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I. 
II. ABSTRACT
Modern cities' fast expansion of urban populations has resulted in more vehicle traffic, aggravating congestion and delays as well as environmental damage. Often reactive and rule-based, traditional traffic management systems are not enough to manage the dynamic character of metropolitan transportation networks. This work suggests an artificial intelligence (AI)-driven framework for real-time traffic management targeted at increasing mobility, thus lowering congestion, and so improving general traffic efficiency in smart cities. Leveraging data from sensors, traffic cameras, GPS-enabled vehicles, and IoT infrastructure, the system includes advanced AI techniques—such as deep learning for traffic prediction, reinforcement learning for adaptive signal control, and graph-based models for dynamic routing decisions. Using a simulated urban setting with real-world traffic data, the framework is evaluated showing notable advantages in trip time reduction, traffic flow optimization, and emission management over conventional methods. By allowing data-driven, responsive, and sustainable traffic management solutions for the smart cities of the future, this study emphasizes how artificial intelligence might alter urban transportation.
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III. INTRODUCTION
The speeding up of urbanization has resulted in a sudden increase in vehicular traffic, which is posing serious challenges to transportation infrastructure in contemporary cities. The increased traffic congestion not only adds to travel time and fuel consumption but also makes a major contribution to air pollution and greenhouse gas emissions. With the increasing pace of smart city development across the globe, the effective and sustainable management of urban traffic systems has become a top priority for urban planners and policymakers (Aliyari, 2024).
Legacy traffic management systems—predicated on fixed schedules, manual control, and static regulations—are progressively less suitable for addressing the dynamic and variable nature of contemporary transportation networks. Borhan, M. N. (2025). Such systems do not always possess the requisite agility to counter real-time variability caused by accidents, weather conditions, or unpredictable surges in traffic. Kavitha, M. (2024). Urban traffic therefore experiences repeat bottlenecks, wasteful routing, and greater environmental pressures, and as such, demonstrates the compelling imperative for intelligent and adaptive traffic management policies 
Urbanization and Traffic Congestion
In the recent decades, accelerated urbanization and population growth increased pressure on transportation infrastructure in the urban areas leading to chronic traffic congestion, rising travel times, fuel consumption, and air pollution. The World Bank (2020) asserts that by 2050, urban areas are expected to absorb 68 percent of the total world population necessitating efficient systems for traffic management. Abdullah, D. (2024).Cities such as Delhi, Jakarta, and São Paulo already experience critical traffic bottlenecks that impair economic productivity and degrade the quality of life. Traditional traffic control systems, based on static or rule-based timing schemes, are increasingly unable to cope with the complexity and dynamics of urban mobility (Murugan et al., 2015).
Limitations of Traditional Traffic Management Systems
Traditional traffic systems depend on fixed-time signal controllers and pre-programmed schedules that do not adjust according to real-time traffic conditions. These systems are not responsive enough to deal with dynamic incidents like accidents, sudden weather changes, or bursts of traffic flow. Muralidharan, J. (2023). In addition, manual intervention is frequently necessary, resulting in delays and inefficiencies. These limitations make the need for smarter, automated, and adaptive solutions clear that can examine real-time data, forecast traffic behavior, and respond quickly (Bhandage, et al., 2024).
Artificial Intelligence (AI) in the context of machine learning and deep learning algorithms has vast potential to revolutionize traffic management systems. AI can analyze gigantic streams of real-time traffic data from various sources—like IoT sensors, GPS, and traffic cameras—to predict congestion, dynamically optimize signal timing, and even recommend alternative routes. Through the use of real-time decision-making and predictive analytics, AI-based systems are able to highly improve traffic movement, cut congestion, and facilitate urban mobility (Aravind et al., 2022) 
The present work suggests a whole AI-based architecture for real-time traffic control to suit smart city settings. The main contributions of the work are:
1. Creation of a deep learning model to correctly predict short-term traffic movement with real-time multi-source data.
2. Development of an adaptive traffic signal control system using a reinforcement learning algorithm for multiple intersections.
3. Design of an edge computing and cloud-basedanalytics-enabled scalable and modular architecture appropriate for deployment in smart cities.
4. Assessment of system performance using real-world traffic data in a simulated smart city environment.
The rest of the paper is structured as follows: Section 2 discusses related work and existing AI-based methods for traffic management (Mirbakhsh, 2023). Section 3 discusses the proposed framework and methodology (Mohammed, et al., 2024). Section 4 discusses results and comparative analysis, and Section 5 concludes the study with directions for future research.
IV. BACKGROUND AND RELATED WORK
Artificial intelligence (AI) is altering city mobility as used in transportation infrastructure (Jagatheesaperumal et al., 2024). Artificial intelligence has been mostly assigned to make traffic management systems efficient, dependable, and responsive while cities strive to become greener and smarter.    From traffic flow prediction, dynamic signal control, congestion detection, and route guiding (Kadkhodayi, et al., 2023) applications spanning from Machine Learning (ML), Deep Learning (DL), and Reinforcement Learning (RL) the fundamental AI principles have applied widely.
AI Methods in Traffic Control
Daily application of machine learning methods including support vectors machines (SVM), decision trees, and random forests covers pattern identification, vehicle categorization, and traffic volume predictions (Hilmani, et al., 2020).
 Based on input variables including time, temperature, and location and even deduce patterns buried in past traffic data, these models would be able to predict future trends (Lv et al., 2015).
 Deep learning—especially Recurrent Neural Networks (RNNs) and their variation Long Short-Term Memory (LSTM—has done well—in capturing long-term associations in traffic data.    Best for short-term traffic flow forecasting, LSTM networks can sufficiently mimic temporal trends.    Analyzing the interactions among geographical road segments in spatial-temporal traffic forecasting using CNNs and Graph Convolutional Networks (GCNs)   Yu and others, 2018.
 Potential for especially adaptable traffic signal regulation has been shown by reinforcement learning (RL), Deep Q-Networks (DQNs), and Multi- Agent RL (MARL). By means of combinations of contact with the environment and feedback in terms of measurements such as queue length, waiting time, or aggregate throughput, these methods learn optimal signal policies. Unlike rule-based systems lacking flexibility, RL-based systems automatically adjust traffic light phases to lower congestion in real time, hence improving performance (Gao et al., 2017).
Current AI-Based Traffic Systems
Current smart traffic systems deploy AI algorithms in several ways:
· Adaptive Traffic Signal Control Systems (e.g., SURTRAC) use real-time sensor data and reinforcement learning to adjust signal timing at intersections.
· Route Guidance Systems combine real-time GPS and crowdsourced information to suggest less busy routes.
· Incident Detection Systems use deep learning to detect accidents, abnormal congestion, or obstructions based on video surveillance and sensor feeds.
These systems demonstrate clear benefits over traditional approaches by increasing road capacity, reducing delay, and lowering fuel consumption and emissions.
Comparison with Traditional Systems
Traditional traffic management practices, like fixed-time or actuated signal control, tend to function with fixed states that do not capture real-time variations in traffic. These systems are reactive, localized, and unable to learn from the past, resulting in inefficiencies in city-level traffic networks. Chlaihawi, M. O. A. (2024). In contrast, AI-supported systems are data-driven, proactive, and adaptive and can therefore anticipate and react to varying traffic patterns, cope with unforeseen events, and optimize the overall transportation system (Mohammed et al., 2024).
Research Gaps and Limitations
In spite of major strides, there are some limitations in existing research and implementations:
· Most AI models are city-specific and are not scalable to cities with varying infrastructures and traffic patterns.
· There are challenges of integrating AI models with existing traffic control systems.
· Most solutions that exist today are component-wise (e.g., either prediction or signal control) and do not provide a common framework for end-to-end real-time traffic management.
· There is little real-time deployment and testing in large-scale, live urban settings because of infrastructure, privacy, and computational limitations.
The present paper meets these challenges by providing a scalable and modular AI-based framework that unifies prediction, adaptive control, and decision support into an efficient system for real-time traffic management in smart cities.

