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Abstract: There is a lot of video footage coming into the picture from many social media sources related to daily societal
problems. These video footage or clips look sometime too horrible and pathetic to see the situation where no instant solutions
reflect. These societal issues attract the attention of researchers and practitioners to think deeply about solutions. The recent
surveillance system is presented as a transformative and effective solution to the limitations of conventional systems. The
conventional surveillance system could not process the paramount videos in time to prevent accidents or any incidents. To
address such issues, there is an urgent requirement to focus attention on digital-based advanced solutions. As technology
advances, the demand for advanced surveillance systems also increases to alert users to abnormal situations before they occur.
Sometimes, it is not applicable in a real-time environment due to privacy and security issues with CCTV surveillance systems
that have default passwords and are easily accessible to someone with malicious intent. This research explores the burgeoning
realm of intelligent surveillance systems with embedded modules and explainable Al for various applications. Explainable Al
and advanced machine learning algorithms could also make the system more accurate, transparent and accountable for real
time behaviours as proactive surveillance. This article critically analyses the challenges associated with intelligent surveillance
systems, including algorithmic bias, ethical concerns, and privacy issues affecting individuals. Overall, the aim of this study is
to propose a framework for a proactive surveillance system that emphasizes regulatory safeguards, accountability, and real
time transparency. The paper concludes with future directions and highlights the need for continued research on current issues
and to harness its full potential for the betterment of sustainable societal development.
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1 INTRODUCTION

With the rise of digital technology, surveillance systems are playing a major role in controlling crowds and responding to recent incidents or
accidents. These incidents are on the rise these days like heists, molestations, murders, domestic fires, etc. and accidents happen with elder
people indoors or outdoors [1]. Surveillance systems have become an important backbone of the modern security infrastructure in the past
decade. Historically, people used simple cameras like closed-circuit television (CCTV) to cover local areas surveillance [2]. With the time
these systems have been found to be a time-consuming process for analyses and interpret recorded data manually. It mainly relies on a human
operator monitoring the video either in real time or examining it later after the event of an incident [3]. This process is manual, time taking
and error-prone sometimes due to the operator’s tiredness. Another side urban area is also becoming more intricate day by day, where security
is becoming a necessity in all sensitive areas and at street intersections. Traditional approaches are unable to process threat detection and
prevention in a timely manner. The evolution of technology has led to the convergence of cutting-edge computing, networking and data

processing to empower monitoring systems for improved safety across joint public or private venture [4].

This article mainly focuses on the application involving the surveillance of people, objects, etc. It also involves a wide range of methods
belonging to the surveillance process, including various criteria. The installation of CCTV cameras in public areas is commonplace. But in
personal or private areas, the remote person-specific recognition has become an important aspect of smart surveillance systems for public
safety and policing. State-of-the-art surveillance systems employ deep learning technologies working under data driven computer vision
approaches for person-specific identification in large and crowded spaces like airports, metro rail stations and public events [5]. Biometric

databases include multimodal cues such as facial features, gait, body shape and behavioral cues.
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These systems continually track and identify individuals against watchlists in real time [6]. Upon potential identification, real-time alerts are
triggered to help law enforcement respond swiftly. While there have been considerable advances, issues such as occlusion, low quality images
and privacy are still critical areas for research. In critical security sectors such as military installations, transportation infrastructure and
government buildings, access control has evolved from traditional methods of identity verification to smart and automated surveillance
systems. Current systems use multimodal biometric matching, such as facial, gait, iris and body features. The systems are connected to real-
time video analytics and edge computing to gather and process information as people approach secure areas [7]. Matching these features
against a database of pre-registered individuals can automatically grant or deny access. The latest developments also include contactless
recognition and adaptive learning systems to improve performance and resilience to environmental changes.

Crowd flow analysis is commonly performed with surveillance systems. These systems employ sophisticated human detection and tracking
algorithms to calculate crowd density, trajectories, and flow rates in places like shopping centers, railway stations and stadiums [5]. This
information aids in effective crowd control, crowd density avoidance and safety measures. Real-time monitoring and predictive analytics
powered by Al technologies help authorities to anticipate and proactively manage crowd congestion and potential threats. Intelligent
surveillance systems perform anomaly detection, which involves detecting suspicious human and object activities. Using machine learning
and behavior analysis, they can differentiate between normal and suspicious events such as loitering, intrusion, leaving objects or outbreaks
in a crowded area. In places such as shopping malls, airports and other public spaces, these systems can identify theft or security breaches.
Alarms or notifications to security staff can be automatically triggered. Research focuses on improving the effectiveness of these systems
and reducing false alarms through context-sensitive and adaptive approaches.

Current surveillance systems employ multiple cameras that communicate with each other to support crowd-scale monitoring of people and
objects. Multi-camera surveillance systems use data fusion, object re-identification and spatio-temporal analysis to keep track of objects
across multiple camera views, even when they are out of sight [8]. This technology is extensively employed in smart environments to monitor
people or objects across large-scale spaces such as campuses, public infrastructure and commercial properties. It also allows identification
of object movement patterns and abnormal behaviours involving unattended and handed-over objects. The emergence of distributed and

cloud computing has enhanced the power of such systems.

Therefore, there is a wide range of applications that motivates researchers worldwide. As IEEE has sponsored conferences in the field of
surveillance systems, IEEE and other publisher have been instrumental in hosting many international conferences and workshops. One such
event is the IEEE International Conference on Advanced Video and Signal-Based Surveillance, held annually. This event provides a platform
for the dissemination of the latest research in video analytics, signal processing and smart surveillance systems, and facilitates knowledge
exchange among leading researchers and practitioners in the field. This article contributes through the following sections. Section 2 describes
the range of traditional and recent research on surveillance system under the heading of literature review. It explores multiple sub sections
with different sub domains on existing research. Section 3, explore the research gaps and analysis of the literature study. Section 4, cover the
future works for the advancement of the security and pro-surveillance system. The last section 5 concludes the complete research study of

this paper.

