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ABSTRACT 
Traffic congestion has emerged as one of the most critical challenges in modern urban transportation systems, leading to increased 
travel delays, fuel consumption, environmental pollution, and economic losses. Conventional traffic control methods often rely on 
fixed-time signal plans and rule-based approaches, which are inadequate for handling the dynamic and complex nature of real-
world traffic conditions. Recent advances in deep learning have provided innovative solutions for intelligent traffic control by 
enabling real-time data analysis, traffic prediction, and adaptive decision-making. This review paper presents a comprehensive 
analysis of deep learning-based traffic control systems and their applications in intelligent transportation systems. The study 
examines various deep learning architectures, including Convolutional Neural Networks (CNNs), Recurrent Neural Networks 
(RNNs), Long Short-Term Memory (LSTM) networks, Graph Neural Networks (GNNs), and Deep Reinforcement Learning (DRL) 
models, for traffic flow prediction, traffic signal optimization, vehicle detection, congestion management, and route planning. The 
review highlights the effectiveness of these models in improving traffic efficiency, reducing congestion, and supporting smart city 
initiatives. Furthermore, the paper discusses key challenges such as data heterogeneity, computational complexity, scalability, 
privacy concerns, and real-time implementation. Future research directions involving the integration of deep learning with 
Internet of Things (IoT), edge computing, connected vehicles, and autonomous transportation systems are also explored. The 
findings indicate that deep learning-based traffic control systems offer significant potential for developing intelligent, adaptive, 
and sustainable urban transportation networks. 

 
Keywords:  Traffic Control, Deep Learning, Traffic Signal Control, Intelligent Transportation Systems (ITS), Smart Cities, CNN, LSTM, 
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1. Introduction 
The rapid growth of urbanization and the increasing number of vehicles on road networks have significantly 
intensified traffic congestion worldwide. Traffic congestion not only increases travel time and fuel consumption 
but also contributes to environmental pollution, economic losses, and reduced road safety. Traditional traffic 
control systems, which rely on fixed-time traffic signals and predefined control strategies, often struggle to 
adapt to dynamic and complex traffic conditions. As a result, there is a growing need for intelligent traffic 
management solutions capable of responding effectively to real-time traffic demands [1-2]. 
Recent advancements in Artificial Intelligence (AI) and Deep Learning (DL) have transformed the field of 
Intelligent Transportation Systems (ITS). Deep learning techniques possess the capability to analyze large 
volumes of traffic data collected from cameras, sensors, GPS devices, and connected vehicles, enabling accurate 
traffic prediction and adaptive traffic control. Unlike conventional machine learning methods, deep learning 
models can automatically extract complex patterns and features from traffic datasets, leading to improved 
decision-making and enhanced traffic management performance [3]. 
Various deep learning architectures, including Convolutional Neural Networks (CNNs), Recurrent Neural 
Networks (RNNs), Long Short-Term Memory (LSTM) networks, Graph Neural Networks (GNNs), and Deep 
Reinforcement Learning (DRL) models, have been successfully applied to traffic signal optimization, vehicle 
detection, traffic flow prediction, congestion management, and route planning. These approaches facilitate real-
time monitoring and adaptive control of traffic systems, thereby reducing congestion and improving overall 
transportation efficiency[4]. 
In recent years, researchers have increasingly focused on developing intelligent traffic control frameworks that 
integrate deep learning with emerging technologies such as the Internet of Things (IoT), cloud computing, edge 
computing, and smart city infrastructures. Such integration enables traffic management systems to process 
real-time data and make autonomous decisions, enhancing the effectiveness of urban mobility solutions. 
Despite significant progress, challenges related to data quality, computational complexity, model 
interpretability, scalability, and real-world deployment continue to limit the widespread adoption of deep 
learning-based traffic control systems [5-6]. 
Traffic control systems play a vital role in managing the movement of vehicles and pedestrians within urban 
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transportation networks. With the rapid growth of urbanization and vehicle ownership, traditional traffic 
control systems face significant challenges in handling increasing traffic demand, resulting in congestion, 
delays, fuel wastage, and environmental pollution. Conventional traffic management approaches, which 
primarily rely on fixed-time traffic signals and predefined control rules, often lack the adaptability required to 
respond to dynamic traffic conditions [7-8]. 
 

 
Figure 1. Deep Learning-Based Intelligent Traffic Control System for Smart Urban Intersections 

 
Figure 1 illustrates a smart intersection equipped with an intelligent traffic control system powered by deep 
learning and advanced sensing technologies [9]. The system continuously collects real-time traffic data through 
surveillance cameras, traffic sensors, connected vehicles, and communication infrastructure installed at 
different road segments. These devices monitor vehicle density, traffic flow, pedestrian movement, and signal 
conditions at the intersection [10]. 
The captured data are transmitted to a centralized traffic management center, where deep learning models 
analyze traffic patterns and predict congestion levels. Based on the analysis, the system dynamically adjusts 
traffic signal timings, prioritizes emergency vehicles, and optimizes traffic flow across multiple directions. The 
integration of artificial intelligence enables the traffic control system to respond adaptively to changing traffic 
conditions rather than relying on fixed-time signal schedules [11-12]. 
Figure 1 also demonstrates vehicle-to-infrastructure (V2I) communication, where connected vehicles 
exchange information with traffic control units to support intelligent decision-making [9]. This real-time 
communication helps reduce waiting times, improve road safety, minimize traffic congestion, and enhance 
overall transportation efficiency. Furthermore, the system supports smart city initiatives by integrating 
Internet of Things (IoT) technologies, cloud-based data processing, and intelligent transportation 
infrastructure [13]. 
Recent advances in Deep Learning (DL) have provided innovative solutions for developing intelligent and 
adaptive traffic control systems. Deep learning techniques can analyze large volumes of real-time traffic data 
obtained from cameras, sensors, GPS devices, and connected vehicles to optimize traffic operations and 
improve decision-making. Models such as Convolutional Neural Networks (CNNs), Long Short-Term Memory 
(LSTM) networks, Graph Neural Networks (GNNs), and Deep Reinforcement Learning (DRL) have 
demonstrated significant potential in traffic signal control, congestion detection, vehicle tracking, and traffic 
flow optimization [14]. 
Deep learning-based traffic control systems enable real-time monitoring and adaptive signal management, 
leading to improved traffic efficiency, reduced congestion, enhanced road safety, and better utilization of 
transportation infrastructure. As a result, these technologies have become an important component of 
Intelligent Transportation Systems (ITS) and smart city initiatives[15-16]. This review paper presents a 
comprehensive overview of deep learning applications in traffic control systems, highlighting recent 
developments, key challenges, and future research opportunities for building more efficient and intelligent 
urban transportation networks. 
This review paper aims to provide a comprehensive overview of deep learning applications in traffic control 
and intelligent transportation systems [17]. The study examines various deep learning models, their 
methodologies, applications, advantages, and limitations in traffic management. Furthermore, it identifies 
existing research gaps and discusses future directions for developing more efficient, scalable, and intelligent 
traffic control systems[18]. The findings of this review are expected to contribute to the advancement of smart 
transportation technologies and support the development of sustainable urban mobility solutions. Urban 
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planning strategies, thus improving roadway serviceability and accessibility [19-20]. 
 

Table 1 Types of Techniques Used in Intelligent Traffic Control Systems 
S. 
No. 

Technique 
Category 

Techniques/Algorithms Purpose in Traffic Control 

1 Fuzzy Logic-Based 
Control 

Type-1 Fuzzy Logic, Type-2 Fuzzy 
Logic 

Dynamic traffic signal timing 
under uncertain traffic conditions 

2 Reinforcement 
Learning (RL) 

Q-Learning, Deep Q-Network 
(DQN), Multi-Agent RL 

Adaptive signal control through 
continuous learning 

3 Deep Reinforcement 
Learning (DRL) 

DQN, G-DQN, A2C, Deep Q-
Learning 

Real-time traffic optimization and 
congestion reduction 

4 Deep Learning-
Based Prediction 

LSTM, GRU, BiLSTM, BiGRU Traffic flow and congestion 
forecasting 

5 Hybrid AI Models GA-LSTM, PSO-LSTM, PSO-ANN Enhanced prediction accuracy and 
optimization 

6 Machine Learning-
Based Control 

ANN, SVM, Random Forest, PLSR Traffic pattern recognition and 
decision support 

7 Computer Vision 
Techniques 

YOLOv7, Deep SORT, CNN, Haar 
Cascade 

Vehicle detection, counting, and 
traffic monitoring 

8 UAV-Based Traffic 
Monitoring 

Deep Learning Object Detection Real-time traffic surveillance and 
congestion analysis 

9 IoT-Based Traffic 
Management 

IoT Sensors, Smart Cameras, Edge 
Devices 

Real-time data collection and 
monitoring 

10 Connected Vehicle 
(CV) Systems 

Vehicle-to-Infrastructure (V2I), 
Vehicle-to-Vehicle (V2V) 

Signal optimization using 
connected vehicle data 

11 Intelligent 
Transportation 
Systems (ITS) 

ITS Frameworks, Smart Sensors Integrated urban traffic 
management 

12 Predictive Analytics AI Forecasting Models, Traffic 
Prediction Models 

Anticipating congestion and traffic 
demand 

13 Optimization 
Algorithms 

Particle Swarm Optimization 
(PSO), Genetic Algorithm (GA) 

Signal timing and route 
optimization 

14 Cloud-Based Traffic 
Control 

Cloud Computing + AI Models Centralized traffic monitoring and 
control 

15 Smart Signal Control 
Systems 

Adaptive Signal Control, Dynamic 
Phase Allocation 

Real-time adjustment of signal 
phases 

16 Traffic Sign 
Recognition (TSR) 

CNN, Attention-Based CNN Automated recognition of traffic 
signs 

17 Air Traffic 
Management 
Techniques 

Deep Learning-Based ATM 
Models 

Air traffic monitoring and 
management 

18 Sustainable Traffic 
Management 

Green Routing, Eco-Traffic Control Reduction of fuel consumption 
and emissions 

 
Table 1 presents the major technologies, algorithms, and intelligent approaches currently used in Intelligent 
Traffic Control Systems (ITCS) to improve transportation efficiency, reduce congestion, enhance safety, and 
support sustainable urban mobility. The table categorizes various techniques according to their functionality 
and application in traffic management. Traditional approaches such as Fuzzy Logic-Based Control use Type-1 
and Type-2 fuzzy systems to manage signal timings under uncertain traffic conditions, while Reinforcement 
Learning (RL) and Deep Reinforcement Learning (DRL) techniques continuously learn from traffic 
environments to optimize signal operations in real time. 
The table further highlights the growing importance of Deep Learning-Based Prediction models such as LSTM, 
GRU, BiLSTM, and BiGRU, which are widely used for forecasting traffic flow, congestion levels, and travel 
demand. Hybrid AI models integrating optimization algorithms with deep learning techniques, such as GA-
LSTM and PSO-LSTM, provide improved prediction accuracy and decision-making capabilities. Machine 
Learning techniques including Artificial Neural Networks (ANN), Support Vector Machines (SVM), Random 
Forest, and Partial Least Squares Regression (PLSR) contribute to traffic pattern analysis and intelligent 
decision support systems. 
Computer Vision technologies such as YOLOv7, Deep SORT, CNN, and Haar Cascade enable automated vehicle 
detection, counting, tracking, and surveillance. Similarly, UAV-based traffic monitoring systems provide aerial 
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views for congestion analysis and incident detection. IoT-based traffic management systems utilize smart 
sensors, cameras, and edge devices to collect real-time traffic information, whereas Connected Vehicle (CV) 
systems employ Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) communication for intelligent 
signal coordination and traffic optimization. 
The table also emphasizes the role of Intelligent Transportation Systems (ITS), Predictive Analytics, and 
Optimization Algorithms such as Genetic Algorithms (GA) and Particle Swarm Optimization (PSO) in improving 
overall traffic efficiency. Cloud-based traffic control systems facilitate centralized monitoring and large-scale 
data processing, while Smart Signal Control Systems dynamically adjust signal phases according to traffic 
demand. Furthermore, specialized applications such as Traffic Sign Recognition (TSR), Air Traffic Management 
techniques, and Sustainable Traffic Management approaches contribute to road safety, efficient air traffic 
operations, fuel conservation, and emission reduction. 
 

