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Abstract 

The increasing demand for improved public safety has resulted in the spread of intelligent 

surveillance technologies. Artificial Intelligence (AI) has become a major facilitator of real-time 

video analytics, enabling quicker and more precise identification of threats, anomalies, and 

criminal behavior. This paper discusses the development and implementation of AI-based video 

surveillance systems in public safety, with a focus on real-time analytics capabilities. Through in-

depth analysis, we explain how such systems work, their performance, and limitations. The 

methodology section describes the data collection, processing pipelines, and AI models used. 

Results show significant improvements in response time and situational awareness. The discussion 

takes into account ethical considerations, challenges like data privacy, and technical limitations. 

We conclude by providing recommendations for future enhancements and policy integration. 

With the capability of handling large volumes of video data rapidly and accurately, AI-driven 

surveillance systems are increasingly being installed in numerous public places such as 

transportation centers, schools, and police stations. Such systems are built not just to monitor but 

also to decode visual information in real-time, detecting possible dangers and allowing for fast 

action. They also help in investigations after incidents have occurred with high-quality data 

analysis, allowing for quicker case closures. 

This paper also elaborates on the scalability of AI video surveillance systems, edge computing, 

and integration with current public safety frameworks. Real-world case studies and experimental 

deployments are discussed to illustrate system effectiveness in varied environments. In addition, 

an in-depth evaluation of the technological, ethical, and legal landscape is carried out, giving a 

complete picture of current trends and future directions. 

Keywords: Real-time analytics, Public safety, AI, Video surveillance, Computer vision, Threat 

detection, Anomaly detection, Deep learning, Edge computing, Privacy 

I. INTRODUCTION 

Public safety is a top priority of governments and organizations globally. With growing urbanization 

and compounded security challenges, conventional surveillance systems tend to fall short in providing 

timely and actionable intelligence. This has led to AI-powered video surveillance systems, which can 

function in real-time and complement human monitoring. The incorporation of artificial intelligence, 

specifically computer vision and machine learning algorithms, into surveillance systems has 

transformed the detection and response to security threats. Such systems now have the ability to analyze 
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huge amounts of video data in real time, detect patterns, and alert on anomalies without the need for 

human oversight. 

The main driver behind the adoption of AI in video monitoring is that it can maximize situational 

awareness, accelerate response times during an emergency, and reduce risks ahead of time. From facial 

identification and license plate reading to behavioral analysis and crowd control, video analytics 

powered by AI give security staff valuable information that was beyond reach or otherwise delayed. 

Further, recent progress on deep learning designs, including CNNs and recurrent neural networks 

(RNNs), has much enhanced object recognition and behavior analytics in real-world environments. 

Being used together with Internet of Things (IoT) devices as well as edge computing equipment, these 

AI mechanisms realize increased efficiency and reduced latency. As per Badrinarayanan et al. (2019), 

real-time video analytics from edge devices minimizes the load on cloud infrastructure with faster 

decision-making at the source [7]. 

These technologies are also being employed to facilitate pandemic control initiatives, urban safety 

management, and public event surveillance. For example, real-time AI surveillance was successfully 

employed during COVID-19 to implement social distancing and mask detection policies. The 

implementation of AI in surveillance is not just a technological change but also a sociopolitical one, 

redefining the way communities interact with security and privacy. 

This paper looks at the architecture, functionalities, and real-world applications of AI-based video 

surveillance systems, particularly in public safety settings. We examine their contribution to crime 

prevention, traffic surveillance, response to disaster, and other areas where quick intelligence saves 

lives. We also touch on concerns surrounding data privacy, AI algorithm bias, and legal frameworks 

underpinning the application of surveillance technology. Our study involves an in-depth literature 

review, a suggested methodology for deployment, and analysis of results observed under controlled 

settings and pilot implementations. 

II. LITERATURE REVIEW 

Several studies have explored the revolutionary capability of AI in video surveillance. Initial research 

was mainly centered on motion detection and object tracking, but recent developments have facilitated 

more sophisticated tasks like facial recognition, behavior analysis, and anomaly detection through deep 

learning models. 

As per Khan et al. (2022), the use of convolutional neural networks (CNNs) has greatly enhanced object 

recognition accuracy in surveillance videos. They contend that such systems can automatically identify 

normal and suspicious activity in real-time, which lessens dependence on human monitoring [1]. 

