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ABSTRACT 
Urban traffic systems in Indian cities face persistent challenges due to rapid vehicle growth, heterogeneous 

traffic behavior, limited road expansion, and delayed on-ground intervention. Existing traffic management 

practices largely depend on fixed-time signal plans, manual monitoring, or post-incident CCTV review, which 

results in reactive decision-making and inefficient congestion handling. Recent studies indicate that a 
significant share of urban traffic delays arise from unbalanced signal timing and delayed response to 

congestion rather than infrastructure limitations alone. Although artificial intelligence and computer vision 

techniques have been widely explored, most existing solutions focus on isolated tasks such as violation detection 
or signal automation and often rely on additional hardware sensors, increasing deployment cost and 

complexity. 

This paper presents TrafiCare, an AI-assisted smart traffic monitoring and decision-support system designed to 
operate entirely on existing CCTV infrastructure. The proposed system integrates real-time vehicle detection, 

lane-wise density estimation, congestion identification, and selective traffic violation awareness into a unified 

software platform. Using deep learning–based object detection combined with motion and density analysis, 

TrafiCare continuously evaluates traffic flow and highlights congestion-prone approaches at intersections. 
Unlike enforcement-centric systems, the primary objective of TrafiCare is to support traffic officers and RTO 

authorities through a centralized dashboard that provides live visual feeds, congestion indicators, alerts, and 

officer assignment tools. 

This study adopts a systematic review-based methodology and does not involve primary dataset generation or 

experimental prototype validation. The TrafiCare architecture is synthesized from existing research to 

demonstrate how AI-based detection outputs can be structured into actionable decision-support mechanisms for 
traffic authorities. By minimizing hardware dependency, supporting human-in-the-loop control, and addressing 

real operational needs, TrafiCare offers a cost-effective, scalable, and governance-friendly conceptual solution 

for improving urban traffic efficiency and emergency responsiveness in smart city environments. 

Keywords: Smart traffic management; AI-assisted CCTV-based traffic monitoring; congestion detection; 
computer vision; human-in-the-loop systems; smart cities. 

1. INTRODUCTION 
Urban mobility has become a critical challenge in rapidly developing Indian cities due to increasing population 
density, rising vehicle ownership, and limited expansion of road infrastructure. Metropolitan regions such as 

Mumbai, Delhi, Bengaluru, and Pune experience persistent traffic congestion, leading to prolonged travel times, 

fuel wastage, increased air pollution, and economic losses. These challenges are further intensified by 

heterogeneous traffic behavior, where two-wheelers, auto-rickshaws, buses, and private vehicles operate 
together within largely unstructured traffic environments (Nampalli, 2021; Saxena, 2024). 

Traditional traffic management practices in India continue to rely heavily on fixed-time signal plans, manual 

supervision by traffic police, and post-incident analysis of CCTV footage. While such approaches offer basic 
traffic regulation, they are inherently reactive and poorly suited for real-time congestion management. The 

proposed review paper examines the limitations of these conventional traffic management mechanisms and 

analyzes how AI-assisted traffic monitoring frameworks can enhance real-time decision-making and congestion 
handling based on existing research studies (Nampalli, 2021; Saxena, 2024). Manual traffic control remains 

labor-intensive and constrained by human limitations, while static signal timings fail to adapt to sudden 

variations in traffic demand caused by peak-hour surges, accidents, road obstructions, or special events. 

Similarly, CCTV systems are often used only for retrospective monitoring, providing limited support for 
proactive intervention or immediate operational decision-making. 

Advances in artificial intelligence, particularly deep learning–based computer vision, have created new 

opportunities for intelligent traffic monitoring using video data. Object detection frameworks such as YOLO 
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have demonstrated strong performance in vehicle detection, traffic density estimation, and rule violation 

identification under real-world conditions (Senthilkumar et al., 2025; Thamaraiselvi et al., 2025). At the same 
time, smart city initiatives across India have led to widespread deployment of CCTV cameras at major 

intersections and arterial roads. Despite this infrastructure availability, most CCTV networks function as passive 

recording systems, lacking integrated analytical capabilities that can transform video feeds into actionable 

traffic intelligence (Saxena, 2024). 