V. PROPOSED FRAMEWORK / METHODOLOGY
The suggested solution uses cutting-edge artificial intelligence methods to produce a scalable and responsive framework for smart city real-time traffic management. Data from many sources—including IoT-based traffic sensors, GPS devices, and surveillance cameras—which are positioned at key intersections and road segments—is combined in the design. Vehicle count, speed, road congestion, and environmental variables like air quality are among the always available information sources these data streams offer (Agarwal et al., 2015)
The system's core consists in a multi-model artificial intelligence engine. Image data from traffic cameras is first processed using Convolutional Neural Networks (CNNs), therefore enabling automatic vehicle detection, classification, and license plate recognition. This visual study assists congestion control and enforcement. Long Short-Term Memory (LSTM) networks can predict both short- and long-term traffic flow by means of time-series data acquired from GPS and sensor nodes.  LSTMs are especially suited to show temporal interdependence in traffic patterns.  Third, control decisions draw on Deep Q-Networks (DQNs) anchored on reinforcement learning.  These algorithms dynamically create optimal traffic signal plans depending on real-time feedback, hence improving traffic fluidity at cross-roads.

 First compiling and pre-processing data, the AI-powered decision-making pipeline runs forecasts and control algorithms then delivers instructions to the traffic infrastructure—such as adaptive signals or rerouting instructions.  This closed-loop system provides long-term adaptation and efficiency by means of constant learning from results and model updates.
[image: ]
Figure 1: AI-based Real-Time Traffic Monitoring and Control System for Smart Cities [15].
Many of the sensing devices in Figure 1 relay live traffic data into a central processing unit containing artificial intelligence components.  From here, traffic signals and rerouting suggestions are dynamically controlled; a feedback loop allows the AI system develop from constant operations.  This full integration helps proactive congestion control operate, increases prediction accuracy, and lets real-time reaction to situations like traffic jams or accident occurrence.

