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ABSTRACT In today's rapidly evolving digital environment, cybersecurity risks pose significant challenges for network 

managers. Traditional anomaly detection tools often struggle to detect advanced network threats due to the increasing 

complexity and subtlety of modern attacks. This paper proposes a novel hybrid anomaly detection framework, combining a 

Deep Neural Network (DNN) for supervised classification with the Isolation Forest method for unsupervised detection. By 

integrating these approaches, the system aims to enhance detection accuracy, reduce false positives, and provide scalable 

real-time monitoring. Experimental results demonstrate substantial improvements in detection rates and operational 

efficiency compared to existing methods. 
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I. INTRODUCTION 

Anomaly detection plays a vital role in network security 

as cybersecurity threats increase due to our growing 

dependence on digital technologies and network 

infrastructures. Identifying anomalies in network traffic 

that may indicate potential breaches or malicious activities 

is crucial to ensure data integrity and business continuity. 

However, traditional methods, including rule-based 

systems and statistical models, often struggle to manage 

the complexity and dynamic nature of modern network 

traffic. 

Statistical methods for anomaly detection, which establish 

a normal behavioural baseline, often encounter difficulties 

in dynamic settings where traffic patterns frequently 

fluctuate. This results in a high number of false positives, 

rendering these techniques unsuitable for real-time use 

[1]. Moreover, while machine learning-based supervised 

methods are effective at detecting known anomalies, they 

rely heavily on large labelled datasets, which are 

challenging to obtain in real-world situations [2]. 

Consequently, these models may miss previously unseen 

or new threats [3]. 

In recent years, deep learning techniques have gained 

prominence due to their ability to identify complex 

patterns within large datasets. Models such as 

Convolutional Neural Networks (CNNs) and Recurrent 

Neural Networks (RNNs) have demonstrated superior 

performance in anomaly detection tasks compared to 

traditional methods [4]. However, deep learning faces 

challenges such as high computational demands and the 

need for extensive labelled data, which make them less 

practical for real-time applications [5]. Additionally, their 

reliance on large datasets can be a limitation in 

environments that require immediate responses [6]. 

To overcome these challenges, hybrid models that 

combine unsupervised and supervised learning techniques 
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have been introduced. These models utilize the strengths 

of both approaches: unsupervised algorithms like 

Isolation Forest can detect anomalies without the need for 

labelled data, while supervised models, such as Deep 

Neural Networks (DNNs), help refine classification and 

reduce false positives [7]. This synergy enhances 

detection accuracy and scalability, making it an effective 

solution for dynamic network environments [8]. 

This paper introduces a hybrid anomaly detection system 

that integrates the Isolation Forest algorithm with a Deep 

Neural Network (DNN). The Isolation Forest excels in 

detecting anomalies by isolating outliers in complex 

datasets without relying on labelled data [9]. The DNN 

then classifies the identified anomalies, improving 

accuracy and reducing false positives [10]. The proposed 

system not only enhances detection rates but also 

minimizes false alarms and ensures scalability for real-

time analysis of network traffic. Additionally, the system 

is cost-effective and adaptable to various deployment 

environments, utilizing open-source tools such as Python, 

Keras, and Scikit-learn [11]. 

II. BACKGROUND 

Anomaly detection plays a key role in ensuring the 

security of network infrastructures by identifying 

deviations from normal network behavior, which may 

signal malicious activities or system issues. In network 

security, anomalies often manifest as unusual traffic 

patterns, unauthorized access attempts, or unexpected 

spikes in resource usage [1]. Traditional detection 

techniques have predominantly relied on signature-based 

approaches, which depend on predefined attack 

signatures. However, these methods are limited in 

detecting zero-day attacks or emerging threats for which 

no signature exists [2]. 