Existing AI-based traffic management research largely focuses on isolated objectives such as adaptive signal 

control, automated violation detection, vehicle counting, or speed estimation. Many of these systems depend on 

additional hardware components, including IoT sensors, radar, LiDAR, or specialized signal controllers, which 
increases deployment cost, maintenance effort, and regulatory complexity (Rathore et al., 2025). Furthermore, 

enforcement-oriented systems often prioritize automated challan generation, offering limited support for real-

time situational awareness, officer coordination, and emergency handling (Thamaraiselvi et al., 2025). Another 
significant limitation in current approaches is the insufficient emphasis on emergency responsiveness and 

operational usability. Emergency vehicle prioritization, accident awareness, and rapid on-ground intervention 

are often treated as secondary considerations, despite their importance in dense urban traffic environments. 

Delayed detection and response to congestion and incidents can severely impact emergency services and public 
safety (Nampalli, 2021). 

A clear research gap exists in the development of a software-only, CCTV-based traffic intelligence system that 

integrates congestion monitoring, selective violation awareness, emergency sensitivity, and officer-centric 
decision support within a single operational platform. Limited research addresses how existing CCTV 

infrastructure can be transformed into an active, real-time traffic management resource without introducing 

additional sensing hardware or fully autonomous control mechanisms. Moreover, scalability, affordability, and 

practical usability under Indian mixed-traffic conditions remain insufficiently explored. 

The absence of comprehensive research on a scalable, real-time, and software-centric traffic intelligence 

framework that effectively leverages existing CCTV infrastructure highlights the need for further investigation 

into delayed congestion detection, inefficient traffic regulation, and slow emergency response in Indian urban 
environments. This research proposes a review-based conceptual framework for an integrated AI-assisted 

solution intended to deliver timely traffic insights and operational decision support while minimizing hardware 

dependency and maintaining human-in-the-loop control. 

2. OBJECTIVE OF THIS STUDY 

The primary objective of this study is to review and analyze AI-assisted traffic monitoring approaches that 

utilize existing CCTV infrastructure for congestion identification and decision support in urban traffic 

management. The secondary objectives of this study are structured to further examine key dimensions of AI-
enabled traffic surveillance systems. First, the study aims to examine the role of deep learning–based vehicle 

detection techniques in analyzing mixed traffic conditions in Indian cities. It also seeks to study commonly used 

traffic density and motion-based indicators for identifying congestion in video-based traffic systems. 
Additionally, the review focuses on how AI-enabled traffic monitoring systems support traffic rule awareness 

and emergency situation identification. Finally, the study assesses the potential impact of centralized dashboards 

and human-in-the-loop systems on improving traffic authority responsiveness. 

3. LITERATURE REVIEW 

YOLO-based deep learning models have been widely adopted for real-time vehicle detection and traffic 

monitoring because of their speed and accuracy advantages compared to traditional computer vision techniques 

(Arun et al., 2020; Vikram et al., 2019). Their single-stage detection architecture enables faster processing, 
making them suitable for dynamic urban traffic environments where real-time response is critical. Prior research 

confirms that YOLO frameworks are effective for vehicle counting, classification, and traffic flow estimation in 

dense and heterogeneous traffic conditions, thereby forming a strong technical foundation for AI-driven traffic 
analytics (Surya et al., 2022; Rahul et al., 2020). These capabilities have positioned YOLO-based systems as a 

preferred approach for surveillance-based traffic intelligence. 

In addition to vehicle detection, several studies explore automated traffic rule enforcement using computer 

vision models. Research indicates that AI-enabled systems can identify violations such as signal jumping, lane 
indiscipline, and wrong-side driving with improved consistency compared to manual observation (Swetha et al., 

2021; Kavitha et al., 2021). However, most violation-focused implementations operate as standalone 

enforcement mechanisms. They are primarily designed for detection and penalty generation rather than 
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integrated congestion awareness or operational decision support for traffic authorities. As a result, these systems 

often lack coordination with broader traffic management objectives. 