2 BACKGROUND STUDY

The history of video surveillance systems is also indicative of an overarching trend of technological progress in image processing, network
and smart data processing [9]. The initial attempts at surveillance systems emerged in the mid-20th century and were based on the concept
of analog CCTV. CCTVs are mostly used to provide security in areas of great sensitivity like bank systems and government buildings. The
drawbacks of these systems included the fact that they required constant monitoring by humans, low-resolution imaging and inability to store
the data in a flexible way. The adoption of digital recording in place of analog in the late 1990s was an important milestone because it
enabled higher image quality, compression methods like MPEG standards, and the incorporation of digital storage. This change also enabled

remote access and scalability, forming the basis of current networked surveillance infrastructures [10].

2.1 Evolution of CCTV and Surveillance Technologies

The traditional CCTV system was designed as an analog-type surveillance system that required continuous human monitoring, videotape
based recording, and coaxial cable. These systems are basically employed in public areas, banks, transportation hubs and commercial
buildings for basic security reasons. The traditional CCTV systems had some drawbacks, however: low image quality, limited storage
capacity, and lack of intelligent analysis capability of the captured video data. As digital imaging and communication technology has evolved
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over the years, so have High-Definition (HD) cameras, which have greatly enhanced the clarity of video imaging, zooming, and evidence
collection. In crowded areas, the HD surveillance system improved the efficiency of monitoring by providing accurate facial recognition,
object detection, and incident investigation [11]. The transition from analog to digital surveillance has been identified as a significant change

in security infrastructure and the effectiveness of monitoring.

Smart cameras and networked systems contributed further to the evolution of surveillance technology. Smart surveillance solutions of today
are powered by Artificial Intelligence (Al), Internet of Things (IoT), Cloud Computing and Edge Processing to facilitate automated
monitoring and immediate decision making. Networked surveillance architectures provide the ability for multiple cameras to communicate
and share data in a centralized system, supporting the ability to track objects, analyze behavior and re-identify people between different
camera views. They are commonly used in smart cities, airports, shopping malls and critical infrastructure for large scale security
management. The researchers [10], [12] have shown that intelligent video surveillance systems offer better situation awareness through
automatic event detection and spatio-temporal analysis; they can diminish reliance on manual observation with better operational efficiency.

2.2 Technological Foundations of Modern Surveillance

The modern surveillance technologies are based on the concept of combining advanced imaging systems with artificial intelligence, machine
learning, and networked communication infrastructures, allowing for real-time monitoring and automated decision-making. The video
surveillance systems became more intelligent and decentralized with the advent of the Internet and internet protocol technologies. Traditional
analog cameras were replaced with IP cameras, which can be used to stream live, monitor remotely and easily combine with other security
systems. It was also during this stage that video analytics gained interaction with algorithms starting to be useful in motion detection, object

tracking, and anomaly detection [11].

The integration of machine learning technologies greatly increased the ability of these systems to work with massive amounts of video data
independently. Consequently, surveillance became not only a passive process but also a proactive threat detection. It enhanced the efficiency
of surveillance in the context of the use of such applications as urban security, traffic control and security of critical infrastructure [13].
Today's surveillance systems utilize computer vision, deep learning algorithms, and sensor fusion for anomaly detection, behavioral analysis,
object and facial recognition in large-scale environments. Cloud computing, IoT, and edge-based analytics have greatly improved the scale,

effectiveness and real-time capabilities of intelligent surveillance systems in smart cities and security critical applications.

In cutting-edge technology, machine learning and deep learning with Al have transformed the scenario of operational capabilities for
surveillance systems [4]. Al-based CCTV systems can supervise and report any suspicious activities autonomously. Recently face based
recognition approaches have helped people and classify abnormal events in real-time [14], [15], [16], [17]. It might save the life of someone
and help in advance before executing anything irrelevant. Therefore, such types of transforming and monitoring mechanisms are evolving
the recent system from a reactive to proactive paradigm [17]. Preventive measures can be taken well in advance, before any incident is likely
to occur. This system can be used for crowd analysis and behaviour of any suspected situation to predict the risk of stampedes. It can also be
applied to other objects, such as suspicious bags placed in public places, and the aggressiveness of any individual at public gatherings. This
has revolutionized the requirements of the security agencies. How they are approaching auto surveillance, law enforcement, private

organizations, or any open area event [18][19][20]

2.3 Role of Artificial Intelligence and Machine Learning

Surveillance technology has been in high demand with the advancement of digital systems and network infrastructures. Current monitoring
system are not limited to simple video recording but now adopted intelligent techniques capable of detecting unusual activities automatically
[21], [22]. These intelligent surveillance systems use a combination of computer vision, artificial intelligence, machine learning, and image
processing techniques for video data analysis and to interpret the occurrence of events in a controlled environment. As a result, this type of
surveillance system becomes more effective in security, reducing the reliance on manual monitoring and improving the capability to identify
threats in real time [4], [23].

With this advancement, security has also turned out to be a major concern for governments, organizations, police departments, private offices,
and individuals at home. The increase in the number of crimes, theft and safety concerns have created a demand for effective surveillance
[20], [24]. Due to the rise in crime, there is a high demand for better monitoring systems to protect people and assets before incidents occur.
Al based surveillance systems are widely and very helpful in maintaining civic safety since they allow real-time monitoring of deployed
places and provide crucial evidence when something goes wrong. These systems might help authorities easily understand the problem, detect
issues early, and respond swiftly in emergencies. It improves safety in various types of areas like residential areas, workplaces, healthcare
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facilities, public spaces, stockyards, and sensitive workplaces. Overall, details have introduced that Al based surveillance opens doors for
new possibilities by enabling automated analysis of large volumes of visual data [25].

