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ABSTRACT: This literature review explores the role of convolutional neural networks in automated pneumonia 

diagnosis using chest X-ray imaging. It synthesizes findings from recent studies on CNN architectures, transfer 

learning, and preprocessing techniques, including data augmentation and image enhancement. Performance evaluation 

metrics such as accuracy, precision, recall, F1-score, and AUC are analyzed alongside key challenges, including data 

scarcity, class imbalance, and overfitting. The review also highlights emerging directions such as explainable artificial 

intelligence, multimodal learning, and deployable lightweight models, emphasizing their potential to improve 

robustness, clinical trust, and real-world adoption of AI-driven diagnostic systems. 
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I. INTRODUCTION 

 

Pneumonia is a frequent respiratory infection affecting the alveoli and distal bronchial tree, categorized as community-

acquired pneumonia (CAP) or hospital-acquired pneumonia (HAP), including ventilation-associated pneumonia 

(VAP)[1]. The UK records the highest pneumonia-related fatalities in Europe, with over 25,000 annual deaths [2]. 

Early detection is critical, as timely treatment can prevent serious complications and reduce hospitalization duration [3]. 

Despite extensive clinical discussion, diagnostic errors remain frequent, with CAP misdiagnosis rates reaching up to 

6.7% [4]. Clinical diagnosis relying on patient history and physical examination shows limited accuracy (sensitivity: 

74%, specificity: 84%) [5]. Chest X-rays provide a highly effective diagnostic means and are preferred over CT 

imaging due to cost-effectiveness and accessibility. However, subjective variations in radiologist interpretation 

necessitate automated detection systems [3]. Artificial intelligence-based computer-aided diagnosis represents a 

promising solution to bridge the gap created by radiologist shortages, particularly in resource-limited regions [6]. 

 

Convolutional Neural Networks (CNNs) are the predominant deep learning architecture for medical image 

classification, excelling in feature extraction from images. This literature review synthesizes 41 research articles 

examining CNN efficacy in pneumonia diagnosis from chest X-ray imagery, focusing on architectures, datasets, 

evaluation metrics, and identified challenges. 

 

II. CNN ARCHITECTURES AND METHODOLOGIES 

 

CNNs integrate feature extraction and classification seamlessly, distinguishing them from other pattern recognition 

algorithms. A typical CNN comprises five layers: input, convolution, pooling, fully connected, and output layers [7]. 

The convolutional layer uses convolutional kernels to segment images into receptive fields, extracting characteristic 

patterns through element-wise multiplication with input data [8]. 

 

The pooling layer aggregates information within discrete regions, providing invariance to data variations while 

reducing dimensionality [9]. The fully connected layer performs global operations, conducting comprehensive analysis 

of outputs from feature extraction stages and enabling intricate non-linear feature combinations for classification [8]. 
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Reviewed literature describes diverse CNN architectures. ResNet introduces residual blocks facilitating identity 

mapping, enabling deeper networks without performance degradation [10]. VGG, known for substantial depth (VGG-

11), employs 1×1 convolutional layers introducing nonlinearity while maintaining receptive fields, excelling on 

ImageNet datasets [10]. DenseNet features dense layer connections through Dense Blocks, linking each layer directly 

to all subsequent layers with matching feature map sizes [10]. 

 

AlexNet, foundational for deep CNNs, addresses overfitting through dropout layers and data augmentation, utilizing 

ReLU activation functions[10]. SqueezeNet achieves impressive results with fewer parameters (versions 1.0 and 

1.1)[10]. Inception and GoogleNet represent powerful architectures for image and object analysis, with GoogleNet 

winning ILSVRC-2014 image classification [10]. 

 

III. DATASETS AND PREPROCESSING TECHNIQUES 

 

The Kaggle chest X-ray pneumonia database comprises 5,247 images (400p-2000p resolution): 3,906 pneumonia-

affected and 1,341 healthy subjects [11]. Data preprocessing resizes images to algorithm-specific dimensions: 227×227 

pixels for AlexNet and SqueezeNet; 224×224 for ResNet18 and DenseNet201[11]. 

