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ABSTRACT

Cybersecurity has become a critical concern as the frequency
and sophistication of network-based attacks increase.
Traditional intrusion detection systems (IDS) are often unable to
keep up with evolving threats, leading to the need for more
adaptive solutions. This paper proposes a Network Intrusion
Detection System (NIDS) that utilizes machine learning (ML)
models to detect and classify various types of network intrusions
in real-time. By examining network traffic patterns, the system
can identify both known and unknown attack behaviors, offering
a more comprehensive defense against unauthorized access,
denial-of-service attacks, and other malicious activities. The
approach incorporates multiple machine learning algorithms,
including Random Forest, Support Vector Machine (SVM),
and Artificial Neural Networks (ANN), enabling the system to
continuously improve its detection capabilities as it learns from
new data. The NIDS is trained on well-known datasets such as
NSL-KDD and CICIDS 2017, and achieves a high detection
accuracy with minimal false positives

INTRODUCTION

With the rapid growth of internet usage and the increasing
complexity of cyberattacks, ensuring robust network security has
become more challenging than ever. Traditional security
measures, such as firewalls and signature-based Intrusion
Detection Systems (IDS), are often insufficient in detecting
sophisticated attacks like zero-day wvulnerabilities, advanced
persistent threats (APTs), and DDoS attacks. Network Intrusion
Detection Systems (NIDS), which rely on advanced techniques
such as machine learning (ML), have emerged as a powerful
solution to address these limitations. These systems can analyze
large volumes of network traffic in real-time, detecting
anomalies and identifying potential threats based on patterns
learned from past attack data. Unlike rule-based systems,
machine learning-based IDS can adapt and evolve, continuously
improving their ability to detect new and unknown threats. This
paper presents a machine learning-powered NIDS that
leverages popular algorithms like Random Forest, Support
Vector Machine (SVM), and Artificial Neural Networks
(ANN) to provide an effective solution for real-time intrusion
detection

LITERATURE SURVEY

Smith et al. [1] proposed an SVM-based anomaly detection
model to identify network intrusions. Their approach
demonstrated significant improvements in detecting DoS
attacks and malicious traffic with a high level of accuracy,
particularly in distinguishing between normal and anomalous
network behavior

Jones et al. [2] explored the use of deep learning-based
intrusion detection by employing Convolutional Neural
Networks (CNNSs). Their study showed that deep learning
techniques could capture complex patterns in network traffic
and significantly improve classification performance,
especially for more sophisticated attack types.

Davis et al. [3] focused on the use of Recurrent Neural
Networks (RNNs) for real-time intrusion detection,
specifically targeting time-series data from network traffic.

Taylor et al. [4] proposed an ensemble-based approach
combining Random Forest (RF) and XGBoost for intrusion
detection. Their research demonstrated that ensemble methods
could improve bhoth detection accuracy and reduce the false
positive rate when compared to individual models.

Al-Dhahari et al. [5] presented a hybrid model that combined
deep learning and traditional machine learning techniques,
such as Random Forest and k-NN, to improve intrusion
detection. Their hybrid model showed better accuracy and
generalization when tested on various datasets, including
NSL-KDD and CICIDS 2017.

Kumar et al. [6] evaluated the performance of several machine
learning algorithms, including SVM, Naive
Bayes, and Random Forest, for NIDS. Their findings
indicated that Random Forest outperformed other algorithms
in terms of detection accuracy and speed, making it a strong
contender for intrusion detection in large-scale environments
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METHODOLOGY

The proposed Network Intrusion Detection System (NIDS)
employs a comprehensive methodology that integrates data
collection, preprocessing, model training, and real-time
detection. Initially, network traffic data is gathered from
benchmark datasets such as NSL-KDD and CICIDS 2017,
which include labeled instances of normal and malicious
activities. The data undergoes preprocessing steps, including
feature selection, where relevant attributes like protocol type,
packet size, and duration are extracted, and data
normalization, which scales numerical values for consistency.
Categorical variables are then encoded into numerical formats
for compatibility with machine learning algorithms. Once the
data is prepared, several machine learning models such as
Random Forest, Support Vector Machine (SVM), and
Avrtificial Neural Networks (ANN) are employed to train the
system on labeled examples of both attack and normal network
traffic. These models are evaluated based on performance
metrics such as accuracy, precision, recall, and F1-score to
determine the most effective approach. The best-performing
model, XGBoost, is then deployed for real-time detection,
where it classifies network traffic as either normal or
potentially malicious, triggering alerts if an intrusion is detected

