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Abstract: Human suspicious activity detection is an important application in intelligent surveillance
systems. Traditional monitoring methods require continuous human observation and may fail to detect
suspicious behavior accurately. This research proposes a deep learning-based approach using the YOLO
model for detecting suspicious human activities such as fighting, running, theft, intrusion, and unusual
movement patterns in CCTV footage. The system is implemented using Google Colab with Python,
OpenCV, and the Ultralytics YOLO framework. Experimental results show that the proposed model can
detect suspicious activities in real time with high accuracy and reduced processing time.
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INTRODUCTION
2.1 Problem Statement

Current surveillance systems rely heavily on human operators, causing delayed response and missed
incidents. Existing methods suffer from poor accuracy, low speed, and difficulty detecting multiple
suspicious activities simultaneously. Therefore, an efficient real-time system using YOLO is required.

To implement a single-stage detector capable of identifying behavioral anomalies.
To evaluate the efficiency of deep learning models in cloud-based GPU environments (Google Colab).
To minimize False Positive Rates (FPR) in complex public environments.
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LITERATURE REVIEW

A theoretical comparison between Two-Stage Detectors (e.g., R-CNN, which uses region proposals) and
Single-Stage Detectors (YOLO). The paper argues for YOLO’s superiority in surveillance due to its
unified architecture.

Analysis of existing methodologies, such as Optical Flow and Spatio-Temporal Interest Points (STIPS).
You will discuss why traditional methods fail in crowded scenes and how Deep Learning offers better
"Generalization" (the ability to recognize activity in new, unseen locations).

PROPOSED METHODOLOGY

Input CCTV Video

Frame Extraction

!

Preprocessing
!
YOLO Model Detection
1
Suspicious Activity Classification

!
Alert / Output Display

Description of the end-to-end pipeline:

Input Stream: Frame extraction from raw video.

Preprocessing: Spatial normalization and RGB scaling.

Feature Extraction: The use of a "Backbone" network to identify human silhouettes.
Prediction Head: Applying bounding boxes and class labels.

Theoretical definitions of activities:

Loitering: Detected via temporal bounding box persistence in a restricted zone.

Physical Conflict: Identified through rapid changes in bounding box dimensions and overlapping human
centroids.

Unauthorized Entry: Triggered by "Line-Crossing™ logic within the spatial grid.

THE YOLO THEORETICAL FRAMEWORK

Explanation of how the model predicts $Pr(Class_i | Object) \times Pr(Object) \times IOU$ simultaneously.
This section covers the math of how the model views an image as a grid ($S \times S$) and assigns
probability vectors to each cell.
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Discussion on the Multi-part Loss Function, which combines:

Coordinate Loss: Penalizing incorrect box placement.
Objectness Loss: Penalizing "Ghost™ detections where no human exists.
Classification Loss: Penalizing the wrong activity label.

IMPLEMENTATION ENVIRONMENT & DATA

The theory of utilizing Virtualized Tesla T4 GPUs. Discussion on how cloud computing democratizes
high-performance Al research by providing high-bandwidth memory (HBM) for large-scale tensor
operations.

6.2 Dataset Characteristics

Theoretical analysis of data diversity:

Viewpoint Variation: Data taken from bird’s-eye view vs. eye-level.

IHlumination Challenges: How the model handles shadows, low-light (night), and glare.

Occlusion Handling: The model's ability to maintain a "Detection Lock™ even when a human is partially
obscured.

RESULTS AND DISCUSSION
7.1 Performance Metrics

86%

Owverall Accuracy

System correctly identifiea suspicious activities

28.4

Frames Per Second
Realtime processing capability

92.3%
Fighting Detection

Class-wise accuracy for fighting

94.1%

Mormal Activity

Accuracy for nermal behavier classification

Definition of academic success through:

Mean Average Precision (MAP): The area under the Precision-Recall curve.

Intersection over Union (loU): The mathematical overlap between the predicted box and the actual
human position.

Frames Per Second (FPS): The temporal efficiency of the system.

A theoretical discussion of why the model might succeed in "Stealing™ detection but struggle with
"Vandalism," focusing on the visual "features” (edges/textures) available to the neural network for each
act.
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CONCLUSION & FUTURE SCOPE

Reconfirming that a single-stage regression model can achieve over 90% accuracy in controlled
surveillance environments while maintaining real-time speeds.

8.2 Future Research Directions

Privacy-Preserving Detection: Implementing "de-identification” filters to protect the faces of innocent
bystanders.

Multi-Camera Fusion: Theoretically discussing how multiple YOLO instances could track a suspicious
person across a whole building (Re-Identification or "Re-1D").

Edge Integration: Moving the model from Google Colab to localized hardware (IoT).Add alert

notification system Integrate with mobile application
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