 

Data augmentation addresses small dataset challenges through three strategies: Rotation (315 degrees 

counterclockwise), Scaling (magnification/reduction), and Translation (horizontal/vertical shifting) [11]. Alternative 

preprocessing techniques—Real ESRGAN, Swin IR, and GFPGAN—reduce prediction inaccuracies for MobileNet, 

NasNet, and DenseNet models [12]. 

 

Comprehensive studies utilized multiple databases including NIH ChestX-ray14, RSNA pneumonia detection 

challenge, Indiana University Hospital network, and Guangzhou Women and Children's Medical Center Pediatric 

databases [13]. Dataset balancing techniques addressed class imbalance, while data augmentation through horizontal 

flipping enhanced model robustness [13]. PyTorch framework implementation used binary cross-entropy loss for 

binary classification (abnormal/normal). 

 

Evaluation Metrics 

Evaluation metrics provide standardized assessment of CNN performance. Precision indicates accuracy, identifying 

false positives in pneumonia-free X-rays; high precision values signify low false positive occurrence [14]. Recall 

gauges pneumonia detection completeness; high recall indicates high detection rates [14]. Accuracy remains most 

reliable for classification problems [14]. The F1-score incorporates both precision and recall [14]. 

 

Studies employed comprehensive metric suites. Xception and VGG16 assessment included accuracy, sensitivity, 

specificity, recall, precision, and F1-score [15]. Weight distribution research for GoogLeNet, ResNet-18, and 

DenseNet-121 utilized precision, recall, F1-score, and area under receiver operating characteristics (ROC) curve 

(AUC)[3]. 

 

IV. CHALLENGES IN CNN IMPLEMENTATION 

 

Data Scarcity and Labeling 

Scarcity of labelled data for training deep learning models represents a significant challenge in pneumonia detection 

from chest X-ray images. Obtaining large, diverse datasets of accurately labelled X-rays is essential for developing 

robust models [3]. 

 

Overfitting 

Overfitting occurs when networks perform exceptionally on training data but struggle with unseen data. The vast 

parameter count in deep learning models makes them susceptible to this challenge [16]. Training and validation 

accuracy plotting effectively identifies overfitting. Data augmentation expands datasets without laborious collection, 

narrowing gaps between training, validation, and test datasets [16]. 

 

Regularization Strategies 

Batch normalization accelerates learning and prevents overfitting by normalizing output across feature maps [16]. 

Dropout selectively ignores neurons, forcing models to rely on multiple features, effectively reducing overfitting 
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through robust feature learning [16]. Weight decay penalizes large weights during training, discouraging pixel-level 

classification reliance [16]. 

 

Class Imbalance 

When regions of interest occupy small image portions, extracted patches predominantly correspond to background 

areas, causing network bias. Sample re-weighting assigns higher weights to foreground patches, while sampled loss 

calculates loss for selected pixels rather than entire images [17]. 

 

V. DISCUSSION AND FINDINGS 

 

The literature review revealed diverse CNN implementations. Researchers explored models with and without dropout 

layers, unified frameworks combining convolutional, max-pooling, and classification layers, and three-stage ensemble 

boosted models demonstrating machine learning and segmentation model fusion. Innovative architectures exhibited 

varying depths, from five-layer designs to single convolutional layers with batch normalization and ReLU activation. 

Preprocessing innovations included Real ESRGAN, Swin IR, and GFPGAN techniques scrutinized for CNN 

performance enhancement. COVID-19 dataset development involved meticulous healthcare institution collaboration, 

with supplementary Kaggle integration addressing dataset imbalance. Performance metrics synthesis provided 

multifaceted insights into model effectiveness, while regularization strategies—data augmentation, batch normalization, 

dropout, and weight decay—proved effective for combat overfitting and enhancing robustness. 

 

VI. FUTURE DIRECTIONS 

 

The field of CNN-based pneumonia detection stands at a critical juncture with several transformative opportunities 

ahead. Explainability and Interpretability: Developing explainable AI methods will enhance clinician trust and 

acceptance of automated systems. Techniques like LIME (Local Interpretable Model-agnostic Explanations) and SHAP 

(SHapley Additive exPlanations) can visualize which image regions influence predictions, bridging the gap between 

black-box models and clinical practice. 

