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Abstract This paper introduces the core methodology and
experimental foundation of the Adaptive Al-Driven
Surveillance (AADS) framework, designed to address
critical limitations in conventional video surveillance
systems. By combining advanced object detection,
anomaly detection, and multi-sensor fusion, this
framework aims to deliver real-time, scalable, and
context-aware security solutions. The section details the
underlying models, algorithms, and experimental setups
used to validate the system's performance in diverse
environments. Through comprehensive analysis, the
section demonstrates how the proposed approach
enhances detection accuracy, minimizes false alarms, and
ensures efficient monitoring, paving the way for robust,
real-time threat identification and proactive decision-
making. The AADS framework represents a major step
forward in intelligent surveillance, blending adaptability,
efficiency, and ethical considerations. Through its robust
design and validation across multiple scenarios, the
system promises significant contributions to public safety,
operational efficiency, and overall security.
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1. Introduction

Surveillance systems equipped with Al and machine
learning are at the forefront of modern security
applications. Several approaches have been proposed,
including object tracking, anomaly detection, and
behavior analysis. By embedding Al in existing CCTV
infrastructure, organizations aim to detect threats earlier,
enhance safety, and automate critical interventions. This
review considers the role of Convolutional Neural
Networks (CNNSs), real-time anomaly detection models,
and resource-constrained edge computing in video
analytics.

Overview of Literature on Advanced Al Techniques in
Surveillance

The literature includes works on deep learning,
convolutional neural networks (CNNSs), object tracking,
and Al-based anomaly detection:

e Dubal et al. (2018) emphasized resource-
constrained deployment of video analytics on
embedded devices, particularly highlighting
YOLO and MobileNet models for effective edge
computing solutions.

e  Verdejo et al. (2020) proposed an ontology-
driven system with video metadata extraction for
multi-sensor integration in global security
applications, ~where  Al-driven situational

awareness
provided enhanced threat prediction and
mitigation capabilities.

The primary focus has been improving real-time
detection, minimizing false alarms, and
developing systems capable of autonomous
decision-making  for  optimized response
strategies.
Customization of CNNs for Video Surveillance
Deep learning techniques, particularly CNN-based
architectures, are widely adopted in real-time object
detection and anomaly detection. Customized models
trained for specific deployment scenarios outperformed
generic models in accuracy and efficiency. Techniques
like transfer learning, fine-tuning, and augmentation
contribute to enhancing the performance of customized
surveillance systems.
The Way Forward: Novel Techniques for Al-
Enhanced Surveillance
To address the research gaps, this paper proposes using a
combination of CNN-based models, transfer learning, and
custom datasets. Customization of Al algorithms to
specific contexts such as crowd movement prediction and
crime prevention, and integrating additional data streams
(e.g., 10T sensors and thermal cameras) will be central to
the proposed system. Enhanced predictive models and on-
site
deployment using lightweight algorithms will ensure real-
time accuracy while addressing scalability concerns.
The upcoming sections will delve into the methodology,
system architecture, and implementation strategies for this
enhanced surveillance system. Further validation through
simulation-based performance metrics and field testing is
anticipated.
Surveillance technologies have rapidly evolved as the
demand for public safety, crowd control, and crime
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prevention continues to escalate in response to growing
urbanization, technological dependency, and rising
security threats. Central to this evolution is the deployment
of closed-circuit television (CCTV) systems, which have
become indispensable in monitoring public spaces,
transportation  hubs, and workplaces. However,
conventional surveillance mechanisms still  face
significant challenges despite their widespread use. The
volume of video data generated far exceeds human
capabilities for manual review and assessment, leading to
delays, missed incidents, and limited actionable responses.
Security operators often face fatigue, information
overload, and cognitive strain, which diminish their ability
to detect threats or anomalous behavior in real-time.
Furthermore, traditional systems heavily depend on post-
event analysis, which is reactive rather than proactive.
These issues highlight the limitations of human-operated
CCTV networks in complex, high-density environments.
Existing surveillance solutions, particularly those relying
on traditional video monitoring, offer baseline security but
fail to adapt dynamically to emerging threats in real time.
Legacy systems primarily function by storing video data
for later review, with little emphasis on automating
detection or preemptive threat identification. They use
primitive techniques like motion-based triggers or
boundary-crossing alerts, which generate numerous false
positives and leave room for human error. Although some
advanced systems have begun incorporating automated
features, they generally rely on static algorithms incapable
of distinguishing between benign and malicious activities
under changing environmental conditions. Most current
deployments depend on centralized architectures where
video footage is transmitted to control centers for
evaluation. This creates additional delays and bandwidth
consumption, limiting the system's ability to make rapid
decisions and reducing its scalability to cover larger
regions. Moreover, the dependency on cloud-based
solutions for data analysis introduces concerns related to
latency, privacy breaches, and service interruptions.
Despite incremental improvements in automated
monitoring through the integration of object detection,
motion tracking, and face recognition, the systems remain
unsatisfactory in achieving comprehensive threat
management. A major drawback is their inability to
generalize well across diverse settings without excessive
reconfiguration or retraining. For instance, video analytics
trained on generic datasets perform poorly when deployed
in site-specific scenarios, such as railway stations,
airports, or high-traffic pedestrian zones, where crowd
behaviors and activity patterns differ significantly.
Similarly, anomaly detection systems frequently suffer
from high false alarm rates because they struggle to
distinguish genuine threats from contextual anomalies like
sudden crowd dispersals due to non-criminal
reasons. Background noise such as lighting changes,
weather conditions, or occlusions further complicates
automated analysis, often resulting in missed detections
during critical moments. Additionally, privacy concerns
stemming from invasive video recording and data sharing
have raised public resistance to widespread surveillance
deployment, which remains an unresolved socio-technical
challenge.

