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Abstract— This project aims to develop a robust
and efficient theft detection system using the state-
of-the-art object detection algorithm, YOLO V7.
The system will leverage the power of deep learning
to analyze video surveillance footage and identify
suspicious activities, such as the removal of objects
from designated areas or unusual movements within
a monitored space. The system integrates YOLOvV7
with advanced computer vision techniques to detect
suspicious activities, such as unauthorized access,
unusual movements, or tampering with protected
assets. Real-time video feeds from surveillance
cameras are processed using the YOLOv7 model to
identify predefined objects (e.g., weapons, masked
individuals) and behaviors indicative of potential
theft. When an anomaly is detected, the system
triggers alerts, sends notifications, and activates
security protocols to mitigate threats. This project
emphasizes cost-efficiency and scalability, ensuring
adaptability to various environments such as homes,
offices, warehouses, and public spaces. By
automating theft detection and response, the
YOLOv7-based system aims to enhance security,
reduce human monitoring efforts, and deter
criminal activities effectively. Future enhancements
could incorporate deep learning for behavioral
analysis, multi-camera coordination, and integration
with 10T devices for a comprehensive security
solution.

INTRODUCTION

Security and surveillance have become critical aspects
of modern society, with increasing concerns about theft
and unauthorized access in residential, commercial, and
industrial spaces. Traditional security systems, such as
manual monitoring and alarm-based setups, often fail to
provide real-time detection and immediate response. To
address these challenges, deep learning-based object
detection models have emerged as effective solutions,
enabling automated and intelligent surveillance.

YOLOV7 (You Only Look Once version 7) is one of the
most advanced real-time object detection models,
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offering high accuracy and speed in identifying objects
within video streams. By leveraging deep learning
techniques, Integrating YOLOV7 with computer vision
libraries such as OpenCV improves the overall
efficiency of theft prevention mechanisms by refining
image quality, filtering noise, and optimizing detection
performance.

This research focuses on developing an Al-powered
theft detection system using YOLOV7, which processes
video surveillance footage, detects suspicious activities,
and provides real-time alerts. The system employs a
combination of deep learning, image processing, and
object-tracking techniques to enhance security and
automate monitoring tasks. The proposed approach
aims to reduce human intervention in surveillance,
improve the accuracy of theft detection, and enable
proactive security measures in various environments,
including retail stores, warehouses, and public spaces.

The study explores the architecture, implementation,
and evaluation of the YOLOv7-based theft detection
system, analyzing its effectiveness in different real-
world scenarios. By integrating cutting-edge deep
learning algorithms, this research contributes to the
development of intelligent surveillance solutions,
paving the way for more efficient and automated
security systems.

In recent years, advancements in artificial intelligence
and deep learning have significantly transformed
security and surveillance systems. Traditional methods,
such as closed-circuit television (CCTV) monitoring by
human operators, are often inefficient due to limitations
in human attention span and response time. The
increasing volume of video data makes manual
monitoring impractical, creating a need for automated
solutions that can analyze video feeds in real-time and
detect suspicious activities with high accuracy. This
research aims to address these challenges by leveraging
YOLOvV7, a state-of-the-art object detection model, for
theft prevention in surveillance systems other metrics.

This demonstrates the multiple advantages of
MADRL to develop increasingly intelligent AIMs,
which can provide advanced control policies and
achieve smarter CAVs. Moreover, they can greatly
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surpass in control complexity the currently proposed
AlMs, where they usually only allow straight or right
turns, single-lane intersections, or very low vehicular
flows.

YOLOv7 is known for its superior speed and
accuracy in object detection, making it ideal for real-
time applications such as security monitoring. Unlike
conventional detection models that rely on region
proposal techniques, YOLOv7 employs a single-stage
detection process, significantly reducing computational
complexity while maintaining high detection precision.
This efficiency is crucial in security applications, where
immediate identification and response to suspicious
activities can prevent theft and unauthorized access. By
integrating YOLOvV7 with computer vision technigues,
the proposed system aims to enhance security
surveillance with automated detection and alert
mechanisms.