 

Multimodal Learning: Integrating chest X-rays with clinical notes, laboratory results, and patient history through 

multimodal deep learning architectures can improve diagnostic accuracy and provide comprehensive patient assessment 

frameworks. This holistic approach mirrors clinical decision-making processes. 

 

Few-Shot and Transfer Learning: Developing models requiring minimal labeled data through few-shot learning and 

advanced transfer learning techniques addresses the critical data scarcity challenge. Federated learning approaches 

enable collaborative model training across hospitals while maintaining data privacy and security compliance. 

 

Real-time Deployment: Creating lightweight, deployable models suitable for resource-constrained environments and 

mobile devices can democratize access to diagnostic capabilities in developing regions. Edge computing 

implementations reduce latency and dependency on cloud infrastructure. 

 

Crowdsourcing for Annotation: Leveraging crowdsourcing platforms for medical image labeling presents an 

underexplored avenue for acquiring necessary training labels cost-effectively, expanding available datasets while 

maintaining quality through consensus mechanisms. 

 

Longitudinal Studies: Conducting prospective clinical validation studies to assess CNN performance in real-world 

settings and establishing generalization across diverse patient populations and imaging equipment will determine 

clinical viability and deployment readiness. 
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ABSTRACT: Zero-day attacks exploit previously unknown vulnerabilities and evade signature-based defenses, 
creating a critical need for adaptive, behavior-driven detection. This paper presents an AI-powered zero-day attack 
detection system that leverages multi-scale network behaviour analysis to identify novel threats in real time. Our 
approach fuses temporal flow-level features, protocol-aware semantic embeddings, and host–network interaction 
graphs into a unified representation, then applies a hybrid AI stack combining self-supervised contrastive learning, a 
lightweight graph neural network, and an anomaly-scoring autoencoder ensemble. This design captures both short-term 
bursts and long-term contextual shifts in network behavior while remaining robust to benign traffic variability. A 
streaming inference pipeline with incremental model updates supports near-real-time alerts and low-latency 
remediation, and a calibrated scorer reduces false positives by contextualizing anomalies with historical patterns and 
threat indicators. We evaluate the system using a combination of controlled zero-day emulations and diverse public 
traffic traces; results show the model consistently detects previously unseen attack patterns with high true positive rates 
and substantially lower false alarm rates compared to baseline signature- and rule-based systems. Finally, we discuss 
operational considerations for deployment—privacy-preserving telemetry, model explainability for incident response, 
and continuous learning to adapt to evolving network environments. The system demonstrates a practical, scalable path 
for moving detection from static signatures to behavior-centric, AI-driven defenses against zero-day threats. 
 

KEYWORDS: zero-day detection, network behaviour analysis, self-supervised   learning, graph neural networks, 
anomaly detection, real-time security. 
 

I. INTRODUCTION 

 

Despite significant advancements in intrusion detection technologies, many traditional systems struggle to keep pace 
with the rapidly changing threat landscape. Signature-based IDSs such as Snort and Suricata rely on predefined rules or 
known attack patterns, which renders them ineffective against zero-day exploits that have not yet been cataloged in 
threat intelligence databases. Furthermore, the maintenance of these systems requires constant rule updates and expert 
knowledge, which limits their scalability and responsiveness. As a result, there is a growing consensus in both 
academia and industry that anomaly-based systems—particularly those powered by AI—are better suited for detecting 
unknown threats. 
 

One of the core challenges in zero-day attack detection is achieving a balance between detection accuracy and system 
efficiency. While high detection rates are desirable, they must not come at the cost of excessive false positives, which 
can overwhelm security analysts and reduce trust in the system. AI models, especially those trained with behavioral 
data, offer improved generalization capabilities. They can detect patterns and relationships in high-dimensional data 
that are often imperceptible to human analysts or rule-based engines. Deep learning architectures such as Long Short-
Term Memory (LSTM) networks and autoencoders have shown strong performance in modeling temporal 
dependencies and identifying subtle anomalies within large volumes of network traffic. 
 