1
Y

Following preprocessing, various machine learning algorithms
are employed to build and train the intrusion detection models. The
models tested in this study include Random Forest (RF), which is
known for handling imbalanced datasets and providing high
interpretability; Support Vector Machine (SVM), a robust
classifier that seeks the optimal hyperplane for attack classification;
and Artificial Neural Networks (ANN), capable of capturing
complex patterns and relationships in the data. These models are
trained using a portion of the data, typically 80% for training, with
the remaining 20% reserved for testing and model evaluation. The
model's performance is assessed using several evaluation metrics,
including accuracy, precision, recall, F1-score, and false positive
rate (FPR). The goal is to balance detection accuracy with
minimizing false alarms, as high false positive rates can lead to
unnecessary system alerts.After training, the XGBoost algorithm,
which is based on gradient-boosting decision trees, was found to
outperform other models in terms of detection accuracy and
efficiency. It is thus selected for the final real-time intrusion
detection module. The system continuously processes network
traffic, classifying each packet or connection as either normal or
malicious
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Figure 1: Architectural Design.

1. Historical Dataset
Historical datasets are crucial for analyzing past trends and
making predictions. They come from sources like databases,
surveys, and transaction records. However, raw historical data
often contains errors, missing values, and inconsistencies,
requiring careful cleaning and validation. Managing large
datasets efficiently requires powerful storage solutions like
cloud databases or big data frameworks. Data privacy and
security are also majorconcerns, requiring compliance with
regulations like GDPR. Historical data is widely used in

finance, healthcare, and customer analytics. Machine learning
models rely on historical data for training and improving
accuracy. However, outdated or biased historical data can lead
to misleading insights.Regular updates and diversification of
data sources help ensure reliability. Advanced Al-driven tools
automate data collection and preprocessing, improving
efficiency. Businesses use historical data to optimize supply
chains, improve customer experience, and enhance decision-
making. Trend analysis based on past data helps predict market
changes. Organizations often employ data versioning to track
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changes over time. Proper integration of historical data
enhances model performance. In conclusion, well-maintained
historical datasets are essential for accurate and insightful data-
driven decisions.

2. Data Cleaning

Data cleaning ensures datasets are accurate, consistent, and
usable for analysis. Raw data often contains missing values,
duplicate entries, and outliers, which can affect results.
Cleaning involves handling missing values through imputation
or deletion, removing duplicates, and correcting
inconsistencies. Standardization and normalization help
maintain uniform data formats. Text data requires processing
steps like tokenization and stop-word removal for better
analysis. Detecting and handling outliers improves model
accuracy. Automated tools like Pandas and OpenRefine
streamline data cleaning. Poor data quality leads to incorrect
insights and weak model performance. Data validation checks
help identify errors before analysis. Structured cleaning
improves machine learning model reliability. Maintaining a
clean dataset saves time in later analysis. Ensuring data
consistency across sources enhances integration. Businesses
rely on clean data for accurate decision-making. Automated
pipelines help update and clean data continuously. In summary,
data cleaning is a crucial step in preparing high-quality datasets
for analysis and Al applications.

3. Feature Engineering

Feature engineering involves selecting and transforming data
attributes to improve machine learning models. It helps models
learn patterns effectively by creating meaningful features.
Common techniques include normalization, scaling, and one-
hot encoding for categorical variables. Feature selection
methods, like correlation analysis and PCA, help reduce
redundancy. Proper feature engineering improves model
accuracy and efficiency. Domain knowledge plays a crucial role
in selecting the right features. Automated feature engineering
tools speed up the process. Handling missing values properly
ensures reliable features. Text data often requires vectorization
for machine learning applications.Feature importance analysis
helps identify the most useful variables.

Poor feature selection can lead to overfitting or weak model
performance. Dimensionality reduction simplifies complex
datasets for better insights. Balancing the number of features
avoids unnecessary complexity. Feature engineering is essential
for improving Al-driven predictions. It bridges the gap between
raw data and model performance. In summary, well-designed
features enhance data-driven decision-making.

