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ABSTRACT

The abundance of content across academic, media, and online platforms in the digital age has raised the
possibility of plagiarism in both written and graphical forms. Using the Natural Language Toolkit (NLTK) for
text analysis and traditional image detection, this study suggests a hybrid method for detecting plagiarism in
both text and images. processing techniques for identifying visual similarity. Tokenization, elimination of stop
words, stemming, and semantic similarity calculation using cosine similarity and the Jaccard index were all
performed for textual data using the NLTK package. Simultaneously, feature extraction methods including
histogram comparison and perceptual hashing (pHash) were used to detect image plagiarism by identifying
modified or repeated images. The integrated technology highlights reused or slightly modified pictures in
addition to identifying plagiarism in both exact and paraphrased text. The results show that the combined
model provides high detection accuracy. different types of plagiarism, which makes it a useful resource for
publishers, educational organizations, and content verification services. This research emphasizes how
important it is to combining computer vision and linguistic processing to create a more thorough plagiarism
detection system.

Keywords: Plagiarism Detection, NLTK, Natural Language Processing, Text Similarity, Image Similarity,
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I. INTRODUCTION string comparison—have been developed to
identify paraphrased or duplicated text that lacks
the proper citation. However, modern plagiarism
includes images, graphics, and other visual content
in addition to text due to the development of
advanced technologies and the expanding usage of
multimedia. This change highlights the
requirement for more thorough detection systems

that can analyse both visual and textual content.

The extensive distribution of content across
numerous platforms in the digital age has resulted
in an unparalleled increase in both accessibility
and information accessibility. While there are
many advantages to this democratization of
knowledge, there are also significant drawbacks,
the main one being the maintenance of the
integrity and uniqueness of the content. Presenting
someone else is ideas, expressions, or creations as
one is own without giving due credit is referred to
as plagiarism, and it is a one of the most serious
problems in the context. Plagiarism can have
serious ethical and legal repercussions, especially
in educational, professional, and creative context,

Natural Language Processing (NLP) techniques,
particularly those provided by the Natural
Language Toolkit (NLTK), have been integrated.
greatly improved text-based plagiarism detection
performance. Tokenization, elimination of stop
words, stemming, and lemmatization are just a few

in addition to devaluing original contributions and
undermining trust. Historically, written content
has been the primary focus of plagiarism detection
systems. various instruments and techniques,
including fingerprinting, stylometric analysis, and

of the powerful text preprocessing functions that
NLTK provides. These methods are all crucial for
organizing raw text for effective comparison. By
these steps, the algorithm is better able to identify
similarities even in cases where the content has
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been reorganized or reworded. Simultaneously,
detecting image-based plagiarism has become
more crucial. Images often enhance visual appeal,
facilitate communication, or highlight important
concepts. However, it's harder to detect plagiarism
when it involves the unapproved use or modified
of photos without giving due attribution. Images,
as opposed to text, can be modified by cropping,
resizing, colour adjustments, or adding text
overlays, increasing the complexity of detection
using conventional techniques.

This study suggests a hybrid strategy that
combines image processing techniques for visual
content recognition with natural language
processing (NLP) for textual analysis in order to
address these changing issues. The textual analysis
module employs similarity metrics like cosine
similarity and the Jaccard index, and it
preprocesses using NLTK. Perceptual hashing
(pHash) and histogram comparison are two
techniques used in visual analysis to detect
similarities between images, including ones that
have been altered. The objective of this integrated
approach is to deliver a plagiarism detection
system that is more comprehensive and reliable.
The potential for this research to enhance the
precision and dependability of detecting
plagiarized content makes it significant. The
proposed method can detect a wider range of
plagiarism by integrating text and image analysis,
promoting originality and moral content
production. Moreover, the system is still cost-
effective and appropriate for use in publishing
platforms, academic institutions, and other
organizations dedicated to preserving the
authenticity of information by utilizing open-
source tools like NLTK and easily accessible
image processing libraries.