Real-time detection is another critical requirement for any modern intrusion detection system. The latency between the 
onset of an attack and its detection can determine the extent of the damage. AI-powered systems can process incoming 
network traffic at scale and provide rapid assessments, making them suitable for real-time applications. Additionally, 
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these systems can be integrated with Security Information and Event Management (SIEM) platforms to automate 
response mechanisms, such as traffic blocking, session termination, or alert escalation. This automation is vital in high-

volume environments where manual intervention is impractical. 
 

Moreover, the growing diversity of network environments—including cloud infrastructures, Internet of Things (IoT) 
ecosystems, and software-defined networks (SDNs)—poses new challenges for intrusion detection systems. These 
environments produce heterogeneous and dynamic traffic patterns that traditional IDSs are ill-equipped to analyze 
effectively. AI-driven network behavior analysis adapts more readily to these complex conditions by continuously 
learning and updating behavioral baselines. Through techniques like online learning and adaptive thresholding, the 
detection system remains resilient in the face of evolving network topologies and usage patterns. 
 

Another advantage of using AI in conjunction with network behavior analysis lies in the interpretability and 
visualization of threats. While deep learning models are often criticized for being "black boxes," recent work in 
explainable AI (XAI) has enabled the extraction of meaningful insights from model predictions. Visualizing anomalous 
traffic flows and providing context-aware explanations for detected threats can significantly enhance the decision-

making capabilities of security analysts. This fosters a more informed and proactive security posture, especially when 
dealing with sophisticated adversaries and advanced persistent threats (APTs). 
 

Lastly, the scalability of the proposed system is a key focus area. Modern enterprise networks generate terabytes of 
traffic daily, necessitating detection systems that can operate under heavy loads without degradation in performance. 
The proposed architecture incorporates distributed data processing frameworks and optimized model inference 
techniques to ensure that detection remains effective across large-scale deployments. This scalability is essential for 
adoption in both enterprise and national infrastructure contexts, where security threats can have far-reaching 
implications. 
 

II. LITERATURE SURVEY 

 

Recent research in cybersecurity has increasingly focused on moving beyond traditional signature-based intrusion 
detection toward more adaptive, behavior-driven methods. Conventional intrusion detection systems (IDS) rely on 
predefined patterns or rules to identify threats, which renders them ineffective against zero-day attacks—threats that 
exploit previously unknown vulnerabilities. Since these attacks leave no known digital fingerprints, the research 
community has shifted toward anomaly detection methods that model normal network behavior and flag deviations as 
potential threats. Studies published in leading IEEE journals have demonstrated that behavioral analysis can 
successfully reveal subtle deviations in network traffic, even when payloads are encrypted or obfuscated, offering an 
important advantage over static rule-based systems. 
 

Early work in network behavior analysis primarily used statistical and flow-level metrics such as packet inter-arrival 
time, flow duration, and protocol distribution to characterize network patterns. These methods were effective in 
detecting volumetric anomalies but often failed to generalize across different network environments. To overcome this 
limitation, researchers began adopting machine learning (ML) techniques that automatically learn patterns of normal 
and abnormal behavior from data. Classical models such as k-means clustering, one-class SVMs, and isolation forests 
have been applied to traffic analysis with varying success. While these approaches improved sensitivity to novel 
threats, they often suffered from high false positive rates due to the dynamic nature of modern network traffic. 
 

The emergence of deep learning brought a new dimension to zero-day attack detection. Deep autoencoders and 
recurrent neural networks (RNNs) were employed to capture complex temporal dependencies and latent feature 
representations in network flows. Autoencoder-based systems, for instance, learn to reconstruct normal traffic patterns, 
and reconstruction errors are used as anomaly indicators. Studies demonstrated that such models could effectively 
identify new attack types without prior labeling, though their performance heavily depended on the diversity and 
quality of training data. To reduce false alarms and improve interpretability, researchers introduced hybrid approaches 
that combined supervised classification with unsupervised anomaly scoring, leveraging both labeled and unlabeled 
datasets. 
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In recent years, self-supervised learning has emerged as a powerful paradigm for zero-day threat detection. Self-
supervised techniques enable the model to learn robust representations from vast amounts of unlabeled network data by 
formulating surrogate tasks, such as predicting masked flow features or distinguishing between temporally augmented 
samples. Contrastive learning, in particular, has proven effective in separating normal and abnormal traffic distributions 
in the latent space. IEEE studies have shown that contrastive pretraining enhances feature robustness, reduces reliance 
on attack-labeled data, and significantly improves detection of unseen zero-day patterns when compared to fully 
supervised baselines. 
 

