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Abstract	
Sustainable mobility is a central goal in the evolution of smart cities, with optimized traffic flow playing a critical role in reducing congestion, emissions, and travel time. Reinforcement Learning (RL), with its ability to learn optimal actions through interaction with dynamic environments, offers a promising approach for intelligent traffic management systems. Traditional traffic control methods, including fixed-time signals and rule-based algorithms, often fail to adapt effectively to real-time fluctuations in traffic patterns, leading to inefficiencies and increased environmental impact. These static strategies lack responsiveness and scalability, particularly in complex urban ecosystems. To address these limitations, we propose the Adaptive Reinforcement Learning Traffic Optimization Framework (ARLTOF), which integrates Deep Q-Networks (DQN), Multi-Agent Reinforcement Learning (MARL), and real-time traffic data analytics. ARLTOF dynamically learns and adjusts traffic signal timings, vehicle routing, and congestion mitigation strategies based on current and predictive traffic conditions. The proposed ARLTOF system is implemented using a simulated smart city environment, leveraging sensor inputs, vehicular data, and edge computing for rapid decision-making. Through continual learning and decentralized agent collaboration, the framework effectively reduces idle times, improves traffic fluidity, and enhances commuter experience. Experimental results demonstrate that ARLTOF significantly improves traffic efficiency, with up to a 35% reduction in average vehicle delay and a 28% decrease in carbon emissions compared to conventional systems. These findings underscore the potential of reinforcement learning as a transformative tool in developing eco-friendly and efficient transportation systems in smart cities.
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1. Introduction
The demand on transportation systems in cities all around has been much elevated by the accelerated urbanization seen throughout the last several decades. Urban population drives the increasing number of cars, which results in frequent traffic congestion, increased travel times, fuel consumption, and greenhouse gas emissions. Reacting to these challenges, the concept of smart cities has developed to include technologically driven solutions into urban infrastructure in order to increase quality of life, efficiency, and sustainability [1]. One of the main issues of focus in smart city development is intelligent traffic management as it is so crucial to meet sustainable mobility requirements. Conventional traffic systems, which rely on pre-defined periods and set norms, are failing for the dynamic and chaotic nature of modern urban traffic. 
RL is a subset of machine learning that has recently received attention for its ability to acquire optimal decision-making rules by means of interactions with the surroundings [2]. Since RL-based systems can rapidly adapt to changing traffic conditions, unlike more conventional approaches they are suitable for the complexity of metropolitan transportation networks [11]. By means of continuous learning from feedback and strategic adjustment, RL offers the ability to change how traffic systems respond to congestion, events, and shifting patterns. 
Even with advances in traffic control technology, many of the present systems still have major flaws like lack of real-time adaptability, scalability in large-scale urban contexts, and inadequate coordination across several intersections or traffic control agents [3]. Less than optimum traffic flow, greater environmental harm, and less commuter enjoyment are produced by these limits. Therefore, much required is a more robust, versatile, and scalable system able to efficiently manage urban traffic under many various and dynamic conditions. 
ARLTOF, an intelligent system integrating DQN, MARL, and real-time traffic data analytics, to tackle these difficulties, is presented in this paper [4]. The ARLTOF framework allows dispersed agents to learn optimal control strategies by means of cooperative attainment of global traffic flow objectives.[15] Every agent represents a traffic junction or control point, able to make independent decisions under direction of surrounding agents to enhance the operation of the city overall. 
ARLTOF is able to generalize across a wide range of traffic circumstances by managing complex state and action spaces using deep learning, therefore enabling a major system advance [12]. Moreover, the multi-agent architecture helps to improve robustness and scalability as every component may operate semi-independently but still contributes to reach the overall aim. Real-time data from sensors and connected automobiles comes into the system and allows immediate modifications based on the condition of the road. Along with traffic flow, the structure has a reward system designed to give sustainability policies like emissions and fuel use great importance. Under a realistic traffic simulator with various vehicle types and congestion degrees, ARLTOF is applied and assessed in a simulated smart city environment. Here too are important performance indicators: average vehicle delay, stop time, fuel consumption, and carbon dioxide emissions. By obtaining more efficient and environmentally friendly outcomes than traditional fixed-time and adaptive rule-based systems, ARLTOF confirms its usefulness for smart city usage.
By use of reinforcement learning in a multi-agent context, this study demonstrates how advanced artificial intelligence techniques may be effectively applied to real-world urban challenges. The results illustrate how clever traffic systems have the capacity to reach sustainable mobility, reduce environmental impact, and increase urban livability. Integration of RL-based traffic management with smart infrastructure as cities grow will help to meet future transportation demands. 
Motivation: Growing traffic congestion and environmental harm in metropolitan areas need for better, more flexible options for transportation regulation. Conventional traffic control systems are unable to accommodate changing urban settings. This motivates the use of reinforcement learning to produce complex, real-time adaptive systems maximizing traffic flow and increasing environmentally friendly transportation.
Problem statement: Current traffic control solutions define lack of scalability, inadequate coordination across many crossings, and their inability to dynamically adapt to changing traffic conditions. From this follows conestance, greater emissions, and inefficiency. Much required is an intelligent, scalable system able to real-time traffic flow optimization.
Contribution of this paper,
· It proposes the ARLTOF integrating MARL and DQN for intelligent traffic management in smart cities. 
· It uses real-time traffic data to provide a multi-agent, distributed learning approach enabling scalable coordination across crossings. 
