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Abstract
Modern cities are concerned with the pressing challenge of road safety brought about by rapid urbanization accompanied by increased traffic density in all parts of the world. The rapid growth in urban infrastructure accompanied by increases in the numbers of vehicles worsens risks of safety in high-density urban centers in developing regions, such as Saudi Arabia. For this reason, traffic demands call for more sophisticated solutions to protect and guarantee effective management of traffic flow. Innovations in traffic surveillance have gone a step ahead from the rudimentary conventional traffic surveillance systems based on optical or human observation and simple algorithms. More and more, such systems are becoming incapable of meeting basic needs like the timely detection of incidents, effective regulation of congested traffic streams, and predictive insights into hazardous conditions. As these risks go unmanaged, urban environments expose themselves to traffic accidents, delays, and inefficiencies in manner that threatens public safety and economic productivity.
The results of this study argue for the integration of advanced deep learning techniques in real-time traffic surveillance systems to counter this challenge and optimize both traffic safety and risk management. Saudi Arabia is emphasized because its rapid urbanization has fueled an increase in traffic-related risks. The objectives include real-time detection of traffic incidents, identification of vehicles and pedestrians, and prediction of hazardous conditions like congestion and accidents through the use of AI-powered models—CNNs and LSTM networks. By using such models, authorities handling traffic can reduce the response time for incidents, optimize the flow of traffic, and proactively prevent hazardous conditions from arising in the first place, reducing risks at early stages.
The key aspect of the research is processing video and image information in compressed formats: JPEG, MPEG4-end-using deep learning models in such a way that the detection accuracy is not being compromised for reducing the computational overhead. That way, it makes possible analyzing the information in real time with scale appropriate for large deployments across the complex urban environments of Riyadh, Jeddah, and Dammam, where efficient and accurate traffic monitoring is urgently required to mitigate risks and public safety. Efficiency of AI models in proactively managing risk is achieved through early detection of anomalies, reduction in false alarms, and minimization of missed detections. Such systems also enable traffic authorities to take preventive measures, for example by rerouting vehicles or adjusting the timing of traffic signals, and hence mitigate risks before an incident even occurs.
This has resulted in the focus on the targeted issues precipitated by the challenging environment in Saudi Arabia, such as its extreme temperatures causing short circuits and dust storms which can interfere with the proper smart camera functions. Despite the mentioned challenges, the research indicates that deep learning models outperform traditional surveillance techniques by having more accuracy in detection with fewer false alarms. Results indicate that AI-based systems may decrease the risk of accidents; traffic flow will be improved further without congestion long before it occurs by providing real-time information and proactive intervention.
This research offers practical insights into AI-driven traffic surveillance systems' design and implementation, which could be used as a basis for further ITS and urban traffic management development in Saudi Arabia. Findings are developed that will serve as a model to other rapidly urbanizing regions for managing traffic-related risks through technological innovation. This affirms the need to set up risk management frameworks incorporating AI to create safe, efficient, and resilient transportation networks in cities.

[bookmark: _Toc180533898]Chapter 1: Introduction
[bookmark: _Toc180533899]1.1 Introduction
Along with the rise in urbanization and growth in the population of vehicles on roads, the need to emphasize safety in relation to traffic is gradually gaining momentum in contemporary cities. On account of the growing population of vehicles, the density of vehicle presence on roads has increased, and simultaneously, the number of accidents on roads has also gone up along with traffic congestion and pressure on available infrastructure. However, issues in As the Saudi Arabian federation rapidly builds cities, the challenges are similar to those stated for the previously mentioned countries, especially in Riyadh, Jeddah, and Dammam. Traffic incidents not only pose safety concerns but also create major risks toward public safety, mobility, and economic productivity, making proactive risk management strategies necessary. Increasing the frequency and severity of traffic-related incidents demands an improvement in the reduction of the number of accidents that will improve the traffic flow and road safety through efficient risk mitigation techniques in designing an urban traffic system.
In these highly trafficked cities, the basic surveillance techniques like manual oversight or low-level algorithmic approach highly becomes inadequate. These legacy methods often fail to meet the mandates placed on them in terms of real-time monitoring and risk identification within the complexity and dynamic nature of modern traffic systems. Failure to predict and then respond adequately to the occurrence of an incident leads to delayed interventions, increased exposure to the risk of accidents occurring, and inefficiencies such as false alarms, wrong predictions of congestion, and protracted delays-all leading to further aggravation of traffic congestion and accident rates. This has brought attention toward the need to shift from traditional surveillance systems to more advanced, data-driven approaches for risk management and prevention.
This research proposes the exploitation of the power of artificial intelligence and its extension to deep learning models to transform traffic monitoring and management into a risk-aware system. Even AI-driven models like CNNs and LSTM networks have the potential to automate key traffic processes such as object detection, traffic flow analysis, and incident prediction in real-time conditions with higher efficiency and precision than conventional systems. The implementation of such models will give authorities the tools to predict, detect, and mitigate risks proactively, enhancing faster decision-making in potentially hazardous situations.
One of the advantages of AI-powered traffic monitoring is continuous monitoring and automated insights, ensuring better road safety while actually helpful in risk reduction. As an example, AI-enabled systems can predict congestion or even detect accidents early, allowing the authorities to adjust signals or reroute the vehicles or launch emergency responders before it gets any worse. With this, AI use becomes in line with the principle of risk management by giving both reactive and proactive solutions that will minimize road risks.
