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Abstract— This study presents a comprehensive framework for
botnet detection that leverages advanced machine-learning
techniques to enhance accuracy and robustness. The framework
integrates bagging methods, such as Random Forest and Bagged
Decision Trees, alongside boosting algorithms like XGBoost,
LightGBM, to achieve superior model generalization. To
optimize feature selection, Recursive Feature Elimination (RFE)
and Principal Component Analysis (PCA) are employed,
ensuring the extraction of the most relevant features from
network traffic data. The system addresses data quality
challenges through rigorous cleaning, normalization, and class
imbalance correction using the Synthetic Minority Over-
sampling Technique (SMOTE). Evaluated on the UNSW-NB15
dataset, the proposed framework demonstrates exceptional
performance, achieving high accuracy and precision-recall area.
The results highlight its effectiveness in detecting botnet attacks
and its potential as a scalable solution for enhancing network
security.

I. INTRODUCTION

The sophistication level of cyberattacks, especially the botnet-
based threats, increases the need to develop effective methods
for detection of botnet attacks. This article presents a framework
for botnet attack detection through advanced machine learning
techniques. Here, the method of bagging is combined with both
Random Forest and Bagged Decision Trees while the boosting
approach is combined with XGBoost and LightGBM, for
superior generalization of the models and better accuracy.

Feature optimization is crucial in the architecture, with the use
of Recursive Feature Elimination (RFE) and Principal
Component Analysis (PCA) in order to find the most
informative features for the network traffic. Moreover,
improving the model also requires solving problems of data
quality, including cleaning, normalization, and class imbalance.
The Synthetic Minority Over-Sampling Technique (SMOTE) is
utilized to address the class imbalance. This helps prevent the
model from missing critical less frequent botnet attacks. The
performance of the framework is evaluated on the UNSW-NB15

dataset, which shows outstanding accuracy and precision-recall
metrics. These results show that the framework can be a scalable
solution for enhancing network security and detecting botnet
attacks with high reliability. This research provides significant
contributions to the development of more effective
cybersecurity defences using machine learning techniques.

A. Problem Statement.

The rapid evolution and sophistication of botnet attacks pose a
significant threat to network security, leading to data breaches,
service disruptions, and financial losses. The existing detection
systems often suffer from low accuracy, limited generalization
capabilities, and poor handling of imbalanced datasets, which
undermines their effectiveness in real-world scenarios. Network
traffic data are also characterized by a high dimensionality, and
the existence of uninformative or redundant features only
compounds the complexity; hence, the efficiency of traditional
detection methods is not satisfactory. It's time to come up with
robust, scalable, and efficient botnet detection frameworks that
make possible not only accurate malicious activity identification
but also handle highly imbalanced datasets without feature
redundancy issues, increasing generalization to network
variations. This study will attempt to address the challenges by
incorporating advanced machine learning techniques,
comprehensive data preprocessing, and effective feature
selection methods in order to provide a reliable solution to
enhance network security.

B. Existing System

The current system for botnet attack detection relies on
individual deep learning models such as Artificial Neural
Networks (ANNs), Convolutional Neural Networks (CNNSs),
Long Short-Term Memory (LSTM) networks, and Recurrent
Neural Networks (RNNs). These models are used independently
to analyze network traffic data and identify patterns indicative
of botnet-related activities. Each uses a different mechanism to
extract features and classify network behavior; however, they
operate individually, without any ensemble learning technique
to combine their predictions.
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In this paradigm, ANNSs are used more frequently to represent
complex relationships among the data; CNNs have been
effective at feature extraction based on their capacity to capture
spatial correlations; LSTMs can handle sequential data by
preserving long-term dependencies, and RNNSs are constructed
to process time-series data based on recurrent connections.
However, each of these models has different strengths, which
limits the performance of the whole system if the models operate
in isolation. Given that the botnet attack patterns might be very
dynamic and complex, reliance on only one model is bound to
encounter significant challenges for high accuracy and
generalization when different types of attacks are tested.

The second main problem encountered when a single deep
learning model is used to detect botnets is overfitting to the
particular data pattern. For instance, the LSTM model learned
from a given dataset may be overly specific for identification
purposes in the narrow domain of only those botnet behaviours
within the training set. Therefore, when deployed with new
attack patterns, it becomes much less effective. Similarly, CNNs
are perfect for feature extraction but not so great with sequential
long-term dependencies associated with the network traffic data.
This drawback leads to increased false positive or false negative
rates, making the system less reliable.

Computational inefficiency is another major inadequacy of the
current system. Deep learning models, especially LSTMs and
CNNs, consume massive computational resources when trained.
Their usage, if each model were used independently, would
incur separate training and testing for each model, which not
only prolongs the training but also leads to redundant
computations because their strengths are combined and
amalgamated. On the other hand, an ensemble approach like
stacking would optimize better because the strengths of several
models are integrated into a single robust framework.