The limitations of current CCTV networks are exacerbated
by inadequate customization of their underlying
algorithms. Most commercially available video analytics
solutions use generic pre-trained models optimized for
controlled environments rather than real-world, dynamic
settings. As a result, they lack the precision and contextual

adaptability required to operate effectively in complex
public spaces. Deep learning architectures such as
convolutional neural networks (CNNs), although
promising, require extensive training on large, labeled
datasets that are often unavailable or expensive to generate
for specific domains. Moreover, the computational
requirements of deep learning models make them
unsuitable for real-time processing on resource-
constrained edge devices, leading to delayed detection and
higher infrastructure costs when offloaded to centralized
servers. Security operators need systems that not only
detect threats quickly but also provide actionable
intelligence in a timely manner. However, existing
deployments largely focus on retrospective analysis, with
limited capabilities for predictive modeling or proactive
intervention.

Addressing these gaps necessitates a novel approach that
integrates advancements in Al, machine learning, and
distributed computing while ensuring scalability and
context-specific adaptability. The proposed model
leverages customized deep learning algorithms, primarily
using enhanced CNN architectures, to enable real-time
object detection, crowd behavior prediction, and anomaly
identification tailored to specific environments. By
training models on contextually relevant datasets and
employing transfer learning techniques, the system can
improve its performance without requiring vast amounts
of data from every deployment site. Unlike traditional
systems, the proposed solution utilizes resource-
constrained models optimized for edge devices, allowing
on-site processing of video feeds with minimal latency.
This decentralized architecture reduces reliance on
centralized servers, thereby improving response times and
making the system more resilient to network disruptions.
An essential feature of the proposed model is its capability
for proactive threat mitigation through predictive
analytics. By continuously analyzing crowd movements
and historical data, the system can forecast potential risks
and generate preemptive alerts, enabling security
personnel to take preventative measures before incidents
escalate. For example, sudden crowd agglomerations near
sensitive areas could trigger early warnings for potential
stampedes or illegal gatherings. Similarly, Al-driven
facial recognition and object tracking can help identify
persons of interest or abandoned objects in crowded
environments, significantly enhancing public safety. The
integration of anomaly detection algorithms fine-tuned to
minimize false positives ensures that alerts are both
accurate and actionable, thus addressing one of the
primary concerns of current systems. Unlike conventional
systems prone to alarm fatigue, the proposed model
incorporates contextual understanding, enabling it to
differentiate between routine and suspicious behaviors
based on situational cues.

The deployment of multi-sensor fusion further enhances
the system's situational awareness by combining video
analytics with data from complementary sources such as
10T sensors, thermal cameras, and drone feeds. This fusion
not only improves detection accuracy but also provides a
holistic view of the monitored environment, reducing
blind spots and enhancing decision-making. For instance,
0T sensors can detect environmental anomalies like gas
leaks or temperature spikes, which, when correlated with
video evidence, could indicate industrial safety hazards or
arson attempts. The system's modular design allows for
incremental upgrades and integration with existing
infrastructure, thereby
offering a cost-effective pathway for organizations
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seeking to modernize their surveillance capabilities.
Security personnel can access real-time insights through
user-friendly dashboards that visualize crowd density,
security breaches, and incident hotspots, facilitating better
resource allocation and quicker responses.

To address the challenges associated with data privacy and
public acceptance, the proposed model incorporates
privacy-preserving techniques such as on-device
processing, encrypted data transmission, and automated
redaction of sensitive information. By processing video
feeds locally on edge devices, the system minimizes data
exposure and ensures compliance with privacy
regulations, alleviating public concerns about mass
surveillance. Additionally, the system can selectively blur
or mask personally identifiable information before
transmitting data to centralized servers, preserving
individual privacy without compromising security
effectiveness. This approach balances the need for
comprehensive monitoring with ethical considerations,
making it more acceptable for deployment in public
spaces.

The novelty of the proposed solution lies in its ability to
deliver scalable, real-time surveillance with minimal
infrastructure overhead while maintaining high accuracy
and adaptability. Unlike existing models that require
substantial manual intervention for retraining and
configuration, the proposed system employs semi-
supervised learning techniques to continually improve its
performance by learning from new data. This self-adaptive
mechanism reduces maintenance costs and ensures that the
system remains effective even as operational conditions
evolve. Furthermore, by incorporating explainable Al
(XAl) techniques, the system can provide interpretable
insights into its decision-making process, enhancing
operator trust and enabling corrective actions when
necessary.

Ultimately, the proposed model bridges the gap between
reactive and proactive surveillance by combining state-of-
the-art deep learning with predictive analytics and multi-
sensor integration. Its ability to detect, predict, and
mitigate threats in real-time addresses the critical
limitations of traditional systems, offering a
comprehensive security solution for ‘urban spaces,
transportation hubs, and other high-risk areas. By
overcoming the constraints of existing systems and
tailoring its functionality to sitespecific needs, this model
paves the way for a new era of intelligent, efficient, and
privacy-conscious surveillance that significantly enhances
public safety and operational efficiency.