Singh and Mehta (2022) created a real-time surveillance system based on YOLOv5 for object detection 

and action recognition. Their findings demonstrated a significant boost in detection precision and 

processing efficiency over conventional systems [2]. This is in line with work by Liu et al. (2022), who 

used deep learning algorithms to enhance traffic control through real-time vehicle and pedestrian 

tracking [3]. 

Nonetheless, ethical and privacy issues have been subject to extensive debate. Zhang and Wu (2022) 

argue that AI in surveillance elicited important questions regarding individual rights, especially where 
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there is limited regulatory control [4]. Work by Ahmed et al. (2022) also highlights the need for 

explainable AI (XAI) to promote transparency and accountability in surveillance analysis [5]. 

In addition, scientists have investigated edge computing to advance real-time analysis. Gupta et al. 

(2022) suggested a distributed framework in which video streams are processed locally on edge devices 

to minimize latency and increase scalability [6]. Such a framework is especially applicable for large-

scale public safety use cases, e.g., city-scale surveillance networks. 

In addition to these observations, Lin et al. (2021) presented the integration of AI with IoT for context-

aware surveillance systems and emphasized the significance of spatial-temporal data correlation [7]. At 

the same time, Ahmed and Kim (2020) investigated a semi-supervised learning method to alleviate the 

reliance on large labeled datasets for anomaly detection [8]. Li et al. (2020) illustrated that attention 

mechanisms can be used to enhance the accuracy of surveillance analytics in crowded scenes [9]. 

Badrinarayanan et al. (2019) provided seminal developments in real-time semantic segmentation, a 

central enabler of scene understanding in contemporary surveillance systems [10]. 

Literature reports increasing convergence in the benefits of AI towards increasing surveillance 

capability. However, some studies emphasize balanced deployment in line with technical solidity and 

moral acceptability. 

III. METHODOLOGY 

The approach to setting up AI-driven video surveillance for public safety involves multiple stages: data 

acquisition, preprocessing, model development, edge/cloud deployment, and real-time inference. At 

each step, caution is essential to ensure responsiveness, accuracy, and ethical adherence in the resulting 

system. 

3.1 Data Acquisition 

High-quality data forms the backbone of every AI model. In this paper, video records were gathered 

from various public surveillance sources such as traffic intersections, public transport stops, and arenas 

of large gatherings. These offered a variety of scenarios including motion of vehicles, crowd behavior, 

and abnormal actions. Both unlabeled and labeled datasets were added. Publically available datasets 

such as the VIRAT Video Dataset, UCSD Anomaly Detection Dataset, and CityFlow Dataset were 

complemented with field-generated footage. 

3.2 Data Preprocessing 

Prior to inputting the data into AI models, various preprocessing operations were carried out. These 

involved frame extraction, normalization of resolution, and background removal. Noise reduction 

methods like Gaussian blurring and histogram equalization were used for enhancing clarity. Bounding 

boxes were created for objects of interest (e.g., humans, vehicles) by using pre-trained models such as 

Faster R-CNN. 

3.3 AI Model Development 

A hybrid model architecture was implemented integrating Convolutional Neural Networks (CNNs) for 

object detection and Long Short-Term Memory (LSTM) networks for temporal behavior analysis. 

YOLOv5 was selected for real-time object detection based on its speed and accuracy. LSTM networks 
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were used to examine sequences of actions over time to identify anomalies like loitering, sudden 

movements, or crowd panic. Transfer learning is utilized with pre-trained models like ResNet and 

EfficientNet, fine-tuned on our surveillance datasets.  

3.4 Edge and Cloud Deployment 

The architecture used a hybrid edge-cloud model. Edge devices processed video streams in real time to 

detect and classify events locally. This reduced latency and offloaded the central servers. Important 

events were sent to cloud servers for additional analysis and long-term storage. For the edge layer, 

NVIDIA Jetson Nano and Xavier devices were utilized, with optimized versions of TensorRT and 

OpenCV. 

3.5 Real-Time Inference and Alerting 

Real-time inference processed a stream of video in real time frame by frame. The YOLOv5 object 

detector detected objects and transmitted metadata to the LSTM layer, which estimated activity as 

normal or anomalous. If an activity was detected as potential danger, the system produced alerts in the 

form of contextual snapshots that were forwarded to a centralized dashboard for monitoring by human 

staff. The alerts were prioritized according to seriousness through a confidence threshold mechanism. 

3.6 Evaluation Metrics 

To measure system performance, the following parameters were utilized: precision, recall, F1-score, 

and latency. Object detection models were tested using mAP (mean Average Precision), whereas 

anomaly detection accuracy was measured using Area Under the ROC Curve (AUC-ROC). Average 

inference time per frame was calculated to measure real-time capability. 