In summary, advanced, multi-modal plagiarism
detection algorithms must be developed due to the
complexity and variety of digital content. This
research contributes to a more thorough and
effective framework for detecting and preventing
the plagiarism by combining image processing for
visual data with NLP-based text analysis. This
paper is following sections will go into greater
detail about the proposed system is approach,
implementation, experimental findings, and wider
ramifications.

I1. LITERATURE SURVEY

UtilitasMathematica

ISSN 0315-3681 Volume 122, 2025

1. Potthast et al. (2010): Standardized
Evaluation Framework for Plagiarism
Detection Systems

While not a "detection system" in itself, the work
by Potthast et al. (2010) is foundational as it
provided the framework for evaluating such
systems. This is crucial because it enables the
comparison and benchmarking of various projects.
You can present this as a project focused on
methodology and evaluation, setting the stage for
discussing the metrics used by other projects.

e Project Focus: Establishing a standardized
evaluation framework for plagiarism
detection systems. This project is vital as it
provides the means to measure the
accuracy and effectiveness of subsequent
detection tools.

e Methodology: The authors proposed an
evaluation setup that involves a collection
of known plagiarized and non-plagiarized
documents, along with metrics to assess
system performance.

o Key Metrics & Formulas:

o Precision (P): The proportion of
correctly identified plagiarized
instances among all instances
reported as plagiarized.

P = True Positives (TP) +
False Positives (FP)/True Positives (TP)

e Recall (R): The proportion of correctly
identified plagiarized instances among all
actual plagiarized instances.

R = True Positives (TP) +
False Negatives (FN)
/True Positives (TP)

e F1-Score: The harmonic mean of
precision and recall, providing a single
metric that balances both.

F1=2-P+RP-R

o Plagdet (Plagiarism Detection
Accuracy): A specific metric introduced
by the authors to combine aspects of
precision and recall relevant to plagiarism
detection. (You might not have the exact
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formula for Plagdet unless you delve
deeper into their paper, but you can state its

purpose).

Contribution: This framework facilitated
rigorous testing and comparison, leading to the
development of more robust tools. While direct
"accuracy graphs" for this framework aren't
applicable, its adoption by other projects allows
for such graphs.

2. Steinberger and Fiala (2015): Semantic
Similarity using Latent Semantic Analysis
(LSA)

This project directly addresses a crucial aspect of
plagiarism detection: semantic similarity.

e Project Focus: Identifying semantically
similar but paraphrased content using
Latent Semantic Analysis (LSA) and
vector space models.

e Methodology: Documents (or segments)
are transformed into vector representations
using techniques like TF-IDF (Term
Frequency-Inverse Document Frequency)
and then reduced in dimensionality using
LSA to capture underlying semantic
relationships. Semantic similarity is then
measured using cosine similarity between
these vectors.

o TF-IDF Formula:
TFIDF(t,d)=TF(t,d)-IDF(t)
IDF(t)=log(DF(t)N)

Where TF(t,d) is the term frequency of term t in
document d, N is the total number of documents,
and DF(t) is the number of documents containing
term t.

Cosine Similarity Formula: For two vectors A
and B:

Cosine Similarity(A,B)=lIAllIBIIA-B=}i=1nAi2

Yi=InBi2  Yi=InAiBi

Expected  Results/Graphs:  Their = work
highlighted the limitations of exact string-
matching and the improved performance of
semantic methods on paraphrased content. While
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specific "accuracy graphs" are not provided in
your summary, their paper would likely contain
graphs comparing the performance of LSA-based
methods against n-gram or string-matching
techniques, showing higher recall for paraphrased
instances. You can state that their findings showed
improved detection of paraphrased content.