Congestion detection research further highlights the application of vehicle density estimation and motion-based 

analysis techniques to identify traffic buildup at intersections (Harish et al., 2019; Manoj et al., 2021).  

While such systems demonstrate reliable detection of traffic accumulation patterns, their primary objective 

typically centers on adaptive signal timing or traffic flow optimization. Limited attention is given to officer-
assisted intervention strategies or real-time situational awareness dashboards that can support on-ground 

decision-making. This creates a gap between analytical output and operational traffic management 

requirements. 

Smart city traffic monitoring studies emphasize the expanding deployment of CCTV-based video analytics 

across urban regions (Pooja et al., 2021). Despite this growth, many platforms remain restricted to visualization 

interfaces or isolated analytics modules without actionable response mechanisms for authorities. Deep learning 
approaches targeting accident-prone zone detection contribute to road safety analysis, yet coordinated 

emergency prioritization and structured response planning remain underdeveloped (Anita et al., 2020). 

Similarly, Automatic Number Plate Recognition systems show strong accuracy in controlled environments, but 

their real-world performance is affected by lighting conditions, occlusions, and camera quality constraints (Rao 
et al., 2023). Moreover, integrated AI-based traffic systems frequently depend on additional hardware sensors, 

increasing infrastructure costs and reducing scalability across existing CCTV networks (Rathore et al., 2025). 

Recent literature therefore consistently emphasizes the importance of cost-effective, software-oriented traffic 
intelligence solutions that leverage existing surveillance infrastructure while enabling real-time operational 

decision-making (Senthilkumar et al., 2025; Thamaraiselvi et al., 2025). 

4. METHODOLOGY 
This study adopts a systematic review-based methodology to analyze and synthesize existing research on AI-
enabled traffic monitoring systems that rely on CCTV video analytics. Instead of proposing or validating a new 

algorithm through live deployment, the methodology focuses on comparative analysis of architectures, detection 

strategies, and operational frameworks reported in prior studies. Recent literature emphasizes the growing role 
of deep learning–based object detection, particularly YOLO variants, for real-time vehicle detection and traffic 

analysis using video streams (Senthilkumar et al., 2025; Ultralytics, 2024). 

Based on the reviewed works, a conceptual traffic monitoring pipeline is derived, consisting of four core layers 
commonly reported across studies: video acquisition, AI-based visual analysis, backend data handling, and 

traffic authority interaction (Rathore et al., 2025; Thamaraiselvi et al., 2025). This layered structure forms the 

conceptual foundation of the TrafiCare framework derived from reviewed studies and serves as a reference 

model for comparative analysis. 

 
Figure 1. Conceptual illustration adapted to explain ROI-based traffic density estimation approaches discussed 

in prior studies. 
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To systematically evaluate and contrast existing approaches, the reviewed studies were examined across several 

methodological dimensions that are commonly discussed in traffic surveillance and smart city research. As 
illustrated in Figure 1, the system workflow begins with video input derived from existing CCTV infrastructure, 

highlighting the importance of video source dependency, particularly in distinguishing CCTV-only frameworks 

from sensor-assisted architectures. The vehicle detection component, typically based on YOLO-driven object 

detection and tracking, forms the analytical core of such systems, enabling identification and classification of 
vehicles in real time. 

Subsequently, traffic density and congestion estimation are derived from vehicle count and spatial distribution 

metrics, which correspond to the congestion visualization depicted in the intersection model. These analytical 
layers influence how congestion levels are identified and interpreted, particularly in relation to high-density 

zones and low-speed accumulation areas. In addition, the scope of violation and incident detection—including 

signal violations, abnormal movement patterns, and potential emergency scenarios—determines the breadth of 
operational awareness offered by the system. 

