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ARTICLE INFO ABSTRACT

Received: 10 Feb 2025 The rapid growth of the internet and digital communication has led to an

unprecedented increase in textual content across numerous languages

worldwide. As a result, the field of Natural Language Processing (NLP) faces a

Accepted: 22 Mar 2025 critical challenge in accurately identifying and recognizing languages,
especially in multilingual environments. This study highlights the critical role
of multilingual identification and recognition systems in enabling
communication across diverse linguistic environments. These systems serve
as foundational tools for a variety of applications, such as translation services
and speech recognition, which rely on accurately identifying and
understanding languages spoken or written in various contexts. This paper
presents a systematic evaluation of such systems, focusing specifically on
English, Hindi and Marathi languages. A range of approaches, including
machine learning models, deep learning, and NLP, were analyzed. The
inclusion criteria for this study consisted of research publications from the
years 2019-2024. Overall, the findings underscore the importance of
identification of multilingual languages. This review offers substantial insights
for both researchers and practitioners engaged in the advancement of robust
multilingual identification and recognition systems designed for English,
Hindi and Marathi languages. Further study is imperative to overcome current
obstacles and augment the efficiency of these multilingual identification and
recognition techniques.
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INTRODUCTION

Identifying languages is a major challenge in Natural Language Processing (NLP). With the internet
growing, more and more content is being created in languages other than English [1]. For tasks like
searching and organizing text automatically, it's important to identify the language in real-time [2]. In
multilingual countries like India, where people often speak more than one language, recognizing
languages is especially important. While many languages are spoken in India, the constitution officially
recognizes 22 of them [3, 4].

A bilingual or multilingual community is formed when individuals use more than one language as
a medium of communication. This can happen when people converse in their native language or any
other natural language that has official, national, or international significance. In daily online
conversations with friends and family, multilingual people frequently favor mixed-language
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constructions [5]. The use of code-mixing, code-switching, or a blend of the two to productively
communicate is the defining feature of the text corpus based on social media [6-9].
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Figure 1. Text Classification
1.1 Automatic Language Identification

Reliable language identification is becoming more important for several reasons, such as the rising
popularity of hands-free, voice-operated devices for human interaction and the necessity to support the
coexistence of diverse languages in a more interconnected world [12, 13].The goal of automatic language
identification is to detect the language or languages used in text texts without human intervention.
Documents can have one or more languages [14]. A framework for text document language
identification is shown in Figure 1.

1.2 Multilingual handwritten text recognition (MLHTR)

Multilingual communication, data entry activities, and the digitization of historical records are just a
few of the areas where this technology is vital [16]. For example, India is home to a plethora of
multilingual publications due to the country's dozens of widely spoken languages [17]. Many real-world
contexts including healthcare, schools, insurance, banking, the government and the financial sector
present the challenge [18].

1.3 Applications of Language Identification

The classification of text has been employed for several objectives, including improving the
comprehension of textual materials, organizing textual documents for information retrieval, and
categorizing notes and emails, among other assignments. The identification of multilingual documents
serves various purposes, including filtering data to improve the quality of input data and extracting
linguistic information from the web and publications. The process of identifying multilingual
documents can also serve to extract bilingual texts from internet sources [28-29].

1.4 Challenges Involved in Language Identification

There are two types of text available for the language identification task: multilingual and monolingual.
Processing monolingual texts is remarkably straightforward, as it only demands proficiency in a single
language. Processing multilingual documents, however, is more difficult since it requires an
understanding of several languages and the challenges associated with their interdependency. The
following are the primary difficulties encountered in language identification [30]. Figure 2 shows the
various challenges related to language identification.
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Figure 2: Challenges of Language identification [30]

¢ Noisy text: The use of short forms of words and tags, known as abbreviations, is regarded as
unnecessary information in the text. Users sometimes use abbreviations or codes when writing
content due to space limitations and the inconvenience of typing, resulting in a text that can only
be understood by its writer. Managing such a noisy dataset presents a really challenging task [31-
32].

