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Abstract

Cyber threats have evolved rapidly in complexity and frequency, making traditional
signature-based intrusion detection systems (IDS) increasingly ineffective. Deep learning (DL)
offers powerful pattern recognition and anomaly detection capabilities, enabling real-time
detection of complex cyber-attacks, including zero-day exploits, advanced persistent threats
(APTs), and polymorphic malware. This research presents a comprehensive study of deep
learning models applied to real-time cyber threat detection, proposes a hybrid Convolutional
Neural Network—Long Short-Term Memory (CNN-LSTM) model optimized for network
traffic classification, and evaluates its performance on benchmark cybersecurity datasets.
Results indicate that the proposed model achieves 96.8% detection accuracy, low latency,
and high robustness against novel threats compared to traditional ML and classical 1DS
approaches. Practical considerations for deployment, performance trade-offs, and future
research directions are also discussed.
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1. Introduction

Modern enterprise networks and cloud infrastructures face a growing number of sophisticated
cyber threats. Traditional signature-based detection mechanisms struggle to identify previously
unseen malware and stealthy intrusion patterns. For example, advanced persistent threats
(APTs) and polymorphic malware constantly mutate, evading static signature detection [1].
This demands intelligent detection systems that learn complex patterns in network traffic and
system events.

Deep learning (DL), a subfield of machine learning, uses multi-layer neural architectures to
automatically extract hierarchical features from raw inputs, making it ideal for detecting

non-linear and intricate cyber-attack behaviors. Recent applications include network traffic
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classification, anomaly detection, malware detection, and behavioral analysis [2], [3].
However, real-time processing constraints, dataset imbalance, and adversarial evasion
techniques pose challenges for effective deployment.

This paper develops a DL-based framework for real-time cyber threat detection and analyzes
its performance on high-dimensional network data.

2. Literature Review

2.1 Traditional Intrusion Detection Systems

Signature-based IDS like Snort use predefined attack patterns, offering high precision for
known threats but poor performance for zero-day attacks [4]. Anomaly-based IDS use
statistical methods to identify deviations from normal behavior but often suffer from high false
alarms.

2.2 Machine Learning in Cybersecurity

Classical machine learning models (SVM, Random Forest) have been applied to intrusion
detection, achieving moderate success [5]. However, feature engineering and scalability limit
their effectiveness in high-speed networks.

2.3 Deep Learning Approaches

DL models such as CNNs and RNNs have been used for anomaly detection and traffic
classification. For example:

e CNNs extract spatial features from network flow representations [6].
e LSTMs model temporal dependencies in sequential traffic data [7].
o Hybrid models like CNN-LSTM combine spatial-temporal learning capabilities [8].

Despite promising results, many studies lack real-time evaluation and performance
optimization for deployment.

3. Problem Formulation

Real-time threat detection requires:

1. High classification accuracy for both known and unknown threats
2. Minimal detection latency

3. Low false positive rate (FPR)

4. Scalability for high-speed networks

Let X = {xq,x5,..., x,}represent network traffic features and y € {0,1}the label (benign or

malicious). The goal is to learn function f(X) = yefficiently.

© Association of Academic Researchers and Faculties (AARF)

A Monthly Double-Blind Peer Reviewed Refereed Open Access International e-Journal - Included in the International Serial Directories.

Page | 23



4. Proposed Methodology
4.1 Dataset
We use publicly available benchmark datasets:
e CIC-IDS2017: Comprehensive modern attack types

o UNSW-NB15: Wide variety of traffic patterns
o KDD Cup’99: Classical intrusion data for baseline comparison

4.2 Data Preprocessing
1. Normalization: Scaling features to [0,1]

2. Balancing: Synthetic Minority Oversampling (SMOTE) to reduce class imbalance
3. Feature Extraction: Statistical summarization of flow attributes

4.3 Hybrid DL Model Architecture
The proposed model combines CNN and LSTM layers:
Input — CNN (Conv + MaxPool) — LSTM — Dense — Softmax

o CNN layers extract spatial traffic patterns
e LSTM layers model sequential temporal dependencies
e Fully connected layers classify threats

Figure 1: CNN-LSTM Model Architecture
5. Experimental Setup
5.1 Training

« Batch size: 128

e Epochs: 50
e Optimizer: Adam
e Learning rate: 0.0001

5.2 Evaluation Metrics
Metric  Definition
Accuracy Correct classification rate
Precision True positives / predicted positives

Recall  True positive rate
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Metric  Definition
F1-score Harmonic mean of precision & recall

Latency Time for classification in ms

6. Results and Performance Evaluation

6.1 Detection Accuracy

Model Accuracy (%) F1-Score
SVM 84.2 0.83
Random Forest 88.5 0.87
LSTM 92.4 0.91
CNN-LSTM (Proposed) 96.8 0.96

Table I: Model Performance Comparison

6.2 Latency Comparison

Model Avg. Latency (ms)
SVM 22.3
RF 36.8
LSTM 25.5

CNN-LSTM 18.7

7. Discussion

The proposed CNN-LSTM model achieves high accuracy while providing low detection

latency, making it suitable for real-time cyber threat detection. Spatial and temporal

dependencies in traffic flows are effectively captured. Challenges remain in adapting models

to encrypted traffic and adversarial evasion techniques.

8. Future Research Directions

1.

2.

Encrypted Traffic Analysis: DL models for TLS/SSL traffic.
Adversarial Robustness: Defense against adversarial perturbations.
Edge Deployment: Real-time detection on edge devices.

Federated Cyber Threat Analytics: Distributed learning across multiple

organizations.
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9. Conclusion

Deep learning enables robust real-time cyber threat detection with significantly higher accuracy
and lower latency than traditional methods. The proposed CNN-LSTM framework outperforms
classical ML and sequential models across benchmark datasets. Future directions include
encrypted traffic analysis and decentralized security analytics.
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