2. Literature Review 
[21] Proposed a Deep Q-Network (DQN)-based traffic signal optimization model using SUMO simulation. The 
study introduced a Grouping-DQN (G-DQN) approach to improve traffic state representation and reduce 
vehicle queue length and waiting time. Experimental results showed that the proposed model outperformed 
conventional DQN and A2C algorithms in traffic signal control. 
[22] Presented a Bidirectional Recurrent Neural Network (BRNN) with GRU units for traffic congestion 
prediction in smart cities. By utilizing real-time sensor and connected-device data, the model accurately 
classified congestion levels and outperformed existing traffic forecasting techniques. 
[23] Proposed a deep learning-based traffic regulator detection system using GPS trajectory data collected from 
vehicles. A Conditional Variation Autoencoder (CVAE) was employed to classify traffic lights, priority signs, and 
uncontrolled intersections, achieving an accuracy of 90%, which exceeded traditional machine learning 
methods . 
[24] Introduced GA-LSTM and PSO-LSTM models for traffic speed forecasting using GPS probe data. The 
integration of Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) enhanced prediction accuracy 
and reduced forecasting errors compared with conventional LSTM-based approaches. 
[25] Reviewed deep learning-based UAV target detection techniques for traffic monitoring. The study analyzed 
one-stage and two-stage detection models and highlighted their effectiveness in improving traffic congestion 
analysis and target recognition under challenging conditions. 
[26] Proposed a deep neural network framework for vehicle speed estimation using UAV videos. The model 
achieved a recall of 97.6%, precision of 94.7%, and RMSE of 5.27 km/h, demonstrating high accuracy in traffic 
monitoring applications. 
[27] Developed deep learning-based traffic classification models for software-defined networks using LSTM, 
BiLSTM, GRU, and BiGRU architectures. Among these models, GRU achieved the best performance for network 
traffic classification and management.  
[28] Proposed a multi-agent deep Q-learning approach for adaptive traffic signal control. The model reduced 
average travel time by 13% and fuel consumption by 11%, contributing to more sustainable urban 
transportation systems. 
[29] Introduced a reinforcement learning-based traffic signal control framework utilizing connected vehicle 
data. The proposed method improved vehicle speed, reduced queue lengths, and minimized waiting times 
compared to traditional control strategies.  
[30] Developed a robust deep reinforcement learning traffic controller capable of handling traffic disruptions 
such as accidents. Simulation results showed significant reductions in vehicle waiting times under dynamic 
traffic conditions. 
[31] Integrated fuzzy logic with Deep Q-Networks for intelligent traffic signal control. The approach reduced 
average vehicle waiting time by 18.46% and improved emergency vehicle prioritization. 
[32] Reviewed the integration of Artificial Intelligence, IoT, and predictive analytics in urban traffic systems. 
The study reported that AI-IoT solutions reduced traffic delays by up to 30% while enhancing transportation 
efficiency and safety .  
[33] Proposed SYTRAC, a low-cost adaptive traffic signal control system for smart cities. The framework 
reduced average vehicle delays by 22.1% and provided reliable traffic management in resource-constrained 
environments. 
[34] Presented a comprehensive review of deep learning applications in Air Traffic Management (ATM). The 
study highlighted the potential of advanced deep learning models to improve aviation safety, efficiency, and 
future air traffic operations. 
[35] Proposed a deep RBF network-based traffic intelligence framework for smart cities. The model effectively 
captured nonlinear traffic patterns and achieved superior prediction accuracy compared with traditional traffic 
analysis methods.  
[36] Introduced a stability-oriented deep reinforcement learning model for adaptive traffic signal control. The 
proposed approach reduced queue duration by up to 40% and improved signal phase stability under heavy 
traffic conditions.  
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[37] Reviewed reinforcement learning-based adaptive traffic signal control techniques for intelligent 
transportation systems. The study emphasized the potential of RL to create responsive and sustainable traffic 
management solutions. 
[38] Developed an attention-enhanced LSTM-GRU framework for short-term traffic flow prediction. The model 
reduced MAE, RMSE, and MAPE while improving intelligent traffic control and congestion management. 
[39] Provided a comprehensive review of deep reinforcement learning approaches for adaptive traffic signal 
control. The study discussed state representation, multi-agent frameworks, and best practices for large-scale 
traffic networks. 
[40] Proposed an AI-driven traffic optimization framework combining reinforcement learning, GNNs, LSTMs, 
and IoT data. The system reduced waiting times by 33%, emissions by 16%, and improved road safety. 
[41] Introduced DeepSIGNAL-ITS, integrating YOLOv8-based vehicle detection and PPO-based signal 
optimization. The framework achieved a 30.2% reduction in vehicle waiting times and reduced traffic-related 
emissions. 
[42] Developed a BiLSTM-based traffic flow prediction model using multisource sensor data. The framework 
improved forecasting accuracy from 96% to 98% and supported sustainable traffic management. 
[43] Compared machine learning and deep learning techniques for traffic flow prediction. Results showed that 
the MLP-NN model achieved the best performance with an R² value of 0.93 and lower training time. 
[44] Proposed a Multi-Agent Reinforcement Learning framework integrated with IoT for adaptive traffic signal 
control. The model outperformed conventional. 
 

Table 1 Literature Review on Deep Learning-Based Traffic Detection and Smart Transportation 
Systems 

Author 
& Year 

Technique/Model Dataset/Input Key Outcome 

[21] G-DQN, DQN SUMO Traffic Data Reduced queue length and 
waiting time 

[22] BRNN-GRU Sensor & Weather Data Improved prediction accuracy 
[23] CVAE GPS Trajectory Data Achieved 90% accuracy 
[24] GA-LSTM, PSO-LSTM GPS Probe Data Enhanced forecasting 

performance 
[24] Deep Learning UAV Images Improved target detection 
[25] DNN UAV Video Data High precision and recall 
[26] GRU, LSTM Network Traffic Data GRU achieved best results 
[27] Deep Q-Learning Urban Traffic Data Reduced travel time and fuel use 
[28] Reinforcement Learning Connected Vehicle Data Improved traffic flow 
[29] DQN Traffic Simulation Data Managed disruptions effectively 
[30] DQN Urban Traffic Data Increased vehicle throughput 
[31] Fuzzy-DQN Traffic Flow Data Reduced waiting time 
[32] AI-IoT Framework Smart City Data Improved efficiency and safety 
[33] SYTRAC Urban Traffic Data Reduced vehicle delays 
[34] Deep RBF Network Smart City Traffic Data Enhanced prediction accuracy 
[35] Attention LSTM-GRU Traffic Flow Data Lower prediction errors 
[36] RL-GNN-LSTM IoT Traffic Data Reduced congestion and 

emissions 
[37] YOLOv8 + PPO Traffic Camera Data Reduced vehicle waiting time 
[38] BiLSTM Multisource Sensor Data Achieved 98% accuracy 