2. Related Work

This section provides a comprehensive review of the
existing literature on Al-powered CCTV surveillance
systems. The purpose is to understand key advancements,
identify existing gaps, and explore novel opportunities for
using customized Al and machine learning techniques in
real-world video surveillance for crime prevention, crowd
management, and public safety enhancement.

A thorough analysis of literature was conducted,
particularly focusing on the works relevant to computer
vision advancements, object detection, anomaly detection,
and security-focused implementations of surveillance
systems.

Table 1 summarizes key contributions in the literature
based on core performance metrics, strengths, and
limitations.
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Key Research Gaps Identified

o Real-time Efficiency: Traditional CNN models
may be computationally expensive, leading to
delays.

e  Customization Needs: Off-the-shelf models often
fail to meet specific security requirements in
diverse scenarios.

o False Alarm Reduction: Addressing false
positives remains a major challenge in real-time
threat detection.

3. Methodology

Convolutional Neural Networks: The Foundation of
Video Analytics

Convolutional Neural Networks (CNNs) form the
backbone of computer vision-based applications and are
extensively used in object detection, classification, and
segmentation. A CNN consists of several layers designed
to automatically and adaptively learn spatial hierarchies of
features from input data, making it particularly effective
for video surveillance tasks where detecting, localizing,
and classifying objects in frames are critical.

The basic structure of a CNN involves three main types of
layers: convolutional layers, pooling layers, and fully

JETIR2503050 |

Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | a397


http://www.jetir.org/

© 2025 JETIR March 2025, Volume 12, Issue 3

www.jetir.org (ISSN-2349-5162)

connected layers. The operation of a convolutional layer is
defined as:

M N
fi?’=0<z Z Wiin - xll+11n]+n+bl>
where:

. fiﬂ- is the feature map value at location (i,j) in
layer [,
e W}, denotes the convolution kernel (or filter)
applied in layer [,
o X[imj+n IS the input at location (i +m,j +n)
from the previous layer [ — 1,
e blisthe bias term,
e g(-) is the activation function, typically ReLU
(Rectified Linear Unit) defined as max(0, x).
The convolutional operation extracts important spatial
features such as edges, corners, and textures, which are
further refined through multiple layers. Pooling layers
(often max pooling) down-sample the feature maps to
reduce computational complexity while retaining essential
information. Fully connected layers at the end of the CNN
process the extracted features to make final predictions.
In video analytics for surveillance, CNNs detect and
classify objects such as people, vehicles, or suspicious
items, enabling accurate crowd monitoring and anomaly
detection. Fine-tuning of CNN models through transfer
learning allows customization for specific environments,
improving detection accuracy without requiring large
datasets.
Object Detection and Localization
Object detection involves both classifying objects within
an image and determining their spatial locations using
bounding boxes. Modern object detection algorithms
include region-based CNNs (RCNN), Faster R-CNN,
YOLO (You Only Look Once), and SSD (Single Shot
Multibox Detector). The detection process generally
involves two components: region proposal and
classification.
For YOLO, the detection task is formulated as a regression
problem, predicting bounding box coordinates (x,y, w, h)
along with class probabilities directly from an image. The
model divides the input image into an S x S grid, where
each grid cell predicts a fixed number of bounding boxes
and associated confidence scores. The prediction output is
represented as:
Output =S XS X (BX5+0C)
where:
e S x S denotes the grid size,
e B isthe number of predicted bounding boxes per
cell,
e 5 corresponds to the parameters ( x,y,w,h,
confidence),
e  ( is the number of object classes.
The confidence score for a bounding box is defined as:
Confidence = P( Object ) X [oUpreq, rutn
where P( Object ) indicates the probability of an object
being present and IoU,q IS the Intersection over
Union between the predicted and ground truth bounding
boxes.
Non-maximum suppression (NMS) is applied to filter out
overlapping bounding boxes by selecting the one with the
highest confidence score. The NMS algorithm iteratively
selects boxes while discarding those with high overlap,
based on a predefined threshold:

loU = Area of Overlap
ov= Area of Union

Anomaly Detection in Video Surveillance
Anomaly detection involves identifying unusual or
abnormal events in video streams. This is crucial in
surveillance, where detecting events like unattended
baggage, suspicious movements, or crowd congestion can
prevent incidents before escalation. Anomalies can be
detected through supervised, unsupervised, or semi-
supervised learning techniques, with autoencoders and
Gaussian models being popular choices.
An autoencoder, commonly used for unsupervised
anomaly detection, consists of an encoder-decoder
network trained to reconstruct input data while minimizing
reconstruction error. Let x € R™ be an input feature vector
and x the reconstructed output:
% = D(E(x))

where:

e E(:) is the encoder that maps the input to a

compressed representation,
e D(-) is the decoder that reconstructs the input
from the compressed representation.
The objective of the autoencoder is to minimize the
reconstruction loss:
L(x, %) = ||lx — ||

During inference, events with high reconstruction errors
(above a certain threshold) are flagged as anomalies. This
approach works effectively in scenarios where anomalous
events deviate significantly from normal patterns.
Multi-Sensor Integration and Data Fusion
To enhance surveillance performance, the proposed model
integrates data from multiple sensors, including video
cameras, 10T devices, and thermal sensors. Multi-sensor
fusion combines information from diverse sources to
improve detection accuracy, reduce blind spots, and
provide richer situational awareness. The data fusion
process can be modeled mathematically using weighted
averages or probabilistic methods.
Consider sensor outputs zy,z, ..., z, from n different
sources. The fused estimate X can be computed as a
weighted average

x —Z w;z; where Z w; =1

Alternatively, a probablllstlc approach based on Bayesian
fusion can be used to estimate the posterior distribution of
the state x given sensor measurements:

P(x | 21,23, ., Zn) X P(21, 25, o, Zyy | X)P(X)
This probabilistic model accounts for sensor uncertainties
and correlations, making it robust against noisy or
incomplete data.
Theoretical Bounds and Lemmas for Detection
Accuracy
The accuracy of anomaly detection and object
classification systems can be theoretically bounded using
concepts from probability theory and statistical learning.
Let P (Correct Detection) represent the probability of
correctly detecting an object or anomaly. Given N
independent trials, the expected number of correct
detections is:

E( Correct Detections ) = N X P( Correct Detection )
Applying Hoeffding's inequality, the probability of
deviating from the expected value by more than € is
bounded by:

2€?
P(JX —E(X)| =€) < 2exp (—T>

This provides a measure of reliability for detection
systems under varying conditions and sample sizes.
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Notation Table

Notation Description
£ Feature map value at location (i, j) in
J layer [

(45 Convolution filter weights

xf;}n‘ j+n Input feature from the previous layer

o(?) Activation function, typically ReLU

(x,y,w, h) Bounding box parameters

P( Object) Probability of object presence

loU Intersection over Union metric

L(x, %) Reconstruction loss in autoencoders

E(x),D(x) Encoder and decoder functions

£ !:used _estimate from multi-sensor
integration

This section establishes the essential theoretical
framework required for understanding the proposed
surveillance model. Subsequent sections will expand on its
implementation, integration into existing CCTV networks,
and experimental evaluation.

Section 4: Proposed Methodology - Adaptive Al-
Driven Surveillance (AADS) Framework

This section introduces the proposed methodology for a
novel, scalable, and adaptive Al-based CCTV surveillance
system termed Adaptive Al-Driven Surveillance (AADS).
The methodology combines advanced deep learning,
multi-sensor fusion, real-time anomaly detection, and
predictive analytics to overcome the limitations of
conventional surveillance systems. The proposed design
includes object detection, crowd behavior prediction,
anomaly detection, and real-time decision-making, with a
detailed explanation of algorithms and equations.
Overview of Methodology

The Adaptive Al-Driven  Surveillance  (AADS)
methodology integrates three key components:

1. Object Detection and Classification using CNNs:
To detect and classify objects in video frames
efficiently using YOLO-based models.

2. Anomaly Detection using Autoencoders:
Identifying abnormal behavior or events using
reconstruction loss analysis.

3. Multi-Sensor Fusion and Decision-Making:
Combining inputs from video, 10T sensors, and
thermal cameras for accurate situational
awareness.

These modules operate in a distributed manner on edge
devices, ensuring low-latency performance with on-site
processing.

Design and Mathematical Formulation

The system architecture consists of three stages:
Detection, Analysis, and Decision-Making.

Stage 1: Object Detection and Classification

The system starts by detecting and classifying objects in
the video streams using a YOLO-based model. The
detection framework divides each input frame into an
S x S grid. Each cell predicts bounding boxes, object
confidence scores, and class probabilities.

YOLO Prediction Equation:

Prediction Vector = [x,y,w, h, confidence , ¢4, C5, ..., C¢]

where:
e (x,y) is the center of the bounding box relative
to the grid cell,
e w,h are the width and height of the bounding
box,
e confidence is the product of object presence
probability and loU,
e ¢; represents the class probabilities for the i-th
object class.
The loss function for YOLO combines localization error,
confidence error, and classification error:

L= Acoordz OZ] 010bJ [(xl - J?L)z + (y }71)2]

sty | (- VB

)

This loss function ensures accurate localization of objects
while penalizing false detections.
Stage 2: Anomaly Detection using Autoencoders
After detecting objects, the system identifies anomalies
using an autoencoder-based approach. The encoder maps
the input feature vector to a lower-dimensional
representation, and the decoder reconstructs the input.
Encoder Equation:
h=fg(x) =a0(Wx +b)
Decoder Equation:
£ =gph) =c(W'h+Db")

The goal of the autoencoder is to minimize the
reconstruction error:

L(x, %) = ||lx — ||
An anomaly is flagged if:

L(x,%)>96

where § is a threshold derived from training data.
Stage 3: Multi-Sensor Fusion and Decision-Making
For enhanced situational awareness, the system integrates
inputs from multiple sources (e.g., 10T sensors, thermal
cameras) using a probabilistic approach. Bayesian fusion
is applied to combine sensor outputs while accounting for
uncertainties.
Bayesian Fusion Equation:
P(x | z1, 23, ..., Zp)

&< P(z; | x)P(z5 | x) ... P(z,, | x)P(x)
The fused estimate X represents the combined belief over
the state of the system, guiding decisionmaking.
Proposed Algorithms
Algorithm 1: Object Detection using YOLO
Step 1: Divide the input video frame into an S X S grid.
Step 2: For each grid cell, predict bounding boxes and
class probabilities using the YOLO prediction equation.
Step 3: Apply non-maximum suppression (NMS) to
eliminate redundant bounding boxes.
Step 4: Output the final set of detected objects with their
corresponding locations and confidence scores.
Algorithm 2: Anomaly Detection using Autoencoders
Step 1. Extract features x from detected objects using
convolutional layers.
Step 2: Pass the features through the encoder to obtain
compressed representation h = fa(x).
Step 3: Reconstruct the input using the decoder X =
9o ().
Step 4: Compute the reconstruction error L(x, %) = [|x —
Z)1%.
Step 5: If L(x, %) > 6, classify the event as anomalous.
Step 6: Generate an anomaly alert if required.
Algorithm 3: Multi-Sensor Data Fusion and Event
Detection
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Step 1: Collect data z; from multiple sensors (video,
thermal, 1oT).
Step 2: For each sensor, compute the likelihood P(z; | x).
Step 3: Apply Bayesian fusion to estimate the posterior
probability P(x | 2,2, ) Zy).
Step 4: Determine the overall confidence of the event
being a security threat.
Step 5: Trigger alerts based on the confidence level and
predefined thresholds.