The driving forces of the evolution in the recent years have been artificial intelligence, cloud computing, and edge processing [6]. The latest
surveillance systems are based on the deep learning models of facial recognition, behavioral control, and predictive analytics, increasing the
level of performance and ethical concerns [26]. The real-time processing and scaling of systems is supported by cloud-based storage and
edge computing architectures that are less latent and bandwidth-intensive [24]. Also, introduction of IoT devices has introduced new
surveillance opportunities to smart cities and connected spaces [27]. Nonetheless, these innovations have brought up the issues of privacy,
data security and regulatory compliance, and the current research on responsible Al implementation and privacy-preserving surveillance
methods [28]

Figure 1 provides a comprehensive overview of intelligent surveillance systems, showcasing the various stages of data collection, analysis,
decision-making and future advancements in the field. The architecture starts with the data acquisition layer for collecting data from sources
like CCTV cameras, [P cameras, drones, [oT sensors and edge nodes. The data processing and analytics step involves advanced technologies,
such as computer vision, deep learning, Al analytics, object detection, tracking, facial recognition, gait analysis, behavior analysis and re-
identification. The processed information can be used for multiple surveillance applications, including access control, crowd flow analysis,
anomaly detection and person recognition. These applications are further supported by a multi-camera surveillance network, which allows
data fusion, object re-identification, cloud computing, spatio-temporal analysis, distributed monitoring and law enforcement support. The
information produced is fed into the decision and response layer, which offers real-time alerts, security monitoring, access decisions, threat
prevention and law enforcement responses. The framework also mentions important research challenges such as occlusion, low resolution
imagery, privacy issues, scalability, false alarms and environment variation. It identifies future research directions, with a particular focus on
explainable Al, privacy-preserving surveillance, edge intelligence, federated learning, smart city integration and adaptive surveillance

systems to enhance the effectiveness, transparency and scalability of future surveillance solutions.

|Intelligent Surveillance Systems |

[ Data Acqusition Layer ]
| CCTV Cameras | IP Cameras | Drones | IoT Sensors |Edge No-desl

[ Data Processing & Analytics ]
[Computer Vision| Deep Leaming | AT Analytics | Object Detection | Tracking |
[ Re-identification | Facial Recognition | AT Analytics | Gait Analysis | Behavior Analysis |

[ Surveillance Applications ]
| Access Control [ Crowd Flow Analysis | Anomaly Detection | Person Recognition |

[ Multi-Camera Surveillance Network ]
| Data Fusion | Object Re-identification Law Enforcement | Cloud Computing |

| Person Recognition [Spatio-Temporal Analysis| Distributed Monitoring |

ID&cision & Response LaVEII
| Real-Time Aterts [ Security Monitoring | Access Decision|
_l Threat Prevention | Law Enforcement Responsel_

[ Research Challenges ]
| Occlusion | Low Resolution | Privacy Issues |
[ Scalabitity | False Alarms | Environmental Variations |

Figure 1 Overview of the processing of intelligent surveillance systems.
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2.4 Challenges in AI-Driven Surveillance

Al driven systems have been found to work with a smooth flow and amplify existing societal biases available in their training data. There is
a higher false rate observation in facial recognition systems during prediction of individual’s faces, different skin tones and improper training
model [29], [30]. These issues may result in biases with suspicion, discriminatory profiling, and unnecessary detention. These types of
challenges together highlight the persistent importance of XAl in surveillance systems.

There are a number of challenges, along with the countless benefits, of recent technology; ethical and legal issues belong to Al-based
surveillance systems. All these issues are directly/ indirectly interconnected with one ground reality that the majority of deep learning models
are working as a black box [31]. Even though the deployed models might be intelligent to deliver a state-of-the-art result in anomaly detection
or object detection and person recognition [32]. Even though, majority of users would never get to know what truly happened that influence
a particular decision. Therefore, the non-interpretability of any deep learning models may open the back door to a number of threats. The
ethical concern is also a major problem as well as foremost issue in surveillance system. As people are having two interpretation ether privacy
or safety [33]. Al models have been found to perpetuate and exaggerate the social biases based on parameters of its training datasets. For
example, error rates of facial recognition algorithms for women and people with dark skin are higher. These prejudices can be the part of
wrong procedure, suspicious decision, unwarranted arrest or someone's discrimination [34].

All these above discussed problems highlight the urgency to implement XAl in surveillance. One of the important issues is legal responsibility
in jurisdictions where surveillance system evidence can be presented in court [35]. Nevertheless, the system may lack in credibility as the
legal authority sometimes cannot deliver clear and reasonable explanations of the system generated video [35], [36]. Therefore, they might
raise questions on the admissibility of the evidence. Another side, there is a critical aspect about public trust as they never willing to have
Al-based surveillance as it is not transparent. So, there are risks in operation, like lack of transparency and failure of the system operator to
detect errors and adjust the model according to the environment and threats. These interconnected problems suggest designing open and
explainable Al systems that are legally sound. This type of model may increase confidence in the population and minimize the risk of

violations during surveillance.

The concept of Al-driven surveillance is a marvelous option from research point of view. However, it also introduces a mess of technical,
ethical and legal issues. Even after, the majority of the deep learning models are black boxes, as they strip off some superheroic achievements
in seeing things, trailing individuals, marking suspicious activity [37]. Virtually nobody knows how they arrive at their judgment. That is not
only annoying, but it is dangerous. Al is more likely to identify and even amplify the biases present in the data it is trained on. It can result

in false claims and judgments.

2.5 Anomaly Detection and Behavioral Analysis

In the current literature, Al-driven CCTV cameras have focused on developments in anomaly detection, face recognition and behavioral
analysis [30], [32], [43]. Nevertheless, the transparency of the deep learning models deployed in such applications is a major problem. The
existing literature on XAl has shown it to be useful in improving the interpretability of Al, with the help of feature engineering techniques
and rule-based explanations [46], [47]. This section examines the weaknesses associated with the traditional surveillance Al models and the

increasing demand for transparency in the decision-making of the traditional surveillance AI models.

Conventional Al-based surveillance systems are typically a black-box type of implementation [31], [36]. This implies that the executive
processes in these models are not easy to understand by human beings. In practical terms, these systems can make significantly precise
predictions or determinations. However, it remains unexplained as to why such decisions were taken. This secrecy poses severe issues,
particularly in important uses such as face recognition and automatic alert creation, where it is vital to be aware of the rationale behind a
choice in order to uphold accountability and justice [48]. The lack of transparency in these models not only makes it harder to build user trust
but also makes it harder to identify and correct errors or biases made by Al systems.