Beyond detection capabilities, the reviewed literature also emphasizes emergency-awareness mechanisms and 

prioritization strategies, which are essential for supporting rapid response and coordinated intervention. 

Operational usability for traffic authorities, including dashboard visualization and decision-support interfaces, 
represents a critical dimension in bridging analytics with real-world traffic control. Finally, system scalability 

and deployment feasibility, especially in the context of leveraging existing CCTV networks without additional 

hardware, remain central considerations in evaluating practical implementation potential (Rao et al., 2023; 
Anonymous, 2025). 

These dimensions collectively provide a structured framework for analyzing methodological strengths and 

identifying research gaps within AI-assisted traffic monitoring systems. 

 
Figure 2. Conceptual system architecture of the TrafiCare platform synthesized from reviewed CCTV-based 

traffic management studies. 

Drawing from the reviewed literature, a software-centric and CCTV-dependent conceptual architecture is 

synthesized, as illustrated in Figure X. The framework begins with existing city CCTV cameras that transmit 

video streams through WiFi or LAN infrastructure. This design reflects findings from prior studies emphasizing 
YOLO-based object detection as a primary mechanism for real-time vehicle identification and tracking 

(Senthilkumar et al., 2025; Thamaraiselvi et al., 2025). Within the AI processing unit, vehicle detection serves 

as the foundational analytical layer, followed by vehicle tracking and traffic density estimation. The architecture 
further accommodates violation and accident detection modules, with conditional integration of automatic 

number plate recognition (ANPR) where required. 

The processed outputs are transmitted to a backend server layer consisting of REST APIs, database 

management, and an alert engine. This intermediate layer enables structured storage of traffic logs, vehicle data, 
and system-generated alerts. Unlike earlier studies that primarily focus on detection accuracy, the synthesized 

architecture discussed in this review extends analytical results toward operational coordination and information 

dissemination. 

At the final stage, the system provides an officer-facing dashboard accessible via web or mobile platforms. The 

dashboard consolidates live CCTV feeds, congestion heatmaps, alert notifications, violation summaries, and 

police assignment support. This structured flow from video acquisition to AI-based analysis, backend 
processing, and dashboard-level visualization demonstrates a unified operational model. The synthesis 

conceptually illustrates how the proposed TrafiCare framework could integrate detection, density estimation, 

incident awareness, and decision support into a cohesive model, addressing fragmentation observed in earlier 

research. 
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A review-based methodology is appropriate because the objective of this paper is to analyze, compare, and 

improve upon existing traffic monitoring approaches, rather than to introduce a novel algorithm. Prior research 
has identified gaps related to hardware dependency, lack of officer-centric dashboards, and limited emergency 

handling (Rathore et al., 2025; Anonymous, 2024). 

 
Figure 3. Conceptual workflow for YOLOv8-based vehicle detection in CCTV traffic monitoring. 

Recent literature consistently identifies YOLO-based deep learning models as effective tools for real-time 

vehicle detection in traffic surveillance systems due to their balance between detection accuracy and processing 

speed (Senthilkumar et al., 2025; Thamaraiselvi et al., 2025). YOLOv8, as discussed in the reviewed studies 
and official documentation, represents an evolution of earlier YOLO versions with improved object localization 

and classification performance, making it suitable for dense and mixed traffic environments (Ultralytics, 2024). 

In the context of CCTV-based traffic monitoring, YOLOv8 is primarily utilized to detect multiple vehicle 

classes within continuous video streams and to support frame-by-frame vehicle tracking. As illustrated in Figure 
3, the conceptual workflow begins with a CCTV video feed that provides continuous video streams. From this 

stream, frame extraction is performed, followed by preprocessing steps such as resizing and normalization. 

These processed frames are then passed to the YOLOv8 vehicle detection module, where object detection 
inference is carried out. 

