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Abstract—To develop an efficient and reliable method for
detecting code similarities by comparing multiple analysis
techniques. This approach can assist educators, developers, and
organizations in identifying potential duplication, ensuring code
integrity, and fostering ethical coding practices.

The design and development of a code duplication detection
system is crucial for ensuring software quality, safeguarding
intellectual property, and promoting ethical coding practices.
Code duplication can significantly impact the integrity of
academic and professional projects.

Traditional methods of detecting code similarity are time-
consuming and prone to errors, as they rely on manual
inspection. This project proposes a machine learning-based
approach to automatically detect duplicates in source code using
publicly available datasets.

Various techniques, including token-based comparison and
machine learning classification, are applied to analyze code
structure and semantics. To enhance model performance, pa-
rameter tuning and scalable system design are incorporated.

I. INTRODUCTION

In today’s digital era, software development has become an
integral part of almost every field, including education, busi-
ness, healthcare, and research. With the rapid advancement of
technology, programming has gained significant importance,
leading to the generation of a massive amount of source
code on a daily basis. Students, developers, and organizations
continuously create and share code for various applications,
resulting in large repositories of software programs. Manag-
ing, analyzing, and maintaining such large volumes of code
has become a challenging task [3]. One of the major issues
associated with large-scale code development is the presence
of duplicate or highly similar source code. Source code
duplication refers to the occurrence of identical or nearly
identical code fragments within one or more programs.
This duplication may arise due to several reasons, such as
reuse of existing code, following similar programming logic,
or rewriting code with minor modifications like changing
variable names, formatting, or structure. While limited code
reuse can improve development speed, excessive duplication
can negatively impact software quality by increasing redun-
dancy, reducing readability, and making maintenance more
complex [4]. Detecting duplicate code manually is a time-
consuming and error-prone process, especially when dealing
with a large number of code files. Traditional approaches
for code duplication detection mainly rely on simple text-
based comparison techniques. These methods check for exact
matches or perform basic string comparisons between code
segments. However, such techniques are not effective in iden-
tifying logically similar code that has been slightly modified.

Even small changes, such as renaming variables, altering
comments, or rearranging statements, can prevent traditional
systems from recognizing similarity [5]. To address these
limitations, more advanced techniques are required that can
analyze the structure and patterns within the source code
rather than just its textual representation. This is where
Machine Learning plays a significant role. Machine Learning
techniques enable systems to learn from data and identify
patterns automatically without being explicitly programmed
for every scenario. By applying machine learning methods
to source code analysis, it becomes possible to detect deeper
similarities between programs, even when the code is not
exactly identical [6].In this project, an automated system is
developed to detect source code duplication using Machine
Learning techniques. The system works by taking source
code files as input and performing a series of processing
steps, including data preprocessing, feature extraction, and
similarity analysis. During preprocessing, unnecessary el-
ements such as comments and extra spaces are removed,
and the code is transformed into a structured format. Fea-
ture extraction techniques are then applied to convert the
code into numerical representations that can be analyzed
by machine learning algorithms [7]. The system utilizes
appropriate algorithms to compare different code segments
and measure the degree of similarity between them. Based
on this analysis, the system can identify whether two or
more code files are duplicates or share similar patterns.
This automated approach not only improves the efficiency of
code analysis but also provides more accurate and reliable
results compared to traditional methods. Furthermore, the
proposed system is scalable and can handle large datasets,
making it suitable for real-world applications such as aca-
demic evaluation, software development, and code quality
analysis. By reducing manual effort and improving detection
accuracy, the system contributes to better management and
understanding of source code. In conclusion, the increasing
demand for efficient code analysis tools has made source
code duplication detection an important area of research.
The integration of Machine Learning techniques in this
domain provides a powerful solution for identifying simi-
larities in code and overcoming the limitations of traditional
approaches. n today’s digital era, software development has
become an integral part of almost every field. A massive
amount of source code is generated daily, making code
management a challenging task.

One of the major issues is source code duplication. Du-
plicate code increases redundancy, reduces readability, and
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makes maintenance difficult. In academic environments, it is
also linked to plagiarism.

Traditional detection methods rely on simple text compar-
ison, which fails when code is modified. Small changes like
variable renaming or formatting can hide duplication.

To overcome this, machine learning techniques are
used.This project aims to develop such a system, offering
an effective and automated method for detecting duplicate
source code.

