give quantitative proof of the potential effectiveness of reinforcement learning for intelligent traffic signal optimisation. It will also shed light on practical limitations of the simulation/computation and its usefulness in more realistic traffic situations.
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