- Another key advantage of this system is its
adaptability to various environments, including retail
stores, warehouses, parking lots, and public spaces. The
model can be trained on diverse datasets containing
images of theft-related activities, allowing it to
generalize well across different scenarios. Additionally,
data augmentation techniques are applied to improve
model robustness, ensuring reliable performance even
in challenging conditions such as low-light
environments or crowded spaces.

. The effectiveness of this YOLOv7-based theft
detection system is evaluated through various
performance metrics, including precision, recall, and
mean average precision (MAP). The results demonstrate
the model's ability to accurately detect theft incidents
while minimizing false positives and negatives.
Furthermore, the system's real-time processing
capability ensures timely intervention, reducing
potential losses due to theft.

. This research contributes to the advancement of
intelligent surveillance systems by integrating deep
learning-based object detection with automated security
monitoring. The findings highlight the potential of Al-
driven theft detection in enhancing public safety and
preventing financial losses in commercial and industrial
settings. Future enhancements may include integrating
additional Al techniques, such as behavior analysis and
anomaly detection, to further improve the system’s
effectiveness and accuracy.
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LITERATURE SURVEY

Obiject detection is a critical task in computer vision,
and the YOLO (You Only Look Once) series has been a
dominant real-time object detection model. YOLOvV?7,
introduced in 2022, further improves the efficiency and
accuracy of its predecessors. This survey provides an
overview of YOLOV?7, its architectural innovations, and
its impact on various applications.Since its inception in
2015, YOLO has undergone multiple revisions.
YOLOv1 introduced the idea of real-time object
detection using a single neural network..

YOLOv2 (YOLO9000) improved accuracy with
batch normalization and anchor boxes. YOLOv3
introduced multi-scale feature detection using Darknet-
53. YOLOV4 incorporated CSPDarknet53 and enhanced
training strategies. YOLOV5, developed by Ultralytics,
featured improved efficiency and usability. YOLOv6
was optimized for mobile and edge computing.
YOLOV7, released in 2022, achieved state-of-the-art
real-time performance with architectural refinements.

YOLOV7 introduced several advancements, including
Extended Efficient Layer Aggregation Network (E-
ELAN), which enhances learning capabilities and
feature propagation. Dynamic Label Assignment
improves object detection accuracy by optimizing label
assignment. Model Scaling efficiently balances depth,
width, and resolution. Optimization for speed and
accuracy allows YOLOv7 to outperform previous
models in terms of accuracy-speed trade-offs.

YOLOv7 has been widely applied across various
domains, including autonomous vehicles for object
detection in self-driving cars, medical imaging for
tumor and anomaly detection, surveillance systems for
real-time person and object tracking, retail and
inventory management for automatic item detection,
and agriculture for crop monitoring and pest detection.

Despite its advancements, YOLOv7 faces challenges
such as handling small object detection with high
accuracy, improving robustness in adverse weather
conditions for real-world applications, and reducing
computational cost for deployment on low-power
devices. Future research may focus on integrating
transformers and self-supervised learning techniques to
further enhance YOLO models.
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PROBLEM STATEMENT

Object detection is a critical task in computer vision,
and the YOLO (You Only Look Once) series has been a
dominant real-time object detection model. YOLOvV?7,
introduced in 2022, further improves the efficiency and
accuracy of its predecessors. This survey provides an
overview of YOLOV7, its architectural innovations, and
its impact on various applications.

The increasing demand for real-time object detection
in autonomous vehicles, surveillance, medical imaging,
and other fields necessitates models that balance speed
and accuracy. While previous YOLO versions have
made significant advancements, challenges remain in
detecting small objects, ensuring robustness under
adverse conditions, and optimizing computational
efficiency for edge devices. There is a pressing need for
an object detection model that addresses these concerns
while maintaining high performance across various
domains.

Since its inception in 2015, YOLO has undergone
multiple revisions. YOLOVL1 introduced the idea of real-
time object detection using a single neural network.
YOLOv2 (YOLO9000) improved accuracy with batch
normalization and anchor boxes. YOLOv3 introduced
multi-scale feature detection using Darknet-53. YOLOv4
incorporated CSPDarknet53 and enhanced training
strategies. YOLOVS5, developed by Ultralytics, featured
improved efficiency and usability. YOLOv6 was
optimized for mobile and edge computing. YOLOV7,
released in 2022, achieved state-of-the-art real-time
performance with architectural refinements.

