gt A2
¢ TISREM 3

International Journal of Scientific Research in Engineering and Management (IJSREM)
Volume: 10 Issue: 01 | Jan - 2026 SJIF Rating: 8.586 ISSN: 2582-3930

Cybersecurity Threat Detection System

Prof.Sunita Kallu, Bheemrao Kottenavar, Kushal T.S

Department of Computer Science(AIML), KLS Vishwanathrao Deshpande Institute Of Technology Haliyal,
India

Abstract- The rapid advancement of digital technologies has resulted in a significant increase in cyber threats, making conventional security
mechanisms insufficient to handle modern and sophisticated cyberattacks. Artificial Intelligence (AI) has become a key enabler in
strengthening cybersecurity by improving threat detection through machine learning, deep learning, and behavioral analysis techniques.
Al-based security systems are capable of processing large volumes of data in real time to identify anomalies, anticipate potential attacks,
and automate response actions. By utilizing Al, organizations can enhance their protection against emerging threats such as ransomware,
phishing attacks, and advanced persistent threats (APTs). This paper explores the application of Al in cybersecurity with an emphasis on
real-time threat detection, anomaly analysis, and predictive security models. It also discusses the benefits, limitations, and future directions
of Al-driven cybersecurity solutions, highlighting the need to integrate Al with existing security frameworks to build a resilient defense
system. The study indicates that AI-powered approaches significantly improve security effectiveness; however, challenges related to ethical

issues, adversarial Al threats, and deployment complexity must be addressed to enable large-scale adoption.

Index Terms- Cyber Security, Machine Learning, Deep Learning

I. INTRODUCTION

Traditional security mechanisms such as antivirus tools, browser
filters, and operating system warnings often fail to detect fake
pop-ups—malicious, deceptive on-screen dialogs designed to
trick users into performing harmful actions such as entering
passwords, downloading malware, or giving payment
information. These fake pop-ups are crafted to visually imitate
legitimate system alerts, software updates, security warnings, and
payment gateways, making them difficult to distinguish using
signature-based or rule-based methods. Cybercriminals
increasingly use Al-generated, high-fidelity, and context-aware
fake pop-ups that bypass standard detection. These attacks occur
in real time and often leave no artifacts for traditional scanners to
analyze. As a result, users unknowingly interact with fraudulent
overlays, leading to data theft, unauthorized transactions,
credential leakage, and malware installation. Therefore, there is a

There is a critical need for an Al-driven solution that can identify,
alert users about, and prevent fake pop-ups in real time by
leveraging advanced computer vision and behavioral analysis
techniques instead of relying on static rule-based methods. The
proposed system is designed to accurately distinguish between
legitimate user interface elements and malicious visual overlays,
while delivering immediate protective actions to reduce the risk
of user exploitation. cybersecurity solutions face challenges such
as adversarial attacks, data privacy concerns, and false positives.
This paper explores how Al is transforming cybersecurity threat
detection, examines its applications and challenges, and discusses
future advancements that could enhance its effectiveness in
securing digital environments.

An Overview of the Development of Artificial Intelligence
Technologies in Cybersecurity

Artificial Intelligence (AI), a technology that simulates human
cognitive functions, has been increasingly applied across various
domains in recent years [7]. Core Al techniques, including
machine learning, deep learning, and natural language
processing, enable systems to detect patterns, forecast trends, and
make automated decisions by processing vast amounts of data. In
cybersecurity, Al provides substantial benefits, particularly in
managing large-scale, complex datasets and performing real-time
threat detection [8]. Advances in computational power and
algorithm design have further These advancements have
strengthened Al’s capability to detect sophisticated attacks and
enable proactive defense strategies. As a result, Al technology is
gradually transitioning from academic research into practical
applications, emerging as an essential tool in the field of
cybersecurity.

Fake pop-ups have become one of the most effective and widely
used social-engineering tactics in modern cyberattacks. Unlike
traditional malware or network intrusions, these deceptive visual
overlays exploit human trust by mimicking legitimate system
alerts, payment pages, software updates, or antivirus warnings.
Because they closely resemble real Ul components, users often
fail to recognize the threat and unknowingly provide sensitive
information, authorize transactions, or download malicious
software. Current security measures—such as antivirus software,
browser security filters, and URL-based detection systems—
struggle to identify these attacks because fake pop-ups are not
always linked to malicious files or known signatures. Many
appear as harmless HTML/CSS elements, JavaScript overlays, or
dynamically generated windows that leave no identifiable
artifacts. As cybercriminals now use Al and automated tools to
generate realistic pop-ups, the threat has increased in
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sophistication and frequency. This widening gap between
traditional detection methods and modern attack techniques
creates an urgent need for smarter, more adaptable solutions. An
Al-powered detection system capable of analyzing visual,
behavioral, and contextual cues in real time could significantly
reduce user risk. Such a system would not only improve threat
detection accuracy but also help prevent data theft, financial loss,
and system compromise. Developing this solution is crucial to
strengthening digital trust and ensuring safer user interactions
across devices.