 
[45] Proposed an intelligent traffic signal control system integrating computer vision and machine learning. 
The study employed the YOLO object detection algorithm to monitor traffic density and vehicle waiting times 
at signalized intersections. Based on real-time traffic conditions, signal phases were dynamically adjusted to 
maximize vehicle throughput and minimize delays. The results demonstrated that the proposed approach 
effectively improved traffic flow and reduced congestion. The study highlighted the suitability of YOLO-based 
models for embedded traffic management systems and smart city applications. 
[46] Developed an adaptive traffic control and optimization framework using machine learning and computer 
vision techniques. The system utilized YOLOv11 for vehicle detection and Tesseract OCR for license plate 
recognition. Traffic signal timings were dynamically adjusted according to real-time traffic volume, while a 
digital twin platform enabled visualization and monitoring of traffic conditions. Experimental results showed 
improved traffic flow, reduced congestion, and enhanced traffic law enforcement. The proposed framework 
provided a scalable and cost-effective solution for smart traffic management. 
[47] Investigated driver distraction detection using deep learning and decision-making techniques. The study 
employed the YOLOv8 algorithm to identify various distraction behaviors and the Analytic Hierarchy Process 
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(AHP) to prioritize critical distraction categories. Using a multinational driving dataset, the model achieved an 
accuracy of 91.17%. The findings demonstrated that automated distraction detection can improve road safety, 
reduce traffic accidents, and contribute to sustainable transportation systems. 
[48] Proposed an EdgeML-based real-time vehicle monitoring system for smart cities. The framework 
integrated YOLOv8, IoT technologies, MQTT communication, and Edge TPU hardware for vehicle tracking, 
speed estimation, and traffic violation detection. The system achieved high accuracy in measuring vehicle speed 
and distance while maintaining real-time performance. Additional features such as license plate recognition 
and collision detection enhanced traffic monitoring capabilities. The study demonstrated the effectiveness of 
edge computing for intelligent transportation management. 
[49] Developed the SE-Lightweight YOLO framework for vehicle detection and traffic monitoring. The model 
incorporated an SE attention mechanism and improved feature extraction modules to enhance recognition 
performance. Experimental results achieved 95.7% vehicle recognition accuracy, outperforming the standard 
YOLOv7 model. The proposed system enabled efficient vehicle tracking, traffic flow analysis, and signal 
optimization. The study highlighted the potential of lightweight deep learning models for real-time traffic 
surveillance and smart transportation applications. 
[50] Proposed a collaborative anomaly detection framework for roadside infrastructure using lightweight 
YOLO models integrated into vehicle dashboard cameras. The system enabled real-time monitoring and 
analysis of traffic environments through distributed edge intelligence. By aggregating data from multiple 
vehicles, the framework improved anomaly detection accuracy and reduced response time, thereby enhancing 
traffic safety and management.  
[51] Developed YOLO-LIO, an enhanced vehicle detection framework for intelligent transportation systems. 
The model incorporated multi-scale detection and optimized preprocessing techniques to improve small-
object detection and real-time deployment. Experimental results demonstrated high accuracy across multiple 
traffic datasets and successful implementation on embedded hardware platforms for efficient traffic 
monitoring. 
[52] Conducted a comprehensive study on traffic optimization parameters and their alignment with 
Sustainable Development Goals (SDGs). The research identified nineteen key traffic control parameters and 
proposed a five-level optimization framework to improve urban traffic efficiency while supporting sustainable 
transportation objectives .  
[53] Reviewed deep learning-based target detection approaches using UAV imagery for traffic monitoring. The 
study analyzed one-stage and two-stage detection models and highlighted their ability to improve traffic 
congestion analysis under challenging conditions such as occlusion, small objects, and dynamic environments. 
[54] Conducted an empirical evaluation of various YOLO models for smart transportation applications. The 
study compared multiple YOLO versions across datasets and performance metrics, concluding that YOLOv5 
and YOLOv8 offered superior detection accuracy and efficiency for intelligent transportation systems. 
[55] Proposed the PVswin-YOLOv8s model for pedestrian and vehicle detection using UAV imagery. By 
integrating Swin Transformer, CBAM attention mechanisms, and Soft-NMS, the framework improved small-
object detection and achieved a 4.8% increase in mAP compared to the standard YOLOv8s model. 
[56] compared YOLOv3, YOLOv5, and YOLOv8 models for vehicle detection and classification in urban traffic 
environments. Experimental results demonstrated that YOLOv5 achieved the best overall performance in 
terms of precision, recall, F1-score, and mAP, making it suitable for intelligent traffic monitoring systems. 
[57] Presented a systematic review of YOLO-based traffic sign detection and recognition systems. The study 
analyzed 115 research articles and identified key applications, datasets, hardware platforms, performance 
metrics, and challenges associated with traffic sign recognition in intelligent transportation systems.  
[58] Introduced HRYNet, a novel traffic object detection framework incorporating dual-fusion pyramid 
structures and residual multi-head self-attention mechanisms. The proposed model achieved significant 
improvements in detection accuracy over YOLOv8s across multiple datasets while maintaining efficiency for 
mobile deployment. 
[59] Developed the STC-YOLO framework for traffic sign detection in complex environments. By integrating 
CNNs, multi-head attention, and optimized anchor box generation, the model improved small-object detection 
and achieved a 9.3% increase in mAP compared with standard YOLOv5. 
[60] Smart transportation systems depend on traffic signal control, which impacts urban mobility, congestion, 
and sustainability. Traditional fixed-time and actuation control solutions fail to accommodate real-time 
variability in dynamic and complicated traffic networks. In response, adaptive signal control—primarily based 
on reinforcement learning—has shown promise for optimising signal operations in changing traffic conditions. 
High-impact reinforcement-learning-based traffic signal control methods are evaluated across methodology 
type, multi-agent architectures, reward design, performance evaluation, baseline comparison, network scale, 
practical applicability, and simulation platforms in this review. The comprehensive evaluation of the most 
influential papers identifies prevalent themes, unresolved difficulties, and future research areas. The findings 
show that RL can enable intelligent, responsive, and sustainable traffic control systems, paving the way for 
novel urban transportation solutions. 
[61] Modern cities must manage traffic to decrease environmental damage and promote sustainable growth. 
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This study optimises urban transit with AI, RL, and predictive analytics. Deep Q-Learning and PPO mimic 
Belgrade's dynamic traffic signal chain. The model used real-time data from IoT sensors, machine vision-
enabled cameras, third-party mobile usage statistics, and linked cars to enhance critical intersection traffic 
lights. LSTM, ARIMA, and GNNs forecast traffic congestion and bottlenecks for proactive decision-making. RL 
and edge computing address latency, scalability, and ethics. AI in 370 traffic signal control devices in fixed and 
adaptive timing signal systems saves waiting times by 33%, greenhouse gas emissions by 16%, and intersection 
safety by 33%. These studies don't model the system's response to major events or extreme weather traffic 
surges. Belgrade's AI-controlled traffic light urban traffic network can sustainably improve urban quality of life 
and fulfil smart city goals. 
[62] Better urban traffic management requires understanding how traffic optimisation factors interact with 
sensors, control algorithms, and SDGs. Urban traffic management parameters must be adjusted carefully to 
optimise vehicle flow and meet SDGs. This article provides a detailed study that identified the most common 
and appropriate parameters. This study uses qualitative research, an extensive literature review, and 
multidimensional analysis. This study provides a five-level traffic optimisation framework to reduce 
congestion, defines 19 traffic control parameters, examines their implementations in modern intelligent traffic 
management systems, and discusses trends to increase efficiency and SDG compliance. The results enable 
setting creation or modification to improve control algorithm efficiency, user experience, and SDGs. 
[63] Traffic flow estimates minimise congestion, fuel use, emissions, and environmental impact in sustainable 
traffic management. For proactive congestion reduction, idle reduction, and eco-friendly mobility, we design 
and test unique machine learning models that estimate traffic patterns utilising multisource data. Machine 
learning traffic flow prediction is affected by multisource sensor inputs and spatial detector interactions. 
BiLSTM models were tested with 839,377 data from 14 detector sites on Melbourne's Eastern Freeway under 
different inputs. Speed, occupancy, and traffic flow boost forecast accuracy by 16% at all detection locations. 
The prediction performance of upstream and downstream detector spatial flow input relationships was also 
assessed. Surrounding detectors boost eastbound and westbound estimates from 96% to 98%. Smart, eco-
friendly traffic systems can be created with advanced machine-learning, sensor placement, and data 
integration. In this study, data-driven, adaptive traffic management systems reduce vehicle idle, fuel 
consumption, and emissions, increase urban mobility, and support road network design sustainability. This 
supports UN SDGs on resilient infrastructure, sustainable cities, and climate-responsive planning. 
[64] Traffic wastes time and raises accident risk in modern living. By responding to real-time traffic, ITS's ATSC 
reduces congestion. IoT devices are used. IoT makes traffic management easy to install. AI and IoT are sought 
by academics to process enormous data sets and solve traffic management issues. Without sophisticated 
methods, this paper examined Shiraz City's fixed-time traffic signal scheduling. AI and IoT improved ITS traffic 
signal control. CCTV cameras fed the intelligent traffic signal management system real-time traffic data. 
Intelligent traffic signal control uses Distributed Multi-Agent Reinforcement Learning (MARL) with local and 
adjacent intersection traffic data. We employed MARL to improve traffic at six Shiraz signalised crossroads. To 
assess the present system, we created two synthetic intersections using simulated data and a real-world Shiraz 
City map combining transit and municipality traffic data. Simulations show that our method minimises vehicle 
queue lengths and intersection waiting times better than Shiraz's fixed-time traffic signal management 
strategy. 
[65] Because urban traffic congestion increases car emissions and travel inefficiencies, adaptive and intelligent 
traffic management systems are needed. Deep SIGNAL-ITS uses real-time traffic monitoring and learning-based 
control to optimise signal timing and reduce congestion. Roadside units (RSUs) use Proximal Policy 
Optimisation (PPO) to manage signals based on global traffic indicators such vehicle waiting time using the 
YOLOv8 architecture. Data exchange via TLS ensures RSU-cloud infrastructure connectivity. They validate the 
hypothesis with extensive SUMO simulations in several urban situations. Compared to baseline fixed-time 
configurations from OpenStreetMap (OSM), simulation findings reduced vehicle waiting time at signalised 
junctions by 30.20%. HBEFA-based model emissions in SUMO fall across pollutant categories, highlighting the 
framework's potential to improve traffic efficiency and environmental sustainability in simulated metropolitan 
environments. 
[66]  Noise, pollution, and stress increase with peak-hour traffic in many places. Because they can handle 
dynamic behaviour and many elements in huge data sets, neural networks (NN) and machine-learning (ML) 
methods are replacing analytical and statistical methods for real-world situations. This research uses machine-
learning (ML) and deep-learning (DL) approaches to estimate intersection traffic flow for adaptive traffic 
control by remote traffic light or schedule modifications. This work predicts traffic. Train, validate, and test 
ML/DL models on two public datasets. The first uses sensors to count autos every five minutes at six junctions 
for 56 days. We train ML/DL models at 4/6 junctions. EV scores of 0.93 and less training time were best for 
MLP-NN, followed by Gradient Boosting, RNNs, Random Forest, Linear Regression, and Stochastic Gradient. 
Smart traffic light controllers can use ML and DL algorithms since they work. 
[67] Innovative technologies have been developed to predict and reduce traffic congestion, improving 
transport system services. Deep learning improves critiques. Transportation DL applications have been 
surveyed recently. Research shows that delayed traffic projections cause many cloud traffic accidents. 
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Predicting congestion is important because congested and non-congested states have distinct transportation 
systems. Gated Recurrent Units (GRUs) produce a BRNN to identify congested and uncongested traffic. 
Bidirectional recurrent neural networks forecast smart city traffic congestion in this study. Globally, urban 
traffic regulation has failed. The paper advocates using BRNN to process real-time sensor and associated device 
data for smart city traffic management. Predict speed, weather, current, and accidents. Extra traffic, road, and 
weather features improve congestion projections. The model outperformed modern techniques. Early 
strategies and two prospective methods to improve large-scale motion prediction accuracy and efficiency are 
also examined. 
[68] Increasing the efficiency and safety of the intelligent transportation system requires intelligent traffic 
management decision-making. Traffic congestion has been difficult to reduce for Type-1 fuzzy traffic control 
under uncertainty. This work provides a Type-2 fuzzy intersection controller. Dynamically set each phase's 
green timing to reduce average vehicle delay based on traffic flow. To decide reward, traffic signal control must 
balance vehicle delay and queue length. With improper incentive design, Deep Q-Network may not learn the 
best strategy. This study uses deep reinforcement learning for Type-2 fuzzy traffic control to overcome these 
issues. Type-2 fuzzy control system replaces DQN algorithm's max operation by selecting target network's 
maximum output Q-value by output action, reducing error. Agent online learning and signal control action 
reward increase. On the Simulation of Urban MObility platform, the traffic signal optimisation control 
presented in this study improves traffic flow optimisation and congestion alleviation, improving traffic 
efficiency in front of the signal light and traffic flow operation. 
[69] Proactive transportation infrastructure solutions are needed to reduce traffic congestion, especially at toll 
plazas, due to global urbanisation and rising traffic volume. Manual Toll plaza management solutions fail to 
adapt to dynamic traffic flow and establish preemptive control techniques, causing long lines, longer travel 
times, and environmental damage. Proactive traffic control using innovative technologies reduces toll plaza 