In almost all of the rapidly urbanized cities, the deployment of AI-based traffic surveillance systems is very critical in Riyadh, Jeddah, and Dammam, as it helps in coping up with increased traffic or higher infrastructures' limitations by essentially providing proactive risk management. In addition, these systems improve the systematic reduction of risks since the conditions about traffic are continuously observed, and possible dangers are detected early, interventions occur before time, which will prevent mishaps and reduce congestion. By improvements both in efficiency and in reliability in their urban traffic systems, this research has shown how AI can be a powerful tool for improvement not only in the enhancement of safety in traffic but also effective management of related risks of traffic.
Deep learning algorithms advance traffic surveillance systems applied especially in Saudi Arabia; due to extensive urbanization, this has become one of the most complex countries to be managed. This system also reduces the computational load by maintaining a very high detection accuracy by processing compressed images and video streams acquired from road surveillance cameras. This approach ensures that traffic surveillance systems can operate efficiently in real-time, free of overburdening the computational resources of urban infrastructure. The main aim of this research is to develop a system enhancing the safety of roads by offering real-time knowledge about patterns of traffic, identifying potential hazard zones, and thus enabling traffic authorities to make proactive decisions concerning congestion management and accident avoidance.

[bookmark: _Toc180533900]1.2 Problem Statement
Although most cities rely on surveillance systems for traffic management, the old methods applied within the modern systems largely rely on heuristics and predefined rules, which results in plenty of inefficiencies. Generally, it adopts a reactionary approach to intervention after the occurrence of incidences instead of a proactive approach, thus resulting in delayed responses. These delays increase exposure to traffic-related risks, as flow problems can quickly escalate and alter road conditions to create hazardous situations. Real-time insights are required for effective risk management to predict and prevent incidents before they happen.
To mitigate these weaknesses in traditional surveillance systems is especially pressing in Saudi Arabia, where traffic congestion has increasingly become a major problem. This threatens road users with more serious safety risks because the older systems cannot sense risks sensibly and take proactive steps. Besides that, a high false-positive rate results in incident classification of normal traffic behavior, unwarranted interventions, and raised costs for operations. Conversely, false negatives might occur where the real incidents are missed by static predefined rules which are incapable of catching the complexity and dynamics of real traffic scenarios. Such inefficiencies do not mitigate risk effectively and worsen the congestion as well as accident rates.
In addition to this, such traditional systems do not scale well for large cities and, therefore, are not suitable for the intense traffic conditions found in such cities as Riyadh, Jeddah, and Dammam. This is complicated further by the high rate of urbanization in Saudi Arabia, hence demanding the immediate application of efficient strategies for risk management against the increasing population of vehicles on the roads.
The central research question that this study is set to answer is how AI and deep learning models may be placed within existing traffic surveillance frameworks to enhance real-time responsiveness, reduce risk, and prevent traffic incidents. This particular study focuses on the use of road surveillance camera compressed video and image data for the detection of traffic incidents and prediction of traffic flow in a resource-efficient manner. This research has forged the risks associated with delayed interventions such that incidents are happening promptly and are being managed proactively through controls of congestion in the network.
The system will be possible to achieve high detection accuracy without any significant computational overhead, making large-scale deployment feasible due to the utilization of compressed formats like JPEG and MPEG4. This is particularly relevant to major cities in Saudi Arabia where volumes of traffic are demanding in terms of timing and require speedier responses against risks. The study aims at reducing the risk factors involved with road safety, optimizing traffic flow, timely interventions providing scalable and efficient solutions for complex urban environments of the region, through integrating AI-driven traffic management.

[bookmark: _Toc180533901]1.3 Study Purpose
This research aims to focus on the deep learning-based potential for enhancing traffic safety in Saudi Arabia by producing more efficient and accurate traffic surveillance systems. It focuses on a set of targets that can optimize the compression of video streams from various cameras, such as object detection--for example, vehicles, pedestrians, and traffic signals--and traffic flow prediction. The research proposes the design and development of an architecture that facilitates the scaling of traffic surveillance systems with large-size urban environments without compromising accuracy or responsiveness.
The particular importance of this study to Saudi Arabia is the tremendous pace at which the country has urbanized: a factor that has contributed to increased vehicle density, traffic congestion, and accidents. In its most general terms, the intent of this study is to provide the city planners, traffic authorities, and policymakers with the necessary tools and insights to manage traffic better. With deep learning models incorporated to detect incidents clearly and rightly predict traffic patterns, traffic authorities will intervene proactively, reducing the number of accidents, improving the traffic flow, and ensuring that urban traffic networks are both safer and more efficient.

[bookmark: _Toc180533902]1.4 Study Importance
The implications of these results are both significant and far-reaching for a great variety of stakeholders including urban planners, transportation engineers, traffic management authorities, and policymakers in general but more so within Saudi Arabia. As the populations continue to grow within cities, traffic management challenges continue to become increasingly pertinent in respect to safety and efficiency. An AI-based traffic surveillance system, which is supported by deep learning models that interpret through object detection and prediction of traffic flow, offers solutions that will minimize the occurrence rate of traffic-related accidents and optimize management strategies for traffic.