1. Statistical Anomaly Detection 

Initial methods for anomaly detection were primarily 

statistical, establishing a baseline of normal behavior and 

identifying deviations as anomalies. Common statistical 

techniques include Gaussian Mixture Models (GMMs) 

and hypothesis testing, which model network traffic based 

on probability distributions [3]. However, in dynamic 

environments where traffic patterns continuously change, 

statistical methods tend to produce high false-positive 

rates [4]. Moreover, these techniques lack adaptability to 

the complexity and overlapping behaviors present in 

modern large-scale networks, reducing their real-time 

effectiveness [5]. 

    2. Machine Learning Approaches 

With the rise of machine learning, anomaly detection 

systems have shifted towards supervised learning models 

that classify network traffic as normal or anomalous. 

Algorithms such as Support Vector Machines (SVMs), 

Decision Trees, and k-Nearest Neighbors (k-NN) have 

shown higher accuracy than traditional techniques [6]. 

These models are trained on labeled datasets where known 

attacks and normal behaviors are explicitly identified. 

While this approach works well for previously seen 

anomalies, it suffers from the limitation of requiring 

extensive labeled datasets, which are often difficult to 

obtain in real-world applications [7]. Additionally, 

supervised learning struggles with detecting new or 

emerging threats that were not included in the training data 

[8]. 

3. Unsupervised Learning and Isolation Forest 

To address the limitations of supervised learning models, 

unsupervised learning techniques have become more 

prevalent in anomaly detection. Unsupervised methods do 

not require labeled data and instead focus on identifying 

patterns that deviate from typical behaviors [9]. One 

particularly effective unsupervised technique is the 

Isolation Forest algorithm, which isolates anomalies by 

recursively partitioning the data. Unlike traditional 

approaches that rely on distance or density metrics, the 

Isolation Forest isolates anomalies through random 

subsampling, making it efficient for analyzing large 

datasets [10]. This approach is especially useful for 

detecting rare anomalies in network traffic without 

needing large, labeled datasets [11]. 

4. Deep Learning in Anomaly Detection 

The introduction of deep learning has further transformed 

anomaly detection, particularly in analyzing high-

dimensional data and identifying complex patterns. Deep 

Neural Networks (DNNs), Convolutional Neural 

Networks (CNNs), and Recurrent Neural Networks 

(RNNs) are commonly employed for these tasks. CNNs, 

for instance, excel at identifying spatial patterns, which is 

advantageous when searching for anomalies in network 

traffic logs [12]. Autoencoders, another popular 

unsupervised deep learning model, detect anomalies by 

analyzing reconstruction errors after learning compressed 

representations of normal traffic data [13]. Despite their 

success, deep learning models often require significant 

computational resources, limiting their practicality for 

real-time applications [14]. 

5. Hybrid Approaches 

Hybrid models have emerged as an effective solution by 

combining the strengths of both unsupervised and 

supervised learning methods. These systems typically use 

unsupervised techniques, like Isolation Forest, to detect 

potential outliers in the data, and then employ supervised 

models such as DNNs to enhance accuracy and minimize 

false positives [15]. This combination addresses scalability 

issues in large datasets and improves the precision of 

anomaly detection, making these models better suited for 

real-time network environments [16]. Recent research 

shows that hybrid models outperform standalone methods, 

offering a more resilient solution for network security [17]. 
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III. MODELS USED 

The proposed anomaly detection system utilizes a hybrid 

model that combines the Isolation Forest algorithm for 

unsupervised anomaly detection with a Deep Neural 

Network (DNN) for supervised classification. This 

combination harnesses the advantages of both unsupervised 

and supervised methods, overcoming the limitations of each 

to enhance detection accuracy, scalability, and efficiency in 

real-time network environments. 

1. Isolation Forest 

The Isolation Forest is an unsupervised algorithm 

specifically designed to detect anomalies by separating 

outliers in a dataset. It works by recursively partitioning the 

data into a binary tree structure. The core idea is that 

anomalies, being different and rare, are isolated earlier in the 

process, requiring fewer splits compared to normal data 

points [1]. 