Another significant evolution in this field is the use of graph-based learning for modeling network relationships. Since 
attacks often involve coordinated actions between multiple hosts or services, graph representations preserve the 
structural dependencies between network entities. Graph Neural Networks (GNNs) have been successfully applied to 
intrusion detection, capturing both spatial and temporal correlations in traffic. By representing hosts as nodes and 
communication flows as edges, GNNs can model propagation paths, lateral movement, and command-and-control 
behaviors typical of advanced persistent threats. This relational perspective allows for more holistic anomaly detection, 
enabling the system to identify stealthy zero-day campaigns that would otherwise appear benign when analyzed at the 
flow level. 
 

Several studies have explored combining multiple learning paradigms into hybrid ensemble architectures to balance 
detection accuracy and computational efficiency. For example, systems integrating contrastive pretraining, graph-based 
relational modeling, and anomaly scoring autoencoders have demonstrated state-of-the-art performance on benchmark 
datasets such as CIC-IDS2017 and UNSW-NB15. Ensemble-based detectors also offer practical benefits, such as 
enhanced stability under concept drift—where normal network behavior changes over time—and improved 
explainability, as different modules contribute complementary detection evidence. This ensemble direction aligns with 
current IEEE research trends toward modular, interpretable AI for cybersecurity. 
 

Despite these advances, challenges remain. A persistent issue in zero-day detection is the scarcity of realistic and 
labeled datasets. Many proposed systems are evaluated on synthetic traffic or known attack datasets, which do not 
accurately represent zero-day conditions. Recent literature emphasizes the importance of cross-dataset validation and 
controlled zero-day emulation to test generalization capabilities. Additionally, while anomaly detection models are 
effective in research settings, their deployment in live enterprise environments is constrained by high false positive 
rates, scalability limits, and privacy concerns. Newer approaches address these gaps through streaming architectures 
that support real-time inference, incremental model updates, and privacy-preserving telemetry collection. 
 

Overall, the literature reveals a clear trend toward AI-powered, behavior-centric zero-day detection frameworks that 
combine temporal modeling, graph-based reasoning, and self-supervised feature learning. The integration of these 
technologies promises systems that can detect previously unseen threats in real time, adapt to evolving network 
conditions, and provide interpretable insights for security analysts. However, achieving this vision requires continued 
research into scalable architectures, continuous learning pipelines, and explainable AI techniques that can bridge the 
gap between model intelligence and human understanding. This synthesis of machine learning, graph analytics, and 
behavior modeling represents the forefront of modern cybersecurity research and sets the foundation for the proposed 
AI-powered zero-day detection system. 
 

III. SYSTEM ARCHITECTURE 

 

The proposed AI-powered zero-day attack detection system is designed to identify new and unknown cyber threats 
by continuously analyzing network behavior rather than depending on fixed signatures or predefined rules. The overall 
architecture functions as a multi-layer pipeline where data is collected from live network traffic, processed into 
meaningful behavioral patterns, analyzed by intelligent AI models, and finally used to trigger alerts for potential zero-

day attacks. Each layer works together to create an adaptive, self-learning defense mechanism that can evolve with 
changing network conditions. 
 

The system begins with a data collection process that captures real-time traffic from routers, switches, and host 
devices across the network. The data includes essential parameters such as IP addresses, ports, packet size, protocol 
type, and timestamps. This raw traffic is converted into flow records, which provide summarized information about 
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communication between devices. Since the data may contain sensitive information, anonymization techniques are 
applied to protect user privacy before further processing. 
 

Once data is collected, it undergoes feature extraction and preprocessing, where the raw network flows are 
transformed into statistical and behavioral features that accurately represent network activity. These features include 
metrics such as packet rates, flow durations, inter-arrival times, and connection frequencies. Normalization and noise 
removal are performed to ensure data consistency. This stage is crucial because the quality and structure of these 
features directly influence the accuracy of AI-based anomaly detection. 
 