Al models lack explainability due to traditional, highly questionable ethics. When it comes to the aspect of face recognition, e.g., there have
also been reports of Al systems being biased against a particular demographic, thus resulting in false positives or false negatives [42]. These
prejudices may be severe, including wrongful convictions. Likewise, the automated creation of alerts without explanations might lead to
unjustified surveillance or false threat assessments. All these ethical issues emphasize the importance of Al systems that are both correct and
understandable, so that their actions can be audited and their results interpreted by human beings. The following are some of the most
interesting review papers that explore Al-driven CCTV surveillance, including explainable Al, privacy implications, and ethics [49], [50],
[51]. All these research articles help to illuminate what Al means to the surveillance systems today, with the key point being that explainable
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models are the most important, ethical considerations and a well-established privacy protection are required to make Al-powered security
responsible and trustworthy.

Surveillance is becoming increasingly dependent on XAl to make its anomaly detection systems more transparent and interpretable. These
systems find use in the security field where they have the responsibility of detecting abnormal or suspicious activities in the surveillance
videos, including unauthorized access or uncontrolled movements [73]. The complexity of machine learning models usually causes the
system to be closed and thus hard to the security personnel to comprehend the reasoning behind the raised alerts. With the incorporation of
XAI methods, such systems can offer clear descriptions of the exact patterns or behaviours that resulted in the discovery of an anomaly and
therefore foster trust and enhance the usability of such systems in their practical implementation [1], [32].

Rule-based explanations are among the most effective methods for enhancing transparency in anomaly detection. In this approach, the system
will furnish a set of rules or conditions that spell out the particular factors that lead to the identification of unusual activity [74]. For example,
a security system can indicate that a person is visiting a restricted area outside normal working hours. The rule-based explanation may
elaborate that the observation was provoked by an abnormality in movement, such as a person walking where he is not supposed to be in the
first place. Such an explanation allows security personnel to more easily verify the system's decision and respond accordingly, i.e., whether
the action is truly suspicious or part of an authorized event.

2.6 XAl integration in anomaly detection

XAl integration in anomaly detection is useful for increasing the system's trustworthiness and for managing a higher level of threats. Security
teams would be well informed in the case of an alert to determine the severity of the situation and react accordingly when they have the
opportunity to know the reasoning behind the alert [1]. Explanations based on rules can enhance the system's continuous improvement, as
security personnel can provide feedback to refine detection rules and minimize false positives. By doing so, XAl facilitates a dynamic
feedback mechanism that allows human knowledge to improve machine learning algorithms, ultimately resulting in better, more reliable
anomaly detection in surveillance systems.

Surveillance EBA systems are changing how security personnel interpret the behaviors of individuals when detected and the response to
them. These systems are intended to study the tendency of human activity and define the actions that can possibly denote potential threats or
suspicious behaviour [75]. The behavioural analysis algorithms and models are often complex, and therefore the outputs are not transparent
and human operators may not be able to see how certain conclusions have been arrived at [36]. XAl is essential to help fill this gap as it

offers an explanation of some of the behavior and actions that culminated in the observation of a potential threat.

With XAI techniques, behavioral analysis systems are able to deconstruct and explain the pattern of activity that resulted in a conclusion,
like a person making erratic movements or coming near a restricted zone [76]. These descriptions can be concentrated on certain behaviors,
including lingering in a particular place unusually long or having suspicious body language. Explanations are also useful in assisting security
teams in ensuring that the system has been assessed, as well as increasing accountability, as the process behind the decisions can be traced,
and providing information on any potential weaknesses in the model predictions. Such transparency is especially important when behavior
analysis is involved in forecasting threats or giving warnings in high-stakes situations such as airports, governmental buildings, or critical

infrastructure sites.

XAl is also useful in enhancing the functionality of the behavioral analysis systems in the area of threat detection [24]. Provided that the
security personnel is capable of understanding the rationale behind flagged behavior, the security personnel is in a better position to analyze
the seriousness of the circumstance and react accordingly. XAl enables continuous system enhancement by allowing security teams to provide
feedback on false positives or missed detections. This feedback mechanism ensures that the models are fine-tuned to minimize errors as well
as it is the mechanism that shows that the system is receptive to new and emerging patterns. That being the case, it is accurate, reliable, and

responsive to explainable behavioral analysis systems, which are crucial instruments in current security operations.

XAI has an active role in increasing the interpretability and transparency of Al-driven decisions on different surveillance applications [41].
In video analytics, XAl may help to explain the exact visuals and patterns that trigger the identification of possible security breaches, so that
the personnel could confirm that it is accurate before taking any action. Likewise, in access control, XAl can provide information on why
people are allowed into or denied access, including the facial recognition match score or predictive behavior, and trust the system will increase
as a result. XAl based smart surveillance cameras can provide real-time clarifications to activities detected, and point out the characteristics
or behaviors that indicated such a person was suspicious. XAl is also useful in threat detection systems elucidating patterns and anomalies

underlying alert systems to provide informed and timely response to the possible threats.
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XAI enhances monitoring of the crowd to immediate detection in that, it explains the behavioral patterns that result in abnormal crowd
activity alerts, which will be helpful in managing the crowd [5]. XAl is also used in predictive analytics in surveillance to describe the risk
forecasts by determining what factors contributed to it, enabling proactive actions to be taken to avoid incidences. All of these applications
demonstrate the ways XAl can enhance transparency, accountability, and trust in Al-driven surveillance systems [77]. XAl enables human
operators to trust and act upon the outputs of the system by making Al decisions transparent and verifiable, exploring system outputs, and

doubting or confirming them, leading to better security management.

2.7 Explainable Al for CCTV Surveillance System

Explainable Al is an important solution to the gap between the abilities of Al and transparency that are necessary [41]. The goals of XAl are
to interpret the decisions made by Al as the real-life processes and to obtain the information about the inner processes within the Al models.
XA techniques like feature attribution techniques and rule-based explanations enable users to understand what inputs contributed to a
specific decision and in what way. XAl can support the trustworthiness and responsibility of Al systems by making them more understandable
by explaining how they make decisions. The use of XAl in CCTV surveillance may be vital in ensuring that Al generated alerts and detections

are clear and understandable [52].

Effective surveillance systems rely on trust, and the incorporation of XAI goes a long way in ensuring the establishment of such trust [53].
Users, including security personnel and the general public, will be more willing to trust these systems when they understand how the Al
systems arrive at their decisions. This is the trust that will enable the widespread adoption and use of Al technologies in public security. In
addition to that, explainable systems allow users to certify and confirm Al decisions, making sure that these decisions are dependable and
have sound principles and regulatory criteria. Basically, XAl is used to hold the Al systems answerable to its actions.