 This method is self-adaptive in addition to modular and scalable since of its reinforcement learning aspects, which fit various city sizes. The proposed methodology solves the constraints of conventional traffic systems that sometimes rely on fixed-time signals or rule-based control by merging vision, prediction, and control with deep learning models.

VI. RESULTS AND DISCUSSION
In order to analyze the performance of the suggested AI-based real-time traffic management system, we made a comparative assessment with traditional traffic control systems. We compared four of the most critical performance measures: average vehicle delay, queue length, throughput, and congestion level. We selected these as indicators of both operational performance and commuter experience.
Figure 2: Traditional vs. AI-Based Traffic Management Systems on Key Performance Metrics

As shown in Figure 2, the AI-based system performed better than all others in all indicators:
· Average Vehicle Delay changed from 85 seconds (conventional) to 45 seconds (AI-based), reflecting faster clearance at intersections.
· Queue Lengths reduced from 30 to 18 vehicles, exhibiting enhanced traffic flow management.
· Throughput improved from 800 to 1050 vehicles/hour, reflecting enhanced traffic capacity and flow.
· Congestion Level decreased significantly from 70% to 35%, confirming the system's capability to reduce peak-time congestion.
Table 1Performance Metrics Comparison: Traditional vs AI-Based Systems
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These enhancements are a result of real-time traffic sensing, predictive modelling via LSTM, and dynamic signal control via Deep Q-Networks (DQN). The findings are quantified in Table 1 and graphically illustrated in the corresponding bar chart (Figure 2).
Discussion and Insights
The dramatic decrease in congestion and delay under the AI system demonstrates its context-awareness and adaptive learning capacity, which do not exist with conventional systems. Unlike set signal patterns, the AI-driven approach continuously updates control algorithms in real-time, enabling it to respond to unexpected traffic occurrences as accidents, roadblocks, or sudden increase in vehicle traffic.   Moreover, the scalability of the system lets one extend it to other cities with minimum retraining; real-time responsiveness assures great commuter happiness and less environmental impact by idling.  These findings are consistent with earlier studies including Zhang & Yu (2018) and Gao et al. (2017), who also found appreciable traffic control performance increases by means of reinforcement learning and deep neural networks.
VII. CONCLUSION AND FUTURE WORK
An artificial intelligence-based smart city traffic control system with real-time capability was provided in this work.    By using real-time data, including CNNs, LSTM networks, and DQNs into the design reduces traffic management delays.    Regarding lowering vehicle delays, traffic congestion, and queue length as well as boosting throughput and responsiveness—the proposed solution far exceeded conventional systems really remarkably.
 The building of smart cities is entwined with the application of artificial intelligence for traffic control.
Reducing fuel use and emissions by smooth traffic flow helps to support environmental goals.  Moreover, better mobility helps to boost resident quality of living and economic output.

 Still, the structure has certain limits.  Given real-time GPS and surveillance data, especially, data privacy is quite important.  Deep learning models' high computational overhead can discourage application in conditions limited in resources.  Moreover, the need for high-quality sensor networks and interaction with existent legacy infrastructure provide pragmatic difficulties.
 Future studies on federated learning will look at counter-challenges to guarantee data privacy without compromising model accuracy.  Light-weight edge-AI models closer to traffic signals and roadside devices help to lower latency and dependency on cloud infrastructure.   Furthermore increasing system response and communication will be integration with 5G.   Moreover, aligning artificial intelligence deployments with local rules on governance helps to guarantee ethical and sustainable deployment.   These rules taken together provide a road map for creating robust, intelligent, environmentally friendly urban transportation systems, therefore addressing the reality of smart, livable cities.
  Including artificial intelligence into urban traffic control not only improves operational effectiveness but also provides the tools for flexible, learning-based systems growing with changing traffic patterns.   AI-driven solutions may learn from past and real-time data to make intelligent decisions, identify anomalies including accidents or road closures, and suggest preventative steps unlike fixed rule-based systems.   Particularly in swiftly developing cities, this ongoing adaptation guarantees long-term relevance and efficiency.   AI-powered traffic systems will become indispensable as cities keep digitizing and implementing smart infrastructure in order to enable linked mobility, lower human intervention, and increase safety for all road users.
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Comparision Of Traffic Management System

Traditional	
Avg Vehicle Delay (s)	Queue Length (vehicles)	Throughput (vehicles/hr)	Congestion Level (%)	85	30	800	70	AI-based	
Avg Vehicle Delay (s)	Queue Length (vehicles)	Throughput (vehicles/hr)	Congestion Level (%)	45	18	1050	35	
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