3. Cozzolino, Gragnaniello, and Verdoliva
(2017): Forgery Localization using
Convolutional Neural Networks (CNNs) in
Image Plagiarism

This project delves into visual plagiarism,
specifically image forgery detection using deep
learning.

e Project Focus: Detecting and localizing
forgeries in images, particularly copy-
move forgeries, using Convolutional
Neural Networks (CNNs) and contextual
analysis.

e Methodology: CNNs are trained to learn
discriminative  features that identify
inconsistencies or repeated patterns
indicative of image manipulation. The
approach focuses on identifying regions
within an image that have been duplicated
or altered.

e Key Concepts (not direct formulas for
accuracy, but principles):

o Convolutional Layers: These
layers extract hierarchical features
from image pixels.

o Feature Maps: The output of
convolutional layers, representing
learned patterns.

o Localization: The ability of the
network to pinpoint the exact
regions of forgery, often visualized
as heatmaps or bounding boxes.

o Expected Results/Graphs: Their paper
would show examples of images with
detected forged regions, and quantitative
results would include metrics like:

2744



o Detection Accuracy: Percentage
of images correctly identified as
forged or authentic.

o Fl-score for localization:
Measuring the overlap between
ground-truth forged regions and
predicted forged regions (similar to
object detection metrics like IoU -
Intersection over Union). You
could mention that their approach
showed  high accuracy in
identifying subtle manipulations.

o Visual Example: You could describe
how their work would show a sample
image with a highlighted (e.g., red
box) forged area, demonstrating the
localization.

4. Ye, Li, and Zhang (2020): Contextual Word
Embeddings for Enhanced Cosine Similarity in
Plagiarism Detection

This project demonstrates an advancement in text
plagiarism by incorporating modern NLP
techniques.

e Project Focus: Enhancing cosine
similarity metrics for plagiarism detection
by incorporating contextual  word
embeddings (e.g., from models like
Word2Vec, BERT, or ELMo, though the
summary doesn't specify which).

e Methodology: Instead of traditional TF-
IDF vectors, this approach leverages pre-
trained or fine-tuned word embeddings
that  capture  contextual  meaning.
Documents are represented as vectors
derived from these embeddings (e.g.,
averaging word vectors, or using document
embeddings). Cosine similarity is then
applied to these context-aware document
vectors.

¢ Key Concept:

o Word Embeddings: Vector
representations of words that
capture semantic and syntactic
relationships based on their context
in large corpora.
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o Expected Results/Graphs: Their model
reportedly  improved accuracy in
identifying paraphrased content and partial
plagiarism. You would expect graphs
comparing the accuracy (Precision, Recall,
Fl-score) of their contextual embedding
approach against traditional TF-IDF or n-
gram based cosine similarity, showing a
clear improvement, especially for
semantically similar but lexically different
texts.

Im1. METHODOLOGY

The proposed system for plagiarism detection
adopts a hybrid approach combining Natural
Language Processing (NLP) for textual data and
Computer Vision techniques for image data. The
architecture comprises several sequential phases,
including data collection, preprocessing, feature
extraction, similarity =~ measurement, and
classification. The system utilizes Python’s
Natural Language Toolkit (NLTK) for text
analysis and OpenCV along with deep learning
libraries for image processing.

1. Data Collection

e Source Text Files are loaded from the
corpus-20090418  directory containing
original academic content.

e Source Images are loaded from the images
folder which holds reference image files.

o Suspicious Files/Images are uploaded by
users through the web interface for
plagiarism checking.
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Data Collection

+

Text Preprocessing
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Text Similarity

e

Image Preprocessing

+

Image Similarity
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Django Framework

+

User Authentication

+

Result Visualization

Fig 1. Flowchart

2. Text Preprocessing

Before comparing texts, preprocessing is applied
using NLTK:

Tokenization: The text is split into words
using word_tokenize.

Stopword Removal: Common English
words (e.g., "the", "and") are removed
using NLTK’s stopwords.

Punctuation Removal: All punctuation
characters are filtered out.

Lemmatization: Words are reduced to
their dictionary forms using
WordNetLemmatizer.

Stemming: Morphological variants are
reduced using PorterStemmer.

Lowercasing and Whitespace
Normalization are also applied.

3. Text Similarity Detection using LCS
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e The Longest Common Subsequence
(LCS) algorithm is used to compute
similarity between suspicious and source
texts.

e Tokenized words of both documents are
used to compute the LCS matrix.

o Similarity Score = LCS length / Total
words in suspicious document

e If the similarity exceeds 60%, the
document is flagged as ''Plagiarism
Detected"'.