The other most important issue covered by XAl is regulatory compliance. As Al is becoming more frequently used in surveillance,
governments around the world are attaching higher demands of Al transparency and accountability [54]. XAl in CCTV surveillance also
presents new opportunities to interaction and feedback in use. Explainable systems enable users to give informed feedback of Al decisions
which could be utilized to tune and enhance Al models that suit the needs and expectations of users better. This article explores how XAI
can be utilized in an attempt to enhance the role of CCTV surveillance in order to make Al-based security solutions effective and ethical.
Explainable face recognition is a fast evolving area that sets out to increase the transparency and interpretability of face recognition systems
using XAl techniques [70]. XAI methods, such as SHAP and LIME, can be used to resolve these issues since they offer a clear picture of

how particular features of a face affect the system in making its decisions [71].

Table 1 presents a comprehensive study relevant to this paper, extracted from the literature, summarizing the contribution, strengths, and
findings of each mentioned research article. The capability of feature attribution techniques to identify the face features, including the mouth
shape, nose, or eyes, to be most useful in producing the recognition result. Such techniques operate by isolating and measuring the effect of
individual components of the face to provide human operators with the capability of verifying and learning the reason behind a particular
decision being made [64]. As an illustration, the XAl techniques can help determine whether the error was made by the face recognition
system recognizing the wrong person, or the error was caused by a defect in face features, including light, age, and facial expression. These
contributing factors can be isolated, and the system refined and retrained, leading to better accuracy and fairness.

Given the high stakes in the application of face recognition systems, transparency is particularly important for addressing issues of bias and
inaccuracy. As an example, it has been established that face recognition systems tend to be discriminatory against racial and gender
backgrounds with certain populations being wrongly identified more than others [72]. These biases may be computed and addressed using
XAI methods, providing deeper insight into the relationship between facial features and recognition errors. Moreover, this degree of exposure
enables easier questioning and verification of face recognition systems, which helps to make sure that it is efficient and effective. Lastly,
explainable face recognition can make user and stakeholder trust in these technologies by simplifying their decision-making processes for

access and understand.

To address these challenges, XAl methods have been proposed to make Al decisions more transparent and understandable. SHAP and LIME
are feature attribution techniques that are under researched recently [75]. The methods are used to determine the most important
characteristics to a model decision, thus increasing the responsibility of Al surveillance systems. Also, rule-based methods, such as decision
trees and logic-based models, offer human-readable explanations by projecting Al predictions to explicit and structured rules.

Despite the potential of XAL it has yet to become part of Al-driven surveillance systems, and its application remains a research issue. The

trade-off between model complexity and explainability is one of them. The most common objective of deep learning models is to maximize
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Table 1 Detailed strengths and findings of the research paper.

Ref. [Models Contributions Strengths Findings
[57] |Advanced Examines how visual Al techniques|Provides cross-domain|Highlights growing reliance on Al
Computer Vision |are shaping modern surveillance perspective with associated ethical concerns
[58]|AI +  Policy|Discusses  both  technical and|Connects policy with|Emphasizes need for responsible
Integration regulatory aspects of surveillance|system design Al deployment
systems
[40] |[CNN, RNN|Reviews application of deep learning|Broad  coverage  of|Indicates high performance but
Architectures in video-based monitoring algorithms dependency on large datasets
[59] | AT + IoT |Focuses on surveillance deployment|Real-world Identifies scalability and
Frameworks in smart city environments implementation insights |infrastructure challenges
[5] |Deep Neural |[Proposes techniques for identifying|Improves multi-camera|Performance affected by
Networks individuals across cameras tracking environmental variations
[35] | Conceptual Investigates ethical risks of AI|Strong critical | Raises concerns about privacy and
Ethical Models |surveillance perspective misuse
[34] |Deep  Learning|Develops methods to detect unusual |Handles complex event|Rare event detection remains
Models patterns in video streams recognition challenging
[60] | Adversarial Analyzes weaknesses in Al-based|Highlights system | Shows susceptibility to
Learning Models |surveillance systems vulnerabilities manipulation attacks
[61] |CNN-based Introduces datasets and evaluation|Supports real-world| Enhances detection reliability in
Detection Models |methods for detection tasks testing practical scenarios
[62] |Reinforcement  |Applies Al for  coordinated|Enables automated | Effective for large-scale
Learning surveillance using drones monitoring environments
[40] |Deep  Learning|Reviews limitations in tracking|Comprehensive problem|Identifies unresolved accuracy
Models individuals across views analysis issues
[27] | Al + 10T Systems |Explores current developments and|Forward-looking Suggests need for adaptive systems
future directions approach
[63] [YOLO, Faster R-|Presents high-speed object detection |Suitable for live|Trade-off between speed and
CNN techniques monitoring precision
[3] [Video Analytics|Surveys methods for extracting|Covers multiple|Improves  automated decision-
Models insights from video data techniques making
[41]|1oT + Al|Studies interconnected surveillance|Enhances system | Introduces additional security risks
Integration devices connectivity
[63] | YOLO Model Proposes fast detection mechanism for|High processing speed | Effective in time-sensitive
objects applications
[25] |[CNN (VGG) Introduces deep architectures for|High accuracy in| Computational cost is significant
feature learning classification
[64] |Neural Networks |Provides theoretical basis for Al|Strong conceptual |[Enables development of modern
systems framework models
[65] |CNN (AlexNet) |Demonstrates deep learning for image | Breakthrough Basis for later advancements
tasks performance
[1] |Deep  Learning|Uses real-world datasets for anomaly | Practical evaluation Improves detection benchmarking
Models detection
[66] | Autoencoders Detects anomalies without labeled|Reduces need for|Limited adaptability to new
data annotation scenarios
[67] |Fast R-CNN Improves speed of object detection  |Faster processing Suitable for real-time systems
[68] |HOG Features Uses feature-based human detection |Simple implementation |Less effective than deep learning
[69] |Regulatory Defines privacy protection standards |Legal enforcement | Influences surveillance policies
Models strength
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the model accuracy, but simplifying them to enhance interpretability can lead to poorer performance. There are several different models that
are accuracy-maintaining with transparency and have been suggested by researchers, a blend of a deep learning approach and an explainable
approach based on rules. The purpose of these hybrid structures is to keep Al in its predictive ability, but ensure its decision-making can be

easier to interpret by the security personnel and the regulatory body [53].

