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Abstract:

The growing complexity of security threats
necessitates the development of advanced surveillance
systems capable of real-time anomaly detection and
proactive threat mitigation. Traditional security
solutions rely on static, rule-based approaches, leading
to high false alarm rates and limited adaptability to
evolving environments. This paper presents an
Adaptive Threat Detection System (ATDS) that
leverages Artificial Intelligence (Al) to analyze CCTV
footage and accurately identify suspicious activities.
Unlike conventional systems, ATDS employs dynamic
Al models that continuously adapt to changing
scenarios, minimizing false positives while enhancing
situational awareness.The system integrates computer
vision for visual anomaly detection, temporal analysis
algorithms to interpret activity sequences, and context-
aware Al to incorporate environmental factors such as
location, time, and event-specific data. This holistic
approach allows the system to detect context-sensitive
anomalies that traditional methods often overlook.
Real-time processing ensures immediate threat
recognition, enabling rapid security interventions.
Additionally, its adaptive architecture facilitates
seamless integration with existing surveillance
infrastructures, ensuring scalability and operational
efficiency. Preliminary  findings demonstrate
significant improvements in detecting complex security
threats, achieving higher accuracy and faster response
times. The system features a user-friendly interface that
provides actionable insights, helping security personnel
visualize threats and analyze behavioral patterns
effectively. Moreover, its ability to generate detailed

reports and integrate with centralized security networks
enhances overall operational coordination. By
embedding adaptive intelligence into surveillance,
ATDS establishes a new standard in proactive threat
management, offering scalable and robust security
solutions tailored to contemporary challenges.

1 INTRODUCTION

The increasing complexity of security threats demands
advanced surveillance systems capable of real-time
anomaly detection and proactive threat mitigation.
Traditional rule-based security solutions struggle with
high false alarm rates and limited adaptability to
evolving environments. To address these challenges,
this paper introduces an Adaptive Threat Detection
System (ATDS) that leverages Artificial Intelligence
(AI) for enhanced security monitoring. ATDS utilizes
dynamic Al models that continuously learn from new
data, minimizing false positives while improving
situational awareness. The system integrates computer
vision for visual anomaly detection, temporal analysis
for activity pattern recognition, and context-aware Al
for environmental understanding. Real-time processing
enables immediate threat identification, ensuring faster
security responses. Its scalable architecture allows
seamless integration with existing surveillance
infrastructures. Additionally, the system provides a
user-friendly interface for effective threat visualization
and analysis. Preliminary results indicate significant
improvements in security accuracy and response times.
By embedding adaptive intelligence, ATDS sets a new
benchmark for modern security solutions.
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1.1

ROBLEM STATEMENT
Traditional surveillance systems rely on static rule-
based approaches, making them ineffective in detecting
evolving security threats. These systems generate a
high number of false alarms and miss genuine threats,
leading to alert fatigue among security personnel. They
also lack contextual awareness and struggle with
recognizing complex behavioral patterns over time. The
inability to process real-time data and environmental
factors reduces their efficiency in high-risk
environments. A more adaptive, Al-driven solution is
needed to enhance accuracy, reduce false positives, and
improve threat detection capabilities.

1.2 TECHNIQUES USED
Detecting Data Preprocessing Techniques:

. Imputation: Missing values in the
dataset are handled wusing imputation
techniques such as mean, median, or mode
filling.

. Normalization and Standardization:
Numerical features are scaled to a common
range or standardized to improve model
performance.

. Encoding Categorical Variables:
Techniques like one-hot encoding or label
encoding are used to convert categorical
attributes into a numerical format.

Feature Engineering:

. Feature Selection: Identifying the
most relevant features for threat detection, such
as movement patterns, object interactions, and
facial recognition data.

. Feature Combination: Creating new
features by analyzing temporal sequences and
spatial relationships in surveillance footage.

Reinforcement Learning Techniques:
. Q-Learning: A model-free

reinforcement learning algorithm used to
enhance anomaly detection by rewarding or

penalizing securityP predictions based on real-
time feedback.

. Deep Q-Learning (DQN): An
advanced reinforcement learning method that
uses neural networks to approximate Q-values,
improving the accuracy of security threat
predictions.

Machine Learning Algorithms for Classification:

o Decision Trees: Used to classify
security threats based on a structured set of
rules derived from surveillance data.

. Random Forests: An ensemble
learning method that builds multiple decision
trees to improve threat detection accuracy and
reduce false positives.

. Support Vector Machines (SVM):
Effective for distinguishing between normal
and suspicious activities by finding an optimal
hyperplane for classification.

. Logistic Regression: Useful for binary
or multi-class classification in identifying
potential security threats.

Evaluation Metrics:

o Accuracy, Precision, Recall, F1-
Score: Standard metrics used to evaluate the
performance of the threat detection model.

o ROC-AUC Score: Measures how well
the model differentiates between normal and
suspicious activities.

Model Optimization:

. Hyperparameter Tuning: Techniques
like Grid Search or Random Search to optimize
model  parameters, improving detection
accuracy.