II. LITERATURE SURVEY

D. Gitchell and N. Tran (1999) in their work titled “Sim:
A utility for detecting similarity in computer programs”
developed a tool to detect similarities between source codes
using structural comparison techniques, mainly for plagia-
rism detection. Their approach analyzes program structure
rather than exact text matching, making it robust to minor
code changes. This work laid the foundation for many
modern plagiarism detection tools [1]. B. S. Baker et al.
(1999) in “Compressing differences of executable code”
proposed a technique to efficiently represent and analyze
differences in executable code. Their method focuses on
minimizing storage while comparing binary differences. It is
useful in software updates and version control systems [2].
Z. Wang et al. (2000) in “BMAT—A binary matching tool
for stale profile propagation” developed a tool for comparing
binary programs to detect similarities at compiled level.
This method works even when source code is unavailable.
It is widely useful in reverse engineering and performance
optimization [3]. Z. Li et al. (2006) in “CP-miner: Finding
copy-paste and related bugs in large-scale software code”
proposed a method to detect duplicated code segments and
identify bugs caused by copy-paste practices. Their system
efficiently scans large codebases to find repeated patterns.
It helps improve software quality by reducing redundancy-
related errors [4]. A. Ahtiainen et al. (2006) in “Plaggie:
GNU-licensed source code plagiarism detection engine for
Java exercises” introduced a tool for detecting plagiarism
in Java programs by comparing multiple submissions. It
supports automatic comparison of student assignments in
educational environments. The tool is flexible and can be
customized for different academic needs [5]. T. Mikolov
et al. (2013) in “Exploiting similarities among languages
for machine translation” proposed techniques to leverage
similarities across languages in translation models. Their
work introduced shared representations for languages. It
reduces the need for large parallel datasets [6]. J. Chung
et al. (2015) in “Gated feedback recurrent neural networks”
proposed improved RNN architectures to enhance sequence
learning and feedback mechanisms. Their model improves
information flow in deep networks. It helps in better learning
of sequential data patterns [7]. M.-T. Luong et al. (2015) in
“Multi-task sequence to sequence learning” proposed multi-
task learning approaches to improve sequence modeling
performance. Their model shares knowledge across tasks.
This improves generalization and efficiency [8]. J. Mueller
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and A. Thyagarajan (2016) in “Siamese recurrent archi-
tectures for learning sentence similarity” proposed Siamese
neural networks for measuring similarity between sequences.
Their model uses twin networks to compare input pairs
effectively. It is widely applied in NLP and code similar-
ity detection tasks [9]. H. Palangi et al. (2016) in “Deep
sentence embedding using LSTM networks” used LSTM-
based embeddings to capture semantic meaning for similar-
ity tasks. Their approach improves understanding of long-
term dependencies in sequences. It enhances performance in
information retrieval and similarity analysis [10]. Q. Feng et
al. (2016) in “Scalable graph-based bug search for firmware
images” proposed graph-based methods for detecting bugs in
firmware using scalable techniques. Their approach models
program structure as graphs. It improves bug detection in
embedded systems [11]. X. Xu et al. (2017) in “Neural
network-based graph embedding for cross-platform binary
similarity detection” used graph embeddings to compare
binaries across platforms. The model captures structural and
semantic features. It improves accuracy in cross-platform
comparisons [12]. A. Vaswani et al. (2017) in “Attention
is all you need” introduced the Transformer model using
attention mechanisms, revolutionizing sequence modeling.
It eliminates the need for recurrent networks. This model
significantly improves performance in NLP tasks [13]. M.
Johnson et al. (2017) in “Google’s multilingual neural ma-
chine translation system” introduced a multilingual NMT
system capable of zero-shot translation. It can translate
between languages without direct training data. This im-
proves scalability of translation systems [14]. M. Artetxe
et al. (2017) in “Unsupervised neural machine translation”
proposed translation models that do not require parallel
corpora, improving multilingual learning. Their approach
relies on monolingual data. It reduces dependency on labeled
datasets [15]. F. Zuo et al. (2018) in “Neural machine
translation inspired binary code similarity comparison” pro-
posed using NMT-inspired models for comparing binary code
beyond function pairs. Their model treats binary instructions
like language sequences. This improves similarity detection
across different architectures [16]. J. Gao et al. (2018) in
“VulSeeker: A semantic learning-based vulnerability seeker”
introduced a model to detect vulnerabilities in binaries using
semantic learning. It identifies security flaws based on code
behavior. This helps in improving software security analysis
[17]. K. Redmond et al. (2018) in “A cross-architecture
instruction embedding model” introduced instruction em-
bedding techniques inspired by NLP for binary analysis. It
converts instructions into vector representations. This enables
effective comparison across architectures [18]. J. Devlin et
al. (2018) in “BERT: Pre-training of deep bidirectional trans-
formers” proposed a transformer-based model that improves
contextual understanding in NLP tasks. It uses bidirectional
context for better feature extraction. BERT is widely used in
similarity and classification tasks [19]. K. Seki (2019) in “On
cross-lingual text similarity using neural translation models”
explored similarity detection across different languages using
NMT. The method translates texts into a common representa-
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tion space. This enables effective comparison of multilingual
documents [20].

