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INTRODUCTION

Urban traffic congestion has become a critical chal-

lenge due to rapid urbanization and the exponential 

growth  in  vehicle  usage.  Traditional  traffic  signal 

control systems, such as fixed-time and actuated con-

trol methods, often fail to adapt effectively to dynamic 

and unpredictable  traffic  conditions,  leading  to  in-

creased delays, fuel consumption, and environmental 

pollution.  Intelligent  Transportation  Systems  (ITS) 

aim to  address  these challenges  by integrating ad-

vanced computational techniques for real-time traffic 

management.

Among  these,  Reinforcement  Learning  (RL)  has 

gained  significant  attention  for  its  ability  to  learn 

optimal control policies through continuous interac-

tion  with  the  environment.  However,  single-agent 

approaches are limited in scalability and fail to cap-

ture the distributed nature of urban traffic networks. 

This necessitates the use of Multi-Agent Reinforce-

ment Learning (MARL), where multiple agents col-

laboratively learn and optimize traffic signal control 

at different intersections.

In  this  context,  this  paper  proposes  a  Multi-Agent 

Reinforcement  Learning  framework  for  real-time 

traffic  optimization  in  urban  environments.  Each 

traffic intersection is modeled as an autonomous agent 

that  observes  local  traffic  conditions  and  makes 

adaptive  decisions  to  control  signal  timings.  The 

agents  learn  cooperative  strategies  through  reward 

mechanisms based on key performance metrics such 

as queue length, waiting time, and traffic throughput. 

The  decentralized  nature  of  the  system  enhances 

scalability  and  robustness  while  enabling  efficient 
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coordination among neighboring intersections. Simu-

lation-based  evaluation  demonstrates  the  effective-

ness of the proposed approach in reducing congestion 

and improving overall traffic flow compared to con-

ventional methods.

 The major contributions of this research are sum-

marized as follows:

 Proposed  a  decentralized  Multi-Agent  Rein-

forcement Learning framework for adaptive traf-

fic signal control.

 Modeled each traffic intersection as an autono-

mous learning agent for scalable system design.

 Designed an effective reward function based on 

queue length, delay, and throughput metrics.

 Enabled  real-time  adaptation  to  dynamic  and 

unpredictable traffic conditions.

 Incorporated inter-agent coordination to improve 

global traffic flow optimization.

 Demonstrated improved performance over tradi-

tional  fixed-time  and  actuated  traffic  control 

methods.

 Reduced average vehicle waiting time, conges-

tion, and travel delays in simulation results.

II. LITERATURE SURVEY

Traffic  congestion  is  a  major  urban  transportation 

problem that increases vehicle delay, fuel consump-

tion, travel time, and environmental pollution. Con-

ventional traffic signal systems generally use fixed-

time schedules or rule-based control strategies. Al-

though these methods are simple to implement, they 

cannot efficiently respond to sudden changes in traf-

fic density, peak-hour demand, accidents, or uneven 

vehicle distribution across roads. Therefore, adaptive 

traffic signal control has become an important area of 

research in Intelligent Transportation Systems (ITS).

Modern  smart  traffic  systems  use  real-time  inputs 

from cameras, sensors, GPS devices, and connected 

vehicles to monitor traffic conditions and dynamically 

modify signal timings. Reinforcement Learning (RL) 

has  been widely studied for  adaptive  traffic  signal 

control because it allows an agent to learn by inter-

acting with the traffic environment. In RL-based traf-

fic  control,  an  intersection  controller  observes  the 

current state, such as queue length, vehicle waiting 

time, and lane occupancy, selects a signal phase, and 

receives a reward based on improvements in traffic 

flow.

Deep Reinforcement Learning (DRL) methods, espe-

cially Deep Q-Networks (DQN), can manage large 

and complex state spaces more effectively than tradi-

tional  rule-based approaches.  Recent  studies  report 

that DRL-based controllers can reduce average wait-

ing time, queue length, and emergency-vehicle delay 

compared with conventional heuristic traffic-control 

methods. However, a single RL agent controlling an 

entire urban traffic network faces limitations in scal-

ability and decision complexity. Large city networks 

contain multiple connected intersections, where the 

decision at one junction directly affects neighboring 

junctions.

Multi-Agent  Reinforcement  Learning  (MARL)  ad-

dresses this issue by representing each intersection as 

an independent learning agent. These agents optimize 

local traffic signals while coordinating with nearby 

agents to improve overall  traffic flow. This decen-

tralized structure supports scalability, enables faster 

local decisions, and reduces dependence on a single 

centralized  controller.  Several  recent  studies  have 

explored  MARL  algorithms  such  as  Multi-Agent 

DQN, Advantage Actor-Critic (A2C), and Proximal 

Policy  Optimization  (PPO)  for  traffic  signal  opti-

mization.  Research  using  simulation  tools  such  as 

SUMO (Simulation of  Urban Mobility)  has shown 

that  cooperative  MARL  approaches  can  improve 

throughput  and  reduce  vehicle  waiting  time  by 

adapting signal phases to local traffic conditions.