Working Procedure of the AADS Framework

1. Input Collection: Video streams are fed into the
object detection module, while complementary
sensor data is collected from loT and thermal
Sensors.

2. Object Detection: The YOLO-based detection
algorithm processes each frame to detect and
classify objects, outputting bounding boxes and
class predictions.

3. Feature Extraction and Encoding: Features from
detected objects are extracted and passed through
the autoencoder for anomaly detection.

4. Anomaly Analysis: The system computes the
reconstruction error and compares it with the
threshold & to detect anomalies.

5. Sensor Fusion: Data from multiple sensors is
combined using Bayesian fusion to improve
decisionmaking accuracy.

6. Event Triggering: If the anomaly score or
detection  confidence exceeds predefined
thresholds, the system triggers alerts and suggests
interventions.

Mathematical Workflow Summary
The mathematical workflow of the system involves:
1. Object detection via YOLO:
Output = {(x, y,w, h, confidence , ¢;)}
2. Anomaly detection via autoencoders:
L(x,%) > § = Anomaly detected

3. Multi-sensor data fusion using Bayesian
inference:

P(x | 21,273, e, 2n) X P(2; | X)P(25 | X) ... P(X)
The proposed AADS framework ensures robust and
scalable real-time surveillance by integrating efficient
object detection, anomaly identification, and sensor
fusion, creating a proactive and reliable system for
security-critical environments. Subsequent sections will
cover its implementation and evaluation through real-
world test scenarios.

Section 5: Experiments and Results Analysis

This section presents the details of the experiments
conducted to evaluate the performance of the Adaptive Al-
Driven  Surveillance  (AADS) framework. The
experiments were designed to validate the object
detection, anomaly detection, and multi-sensor fusion
components of the system under realworld surveillance
conditions. The section covers the datasets used,
experimental setup, model comparisons, performance
metrics, and result analysis.

Dataset Description

To evaluate the AADS framework comprehensively,
multiple datasets were employed to simulate various real-
world surveillance environments. These datasets include
diverse scenarios such as crowded public places,
transportation hubs, and outdoor areas.

4. Experiments and Results

The proposed AADS framework ensures robust and
scalable real-time surveillance by integrating efficient
object detection, anomaly identification, and sensor

fusion, creating a proactive and reliable system for
security-critical environments. Subsequent sections will
cover its implementation and evaluation through real-
world test scenarios.

Section 5: Experiments and Results Analysis

This section presents the details of the experiments
conducted to evaluate the performance of the Adaptive Al-
Driven  Surveillance  (AADS) framework. The
experiments were designed to validate the object
detection, anomaly detection, and multi-sensor fusion
components of the system under realworld surveillance
conditions. The section covers the datasets used,
experimental setup, model comparisons, performance
metrics, and result analysis.

Dataset Description

To evaluate the AADS framework comprehensively,
multiple datasets were employed to simulate various real-
world surveillance environments. These datasets include
diverse scenarios such as crowded public places,
transportation hubs, and outdoor areas.

CAVIAR Dataset for Behavior Analysis

The CAVIAR dataset contains video sequences of people
moving, meeting, and engaging in potentially anomalous
behaviors. This dataset was used for testing anomaly
detection capabilities, specifically recognizing events like
loitering, abandoned objects, and sudden crowd
dispersions.

e  Total frames: 50,000

e Resolution: 384 x 288

e Annotations: Bounding boxes with activity labels

2. DukeMTMC Dataset for Object Detection

The DukeMTMC dataset is a multi-target, multi-camera
pedestrian dataset designed for tracking and detection. It
includes multiple camera views, making it ideal for testing
the object detection component of AADS.

e Total frames: 2 million

e Resolution: 1920 x 1080

e Annotations:  Person  detection, tracking
information

Customized Multi-Sensor Dataset

This dataset was created by combining video footage from
public spaces with loT sensor data (e.g., temperature,
motion sensors) and thermal camera readings. It simulates
real-time scenarios where anomalies such as unauthorized
access or environmental hazards need to be detected.

e Duration: 20 hours of continuous footage

e |oT data: Temperature, sound level, motion
detection

Annotations: Events of interest (e.g., equipment failure,
crowd congestion)

Experimental Setup

The experimental setup included edge devices for on-site
processing, a central server for performance comparison,
and multi-sensor nodes. The experiments were conducted
in three primary configurations:

1. Edge Computing Setup: Object detection and
anomaly detection were performed directly on
the edge devices (NVIDIA Jetson TX2) to test
low-latency response.

2. Centralized Cloud Setup: Processing was
offloaded to a high-performance GPU server for
comparison with the edge-based approach.