Although Al-based CCTV surveillance can achieve considerable progress in security, the lack of transparency in deep learning models is
one of the key challenges. This literature highlights the relevance of XAl techniques to enhancing the transparency of models, fairness and
privacy compliance. Future studies are to shift to creating scalable, interpretable, and unbiased Al models to increase the level of trust and
accountability in security applications. These issues will be essential to make Al-based surveillance systems effective and ethically

accountable.

2.8 Ethical Concerns for Explainable AI

All Al based surveillance systems need to be embedded with Explainable Al It is not an additional feature of surveillance, as it is a necessity
of time. Accountability in the law is also a large affair. The results of these systems are present in court evidence in many locations [38].
However, when the AI cannot justify how it made a call, judges and lawyers will not trust it, and the evidence may be dismissed. The question
of public trust is also important. Unless all the things occur in front of a curtain, people will not be willing to back up AI watching them.

When people develop a feeling that something looks murky, they oppose it, even to the point of court.

Another side operation headache may arise, and without a transparent system, the operators will be unable to determine what went wrong
and how to update the model when the threats evolve. All of these problems are intertwined and lead to the one solution for the creation of
Al systems that are clear, can be trusted in court and are also trusted by people [39]. This type of solution may allow the operators to perform
their duties in reality. Otherwise, there is only a continued accumulation of the risks.

Many new regulations and requirements of Al involve explainability as a significant requirement, as well as a matter of fairness [42]. Itis a
question of privacy, human control and ensuring that people are in control. The general population is getting aware of the functionality of
such surveillance systems and why certain decisions are made, the more trust increases. When individuals understand what exactly is going
on in the background, they will not be willing to resist surveillance. It is the right of every person to inquire and contest a judgement taken
by automated systems according to GDPR of the European Union. XAl offers the right tools to fulfil these regulatory needs by ensuring the
transparency and explainability of Al decisions. By taking steps to adhere to such regulations, XAl can not only reduce legal risks but also

ensure Al systems align with the values and norms of society at large.

There is a bright prospect of this through the use of XAI in CCTV based pro-surveillance alerts to achieve a tradeoff between security and
the protection of privacy [55]. On the one hand, Al-driven alerts make the security process more effective by enabling timely responses to
potential threats. Conversely, explainability makes sure that such alerts are founded on clear and defensible principles and protects the privacy
rights of individual people. Such two-fold approach toward security and privacy plays a vital role in ensuring the general acceptance and
approval of surveillance efforts. XAl can also alleviate the worries surrounding unnecessary surveillance and violations of privacy by giving

explanations on how Al-driven decisions are made [56].

Partials in Al models can be detected and minimized using XAlI techniques. The Als can be biased because of multiple causes such as biased
training data and incorrect algorithmic [5]. XAl enables stakeholders to identify and address these biases in advance by making the decision-
making process transparent. This is especially true when used in surveillance, where preferences may result in unfair targeting of certain

groups. XAl will help ensure that Al is used ethically in the security of the population by enhancing fairness and equity.

The global adoption of the use of the CCTV surveillance systems has radically changed the aspect of security in the public [35]. These
systems have now been developed to take advantage of advanced technologies of artificial intelligence as earlier used to only offer passive
observation. This advancement has made it possible to monitor surveillance in real-time and accomplish automated threat detection. This
makes the system highly effective in ensuring that the security agencies can detect and respond in time to the threats. The introduction of Al
to CCTV surveillance has also presented the ability to perform anomaly detection, face recognition and behavioral analysis features, which
have never existed before [43]. Nevertheless, such developments are associated with other issues such as the issue of transparency and

interpretability of Al-driven models.

The application of Al in CCTV surveillance has been an area of recent interest, transforming the world of security through surveillance and
threat detection [3], [4]. Traditional CCTV systems relied on manual observation, which was time-consuming and prone to human error.
Surveillance has been made efficient with the introduction of Al, whereby it is now possible to conduct facial recognition and detect

364



a
International Journal of Computer Information Systems and Industrial Management Applications @
ISSN 2150-7988 Volume 18(14s), (2026), pp. 356-373

© Cerebration Science Pubhshlng Cerebration Science Publishing

anomalies automatically [44], [45]. The developments have improved security functions and enabled real-time detection of threats and
suspicious activities. Nonetheless, even with these advancements, the implementation of deep learning models in surveillance practice has

been found to have several issues, particularly regarding their transparency and interpretability.

The black-box nature of deep learning models is one of the main issues in Al-based surveillance. These models take large volumes of data
and make decisions, yet the rationale behind their results remains obscure [31]. Such in transparency also poses some ethical and legal issues,
particularly when Al systems fail to classify people in the right way or produce biased outcomes. These are biases that affect the trust of
people in surveillance technology, which should be addressed by creating solutions of XAl to enhance the comprehensibility of the models.

Privacy protection is another important issue of Al-powered surveillance. All the widespread uses of CCTV and facial recognition lead to
the question of security of the data and personal rights. Researchers have highlighted the significance of privacy-respecting Al methods,
including different privacy and secure federated learning, to address the privacy risk posed by unauthorized access to data [18]. Through
such measures, the researcher is hoping that surveillance systems will be effective and remain within the provisions of the law like the GDPR.
Researchers have examined methods of fairness-conscious Al, which alter learning algorithms to reduce biases. The techniques are
adversarial debiasing, redistribution of weight to training data and integrating equality constraints into model optimization. In order to secure
civic trust and prevent the misuse of the technology, it is essential to ensure fairness in Al surveillance.

In addition, the interpretability of Al-based anomaly detection systems in surveillance is an important research interest. Traditional anomaly
detection systems examine trends of surveillance data and report suspicious behavior. But unless there are clear explanations of why an
operation is taken to be suspicious, security operators may have problems in validating Al generated alerts.