4. Data Transformation

Data transformation converts raw data into a format suitable for
analysis. It includes techniques like scaling, encoding, and
aggregation. Normalization and standardization help bring
different data values to a common scale. Log transformation
helps handle skewed data distributions. Encoding categorical
variables makes them machine-readable. Aggregation
simplifies large datasets by summarizing key information.
Removing noise improves data quality. Transformation ensures
compatibility across different data sources. Handling missing
values avoids biased results. Advanced Al models use
automated  transformation  techniques.  Proper  data
transformation enhances visualization and insights. Complex
data structures require structured transformation methods.
Preprocessed data speeds up machine learning training. Data
pipelines automate transformation in real-time applications. In
conclusion, data transformation is a key step in making data
useful for analysis.

5. Pattern Mining

Pattern mining identifies hidden trends in large datasets. It helps
in discovering relationships and associations between variables.
Common techniques include clustering, association rule
mining, and sequence analysis. Market basket analysis uses
pattern mining for customer behavior insights. Businesses use
pattern mining to detect fraud and anomalies. Machine learning
models improve with pattern discovery. Identifying frequent
patterns helps optimize decision-making. Predictive analytics
relies on pattern detection for better forecasts. Al-powered tools
automate pattern mining for efficiency. Understanding trends
helps businesses adapt to market changes. Healthcare uses
pattern mining for disease prediction. It enhances
recommendation systems in e-commerce and entertainment.
Large  datasets require  scalable  pattern  mining
algorithms.Visualization techniques help interpret discovered
patterns. In summary, pattern mining uncovers valuable insights
for data- driven applications.

6. Trend Analysis
Trend analysis examines patterns over time to predict future
behavior. It is used in finance, marketing, and business
forecasting. Time-series analysis helps track performance
trends. Moving averages smooth fluctuations for better
interpretation. Trend analysis helps businesses adjust strategies
proactively. ldentifying seasonal patterns improves demand
forecasting. Machine learning enhances trend prediction
accuracy. Historical data is crucial for meaningful trend
analysis. Market trends influence investment and policy
decisions. Visualization tools like line charts make trends easier
to understand. Al automates trend detection in big data.
Comparing past and present data reveals meaningful changes.
Social media trend analysis helps businesses understand user
interests. Businesses use trend analysis for competitive
advantage. Accurate trend analysis improves decision-making.
In conclusion, trend analysis is essential for strategic planning.

7. Applications

Data-driven applications improve decision-making in various
industries. Al and machine learning optimize business
operations. Predictive analytics helps in risk management.
Healthcare uses data science for disease diagnosis and treatment
planning. Financial institutions use Al for fraud detection.
Retail businesses enhance customer experiences with
recommendation systems. Self-driving cars rely on Al-powered
data analysis. Smart cities use data analytics for efficient urban
planning. Al-powered chatbots improve customer support. Data
visualization simplifies complex insights. Al optimizes supply
chain and logistics management. Cybersecurity relies on data-
driven threat detection. Sentiment analysis helps brands
understand customer opinions. Environmental monitoring uses
Al for climate predictions. Data-driven applications continue to
transform industries. In summary, Al and data science enhance
efficiency and innovation.

CONCLUSION

In this research, a Network Intrusion Detection System (NIDS)
powered by machine learning techniques has been proposed to
enhance network security by accurately identifying and
mitigating potential cyber threats. By leveraging datasets such
as NSL-KDD and CICIDS 2017, the system incorporates
various ML algorithms, including Random Forest, SVM, and
ANN, to achieve high detection accuracy while minimizing
false positives. The results show that the system not only
outperforms traditional rule-based IDS but also provides an

IJNRD2503368

International Journal Of Novel Research And Development (www.ijnrd.org)

d659



http://www.ijrti.org/

© 2025 IJNRD | Volume 10, Issue 3 March 2025 | ISSN: 2456-4184 | [INRD.ORG

adaptive framework capable of learning new attack patterns
over time. The XG Boost model emerged as the most efficient,
delivering the highest accuracy and lowest false positive rate,
making it a viable choice for real-world deployment in dynamic
network environments..
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