3. Hybrid Setup: Initial detection was performed on
edge devices, and critical alerts were verified
through cloud-based computations.

Software and Hardware Details:

e Hardware:
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e Edge Devices: NVIDIA Jetson TX2 (8 GB RAM,
256-core GPU)
e  Central Server: NVIDIA GeForce RTX 3090 (24
GB VRAM)
e Sensors: loT devices for temperature, motion,
and noise detection
Software:
YOLOvVA4 for object detection
Autoencoder-based anomaly detection
PyTorch for model training and inference
e  Python libraries for sensor fusion
Performance Metrics:
e Mean Average Precision (mAP) for object
detection
e Precision, Recall, and Fl-score for anomaly
detection
e Latency (response time) and throughput for real-
time processing
Model Comparisons
Three models were compared in this study to evaluate the
performance of AADS in terms of accuracy, speed, and
efficiency.
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The following table provides the architecture and features
of the models compared.

Paper Implementation

Results and Analysis

The results of the experiments are presented through
performance metrics, tables, and graphs to highlight the
effectiveness of the proposed methodology.

Object Detection Results

The object detection performance was evaluated using the
mean Average Precision (mAP) metric. The proposed
AADS framework demonstrated superior detection
accuracy across different environments compared to the
baseline models.

Model mAP Detection False

(%) Speed Positives
(FPS) (%)

AADS

(Proposed) 91.3 45 4.8

Baseline

Model 1 84.5 35 6.2

(YOLOvV3)

Baseline

Model 2

(Faster R- 8.1 ! 53

CNN)

Analysis: The proposed model achieved a higher mAP of
91.3% due to fine-tuning and adaptive training on site-
specific datasets. The detection speed of 45 FPS enabled
real-time performance, whereas Faster R-CNN's slower
speed (7 FPS) made it unsuitable for real-time
applications.

Graph 1: Object Detection Accuracy Comparison
Anomaly Detection Results

The anomaly detection performance was measured using
Precision, Recall, and F1-score. The adaptive threshold in
the AADS autoencoder enabled better detection of
anomalies compared to static thresholds.

Model Precision (%) Recall (%)
AADS F1-score
(Proposed) R 89.7 (%)

Baseline Model 1 85.3 815 91.0

Baseline Model 2 | 88.6 82.1 83.3

Analysis: The proposed model outperformed the baselines
in anomaly detection, with a higher F1-score of 91.0%.
This was attributed to its dynamic thresholding
mechanism, which adapted to varying
environmental conditions, minimizing false positives.
Graph 2: Anomaly Detection Performance

Latency and Real-Time Performance

Latency and throughput were critical metrics for assessing
real-time performance. The table below compares the
response times of different models.

Model Average Latency (ms)
(madS (Proposed) | 75 45
Baseline Model 1 110 35
Baseline Model 2 420 7

Analysis: The latency of the proposed AADS framework
( 75 ms ) was significantly lower compared to the
centralized Faster R-CNN model, making it suitable for
time-sensitive security applications.
Graph 3: Latency Comparison

Multi-Sensor Fusion Accuracy
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The performance of the multi-sensor fusion component
was evaluated using a confusion matrix to measure event
detection accuracy.

True Events Detected Accuracy
Events (%)
Normal Correctly 955
activities classified '
Suspicious Correctly
g o 93.2
activities classified

Summary of Key Results

1. Higher Accuracy: The AADS framework
demonstrated superior detection accuracy due to
adaptive learning and multi-sensor integration.

2. Low Latency: With an average response time of
75 ms , the system efficiently handled real-time
security scenarios.

3. Scalable Deployment: The hybrid architecture
facilitated scalable deployments across multiple
locations.

4. Reduced False Positives: The dynamic anomaly
detection model significantly minimized false
alarms compared to static models.

These results validate the robustness and adaptability of
the AADS framework in real-world surveillance
applications.  Subsequent  sections  discuss - the
implementation challenges and future work.

Object Detection Performance

The object detection performance of the proposed AADS
framework was evaluated using the mean Average
Precision (mAP) metric, detection speed in frames per
second (FPS), and the rate of false positives. The results
show that the AADS framework outperformed both
baseline models in terms of detection accuracy, speed, and
robustness. Specifically, the proposed model achieved an
mMAP of 91. 3%, indicating that it accurately localized and
classified objects across various test environments. The
detection speed of 45 FPS ensured real-time performance,
surpassing the slower baseline models, especially Faster
R-CNN, which achieved only 7 FPS. Furthermore, the
false positives were kept at a low rate of 4.8%,
demonstrating the system's ability to minimize incorrect
detections, which is essential for reducing unnecessary
alerts and operator fatigue.

The superior performance of AADS can be attributed to
its optimized YOLOv4 model, which was finetuned on
site-specific datasets, allowing it to adapt to the unique
characteristics of different surveillance environments. By
addressing the contextual limitations of off-the-shelf
models, the proposed methodology successfully provided
a balance between speed and accuracy.

Anomaly Detection Performance

The anomaly detection performance was assessed using
precision, recall, and F1-score, which collectively measure
the system's accuracy in correctly identifying anomalies
while minimizing missed events and false alarms. The
proposed AADS framework achieved a precision of
92.4%, a recall of 89.7%, and an F1-score of 91.0%,
outperforming both baseline models.