¢ Length of the text data: The document's text data must be sufficiently large to enable the
efficient use of n-gram algorithms to determine the language with accuracy. However, the messages
in social media programs such as WhatsApp and Twitter are limited in size, making them tough to
deal with.

¢ Character encoding: Character sets are used differently in different natural languages. Character
encoding, sometimes referred to as character set, is a technique that represents characters by
combining several symbols. There are several encoding schemes available, including Unicode and
ASCII. There can be more than one language encoding for a single text document. Managing
encoding discrepancies can be difficult and calls for a flexible method [33].

¢ Segmentation of documents: When text is written in multiple languages and used
interchangeably, the document is said to be multilingual. The partition of text into several
languages, which is required to separate the contents of the document, is the main issue in this
work. Once the segments have been identified, the content can be collected for further processing.

¢ Common words: When two language communities interact culturally, one language acquires
vocabulary from the other. This process is known as linguistic borrowing. These words are called
borrowings or loanwords.

¢ Languages with the same origin: Linguistically related languages commonly exhibit shared
writing systems and grammatical characteristics because of their shared ancestry. Both Hindi and
Marathi employ the Devanagari script. Distinguishing between these languages poses a substantial
difficulty in language identification tasks.

1.5 Need for Multilingual Text Recognition system for Indian languages (English,
Hindi, Marathi)

Text recognition has made significant advancements in recent years, due to the rapid development of
deep learning. With the extensive use of English, current research predominantly concentrates on the
recognition of English text. Existing recognition algorithms [34-41] were primarily developed for
English texts. However, existing research mainly concentrates on writings written in commonly used
scripts, such as English or Chinese, while considering multilingual literature. Practical scene images
frequently include texts from various scripts rather than being limited to just one script. Multilingual
text recognition is more suited for practical application settings since it can simultaneously recognize
texts in multiple scripts [42].

The process of identifying and separating connected characters in Devanagari scripts is accomplished
using fuzzy multi-factorial analysis. Many character segmentation techniques are unsuccessful in
segmenting touching characters, sometimes incorrectly identifying them as single characters. There is
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currently no universal character segmentation approach that can be applied to all Indian languages
[45].

1. Review Methodology

A detailed review of studies on this topic was done using the SCOPUS database, covering works
published between 2019 and 2024. This review focused on records categorized as articles, journals, and
publications in Scopus. Table 1 lists the keywords used to search for relevant papers in the database.

Table 1: Searching Keywords

Databases Keyword used

Scopus TITLE-ABS-KEY ("Text classification” OR "Language Identification” OR
"Multilingual Identification") AND TITLE-ABS-KEY ("Machine learning"
OR "Natural language processing") AND TITLE-ABS-KEY ("English" OR
"Hindi" OR "Marathi")

Source: Authors own elaboration

For the literature analysis, only the records marked as articles are further marked countable and

evaluated for assessment. The below-presented table 2 exclusively examined records that met the
specified inclusion and exclusion criteria:

Table 2: The criteria for determining what is Included and Excluded

Criterion Inclusion Exclusion
Keywords Records conferring the relationship Records excluded in which
between text classification and variables have no relation
Multi  identification, = Machine
learning and Natural language
processing, and English, Hindi and
Marathi.
Doc Type Conf. paper, article, conf. review, Book series, book, chapter in
Review paper book
Language English Other than English
Timeframe Concerning 2019-2024 <2019
Category Open Access Paid Access

Source: Authors own elaboration
LITERATURE ANALYSIS

The evaluation contributes significantly to the understanding of ML, DL and NLP applications in
multilingual contexts. It sheds light on the strengths and limitations of these systems, aiding in the
refinement of recognition and identification capabilities for diverse linguistic environments.
Additionally, this analysis serves as a foundation for ongoing innovation and development in
multilingual identification and recognition systems leveraging ML, DL and NLP techniques. It provides
valuable insights for researchers and practitioners seeking to enhance the performance of such systems
across different languages and cultural contexts.
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(a) Identification through Machine Learning

In recent years, researchers have actively explored various ML approaches for text classification tasks.
Najahan Binti Mohd Rashidi et al. (2024) [46] explored machine-learning approaches and found
that the CountVectorizer method outperformed TF-IDF in their dataset. Similarly, Gholami et al.
(2023) [47] focused on leveraging graph neural network (GNN) models to effectively capture
topological information in text data.