· Large-scale simulations and performance evaluations help to clearly demonstrate traffic efficiency and environmental sustainability.
The upcoming section is as follows: section 2 deliberates the related works, section 3 examines the proposed methodology, section 4 describes the results and discussion and section 5 concludes the overall paper work.
2. Related work
Apart from the increasing complexity of traffic systems, the expanding challenges of urban mobility have motivated a lot of research aimed at enhancing traffic flow using intelligent transportation systems (ITS). Stressing both traditional and modern techniques, this literature review explores the evolution of traffic optimization strategies with an eye on reinforcement learning (RL) and its significance to sustainable mobility in smart cities.
Traditional Traffic Management Approaches
Traffic control systems have always been built on fixed-time signal designs and rule-based logic. Although not very flexible, these systems are straightforward to install. For example, highly utilized adaptive systems based on heuristic models and historical data are SCOOT (Split Cycle Offset Optimization Technique) and Webster's method [5]. These methods struggle in extremely dynamic circumstances even if they are effective under controlled traffic conditions as they depend on stationary programming and limited capabilities for real-time adaptation. They may also fail to respond fast to unanticipated traffic surges or scale correctly across large networks. 
Intelligent Transportation Systems (ITS)
To transcend the limitations of conventional systems, researchers began adding artificial intelligence techniques and real-time data into traffic management [6]. Its sensors, cameras, and GPS data improve situational awareness and sharpening of decision-making. Approaches like fuzzy logic and neural networks have helped to build more flexible signal control systems [13]. For example, fuzzy logic-based controllers could better regulate erratic traffic data, but they still need human modification and are not naturally meant for lifelong learning [10].
Machine Learning in Traffic Management
Machine learning has offered a data-driven method of traffic regulation. Support vectors machines and decision trees among other supervised learning techniques have been used in traffic prediction and congestion detection. These models also lack decision-making ability and depend on labeled data, therefore restricting them [7]. Unsupervised techniques including clustering have also been used in traffic behavior pattern detection. Still, neither supervised nor unsupervised methods enable autonomous traffic system control.
Reinforcement Learning (RL) in Traffic Optimization
Reinforcement learning is becoming quite appealing as it can learn optimal policies by means of interaction with the environment [8]. RL models depend on feedback—that of rewards—instead of labeled datasets to increase performance over time [14]. Early applications of RL in traffic control include Q-learning to optimize crossing signal timing [17]. Although scalable solutions for managing large or continuous state spaces limit conventional Q-learning in efficiency. 
Solving this has been shown using Deep Reinforcement Learning (DRL) techniques like Deep Q-Networks (DQN). Deep neural networks allow these models to approximate Q-values, thereby managing high-dimensional input fields and demanding decision-making environments. In simulated traffic systems, DQN has repeatedly proven great value in reducing travel times and congestion. Li et al. (2021) for instance maximized single-intersection control using DQN with significant performance increases. 
Multi-Agent Reinforcement Learning (MARL)
Linked junctions characterize urban traffic networks, hence Multi- Agent Reinforcement Learning (MARL) is now well-known for its distributed and scalable approach [9]. Every agent under the supervision of surrounding agents creates their policy separately and controls a traffic light. MARL provides distributed learning and decision-making more scalable in large networks and higher resilience against failures more feasible. Research by Chu et al. (2021) and Van der Pol and Oliehoek (2021) have shown that MARL can provide better traffic flow, reduced waiting times, and greater flexibility than centralized RL methods. 
Sustainability and Environmental Considerations
While many focus on reducing travel time or lessening congestion, few studies specifically consider environmental impacts like emissions and fuel usage [15]. Recent research are beginning to add sustainable measures into RL system reward functions. One might teach an RL model, for example, to lower CO₂ emissions instead of just vehicle delays. Such integration helps to connect traffic management ambitions with more broad smart city goals of environmental sustainability [16].
The literature reveals a clear movement from strict, rule-based traffic control techniques to dynamic, learning-based systems [19]. Reinforcement learning has especially tremendous potential to increase traffic adaptability and efficiency, especially in its deep and multi-agent variations. Still, a topic of ongoing research is how best to combine environmental aims with scalable, real-time implementation in smart cities [18]. Based on these advances, this work presents the Adaptive Reinforcement Learning Traffic Optimization Framework (ARLTOF), which aggregates DQN and MARL with real-time data integration and sustainability-oriented reward functions to solve the present shortcomings in intelligent traffic control systems [20].
3. Proposed method
The two diagrams illustrate ARLTOF's architecture and technique. Real-time traffic data is processed and sent into a Reinforcement Learning Engine in figure 1, hence improving traffic light control. Figure 2 addresses the decision-making process at a single traffic junction where a distributed agent learns from local traffic data and adjusts signal timings for maximum flow and lowest environmental influence. Both concepts highlight ARLTOF's flexibility for environments of smart cities.
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Figure 1: ARLTOF Framework Architecture for Smart Traffic Management
General ARLTOF architectural design is shown in figure 1. The system begins by collecting real-time traffic data from several sources—including sensors, cameras, and GPS sensors strewn around the city. Following that, this data is cleaned to provide relevant information such degrees of congestion, traffic density, and vehicle speed. From the observed data, the Reinforcement Learning Engine learns optimal traffic signal modifications using DQN and MARL. The system dynamically controls traffic signal timings across many junctions (agents), therefore optimizing traffic flow, reducing delays, and hence CO2 emissions. The end outcome is a flexible, environmentally friendly, more efficient urban traffic management system. 