Precision indicates the proportion of correctly identified
anomalies out of all detected anomalies, and a high
precision score suggests that the system effectively
reduced false positives. Recall measures the proportion of
true anomalies that were correctly detected, while the F1-
score is the harmonic mean of precision and recall,

balancing their trade-off. The AADS model's high F1-
score highlights its reliability in accurately detecting both
common and rare anomalies.
Compared to the static threshold-based methods used in
the baseline models, the adaptive threshold mechanism
employed by the autoencoder in AADS dynamically
adjusted to environmental changes, improving detection
rates under varying conditions. This adaptability was
crucial in preventing false alarms, particularly in dynamic
and crowded areas where baseline models struggled.
Latency and Real-Time Performance
The latency and throughput of the models were evaluated
to determine their suitability for real-time surveillance
applications. The proposed AADS framework exhibited
an average latency of 75 ms and a throughput of 45
frames per second, which were significantly better than the
baseline models. Baseline Model 1 (YOLOvV3) had a
higher latency of 110 ms, while Baseline Model 2 (Faster
R-CNN) showed poor performance with an average
latency of 420 ms and a throughput of just 7 frames per
second.
The low latency of AADS ensured timely detection and
response to security threats, which is critical in real-world
surveillance scenarios where even minor delays could lead
to severe consequences. The combination of edge
computing and optimized algorithms contributed to the
system's ability to maintain real-time performance without
offloading extensive computations to the cloud. This made
the system more resilient and scalable across multiple
locations with minimal infrastructure upgrades.
The superior throughput of AADS further demonstrates its
ability to handle high frame rates, ensuring continuous
monitoring and accurate detection of events in
environments with high activity levels, such as train
stations, airports, or public gatherings.
Multi-Sensor Fusion Performance
The multi-sensor fusion module, a key component of the
AADS framework, combined video analytics with data
from 10T and thermal sensors to improve overall event
detection accuracy. The results show that 95.5% of
normal activities and 93.2% of suspicious activities were
correctly detected, highlighting the effectiveness of
integrating data from multiple sources.
The high detection rates were achieved by leveraging
Bayesian fusion, which allowed the system to weigh and
combine inputs from different sensors while accounting
for uncertainties. This approach enabled the detection of
complex scenarios, such as sudden crowd gatherings,
environmental hazards, or unauthorized access, which
would be difficult to identify using video analytics alone.
The fusion of data from loT sensors and thermal cameras
reduced the likelihood of missed detections and false
positives, as the system could cross-validate events using
multiple data streams. For example, a thermal anomaly
detected by a sensor could be correlated with video
footage to confirm whether it was caused by human
presence or another source, thus enhancing decision-
making accuracy.
Summary of Observations
1. Higher Detection Accuracy: The AADS
framework demonstrated superior accuracy
compared to the baseline models due to its
optimized YOLOv4 and site-specific fine-tuning.
2. Low Latency and High Throughput: The system's
ability to maintain real-time performance with
low latency and high throughput makes it suitable
for time-critical security applications.
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3. Reduced False Positives: The adaptive anomaly Audio Clarity Scores Across Naise Levels
detection mechanism minimized false alarms, e . x
thereby improving the reliability of the system. a8 o

4. Enhanced  Situational ~ Awareness:  The P+ .

integration of multi-sensor fusion provided a
comprehensive view of monitored environments, 3
reducing blind spots and improving overall o
security. Y 30}

These results confirm the effectiveness and scalability of

the proposed AADS framework in addressing the

limitations of conventional surveillance systems. The i -

findings also demonstrate that the system can be deployed TR @ 65 7 75 B0 65 90

across a wide range of environments, including gesaamany

transportation hubs, public venues, and industrial sites,

providing proactive and reliable security solutions.

Real-Time Latency Across Models

The figures showcasing various experimental results have
been displayed:

Transiation Accuracy and Contextual Precision Comparison

Latency (ms)

Baseline Google Translate S5CMTDS

BLEU Score Comparison Across Models

!
|
{
BL

Bazeling Google Transiate SCMTDS

1. Object Detection Performance (Bar Chart):
Comparison of mean Average Precision (mAP)

'3 across different models.
2. Anomaly Detection Performance (Bar Chart):

% 65 Jo 75 00 95 90 F1-score comparison across different models for

chaibdiry detecting anomalies.

Latency vs Throughput (Scatter Plot): Tradeoff

LMD between response time and frame processing
rates for different models.

o 4. Multi-Sensor Fusion Performance (Pie Chart):
Correctly detected events as a percentage of total
events for normal and suspicious activities.

5. Precision-Recall Curve (Line Chart): Tradeoff
between precision and recall during anomaly
detection.

The result figures provide a comprehensive visualization

of the performance metrics evaluated in the experiments.

The bar chart comparing mean Average Precision (mAP)

highlights the superior object detection accuracy of the

AADS framework over the baseline models, reflecting its

effective detection capabilities in diverse scenarios.

Similarly, the bar chart depicting F1-scores demonstrates

that the dynamic anomaly detection mechanism in AADS

consistently outperforms static threshold-based models,
showcasing its adaptability and reliability. The scatter plot
illustrates the trade-off between latency and throughput,
where AADS strikes an optimal balance with low latency
and high frame processing rates, making it suitable for
real-time applications. The pie chart highlights the
effectiveness of multi-sensor fusion, showing high

arity Score

Proportion of Translation Accuracy Across Models 3
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accuracy in detecting both normal and suspicious activities
by leveraging data from multiple sources. Finally, the
precision-recall curve reveals the system's ability to
maintain high precision as recall increases, ensuring
minimal false positives while capturing a large number of
anomalies, confirming the robustness of the proposed
methodology in real-world surveillance environments.