One important advantage of deep learning models is that they can process large volumes of data in real-time, thus allowing faster and more accurate detection of traffic incidents. Compression of data into formats like JPEG and MPEG4 ensures that such systems can be implemented on a large scale without overusing computational resources, thus offering cost-effectiveness and scalability. This is most important for cities such as Riyadh and Jeddah, where traffic volume is quite high, and the demand for real-time monitoring of the existing surveillance system has become quite challenging.
In addition to this, the results of the research will be used to support the general development of ITS. ITS are intended to be innovative safety systems that enhance mobility and minimize environmental degradation through high levels of monitoring and control. This research study offers a valuable framework for determining how increasing urban traffic complexity may be dealt with if Saudi Arabian cities had AI-based traffic surveillance systems in place. With the ever-expanding cities across the world, it is crucial that real-time monitoring, prediction, and response mechanisms are provided for traffic incidents in order to ensure public safety and improve the efficiency of infrastructure.

[bookmark: _Toc180533903]1.5 Study Questions
To guide the research, the following key questions have been formulated:
1. What are some ways that deep learning models can leverage compressed traffic surveillance data to realize effective detection of traffic incidents?
This question probes specific techniques and methods for the interoperability of AI with existing surveillance systems to strengthen incident detection. The focus here is the challenge of processing compressed video data in real-time while ensuring accurate incident identification.
2. Which strategy for traffic flow prediction can be applied by using deep learning algorithms and compressed video formats?
This question explores how deep learning models can predict traffic congestion, manage vehicle flow, and even identify potential causes of traffic incidents. It addresses the predictive potential of AI to anticipate risks and manage congestion proactively.
3. How to balance between computational efficiency and detection accuracy when using compressed video data in the context of traffic surveillance systems?
This question addresses the trade-offs between resource efficiency and the need for high-quality real-time information about traffic conditions. The focus is on how deep learning algorithms can optimize performance for large-scale deployments while ensuring timely and accurate predictions.
4. What are some challenges and potential solutions for large-scale deep learning-based traffic surveillance systems in urban environments?
This question delves into the technical, infrastructural, and operational challenges of deploying AI-based surveillance systems in large cities. It also explores solutions to scaling AI systems across complex urban areas, such as those in Riyadh, Jeddah, and Dammam.
5. How can AI-based traffic surveillance systems enhance risk management by reducing the likelihood of accidents and hazardous incidents?
This question addresses the role of AI in risk mitigation by focusing on early identification and prevention of traffic risks. It explores how AI-driven systems can detect potential hazards and reduce the chances of accidents through proactive measures.
6. In what ways can AI models predict and manage risks in traffic flow to ensure safer road conditions and minimize incidents?
This question looks into how deep learning models, such as LSTM for time-series prediction, can predict traffic flow patterns and identify risky conditions before they escalate. The focus is on early warning systems to help traffic management authorities respond proactively.
7. What are the key ethical and privacy risks associated with deploying AI-based traffic surveillance systems, and how can they be managed effectively?
This question explores the ethical considerations and potential risks posed by AI surveillance systems, including issues of privacy, data security, and public trust. It also investigates solutions such as anonymization techniques and compliance with data protection regulations to mitigate these risks.
8. How can AI-based surveillance systems optimize interventions and mitigate risks by supporting real-time decision-making during traffic incidents?
This question focuses on the ability of AI systems to provide timely insights and actionable data during incidents, helping traffic authorities to manage risks effectively by rerouting traffic, adjusting signal timings, or deploying emergency responders efficiently.

These research questions seek to shed light towards seeking concrete solutions to perfect the functioning of AI in surveillance, especially within the context of the scalability and efficiency of deep learning-based systems in rapidly growing urban environments that are found in Saudi Arabia.

[bookmark: _Toc180533904]1.6 Research Hypotheses and Theoretical Model
In this study, hypotheses were developed based on this premise: Deep learning models can effectively process compressed video data from traffic systems surveillance, especially with regards to real-time incident detection and traffic flow prediction, under minimal loss of accuracy as follows: 
1. H1: Deep learning models may effect the efficient processing of compressed traffic surveillance data allowing for considerable loss of accuracy to be avoided when detecting incidents in real time.
2. H2: Traffic flow prediction from the compressed video data leads to better traffic management and avoidance of congestion.
3. H3: Incorporation of deep learning in the traffic monitoring system reduces the rates of false positives for incident detection compared with the heuristic methods.
Theoretical Model
The underlying theoretical model of this research is the use of deep learning in real-time traffic surveillance, where the overall strategy is to use compressed image and video streams. Deep learning algorithms for object detection and flow prediction of traffic are assumed not to degrade detection accuracy in resource-constrained environments. Building on previously conducted research that fell into the category of ITS and traffic surveillance, in this research study, it is hypothesized that the compressed data formats of JPEG and MPEG4 can actually improve the scalability and computational efficiency of such systems so that such a system could be suitable for cities of large deployments like Riyadh and Jeddah. The focus is to balance computational resource efficiency with detection accuracy such that AI-based surveillance systems could be deployed effectively for large urban areas where there is a high demand for the real-time monitoring systems.