Salh et al. (2023) [48] examined the efficiency of machine learning methods, particularly Support
Vector Machine and Random Forest, in detecting fake news, especially in low-resource languages like
Kurdish. Similarly, Alfartosy et al. (2023)[49]demonstrated strong performance with their ML
approach, surpassing previous methodologies, and Das et al. (2023) [50] made significant
contributions to sentiment analysis, offering valuable insights for future research. Al-onazi et al.
(2023) [51] attained exceptional results by combining ML and deep learning techniques in their
system analysis task.

To et al. (2020) [59] and Phat et al. (2020) [60] reported promising outcomes in their respective
studies, contributing to the evolving landscape of ML-based text classification. Additionally, Sarwar
et al. (2020) [61] highlighted the robustness of the K-nearest neighbours (KNN) algorithm across
languages.

Key findings from the survey of material available in the open literature

Table 3. shows the comparative study between several techniques applied for identification.

Author Technique Accuracy Outcomes
Najahan Binti The result suggested that CountVectorizer
Mohd Rashidi SVM 0% performs better for the dataset.
et al., (2024) 9276
[46]
The results illustrated how the application
. of GNN models contributes to achieving
GI(I:(I:;m)l F t 351" Gri[ilwrz)erlliral 86.36% high scores in text -classification by
3) 147 effectively  capturing the topological
information between textual data.
The results indicated that machine learning
Salhet al techniques can accurately identify false
(2023) [ .8,] SVM, RF 91% information in languages with limited
314 resources, such as Kurdish, even in
challenging circumstances.
- The results revealed strong performance,
Al(f::')tzos;' [et a]ll" Rgoil:ggn 98% with the proposed method surpassing
3)149 & recent approaches.
Long-Short The study's findings significantly advance
Das et al Term the field of sentiment analysis by providing
*2 Memory, 86.43% insightful  information  for  further
(2023) [50]
315 Bidirectional investigation and useful applications.
g pp
LSTM
Wasim et al The ensemble-based approach
: RNN,SVM 90% demonstrates high performance on two

(2023) [52]

benchmark datasets, BET and UFN.
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The results obtained indicate that the
Fkih et al., Neural Neural Network outperforms other models

[v)
(2023) [53] network 88% and delivers strong performance when
utilizing hybrid features.
The experimental results indicate that the
Polatet al., SVM.RF.RNN 82% demographics of deputies can be effectively

(2022) [57] estimated using NLP, ML, and Deep

Learning approaches.

The result revealed that the Support Vector
Barua et al., LR. SVC. DT 98.13% Classifier (SVC) using unigram + bigram +
(2021) [58] ’ ’ trigram feature space obtained the highest
weighted f1-score of 97.60%.

The findings revealed that the proposed
Phat et al., o/, h sh .. Tts £ ]
(2020) [60] LSTM 90%; approach shows promising resu ts for real-

world applications in Vietnamese datasets.

Identification through Deep Learning

Several authors have contributed to the advancement of deep learning applications to improve
classification accuracy and efficiency.Ortiz-Perez et al. (2023) [65]and Wadud et al. (2023) [66]
demonstrated the effectiveness of deep learning models, with Ortiz-Perez focusing on dementia
detection using text modality and Wadud introducing the Deep- (Bidirectional Encoder
Representations from Transformers ) BERT model for offensive text classification.