The concept of explainable Al is simply the creation of Al systems that humans can trust and relate to the problem arises. Explainable Al
not just sent an alert that somebody is suspicious, even you are also able to explore why the system alerted you about the person who was
found suspicious in the first place [40]. It is much simpler to make security teams or legal authorities accountable when individuals can
observe and trace the logic of the Al. The analyst can determine whether a call was made and whether it makes sense. The bias of Al is also
identified and corrected through this transparency [41]. When an analyst is able to have a look back at the way the Al has been trained, how
it makes the specific decisions and alerts.
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3 FRAMEWORK FOR PRO-SURVEILLANCE SYSTEM

The proposed surveillance architecture integrates multiple intelligent components to achieve secure, real-time monitoring and decision-
making in smart environments. Figure 2 shows the proposed pro-surveillance framework for the local alert system. The process begins with
the data acquisition layer, where cameras and IoT sensors continuously collect visual and environmental data from the monitored area.
Cameras capture video streams, while IoT sensors gather contextual information such as motion, temperature, or location data. A dedicated
security layer is incorporated at the initial stage to ensure secure communication, data confidentiality, and protection against unauthorized
access during data collection and transmission.

After data acquisition, the collected information is forwarded to the edge processing layer. The edge processing layer is crucial in the proposed
intelligent video surveillance framework, as it processes and filters event-related information before sending it to the Al and cloud layers.
Edge devices locally process video streams using adaptive difference imaging, noise removal, frame extraction, erosion calculations, and
other techniques to remove redundant and irrelevant information before sending the streams to centralized servers. This helps to save
bandwidth, lower latency, and enhance the response speed of the surveillance system, which is crucial in large-scale smart monitoring

systems.

The edge layer determines the importance of the events in the surveillance and selectively detects fire detection, intruder detection, loitering
detection and fall detection. Depending on the surveillance object, various analytical methods are used. Fire detection includes optical flow
and color pattern analysis to identify fire characteristics, while intruder detection uses Haar-like feature extraction and deep learning-based
facial recognition to identify unauthorized individuals. In the same way, loitering detection is based on variations in the balance point angle
and movement distance to detect suspicious stationary behavior, while fall detection uses motion information and acceleration patterns to

detect human falls in emergency situations.

The system filters and processes only relevant surveillance events at the edge, dramatically boosting computational efficiency and alleviating
the load on cloud infrastructure. The edge layer is designed to only pass on security relevant data to the upper layer of Al analysis and
decision layers for alerts. This distributed processing approach enhances the scalability and reliability of intelligent surveillance systems in
smart cities, healthcare facilities, transportation systems and critical infrastructure, as well as accelerates threat response. The processed data
is then supplied to the Al analysis module, which employs artificial intelligence and machine learning algorithms for object detection, facial
recognition, anomaly detection and behavioral analysis. This layer enhances surveillance efficiency by automatically identifying suspicious

activities and extracting meaningful insights from large-scale data streams.

At the final step, the analyzed results are transmitted to the decision system and cloud layer for centralized monitoring, long-term storage
and advanced analytics. The decision system generates alerts, supports automated responses and assists security personnel in making accurate
operational decisions. The cloud layer further enables scalable storage, remote accessibility and integration with distributed surveillance
networks. As illustrated in the framework, security mechanisms are implemented across every layer of the architecture, ensuring end-to-end
protection, data integrity and reliable operation of the intelligent surveillance system in modern smart city and critical infrastructure
applications.

Pro-Surveillance alert system, which is an explainable Al, is created to improve real-time monitoring by combining intelligent anomaly
detection and transparent decision making. This system has an interpretable focus, unlike the traditional black-box models, to create user
trust and accountability [31]. It makes sure that it is efficient in its operation as well as ethical in its implementation in surveillance settings
by linking automated warnings to explainable reasoning. The suggested surveillance system combines various elements to achieve effective
surveillance. It is a combination of detection, tracking, face recognition, anomaly analysis, and explainability capabilities. These modules

combined increase accuracy, transparency, and adherence to privacy norms.

The face recognition system leverages advanced deep learning frameworks, including CNNs and transformer networks, to ensure robust
identity verification in a surveillance setting. These models are trained on large and mixed datasets to guarantee great accuracy in different
settings, such as lighting alterations, masking and stance. The module allows performing accurate matching with enrolled identities by
extracting unique facial features and encoding them into discriminative embeddings. The system is also improved by the introduction of
Transformer-based models, which help to achieve more global contextual relationships in face data [65]. Therefore, recognition performance
improves under more complex real-world conditions. With the latest state-of-the-art XAI techniques, such as SHAP, LIME and
counterfactual reasoning, an explainability layer is included in this to ensure transparency and trust in the identification process. SHAP values
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are useful in determining the contribution of individual facial features to the decision, whereas LIME gives locally interpretable
approximations to the model behavior when making specific predictions [78]. Counterfactual explanations introduce a "what-if" element by
showing how minor manipulations of facial features may change recognition results. This stratified method enables the system operators and

auditors to read and confirm the model decisions, thus reducing biasness and promoting accountability.

Figure 3 represents a complete process Al based surveillance with their data privacy including local alert alarm. In this figure, the alert
generation component is the real-time response mechanism to the system, and it generates instant security alerts when it detects a possible
threat or attempts at unauthorized access. These alerts are not a binary output but are backed by explainable decision outputs from the
explainability layer. As an example, when a person is identified as hazardous, the system will be able to show which facial features, behavioral
patterns, or other environmental factors led to that definition [79]. This not only helps in faster and better-informed decision-making of

security personnel, but also offers a verifiable audit trail of post-incident analysis and compliance reporting.

CCTYV footage/face recognition

v

Privacy protection for known faces

v

EAI Layer & Alert mechanism

v

Local Alarm generation

Figure 3: Privacy-aware-based system Al alerts and local alarm generation.

Simultaneously, it has a privacy protection framework in place to secure sensitive biometric information so that it does not violate
international data protection laws like GDPR [80]. Such methods as differential privacy is implemented to introduce statistical noise to data
so that individuals cannot be identified but still have useful analytical properties. Moreover, federated learning with security minimizes the
risks of exposure to data since it allows training models on decentralized data without access to raw facial images. Such a privacy-centric
design can make the face recognition system highly effective in its operations and at the same time ethically responsible, which corresponds

to the requirements of the law and the trust of people.