[bookmark: _Toc180533905]Chapter 2: Literature Review
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The evolution of cities that is characterized by rapid urbanization has greatly influenced the way traffic is handled. As the size of the urban area expands and population becomes more congested, the road network within the city gets much complicated, thus increasing higher vehicle density, frequent traffic congestion, and a high risk of road accidents. This trend is particularly evident in fast-developing countries like Saudi Arabia, where a rapidly growing city like Riyadh, and Jeddah, and Dammam have existed for quite some time. These vehicles on roads have brought unprecedented stress to the existing traffic infrastructure and require more advanced methods for traffic management and safety enhancement.
Traditional traffic surveillance systems have been the basis of traffic management strategies for decades. These systems include CCTV cameras, radar detectors, and inductive loop detectors mounted at various locations such as intersections, highways, and pedestrian crossings. These equipment gather information on vehicle movement, traffic density, and accidents to make it easier for the traffic management authorities to observe the road situation. However these conventional systems were designed for a simpler context of traffic, when the number of vehicles was fewer and the traffic was less complex and predictable. The complexity of urban traffic conditions grows with the rising complexity, and this makes conventional surveillance limitations increasingly evident.
Traditionally, the main challenge in traffic surveillance has been scalability. As the urban area keeps expanding, it results in exponential growth in the number of vehicles and data volumes from surveillance cameras. Traditional video-based systems are labor-intensive, error-prone through human observational inefficiency and very infeasible for urban-scale deployment, as they rely on human operators to monitor video feeds and identify incidents. Traditional systems also fail to possess the ability to accommodate rapidly changing traffic conditions that, for example, may result from sudden congestion or road closure, even at the basic level of rule-based algorithms. The outcome is late and insensitive reporting of incidents, slow responses, and increased risks of traffic crashes-mostly during peak traffic hours.
Artificial intelligence (AI) and deep learning, which falls under the category of machine learning, have come up as next-generation technologies that can break through the barriers as indicated above. Different from traditional systems, which are rule-based systems with preinstalled rules, deep learning models learn from data and thus highly responsive to new patterns and conditions. Such adaptability to learn is what makes deep learning especially versatile and suitable for object detection, traffic flow prediction, and incident detection in complex urban environments. AI models and systems can process huge volumes of video and image data in real time with thorough accuracy. They automatically identify the presence of vehicles, pedestrians, and potential hazards with great accuracy.
Overall, connecting AI, particularly deep learning models, to traffic surveillance systems offers the opportunity to automate most aspects of monitoring traffic with minimal human interaction and high accuracy levels for incident detection. Among the kinds of models developed by deep learning, Convolutional Neural Networks (CNNs) have been determined to analyze video feeds from cameras of traffic, identify objects such as vehicles, pedestrians, and even signs, and classify them according to their properties. These models can then predict other types of patterns in traffic flow by analyzing historical data and identifying emerging trends, hence enabling traffic management authorities to proactively decide on steps to be taken in managing congestion and accident risks.
This piece offers a comprehensive literature review of studies on AI-based traffic surveillance systems, discussing the deployment of deep learning to improve the detection of objects for better safety in surveillance of traffic. This research addresses the challenges related to incorporating deep learning in urban traffic systems; it describes dependent and independent variables relevant to safety in traffic and introduces a conceptual framework explaining how deep learning can be applied to improve monitoring of traffic in cities.

[bookmark: _Toc180533907]2.2 Dependent Variable: Traffic Safety
The major outcome of this study is to improve traffic safety, which is the dependent variable. Traffic safety encompasses efforts to help avoid accidents, easy flow of traffic, and prompt responses at the times of incidents. A well-designed traffic surveillance system should contribute toward these outcomes by providing critical information that supports the decision-making process in which the traffic authorities engage.
Some of the few key indicators evaluating traffic safety in regard to traffic surveillance include;
· Accident Frequency: Accident frequency is amongst the major indictors used in monitoring the effectiveness of traffic surveillance systems. It calculates the amount of traffic-related accidents, such as crashes, occurring in a given time or geographical area. The lower accident frequency goes in line directly with good traffic safety. The studies indicate that ITS, particularly with the utilization of real-time data analysis for incident discovery and response, may reduce accident rates significantly. For example, Hegeman et al. (2018) discovered that cities that adopted ITS recorded a significant reduction in road accidents, which was primarily seen in perceived high-risk locations, such as intersections. The response time is possible only when incidents are detected by an AI-driven system which thereby further prevents a minor incident becoming a major accident.
· Error Percentage of Incident Detection: The rate of error in incident detection is another critical measure towards the safety of traffic. An incident-detection rate with zero error means the traffic incident like accidents, vehicle breakdowns, or violation without declaring false positives. High detection accuracy ensures traffic authorities to react in time to the incidents, lowering the chances of secondary accidents. In AI-based systems, performance measures may include precision, recall, and the F1-score. Precision is defined here as the ratio of correctly diagnosed incidents to all diagnosed cases; and recall is defined as the proportion of the number of such actual incidents correctly diagnosed. This score, which is the amalgamation of metrics, provides an even measure of the system's detection capabilities. Urban areas with dense traffic have minute incidents affecting major traffic flow; hence the accuracy level needs to be increased.