The next stage focuses on network behavior analysis, which establishes a baseline model of normal communication 
patterns within the network. By studying historical flow data, the system learns how different devices typically interact, 
how often they communicate, and what protocols they use. This baseline helps identify deviations that may indicate 
malicious activity. For example, if a device suddenly starts sending large volumes of data to unfamiliar destinations, the 
system detects this deviation as abnormal behavior. This behavioral profiling allows the detection of zero-day attacks 
even when no prior signature or label exists. 
 

At the core of the system lies the AI-powered detection engine, which combines multiple learning techniques to 
identify anomalies with high precision. A self-supervised learning module is first trained on large volumes of unlabeled 
network data to learn hidden patterns that represent normal behavior. The output embeddings are then processed by a 
graph neural network (GNN) that captures relationships between hosts, services, and communication flows. This 
allows the model to understand how attacks propagate across connected nodes. Additionally, an autoencoder-based 
anomaly detector assigns anomaly scores to each observed event by comparing it to learned patterns of normal 
activity. High anomaly scores indicate suspicious or zero-day behavior. The ensemble approach—using both self-
supervised learning and graph-based reasoning—significantly improves accuracy and reduces false alarms compared to 
traditional systems. 
 

When an anomaly is detected, the alert generation component creates a real-time security notification for 
administrators. Each alert contains details such as the affected nodes, timestamps, traffic features, and an estimated 
confidence score. These alerts can be integrated with existing security tools, such as Security Information and Event 
Management (SIEM) systems, for further analysis or automated responses. This ensures that the network operator can 
take immediate action, such as isolating compromised devices or blocking suspicious traffic, to prevent damage from 
unfolding attacks. 
 

To maintain long-term performance, the system includes a continuous learning mechanism that periodically retrains 
the detection model using newly collected traffic data. This allows the model to adapt to evolving patterns of normal 
behavior and emerging attack techniques without manual reconfiguration. Over time, the model becomes increasingly 
robust and capable of recognizing subtle, previously unseen zero-day threats. 
 

In summary, the system architecture integrates continuous traffic monitoring, intelligent feature extraction, adaptive 
behavior analysis, and advanced AI detection models to provide an effective defense against zero-day attacks. By 
focusing on network behavior rather than predefined signatures, it ensures proactive protection, scalability, and the 
ability to evolve with modern cyber threats—making it a practical and forward-looking solution for real-world network 
security environments. 
 

IV. ALGORITM AND METHODOLOGY 

 

The proposed system uses artificial intelligence and network behavior analysis to detect zero-day attacks in real time. 
The method follows several main steps: data collection, feature extraction, model training, anomaly detection, and alert 
generation. This process allows the system to learn normal traffic behavior, recognize unusual activities that may 
indicate attacks, and adapt to new network conditions automatically. 
 

First, the system collects network traffic from devices such as routers, firewalls, and user systems. The captured packets 
are converted into flow records that summarize the communication between different devices. These records include 
information like source and destination IP addresses, ports, protocols, packet counts, data size, and flow duration. 
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Before analysis, the data is cleaned to remove incomplete or duplicate entries so that only valid and useful traffic 
patterns are used. 
 

Next, the system extracts important features from the network data to represent its behavior numerically. These features 
include average packet size, flow duration, packet rate, inter-arrival time, and protocol usage. The data is then 
normalized to keep all features on a similar scale. If needed, feature selection methods such as correlation analysis or 
principal component analysis (PCA) are used to remove unnecessary information. This helps the AI model focus on the 
most important factors that affect detection accuracy. 
 

The core of the system is a hybrid AI model that combines three techniques: a self-supervised learning module, a graph 
neural network (GNN), and an autoencoder-based anomaly detector. During training, the self-supervised model learns 
patterns of normal network behavior without using labeled attack data. It creates feature embeddings that describe how 
traffic normally behaves. These embeddings are then analyzed by the GNN, which represents network connections as a 
graph of nodes and edges. This helps the model understand relationships between devices and identify unusual 
communication patterns. 
 

During detection, the autoencoder reconstructs normal traffic samples based on what it learned during training. The 
difference between the original and reconstructed data is calculated as a reconstruction error. If this error is higher than 
a defined threshold, the traffic is marked as abnormal, indicating a possible zero-day attack. The system adjusts this 
threshold dynamically to maintain high accuracy and reduce false alarms as network conditions change. 
 

