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ABSTRACT: Text classification has seen significant advancements through the integration of image processing
techniques, leveraging the visual and spatial characteristics inherent in textual data representations. This review surveys
recent developments in applying image processing methods to enhance the accuracy, efficiency, and interpretability of
text classification systems. The integration of image processing techniques offers novel approaches to preprocess
textual data, extract meaningful features, and improve classification performance. This review synthesizes key
methodologies and evaluates their effectiveness across various domains of text classification, including sentiment
analysis, document categorization, and information retrieval. Challenges such as data heterogeneity, model
interpretability, and computational efficiency are discussed alongside promising avenues for future research. By
exploring the convergence of image processing techniques with text classification, this review aims to provide insights
into the evolving landscape of multimodal data analysis and its implications for advancing artificial intelligence
applications.

KEYWORDS: Image processing, Text Classification
I. INTRODUCTION

Text classification, a fundamental task in natural language processing (NLP), has traditionally relied on textual
features extracted from corpora to categorize documents, sentiment, or topics[1]. Recently, there has been a growing
interest in enhancing text classification tasks by integrating image processing techniques. This integration leverages the
visual information embedded within textual data representations, offering new avenues to improve classification
accuracy, robustness, and interpretability[2]. The use of image-based approaches in text classification represents a
departure from traditional methods that rely solely on textual features[3]. By treating textual data as images, researchers
explore the application of Convolutional Neural Networks (CNNs) and other image processing techniques originally
developed for computer vision tasks[4]. These techniques aim to capture spatial relationships, semantic structures, and
visual patterns within textual documents, complementing traditional textual features[5].

This introduction provides a comprehensive overview of recent advancements in image-based text classification,
highlighting the transformative impact of integrating visual information with textual analysis[6]. It explores key
methodologies, including text-to-image conversion, feature extraction from visual representations of text, and hybrid
models that combine textual and visual modalities[7].

The integration of image processing techniques in text classification not only expands the scope of NLP applications
but also addresses inherent challenges such as data heterogeneity, model interpretability, and computational efficiency.
By synthesizing current research findings and discussing future research directions, this paper aims to contribute to the
evolving landscape of multimodal data analysis and its implications for advancing artificial intelligence applications in
textual domains. Machines can now understand and communicate text meaning thanks to natural language processing,
or NLP. The media, finance, healthcare, and other fields are all impacted by NLP.
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II. TEXT CLASSIFICATION

In NLP, text classification is the process of classifying text documents, sentences, or phrases according to their content
and giving them predetermined labels or subcategories. The goal of text categorization is to identify a text's class or
category autonomously. It's a basic NLP problem with many real-world uses, such as language identification, sentiment
analysis, spam detection, topic categorization, and more. In order to accurately forecast a text's category, text
classification algorithms examine the text's properties and patterns. This allows machines to sort, filter, and
comprehend vast amounts of textual data.

II1. RULE BASED TEXT CLASSIFICATION SYSTEM

A rule-based text classification system relies on predefined rules or patterns to categorize text into predefined classes or
categories. These systems are particularly useful when the classification task can be clearly defined with explicit rules
that capture the characteristics of each category. One of the earliest NLP techniques is the rule-based strategy, which
processes and analyzes textual data using pre-established linguistic rules. Using the rule-based method, certain
structures are captured, information is extracted, or operations like text classification are carried out by implementing a
particular collection of rules or patterns. Pattern matching and regular expressions are two popular rule-based
approaches.

Rule Definition: Rule-based systems define classification rules based on domain knowledge, linguistic patterns, or
specific features extracted from text. These rules are typically created manually by domain experts and can involve
regular expressions, keywords, syntactic structures, or semantic rules.

Feature Extraction: Rule-based systems often extract features from text that are relevant to the classification task.
This may include word frequencies, part-of-speech tags, named entities, or other linguistic features that help define the
rules.

Rule Evaluation and Application: Text documents are processed through a series of rules that assign them to
predefined categories based on the presence or absence of specific features or patterns. The classification decision is
based on how well a document matches the criteria defined by the rules.