The detection output includes bounding boxes and class labels, along with associated attributes such as class 

category and confidence score. This structured vehicle-level data forms the basis for subsequent analytical 
processes, including vehicle count per frame, vehicle speed estimation, and traffic flow rate assessment. Several 

reviewed works employ YOLO models to estimate traffic density, identify congestion patterns, and support 

downstream analytics such as violation awareness (Rathore et al., 2025). The reviewed literature highlights that 

YOLO-based detection serves as a foundational layer rather than a complete traffic management solution. 

Within the conceptual TrafiCare framework derived from reviewed literature, YOLOv8 is positioned as the core 

visual analysis component for extracting structured vehicle-level information from CCTV footage. This 

information enables higher-level traffic understanding, such as lane-wise density comparison and congestion 
identification, as synthesized from existing studies rather than novel experimentation. 

 
Figure 4. Backend Processing and Decision-Support Framework for CCTV-Based Traffic Monitoring 
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Reviewed traffic management studies emphasize that detection alone is insufficient unless analytical outputs are 

translated into actionable insights for traffic authorities (Anonymous, 2025; Rathore et al., 2025). Backend 
systems therefore play a critical role in aggregating detection results, maintaining traffic logs, and enabling real-

time decision support. 

As illustrated in Figure 4, the backend processing workflow begins with AI-derived outputs, including vehicle 

counts, traffic density metrics, and violation or accident detection results. These outputs are transmitted to the 
backend processing layer, where data is aggregated, time-stamped, and structured for further analysis. The 

backend system then performs traffic data analysis by identifying statistical trends and congestion indicators 

based on the received detection outputs. 

Based on the reviewed literature, backend servers in CCTV-based traffic systems typically receive processed 

data from AI modules and store information related to traffic density, congestion events, and detected 

anomalies. These systems often employ database-driven architectures to maintain historical traffic records, 
generate alerts, and support dashboard visualization for human operators (Senthilkumar et al., 2025). 

Following data organization and analysis, the framework supports dashboard generation and alert 

dissemination. In TrafiCare, the backend system is conceptually designed to function as an intermediary 

decision layer rather than an automated enforcement engine. Detection outputs generated by the YOLOv8-based 
analysis are organized, time-stamped, and presented through a centralized dashboard to assist traffic officers in 

situational assessment and response planning. This approach aligns with reviewed findings that advocate 

human-in-the-loop traffic governance over fully autonomous enforcement models (Rao et al., 2023). 

4.  REVIEW FINDINGS AND DISCUSSION 

Findings reported across recent studies indicate that deep learning–based CCTV traffic monitoring systems 

consistently achieve high vehicle detection accuracy and reliable congestion identification under favorable 

visual conditions (Senthilkumar et al., 2025; Thamaraiselvi et al., 2025). YOLO-based approaches, when 
applied to urban traffic surveillance, have been shown to support real-time traffic awareness by enabling 

continuous vehicle counting, density estimation, and anomaly detection. 

The reviewed literature further highlights that integrating analytical outputs into visual dashboards significantly 
reduces decision latency for traffic authorities compared to manual monitoring or post-event CCTV review 

(Rathore et al., 2025). Systems that combine real-time alerts with officer-accessible dashboards demonstrate 

improved situational awareness and faster operational response, particularly during congestion buildup and 
emergency scenarios (Rao et al., 2023). 

Overall, existing research suggests that software-centric, CCTV-based traffic intelligence platforms can 

substantially enhance traffic monitoring efficiency without requiring additional sensing hardware. 

 
Figure 5. Conceptual officer dashboard of the Traficare system displaying live feeds and operational controls. 
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The following performance ranges are synthesized exclusively from previously published studies and do not 

represent experimental results of the TrafiCare framework. 

Table 1. Reported Performance Ranges in Reviewed Studies 

Metric Typical Reported Range 

Vehicle Detection Accuracy 85–90% 

Congestion Detection Recall ~80–85% 

Violation Detection Recall ~85–90% 

ANPR Recognition Success ~70–80% 

Real-Time Processing Speed 15–30 FPS 

Source: Synthesized from Senthilkumar et al. (2025), Rathore et al. (2025), and Thamaraiselvi et al. (2025). 