· Response Time: Response time is defined as the time taken by a traffic surveillance system for detecting and responding to a traffic incident. This feature will reduce the response time to a bare minimum so that the adverse effects of accidents are also minimized and allows for smooth flow of traffic. AI systems that use deep learning models will entirely replace the response times while automated incident detection may occur so that the authorities are in a position to notify traffic immediately. To illustrate this, when the AI system identifies that it is a vehicle break down on the highway during rush hour, it will send the alert to the traffic managers who might trigger the emergency services and divert some part of the traffic, thus averting further congestion and reducing the possibility of secondary collisions. Studies have shown that reducing response time to incidents leads to significant reduction in traffic delays and enhances general road safety.
· Traffic Flow Efficiency: Maintaining efficient traffic flow is an important factor in reducing the occurrences of accidents. Various indicators, for example average velocity of the vehicle, traffic congestion level, and the smoothness level of traffic movement on road networks may be used to measure a traffic surveillance system's efficiency in this regard. Given the latest AI capabilities possessed by it, a good traffic surveillance system can predict potential congestion points in advance and make necessary changes to the measures of control at such points, including increasing or decreasing traffic signal timings, to ensure more vehicles move with smooth vehicular motion. Actually, in fact, this feature is vital in rush hours or in the presence of sudden changes in the nature of traffic, like a weather event or road closure. The flow of traffic would also improve, increasing safety and lowering fuel consumption and emission, which adds up to more sustainable mobility in the city. The research studies show that AI-based traffic surveillance could improve these factors of traffic safety. For instance, Deguerre et al. conducted a case study applying AI-based models to monitor road conditions in a large urban area. In the light of the study, the surveillance systems powered by AI reduced accident frequency and response times; this happened because such a system detected incidents with greater accuracy than traditional methods. Another factor that these systems had was the ability to predict traffic congestion, thus aiding in the better management of traffic, resulting in less delay and providing an optimized flow of traffic.
Traffic safety in the study will be tested by assessing whether deep learning models can accurately detect the incident and predict traffic flow, with improved response time. It aims at demonstrating how AI implementation into traffic surveillance systems can create a safer, efficient road network for developing urban environments around cities within Saudi Arabia.

[bookmark: _Toc180533908]2.3 Independent Variable: Deep Learning Models
In this research, the independent variable will be deploying deep learning models towards enhancing capabilities in traffic surveillance. Deep learning models can process very large amounts of data correctly and thus are very useful in certain applications, such as object detection, prediction of traffic flow, and incidents. This section covers principal deep architectures in use in traffic monitoring, challenges associated with real-time data processing, and their contribution toward improving safety in traffic monitoring.
[bookmark: _Toc180533909]2.3.1 Model Architecture: Convolutional Neural Networks (CNNs)
Convolutional Neural Networks are the building blocks of today's object detection methods in traffic surveillance systems. CNNs are trained specifically for visual data, which has got them widely used in video feeds from surveillance cameras to detect all road elements: vehicles, pedestrians, cyclists, and more. Unlike a traditional neural network, a CNN uses convolutional layers that apply filters to the input data, allowing it to recognize details such as edges, shapes, or texture.
A standard CNN architecture consists of several layers, each with a distinct function:
· Convolution Layers: Applying filters on the input data using these layers the model picks up features such as edges, textures, and patterns from the input data. In each layer, it learns more complex features further facilitating the model to identify objects like vehicles and pedestrians in quite high resolution. The convolutional operation allows the model to focus on areas of interest within an image, which is helpful for detecting objects even if they are partially obscured or overlap with other objects.
· Pooling Layers: After every pair of convolutional layers, there is a pooling layer that aims to decrease the spatial dimensions of feature maps. Pooling layers make it so that the model becomes translation as well as rotation invariant to small amounts of input images, hence it being robust and keeping the accuracy irrespective of the view point. Pooling reduces the computations by making the feature maps smaller. Hence, the model can handle larger images or video frames.
Fully Connected Layers
Following the extraction of features through convolutional and pooling layers, their outputs are flattened into vectors and passed through fully connected layers. These layers are responsible for finalizing the decisions regarding the categories of objects that are indeed in the images, such as whether it is a car, a bus, or a pedestrian
The success of CNNs in their task of traffic surveillance is highly significant. One such exemplary architecture probably is Redmon et al.'s You Only Look Once (YOLO) architecture, which was first proposed in 2016 and recently applied as a standard for real-time object detection tasks. Here, the model divides the input image into a grid, where, for each cell, it predicts bounding boxes and class probabilities. This feature makes it able to detect more than one object at a time, which is very significant for checking busy city junctions or highways where vehicles and people keep moving close to each other. YOLO processes the entire image in a single pass that makes it one of the fastest object detection models. Critical events like intrusion are detected with minimal delay.
Chen et al. show the flexibility of CNNs by applying it to analyze surveillance videos coming from two different environments: dense urban areas and rural roads. The research shows how CNNs would be appropriately applied to detect vehicles when it is night-time or is in an adverse weather condition. This adaptability makes CNNs an extremely powerful tool for surveillance systems in cities such as Riyadh where environmental conditions can change rapidly and traffic densities vary very significantly across different regions.
[bookmark: _Toc180533910]2.3.2 Challenges of Processing Compressed Data in Real-Time
Real time processing of huge video data forms one of the significant challenges of deep learning approaches for traffic surveillance. Urban surveillance cameras continue to generate video data in streams; this video data needs to be analyzed in real time. This requires a significant amount of computation. Because of bandwidth and storage limitations, the transmission as well as storage of uncompressed video data are usually not possible; hence data compression forms one crucial strategy.