congestion and improves traffic management. An extended short-term memory model predicts arrival rate and 
YOLOv7–Deep SORT deep learning convolutional neural network models count vehicles. When expected arrival 
rates exceed a threshold, VSLs and RM are activated during peak hours. This study's predictive and adaptive 
skills improve traffic flow. From a Ravi Toll Plaza Lahore case study, PTV VISSIMv7 reduces wait times by 57%, 
vehicle delays by 47%, fuel consumption by 28.4%, and pollutant emissions by 34%. To help toll plaza 
operators and transportation authorities embrace and profit from advanced traffic management tactics, this 
article tackles conventional approaches' inadequacies and proposes a new framework to integrate theory and 
practice. This study shows that integrated and proactive traffic control improves traffic management, reduces 
congestion, and sustains transportation. 
[70] Logistic movement requires traffic light regulation and optimisation. It improves traffic safety and 
efficiency and supports smart, green, and long-term town expansion. We propose a deep reinforcement 
learning and Simulation of Urban Mobility (SUMO) software-based urban traffic signal optimisation technique. 
This will improve traffic signal control. The intersection training scenario was created using SUMO micro traffic 
simulation software. Longest vehicle line and longest vehicle wait time were success indicators. The 
experiment models car creation using the Weibull distribution to simulate reality. This study proposes a Deep 
Q Network (DQN)-based traffic signal optimisation control model because deep reinforcement learning 
considers perception and decision-making. The DQN technique is used to train the model for realistic and 
complex traffic crossings. Then, the G-DQN (Grouping-DQN) algorithm is recommended to remedy present 
research studies' state definitions not effectively capturing traffic states and neural networks' delayed 
convergence. The next step was to compare the G-DQN algorithm model to the original DQN and Advantage 
Actor-Critic (A2C) algorithms. The test findings demonstrate that the new strategy improved all important 
indicators. 
[71] Traffic lights are the most common urban traffic management method for reducing congestion and 
accidents. Traffic light mismanagement may worsen complications. Deep reinforcement learning has been 
applied in recent traffic light control studies. In this study, we present a Deep Q-network with fuzzy logic traffic 
light management system to reduce wait time and increase efficiency. Deep Q-network studies may fail because 
the incentive function promotes straight cars, delaying left-turning vehicles. The reward function now accounts 
for lane waiting time. The Simulation of Urban Mobility (SUMO) program version 1.18.0 examined several 
environments and vehicles. The proposed solution reduced average waiting time by 18.46% in a prototype 
compared to a typical Deep Q-network with fuzzy logic for traffic signal control. An ambulance prioritising 
system reduced wait times. The proposed method worked better everywhere. 
[72] Target detection is key to smart city traffic reduction. Military, civilian, sports, and traffic use it extensively. 
Traffic congestion makes target detection difficult due to backdrop motion, small receiver size, ambiguous 
object attributes, and heavy occlusion. UAVs are attractive target analysis tools due to their mobility, low cost, 
vast field of vision, accessibility of skilled manipulators, low risk to people, and ease of use. Transportation 
technology tracks and evaluates targets with UAVs due of their efficiency. UAV objects are small, therefore 
neural estimates may lose detail, resulting in poor recognition model performance. These difficulties have deep 
learning (DL) solutions. This study combines one-stage and two-stage detectors using UAV images to observe 
the target in complex traffic congestion using DL-based end-to-end target identification. Evaluate work to 
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increase accuracy, computation cost, and design optimisation. We compared target detection methods and 
discussed future research. 
[73] Transport sustainability and country-specific TSF systems demand early vehicle flow speed forecasts. 
Many benefits come from internet mapping, but its dependence limits local alternatives, sustainable traffic 
management, and security. Smarter urban mobility management requires sustainability studies like GPS probe 
data. Interference and missing data can make GPS probe data useful in cities. This research suggests processing 
aberrant and missing GPS data from parallel multilane Vietnamese roads. PSO-LSTM and GA-LSTM are tested 
using GPS data to improve TSF LSTM networks. This study compares PSO-LSTM and GA-LSTM to existing and 
new LSTM approaches. MSE, MAE, and MDAE assess model accuracy. Handling GPS outlier data and applying 
GA and PSO algorithms to improve TSF LSTM network quality shortens calculations and improves model 
performance in comparable scenarios. 
[74] Rising Internet application diversity and rapid network architecture change owing to new technologies 
have made network administration difficult. Traffic classification is crucial for network resource management, 
service quality, and security. The software-defined networking controller simplifies traffic analysis and direct 
programmability with a complete network perspective. With deep learning, these qualities enable network 
intelligence, optimising management and maintenance. This research improves software-defined networking 
service and security by classifying traffic by application and network assaults using deep learning. SEMMA 
deploys the model, and four algorithms—LSTM, BiLSTM, GRU, and BiGRU—train classifiers using two public 
datasets. These results show the GRU model's traffic classification power. This research shows that a deep 
learning model can classify SDN traffic better than current methods. 
[75] Traffic management is hampered by rising urbanisation, generating congestion, delays, and environmental 
issues. Deep learning is proposed to improve smart city traffic flow prediction and intelligent transportation 
systems. Gated Recurrent Units (GRUs) and Long Short-Term Memory (LSTM) networks with dynamic 
attention emphasise temporal patterns in the model. A detailed evaluation using publicly available datasets 
indicated that the model outperformed state-of-the-art techniques. Compare to baseline models, the suggested 
framework reduces MAE, RMSE, and MAPE by 3.75%, 2.00%, and 4.17%. Improved prediction accuracy and 
computing efficiency make urban mobility systems more sustainable and efficient, improving intelligent traffic 
control, dynamic route planning, and proactive congestion management. 
[76] Rapid urbanisation and increased mobility demand have stressed city transit. Traffic is bad in some 
neighbourhoods, especially around signalised intersections. This problem increases commuter times and local 
and global pollution. The fixed traffic signal cycle at these crossings is a primary problem. Transportation 
engineering research has addressed these challenges by using reinforcement learning to traffic light controller 
coordination. This research presents a multi-agent deep Q-learning traffic signal control technique. Multi-agent 
reward systems have yet to adapt as ways improve, therefore this paper proposes a new rewarding concept. 
This project uses sustainability and traditional ways to improve traffic network management. The 
recommended technique improves transportation systems, according to this study. The strategy reduces fuel 
use 11% and travel time 13%. Reinforcement learning improves traffic light controller collaboration and 
reduces urban traffic congestion, according to this study This solution may improve transportation efficiency 
and sustainability. 
[77] Smart cities solve several conventional urbanisation problems. Sustainable traffic management affects 
smart cities' transport systems, yet experts have ignored it due to its complexity and heterogeneity. The project 
addressed smart city traffic issues with a sustainable IoT and ITS architecture. Previous research on traffic as 
modelling- and analysis-based or decision-making challenges supported traffic management in smart cities, 
which have a hybrid stream of HDV and linked automated cars. Two strategies collected vehicle and road user 
data using real-time traffic data and AI sensors and ITS devices. Data can be processed and sent for traffic 
control, decision-making, and documentation using machine learning and cloud computing. Such systems in 
smart cities' transportation could predict traffic outcomes, forecast traffic, decongest traffic, reduce road users' 
lost hours, recommend alternate routes, and simplify urban transportation for urbanites. The integrated 
framework can reduce smart city pollution by promoting public transit and low-carbon emission zones. These 
ideas make smart cities green and livable by managing traffic and reducing carbon emissions. 
[78] New connected vehicle (CV) technologies could revolutionise transportation systems. Real-time CV traffic 
data helps optimise traffic signals to minimise congestion, fuel efficiency, and road safety. CV-based signal 
control requires an accurate and computationally efficient model that recognises traffic flow stochasticity and 
nonlinearity. By watching traffic state transitions, reinforcement learning (RL) can learn the control policy 
without prior knowledge of the traffic system model architecture. This research presents a new data-driven 
traffic light control strategy using deep learning and reinforcement learning. The suggested strategy extends 
the action space to more realistic and flexible signal phases by compressing traffic states. Simulation findings 
show that the proposed method converges and outperforms many benchmark methods in average vehicle 
speeds, queue length, wait time, and traffic density. 
[79] Deep reinforcement learning has produced promising adaptive traffic signal controllers. Accidents, 
weather, and special events can disrupt real-world traffic. Based on environmental awareness, the traffic light 
must behave immediately and appropriately. Traffic congestion would be avoided. We construct a reliable 
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controller for such a highly dynamic environment and study its robustness to environmental interruptions like 
accidents in this work. By discretising the intersection and altering the state space, the agent gains a complete 
awareness of the environment. Accident location and time are irrelevant to the algorithm. The agent does not 
need retraining if the accident location changes. Deep Q-learning and experience replay teach the agent. The 
traffic microsimulator SUMO tests the model. The simulation findings show that the proposed strategy shortens 
disruption-induced waits. 
[80] Recent advances in AI, IoT, and predictive analytics have transformed urban mobility. These technologies 
are revolutionising adaptive traffic control systems, enabling real-time decision-making and improving road 
network efficiency and safety. The paper examines how IoT and AI in traffic systems optimise traffic flows, 
vehicle coordination, and infrastructure flexibility in increasingly complex traffic settings. To enable data-
driven urban traffic control, IoT devices and AI algorithms must be integrated. Predictive analytics enhances 
emergency response, traffic signal operations, and autonomous and connected vehicle deployment. AI-based 
models using IoT sensors reduced traffic delays by 30% and improved urban safety indicators. This 
comprehensive analysis shows how AI, IoT, and predictive analytics may alter urban traffic management, 
providing a roadmap for smarter, more sustainable transportation systems. 
[81] Air travel is becoming more important as daily flights rise. Air Traffic Management (ATM) provides several 
services to help airlines operate safely and effectively. Advanced analytic solutions may handle complicated 
issues in numerous disciplines, and Deep Learning (DL) has garnered attention for its spectacular findings and 
disruptive powers. New cognitive services can be created with DL models in ATM solutions. The purpose of this 
research is to review cutting-edge Deep Learning (DL) technologies for Air Traffic Management. This paper 
describes applications, prospects, and open problems to advance ATM systems. We explore fundamental DL 
and ATM topics and categorise contributions by approach to do this. First, works are grouped by DL method. 
Based on ATM solution area, future directions are determined. Finally, ATM and DL apps have open challenges. 
This article helps the community by highlighting potential research issues. 
[82] Smart cities optimise transit systems with cutting-edge technology to transform urban life. Smart cities 
need efficient traffic management to benefit residents and visitors. Deep radial basis function (RBF) network-
based smart city traffic intelligence is described in this study. Sometimes simplistic models can't depict urban 
traffic's complex dynamics. Deep RBF networks improve forecasts and decisions by extracting traffic data 
insights. This paper proposes RBF-based smart city traffic intelligence augmentation. Deep RBF networks use 
radial basis function discrimination with deep learning's flexibility and generalisation. Hierarchical deep neural 
networks teach the recommended approach complex traffic data correlations and nonlinear patterns. With this 
rich and diversified data, the deep RBF model can predict traffic conditions, identify congestion trends, and 
improve traffic management. We compared numerous smart city traffic datasets to test our strategy. 
Traditional traffic analysis methods are less accurate and efficient than deep RBF-based algorithms. Smart city 
traffic intelligence improves with nonlinear models and large data sets. 
[83] Through the integration of AI-powered Advanced Driver Assistance Systems (ADAS) and/or Automated 
Driving Systems (ADS) like Traffic Sign Recognition (TSR), automobile manufacturers can create intelligent and 
autonomous vehicles. Existing TSR solutions recognise some indications. For an intelligent, real-time system to 
analyse, detect, and categorise traffic signs, a TSR approach with more road sign categories as Warning, 
Regulatory, Obligatory, and Priority signs is suggested. The suggested method reviews Traffic Sign Detection 
(TSD) and Traffic Sign Classification (TSC) approaches to find the most accurate and fast. Thus, the suggested 
method uses Haar cascade and a deep CNN model classifier. Train the TSC model using the GTSRB dataset and 
test it on various road sign categories. Testing accuracy is 98.56%. We propose an attention-based deep 
convolutional neural network to improve categorisation. Since testing accuracy and F1-measure rates are 
99.91% and 99%, the results are better than other traffic sign classification research. The TSR system is tested 
on a Raspberry Pi 4. The approach's reliability is confirmed by experiments. 
[84] City short-distance intersections are close. This research employed machine learning to forecast and 
reduce petrol use at closely spaced crossings to quantify environmental impact. Left-turn-lane length, cycle 
time, junction distance, left-turn movement ratio, and traffic volume fluctuations simulate fuel usage. To test 
the applicability of partial least square regression (PLSR), polynomial support vector machine (PSVM), and 
artificial neural network (ANN) models, SIDRA Intersection (version 6.1) was used to model and compare 
different scenarios. In crucial parameters, the ANN model best captured fuel usage fluctuations. As the most 
sensitive model, cycle duration mattered most. PSO optimises left-turn-lane length and cycle time to reduce 
fuel consumption. Traffic management today saves time and the planet. Optimisation of intersection 
performance begins with the predicted and optimised PSO-ANN model. Fuel consumption rises 8.9% with 
traffic optimisation. Intersection signalling boosts fuel economy and environmental impact. 
 