Table 2. Operational Impact Comparison (Conceptual Review) 

Parameter Manual Monitoring AI-Assisted CCTV Systems 

Detection Delay High Low 

Response Time Baseline Reported reduction in reviewed studies 

Hardware Dependency High Minimal 

Officer Situational Awareness Limited Enhanced 

Adapted from trends reported in Rao et al. (2023) and Anonymous (2025). 
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DISCUSSION 

Collectively, the reviewed findings indicate that AI-assisted CCTV-based traffic monitoring systems have 
strong potential to enhance real-time traffic awareness, congestion handling, and operational response efficiency 

when compared to conventional manual monitoring approaches. Rather than replacing human control, 

successful systems emphasize decision support by translating automated detection outputs into interpretable 

visual insights for traffic officers (Rathore et al., 2025). 

While Automatic Number Plate Recognition demonstrates moderate sensitivity to lighting conditions, camera 

placement, and motion blur, literature suggests that modular activation of ANPR improves overall system 

reliability by limiting its use to suitable scenarios (Rao et al., 2023). Importantly, officer-centric dashboards 
emerge as a recurring strength across studies, effectively bridging the gap between algorithmic analysis and 

real-world traffic governance. 

From a policy and deployment perspective, review findings indicate that software-only, CCTV-driven systems 
offer a practical pathway for scalable smart traffic management in resource-constrained urban environments, 

aligning with smart city objectives without introducing regulatory or infrastructure complexity. 

5. LIMITATIONS AND FUTURE WORK 
Despite the advantages highlighted in reviewed studies, CCTV-based AI traffic monitoring systems continue to 
face certain limitations. Prior research indicates that system performance can be affected by environmental 

factors such as poor lighting conditions, adverse weather, occlusions, and low-resolution camera feeds, which 

may reduce detection reliability, particularly for fine-grained tasks like number plate recognition (Rao et al., 
2023; Thamaraiselvi et al., 2025). Additionally, reliance on centralized processing can introduce latency 

challenges in large-scale deployments, as noted in existing smart city traffic frameworks (Senthilkumar et al., 

2025). 

From a review perspective, future research directions increasingly emphasize edge-based AI processing to 
reduce network dependency and improve real-time responsiveness (Ultralytics, 2024; Rathore et al., 2025). 

Enhancements such as low-light image preprocessing, adaptive congestion prediction using historical trends, 

and tighter integration with emergency response workflows have also been recommended across recent studies. 
Furthermore, literature highlights the importance of aligning AI-driven traffic systems with data protection 

regulations and transparent governance models to ensure public trust and policy compliance (Anonymous, 

2025). 

6. CONCLUSION 
This review-based study critically examined existing AI-driven traffic monitoring approaches and synthesized 

their key insights into a unified conceptual framework termed TrafiCare. The review highlights that although 

CCTV-based analytics and deep learning-driven vehicle detection demonstrate strong potential for real-time 
traffic observation, many existing systems remain fragmented in design, enforcement-centric in focus, or 

dependent on additional sensing infrastructure. Such characteristics can constrain scalability and reduce 

operational practicality, particularly within dense, heterogeneous, and dynamically evolving urban traffic 
environments. 

In response to these identified gaps, the proposed TrafiCare framework adopts a software-oriented, congestion-

first, and officer-centric perspective. Rather than replacing human decision-making, the framework positions 
artificial intelligence as a structured decision-support mechanism that enhances situational awareness and 

response coordination. This human-in-the-loop orientation reflects the practical, regulatory, and operational 

realities of real-world traffic governance, where interpretability, accountability, and adaptive control remain 

essential. 

Overall, this study contributes to a coherent conceptual direction for smart city traffic management by 

integrating AI-based visual analytics, backend coordination mechanisms, and officer-facing support systems 

within a unified structure. TrafiCare is intended to serve as a reference model to guide future research, system 
refinement, and context-sensitive implementation efforts in intelligent transportation systems. 
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