Kapodiaté-Dzikiené et al. (2022) [67],Shen et al. (2022) [68], and Shanmugavadivel et al.
(2022)[69]each explored deep learning methods for various text classification tasks. Kapociute-
Dzikiené proposed a combination of fastText and CNN for news classification across multiple languages,
while Shen showcased the superiority of the BERT model in status classification, and Shanmugavadivel
suggested the effectiveness of the adapter-BERT model in sentiment analysis and offensive language
identification.

Mehmood et al. (2022)[70]and Chakravarthi et al. (2022) [71] introduced novel deep learning
architectures that outperformed traditional models. Mehmood explored stacked models, showing
improvements over both machine learning and deep learning methods, while Chakravarthi presented a
custom deep network architecture leveraging T5-Sentence embeddings.

Key findings from the survey of material available in the open literature
Table 4 shows the comparative study between several techniques applied for identification.

Table 3: Literature Review

Author Techniques Accuracy Outcomes
Ortiz-Perez et al., o The text modality demonstrated superior
(2023) [65] CNN 90.36% performance in detecting dementia.
The  suggested  Deep-BERT  model
Wadud et al., Deep CNN 91.83% outperformed all current algorithms for

(2023) [66] offensive text classification in terms of

performance.
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The findings revealed that the combination

Kapodiate- of fastText and a CNN yielded the best
Dzikiené et al., CNN 78.8% performance, showcasing promising results
(2022) [67] in the classification of fake, satirical, and

legitimate news across multiple languages.

Shen et al The findings revealed that the UMLS BERT
> BERT models 93% model demonstrated superior performance
(2022) [68] in classifyin
g status.

The findings indicate that when compared to
other trained models, the adapter-BERT

Shanmugavadivel BERT o .
¢ 79% model shows better accuracy for sentiment
etal., (2022) [69] ROBERT analysis and objectionable language
identification.
Bernoulli According to experimental findings, the
Naive Bayes stacked model performs better than deep
Mehmood et al., o . X ) .
(2022) [70] (BNB), 74.01% learning and machine learning models. with
7 Logistic notable gains in F1 score, recall, accuracy,
Regression and precision.

The results of the study indicated that the
proposed custom deep network architecture,

Chakravarthi et o which  utilizes a concatenation of

al., (2022) [71] SVM,LR, KNN 92% embeddings from T5-Sentence,
outperformed other machine learning
models.

RESULTS AND DISCUSSION

The results of the machine learning models for multilingual identification and recognition show varying
levels of performance. The SVM model stands out with the highest accuracy of 88.29%, demonstrating
its strong suitability for recognizing English and mixed Marathi/Hindi texts. Models like Logistic
Regression, Random Forest, and Static Regression show moderate accuracy (around 62-63%), with
struggles in recognizing Hindi and English samples. The XGBoost model, with the lowest accuracy of
59.96%, faces significant challenges across all languages. Overall, while SVM outperforms the others,
improvements are needed for all models, especially for minority language recognition like Hindi and
Marathi.

4.1 Comparison
1. SVM

SvM Model Evaluatiom:
ACccuracy: @.2829236739974127

precision recall Fil-score support

English 8.84 1.88 8.91 495

Hindi 1.8 &.a85 a.1a 48
Marathi .86 &.47 a.61 114
Marathli/Hind1l a.91 .91 a.91 295
Lriknown 8.2 2. 28 a.2a z
accuracy @8.88 1545
macro avg a.72 2.49 8.51 1545
weighted avg a.89 8.82 a.87 1548

Fig 2. SVM Model Accuracy

1297
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons
Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work
is properly cited.



Journal of Information Systems Engineering and Management
2025, 10(47s)
e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

The SVM model performs well for both English (F1-score: 0.91) and mixed Marathi/Hindi texts (F1-
score: 0.91), with an accuracy of 88.29%. It has trouble recognizing Hindi (poor recall: 0.05) and
Marathi (Fi-score: 0.61), even if its accuracy is respectable. Unknown instances cannot be classified by
the model. The macro recall of 0.49 indicates difficulties with minority classes, even if the weighted F1-
score of 0.87 indicates generally strong performance. All things considered, it works well for English
and mixed texts but is less dependable for Hindi and Marathi.