Even though such compressed formats have been designed and remain in use  for reducing the size of data without compromising enough resolution quality for analysis, compressing video introduces artifacts that directly affect the detail of the image. Therefore, it can impact the accuracy of object detection models. Compression blurs fine details, making small or distant objects more difficult for models to detect, such as pedestrians or motorcycles.
Despite the above challenges, research was in a position to prove that CNNs have a very high level of detection accuracy even when handling the same data in their compressed form. Gueguen et al. proposed a model based on CNN that successfully detected objects in JPEG-compressed images with minimal loss of accuracy in comparison with the other models trained on uncompressed data. It was proved that although the compression procedure lost a few details, CNNs can extract key features needed for good detection of an object; and thus, they can be applied effectively for real-time applications in resource-constrained environments.
The application of domain adaptation techniques affected the improvement of model performance, which works with compressed data. Domain adaptation provides models' capability for adaptation to specific characteristics of different data formats. In the work of Chamain and Ding (2019), domain adaptation was applied in the CNN-based model of traffic surveillance as it analyzes video streams in MPEG4 format with high accuracy. So by fine-tuning the model that accounted for the compression effects, they derived a detection performance equivalent to that of models trained on noncompressed data; thus the system performed well even when the data quality varied.

[bookmark: _Toc180533911]2.4 Summary of Past Studies
Important research has been done regarding the use of deep learning for traffic surveillance, and it has thus far covered some key aspects such as object detection, traffic flow forecasting, and incident detection. These studies on deep learning lay down the scope of such models in redesigning urban traffic management systems. For that reason, this section reviews key studies that help show the state of progress, methodology used, and challenges still left in addressing the utilization of deep learning models.
[bookmark: _Toc180533912]2.4.1 Object Detection in Traffic Surveillance
The function of detecting an object is the most important one in traffic surveillance systems, because this role includes the automatic recognition of moving or static vehicles, pedestrians, and other road users. Traditional methods that make use of background subtraction or optical flow are not efficient enough, since they depend only on hand-crafted features and simple rules; they work less efficiently in more complex or dynamic environments. Deep learning models, including CNNs, have proven to be much superior due to the ability to learn directly from data, adapting to a variety of conditions.
The model, You Only Look Once (YOLO), proposed by Redmon et al. in 2016, has served to modify and develop into a benchmark in real-time object detection. This allows YOLO to spot a number of objects rapidly since it can take one pass over an entire image, suitable for monitoring places with high traffic volumes such as intersections or highly congested highways. The main advantage of the model is that it could work at a very high speed and accuracy level, making it popularly used in traffic surveillance; processing video frames in milliseconds allows it to identify incidents without causing a delay. Its grid-based approach makes it possible for YOLO to identify overlapping objects in crowded scenes, a common issue in an urban traffic environment where vehicles and pedestrians densely populate the scene.
For scene-adaptive vehicle detection, Li et al introduced a ConvNet-based training method that enables better knowledge transfer by retaining shared filters—features that are useful across multiple environments—while discarding non-shared filters that do not generalize well. This selective filter approach allows the classifier to adapt more effectively to varying scenarios, such as different lighting conditions or traffic environments. Despite the importance of vehicle detection, most research in transfer learning has focused on pedestrian detection. Wang et al proposed a transfer learning framework called Confidence-Encoded SVM, which enhances the SVM’s object function by adding a penalty term that accounts for the correlation between source and target scenes. This adjustment helps the model achieve better performance by prioritizing information from data that aligns with the new environment. Another notable approach is by Xian-Bin et al. who extended the Adaboost algorithm into ITLAdaBoost. In this enhanced version, the algorithm adjusts the sample weights dynamically based on how well the model performs on both the source and target datasets. If the classifier misclassifies a sample from the source data, its weight is reduced, signaling that the source data may not be as relevant to the new environment. On the other hand, if a target sample is misclassified, its weight is increased, ensuring the model gives more attention to learning from the target environment. This approach refines the final classifier, which remains a linear combination of multiple weak classifiers.
Although modern deep learning models, such as DCNN, Fast RCNN, YOLOv2, and SSD, have revolutionized object detection through supervised and semi-supervised learning methods, existing transfer learning frameworks still largely depend on traditional handcrafted features and shallow models. These older methods, while effective for certain tasks, lack the ability to automatically learn complex patterns and representations from data. In contrast, deep learning models can extract high-level features with minimal manual intervention, allowing them to adapt more flexibly to new environments. The transition from shallow models to deep neural networks is essential for improving the performance of vehicle detection systems, especially in real-world scenarios where conditions are dynamic and unpredictable. By leveraging the feature learning capabilities of deep networks, future research can develop more robust classifiers capable of handling diverse traffic scenes and environmental variations efficiently.
In scene-adaptive learning, sample selection and classifier training are the two core components. Proper sample selection ensures the model learns effectively from new environments. For automatic sample selection, Nair et al employed a background subtraction technique to extract target samples from a fixed camera’s footage. While this method provides an easy way to isolate relevant samples, its robustness is limited, often leading to inaccurate samples and causing the detector to drift over time, meaning the model’s performance deteriorates as it learns from noisy or irrelevant data. To address this, Rosenberg et al. introduced a self-training method using semi-supervised learning, where the model selects sub-images with high detection scores from the target scene as training samples. However, this method has a key limitation: only high-scoring samples are chosen, which means the model misses out on lower-quality but important data, leading to an incomplete understanding of the scene’s data distribution.