. Cross-Validation: Used to validate
model robustness and ensure consistency
across different surveillance scenarios.
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ATASET DESCRIPTION

Evaluation Metrics
(1 Data Collection

o Accuracy, precision, recall, F1-score
. Sources of surveillance data (CCTV for model validation
footage, security datasets, sensor data) . ROC-AUC score to assess anomaly
. Metadata collection (timestamps, GPS detection performance
locations, environmental conditions)
. Data collection from high-security Model Optimization
zones and public areas
. Hyperparameter tuning for deep
Data Preprocessing learning models
. Cross-validation techniques to ensure
. Frame extraction from surveillance robust detection performance
videos
. Noise reduction techniques (lighting 15
corrections, motion blur removal) ODEL EVALUATION AND METRICS
. Motion segmentation and redundant
frame removal Accuracy, Precision, Recall, F1-Score: Standard
. Contrast enhancements for better metrics used to evaluate the performance of the
visibility Adaptive Threat Detection System (ATDS) in
identifying security threats. These metrics help
Feature Engineering measure the model’s ability to correctly classify
suspicious and non-suspicious activities while
. Spatial feature extraction  (object balancing false positives and false negatives.
shapes, facial structures, human body
movements) ROC-AUC Score: Applied in binary and multi-
. Temporal feature extraction (loitering class classification tasks to assess how effectively
detection, running patterns, gesture analysis) the system differentiates between normal and
. Contextual feature extraction (crowd suspicious behavior patterns. A higher AUC value
density, lighting conditions, time-based indicates better anomaly detection capability.
variations)

False Positive Rate (FPR) and False Negative
Reinforcement Learning Techniques Rate (FNR): Evaluates the system’s tendency to
generate unnecessary alerts (false positives) and its
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ability to detect actual threats without missing
critical events (false negatives).

Confusion Matrix: Provides a detailed breakdown
of correct and incorrect classifications, helping to
identify potential biases in the model’s decision-
making.

Detection Latency: Measures the system’s
response time in detecting and classifying security
threats, ensuring real-time anomaly recognition and
intervention.

Threat Severity Classification: Evaluates how
well the model prioritizes alerts based on risk
levels, ensuring security personnel focus on high-
priority incidents first.

2 LITERATURE REVIEW

The literature survey for the project on Adaptive Threat
Detection System (ATDS) explores existing research
on Al-driven surveillance, anomaly detection, and real-
time security threat classification. This structured
overview highlights key studies relevant to ATDS
development.

2.1 Al-Based Video Surveillance for Anomaly
Detection

Key Papers:

. "Suspicious Activity Detection from
Surveillance Video using Deep Learning"
(Shashank Reddy Nallu, 2023) — Utilized a
background subtraction algorithm, CNN for
feature extraction, and LSTM for classification,
improving anomaly detection accuracy.

. "Suspicious Human Activity Detection
using Al and ML" (Meghana C, 2024) —
Integrated YOLOv3 for object detection and
Mobile LSTM for sequential data analysis,
enhancing detection speed and precision.

2.2 Deep Learning Techniques for Suspicious
Activity Recognition

Key Papers:

. "Novel  Machine  Learning-Based
Approach for Real-Time Suspicious Activity
Detection in CCTV Footage" (Sumedh Joshi,
2023) — Applied neural networks for body part
prediction and movement classification,
outperforming traditional rule-based methods.

. "Deep  Learning  Approach  for
Suspicious Activity Detection from
Surveillance Video" (C.Rami Reddy, 2018) —
Combined CNN with LSTM for feature
extraction and behavioral classification,
achieving high accuracy in controlled settings.

2.3 Context-Aware Al for Security Threat Detection

Key Papers:

. "Suspicious Activity Detection
Network for Video Surveillance Using
Machine Learning” (Komal V Shivthare, 2021)
— Incorporated contextual elements like
location and crowd density to enhance anomaly
detection accuracy.

. "Deep  Learning  Approach  for
Suspicious Activity Detection from
Surveillance Video" (Vedant Saikhede, 2023) —
Integrated environmental factors such as
weather conditions and event-specific risks,
significantly reducing false alarms.

2.4 Real-Time Threat Classification and Al-Based
Security Alerts

Key Papers:

. "Deep Learning-Based  Suspicious
Activity Detection in Surveillance Video"
(Harshal Khalkar, 2023) — Developed an Al-
powered real-time alert system, improving
security response times and efficiency.

. "Detecting Suspicious Activities in
Surveillance Videos Using Deep Learning
Methods"  (Shreyash  Chole, 2023) -
Implemented hierarchical classification models
for prioritizing security alerts based on risk
levels, enhancing threat management
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3 EXPERIMENTAL RESULTS

4 CONCLUSION

The project successfully demonstrates the integration of
Al-driven threat detection, showcasing its effectiveness
in enhancing surveillance capabilities. Through
rigorous testing and validation, the system has been
refined to ensure high accuracy and reliability in
identifying  security  threats.  Post-deployment
monitoring will be essential for maintaining optimal
performance and adapting to evolving threat patterns.
Overall, the project establishes a strong foundation for
further development, emphasizing the need for
continuous improvement and real-time adaptability.
This work not only highlights the role of Al in modern
security systems but also underscores the importance of
structured  implementation and evaluation. By
leveraging best practices in anomaly detection and
contextual analysis, the system remains robust and
responsive  in  dynamic environments. Future
enhancements may include the integration of additional
data sources and more advanced Al techniques to
improve detection precision and efficiency. This
reinforces the  project's
commitment to innovation and excellence in delivering
scalable and effective security solutions.

continuous  evolution

5 FUTURE WORK
Future enhancements of this project include integrating
more advanced Al models and refining detection
algorithms to improve accuracy. Expanding the dataset
with diverse sources will further enhance the system’s
adaptability and effectiveness. Additionally,
incorporating user feedback mechanisms will support
continuous learning and customization for evolving

security needs. Exploring cloud-based deployment can
facilitate scalability, enabling seamless integration with
existing surveillance networks. These improvements
will pave the way for real-time analytics and more
intelligent decision-making, strengthening security
monitoring across various environments.
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