2, Logistics Regression

Logistic Regression Model Evaluation:
ACcuracy: 8.6254851228973e08

precisien recall fi-scere support

English 1.88 e.e8 8.15 495

Hindi a.ee e.ea a.8e 4a

Marathi 8.82 8.37 8.51 114
Marathi/Hindi 8.61 8.99 8.75 895
Unknown a.82 2.88 a.e8 z
accuracy 8.63 1545
macro avg 8.49 8.29 8.28 1545
weighted avg 8.73 8.62 8.52 1545

Fig 3. Logestic Regression Accuracy

With a 62.55% accuracy rate, 63% of samples are properly classified by the Logistic Regression model.
It fails to completely categorize Hindi (F1-score: 0.00) and performs badly for English, with low recall
(0.08) despite excellent accuracy. With an Fi-score of 0.51 for Marathi, it exhibits poor recall (0.37) and
intermediate accuracy (0.82). It has a higher recall (0.99) but a poorer accuracy (0.61) for mixed
Marathi/Hindi (F1-score: 0.75). Cases that are unknown are not categorized. With the exception of
mixed Marathi/Hindj, it has trouble with most languages overall.

3. Static Regression

racy: 2.6254851228978008

precision recall fi-score support

English 1.88 8.88 8.15 495
Hindi a.ae 8.8a 8.8 48
Marathi a.82 8.37 8.51 114
thi/Hindi a.61 8.99 8.75 895
Unknown 8,22 ] a.28 z
accuracy B.53 1546
macro avg a.49 8.29 8.28 1546
ghted avg a.73 B8.63 8.52 15456

Fig. 4. Static Regression Accuracy

With a 62.55% accuracy rate, 63% of the samples were properly classified by the Logistic Regression
model. It has trouble classifying Hindi (F1-score: 0.00) and poor recall (0.08) in English, even with
flawless accuracy. Marathi's Fi-score is 0.51, with a moderate accuracy (0.82) and poor recall (0.37).
Given its high recall (0.99) and poor accuracy (0.61), the model's F1-score of 0.75 indicates that it works
well for mixed Marathi/Hindi. Unknown instances are not categorized at all. The weighted F1-score
(0.52) and low macro recall (0.29) indicate its difficulties with the majority of courses.

4. Random Forest

ACcuracy: @.6332478892626132

precision recall fl-score support

English 1.8 8.83 @.15 495

Hindi 1.8 8.85 @.18 48

Marathi @.78 2.51 @8.682 114
Marathi/Hindi B.61 8.%8 a.76 895
Unknown 1.2 2.58 8.57 2
accuracy 8.53 1545
macro avg B8.88 .42 8.45 1545
weighted avg B.76 .53 8.53 1545

Fig 5. Random forest Accuracy
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With a weighted F1-score of 0.53 and an accuracy of 63.32%, the Random Forest model exhibits variable
performance across classes. Low recall (0.08) results in a poor F1-score of 0.15, showing difficulties in
detecting English samples, even while English predictions are correct (precision: 1.00). Hindi, on the
other hand, has an F1-score of 0.10 because to its faultless accuracy and very poor recall (0.05). Marathi
is the best-performing class, with a slightly greater recall (0.51) and an Fi-score of 0.62.

2. XGBoost

warnings.warn{smsg, UserwWarning)
Accuracy: 2.5995119815317554

precision recall fl-score support

English a.33 2. 88 .88 435
Hindi 1.88 B.85 a.1a 48
Marathi A.75 .38 a.58 114
Marathi/Hindi g.59 2.938 a.74 295
Unknown a.82 2.8 a.28 P
gccuracy a.58 1545
macro avg 6,54 B8.28 a.27 1545
weighted avg @.53 2.68 8,47 1545

Fig. 6 XGBoost Accuracy

The XGBoost model achieves 59.96% accuracy but struggles across classes. It performs poorly for
English (F1-score: 0.00) due to very low recall (0.00). For Hindi, despite perfect precision (1.00), low
recall (0.05) results in an F1-score of 0.10. Marathi shows moderate performance with an Fi-score of
0.50 (recall: 0.38). The model performs best for Marathi/Hindi mixed texts, achieving high recall (98%)
and an Fi-score of 0.74, indicating better recognition for combined classes.