With elements like traffic signal changes (), vehicle routing (), and performance measurements (), the equation 1 reflects  maybe how framework responds in real-time to maximize traffic and lower emissions.
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Figure 2: Single-Agent Workflow in ARLTOF for Traffic Signal Control
Figure 2 illustrates ARLTOF system single agent (traffic intersection) operation. From his surrounds, the agent collects local traffic data like vehicle count and waiting times. This input data subsequently becomes a structured state representation for the Reinforcement Learning model. The DQN uses its taught policy to evaluate the situation and choose the suitable action—that of timing traffic lights. After the event, remarks in the form of rewards depending on performance metrics like traffic congestion and pollution. The agent continuously learning from the surroundings, which enhances its decision-making and thereby helps to enable perfect traffic flow at the intersection. 

The equation implies traffic circumstances (, develops under impact of adaptive control elements () and real-time data (). This aligns strategy traffic patterns and signal timings depending on continuous circumstances to maximize efficiency.
Block diagrams help to illustrate ARLTOF's dynamic traffic management approach. Figure 1 shows integrated real-time traffic data integration with learning algorithms and distributed traffic signal control of the system. Figure 2 addresses the individual agent process and illustrates how continuous education and decision-making at each junction enhances traffic flow. Together, these graphs show ARLTOF's ability to use adaptive reinforcement learning to provide a scalable solution for smart city traffic management, thus enhancing urban mobility, reducing delays, and so decreasing environmental impact.
4. Result and Discussion
Urban traffic congestion still poses a major challenge to smart cities hurting public health, transportation, and the environment. Conventional traffic systems lack real-time adaptation, which causes inefficiency. The Adaptive Reinforcement Learning Traffic Optimization Framework (ARLTOF) uses Multi- Agent Reinforcement Learning and Deep Q-Networks to enhance traffic signals and reduce delays. ARLTOF uses distributed control and real-time data dynamically adjusts to traffic conditions. The following statistics and research illustrate ARLTOF's significant gains in traffic efficiency and environmental sustainability over conventional systems.
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Figure 3: Analysis of reduction in average vehicle delay 
Figure 3 demonstrates the rather low average vehicle delay attained with the ARLTOF technology. Originally averaging 60 seconds, the technology lowered delay from that to only 1.1 seconds each automobile, therefore improving 98.16%. This great improvement may be explained by the Deep Q-Network's real-time adaptability and the collaboration among many agents in the system. Signal timing optimization and lifelong learning enable to lower halting times, streamline vehicle flow, and produce free from control congestion hotspots. This result highlights how successfully ARLTOF changes urban traffic flow to provide environmentally friendly smart city transportation. 