As cyber-attacks become increasingly sophisticated, Artificial
Intelligence (Al) is being progressively adopted in cybersecurity
to improve threat detection and response. Initially, Al applications
targeted malware detection, spam filtering, and intrusion detection
systems (IDS), employing machine learning algorithms to
automatically identify abnormal behaviors and classify potential
threats. These early implementations showed that Al could
address the limitations of traditional security methods, enhancing
both the accuracy of threat detection and the speed of response.
Today, Artificial Intelligence (AI) has become an integral part of
the cybersecurity domain, supporting functions from threat
intelligence collection and analysis to real-time detection,
response, and recovery. Al-driven systems can automatically
process massive volumes of security data, identify emerging
threats in real time, and implement intelligent mitigation
strategies. For example, deep learning models can examine
complex network traffic to detect abnormal patterns, while
reinforcement learning algorithms can optimize security policies
and dynamically adjust defensive measures. As Al technology
continues to advance, the cybersecurity sector is actively
exploring novel applications to address evolving and adaptive
threats more effectively.

Machine Learning in Threat Detection

Supervised learning is a widely used machine learning approach
that relies on labeled datasets to train models, enabling them to
recognize known threat patterns in new or unseen data. In the
field of cybersecurity, supervised learning Supervised learning is
widely utilized in cybersecurity for tasks such as intrusion
detection, malware classification, phishing detection, and spam
filtering. By training models on historical datasets containing
both normal and malicious examples, these systems can learn to
identify the features of threats and accurately classify new data.
This allows the models to distinguish between legitimate activity
and malicious behavior in real-time, enhancing detection
capabilities and reducing false positives. The main advantages of
supervised learning include its high accuracy and interpretability.
However, its performance is heavily dependent on the availability
of high-quality labeled data and may be limited when
encountering previously unseen or novel threats.

Unsupervised learning does not require labeled data; instead, it
examines the underlying structure of datasets to identify hidden
patterns and abnormal behaviors. In the context of cybersecurity,
this approach is commonly used for anomaly detection and

intrusion detection, making it well-suited for discovering
previously unseen or undefined types of threats. Popular
unsupervised methods include clustering algorithms and anomaly
detection techniques such as K-means, Isolation Forests, and
autoencoders. These methods can identify deviations from typical
behavioral patterns, allowing the detection of potential security
risks. While unsupervised learning is effective at identifying
unknown attacks, it may generate a higher number of false
alarms, which often necessitates combining it with other
approaches to enhance detection accuracy and reliability.
Reinforcement learning is a machine learning technique designed
for dynamic decision-making, particularly in environments that
require continuous learning and adaptation. In network security
threat detection, reinforcement learning allows systems to
iteratively adjust their detection strategies by interacting with the
environment, optimizing the overall effectiveness of security
measures. For instance, it can dynamically modify alert thresholds
in an intrusion detection system or adapt defense strategies in
response to evolving attack techniques. Compared to traditional
approaches, reinforcement learning offers greater adaptability,
enabling real-time updates to detection policies based on new
threat intelligence, thereby enhancing the flexibility and
responsiveness of network security, as illustrated in Figure 1.

LOIMETION MATTE OF HeBTUTeS
Lo

' 2 e heetae S Pt oot b

Figure 1. Correlation Matrix of Features

Transfer learning is a machine learning approach that leverages
knowledge gained from previous tasks to address new, related
problems, making it especially useful in situations with limited
data or high training costs. In cybersecurity, transfer learning can
enhance the performance of threat detection models by applying
insights learned from one domain—such as financial security—
to another, like healthcare security. This approach enables the
development of effective detection systems even with scarce data,
while also reducing training time and computational
requirements. The main challenge in transfer learning, however,
is ensuring sufficient similarity between the source and target
domains to guarantee that the transferred knowledge is relevant
and effective.