3.7 Ethical and Regulatory Considerations 

Data collection was carried out in accordance with local privacy regulations. Consent signage was 

implemented in pilot sites, and anonymization methods like blurring faces and license plates were 

employed. An ethical review board cleared the deployment protocol. Furthermore, explainability 

features were incorporated into the user interface to provide traceability of decisions. 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com   ●   Email: editor@ijfmr.com 

 

IJFMR230643945 Volume 5, Issue 6, November-December 2023 5 

 

 

Figure1: Architecture of the AI-based real-time video surveillance system for public safety. 

This methodological approach ensures not only the technical robustness of the AI-based surveillance 

system but also its operational feasibility and social acceptability. The subsequent section presents 

results obtained from implementing this methodology in pilot environments. 

IV. RESULTS 

The AI-powered video surveillance system was piloted in three urban settings: a metropolitan traffic 

intersection, a university campus, and a city park. The system was installed for three months, with each 

site offering continuous video streams processed in real-time using the edge-cloud architecture outlined 

above. The goal was to test system performance in detection accuracy, response time, anomaly 

detection, and operational reliability. 

4.1 Detection Precision 

In the object detection module, the YOLOv5 model had a mean Average Precision (mAP) of 91.3% for 

all classes (vehicles, pedestrians, bicycles, etc.). For certain key classes like unattended luggage or 

anomalous crowding, detection precision was higher than 94% in daylight. Night-time was slightly 

lower, at an average of around 86%, mainly because of poor lighting conditions and video noise. To 

counteract this, thermal imaging cameras were added to the city park location, which enhanced 

detection rates by about 8%. 

4.2 Anomaly Detection 

The LSTM temporal model had a performance of 0.89 Area Under the ROC Curve (AUC) for anomaly 

detection activities, and it was able to detect behaviors like loitering, swift dispersal, and fights. On 

campus at the university, a mock confrontation event was properly flagged within less than 4 seconds. 

In traffic, illegal U-turns and jaywalking were detected at a 92% success rate. 
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4.3 System Latency and Performance 

The mean inference time per frame on edge devices was 43 milliseconds, well within real-time 

requirements. The overall pipeline from detection to alert generation ran with an end-to-end latency of 

around 1.1 seconds. The hybrid edge-cloud architecture was effective, and edge devices handled 72% of 

alerts locally, saving cloud load and improving responsiveness. 

4.4 Alerting and Dashboard Evaluation 

During the deployment duration, the system produced 7,434 alerts. Human operator manual validation 

identified 6,978 of them as true positives, with a precision of 93.9% and a recall of 91.2%. The 

dashboard interface enabled operators to sort alerts by threat level, see annotated snapshots, and access 

replay functionality. User feedback emphasized the usability and real-time responsiveness of the 

system, particularly in critical situations like lost child detection and crowd surges. 

4.5 Case Studies 

In a case at the city park, the system picked up a suspicious package abandoned for more than 10 

minutes and notified surrounding authorities. The response was before harm could be inflicted, and 

after-event analysis validated the object to be harmless. In the traffic setting, real-time warnings 

prevented congestion by highlighting breakdowns and accidents, enabling quicker dispatch of 

emergency services. 

4.6 Comparative Analysis 

Relative to manual monitoring of traditional CCTV systems, the AI-powered surveillance cut response 

times by 37%, and false negatives (threats not detected) decreased by 42%. These gains were observed 

at all deployment locations. Comparison against previous AI solutions showed a 12% gain in detection 

accuracy and a 28% improvement in anomaly classification with the integration of LSTM. 

These findings show the effectiveness of AI-assisted surveillance systems in enhancing public safety 

outcomes. The following section offers a critical discussion of these findings and maps out the 

implications for wider application. 

V. DISCUSSION 

The findings of this study highlight the strong potential of AI-based video surveillance systems to 

support public safety with real-time analysis. While performance indicators like detection accuracy, 

latency, and anomaly detection were very encouraging, an in-depth discussion highlights a few wider 

implications, challenges, and avenues for improvement. 

5.1 Practical Implications 

Their deployment across various environments—from urban traffic networks to educational 

campuses—shows the flexibility and versatility of AI surveillance systems. Real-time notification 

enabled real-time response, preventing or minimizing potential safety dangers. Most crucially, systems 

not only monitored but also translated behavior over time, enabling predictive analytics that are able to 

anticipate escalating situations like crowd rushes or imminent violent clashes. This paradigm shift from 
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responsive to anticipatory safety management represents a significant breakthrough in public safety 

infrastructure. 