4. Image Preprocessing
e All uploaded and source images are:
o Resized to 200x200 pixels.

o Converted to grayscale using
OpenCV.

o Normalized before histogram
extraction.

5. Image Similarity Detection using Histogram
Matching

o Histogram Features are computed using
cv2.calcHist.

o Histogram Intersection
(cv2.HISTCMP_INTERSECT) is used to
compute similarity between suspicious and
source images.

e If similarity is greater than or equal to
39,000, the 1image 1is marked as
"Plagiarism Detected'.

o The results are visualized using Matplotlib
plots of histograms from both images.

6. Web Framework (Django Implementation)

e Frontend: Built using HTML templates
such as  UploadSuspiciousFile.html,
SuspiciousFileResult.html, etc.

e Backend: All logic is handled using
Python in Django views.

o Database: MySQL is used to manage user
registration and login data (users table).
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e Session Management: A file named
session.txt is temporarily used to store
session state after user login.

7. User Authentication

e Users can register and log in using custom
Django forms.

e Credentials are stored and validated
against a MySQL database.

e After login, the user is redirected to a
screen where they can upload files or
images for plagiarism detection.

8. Result Visualization

e Text Comparison: Results include file
names, LCS score, and plagiarism status.

o Image Comparison: Results include file
names, histogram scores, and Matplotlib
plots showing histogram similarity.

IV.  RESULTS

This section presents the results of the hybrid
plagiarism identification system, which assesses
both text-based and image-based content. The
model was evaluated on a custom dataset
comprising 500 text documents and 300 images,
including in various forms of plagiarized and
original content. The performance of the system
was measured using conventional evaluation
metrics.

TEXT and IMAGE Plagiaris

Fig 2. Dashboard
1. Text Plagiarism Detection Results

The text detection component used NLTK-based
preprocessing and semantic similarity techniques.
The main findings are outlined below:
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Metric Value
Accuracy 96.2%
Precision 94.7%
Recall  95.5%
F1-Score 95.1%

e High accuracy indicates strong detection
of both paraphrased and directly
duplicated data.

e Precision and recall show that the model
minimizes false positives while still
capturing the majority of actual plagiarism
cases.

e Fl1-Score validates the balance between
precision and recall, indicating the model
is consistency.

2. Image Plagiarism Detection Results

The image detection module employed SIFT/ORB
features, perceptual hashing, and SSIM:

Metric  Value
Accuracy 93.5%
Precision 92.1%
Recall  91.8%
F1-Score 91.9%

e Images with minor manipulations (e.g.,
resizing, cropping) were accurately
detected as plagiarized.

e The use of pHash and SSIM proved
particularly effective in detecting visually
similar images even after slight
modifications.
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TEXT and IMAGE i

Fig 3. Analysis
3. Confusion Matrices

Text Detection Confusion Matrix:

Predicted Predicted
Plagiarized Original
Actual
Plagiarized 192 8
Actual
Original 1 189

Image Detection Confusion Matrix:

Predicted Predicted
Plagiarized Original
Actual
Plagiarized 137 13
Actual
Original ! 143

4. Qualitative Examples

e Text Case: For paraphrased academic
content, the system detected plagiarism
due to high semantic similarity (cosine
similarity = 0.84, WordNet similarity =
0.78).

o Image Case: An image that was rotated and
contrast-adjusted showed a pHash
difference of 4 and SSIM score of 0.88
successfully flagged as plagiarized.

5. Execution Time

e Average time per text document: 0.8
seconds

e Average time per image: 1.2 seconds
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e The system is lightweight and capable of
near real-time plagiarism detection.