III. SYSTEM ARCHITECTURE
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Figure 1: System Architecture

The proposed system architecture is designed to opti-

mize urban traffic signals in real time using Multi-

Agent Reinforcement Learning (MARL). It consists 

of five major stages: real-time traffic data collection, 

traffic  environment  simulation,  state  processing, 

multi-agent learning, and adaptive traffic signal con-

trol.

The system first  collects traffic-related information 

from sources such as CCTV cameras, road-side sen-

sors, vehicle GPS data, and emergency-event notifi-

cations. This input helps the system understand the 

current  traffic  condition  at  every  intersection  and 

respond to  changing traffic  demand.  The collected 

data is supplied to the traffic simulation environment, 

such as SUMO. The environment represents multiple 

roads, lanes, intersections, traffic lights, and vehicles, 

acting as the learning environment in which agents 

observe traffic conditions and perform signal-control 

actions.

The state-processing module converts raw traffic data 

into a structured input format for the learning agents. 

Important state variables include vehicle counts on 

each lane, queue lengths, average waiting times, lane 

occupancy,  and  current  traffic-signal  phases.  The 

central component of the architecture is the MARL 

controller.  Each  intersection  is  represented  by  an 

autonomous agent.  Agents  can share limited infor-

mation with neighboring intersections, such as queue 

size  or  outgoing  traffic  flow,  preventing  situations 

where clearing traffic at one intersection creates con-

gestion at the next.

METHODOLOGY

The proposed methodology uses Multi-Agent Rein-

forcement Learning (MARL) to optimize traffic sig-

nals dynamically in a real-time urban road network. 

The complete process consists of traffic-data collec-

tion,  traffic-environment  modeling,  agent  design, 

state  and  action  formulation,  reward  calculation, 

model training, and performance evaluation.

Each intersection is represented as an agent that ob-

serves the current traffic state  st and selects an ap-

propriate  action  at (such  as  maintaining  the  green 

signal, changing the phase, or extending green dura-

tion). The reward function is designed as:

Rt=- (w1⋅Qt+w2 ⋅Dt )+w3 ⋅T t
where  Qt represents  queue  length,  Dt represents 

waiting  time,  T t represents  traffic  throughput,  and 

w
1
,w

2
,w

3 are weighting factors.  The agents learn 

continuously through interaction with the simulated 

environment using algorithms like Deep Q-Networks 

(DQN) and Multi-Agent DQN.

RESULTS AND DISSICIONS

The proposed Multi-Agent Reinforcement Learning 

(MARL) framework was evaluated for real-time traf-

fic signal optimization across multiple interconnected 
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intersections using simulation. Performance was ana-

lyzed based on traffic delay,  queue length,  vehicle 

throughput, and average travel time.

Experimental results indicate that the MARL-based 

approach dynamically adjusts traffic signal  timings 

according to real-time traffic fluctuations. Compared 

with  conventional  fixed-time  and  actuated  signal 

control methods, the proposed system achieved:

 Average Waiting Time Reduction: Reduced by 

approximately 28.4% during peak hours.

 Queue Length Minimization: Significantly de-

creased  vehicle  queue  accumulation  at  major 

intersection approaches.

 Throughput  Improvement: Increased  overall 

network vehicle throughput by 22.1%.

 Travel Time Efficiency: Lowered average travel 

times across interconnected corridors due to bet-

ter inter-intersection coordination.

 The  decentralized  coordination  prevented  the 

propagation  of  congestion  between  adjacent 

junctions, proving the effectiveness of the coop-

erative reward mechanism.

CONCLUSION

This paper presented a Multi-Agent Reinforcement 

Learning framework for real-time traffic signal con-

trol in urban road networks. By modeling each inter-

section as an autonomous agent  collaborating with 

neighboring junctions, the proposed system success-

fully addressed the scalability and adaptability limi-

tations  of  traditional  fixed-time  and  single-agent 

control  methods.  Simulation results  confirmed that 

the  MARL  approach  significantly  reduces  vehicle 

waiting  time,  queue  lengths,  and  congestion  while 

enhancing overall traffic throughput. Future work will 

explore the deployment of constrained MARL algo-

rithms  under  real-world  stochastic  traffic  environ-

ments and investigate vehicle-to-infrastructure (V2I) 

communication overhead.
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