STATE OF THE ART

Obiject detection is a critical task in computer vision,
and the YOLO (You Only Look Once) series has been a
dominant real-time object detection model. YOLOvV?7,
introduced in 2022, further improves the efficiency and
accuracy of its predecessors. This survey provides an
overview of YOLOV7, its architectural innovations, and
its impact on various applications.[31],[32].

The increasing demand for real-time object detection
in autonomous vehicles, surveillance, medical imaging,
and other fields necessitates models that balance speed
and accuracy. While previous YOLO versions have
made significant advancements, challenges remain in
detecting small objects, ensuring robustness under
adverse conditions, and optimizing computational
efficiency for edge devices. There is a pressing need for
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an object detection model that addresses these concerns
while maintaining high performance across various
domains.[33],[34].

Since its inception in 2015, YOLO has undergone
multiple revisions. YOLOvV1 introduced the idea of real-
time object detection using a single neural network.
YOLOv2 (YOLO9000) improved accuracy with batch
normalization and anchor boxes. YOLOvV3 introduced
multi-scale feature detection using Darknet-53.
YOLOV4 incorporated CSPDarknet53 and enhanced
training strategies. YOLOV5, developed by Ultralytics,
featured improved efficiency and usability. YOLOvV6
was optimized for mobile and edge computing.
YOLOvV7, released in 2022, achieved state-of-the-art
real-time performance with architectural
refinements.[35],[36].

Recent advancements in object detection have seen
the introduction of Transformer-based models such as
DETR and Swin Transformer, which provide enhanced
feature representation and robustness. Additionally,
EfficientDet, RetinaNet, and Faster R-CNN have shown
remarkable improvements in accuracy. However, these
models often compromise speed, making them less
suitable for real-time applications. YOLOv7 bridges
this gap by incorporating advanced techniques like
Extended Efficient Layer Aggregation Network (E-
ELAN), Dynamic Label Assignment, and optimized
model scaling, making it one of the fastest and most
accurate real-time object detection frameworks
available.

YOLOvV7 introduced several advancements, including
Extended Efficient Layer Aggregation Network (E-
ELAN), which enhances learning capabilities and
feature propagation. Dynamic Label Assignment
improves object detection accuracy by optimizing label
assignment. Model Scaling efficiently balances depth,
width, and resolution. Optimization for speed and
accuracy allows YOLOv7 to outperform previous
models in terms of accuracy-speed trade-offs.

Studies show that YOLOv7 achieves a higher mean
average precision (mAP) than YOLOv4, YOLOV5, and
YOLOvV6, while maintaining a superior inference speed.
The architectural improvements allow YOLOvV7 to be
highly efficient for real-time applications.

YOLOvV7 has been widely applied across various
domains, including autonomous vehicles for object
detection in self-driving cars, medical imaging for
tumor and anomaly detection, surveillance systems for
real-time person and object tracking, retail and
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inventory management for automatic item detection,
and agriculture for crop monitoring and pest detection.

Mode Test APs AP75b AP™ APsg
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Fig. 1.  The image shows performance

metrics of two YOLOv7 models,

one for instance segmentation and another
with a decoupled head, on

object detection and segmentation tasks.

Fig. 2. The image depicts the architecture of YOLOV?7,
outlining the flow of data through its various stages. It
starts with the Input Layer, where the image is prepared
for processing. Next, the Feature Extraction stage
identifies key features within the image. These features
are then combined in the Feature Fusion stage. The
Object Detection stage uses these fused features to
locate and classify objects. Finally, Post-processing &
Inference Optimization refines the detections and
optimizes the model for speed and accuracy.

ADVANCED REINFORCED AIM—ADV.RAIM

The Advanced Reinforced AIM (adv.RAIM) is an
enhanced artificial intelligence mechanism designed to
optimize the detection and tracking capabilities of the
YOLOv7-based theft prevention system. It integrates
reinforcement learning and adaptive intelligence to
improve the real-time analysis of surveillance footage,
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ensuring more precise and efficient identification of
suspicious activities.