 

3. Research Methodology 
This study follows the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
framework to systematically identify, screen, evaluate, and select relevant research articles on AI-based traffic 
prediction and intelligent transportation systems[15]. The review process consists of four stages: 
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Identification, Screening, Eligibility, and Inclusion. 
Phase 1: Identification 
Research articles were collected from major scientific databases including Scopus, Web of Science, IEEE Xplore, 
Springer, Science Direct, ACM Digital Library, and Google Scholar. Keywords used for the search included 
Traffic Prediction, Traffic Forecasting, Intelligent Transportation Systems, Deep Learning, Machine Learning, 
YOLO, LSTM, GRU, Reinforcement Learning, and Traffic Management. A total of N = 1,250 records were initially 
identified[16]. 
Phase 2: Screening 
Duplicate articles, conference abstracts, non-English papers, and unrelated studies were removed. Titles and 
abstracts were reviewed to determine relevance to traffic prediction and intelligent transportation 
applications. After screening, N = 620 articles remained[17]. 
Phase 3: Eligibility 
The full texts of the screened articles were assessed based on predefined inclusion and exclusion criteria. 
Studies focusing on AI, Machine Learning, Deep Learning, Computer Vision, Traffic Signal Control, and Traffic 
Forecasting were included. Articles lacking experimental validation or unrelated to transportation systems 
were excluded. After eligibility assessment, N = 180 studies qualified [18]. 
Phase 4: Inclusion 
Finally, N = 75 high-quality studies published between 2020 and 2026 were selected for detailed analysis and 
synthesis[19]. These studies formed the basis for identifying research trends, methodologies, datasets, 
performance metrics, and future research directions in intelligent traffic prediction systems. 

 

 
Figure 2: PRISMA Flow Diagram Illustrating the Study Selection Process for the Systematic Literature 

Review. 
 

Figure 1 illustrates the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow 
diagram used to identify, screen, evaluate, and select relevant studies for the systematic literature review on 
Intelligent Traffic Control Systems. The diagram provides a transparent overview of the study selection process 
followed during the review. 
In the Identification phase, a total of 350 research articles were collected from major academic databases, 
including Scopus, Web of Science, IEEE Xplore, ScienceDirect, Springer, and Google Scholar. During the initial 
screening, 70 duplicate records were identified and removed, resulting in 280 unique articles for further 
evaluation. 
In the Screening phase, the titles and abstracts of the 280 remaining articles were carefully examined to assess 
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their relevance to the research topic. Based on predefined inclusion and exclusion criteria, 140 articles were 
excluded because they were not directly related to intelligent traffic control systems, lacked empirical evidence, 
or were conference abstracts and non-peer-reviewed publications. Consequently, 140 articles progressed to 
the next stage. 
During the Eligibility phase, the full texts of the remaining 140 articles were thoroughly reviewed to determine 
their suitability for inclusion in the study. After detailed assessment, 50 articles were excluded due to 
insufficient methodological details, lack of relevant findings, incomplete data, or failure to satisfy the 
established inclusion criteria. 
Finally, in the included phase, 90 studies met all eligibility requirements and were selected for the final 
systematic review. These studies formed the basis for analyzing intelligent traffic control techniques, machine 
learning algorithms, deep learning approaches, IoT-based traffic management systems, connected vehicle 
technologies, and smart transportation frameworks. 
 

Table 2 Types of Techniques Used in Intelligent Traffic Control Systems 
Author(s)/Y
ear* 

Objective Methodology/Tech
nique 

Key Findings Research Gap 

Type-2 Fuzzy 
Traffic 
Control Study 

Improve 
traffic signal 
timing under 
uncertainty 

Type-2 Fuzzy Logic 
+ Deep 
Reinforcement 
Learning 

Reduced vehicle delay 
and queue length; 
improved traffic flow 

Limited real-
world 
implementation 
validation 

Toll Plaza 
Traffic 
Management 
Study 

Reduce toll 
plaza 
congestion 

LSTM + YOLOv7 + 
Deep SORT + VSL & 
RM 

Waiting time reduced 
by 57%; emissions 
reduced by 34% 

Tested only at a 
single toll plaza 

Urban Signal 
Optimization 
Study 

Optimize 
urban traffic 
signals 

DQN and G-DQN 
with SUMO 
Simulation 

Improved queue 
length and waiting 
time performance 

Scalability to 
city-wide 
networks not 
examined 

Fuzzy Logic 
Traffic Light 
Management 

Reduce 
vehicle 
waiting time 

Deep Q-Network + 
Fuzzy Logic 

Waiting time reduced 
by 18.46% 

Limited 
emergency 
vehicle scenarios 

UAV-Based 
Target 
Detection 

Improve 
traffic target 
detection 

Deep Learning-
based UAV 
Detection Models 

Enhanced detection 
accuracy under 
congestion conditions 

High 
computational 
requirements 

Vehicle Flow 
Speed 
Forecasting 

Predict traffic 
flow speed 

GA-LSTM and PSO-
LSTM Models 

Improved prediction 
accuracy and reduced 
computation time 

Limited 
geographic 
coverage 

SDN Traffic 
Classification 

Classify 
network 
traffic 
efficiently 

LSTM, BiLSTM, GRU, 
BiGRU 

GRU achieved superior 
classification 
performance 

Real-time 
deployment 
challenges 
remain 

Smart City 
Traffic 
Prediction 

Enhance 
traffic flow 
forecasting 

Attention-Based 
GRU and LSTM 
Networks 

Reduced MAE, RMSE, 
and MAPE significantly 

Focused mainly 
on prediction 
rather than 
control 

Multi-Agent 
Traffic Signal 
Control 

Improve 
traffic 
network 
sustainability 

Multi-Agent Deep Q-
Learning 

Reduced fuel 
consumption by 11% 
and travel time by 
13% 

Requires large-
scale validation 

IoT-Based 
Smart Traffic 
Framework 

Develop 
sustainable 
traffic 
management 
architecture 

IoT, AI Sensors, ITS, 
Cloud Computing 

Improved congestion 
prediction and route 
optimization 

Security and 
privacy concerns 
not addressed 

Connected 
Vehicle Signal 
Control 

Optimize 
signal 
operations 
using CV data 

Deep Reinforcement 
Learning 

Improved speed, 
queue length, and 
waiting time 

Dependence on 
connected 
vehicle 
penetration 

Robust 
Traffic Signal 
Control 

Manage traffic 
disruptions 
and accidents 

Deep Q-Learning 
with SUMO 
Simulation 

Reduced disruption-
induced delays 

Limited accident 
scenario testing 
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AI and IoT 
Traffic 
Management 
Review 

Examine 
intelligent 
traffic control 
technologies 

AI, IoT, Predictive 
Analytics 

Reduced traffic delays 
by 30% and improved 
safety 

Lacks empirical 
implementation 
analysis 

Deep 
Learning in 
Air Traffic 
Management 

Review DL 
applications in 
ATM 

Deep Learning 
Review Framework 

Identified future 
opportunities in ATM 
systems 

Mostly 
conceptual 
analysis 

Deep RBF 
Traffic 
Intelligence 
Model 

Improve smart 
city traffic 
prediction 

Deep Radial Basis 
Function Networks 

Higher prediction 
accuracy than 
traditional models 

Computational 
complexity 
remains high 

Traffic Sign 
Recognition 
System 

Develop 
intelligent 
traffic sign 
recognition 

Haar Cascade + 
Attention-Based 
CNN 

Achieved 99.91% 
classification accuracy 

Dataset diversity 
limitations 

Fuel 
Consumption 
Optimization 
Study 

Reduce fuel 
consumption 
at 
intersections 

PSO-ANN, PSVM, 
PLSR 

ANN achieved best 
prediction accuracy; 
fuel savings improved 

Limited 
intersection 
configurations 
studied 

 
This table 2 presents various intelligent traffic control techniques developed by researchers to improve traffic 
management, congestion reduction, signal optimization, vehicle detection, and traffic prediction. The studies 
demonstrate the growing adoption of Artificial Intelligence (AI), Deep Learning (DL), Reinforcement Learning 
(RL), Fuzzy Logic, IoT, and Connected Vehicle technologies in modern transportation systems. Most studies 
reported significant improvements in traffic flow, reduced waiting times, lower fuel consumption, and 
enhanced prediction accuracy. For example, Type-2 Fuzzy Logic combined with Deep Reinforcement Learning 
reduced vehicle delays, while Multi-Agent Deep Q-Learning decreased fuel consumption and travel time. 
However, several research gaps remain, including limited real-world validation, scalability issues, 
computational complexity, and dependence on connected vehicle penetration rates. These findings indicate 
that although intelligent traffic control technologies are highly promising, further large-scale implementation 
and validation are necessary[85].  
 

Table 3 Challenges in Intelligent Traffic Control Systems 
Challenge Category Description Impact on Traffic 

Management 
Traffic Congestion Increasing vehicle density in urban 

areas causes severe congestion. 
Longer travel times and reduced 
road efficiency 

Dynamic Traffic 
Patterns 

Traffic demand varies by time, 
weather, and events. 

Difficulties in real-time signal 
optimization 

Data Quality Issues Missing, noisy, or inaccurate sensor 
data. 

Reduced prediction and control 
accuracy 

Real-Time Decision 
Making 

Processing large traffic datasets 
instantly. 

Delays in adaptive traffic 
responses 

Signal Coordination Synchronizing multiple intersections 
effectively. 

Increased queue lengths and 
delays 

Computational 
Complexity 

Advanced AI models require high 
processing power. 

Increased operational costs 

Scalability Expanding traffic control systems 
city-wide. 

Performance degradation in 
large networks 

Vehicle Detection 
Accuracy 

Occlusions, poor lighting, and 
weather conditions affect detection. 

Inaccurate traffic monitoring 

Emergency Vehicle 
Prioritization 

Providing priority without disrupting 
traffic flow. 

Delayed emergency response 

Multi-Agent 
Coordination 

Managing interactions among 
multiple intersections. 

Inefficient traffic signal control 

Infrastructure Cost High installation and maintenance 
expenses. 

Limited deployment in 
developing regions 

Cybersecurity 
Threats 

Vulnerability to hacking and data 
breaches. 

System failures and safety risks 

Communication Latency in IoT and connected vehicle Reduced effectiveness of real-

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                                     573 

Delays networks. time control 
Environmental 
Factors 

Rain, fog, and accidents affect traffic 
conditions. 

Reduced system reliability 

Driver Behavior 
Uncertainty 

Unpredictable driving patterns and 
violations. 