Moreover, since there is no ensemble learning strategy in the
existing system, the system fails to generalize well to different
attack scenarios. Botnet attacks evolve, and detection models
need to adapt and learn to different data distributions. The
system is less flexible in handling variations in attack behavior
because it does not have a mechanism to combine multiple
models' predictions. Without the complementary strengths of
different models, the classification performance is suboptimal,
and the robustness is decreased.

Finally, the existing system suffers from issues of
interpretability because deep learning models are "black boxes,"
and the rationale behind their predictions is difficult to
understand. This can be problematic in cybersecurity
applications where explainability is important for investigating

and mitigating threats. Using a single model does not offer an
intuitive way to analyse how different features contribute to the
detection decision, which makes it more difficult for security
analysts to trust and act upon the model's outputs.

I1. PROPOSED SYSTEM

A. work of Proposed System.

The proposed botnet detection framework introduces a robust,
scalable, and high-performance approach by integrating
advanced machine learning techniques, specifically ensemble
learning methods that enhance predictive accuracy and
generalization. The framework employs both bagging and
boosting techniques, which are known for their ability to reduce
variance and bias in classification tasks. Other techniques,
including Bagging and Random Forest as well as Bagged
Decision Trees, improve stability by training several models in
parallel and averaging the prediction of all these models, hence
reducing overfitting. In contrast, boosting methods like
XGBoost and LightGBM iteratively enhance weak learners that
focus on the misclassified instances, thus achieving high
efficiency in detecting complex patterns of attack within
network traffic. By using these ensemble learning strategies, the
framework balances bias and variance well, thus providing a
more reliable and accurate botnet detection system.

To further improve the performance of the framework, feature
selection techniques are used to extract the most relevant and
informative network traffic features, thereby reducing
dimensionality and improving computational efficiency.
Recursive Feature Elimination (RFE) is applied to iteratively
pick the most important features by eliminating the least
significant features, ensuring that only the most useful attributes
contribute to the model's decision-making process. Moreover,
PCA is applied to transform data with high dimensionality into
a lower space while ensuring the preservation of essential
variance in the data. These techniques enhance model
interpretability and help in avoiding the curse of dimensionality,
ensuring that the detection system remains computationally
efficient without sacrificing accuracy.

The other important feature of the proposed framework is data
preprocessing, which plays a vital role in enhancing the quality
of input data. The system implements data-cleaning approaches
to eliminate noise, redundant values, and inconsistent values,
which ensures that the dataset used for training is of high quality.
Also, data normalization is conducted to standardize feature
values: this brings all numerical inputs to a common scale,
thereby preventing models from biasedly favouring features
with larger magnitudes. This normalizing step is particularly
helpful in dealing with network traffic data, which is greatly
scaled and distributed.

© 2025,IJSREM | www.ijsrem.com

| Page 2


http://www.ijsrem.com/

p2f 33%

%gkm International Journal of Scientific Research in Engineering and Management (I[JSREM)

Volume: 09 Issue: 03 | March - 2025

Tonioad®

SJIF Rating: 8.586

ISSN: 2582-3930

Another issue in the datasets of cybersecurity is the class
imbalance problem. That is, botnet attack instances are much
smaller in number compared to normal traffic data. In this
regard, the framework applies the Synthetic Minority Over-
sampling Technique (SMOTE), a very effective technique for
generating synthetic samples for the minority class (botnet
traffic). SMOTE procedure over-samples the botnet attack
category to ensure a balanced receipt of representative data
streams concerning attack and normal traffic, which in turn
improves the classification performance. It prevents the model
from getting biased to the majority class, thus reducing false
negatives and, consequently making the detection reliable.

The suggested system is evaluated on a commonly used
benchmark dataset, UNSW-NB15, that includes all kinds of
attacks against individual systems available. The results of the
evaluation show that the proposed framework remarkably
outscores conventional deep learning methods in accuracy,
lower false-positive rates, and adaptability in dynamic attack
patterns. However, implementation of bagging and boosting
methods, along with feature selection techniques and data
preprocessing strategies, not only robustens the system but also
makes it scalable enough to be applied to real-world scenarios
with dynamic network traffic and emergence of new botnet
variants.

By combining the techniques of ensemble learning, feature
optimization, and class balancing methods, the system proposed
here achieves superior botnet detection accuracy, improves
computational efficiency, as well as interpretability of the
results. Compared to deep learning-based approaches often
developed with high computational power, large amounts of
labelled data requirements, this framework provides an
economical, scalable, and deployable solution suitable for
enterprise and cloud-based security systems. The use of
interpretable models like Random Forest and XGBoost further
enable security analysts to gain insight into how the model
makes decisions, which can be easier to analyze and counter
effectively.