3. Comparison Model Performance

Maodel Accuracy Comparison

1.0
0.8
0.6
=
U
£
=]
o
<
0.4
0.2
0.0
Logistic Regression Random Forest Neural Network XGBoost
Models

Fig 7. Comparison Models Accuracy

The SVM model achieves the highest accuracy at 88.29%, outperforming all other models. It performs
particularly well for English and mixed Marathi/Hindi texts. The Random Forest model follows with an
accuracy of 63.32%, showing moderate performance but struggles with languages like English and
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Hindi. Both the Logistic Regression and Static Regression models have an accuracy of 62.55%, with
similar moderate performance and difficulties in recognizing Hindi and English. The XGBoost model
has the lowest accuracy at 59.96%, performing poorly across most classes, especially English and Hindi.
Overall, SVM provides the best accuracy by far.

Table 5. Comparison Table

Model Accuracy (%) Performance Summary

SVM excels in English recognition but struggles with Hindi and
SVM 88.29 Marathi due to imbalance.
Logistic Logistic Regression shows bias towards dominant classes, with poor
Regression 62.55 performance for English.
Static Similar to Logistic Regression, it struggles with Hindi and English
Regression 62.55 recognition.

Random Forest performs moderately but struggles with English and
Random Forest 63.32 Hindi, though better at Marathi.

XGBoost has poor performance in English and Hindi, but performs
XGBoost 59.96 reasonably for Marathi.

The work demonstrates that traditional multilingual text recognition methods can handle simple cases
with moderate success. However, challenges arise when dealing with complex images, particularly when
text is embedded in noisy or low-contrast backgrounds. The performance of these methods is limited
by the complexity of the text and image quality.

Strengths: The ability of existing methods to process and recognize clear and standardized text in
multilingual settings.

Weaknesses: Difficulty in handling text complexity, varying image quality, and accurate language
identification in complex scenes.

CONCLUSION

With a weighted Fi-score of 0.87 and an overall accuracy of 88.29%, SVM fared better than the
other machine learning models evaluated for multilingual identification and recognition. It
demonstrated a notable performance disparity as a result of the class imbalance, performing well when
recognizing English samples but poorly when identifying Hindi data. The unknown class completely
failed, whereas Marathi did somewhat, highlighting the need for better feature engineering and dataset
balancing. Despite their moderate accuracy (62.55% and 63.32%, respectively), Random Forest and
Logistic Regression had trouble maintaining class balance, producing subpar results for Hindi and the
unknown class. Bias was apparent even though the Marathi/Hindi mixed class performed better. Since
SVM's shortcomings indicate the need for more improvement, the research emphasizes the need of
resolving class imbalance, optimizing features, and investigating cutting-edge methodologies to
enhance performance, particularly for underrepresented classes.

FUTURE SCOPE

Overcoming the noted constraints and improving the efficacy of the multilingual identification system
are the main goals of this study's future scope. Accuracy will increase if class imbalance is addressed by
dataset rebalancing and improved feature engineering, particularly for underrepresented classes like
Hindi and the unknown class. While hyper parameter modification for models like Neural Networks
and XGBoost may further improve their accuracy, ensemble learning approaches can be used to produce
more stable and balanced performance across all classes. The technology will be more applicable in
multilingual areas like India if it is expanded to accommodate more languages. Furthermore, creating
a framework for real-time language recognition would make it feasible to use it practically to activities
like querying, indexing, and text categorization. The system's capacity to manage intricate patterns in
multilingual text data may also be improved by investigating deep learning techniques like transformers
and LSTM networks, opening the door to a more precise, well-rounded and scalable solution.
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