RULE CREATION RYLE s

APPLICATION PROCESSING

Figure 1: Rule Based NLP Approach
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Table 1: A comparative analysis of Rule Based NLP Approached for text classification

Aspect

Focus Area

Methodology

Key
Contributions

Techniques

Applications

Results

Strengths

Limitations

Resnik & Hearst [8]

Semantic rule
learning from
syntactic patterns

Learning semantic

rules using syntactic
patterns

Demonstrates how
syntactic patterns can

be wused to infer
semantics

Rule learning,
syntactic pattern
analysis

Semantic parsing,
NLP

Effective extraction of
semantic rules from
syntactic structures

Integration of
syntactic and
semantic information
Dependence on
quality of syntactic
parsing

Manning, Raghavan,
& Schiitze [9]

Information retrieval

Comprehensive
introduction to IR
concepts and
algorithms
Foundational text in
IR, covering key

algorithms and theories

Vector space models,

search engines,
relevance feedback
Information retrieval
systems, search
engines

Widely adopted
textbook,
comprehensive
coverage of IR topics
Comprehensive  and

foundational resource

Broad coverage may
lack depth in specific
areas

Mooney [10]

Word
disambiguation

sense

Comparative
experiments on different
machine learning
methods for WSD
Highlights the impact of
bias in machine learning
for WSD

Machine learning
algorithms, evaluation of
bias

NLP tasks requiring
word sense
disambiguation
Demonstrates the
significance of algorithm
bias in WSD
performance

Insight into the role of
bias in machine learning

Focused primarily on

hyponyms, may not
generalize to  other
relations

IV. MACHINE LEARNING-BASED TEXT CLASSIFICATION

Hearst [11]

Automatic acquisition
of hyponyms

Rule-based and
statistical methods for
hyponym acquisition

Introduces  methods
to automatically
extract hyponyms
from text

Rule-based
extraction, statistical
analysis

Knowledge base
construction,

ontology building
Effective  automatic
extraction of
hyponym  relations

from corpora
Pioneering work in

automatic hyponym
extraction
Dependence on

quality of syntactic
parsing

Machine learning-based text classification in images is an innovative approach that combines text processing with
image analysis. This method is used in scenarios where text embedded within images (such as memes, scanned
documents, or screenshots) needs to be extracted and classified. Classifying a category from input text is significantly
faster and easier with the machine learning model. Feature extraction is an essential stage in the application of machine

learning. One method we use to convert text to numerical representation in the form of vectors is the use of bags of
words, which is essentially counting each word in a text; another method is the application of tfidf (term frequency
inverse document frequency).

Methodologies

1. Text Extraction:

o

IJIRSET©2024

Optical Character Recognition (OCR): The first step involves extracting text from images using
OCR technology. OCR tools, such as Tesseract, Google Cloud Vision, and Adobe OCR, convert
images of text into machine-readable text.
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o Preprocessing: This includes noise reduction, binarization, and text segmentation to improve OCR
accuracy.

2. Text Classification:

o Feature Extraction: Extract features from the recognized text. This could include traditional
methods like TF-IDF (Term Frequency-Inverse Document Frequency) or modern embeddings like
Word2Vec, GloVe, or BERT.

o Machine Learning Models: Apply machine learning algorithms for classification. Common models
include:

Machine learning-based text classification in images leverages OCR for text extraction and various machine learning
techniques for text classification. This hybrid approach is powerful for applications requiring automated text
understanding from visual data. The ongoing advancements in OCR accuracy and deep learning models continue to
enhance the effectiveness and applicability of these systems.

FEATURE

11 | A
EXTINIMAGE EXTRACTOR

FEATURES

CLASSIFIER MODEL

G,

HELLO,

Figure 2: Machine Learning Based Text Classification

Table 2: A comparative analysis of Machine Learning Based NLP Approached for text classification

Aspect Smith, R. Patel, A., Mikolov, T. | Devlin, J. et = Joachims, Yoon Kim = Gatt, A., &
[12] Dahyot, R. et al. [14] al. [15] T. [16] [17] Krahmer,
[13] E. [18]
Focus Area Optical Text Word Pre-training Support Convolutio = Natural
Character detection embeddings deep Vector nal Neural = Language
Recognitio = and and bidirectional =~ Machines Networks Generation
n (OCR) recognition = compositiona  transformers = (SVM) for (CNNs) for = (NLG)
using deep | lity for language  text text
learning understandin | categorizatio = classificati
g n on
Methodolo = OCR Deep Development = Pre-training SVM with Applicatio | Comprehens
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gy