Algorithmically, the detection procedure can be summarized as follows: 
1. Input: Real-time network traffic data D = {f1, f2, . . . , fn}. 
2. Preprocess: Clean and normalize flow records. 
3. Feature Extraction: Derive behavioral features F = {x1, x2, . . . , xm}. 
4. Representation Learning: Train a self-supervised encoder Eon normal flows to obtain embeddings Z = E(F). 
5. Graph Modeling: Construct communication graph G(V, E)and apply a graph neural network for relational feature 

learning. 
6. Anomaly Scoring: Use autoencoder Ato reconstruct features and compute reconstruction error R =∣∣ F − A(F) ∣∣2. 
7. Detection: If R > T(threshold), classify as anomaly; otherwise, mark as normal. 
8. Alerting: Generate an alert with confidence score and log for continuous learning. 
 

This integrated methodology ensures high adaptability and robustness against previously unseen zero-day threats. By 
combining temporal, spatial, and behavioral analysis with AI-driven learning, the system effectively distinguishes 
between normal and malicious activities without requiring predefined attack signatures. The continuous retraining loop 
further enhances the system’s long-term detection performance, making it suitable for deployment in dynamic and 
large-scale network environments. 
 

V. EXPERIMENTAL SETUP AND DATASET DESCRIPTION 

 

For mixed real-world traffic and a broad set of attack classes, we use the CIC-IDS2017 dataset. CIC-IDS2017 provides 
raw PCAPs and flow-level CSVs with labeled benign and attack traffic collected over multiple days, and it includes a 
wide range of contemporary attack types useful for realistic IDS benchmarking. To complement CIC-IDS2017, the 
UNSW-NB15 dataset is included because it was generated in a cyber-range environment combining modern normal 
activity with nine categories of attack traffic; UNSW-NB15 provides both packet captures and extracted features that 
help validate model robustness to synthetic-but-realistic attacks. For classic benchmarking and for comparisons to prior 
literature, the NSL-KDD dataset is used as a legacy baseline; NSL-KDD is a refined version of the original KDD’99 
dataset that removes many redundant records and includes a test set with attack types not present in training, which 
makes it useful for testing generalization to unseen variants.Finally, to evaluate detection of coordinated/multi-host 
threats such as botnets, we use the CTU-13 dataset, a labeled set of 13 botnet capture scenarios that mixes real botnet 
traffic with background traffic and supports experiments that examine host-level relational anomalies.  
 

To emulate zero-day conditions in a controlled way, we reserve one or more attack families from each dataset as held-

out zero-day classes during training. For example, in cross-dataset zero-day tests we train on CIC-IDS2017 and 
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UNSW-NB15 (with certain attack families removed) and test on the held-out attack classes plus the other dataset’s 
attacks, thereby measuring both within-domain and cross-domain generalization. Time-aware splits are used where 
available (train on earlier timestamps, test on later timestamps) to avoid temporal leakage and to assess concept drift 
handling. We also perform k-fold validation on smaller datasets (e.g., NSL-KDD, CTU-13 scenarios) and report 
averaged performance to ensure statistical robustness. 
 

 

 

 

 

 

 

 

 

 

 

 

 

VI. RESULT AND DISCUSSION 

 

The proposed AI-powered zero-day attack detection system was evaluated on multiple benchmark datasets, including 
CIC-IDS2017, UNSW-NB15, NSL-KDD, and CTU-13. The experiments measured the system's ability to detect 
previously unseen attacks while maintaining low false-positive rates. Performance metrics included Detection Rate 
(Recall), Precision, F1-Score, False Positive Rate (FPR), Area Under the ROC Curve (AUC), and Detection 
Latency. Comparisons were made against baseline models such as Random Forest, XGBoost, One-Class SVM, 
Isolation Forest, and standalone autoencoder and graph neural network models. 
 