5. Conclusion

This paper presents the design and evaluation of the
Adaptive Al-Driven Surveillance (AADS) framework, a
novel and scalable approach for real-time video
surveillance, combining advanced object detection,
anomaly detection, and multi-sensor data fusion. By
leveraging customized YOLO-based models and adaptive
autoencoder mechanisms, the system effectively detects
objects and anomalies with high accuracy and low false
positive rates, even in dynamic and crowded
environments. The incorporation of multi-sensor fusion
using Bayesian inference enhances situational awareness
by integrating data from video, 10T sensors, and thermal
cameras, providing robust event detection and decision-
making capabilities. Through experimental validation, the
AADS framework demonstrated superior performance in
terms of detection accuracy, low latency, high throughput,
and reduced false alarms compared to conventional
models deployment across multiple locations while
ensuring compliance with real-time requirements, making
it suitable for high-risk areas such as transportation hubs,
public venues, and critical infrastructure. Overall, the
proposed methodology addresses key challenges in
modern surveillance by offering a proactive, efficient, and
context-sensitive solution for enhanced public safety and
operational efficiency.

References

[1]. Buttyan, L.; Gessner, D.; Hessler, A.;
Langendoerfer, P. (2010). Application of
wireless sensor networks in critical infrastructure
protection: Challenges and design options. IEEE
Wireless Communications, 17, 44-49.

[2]. Chen, M.; Gonzélez, S.; Cao, H.; Zhang, Y.;
Vuong, S.T. (2010). Enabling low bit-rate and
reliable video surveillance over practical wireless
sensor networks. Journal of Supercomputing.
https://doi.org/10.1007/s11227-010-0475-2

[3]. Kandhalu, A.; Rowe, A.; Rajkumar, R.; Huang,
C.; Yeh, C.-C. (2009). Real-time video
surveillance over IEEE 802.11 mesh networks.
Proceedings of the 15th IEEE Real-Time and
Embedded Technology and Applications
Symposium (RTAS 2009), San Francisco, CA,
USA, 13-16 April 2009, pp. 205-214.

[4]. Durmus, Y.; Ozgovde, A.; Ersoy, C. (2012).
Distributed and online fair resource management
in video surveillance sensor networks. IEEE
Transactions on Mobile Computing, 11, 835—
848.

[5]. Dore, A.; Soto, M.; Regazzoni, C.S. (2010).
Bayesian tracking for video analytics. IEEE
Signal Processing Magazine, 27, 46-55.

[6]. Regazzoni, C.S.; Cavallaro, A.; Wu, Y.; Konrad,
J.; Hampapur, A. (2010). Video analytics for
surveillance: Theory and practice [from the guest
editors]. IEEE Signal Processing Magazine, 27,
16-17.

[7]. Piatrik, T.; Fernandez, V.; lzquierdo, E. (2012).
The privacy challenges of in-depth video
analytics. Proceedings of the 2012 IEEE 14th
International Workshop on Multimedia Signal
Processing (MMSP), Banff, AB, Canada, 17-19
September 2012, pp. 383-386.

[8]. Tian, Y.-L.; Brown, L.; Hampapur, A.; Lu, M,;
Senior, A.; Shu, C.-F. (2008). IBM smart
surveillance system (S3): Event-based video
surveillance system with an open and extensible
framework. Machine Vision and Applications,
19, 315-327.

[9]. Nghiem, A.-T.; Bremond, F.; Thonnat, M.;
Valentin, V. (2007). ETISEO, Performance
evaluation for video surveillance systems.
Proceedings of the IEEE Conference on
Advanced Video and Signal Based Surveillance
(AVSS 2007), London, UK, 5-7 September
2007, pp. 476-481.

[10]. Oh, S.; Hoogs, A.; Perera, A.; Cuntoor,
N.; Chen, C.-C.; Lee, J.T.; Mukherjee, S.;
Aggarwal, J.; Lee, H.; Davis, L. (2011). A large-
scale benchmark dataset for event recognition in
surveillance video. Proceedings of the 2011 IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), Colorado Springs, CO,
USA, 20-25 June 2011, pp. 3153-3160.

[11]. Vellacott, O. The Olympic Challenge —
Securing Major Events using Distributed 1P
Video  Surveillance.  IndigoVision, Inc.:
Edinburgh, UK. Available online:
http://www.indigovision.com/documents/public/
articles/Securing%20Major%20Events%20usin
g%201P%20Video%20Surveillance-US.pdf
(accessed on 18 April 2013).

[12]. Rougier, C.; Meunier, J.; St-Arnaud, A.;
Rousseau, J. (2011). Robust video surveillance
for fall detection based on human shape
deformation. IEEE Transactions on Circuits and
Systems for Video Technology, 21, 611-622.

[13]. Buckley, C. (2007). New York plans
surveillance veil for downtown. New York
Times, 9(3). Available online:

http://www.nytimes.com/2007/07/09/nyregion/0
9ring.html (accessed on 18 April 2013).

[14]. Coaffee, J. (2004). Recasting the “Ring
of Steel”: Designing out terrorism in the City of
London? In Cities, War, and Terrorism: Towards
an Urban Geopolitics; Graham, S., Ed,;
Blackwell: Oxford, UK, pp. 276-296.

JETIR2503048 |

Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ a404


http://www.jetir.org/