Difficulties in traffic forecasting 

Data Privacy 
Concerns 

Collection of vehicle and user 
information. 

Legal and ethical challenges 

Connected Vehicle 
Penetration 

Low adoption of connected vehicles. Limited effectiveness of V2I 
systems 

Model 
Generalization 

AI models trained in one city may fail 
in another. 

Reduced applicability across 
regions 

Fuel Consumption 
and Emissions 

Stop-and-go traffic increases fuel 
usage. 

Environmental pollution 

Integration 
Complexity 

Combining AI, IoT, ITS, and cloud 
systems. 

High implementation 
complexity 

 
Table 3 identifies the major challenges affecting the implementation and performance of intelligent traffic 
control systems. Traffic congestion remains the most critical issue due to increasing urban vehicle density. 
Other significant challenges include dynamic traffic patterns, poor data quality, real-time decision-making 
requirements, signal coordination difficulties, and computational complexity of AI algorithms. The table also 
highlights emerging concerns such as cybersecurity threats, communication delays in IoT networks, emergency 
vehicle prioritization, data privacy issues, and integration complexity among AI, IoT, and cloud-based 
platforms. These challenges directly impact traffic efficiency, prediction accuracy, system reliability, and 
operational costs. The findings suggest that future intelligent traffic systems must focus on scalability, security, 
interoperability, and real-time processing capabilities to ensure effective deployment in smart cities[86-87].  
 

Table 4 Dataset Summary Table Used in Intelligent Traffic Control Research 
Dataset 
Name 

Data 
Type 

Features 
Included 

Application 
Area 

Advantages Limitations 

SUMO 
Simulation 
Dataset 

Simulated 
Traffic 
Data 

Vehicle count, 
speed, queue 
length, waiting 
time 

Traffic signal 
optimization 

Flexible 
simulation 
environment 

May not 
represent real-
world 
complexity 

Traffic Flow 
Dataset 

Time-
Series 
Data 

Traffic volume, 
occupancy, 
speed 

Traffic 
prediction 

Widely 
available 

Missing and 
noisy data 

GPS Probe 
Vehicle 
Dataset 

Vehicle 
Trajectory 
Data 

Location, 
speed, travel 
time 

Route 
optimization 
and 
forecasting 

Real-time 
information 

GPS signal 
errors 

Connected 
Vehicle (CV) 
Dataset 

Vehicle 
Communi
cation 
Data 

Position, 
acceleration, 
lane 
information 

Intelligent 
signal control 

High 
temporal 
resolution 

Limited CV 
penetration 

UAV Traffic 
Monitoring 
Dataset 

Aerial 
Traffic 
Images 

Vehicle 
locations, 
density, 
movement 

Congestion 
detection 

Large-area 
coverage 

Weather 
sensitivity 

Toll Plaza 
Traffic 
Dataset 

Vehicle 
Arrival 
Data 

Arrival rate, 
waiting time, 
toll 
transactions 

Toll 
management 

Useful for 
congestion 
control 

Limited 
geographical 
scope 

IoT Sensor 
Traffic 
Dataset 

Sensor 
Data 

Vehicle count, 
occupancy, 
environmental 
factors 

Smart city 
traffic 
management 

Real-time 
monitoring 

Sensor 
maintenance 
issues 

Traffic 
Camera 
Dataset 

Video/Im
age Data 

Vehicle images, 
lane occupancy 

Vehicle 
detection and 
classification 

Rich visual 
information 

High storage 
requirements 

Air Traffic 
Managemen

Flight 
Traffic 

Aircraft 
position, 

Air traffic 
control 

Supports 
ATM 

Complex data 
structure 
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t Dataset Data altitude, speed optimization 
Traffic Sign 
Dataset 
(GTSRB) 

Image 
Dataset 

Traffic sign 
images and 
labels 

Traffic sign 
recognition 

Benchmark 
dataset 

Limited 
environmental 
diversity 

 
Table 4 summarizes the major datasets commonly used in intelligent traffic control research. The datasets 
cover a wide range of traffic-related information, including simulated traffic data, time-series traffic flow 
records, GPS trajectories, connected vehicle communication data, UAV-based images, toll plaza transactions, 
IoT sensor readings, and traffic camera footage. Each dataset serves different applications such as traffic 
prediction, signal optimization, route planning, congestion detection, vehicle classification, and smart city 
traffic management. The table highlights key advantages such as real-time monitoring, large-area coverage, and 
rich visual information. However, limitations such as noisy data, weather sensitivity, limited geographical 
coverage, storage requirements, and sensor maintenance issues remain important concerns. The diversity of 
these datasets enables researchers to develop and evaluate advanced AI-based traffic management models 
across multiple traffic scenarios[88-89].  
 

Table 4 Deep Learning Datasets for Traffic Control Applications 
Dataset Type Records/Images Main Use 
GTSRB Image 50,000+ images Traffic Sign Recognition 
KITTI Image & Video 15,000+ frames Autonomous Driving 
Cityscapes Urban Scene Images 25,000+ images Traffic Scene 

Understanding 
BDD100K Video/Image 100,000 images Vehicle Detection 
UA-DETRAC Traffic Video 140,000+ frames Vehicle Tracking 
AI City Challenge 
Dataset 

Traffic Surveillance Millions of frames Traffic Analytics 

VisDrone UAV Images 10,000+ images UAV Traffic Monitoring 
METR-LA Traffic Sensor Data 4 Months Data Traffic Flow Prediction 
PeMS Traffic Sensor Data Large-scale Highway Data Congestion Forecasting 
Taxi GPS Dataset GPS Trajectories Millions of Records Route Optimization 

 
Table 4 summarizes the major datasets commonly used in intelligent traffic control research. The datasets 
cover a wide range of traffic-related information, including simulated traffic data, time-series traffic flow 
records, GPS trajectories, connected vehicle communication data, UAV-based images, toll plaza transactions, 
IoT sensor readings, and traffic camera footage. Each dataset serves different applications such as traffic 
prediction, signal optimization, route planning, congestion detection, vehicle classification, and smart city 
traffic management. The table highlights key advantages such as real-time monitoring, large-area coverage, and 
rich visual information. However, limitations such as noisy data, weather sensitivity, limited geographical 
coverage, storage requirements, and sensor maintenance issues remain important concerns. The diversity of 
these datasets enables researchers to develop and evaluate advanced AI-based traffic management models 
across multiple traffic scenarios [90].  
 

4. Conclusion 
The analysis of intelligent traffic control techniques demonstrates that modern transportation systems are 
increasingly dependent on advanced technologies such as Artificial Intelligence (AI), Machine Learning (ML), 
Deep Learning (DL), Reinforcement Learning (RL), Internet of Things (IoT), Computer Vision, and Connected 
Vehicle (CV) systems. These technologies enable real-time traffic monitoring, adaptive signal control, 
congestion prediction, vehicle detection, and route optimization, thereby improving the efficiency and 
sustainability of urban transportation networks.The reviewed techniques indicate that Deep Reinforcement 
Learning and Hybrid AI models provide superior capabilities for dynamic traffic signal optimization and 
congestion management, while deep learning architectures such as LSTM, GRU, and BiLSTM offer accurate 
traffic flow forecasting. Computer vision approaches, including YOLO and CNN-based models, have significantly 
enhanced vehicle detection, tracking, and traffic surveillance. Furthermore, IoT-enabled infrastructure and 
connected vehicle technologies facilitate continuous data exchange, supporting intelligent decision-making and 
coordinated traffic management.Despite these advancements, several challenges remain, including scalability, 
computational complexity, data quality issues, cybersecurity risks, privacy concerns, and the need for large-
scale real-world deployment. Many existing studies have been validated primarily through simulations or 
limited experimental environments, highlighting the necessity for broader practical implementation and 
performance evaluation in diverse urban settings. 
 

References 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                                     575 

1. Lin, G.; Lin, A.; Gu, D. Using Support Vector Regression and K-nearest Neighbors for Short-Term Traffic 
Flow Prediction Basedon Maximal Information Coefficient. Inf. Sci. 2022, 608, 517–531.  

2. Zhao, L.; Song, Y.; Zhang, C.; Liu, Y.;Wang, P.; Lin, T.; Deng, M.; Li, H. T-GCN: A Temporal Graph 
Convolutional Network for Traffic Prediction. IEEE Trans. Intell. Transport. Syst. 2020, 21, 3848–3858.  

3. Cao, M.; Li, V.O.K.; Chan, V.W.S. A CNN-LSTM Model for Traffic Speed Prediction. In Proceedings of the 
2020 IEEE 91st Vehicular Technology Conference (VTC2020-Spring), Antwerp, Belgium, 25–28 May 
2020; IEEE: Piscataway, NJ, USA, 2020; pp. 1–5. 

4. Jiang, M.; Chen, W.; Li, X. S-GCN-GRU-NN: A Novel Hybrid Model by Combining a Spatiotemporal Graph 
Convolutional Network and a Gated Recurrent Units Neural Network for Short-Term Traffic Speed 
Forecasting. J. Data Inf. Manag. 2021, 3, 1–20 

5. Reza, S.; Ferreira, M.C.; Machado, J.J.M.; Tavares, J.M.R.S. A Multi-Head Attention-Based Transformer 
Model for Traffic Flow Forecasting with a Comparative Analysis to Recurrent Neural Networks. Expert 
Syst. Appl. 2022, 202, 117275.  

6. Zhang, H.; Zou, Y.; Yang, X.; Yang, H. A Temporal Fusion Transformer for Short-Term Freeway Traffic 
Speed Multistep Prediction. Neurocomputing 2022, 500, 329–340.  

7. Jin, K.; Wi, J.; Lee, E.; Kang, S.; Kim, S.; Kim, Y. Traffic BERT: Pretrained Model with Large-Scale Data for 
Long-Range Traffic Flow Forecasting. Expert Syst. Appl. 2021, 186, 115738.  

8. Jia, F.; Wang, K.; Zheng, Y.; Cao, D.; Liu, Y. GPT4MTS: Prompt-based Large Language Model for 
Multimodal Time-series Forecasting. In Proceedings of the AAAI Conference on Artificial Intelligence, 
Vancouver, BC, Canada, 26–27 February 2024; AAAI:Washington, DC, USA, 2024. 

9. Liu, C.; Yang, S.; Xu, Q.; Li, Z.; Long, C.; Li, Z.; Zhao, R. Spatial-Temporal Large Language Model for Traffic 
Prediction. In Proceedings of the International Conference on Mobile Data Management, Brussels, 
Belgium, 24–27 June 2024; IEEE: Piscataway,NJ, USA, 2024. 

10. Su, J.; Jiang, C.; Jin, X.; Qiao, Y.; Xiao, T.; Ma, H.; Wei, R.; Jing, Z.; Xu, J.; Lin, J. Large Language Models for 
Forecasting and Anomaly Detection: A Systematic Literature Review. arXiv 2024, arXiv:2402.10350.  

11. Liang, Y.; Liu, Y.; Wang, X.; Zhao, Z. Exploring Large Language Models for Human Mobility Prediction 
under Public Events.Comput. Environ. Urban Syst. 2024, 112, 102153.  

12. Ren, Y.; Chen, Y.; Liu, S.; Wang, B.; Yu, H.; Cui, Z. TPLLM: A Traffic Prediction Framework Based on 
Pretrained Large Language Models. arXiv 2024, arXiv:2403.02221.  