Wang et al took a different approach by first running an original detector on the new scene and then incorporating additional contextual information—such as motion, size, position, appearance, and object trajectories—to calculate a confidence score for each sample. Although effective, Wang’s method heavily depends on prior knowledge of the scene, such as expected object behaviors, which limits its generalizability to unfamiliar environments. On the other hand, Sharma et al. introduced an object tracking-based selection method, where objects that were not initially detected are treated as positive samples (objects that should have been detected), and incorrectly detected objects are used as negative samples. This strategy improves sample quality by correcting the model's mistakes during training, helping it learn from both missed and false detections. Together, these methods reflect the challenges of sample selection in scene-adaptive learning, emphasizing the importance of not just selecting the right samples but also accounting for data distribution, scene context, and prior information to train robust classifiers.
Zhao et al. utilized CNNs for detecting vehicles in highly dense traffic scenarios like city crossings where multiple vehicles are present. The test video clips were obtained by overhead cameras and shown the high accuracy for vehicle detection using CNNs when one or more parts of vehicles are partially occluded by other objects like big trucks or buses. However, the CNN-based model reached an accuracy of over 95% and significantly proved its efficiency over traditional object detection techniques. The study clearly showed the capability of CNNs to not only handle complex visual scenes but also handle multiple objects of various sizes and shapes.
Zhang et al. (2020) developed CNNs for the application in pedestrian detection, an important step for safety on urban roads. Detection of pedestrians is however one of the most challenging tasks since human shape, movement and appearance can vary at any moment and pedestrians tend to make unpredictable movements. In the experiment, the CNNs have been verified to be 92% accurate and recall to 89% in detecting the pedestrians, making one of the most successful models for the monitoring of crosswalks and sidewalks and other such areas where interaction between pedestrians and vehicles exists. Other data augmentation techniques involved random cropping and flipping to provide better generalization across new environments and to ensure performance in different urban settings.
[bookmark: _Toc180533913]2.4.2 Traffic Flow Prediction
For effective management, accurate traffic flow predictions are of great importance because they enable the appropriate authorities to predict congestion and take corresponding measures beforehand to ensure smooth flow of traffic. Traditional methods that include time-series analysis and statistical regression models are often unable to imitate the complexity of traffic patterns in urban settings; these traffic patterns are influenced by a host of factors such as weather, time of day, and road conditions.
The success of Long Short-Term Memory (LSTM) networks in traffic flow prediction is great because of capacity to learn long dependencies from sequential data. Ma et al. (2019) applied the LSTM models to large metropolitan area traffic data, where the model used forecast congestion levels at different times of the day. This, the study proved through simulation experiments wherein it demonstrated the efficiency of the model used in predicting traffic flow with a mean absolute error at 5% or less compared to traditional models like ARIMA. This implied that authorities in traffic arrangements would be able to adjust traffic signals, do the necessary optimization of routes, and actually prevent congestions before reaching the peaks, making the benefits of integrating such models into traffic management systems practical enough.
Wu et al. (2021) also improved the above concept by designing an LSTM-based model. The proposed model takes into account real-time weather data along with its corresponding historical traffic information. Weather like rain, fog, and snow mainly affects the driving behavior and speeds of vehicles. Hence, it is one of the essential drivers in the forecasting process of traffic flow. By combining these factors into a model, the LSTM model may be able to deliver more accurate congestion predictions, especially in bad weather conditions. This can make a difference in real-time adjustments by traffic management systems, as it depends upon input parameter. The research also proved that LSTM models generalize well on a large scale when trained on different cities and are amenable to large-scale deployments in an urban environment with very different types of traffic dynamics.
[bookmark: _Toc180533914]2.4.3 Incident Detection and Response
Incident detection is one of the critical functionalities of traffic surveillance systems as it enables the authorities to respond swiftly on occurrence of accidents, vehicle failure, and other interruptions. Rule-based systems are less reliable for dynamic traffic scenarios as they come with false positives frequently and delayed detection. CNNs and LSTMs are more robust models as they learn the patterns in data to detect an incident.
Wojke et al. (2017) proposed a CNN-based approach to real-time incident detection using highway surveillance cameras. Here, the model was trained on the identification of anomalies that could include sudden stops or other changes in speed, which might represent an accident or vehicle failure. The CNN-based method achieves an accuracy of 93% in detection, thereby cutting in half the time required to identify and respond to disruptions on the road. Time savings ensure faster provision and mobilization of emergency services as well as better traffic management, which minimizes the risk of secondary accidents.
A related study was done by Liu et al., who developed an LSTM-based model for predicting the probability of accidents based on real-time traffic data. Such a model could predict by examining the patterns of historical traffic and correlating them with accident occurrences, thus providing early warnings of a high-risk situation, such as sudden slowing or erratic vehicle movement. The LSTM model has an accuracy of 88% in prediction of accidents, and it enables the traffic authorities to take preventive measures in the form of adjustment of speed limits or increase police presence in risk-prone regions.