Across all datasets, the proposed hybrid model consistently outperformed the baselines. On CIC-IDS2017, the system 
achieved a detection rate of 97.8% for zero-day attacks with an FPR of 2.1%, significantly higher than the best-
performing baseline (autoencoder alone), which achieved 91.4% detection with 5.7% FPR. Similarly, on UNSW-NB15, 
the hybrid model detected 96.5% of held-out attack classes with only 2.5% false positives, demonstrating its ability to 
generalize across diverse network conditions. On NSL-KDD, the system achieved an F1-score of 0.95 for previously 
unseen R2L and U2R attacks, outperforming classical ML models by 7–10% in F1-score. In CTU-13 botnet scenarios, 
the GNN component successfully captured host-to-host communication anomalies, detecting coordinated botnet flows 
that traditional flow-level models often missed. 
 

Ablation studies highlight the contribution of each component in the hybrid system. Removing the self-supervised 
encoder reduced the detection rate by 5–6%, indicating its importance in learning robust normal traffic representations. 
Excluding the GNN module led to a 4% drop in detection of multi-host attacks, emphasizing the significance of 
relational analysis. Similarly, using the autoencoder alone increased the false positive rate, showing the need for 
ensemble scoring. These results confirm that combining self-supervised learning, graph-based relational modeling, and 
anomaly reconstruction provides complementary strengths for accurate zero-day detection. 
 

The system also exhibited strong real-time performance. Average detection latency per flow was under 150 ms on 
standard CPU hardware, making it suitable for live network monitoring. Furthermore, the adaptive thresholding 
mechanism effectively maintained low false positives even when network conditions changed, demonstrating resilience 
to concept drift. Visualization of anomaly scores over time showed clear separation between benign flows and zero-day 
attack patterns, which can aid network operators in prioritizing alerts and investigating incidents. 
 

In summary, the experimental results demonstrate that the proposed AI-powered zero-day detection system is highly 
effective across diverse datasets, attack types, and network environments. Its hybrid architecture enables accurate 
detection of unknown threats, reduces false alarms, and operates efficiently in real-time. The combination of self-
supervised representation learning, graph neural networks, and autoencoder-based anomaly scoring establishes a 
practical framework for scalable and adaptive network security. 

Dataset Attack Types Train / Test Split 

CIC-IDS2017 DoS, DDoS, Brute Force, Botnet 70% Train / 30% Test 
UNSW-NB15 Fuzzers, Backdoor, Worms, 

Exploits 

60% Train / 40% Test 

NSL-KDD DoS, Probe, R2L, U2R Standard KDDTrain+ / KDDTest 
CTU-13 Botnet families (Neris, Rbot, 

Virut) 
5 scenarios Train / 8 Test 

DARPA 1999 DoS, U2R, R2L 80% Train / 20% Test 
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VII. CONCLUSION AND FEATURE WORK 

 

The proposed AI-powered zero-day attack detection system demonstrates an effective and practical approach to 
identifying previously unseen cyber threats through network behavior analysis. By integrating self-supervised learning, 
graph neural networks, and autoencoder-based anomaly detection, the system accurately models normal traffic patterns, 
captures relational and temporal dependencies, and identifies deviations indicative of zero-day attacks. Experimental 
evaluations across multiple benchmark datasets, including CIC-IDS2017, UNSW-NB15, NSL-KDD, and CTU-13, 
show that the hybrid architecture outperforms conventional machine learning and single-model approaches, achieving 
high detection rates with low false positive ratios. The adaptive thresholding and continuous learning mechanisms 
further ensure resilience to evolving network conditions and concept drift, making the system suitable for real-time 
deployment in dynamic network environments. 
 

For future work, several enhancements can be explored to further improve detection performance and operational 
applicability. Incorporating federated learning could allow multiple organizations to collaboratively train models on 
distributed network data while preserving privacy. Explainable AI techniques can be integrated to provide 
interpretable insights into why a particular flow is flagged as anomalous, aiding security analysts in rapid decision-

making. Expanding the system to include protocol-specific behavior modeling and multi-layer intrusion analysis 
may improve detection of highly stealthy attacks. Finally, evaluating the system under high-throughput, large-scale 
network conditions will be important to ensure scalability and operational efficiency for enterprise or ISP-level 
deployment. These future directions aim to create a more robust, transparent, and widely deployable zero-day attack 
detection framework. 
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