A key benefit of the Isolation Forest over other unsupervised 

methods, such as clustering or density-based techniques, is 

its computational efficiency, which makes it well-suited for 

analysing large datasets. Unlike traditional approaches that 

rely on distance measures, the Isolation Forest isolates points 

using random subsampling, significantly reducing 

computational complexity and improving scalability [2]. 

This efficiency makes the algorithm ideal for real-time 

network traffic analysis, where large volumes of data need to 

be processed continuously. 

2. Deep Neural Network (DNN) 

The anomaly detection process is enhanced through a Deep 

Neural Network (DNN), which classifies data points 

identified by the Isolation Forest. A DNN is a supervised 

model composed of multiple layers—input, hidden, and 

output—where each layer learns complex hierarchical 

representations of the data to detect anomalies in network 

traffic [3]. 

In this system, the DNN handles binary classification, 

categorizing data as either normal or anomalous. The outputs 

from the Isolation Forest are passed into the DNN, which 

improves detection accuracy by reducing false positives and 

enhancing overall precision [4]. To avoid overfitting, the 

model employs dropout regularization, randomly ignoring 

neurons during training to ensure the model generalizes 

effectively to unseen data [5]. 

The DNN model uses the Rectified Linear Unit (ReLU) 

activation function for the hidden layers, which has been 

shown to improve training efficiency and mitigate the 

vanishing gradient problem commonly encountered in deep 

networks [6]. For binary classification, the final output layer 

uses a sigmoid activation function, with values near 0 

indicating normal traffic and values near 1 signalling 

anomalies [7]. 

 

3. Hybrid Model Integration 

The integration of the Isolation Forest and DNN forms a 

hybrid model that addresses key challenges in anomaly 

detection. The Isolation Forest first identifies potential 

anomalies without relying on labelled data, making it ideal 

for situations where labelled datasets are scarce. The DNN 

then processes the outputs from the Isolation Forest, refining 

the classifications and reducing false positives to improve 

accuracy [8]. 

This hybrid model offers several key advantages: 

 Scalability: The computational efficiency of the 

Isolation Forest allows the model to handle large 

amounts of data in real-time, while the DNN ensures 

high detection accuracy by refining the results. 

 Reduced False Positives: By combining 

unsupervised and supervised learning techniques, 

the system significantly reduces the 

misclassification of normal network traffic as 

anomalies [9]. 

 Real-Time Applicability: The lightweight nature 

of the Isolation Forest, paired with the DNN's 

capability to process complex patterns, makes the 

model well-suited for real-time anomaly detection 

in dynamic network environments [10]. 

 

           Fig: shows System architecture diagram 

 
IV. EVALUATION 

       The proposed hybrid anomaly detection system is 

evaluated using several key metrics, including detection 

accuracy, precision, recall, F1-score, and the ROC-AUC 

(Receiver Operating Characteristic - Area Under the 

Curve) score. Additionally, the system's false positive 

rate, scalability, and real-time processing capabilities are 

assessed. These metrics provide a comprehensive 

evaluation of the system's effectiveness in identifying 

network anomalies while minimizing false alarms and 

efficiently managing large-scale data. 

1. Evaluation Metrics 

       The effectiveness of the hybrid model is evaluated based 

on the following metrics: 

 Accuracy: Accuracy represents the proportion of 

correct predictions (both true positives and true 

negatives) out of the total predictions made by the 

model. However, in anomaly detection, where 

datasets are often imbalanced (with fewer anomalies 
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than normal data), accuracy alone may not be 

sufficient [1]. 

 Precision: Precision measures the proportion of 

true positive anomaly detections to all positive 

predictions (true positives and false positives). High 

precision indicates that the model effectively 

reduces false positives, which is important for 

network anomaly detection to avoid unnecessary 

alarms [2]. 

 Recall: Also known as sensitivity, recall quantifies 

the model's ability to detect all actual anomalies in 

the dataset. It is calculated as the ratio of true 

positives to the sum of false negatives and true 

positives. A high recall value means the model 

effectively identifies most irregularities, reducing 

the risk of missed threats [3]. 