Deep Learning in Threat Detection

Deep learning has emerged as a transformative approach in the
field of thread detection, significantly enhancing the ability to
identify and mitigate various forms of cybersecurity threats. By
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leveraging advanced neural network architectures, such as
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), deep learning models can analyze vast
amounts of data from multiple sources, including network traffic,
user behaviors, and system logs. These models excel in feature
extraction, automatically identifying complex patterns and
anomalies that may indicate potential threats, such as phishing
attempts or malware infections. Furthermore, deep learning
algorithms can adapt and improve over time through continuous
learning, allowing them to stay ahead of evolving attack vectors.
This capability not only increases the accuracy of threat detection
but also reduces the false positive rates, making them invaluable
tools for organizations striving to safeguard their digital assets in
an increasingly complex cybersecurity landscape.improved
version, Long Short-Term Memory Networks (LSTM), on the
other hand, are good at processing time-series data and are
suitable for application scenarios such as analyzing network
behavior logs and detecting persistent threats. Through deep
learning of large-scale data, these neural network models are able
to identify threats that are difficult to detect by traditional
methods, improving detection accuracy and response speed.

Convolutional Neural Network (CNN): A Convolutional Neural
Network (CNN) is a specialized type of artificial neural network
designed primarily for processing structured grid data, such as
images. The architecture of CNNss is inspired by the visual cortex
of animals and is particularly effective at recognizing patterns,
making them ideal for tasks such as image classification, objedl,
detection, and image segmentation. CNNs utilize convolutional
layers to apply filters or kernels that scan across the input data,
effectively capturing spatial hierarchies in the data. This process
reduces the number of parameters, allows for shared weights, and
enhances translational invariance, meaning that the model can
recognize objects regardless of their position in the image.
Layered architectures typically include pooling layers to down-
sample the feature maps and fully connected layers that
consolidate the learned information for classification tasks.
While deep learning models typically require large amounts of
data and computational resources for training, migration learning
can quickly build effective threat detection models with less data
by utilizing pre-trained models

Recurrent Neural Network (RNN): A Recurrent Neural
Network (RNN) is a type of neural network designed for
processing sequential data or time-series data, where the order and
context of inputs are crucial. Unlike traditional feedforward neural
networks, RNNs have connections that loop back on themselves,
allowing them to retain information from previous inputs through
hidden states. This architecture enables RNNSs to capture temporal
dependencies, making them suitable for tasks such as natural
language processing, speech recognition, and time-series
predictionIHowever, standard RNNs can suffer from issues like
vanishing and exploding gradients during training, which can
hinder their ability to learn long-term dependencies.

Challenges and Future Developments of Artificial Intelligence
in Cybersecurity Threat Detection

When applying Al to cybersecurity threat detection, ensuring data
privacy and security is a critical concern. Threat detection systems
require access to large datasets, including network traffic, user
behavior, and system logs, which often contain sensitive
information. Protecting this data from unauthorized access or
misuse during model training and deployment is a major
challenge. To address this, privacy-preserving techniques such as
differential privacy and federated learning are increasingly being
integrated into cybersecurity applications. However, achieving a
balance between maintaining high detection accuracy and
preserving data privacy remains an ongoing area of research that
requires further exploration

While Al models are highly effective in detecting cyber threats,
they are also vulnerable to adversarial attacks. In such attacks,
malicious actors can manipulate inputs or create adversarial
samples to mislead the model, potentially causing the security
system to fail. These attacks not only reduce the effectiveness of
threat detection but can also be exploited to bypass security
measures. To address this, researchers are investigating ways to
enhance the robustness of Al-based systems by improving model
resistance to attacks, designing more secure architectures, and
implementing protective mechanisms that safeguard the
reliability of threat detection.

CONCLUSION

We developed an intelligent fake pop-up detection system that
autonomously captures and classifies popup windows as either
real or fake. The system combines techniques from computer
vision, natural language processing, and machine learning to
analyze diverse data formats such as text files, images, QR codes,
and barcodes. It leverages screen-capturing mechanisms to detect
popups in real time, extracts relevant textual information using
Tesseract OCR, and decodes embedded QR and barcodes using
pyzbar. The extracted information is then passed through a trained
classification model which has been developed using labeled
datasets of both real and fake examples. Based on this analysis,
the system generates appropriate responses—either warning the
user in case of suspicious content or confirming legitimacy if the
popup is deemed safe. This approach helps protect users against
phishing attacks, fraudulent advertisements, and deceptive links
that frequently exploit pop-up mechanisms. The project
showcases how a multi-modal detection strategy can significantly
enhance cybersecurity at the user interface level.

The role of artificial intelligence in cybersecurity will become
more important. With the development of technology and
Through cross-disciplinary collaboration, Al-based threat
detection systems can become more intelligent, automated, and
interpretable, offering stronger protection in the increasingly
complex and dynamic cyber environment. Achieving this
requires ongoing exploration of emerging technologies,
optimization of existing methods, and comprehensive research on
Al applications to ensure their effective and sustainable use in
cybersecurity. With sustained efforts, Al is poised to become a
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central component of network security, establishing a robust
foundation for creating safer and more reliable digital

environments.
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