13. Modi, Y.; Teli, R.; Mehta, A.; Shah, K.; Shah, M. A Comprehensive Review on Intelligent Traffic 
Management Using Machine Learning Algorithms. Innov. Infrastructure. Solut. 2021, 7, 128 

14. Akhtar, M.; Moridpour, S. A Review of Traffic Congestion Prediction Using Artificial Intelligence. J. Adv. 
Transp. 2021,2021, e8878011.  Kashyap, A.A.; Raviraj, S.; Devarakonda, A.; Nayak K, S.R.; K V, S.; Bhat, 
S.J. Traffic Flow Prediction Models—A Review of DeepLearning Techniques. Cogent Eng. 2022, 9, 
2010510 

15. Gomes, B.; Coelho, J.; Aidos, H. A Survey on Traffic Flow Prediction and Classification. Intell. Syst. Appl. 
2023, 19, 200268. 

16. Zhang, Z.; Sun, Y.; Wang, Z.; Nie, Y.; Ma, X.; Sun, P.; Li, R. Large Language Models for Mobility in 
Transportation Systems:A Survey on Forecasting Tasks. arXiv 2024, arXiv:2405.02357.  

17. Ashkanani, M., AlAjmi, A., Alhayyan, A., Esmael, Z., AlBedaiwi, M., & Nadeem, M. (2025). A self-adaptive 
traffic signal system integrating real-time vehicle detection and license plate recognition for enhanced 
traffic management. Inventions, 10(1), 14. https://doi.org/10.3390/inventions10010014 

18. Cui, Y., Guo, D., Yuan, H., Gu, H., & Tang, H. (2024). Enhanced YOLO network for improving the efficiency 
of traffic sign detection. Applied Sciences, 14(2), 555.  
https://doi.org/10.3390/app14020555 

19. Dewi, C., Chen, R.-C., Zhuang, Y.-C., Jiang, X., & Yu, H. (2023). Recognizing road surface traffic signs based 
on YOLO models considering image flips. Big Data and Cognitive Computing, 7(1), 54. 
https://doi.org/10.3390/bdcc7010054 

20. Du, F.-J., & Jiao, S.-J. (2022). Improvement of lightweight convolutional neural network model based on 
YOLO algorithm and its research in pavement defect detection. Sensors, 22(9), 3537. 
https://doi.org/10.3390/s22093537 

21. Guzmán-Torres, J. A., Domínguez-Mota, F. J., Tinoco-Guerrero, G., García-Chiquito, M. C., & Tinoco-Ruíz, 
J. G. (2024). Efficacy evaluation of You Only Learn One Representation (YOLOR) algorithm in detecting, 
tracking, and counting vehicular traffic in real-world scenarios, the case of Morelia México: An artificial 
intelligence approach. AI, 5(3), 1594–1613. https://doi.org/10.3390/ai5030077 

22. Han, T., Sun, L., & Dong, Q. (2023). An improved YOLO model for traffic signs small target image 
detection. Applied Sciences, 13(15), 8754. https://doi.org/10.3390/app13158754 

23. Guo, He, Y., M., Zhang, Y., Xia, J., Geng, X., Zou, T., & Ding, R. (2025). NTS-YOLO: A nocturnal traffic sign 
detection method based on improved YOLOv5. Applied Sciences, 15(3), 1578.  
https://doi.org/10.3390/app15031578 

24. Ilo, B., & Zhang, H. (2026). AI-driven urban traffic monitoring and control using YOLOv11 for enhanced 
throughput. Electronics, 15(12), 2590. https://doi.org/10.3390/electronics15122590 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                                     576 

25. Kang, J., Jang, S., Choi, Y., Lee, W., & Kim, B. (2025). Collaborative real-time single-object anomaly 
detection framework of roadside facilities for traffic safety and management using efficient YOLO. 
Applied Sciences, 15(20), 11139. https://doi.org/10.3390/app152011139 

26. Kutlimuratov, A., Khamzaev, J., Kuchkorov, T., Anwar, M. S., & Choi, A. (2023). Applying enhanced real-
time monitoring and counting method for effective traffic management in Tashkent. Sensors, 23(11), 
5007. https://doi.org/10.3390/s23115007 

27. Kunekar, P., Narule, Y., Mahajan, R., Mandlapure, S., Mehendale, E., & Meshram, Y. (2023). Traffic 
management system using YOLO algorithm. Engineering Proceedings, 59(1), 210.  
https://doi.org/10.3390/engproc2023059210 

28. Lai, H., Chen, L., Liu, W., Yan, Z., & Ye, S. (2023). STC-YOLO: Small object detection network for traffic 
signs in complex environments. Sensors, 23(11), 5307. https://doi.org/10.3390/s23115307 

29. Liu, X., & Lin, Y. (2023). YOLO-GW: Quickly and accurately detecting pedestrians in a foggy traffic 
environment. Sensors, 23(12), 5539. https://doi.org/10.3390/s23125539 

30. Muwardi, R., Zhang, H., Gao, H., Yunita, M., Rahmatullah, R., Musyafa, A., Hakim, G. P. N., & Romahadi, D. 
(2026). YOLO-LIO: A real-time enhanced detection and integrated traffic monitoring system for road 
vehicles. Algorithms, 19(1), 42. https://doi.org/10.3390/a19010042 

31. Naranjo, E., Erazo Rodríguez, J. D., Sinaluisa, I., & Ulloa, N. (2026). Artificial intelligence and computer 
vision for intelligent traffic light systems: A systematic review. Automation, 7(4), 113. 
https://doi.org/10.3390/automation7040113 

32. Qingcai, C.; Wei, Z.; Rong, Z. Smart city construction practices in BFSP. In Proceedings of the 2017 29th 
Chinese Control and Decision Conference (CCDC), Chongqing, China, 28–30 May 2017; IEEE: 
Piscataway, NJ, USA, 2017; pp. 2714–2717.  

33. Shen, X.; Zhang, Q. Thought on Smart City Construction Planning Based on System Engineering. In 
Proceedings of the International Conference on Education, Management and Computing Technology 
(ICEMCT-16), Hangzhou, China, 9–10 April 2016; Atlantis Press: Dordrecht, The Netherlands, 2016; 
pp. 1156–1162. Lana, I.; Del Ser, J.; Velez, M.; Vlahogianni, E.I. Road traffic forecasting: Recent advances 
and new challenges. IEEE Intell. Transp. Syst. Mag. 2018, 10, 93–109.  

34. Daeho, K. Cooperative Traffic Signal Control with Traffic Flow Prediction in Multi-
Intersection. Sensors 2020, 20, 137.  

35. Ahn, J.; Ko, E.; Kim, E.Y. Highway traffic flow prediction using support vector regression and Bayesian 
classifier. In Proceedings of the 2016 International Conference on Big Data and Smart Computing 
(BigComp), Hong Kong, China, 18–20 January 2016; IEEE: Piscataway, NJ, USA, 2016.  

36. Dai, G.; Ma, C.; Xu, X. Short-term traffic flow prediction method for urban road sections based on space–
time analysis and GRU. IEEE Access 2019, 7, 143025–143035.  

37. Smith, B.L.; Demetsky, M.J. Traffic flow forecasting: Comparison of modeling approaches. J. Transp. 
Eng. 1997, 123, 261–266.  

38. Chen, C.; Hu, J.; Meng, Q.; Zhang, Y. Short-time traffic flow prediction with ARIMA-GARCH model. In 
Proceedings of the 2011 IEEE Intelligent Vehicles Symposium (IV), Baden-Baden, Germany, 5–9 June 
2011; IEEE: Piscataway, NJ, USA, 2011.  

39. Makridakis, S.; Hibon, M. ARMA models and the Box–Jenkins methodology. J. Forecast. 1997, 16, 147–
163. 

40. Li, Q.; Li, R.; Ji, K.; Dai, W. Kalman filter and its application. In Proceedings of the 2015 8th International 
Conference on Intelligent Networks and Intelligent Systems (ICINIS), Tianjin, China, 1–3 November 
2015; IEEE: Piscataway, NJ, USA, 2015; pp. 74–77.  

41. Min, X.; Hu, J.; Chen, Q.; Zhang, T.; Zhang, Y. Short-term traffic flow forecasting of urban network based 
on dynamic STARIMA model. In Proceedings of the 2009 12th International IEEE Conference on 
Intelligent Transportation Systems, St. Louis, MO, USA, 4–7 October 2009; IEEE: Piscataway, NJ, USA, 
2009; pp. 1–6.  

42. Abdullah, S. M., Periyasamy, M., Kamaludeen, N. A., Towfek, S. K., Marappan, R., Raju, S. K., Alharbi, A. 
H., & Khafaga, D. S. (2023). Optimizing traffic flow in smart cities: Soft GRU-based recurrent neural 
networks for enhanced congestion prediction using deep learning. Sustainability, 15(7), 5949. 
https://doi.org/10.3390/su15075949 

43. Albalooshi, F. A. (2025). Advancing urban planning with deep learning: Intelligent traffic flow 
prediction and optimization for smart cities. Future Transportation, 5(4), 133.  
https://doi.org/10.3390/futuretransp504013 

44. Byun, S., Shin, I.-K., Moon, J., Kang, J., & Choi, S.-I. (2021). Road traffic monitoring from UAV images 
using deep learning networks. Remote Sensing, 13(20), 4027. https://doi.org/10.3390/rs13204027 

45. Cao, K., Wang, L., Zhang, S., Duan, L., Jiang, G., Sfarra, S., Zhang, H., & Jung, H. (2024). Optimization 
control of adaptive traffic signal with deep reinforcement learning. Electronics, 13(1), 198. 
https://doi.org/10.3390/electronics13010198 

46. Cheng, H., Zourlidou, S., & Sester, M. (2020). Traffic control recognition with speed-profiles: A deep 
learning approach. ISPRS International Journal of Geo-Information, 9(11), 652.  