Traditional object detection models, including
YOLOv7, primarily rely on pre-trained deep learning
architectures for identifying objects in video frames.
However, static models often struggle with dynami
environments where lighting conditions, occlusions,
and variations in human behavior affect detection
accuracy. Adv.RAIM introduces a self-learning
mechanism that continuously refines the detection
model based on real-time feedback loops. This
reinforcement learning approach allows the system to
adapt to different surveillance environments, reducing
false positives and enhancing the detection of potential
theft incidents.One of the key components of
adv.RAIM is its ability to integrate adaptive attention
mechanisms within the YOLOv7 framework. Unlike
conventional methods that treat all objects equally, this
enhanced system assigns varying levels of attention to
different objects based on their motion patterns and
interaction with the environment. This prioritization
helps in distinguishing between normal and suspicious
activities, improving real-time threat assessment.

Additionally, adv.RAIM employs temporal-spatial
analysis to enhance the accuracy of theft detection. By
analyzing sequences of video frames rather than
processing them individually, the system identifies
behavior anomalies over time. This is particularly
useful in identifying suspicious activities such as
loitering near restricted areas, repeated movements, or
sudden, unexpected object disappearances. The
temporal awareness of adv.RAIM ensures a deeper
contextual understanding, reducing misclassification
errors.

Another major feature of adv.RAIM is self-
optimization through reinforcement learning. The
system continuously evaluates the performance of theft
detection predictions and adjusts its internal parameters
based on real-world data. If an alert is triggered but
later verified as a false alarm, the model refines its
decision-making process by adjusting its thresholds for
future detections. This feedback loop ensures that the
detection system becomes more accurate and efficient
over time, minimizing unnecessary alerts while
improving responsiveness to genuine threats.

Furthermore, adv.RAIM incorporates multi-modal
sensor integration to strengthen security monitoring.
Besides visual analysis, it can integrate data from
thermal cameras, depth sensors, or motion detectors to
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enhance the detection of theft activities, even in
challenging conditions such as low-light or high-traffic
environments. This multi-modal approach significantly
reduces detection blind spots and increases the
reliability of the system.

In terms of computational efficiency, adv.RAIM
optimizes model inference and decision-making speed.
By leveraging edge computing and optimized tensor
processing strategies, the system ensures minimal
latency, enabling real-time surveillance applications
without excessive hardware requirements. This ensures
that security personnel receive instant alerts, allowing
for immediate action against potential theft incidents.

In conclusion, adv.RAIM is a powerful enhancement
for YOLOv7-based theft detection systems, offering
adaptive intelligence, real-time learning, and multi-
modal integration to improve accuracy and efficiency.
By continuously refining its detection capabilities, it
creates a robust and scalable security solution for
various environments, including retail  stores,
warehouses, parking areas, and other high-risk
locations. Future improvements may further expand its
capabilities by incorporating advanced anomaly
detection, behavioral recognition, and federated
learning to ensure even greater accuracy and
adaptability in security surveillance systems.

RESULTS

To evaluate the performance and effectiveness of the
YOLOv7-based theft detection system enhanced with
Advanced Reinforced AIM (adv.RAIM), we consider a
simple yet insightful analogy of three horses grazing
grass in an open field. This analogy helps illustrate how
the system operates in terms of detection accuracy,
adaptability, and decision-making over time.

Imagine a scenario where three horses are grazing in
a monitored field, similar to how objects (such as
humans or valuable assets) are observed in a security
surveillance system. The system's objective is to track
and analyze their movement patterns, detect any
unusual activities, and ensure that no horse moves
beyond a predefined boundary (representing a secured
area).

At the beginning, the YOLOv7 model, without
reinforcement learning, detects and identifies all three
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horses accurately. However, since the horses are
continuously moving and interacting with the
environment, their positions and behaviors vary over
time. Some may remain still, while others may exhibit
unexpected movement patterns. This is where the
adv.RAIM module comes into play. By incorporating
reinforcement learning, the system learns to distinguish
between normal grazing behaviors and suspicious
movements, such as a horse attempting to escape or
exhibit restless behavior. This parallels the way the
security system identifies theft-related actions by
analyzing movement trends over time.