ITII. OBJECTIVES

To develop an automated system for detecting duplication
and similarity in source code and to preprocess source code
by removing unnecessary elements such as comments and
formatting differences. * To convert source code into a
structured format suitable for analysis using feature extrac-
tion technique and to apply Machine Learning algorithms
to identify patterns and measure similarity between code
files. * To improve the accuracy of duplicate code detection
compared to traditional text-based methods, which can also
reduce manual effort involved in analyzing large numbers of
code files. » To build a scalable system capable of handling
large datasets efficiently and provides reliable results that
help in improving code quality and maintainability.

IV. PROPOSED METHODOLOGY
A. Start

The process begins with the initialization of the system. At
this stage, all required modules, libraries, and configurations
are loaded into the system environment. This includes load-
ing the machine learning model, setting up preprocessing
functions, and preparing the interface for user interaction.
Proper initialization ensures that the system runs smoothly
without errors during execution [24].

B. UserAuthentication

In this step, the user is required to log into the system
using valid credentials such as username and password. This
ensures that only authorized users can access the system and
perform duplication detection tasks. Authentication enhances
the security of the system and prevents unauthorized usage.
It also helps in maintaining user-specific data and tracking
activity if required.

C. Upload Code Snippets

Once the user is authenticated, they are allowed to upload
the source code files or manually enter code snippets into
the system. These code snippets serve as the input data for
analysis. The system supports different formats of source
code and ensures that the uploaded files are properly stored
and prepared for further processing. This step is crucial as
the accuracy of the system depends on the quality of input
data.

D. Code Preprocessing

The uploaded code undergoes preprocessing to remove
unnecessary variations and improve consistency. This step
includes several sub-processes: ¢ Removal of Comments:
All comments in the code are removed since they do not
contribute to logic and may affect similarity analysis. ¢
Normalization: The code is standardized by converting it
into a uniform format. This may include converting text
to lowercase, removing extra spaces, and formatting code
consistently. * Tokenization: The code is broken down into
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Fig. 1. Flowchart of Automated Source Code Duplication Detection System

smaller elements called tokens, such as keywords, operators,
and identifiers. This helps in structured analysis of the
code. Preprocessing ensures that irrelevant differences are
eliminated and only meaningful content is considered for
similarity detection [24].

E. Feature Extraction

In this stage, important features are extracted from the pre-
processed code using various similarity techniques. These
features represent different aspects of similarity between
code snippets:

(a) Cosine Similarity Measures similarity between numerical
feature vectors derived from token frequency representation.
It captures structural resemblance in vector space.

(b) Jaccard Similarity Measures overlap between sets of
tokens. It is effective in identifying common

token usage patterns. (c) Levenshtein Ratio Calculates edit
distance between code snippets. It measures how many in-
sertions, deletions, or substitutions are required to transform
one code into another.

(d) Token Count Ratio Compares the proportion of tokens
between two code files. It identifies structural size similarity.
(e) Exact Line Match Detects identical lines between code
snippets, identifying direct copy-paste instances. Each sim-
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ilarity metric generates a numerical score. These scores
collectively form a structured feature vector representing the
relationship between the compared code samples.

F. Similarity Analysis

After extracting individual similarity scores, the system
performs combined similarity analysis. In this stage:  All
similarity metrics are aggregated. * Patterns across different
similarity measures are evaluated. * A structured feature
vector is created.This stage ensures that duplication detection
does not rely on a single metric but considers multiple
perspectives of similarity. Similarity analysis improves ro-
bustness and reduces dependency on isolated measures [25].