[bookmark: _Toc180533915]2.5 Theoretical Framework of the Study
Grounded on the integration of deep learning models in traffic surveillance systems, the theoretical framework of this research is built by integrating deep learning models into traffic surveillance systems with the ultimate goal of enhancing safety in traffic through better detection of objects, predicting traffic flow, and detecting incidents. In turn, this framework rested upon how deep learning provides the diversity and scalability to address the challenges of urban traffic management in modern times.
[bookmark: _Toc180533916]2.5.1 Object Detection Using Convolutional Neural Networks (CNNs)
The core of the framework is real-time object detection using CNNs. CNNs are a suitable application because the relevant features from video data automatically, such as the shapes and movements of vehicles, pedestrians, and other road users. Real-time object detection in high accuracy even under low-light or rainy conditions in traffic surveillance can be made possible through the use of CNN on compressed video streams.
In this framework, CNNs can be crucial; they can be the mechanism whereby the framework identifies potential hazards in the traffic environment. For example, a model driven by a CNN can identify a stalled vehicle on the highway and alert traffic managers, who will then deploy emergency services and manipulate traffic signals to avert further congestion. The CNNs will learn to adapt to differences in video quality due to the application of domain adaptation techniques and therefore present consistent performance even with the compression or low-bandwidth network transmission of data.
Studies like that of Redmon et al. (2016) and Chen et al. (2020) have proved the effectiveness of CNNs in the field of object detection. These studies support the use of CNNs as an integral part of the AI-based traffic surveillance system of cities with rapid developments, where the traffic scenario may change unexpectedly due to the models like YOLO, which can observe hundreds of objects in real-time and are not interfered with by the kinds of environmental conditions.
[bookmark: _Toc180533917]2.5.2 Predicting Traffic Flow with Long Short-Term Memory Networks (LSTMs)
Extensive usage of LSTM networks will be made to provide predictions on traffic flow within this framework. They are architected to learn long-term dependencies within a single sequence of data; for effective comprehension and prediction of traffic patterns, they simply have to do so. These LSTM networks are combined with the existing real-time traffic data - be it speed or counts of vehicles - including also external influencing factors such as weather and time of day.
It further uses LSTM models to predict traffic conditions, such as the likelihood of traffic congestion at peak hours or the effect of a road closure on traffic flow. The system allows for proactive measures by providing these predictions to traffic management authorities-possibly adjusting traffic signals or rerouting vehicles to less congested roads. The potential traffic prediction is a significant advantage in cities like Riyadh, given fast population growth and developments typically creating dynamic traffic conditions.
Some studies, such as Ma et al. (2019) and Wu et al. (2021), proved that LSTM models can take multiple sources of data to predict traffic flow and ensure accurate prediction. A framework incorporating the possibilities of predicting in the context of LSTM will enable an alert and proactive traffic surveillance mechanism rather than just a reactive one.
[bookmark: _Toc180533918]2.5.3 Incident Detection and Proactive Management
A holistic traffic monitoring system needs to detect incidents in real-time and prevent accidents from happening. The architecture, therefore, is of CNNs for online anomaly detection-suddenly changing lanes, and LSTMs for historical incident data analysis to predict high-risk conditions.
This integration of those models ensures that the framework allows traffic surveillance systems to identify incidents quickly and warn of potential danger. For example, if an LSTM predicts high chances of accidents at a given junction during rush hour, the authorities in charge can increase scanning efforts or change signal timings at the junction for risk mitigation purposes.
For instance, with the studies such as Wojke et al. (2017) and Liu et al. (2016), the combination of CNNs and LSTMs has provided a solid foundation towards conducting all-inclusive incident management. The real-time detection with predictive analysis allows the traffic surveillance systems to be capacitated to address current challenges while readied to face those arising in the future.
[bookmark: _Toc180533919]2.5.4 Ensuring Scalability and Efficiency with Edge Computing
In large urban environments, scalability plays a very significant role in the deployment of AI-driven traffic surveillance systems. This addresses the nature of the framework through adjustments for edge computing and model optimization techniques such as pruning and quantization to deliver true real-time processing without overwhelming computational resources.
With edge computing, it can allow data to be processed closer to the source-even from the surveillance cameras themselves-with less latency, allowing the insights to be available in real-time. The framework ensures that even under tight resource conditions, deep learning models work efficiently on edge devices by using pruned and quantized models.
Advantages of compressing models were shown by such studies as Han et al. (2016) and Jacob et al. (2018) without loss of performance. Hence, with the help of the framework, AI-driven traffic monitoring is deployable in large cities where networks of surveillance cameras are heterogeneously dispersed and can stay effective and scalable.

[bookmark: _Toc180533920]2.6 Conclusion
Further, the expanded literature review also invokes further expansion of the potential of deep learning models to transform traffic surveillance systems that focus on object detection, traffic flow predictions, and incident detection as factors that critically add to traffic safety. Traffic management strategies through integration with deep learning can address the growing challenges of urbanization; hence, the roads get safer, and smooth traffic flow follows naturally.
This framework, proposed in this review, combines the best attributes of CNNs in real-time object detection with the predictive capability of LSTMs to forecast traffic conditions. In addition, the framework addresses issues related to real-time data handling by applying edge computing and techniques for model optimization to enable AI-driven surveillance systems to work in a complex urban scenario at a large scale.
It will, therefore, result in providing a basis for more intelligent traffic management systems that may help in improving the road safety, reducing accident frequencies, and enhancing the overall efficiency of the urban transportation network.
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