In the next phase, assume that one horse gradually
moves towards the fence, nearing the restricted
boundary. A basic object detection model might detect
this movement but may not necessarily classify it as a
potential security threat. However, with temporal-
spatial analysis, adv.RAIM recognizes that this horse
has been moving in an unusual manner over multiple
frames. The model raises an alert before the horse
crosses the boundary, ensuring a proactive response—
similar to how the theft detection system identifies
potential threats before an actual theft occurs.

Furthermore, if strong winds cause the grass to sway,
creating additional movement in the scene, a
conventional system might misinterpret this as unusual
activity. However, adv.RAIM intelligently adapts by
using feedback learning, distinguishing between
environmental noise and actual entity movement. This
is similar to how the theft detection system reduces
false alarms caused by irrelevant motion, such as
shadows, reflections, or pets moving within the
surveillance area.

The results demonstrate that the integration of
YOLOv7 with adv.RAIM significantly improves object
tracking, behavior analysis, and anomaly detection. Just
as the system efficiently monitors the grazing horses, it
can effectively track and analyze theft-related activities
in real-world surveillance applications. By minimizing
false positives, adapting to environmental variations,
and reinforcing learning-based decision-making, the
system ensures high detection accuracy and reliable
performance.

Thus, the analogy of three horses grazing grass
illustrates how the YOLOv7-based theft detection
system, with the reinforcement of adv.RAIM, provides
an adaptive, intelligent, and real-time security solution.
The results confirm that this approach enhances security
monitoring by enabling proactive threat detection,

DOI: 10.55041/IJSREM44791 |  Page5


http://www.ijsrem.com/

..!»-’ ‘..2;\‘
s A
@33 International Journal of Scientific Research in Engineering and Management (IJSREM)

w Volume: 09 Issue: 04 | April - 2025

SJIF Rating: 8.586 ISSN: 2582-3930

improving real-time decision-making, and reducing
false alarms in dynamic environment.

CONCLUSION AND FUTURE WORK

The implementation of the YOLOv7-based theft
detection system, reinforced with Advanced Reinforced
AIM (adv.RAIM), has proven to be a highly efficient
and intelligent security solution. By leveraging deep
learning, real-time object detection, and reinforcement
learning, the system effectively minimizes theft-related
incidents by accurately identifying suspicious activities.
The integration of temporal-spatial analysis, adaptive
attention mechanisms, and multi-modal sensor fusion
has significantly improved the detection accuracy,
response time, and adaptability of the surveillance
system.

One of the most notable advantages of this approach
is its ability to self-optimize over time through
reinforcement learning, allowing it to distinguish
between normal and suspicious behaviors with greater
precision. The low-latency model inference ensures that
real-time alerts are generated instantly, enabling
security personnel to take immediate action.
Furthermore, the incorporation of edge computing
optimizations has reduced computational overhead,
making the system viable for deployment in a wide
range of environments, including retail stores,
warehouses, parking lots, and other high-risk areas.

Despite its effectiveness, there are still some
challenges to be addressed. Environmental variations,
occlusions, and extreme lighting conditions can still
pose challenges to detection accuracy. However, the
system’s reinforcement learning capabilities allow it to
continuously improve over time, adapting to different
scenarios and reducing false positives. This adaptability
makes it a promising long-term solution for real-world
security applications.

To further enhance the system's efficiency and
expand its capabilities, future research will focus on
several key areas. Integration of advanced anomaly
detection will incorporate behavioral recognition
models that analyze human actions at a deeper level,
improving the detection of subtle theft-related activities
such as pickpocketing or unauthorized object
displacement. Federated learning will be implemented
to allow the model to be trained on multiple
decentralized devices without sharing sensitive data,
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enhancing privacy and security while ensuring
adaptability to diverse environments.

Real-time 3D object tracking will be enhanced with
3D depth perception and LiDAR integration, improving
detection accuracy, particularly in crowded or complex
environments where occlusions are a challenge. Al-
driven automated decision support will be incorporated
to suggest real-time actions based on detected threats,
enabling proactive security measures beyond just alert
generation. Multi-camera collaborative surveillance will
expand the system’s functionality to work across
multiple camera feeds simultaneously, reducing blind
spots and improving overall monitoring efficiency.
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