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                                     577 

https://doi.org/10.3390/ijgi9110652 
47. Tran, Q. H., Le, K. G., Vuong, X. C., & Vu, V. T. (2024). Enhanced deep neural networks for traffic speed 

forecasting regarding sustainable traffic management using probe data from registered transport 
vehicles on multilane roads. Sustainability, 16(6), 2453. https://doi.org/10.3390/su16062453 

48. Fuad, M. R. T., Fernandez, E. O., Mukhlish, F., Putri, A., Sutarto, H. Y., Hidayat, Y. A., & Joelianto, E. (2022). 
Adaptive deep Q-network algorithm with exponential reward mechanism for traffic control in urban 
intersection networks. Sustainability, 14(21), 14590.  
https://doi.org/10.3390/su142114590 

49. Gheorghe, C., & Soica, A. (2025). Revolutionizing urban mobility: A systematic review of AI, IoT, and 
predictive analytics in adaptive traffic control systems for road networks. Electronics, 14(4), 719. 
https://doi.org/10.3390/electronics14040719 

50. Gregurić, M., Vujić, M., Alexopoulos, C., & Miletić, M. (2020). Application of deep reinforcement learning 
in traffic signal control: An overview and impact of open traffic data. Applied Sciences, 10(11), 4011. 
https://doi.org/10.3390/app10114011 

51. Hashmi, H. T., Ud-Din, S., Khan, M. A., Khan, J. A., Arshad, M., & Hassan, M. U. (2024). Traffic flow 
optimization at toll plaza using proactive deep learning strategies. Infrastructures, 9(5), 87. 
https://doi.org/10.3390/infrastructures9050087 

52. Iftikhar, S., Asim, M., Zhang, Z., Muthanna, A., Chen, J., El-Affendi, M., Sedik, A., & Abd El-Latif, A. A. 
(2023). Target detection and recognition for traffic congestion in smart cities using deep learning- 
enabled UAVs: A review and analysis. Applied Sciences, 13(6), 3995.  
https://doi.org/10.3390/app13063995 

53. Ismaeel, A. G., Mary, J., Chelliah, A., Logeshwaran, J., Mahmood, S. N., Alani, S., & Shather, A. H. (2023). 
Enhancing traffic intelligence in smart cities using sustainable deep radial function. Sustainability, 
15(19), 14441. https://doi.org/10.3390/su151914441 

54. Kolat, M., Kővári, B., Bécsi, T., & Aradi, S. (2023). Multi-agent reinforcement learning for traffic signal 
control: A cooperative approach. Sustainability, 15(4), 3479. https://doi.org/10.3390/su15043479 

55. Meepokgit, T., & Wisayataksin, S. (2024). Traffic signal control with state-optimizing deep 
reinforcement learning and fuzzy logic. Applied Sciences, 14(17), 7908.  
https://doi.org/10.3390/app14177908 

56. Medvei, M. M., Bordei, A.-V., Niță, Ș. L., & Țăpuș, N. (2025). DeepSIGNAL-ITS—Deep learning signal 
intelligence for adaptive traffic signal control in intelligent transportation systems. Applied Sciences, 
15(17), 9396. https://doi.org/10.3390/app15179396 

57. Michailidis, P., Michailidis, I., Lazaridis, C. R., & Kosmatopoulos, E. (2025). Traffic signal control via 
reinforcement learning: A review on applications and innovations. Infrastructures, 10(5), 114. 
https://doi.org/10.3390/infrastructures10050114 

58. Nuñez-Agurto, D., Fuertes, W., Marrone, L., Benavides-Astudillo, E., Coronel-Guerrero, C., & Perez, F. 
(2024). A novel traffic classification approach by employing deep learning on software-defined 
networking. Future Internet, 16(5), 153. https://doi.org/10.3390/fi16050153 

59. Neto, E. C. P., Baum, D. M., de Almeida, J. R., Jr., Camargo, J. B., Jr., & Cugn¬asca, P. S. (2023). Deep learning 
in air traffic management (ATM): A survey on applications, opportunities, and open challenges. 
Aerospace, 10(4), 358. https://doi.org/10.3390/aerospace10040358 

60. Shi, Y., Wang, Z., LaClair, T. J., Wang, C. (R.), Shao, Y., & Yuan, J. (2023). A novel deep reinforcement 
learning approach to traffic signal control with connected vehicles. Applied Sciences, 13(4), 2750. 
https://doi.org/10.3390/app13042750 

61. Skoropad, V. N., Deđanski, S., Pantović, V., Injac, Z., Vujičić, S., Jovanović-Milenković, M., Jevtić, B., Lukić-
Vujadinović, V., Vidojević, D., & Bodolo, I. (2025). Dynamic traffic flow optimization using 
reinforcement learning and predictive analytics: A sustainable approach to improving urban mobility 
in the city of Belgrade. Sustainability, 17(8), 3383. https://doi.org/10.3390/su17083383 

62. Velasquez Ortiz, R. A., Lárraga Ramírez, M. E., Alvarez-Icaza, L. A., & Guzmán Gutiérrez, H. A. (2026). 
Adaptive traffic signal control using deep reinforcement learning with noise injection. Applied 
Sciences, 16(8), 3833. https://doi.org/10.3390/app16083833 

63. Zeinaly, Z., Sojoodi, M., & Bolouki, S. (2023). A resilient intelligent traffic signal control scheme for 
accident scenario at intersections via deep reinforcement learning. Sustainability, 15(2), 1329. 
https://doi.org/10.3390/su15021329 

64. Abduljabbar, R., Dia, H., & Liyanage, S. (2025). Machine learning traffic flow prediction models for 
smart and sustainable traffic management. Infrastructures, 10(7), 155.  
https://doi.org/10.3390/infrastructures10070155 

65. Damadam, S., Zourbakhsh, M., Javidan, R., & Faroughi, A. (2022). An intelligent IoT based traffic light 
management system: Deep reinforcement learning. Smart Cities, 5(4), 1293–1311.  
https://doi.org/10.3390/smartcities5040066 

66. Navarro-Espinoza, A., López-Bonilla, O. R., García-Guerrero, E. E., Tlelo-Cuautle, E., López-Mancilla, D., 
Hernández-Mejía, C., & Inzunza-González, E. (2022). Traffic flow prediction for smart traffic lights using 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                                     578 

machine learning algorithms. Technologies, 10(1), 5.  
https://doi.org/10.3390/technologies10010005 

67. Abdulhai, B., Pringle, R., & Karakoulas, G. J. (2003). Reinforcement learning for true adaptive traffic 
signal control. Journal of Transportation Engineering, 129(3), 278–285.  
https://doi.org/10.1061/(ASCE)0733-947X(2003)129:3(278 

68. Han, Y., Wang, M., & Leclercq, L. (2023). Leveraging reinforcement learning for dynamic traffic control: 
A survey and challenges for field implementation. Communications in Transportation Research, 3, 
100104. https://doi.org/10.1016/j.commtr.2023.100104 

69. Haydari, A., & Yilmaz, Y. (2020). Deep reinforcement learning for intelligent transportation systems: A 
survey. IEEE Transactions/Survey Preprint. arXiv:2005.00935. 

70. Jacob, S., Rekh, A., Manoj, G., & Paul, J. (2018). Smart traffic management system with real-time analysis. 
International Journal of Engineering and Technology (UAE), 7, 348–351. 

71.   Louati, A. (2020). A hybridization of deep learning techniques to predict and control traffic 
disturbances. Artificial Intelligence Review, 53(8), 5675–5704. 

72.   Saadi, A., Abghour, N., Chiba, Z., et al. (2025). A survey of reinforcement and deep reinforcement 
learning for coordination in intelligent traffic light control. Journal of Big Data, 12, 84. 
https://doi.org/10.1186/s40537-025-01104-x  

73.  Shingate, K., Jagdale, K., & Dias, Y. (2020). Adaptive traffic control system using reinforcement learning. 
International Journal of Engineering Research & Technology (IJERT), 9(2).  

74. Xiao, H., Li, H., Wang, Z., Yang, Z., Qi, S., Zhang, J., Cai, D., & Yin, J. (2026). Intelligent traffic signal control 
based on reinforcement learning: A survey. Artificial Intelligence Review, 59, 128. 
https://doi.org/10.1007/s10462-026-11530-9  

75. Younis, M., Al-Dweik, A., & Al-Mualla, M. (2022). Reinforcement learning in urban network traffic signal 
control: A systematic literature review. Expert Systems with Applications, 199, 116830.  
https://doi.org/10.1016/j.eswa.2022.116830 

76. Zhang, Y., Liu, X., Wang, H., & Chen, J. (2024). Traffic management approaches using machine learning 
and deep learning techniques: A survey. Engineering Applications of Artificial Intelligence, 133, 
108147. https://doi.org/10.1016/j.engappai.2024.108147 

77.  Zhang, Z., Wang, X., Li, Y., & Chen, H. (2024). A survey on deep reinforcement learning approaches for 
traffic signal control. Engineering Applications of Artificial Intelligence, 130, 108100.  
https://doi.org/10.1016/j.engappai.2024.108100 

78. Zaman, M., Abduljabbar, R., & Alhashmi, S. (2020). Deep reinforcement learning for traffic signal 
control: A review. IEEE Access, 8, 208016–208044. https://doi.org/10.1109/ACCESS.2020.3034141 

79.  Arel, I., Liu, C., Urbanik, T., & Kohls, A. G. (2010). Reinforcement learning-based multi-agent system for 
network traffic signal control. IET Intelligent Transport Systems, 4(2), 128–135.  
https://doi.org/10.1049/iet-its.2009.0070 

80. Belletti, F., Haziza, D., Gomes, G., Bayen, A. M., & Hegyi, A. (2018). Expert level control of ramp metering 
based on multi-task deep reinforcement learning. IEEE Transactions on Intelligent Transportation 
Systems, 19(4), 1198–1207. https://doi.org/10.1109/TITS.2017.2726143 

81. Chen, C., Hu, J., Meng, Q., & Zhang, Y. (2020). Short-time traffic flow prediction with long short-term 
memory neural network. Transportation Research Part C: Emerging Technologies, 117, 102654. 
https://doi.org/10.1016/j.trc.2020.102654 

82. Chai, H., Leng, S., Zhang, Y., & Chen, K. (2021). Intelligent transportation systems: A review of AI-based 
traffic management technologies. IEEE Access, 9, 101320–101340.  
https://doi.org/10.1109/ACCESS.2021.309658 

83. Cools, M., Moons, E., Wets, G., & Janssens, D. (2010). Shifting towards sustainable transportation 
systems through intelligent traffic management. Transportation Research Procedia, 10, 356–365. 

84.   Duan, Y., Lv, Y., Liu, Y., & Wang, F. Y. (2016). An efficient realization of deep learning for traffic data 
imputation. Transportation Research Part C: Emerging Technologies, 72, 168–181. 
https://doi.org/10.1016/j.trc.2016.09.015  

85. El-Tantawy, S., Abdulhai, B., & Abdelgawad, H. (2013). Multi-agent reinforcement learning for 
integrated network traffic signal control. Transportation Research Part C: Emerging Technologies, 58, 
417–436. https://doi.org/10.1016/j.trc.2015.03.027  

86. Gu, Y., Lu, W., Qin, L., Li, M., & Shao, Z. (2019). Short-term prediction of lane-level traffic speeds using 
attention-based recurrent neural networks. Transportation Research Part C: Emerging Technologies, 
103, 1–16. https://doi.org/10.1016/j.trc.2019.04.012  

87. Huang, W., Song, G., Hong, H., & Xie, K. (2014). Deep architecture for traffic flow prediction. Knowledge-
Based Systems, 72, 187–197. https://doi.org/10.1016/j.knosys.2014.09.025 

88.   Khamis, M., & Gomaa, W. (2014). Adaptive multi-objective reinforcement learning with hybrid 
exploration for traffic signal control. Expert Systems with Applications, 41(7), 3657–3665. 
https://doi.org/10.1016/j.eswa.2013.11.032  

89. Li, L., Lv, Y., & Wang, F. Y. (2016). Traffic signal timing via deep reinforcement learning. IEEE/CAA 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                                     579 

Journal of Automatica Sinica, 3(3), 247–254. https://doi.org/10.1109/JAS.2016.7510151  
90.   Lv, Y., Duan, Y., Kang, W., Li, Z., & Wang, F. Y. (2015). Traffic flow prediction with big data: A deep 

learning approach. IEEE Transactions on Intelligent Transportation Systems, 16(2), 865–873. 
https://doi.org/10.1109/TITS.2014.2345663  

 
 

http://www.svedbergopen.com/ijaiml