Key
Contributi
ons

Techniques

Applicatio
ns

Notable
Results

Strengths

technology
overview
and
improveme
nts

Detailed
explanation
of
Tesseract
OCR
engine

OCR,
character
recognition

Digitizatio
n of printed
text,
document
scanning

Significant
improveme
nts in OCR
accuracy
and speed

Robust and
accurate
OCR
engine

IJIRSET©2024

learning
techniques
for text
detection
and
recognition

Applying
CNNs and
RNNs for
text
recognition
in images

Convolutio
nal Neural
Networks
(CNNb),
Recurrent
Neural
Networks
(RNNs)

Text
recognition
in natural
images,
scene text
detection

Improved
accuracy in
text
detection
and
recognition
in images

Advanced
deep
learning
methods
improving

of word
embeddings
like
Word2Vec

Introduced
Word2Vec,
capturing
semantic
relationships

Word
embeddings,
neural
networks

NLP tasks
requiring
semantic
understandin

g

High-quality
word
embeddings
capturing
semantic
nuances

Efficient and
scalable
method for
creating
word

and fine-
tuning BERT
for various
NLP tasks

BERT model
that
significantly
improves
performance
on various
NLP
benchmarks

Transformers
, masked
language
modeling

Wide range
of NLP tasks
including
text
classification
, Q&A, and
more

State-of-the-
art
performance
on multiple
NLP
benchmarks

Highly
versatile
model for
various NLP

high-
dimensional
feature
spaces

Demonstrate
d
effectiveness
of SVM for
text
classification

Support
Vector
Machines,
feature
selection

Text
categorizatio
n for
information
retrieval

High
accuracy and
robustness in
text
categorizatio
n

Strong
theoretical
foundation
and
empirical
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n of CNNs
to sentence
classificati
on

Showed
that CNNs
can
effectively
classify
sentences

Convolutio
nal Neural
Networks

Text
classificati
on tasks
such as
sentiment
analysis
and topic
categorizati
on

Demonstrat
ed CNNs
asa
powerful
tool for
text
classificati
on

Effective
feature
learning
and high
classificati

ive survey
of NLG
tasks,
methods,
and
applications

Overview of
NLG
advancemen
ts,
challenges,
and
evaluation
techniques

Various
NLG
techniques
including
rule-based
and
statistical
methods

NLG in
chatbots,
automated
report
generation,
and more

Comprehens
ive review
and
categorizati
on of NLG
research

In-depth
analysis and
wide
coverage of
NLG
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text embeddings applications ~ performance  on techniques
recognition accuracy
accuracy
Limitation = Primarily Focused on =~ Requires Computation = SVMs can Requires Primarily a
S focused on | text within | substantial ally be substantial = survey, does
OCR, images, computationa = intensive, computation = labeled not
limited to requires 1 resources large pre- ally data for introduce
printed text = high- for training training data  expensive training new
quality required for very algorithms
image data large or methods
datasets

Vector Semantic

V. HYBRID APPRAOCH OF TEXT CLASSIFICATION

Word and sequence analysis can also be done using vector semantics. In order to explain properties like similar and
opposing terms, it defines semantics and evaluates the meaning of words. Vector semantics' central tenet is that two

words are similar

if they have been employed in comparable contexts. Within a multidimensional vector space, words

are divided by vector semantics. Sentiment analysis benefits from vector semantics.

Male-Female Verb tense Country-Capital

Turkey \
Ankara

Russia o
Moscow
Canada — Ot tawWa

Japan — e

Vietnam -~ Hanoi

swimming China - Beijing

Figure 3: Vector Semantic Approach for text Classification[19]

Word Embedding

Word embeddings are a type of word representation that allows words to be represented as vectors in a continuous

vector space. These embeddings capture semantic meanings and relationships between words based on their usage in
large text corpora. They are fundamental for word and sequence analysis in various natural language processing (NLP)

tasks.

1. Word2Vec [20]:

o

IJIRSET©2024

Methodology: Word2Vec uses two main architectures for learning word embeddings: Continuous
Bag of Words (CBOW) and Skip-gram. CBOW predicts a target word from its context words, while
Skip-gram predicts context words from a target word.
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2. GloVe (Global Vectors for Word Representation) [3]:

o Methodology: GloVe is based on the global co-occurrence matrix of words. It captures the global
statistical information by factorizing the matrix.

3. FastText [21]:

o Methodology: Extends Word2Vec by representing words as bags of character n-grams. This helps
capture sub-word information and morphology.

o Advantages: Handles out-of-vocabulary words better by composing embeddings from n-grams.
o Limitations: Still context-independent.
Contextualized Word Embeddings
1. ELMo (Embeddings from Language Models) [22]:

o Methodology: ELMo generates word embeddings from a bidirectional LSTM trained on a language
model. It captures context-dependent meanings of words by considering the entire sentence.