B. Advantages of Proposed System.
«  Improved Detection Accuracy
«  Class Imbalance Handling
Reduced Overfitting

+  Scalability

I1l. LITERATURE SURVEY

A comprehensive survey on botnet detection techniques shows
the effectiveness of machine learning approaches in identifying
botnets. The study reviews various detection methodologies,
including signature-based, anomaly-based, and hybrid detection
techniques, emphasizing the strengths and weaknesses of ML-

based approaches. It discusses key challenges such as
adversarial botnet evolution and evasion tactics. Though the
survey covers the whole domain, it doesn't compare certain
algorithms in depth along with the respective performance
metrics. Therefore, the applicability is limited when trying to
determine which approach best fits the respective network
environment. Further work on this topic may consider adaptive
detection methods that will overcome the dynamically changing
botnet tactics. [1]

Botnet Detection Model

Traffic flow analysis-based Botnet detection model applies
machine learning for improved accuracy of detection. The study
presents a successful methodology of network traffic pattern
analysis that detects botnets with much greater efficiency than
the traditional heuristic-based methods. Authors have suggested
the feature engineering approach to extract important attributes
from the network flows and improve model interpretability. This
approach, however, is constrained by its dependence on specific
types of traffic flows, which would not generalize well across
diverse network environments, making it less adaptable in real-
world scenarios. Moreover, this approach is vulnerable to
encrypted traffic and requires additional innovation in deep
packet inspection or metadata analysis. [2]

The ensemble learning-based botnet detection framework
combines the strength of various machine learning models to
enhance detection accuracy. The proposed system performs
significantly better than standalone models since it leverages the
strength of ensemble techniques like bagging, boosting, and
stacking. The study has shown that ensemble models are more
robust to adversarial attacks and provide better generalization
across various datasets. However, the complexity in training the
model and increased computational costs present challenges for
large-scale systems' deployment. Optimizing model efficiency
and reducing latency will be future work to make real-time
detection possible in high-speed networks. [3]

A survey on deep learning techniques for botnet detection
evaluates different models, and the authors come to a conclusion
that a hybrid approach combining multiple architectures yields
the best performance. The paper underlines the benefits of deep
learning in identifying complex botnets that overcome
traditional detection methods. The authors consider the efficacy
of convolutional neural networks (CNNSs), recurrent neural
networks (RNNs), and transformer-based models in learning
spatial as well as temporal dependencies in network traffic.
Despite its promising results, the survey does not consider the
challenges of practical implementation in real-time botnet
detection systems. The computational overhead of deep learning
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models and their vulnerability to adversarial attacks are open
research issues. [4]

Feature selection techniques improve botnet detection by
reducing the number of input features required with minimal
loss in accuracy. This study shows that optimal feature selection
can enhance detection performance, computational efficiency,
and model interpretability. The authors compare different
feature selection methods, including mutual information,
recursive feature elimination, and genetic algorithms, showing
that redundant feature reduction improves model robustness.
However, the use of a limited dataset for testing raises concerns
about the generalizability of the results to broader network
environments. This will add new data points and cross-
validation over different real-world scenaria, validating feature
selection techniques. [5]

Anomaly-based botnet detection uses machine learning and data
mining to determine network traffic trends that indicate
malicious activity. In the paper, there is an improvement in the
detection rates compared to the traditional rule-based detectors
by using unsupervised models namely autoencoders and
algorithms used by clustering to predict anomalies from
normally occurring phenomena. The study highlights the
advantage of detecting zero-day botnet attacks, which signature-
based methods often miss. However, the system suffers from
high false positive rates because of its reliance on anomaly
detection without sufficient fine-tuning, which may result in
unnecessary alerts and reduced operational efficiency. Future
enhancements could include reinforcement learning techniques
to dynamically adjust detection thresholds and reduce false
positives. [6]

IV. CONCLUSION

The enhanced botnet attack detection model for IloT
environments significantly improves its ability to detect and
mitigate threats related to botnets. These techniques include
preprocessing of data in terms of imputation, feature selection,
and dimensionality reduction, SMOTE for balancing data, and
strong machine learning models such as Random Forest,
XGBoost, and LightGBM. In addition, ensemble methods like
bagging and boosting are used to even

enhance the process of detection and improve generalization.
The evaluation metrics in use include accuracy, precision, recall,
F1-score, and AUC. From the assessment, the model indicates
very efficient performance in the identification of malicious
botnet activities, thus appearing as a useful tool in securing the
10T network.
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