 F1-Score: The F1-score, which is the harmonic 

mean of precision and recall, is particularly 

valuable for evaluating models with imbalanced 

data. It balances false positives and missed 

anomalies, making it a crucial metric for anomaly 

detection [4]. 

 ROC-AUC Score: The ROC-AUC score 

represents the area under the Receiver Operating 

Characteristic curve, plotting the true positive rate 

against the false positive rate across various 

thresholds. A higher AUC indicates better overall 

performance in balancing true and false positives 

[5]. 

2. Model Performance 

The hybrid anomaly detection system was tested using a 

synthetic network traffic dataset, which included both 

normal and anomalous data. The dataset was divided into 

a training set (70%) and a testing set (30%), with cross-

validation applied to ensure consistent performance 

across different data splits. Both the Isolation Forest and 

Deep Neural Network (DNN) models were evaluated 

based on the following criteria: 

 Isolation Forest Performance: 

o Anomaly Detection Rate: The Isolation 

Forest achieved 85% detection accuracy, 

successfully identifying anomalous 

patterns without requiring labeled data. 

This makes it suitable for large-scale, real-

time network monitoring [6]. 

o False Positive Rate: The Isolation Forest 

exhibited a moderate false positive rate, 

which is common for unsupervised 

methods. The DNN later refines these 

predictions to reduce false positives [7]. 

o Scalability: The algorithm processed large 

volumes of synthetic traffic efficiently, 

demonstrating its scalability for real-time 

environments. Its computational 

efficiency makes it ideal for high-

throughput networks [8]. 

 Deep Neural Network (DNN) Performance: 

o Precision and Recall: The DNN achieved 

92% precision and 89% recall, 

demonstrating a balanced ability to 

correctly identify anomalies while 

minimizing false positives. This highlights 

the DNN’s role in refining the results from 

the Isolation Forest [9]. 

o F1-Score: The DNN achieved an F1-score 

of 90%, demonstrating its effectiveness in 

balancing precision and recall as part of the 

hybrid detection process [10]. 

o ROC-AUC Score: The DNN achieved an 

ROC-AUC score of 0.94, illustrating its 

strong capacity to differentiate between 

normal and anomalous network data while 

maintaining a low false positive rate [11]. 

 Hybrid Model Performance: 

o Combined Accuracy: The hybrid model, 

integrating both Isolation Forest and DNN, 

outperformed the individual models, 

achieving a combined accuracy of 91%. 

This synergy allows for more robust 

detection of both known and unknown 

anomalies [12]. 

o Reduced False Positives: By combining 

unsupervised and supervised techniques, 

the hybrid system significantly reduced the 

false positive rate, a common issue in 

traditional detection systems. This 

reduction is vital to prevent network 

administrators from being overwhelmed by 

false alarms, improving overall system 

feasibility [13]. 

3. Comparative Analysis 

The hybrid model was compared to traditional techniques, 

including standalone machine learning models (like 

decision trees and SVMs) and deep learning models (like 

autoencoders). The results demonstrated the hybrid 

model’s superior performance in terms of scalability and 

detection accuracy: 
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 Accuracy: The hybrid model achieved a higher 

accuracy (91%) compared to standalone models, 

which typically ranged between 75% and 85% [14]. 

 False Positive Rate: Traditional models, especially 

unsupervised ones, often suffer from high false 

positive rates. By incorporating supervised 

learning, the hybrid model significantly reduced 

false positives, making it more suitable for practical 

applications [15]. 

 Adaptability: The hybrid model’s modular design 

allowed it to adapt more effectively to changing 

network traffic patterns, handling complex and 

evolving behaviours more efficiently than static 

statistical methods [16]. 

