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Abstract— In order to defend networks against cyber attacks, we require intrusion detection
systems - commonly referred to as IDS. While these systems function well with common
datasets, artificial intelligence (AI) based intrusion detection systems tend to fail under different
scenarios. The source of these failures is reliance on certain datasets and discrepancies in the
distribution of the datasets. Therefore, availability of these datasets is problematic to relying on
Al for false positive and accuracy metrics in real-world situations, where the patterns of attack
and traffic can vary significantly. To address this issue, we present a deep learning-based IDS
using domain adaptation to improve efficiency across diverse datasets. Utilizing convolutional
and recurrent neural networks for traffic feature identification, we combine domain-
adversarial training (DANN) with correlation alignment (CORAL) to reduce the differential
between source and target domains. Experiments on ToN-IoT, UNSW-NB1S, and CIC-IDS2017
show the performance of traditional deep models presented consistently lower results across
categories in various datasets. Our approach provides 10-15% improvements in accuracy and
reductions in false positive. This approach highlights the potential of domain adaptation for
producing flexible and effective IDS for corporate, cloud, and Internet of Things settings.
Regardless of parameters, the experiments demonstrate the need of domain adaptation for
producing flexible and effective IDS for cloud, corporate, and IoT environments.Keywords—
Intrusion Detection System (IDS), Deep Learning, Domain Adaptation, Cross-Dataset
Generalization, CORAL, DANN, Cybersecurity, IoT Security.

Index Terms— first term, second term, third term, fourth term, fifth term and sixth term.

1. INTRODUCTION

Intrusion detection systems (IDS) play a crucial role in protecting today's digital environments in light of the
increase of cyberthreats. IDS assists decision-makers in cloud, IoT, and enterprise networks by identifying
unusual behavior and providing recommendations. How well they perform in a range of situations when
aggressive conduct and traffic patterns are continuously changing will decide how effective they are.
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Typically, artificial intelligence-based intrusion detection systems (IDS) work well with normal datasets but
struggle to operate with datasets with rare occurrences. Traditional models also have difficulty generalizing to
many distributions of data, depending largely on the dataset. The proposed solution is to use a combination of
convolutional and recurrent deep learning models and ways to help machines adapt to variations in data and
unforeseen threats from data distributions or patterns in the future, such as using techniques like correlation
alignment (CORAL) and domain adversarial neural networks (DANN). The machine adapts quickly to
unforeseen traffic patterns in the datasets. Adaptive ability improves accuracy and lessens false positives. High-
stakes domains can be anything from cloud services and incentivized delivery methods/internet of things
ecosystems to hospitals/infrastructures and organizational infrastructures,this approach enables the development
of effective, scalable, and user-centric IDS solutions. Additionally, it offers immediate benefits in cybersecurity.
The use of generalized IDS that are cross-dataset will affect critical infrastructure, digital trust and national
security, but also offer immediate value to cybersecurity. As we see in smart cities, healthcare, and industrial
IoT, where many devices will generate traffic that is uniquely different, domain-adaptive deep learning can
provide continuous and resilient security that does not require complete retraining for every new environment.
More broadly, in a cloud and edge computing environment that will see different workloads, they can achieve
similar scalable, yet resilient intrusion detection capabilities. This study describes a new technological
development and it also supports a paradigm shift of sustainable cybersecurity. from models that are data
dependent, to intelligent and adaptive IDS that can learn and adjust to new threats, thus laying a groundwork for
more secure and dependable digital environments in multiple areas.
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Figure 1 Workflow Diagram

1970



The method used in this papesr combines domain adaption mechanisms with deep learning architectures to
create a robust intrusion detection system that can generalize across datasets. Multi-source datasets, sophisticated
preprocessing, hybrid CNN-BiLSTM feature extraction, and adaption modules like CORAL and DANN are all
incorporated into the architecture. An IDS framework that remains resilient even when used in diverse and
changing situations is the end product. Three benchmark datasets—CIC-IDS2017, UNSW-NBI15, and ToN-
IoT—form the foundation of this investigation. Because every dataset is gathered in a different setting, traffic
numbers and attack patterns vary greatly. Overlapping characteristics including flow duration, packet length,
inter-arrival intervals, and protocol identifiers are chosen in order to create a shared feature space.
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Figure 2 Model Performance Comparison
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