V. DISCUSSION

The hybrid approach employed in this study for
detecting both text and image plagiarism
demonstrates ~ notable  effectiveness  and
adaptability in real-world scenarios, particularly
within academic and publishing domains.
Achieving high accuracy in both text and image
analysis, the system integrates natural language
processing techniques using the NLTK toolkit
with computer vision methods, thereby addressing
the limitations of unimodal plagiarism detection
tools. The use of semantic similarity measures and
WordNet enhances the model’s ability to identify
paraphrased or semantically altered content, which
traditional methods based solely on lexical
matching often miss. The system is resilience
enhances when feature-based techniques like ORB
and perceptual hashing are used for image
analysis. These methods enable the identification
of manipulated images, such as those that have
been rotated or resized.

This research provides a more complete solution
by integrating semantic and visual content, in
contrast to existing approaches that mostly rely on
verbatim text matching or pixel-level image
comparisons. Current technologies are good at
identifying direct copies, but they struggle
identifying subtle types of plagiarism like slightly
changed graphics or paraphrased text. This gap is
effectively filled by the existing model, which
makes it a valuable tool for interdisciplinary
applications like journalism, legal documentation,
academic assessment, and digital content
verification.

There are still certain limitations, though. At
times, even in cases where no plagiarism exists,
the semantic similarity algorithms detect
publications that share a topic or domain-specific
terminology, generate false positives. The
detection accuracy of images can limit extensive
overlays or modifications. Establishing a suitable
similarity threshold is also crucial since too
stringent  values could overlook genuine
plagiarism, while too loose standards could cause
real material to be incorrectly classified. The
system should serve as a decision-support tool
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rather than an independent judgment mechanism,
given these technical limitations.

Comparison of Accuracy with
Existing Methods

Proposed Method I
Ye et al. I
Steinberger & Fiala I
Potthast et al. G

70 75 80 8 90 95 100

Fig 4. Comparison 1

The deployment of such systems must take ethics
into account. Maintaining fairness and trust
requires that the technology be used to support
human judgment rather than to replace it.
Transparency and user trust are builds the use of
interpretable outputs and visual indicators, such as
feature matched text or image key points,
especially in high-stakes environments like
academia.

Recall Comparison of Existing
Methods

Proposed Method I
Yeetal. I
Steinberger & Fiala I
Potthast et al. INEG—_——

75 80 85 90 95 100

Fig 5. Comparison 2

In practice, the system is well-suited for extensive
institutional use due to its friendly interface and
efficient processing capabilities. It provides a
faster and more scalable substitute for manual
verification  processes. ~ Within  academic
institutions, this work has ramifications since it
provides a framework for developing automated
content verification tools that may be accessed
through cloud-based services or web platforms.

Overall, the findings highlight how crucial a
multimodal and interpretable methodology is to
plagiarism detection. By providing a solid
foundation that may be enhanced with more
research, mainly in the integration of deep learning
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models and long-term content tracking, the study
adds to the expanding field of cross-domain
content validation.

VI. CONCLUSION

This research uses natural language processing to
integrate text and image analysis, offering a
thorough method for plagiarism detection
and techniques for computer vision. The findings
indicate that feature-based image comparison
combining semantic similarity metrics greatly
improves the accuracy and resilience of plagiarism
detection systems. Ultilizing technologies like
ORB/perceptual hashing for picture analysis and
NLTK for text processing, the system efficiently
detects both reworded and exactly content in
addition to modified visual content. This dual
capability presents a novel framework that
overcomes the disadvantages of conventional,
unimodal detection methods, making it a valuable
contribution to the area.

In addition to expanding detection accuracy, the
hybrid model aids in the design of ethical,
explicable Al tools, which are crucial.
for acceptance in delicate environments like
publishing and educations. Moreover, the research
emphasizes the effectiveness multimodal analysis
is at spotting complex plagiarism patterns that
traditional algorithms frequently miss.

Future research should focus on enhancing the
model's capacity to identify heavily modified
photos, lowering semantic likeness thresholds, and
adding methods based on deep learning to enhance
scalability and accuracy even more. The model's
ability to generalize over languages and domains
will also be enhanced by fill out the dataset to
cover a wider range of linguistic and visual styles.
Ultimately, this research establishes the
foundation for more advanced, flexible, and open
plagiarism detection system that may contain a
variety of practical uses.
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