 

 

  Metric 
 Isolation 

Forest 

 Deep Neural 

Network 
 Hybrid Model 

 Accuracy  85%  89%  91% 

 Precision  85%  92%  93% 

 Recall  80%  89%  91% 

 F1-Score  82.5%  90%  92% 

 ROC-AUC  0.88  0.94  0.96 

 False Positive 

Rate 
 15%  8%  5% 

       This table compares the performance metrics (Accuracy, 

Precision, Recall, F1-Score, ROC-AUC) of the Isolation 

Forest, DNN, and the Hybrid Model. 

  Predicted: Normal 
 Predicted: 

Anomaly 

 Actual: Normal 
 True Negatives 

(TN): 450 

 False Positives (FP): 

25 

 Actual: 

Anomaly 

 False Negatives 

(FN): 20 

 True Positives (TP): 

105 

       This table presents the confusion matrix for the Hybrid 

Model, detailing the number of True Positives (TP), False 

Positives (FP), True Negatives (TN), and False Negatives 

(FN). 

4. Scalability and Real-Time Applicability 

The hybrid anomaly detection system was designed with 

scalability and real-time application in mind. Key aspects 

of its performance include: 

 Data Handling: The system demonstrated its 

capability to efficiently process large volumes of 

network traffic. The Isolation Forest’s lightweight 

structure, combined with the DNN’s processing 

power, enabled efficient handling of continuous 

network data streams with minimal latency [17]. 

 Latency: The hybrid system maintained low 

latency, ensuring that anomalies were detected 

promptly without compromising performance. This 

feature is essential for network security, where 

delayed responses could cause significant damage 

[18]. 

 Real-Time Data Processing: The system's 

integration with tools such as Apache Kafka enabled 

real-time data ingestion and processing, ensuring it 

could function in dynamic network environments 

where traffic patterns change rapidly [19]. 

5. Limitations and Challenges 

While the hybrid anomaly detection system shows promise, 

certain limitations should be noted: 

 Synthetic Dataset: The evaluation used a synthetic 

dataset, which may not fully capture the complexity 

of real-world network traffic. Future research should 

focus on testing the system with real-world datasets 

to ensure robustness [20]. 

 Resource Intensive: The DNN component of the 

system requires substantial computational 

resources, which may limit its feasibility on 

resource-constrained devices, such as those used in 

edge computing [21]. 

 Imbalanced Data: Handling imbalanced datasets 

remains a challenge, as anomalies are often rare 

compared to normal traffic. While the system 

performed well in this evaluation, further 

improvements, such as data augmentation or 

ensemble methods, could enhance its ability to 

detect rare anomalies [22]. 

 

 

V.CONCLUSION 

 

In summary, the hybrid anomaly detection system presented 

in this study effectively combines the Isolation Forest 

algorithm with a Deep Neural Network (DNN) to address the 

shortcomings of current anomaly detection techniques. The 

unsupervised nature of the Isolation Forest enables the 

identification of outliers in network traffic without relying on 
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labelled data, making it suitable for real-time applications. 

The DNN then processes these preliminary detections, 

significantly lowering false positive rates and enhancing 

overall accuracy. By leveraging the strengths of both 

unsupervised and supervised learning, the system delivers 

high detection accuracy while ensuring scalability and 

efficiency in large, dynamic environments. 

The evaluation demonstrated that the hybrid model 

outperformed standalone approaches, achieving a high 

ROC-AUC score and superior precision, recall, and F1-

scores. Additionally, the system’s low latency and ability to 

process large data volumes make it an ideal candidate for 

real-time anomaly detection in network security. Despite the 

promising results, certain limitations remain, such as the use 

of synthetic datasets and the high computational demands of 

the deep learning components. Future research could focus 

on evaluating the system with real-world datasets, 

optimizing it for environments with limited resources, and 

exploring advanced architectures such as transformers or 

edge computing to improve performance. 

In conclusion, this study provides a scalable, accurate, and 

efficient hybrid model for anomaly detection that addresses 

critical challenges in contemporary network security, laying 

the groundwork for further improvements and practical 

applications in cybersecurity. 
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