The hybrid edge-cloud model, for example, was an efficient and scalable architecture. By executing the 

majority of tasks locally, it minimized bandwidth usage and maximized responsiveness—vital 

characteristics in emergency situations. The effective embedding of AI models into intuitive dashboards 

also shows how technology can complement human judgment and not supplant it, allowing operators to 

concentrate on advanced judgments instead of mundane surveillance. 

5.2 Technical Challenges 

While these are strengths, some limitations were noted. Environmental conditions like heavy rain, poor 

lighting, or obstructions in front of the cameras negatively impacted model accuracy. Performance at 

night, although enhanced through thermal imaging, was still worse than during the day. In dense scenes, 

overlapping objects resulted in occasional error detection, particularly in partial occlusion cases. 

Additionally, model generalizability is a problem. AI models learned on one area or demographic will 

be less effective when used in other places. This is especially applicable to behavior-based anomaly 

detection, which could not understand cultural differences in what is "abnormal" behavior. Periodic 

retraining and model updating will need to occur to continue being effective. 

5.3 Ethical and Legal Considerations 

A significant theme cut across both deployment and stakeholder response was one of concern regarding 

privacy. Although facial blurring and anonymization were achieved, the idea of round-the-clock 

surveillance calls into question the balance between safety and civil liberties. Legal frameworks 

governing AI surveillance are still patchy across different jurisdictions, making cross-border 

deployments or data sharing for collaborative safety efforts challenging. 

Also, problems of algorithmic bias need to be resolved. If training data is not representative, the AI 

system will likely do poorly on underrepresented populations disproportionately, perhaps leading to 

false positives or misidentification. Steps will be necessary to guarantee fairness, explainability, and 

transparency in decision making and alert generation. 

5.4 Integration with Public Infrastructure 

Effective adoption of AI surveillance not only hinges on technological preparedness but also 

institutional alignment. Policymakers, law enforcers, emergency responders, and legal consultants must 

coordinate in perfect harmony to implement smoothly. Scalerility and extension depend heavily on 

interoperability with already deployed public safety systems. 

Overall, while the advantages of AI surveillance are significant, close attention to ethical, technical, and 

logistical considerations is crucial for long-term sustainability. The debate highlights the importance of 

finding a balanced strategy—one that exploits the strengths of real-time analytics while mitigating its 

risks and limitations. 
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VI. CONCLUSION 

The research provided an extensive examination into the deployment and assessment of AI-powered 

video surveillance systems for real-time public safety analysis. The increasing need for proactive safety 

measures in urban and public areas makes integrating artificial intelligence into surveillance 

infrastructure not only advantageous, but more necessary than ever. 

Through a systematic process of data gathering, AI model development, and real-world rollout into 

different urban settings, the system proved highly effective at detecting possible threats, atypical 

behavior, and high-risk situations in real time. High detection precision, minimal latency in alert 

issuance, and robust user feedback concerning system usability are notable results. These measures 

together confirm the technical feasibility of AI-driven surveillance systems. 

Notably, the edge-cloud architecture was key to realizing low-latency performance without depending 

too heavily on central cloud servers. This scalability feature lends itself to future growth to larger city-

wide or even national-level surveillance networks, thus making it a viable model for long-term 

deployment. 

Nevertheless, the deployment also brought to light critical considerations around the wider influence of 

such technology. Ethical concerns, in this case particularly around privacy, surveillance fatigue, and 

algorithmic bias, demand continued scrutiny. These issues underscore the need for open governance, 

diverse dataset training, and human-in-the-loop systems that facilitate oversight and accountability. 

In addition, for practicality, interoperability and collaborative integration with current public safety 

frameworks is necessary. AI systems need to augment, not substitute, the situational awareness and 

judgment of human operators. The research demonstrates that, if well implemented, these systems can 

be formidable tools that enhance human capabilities and greatly improve public safety outcomes. 

Hence, AI-driven video surveillance systems have great potential to revolutionize public safety through 

smart, real-time analysis. As cities and institutions struggle with safety issues in increasingly 

complicated settings, such systems can be a key enabler of safer, smarter, and more responsive public 

spaces. Future studies must aim to enhance model robustness, address ethical issues holistically, and 

enable cross-sector collaboration to unlock the full potential of AI in public surveillance. 
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