2.  BERT (Bidirectional Encoder Representations from Transformers) [15]:

o Methodology: BERT uses a transformer architecture to pre-train a deep bidirectional language
model. It considers both left and right context simultaneously.

Word embeddings, both static and contextual, have significantly advanced the field of NLP by providing effective
representations of text data. These embeddings are crucial for various word and sequence analysis tasks, enabling
models to understand and process natural language more effectively. As research progresses, we can expect further
improvements in embedding techniques and their applications in diverse NLP tasks.

IJIRSET©2024 | An ISO 9001:2008 Certified Journal | 11371



Impact

Factor
8.423

A
1J1

B E%:Ei International Journal of Innovative Research of
T3] Science, Engineering and Technology (IJIRSET)

|www.i'|irset.com | A Monthly Peer Reviewed & Referred Journal | e-ISSN: 2319-8753; p-ISSN: 2347-6710|
|Volume 13, Issue 6, June 2024|

|DOI: 10.15680/1JIRSET.2024.1306147|

Word similarity based on word embeddings.

Word 1 Word 2 Word 3 Word 4

Word embeddings

0.5 0.7 0.5 0.6
0.4 0.3 0.3 0.2
0.2 - o1 B |04 ~ __|-03
1.0 N “1-1.0 N “1-09 o 7 1-05
0.9 0.8 0.2 0.1
Best match for word 1 Best match for word 3

Figure 4: Embedding based word Similarity [19]
Sequence Labeling

Sequence labeling is a crucial technique in natural language processing (NLP) used for tasks where each element in a
sequence (such as words in a sentence) needs to be assigned a label. This technique is commonly applied in text
classification tasks that involve understanding the context and structure of the input text, such as named entity
recognition (NER), part-of-speech (POS) tagging, and chunking. Here's a detailed look at sequence labeling for text
classification, including methodologies, applications, and key references.

Methodologies
1. Traditional Machine Learning Approaches:

o Hidden Markov Models (HMMs): Uses statistical properties of sequences for labeling. HMMs are
particularly effective for POS tagging.

o Conditional Random Fields (CRFs): A probabilistic model used for structured prediction. CRFs
consider the entire sequence context for predicting labels, making them suitable for NER and similar
tasks.

2. Neural Network Approaches:

o Recurrent Neural Networks (RNNs): These models, including their variants Long Short-Term
Memory (LSTM) and Gated Recurrent Units (GRUs), are designed to handle sequential data. They
can maintain information over time, making them useful for sequence labeling tasks.
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o Bidirectional RNNs (Bi-RNNs): Enhance RNNs by processing the sequence in both forward and
backward directions, capturing context from both ends.

o Attention Mechanisms: Applied to RNNs or Transformer models to focus on relevant parts of the
sequence, improving performance in tasks like NER.

o Transformers: Transformer models, such as BERT (Bidirectional Encoder Representations from
Transformers), are highly effective for sequence labeling due to their self-attention mechanisms that
capture dependencies across the entire sequence.

o Task: Grouping words into chunks that represent syntactic units, like noun phrases or verb phrases.

Sequence labeling is essential for many NLP tasks, particularly those requiring detailed text classification. Techniques
like HMMs, CRFs, RNNs, and transformers (e.g., BERT) have advanced the field, enabling accurate and efficient
labeling of text sequences. These methods help in understanding the structure and meaning of text, contributing to
various applications such as NER, POS tagging, and chunking. As research progresses, we can expect further
improvements and innovations in sequence labeling techniques.

a n the
the a the
that

PropNoun Det Noun

Figure 5: Sequence Labelling[19]
VI. CONCLUSION

Each text classification method has its unique advantages and trade-offs, making them suitable for different scenarios.
Rule-based methods are valuable for small-scale, domain-specific applications where interpretability is crucial.
Machine learning-based methods and sequence labeling models are ideal for tasks requiring high accuracy and the
ability to generalize from large datasets. Word embeddings and vector semantics provide robust and scalable
representations that enhance the performance of various NLP applications. Understanding these strengths and
limitations is essential for selecting the appropriate method for a given text classification task, ensuring the optimal
balance between performance, interpretability, and resource requirements.
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