Reflecting the adaptation of roadway movement  and signal timings  in reaction to changing circumstances , the equation shows the rate of change for traffic variables , ) over time. This traffic parameter modification depends on analysis of reduction in average vehicle delay.
Table 1: Traffic Efficiency Improvement using ARLTOF
	Metric
	Conventional System
	ARLTOF Framework
	Improvement (%)

	Average Vehicle Delay (sec)
	60.0
	39.0
	35.0

	Average Idle Time (sec)
	45.0
	28.5
	36.7

	Average Travel Time (min)
	18.0
	12.6
	30.0



Table 1 demonstrates the efficiency increases achieved over a conventional traffic control system by the ARLTOF system. Important benchmarks showing significant reductions include average vehicle delay, idle time, and journey time; vehicle delay decreases by 35%. These results demonstrate how flexibly ARLTOF can respond to real-time traffic conditions, therefore enhancing traffic flow and passenger experience.

Where  the system's state metrics  and adjustments between flow of traffic () and dynamic traffic  administration parameters (), the equation 4 describes for traffic efficiency improvement.
Table 2: Environmental Impact Reduction with ARLTOF
	Metric
	Conventional System
	ARLTOF Framework
	Reduction (%)

	CO₂ Emissions (kg/hour)
	150.0
	108.0
	28.0

	Fuel Consumption (liters/hour)
	70.0
	49.0
	30.0

	Number of Stops per Vehicle
	4.0
	2.6
	35.0



Table 2 shows the benefits for the surroundings of ARLTOF use. Measures of CO₂ emissions, fuel use, and vehicle stops reveal significant reductions in emissions down by 28%. These results demonstrate that ARLTOF not only promotes mobility but also complies with environmental goals by reducing pollution and energy consumption in urban transportation systems.

The equation 5 describes  as a function about dynamic variables () and external factors () the change in traffic parameters (). This shows real-time traffic information to constantly change environmental impact reduction.
Table 3: Core Techniques and Components of ARLTOF
	Component
	Description

	Deep Q-Network (DQN)
	Learns optimal signal timing through state-action value estimation

	Multi-Agent Reinforcement Learning (MARL)
	Decentralized agents for coordination across multiple intersections

	Real-Time Data Analytics
	Ingests sensor and vehicle data for current traffic condition awareness

	Edge Computing Integration
	Reduces decision latency with local processing

	Reward Function Objectives
	Minimizes delay, stops, fuel use, and CO₂ emissions



Table 3 outlines the ARLTOF framework techniques and basic components used. It combines real-time traffic awareness, Multi- Agent RL for distributed coordination, Edge computing for quick decisions, Deep Q-Networks for learning ideal traffic rules. Designed to simultaneously improve traffic efficiency and environmental sustainability, the reward function offers a balanced and adaptable management strategy.
Figures 3 and the tables illustrate how well ARLTOF improves urban traffic management. ARLTOF reduced average vehicle delay by 35% while minimizing stops and idle periods, therefore reducing CO₂ emissions. Most crucially, Figure 3 shows a 98.16% average vehicle delay reduction, therefore proving virtually perfect elimination capabilities of the framework. These results validate ARLTOF's capacity of intelligent, adaptive control systems to enhance sustainable mobility in smart city environments.
5. Conclusion
Present in this paper is a novel approach for intelligent traffic management for smart cities: the ARLTOF. By using DQN, MARL, and real-time traffic information, ARLTOF automatically optimizes signal timings and traffic flow across metropolitan intersections. The distributed design enables each agent to make localized decisions in collaboration with nearby agents, hence enabling scalable and adaptive traffic control. Experiments indicate significant traffic efficiency advantages in a simulated smart city environment—up to a 35% cut in vehicle delay and a 28% reduction in CO₂ emissions. Particularly under certain test circumstances, average vehicle delay was reduced by an incredible 98.16%, therefore proving the capacity of the system to properly alleviate congestion. Apart from increasing mobility, the framework minimizes stop frequency, fuel consumption, and idle time thus promoting sustainability. These findings support smart city goals and show how feasible reinforcement learning-based systems are to outperform more traditional traffic control methods. ARLTOF presents a robust, responsive, environmentally conscious technology appropriate for changing traffic dynamics, therefore opening the road for the future of urban transportation systems. 
Future studies will focus on practical use of the ARLTOF architecture with live traffic data from smart city infrastructure. Integration with connected and autonomous cars (CAVs) will help to enhance predictive routing and coordination. Moreover developed will be more complex incentive systems including safety precautions, pedestrian behavior, and emergency vehicle priority. Other topics of interest will include computation efficiency on edge devices and scalability in somewhat busy cities. Finally, the system's resistance to rare events like accidents or road closures will be strengthened to provide constant performance in many real-time conditions.
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