4 RESEARCH GAP AND ANALYSIS

The experimental analysis of the suggested pro-surveillance CCTV structure was tailored in such a way that it would evaluate the performance
based on a number of dimensions, such as detection and tracking accuracy, face recognition reliability, anomaly detection, explainability,
and efficiency of the system. It is also in the context of bias mitigation and privacy compliance, which the study prioritized. The goal was to
show that the application of XAl to real time surveillance can improve transparency and fairness without reducing the speed of operations

and accuracy of detection.

The various aspects of the framework were addressed using multiple datasets. To ensure face recognition and evaluate fairness, VGGFace2
was used for training and FairFace for testing demographic-specific performance. The datasets of WIDER FACE and MOT17 were used in
face detection and tracking, respectively. The UCF-Crime and the ShanghaiTech Campus datasets were trained and tested on anomaly
detection models. Also, an in-house CCTV dataset of 18 hours of 720p video recordings of indoors and outdoors settings was gathered,
annotated, and subjected to real-life validation. Ethical standards were observed in all in-house data collection, and appropriate signage,

storage retention and anonymization rules.

The suggested system integrated several Al modules. Real-time person and face detection was performed using YOLOVS, and object tracking
was performed using DeepSORT. ArcFace was used to form the basis of face recognition, and a version was implemented to detect anomalies
in a Temporal CNN-Transformer architecture. To provide the ability to read, a framework was used to obtain SHAP, LIME and Grad-CAM
to produce the visual and textual explanations of every alert. Descriptions were also provided on the most contributing features, visual

heatmaps and counterfactual insights which were created in real time with a small latency.
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Video stream decoding at the native frame rates, resizes of frames to the optimum resolution of each of the models, face alignment, and data
augmentation was used as preprocessing steps during training. The inferential pipeline was constructed to manipulate incoming frames
sequentially- identify and track people, extract face embeddings, detect anomalies, generate explanations and send structured alert data to a
message bus to be visualized. Per-stage latency, throughput and resource consumption were performance hooks documented to quantify the

overhead caused by the XAI components.

The evaluation metrics have been chosen in order to evaluate accuracy, fairness, explainability, and system performance. MAP, IDF1 and
MOTA were used to evaluate object detection and tracking whereas ROC-AUC, TAR and Equal Error Rate (EER) were used to evaluate
face recognition performance. The measures of fairness were demographic parity and equalized odds, depending on the subgroups, namely
gender and skin tone. Anomaly detection was considered using AUC, F1 score and time-to-detect. The measure of explainability was
faithfulness tests including deletion/insertion AUC, localization accuracy, sparsity and time of explanation generation. Lastly, the efficiency

of the system was measured as end-to-end latency and frame-per-second throughput and the utilization of GPUs.

Ablation experiments were done to examine how various model structures, video resolutions, frame rates and XAl approaches impact the
overall system performance. It has also considered the effect of different fairness mitigation measures, such as reweighting and calibration.
Mean results across several random seeds were averaged to obtain statistical strength, and confidence intervals were provided. This holistic
experimental procedure was the reason the analysis focused on the technical performance, as well as the ethical aspect of implementing XAI-

enabled surveillance systems in practice.

5 FUTURE DIRECTIONS

This study highlights the importance of implementing explainable artificial intelligence to the Al-powered CCTV surveillance systems,
where transparency does not need operational performance. SHAP and LIME had a useful interpretative value and security operators can
trace the rationale of each detection or alert. This has been especially applicable in surveillance, where accountability and justification of
evidence is paramount. These techniques helped improve confidence in automated decision-making by visualizing the contribution made by
features to the models, thus closing the divide between the workings of deep learning models and human cognition.

The other important lesson learned during the study is the reduction of demographic bias during face recognition tasks. The explainability
added in the process of assessing the model showed that there are differences in accuracy between gender and racial groups, which can be
used to make specific bias reduction actions. Such imbalances will need to be addressed to ethically adopt Al because discriminatory practices
and compromised trust in the security systems will be the result of bias in security systems. The enhanced fairness in our framework is in
balance with the general Al governance principles, which points to the fact XAl can be both a diagnostic and remedial element to bias in

surveillance practice.

The framework provided real-time pro-surveillance warning with a very low computational cost, and so interpretability is not required to be
incurred at the cost of efficiency. This is important since often surveillance environments require fast reactions and any delay caused by the
explanation generation might undermine its effectiveness. The findings verify that when properly implemented, XAlI-enhanced models can
provide not only quick notifications but also be easily explainable, and thus, are a good fit in high-stakes and large-scale security systems.
The overall outcome of this work justifies the possibility of a Pro-Surveillance approach which considers explainability, fairness, and

efficiency as one, coherent framework.

6 CONCLUSION

This study presents a comprehensive analysis of recent research on XAl-driven pro-surveillance CCTV systems, encompassing both
efficiency and ethics in their operation. The study covers the concept of explainability integrated into Al-based surveillance. Such frameworks
will make decision-making processes transparent. It also emphasized enhancing the level of trust the population has in it, enabling tracing
decisions in court and compliance with the new regulatory requirements. This performance-accountability two-pronged approach makes the
system a potential way to balance the imperatives of security and civil liberties. Another promising study also focuses on enhancing real-
time inference, incorporating more sophisticated privacy-preserving solutions. Although testing the framework's performance across a wide

range of deployment settings is necessary to ensure it is scalable and acceptable to society.

Further investigations need to concentrate on the field of intersection between computer vision, deep learning, and XAl which is an area of
innovation for advanced surveillance. There is active exploration in designing interpretable architectures without losing accuracy, finding
visualization methods to explore decision paths and finding standardized assessment metrics of explainability. Scalability of the XAl-enabled
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surveillance, which guarantees that the explanations are consistent and reliable even when scaling to high-volume, real-time surveillance
conditions, is also a technical challenge. With cities, organizations, and governments adopting Al as a part of their infrastructure in the field
of public safety, the adoption of XAl in surveillance is not only an upgrade, it is a necessity to make sure that technological advancement is
consistent with the values and legal principles of society. XAl may add an alarm system to notify people of an outside boundary when
required, as a pro-surveillance measure. In addition to this, the use of social models in crowd analysis is still unexplored, where many

contributions could be provided.
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