G. Machine Learning Classification (Random Forest)

The feature vector generated in the previous stage is
passed to the trained Random Forest classifier. Random
Forest can: » Handles multiple numerical features efficiently
* Reduces overfitting using ensemble learning ¢ Provides
high classification accuracy ¢ Works well with structured
datasets The model has been trained on labelled data. During
prediction: * The classifier evaluates similarity patterns ¢ It
assigns a probability score The decision is based on learned
similarity behaviour rather than fixed thresholds [26].

H. Displaying the Duplication Percentage with Visual
Progress Bar

Finally, the system presents the output to the user in a clear
and understandable format. The duplication level is displayed
as a percentage, indicating how similar the code snippets
are. In addition, a visual progress bar is used to represent
the similarity level graphically. This visual representation
enhances user experience and makes it easier to interpret
the results quickly. The system ensures that the output is
accurate, user- friendly, and informative.

1. End

The workflow terminates after displaying results. The
system is then ready to process new submissions.

V. RESULT AND DISCUSSION

The system is capable of detecting both exact and approx-
imate code duplication. It performs well even when the code
is modified through:

* Changes in variable names

* Differences in formatting

* Minor structural variations

The use of multiple similarity techniques ensures that the
system captures different aspects of code similarity. For
example, while exact line matching identifies identical code
segments, techniques like cosine similarity and Levenshtein
ratio detect deeper logical similarities. The Random Forest
classifier further enhances the accuracy of the results by
combining multiple feature inputs and making informed pre-
dictions. This reduces the chances of incorrect classification
and improves the reliability of the system.
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1) System Behavior: The system exhibits stable and
efficient behavior across different inputs. Key observations
include:

* Consistency: The system produces consistent results for
similar inputs, ensuring reliability.

* Efficiency: The processing time is reasonable, even when
analyzing multiple code snippets.

 Scalability: The system can handle larger datasets with
minor adjustments, making it suitable for real-world
applications.

* Robustness: The system is capable of handling variations
in code without significant loss in accuracy.

The performance of the system indicates that the proposed
methodology is effective in detecting source code duplica-
tion. The combination of preprocessing, feature extraction,
and machine learning techniques ensures high accuracy and
reliability. The system successfully overcomes many lim-
itations of traditional approaches and provides a practical
solution for code similarity detection in academic and pro-
fessional environments.

VI. CONCLUSION

In the present digital era, the rapid increase in program-
ming activities has made it difficult to manually identify
duplicate or similar source code. This project addresses this
challenge by developing an automated system for source
code duplication detection using Machine Learning tech-
niques. The proposed system follows a structured approach
that includes preprocessing, feature extraction, similarity
analysis, and machine learning-based classification. During
preprocessing, unnecessary elements such as comments and
formatting differences are removed to ensure accurate anal-
ysis. The system then extracts multiple similarity features
using techniques like cosine similarity, Jaccard similarity,
Levenshtein ratio, token ratio, and exact line matching, which
together provide a comprehensive understanding of code
similarity. A key advantage of this system is the use of
the Random Forest classifier, which improves accuracy by
analyzing multiple features and reducing overfitting. This
enables the system to detect both exact duplication and
modified code with changes in variable names, formatting,
or structure. The results show that the proposed system
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performs better than traditional methods in terms of accuracy,
precision, recall, and Fl-score. The output is presented as a
duplication percentage along with a visual representation,
making it easy for users to interpret the results. Overall,
the project successfully develops an efficient, scalable, and
reliable solution for source code duplication detection. It can
be effectively applied in academic institutions, coding plat-
forms, and software development environments to improve
code quality and promote ethical programming practices.

VII. FUTURE SCOPE

Although the proposed system provides accurate and
reliable results, there are several opportunities for further
improvement and extension to enhance its functionality and
real-world applicability. One of the primary enhancements
is to extend the system to support cross programming lan-
guages such as Java coding is evaluated with C coding,
which will increase its usability across different develop-
ment environments. Additionally, integrating advanced deep
learning techniques such as neural networks, transformers,
and code embedding models can help in capturing deeper
semantic relationships in source code, enabling the detection
of complex and logically similar code patterns even when
the implementation differs significantly. The system can also
be improved by incorporating structural analysis techniques
such as Abstract Syntax Trees (AST) and graph-based rep-
resentations, which provide a deeper understanding of code
structure and logic. This will allow the system to detect
similarity at a semantic level rather than relying only on
textual and token-based analysis.
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