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Advancements in Word Embeddings: A Comprehensive
Survey and Analysis

Khushal Das1*, Kamlish2*, and Fazeel Abid3
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2Department of Computer & Software Engineering, College of Electrical and Mechanical 
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Abstract: In recent years, the field of Natural Language Processing (NLP) has seen significant growth in the study of 
word representation, with word embeddings proving valuable for various NLP tasks by providing representations that 
encapsulate prior knowledge. We reviewed word embedding models, their applications, cross-lingual embeddings, 
model analyses, and techniques for model compression. We offered insights into the evolving landscape of word 
representations in NLP, focusing on the models and algorithms used to estimate word embeddings and their analysis 
strategies. To address this, we conducted a detailed examination and categorization of these evaluations and models, 
highlighting their significant strengths and weaknesses. We discussed a prevalent method of representing text data 
to capture semantics, emphasizing how different techniques can be effectively applied to interpret text data. Unlike 
traditional word representations, such as Word to Vector (word2vec), newer contextual embeddings, like Bidirectional 
Encoder Representations from Transformers (BERT) and Embeddings from Language Models (ELMo), have pushed 
the boundaries by capturing the use of words through diverse contexts and encoding information transfer across 
different languages. These embeddings leverage context to represent words, leading to innovative applications in 
various NLP tasks. 

Keywords: Word Embeddings, Word Representations, NLP, Contextual Embeddings, BERT, ELMo, Word2Vec, 
Cross-Lingual Embeddings.

1.	 INTRODUCTION

Words are components of any speech belonging to 
meaning as well as significance. Further, characters 
of any written word never have a bit of significant 
sense by themselves, which shows that characters 
can’t present a powerful sense of the written word 
individually. For instance, Book and Pen tend to 
be related to one another, but it is most unlikely 
that we will evaluate or come across the value 
of this relevancy by using only the characters 
of this  pair of words [1]. Word embeddings are 
frequently described as models for strings that fulfil 
the essential function of providing meaningful 

representations for words or phrases. Moreover, 
word embeddings represent words within a 
continuous vector space, allowing for the modelling 
of well-defined relationships among them. In this 
space, words are arranged into vectors with familiar 
properties, establishing meaningful connections 
through geometric relationships [2-4].

The influence of word embeddings largely 
depends on their ability to capture natural 
language and geometric relationships. They allow 
expeditious end-to-end modules by modulating 
an exceptional real-life representation right into 
an unremitting space; because of this, they are 



well-liked in natural language processing (NLP) 
subjects: they will be easy to plug into deep learning 
modules [5]. Sentiment analysis stated that physical 
object recognition and many other everyday jobs 
surpassed their renowned matching part with 
these techniques. We are primarily concerned with 
word embeddings learned on the trained corpus. 
This group of representations is creating an effort 
to compile a complete plain text useful dataset 
into an unceasing vector representation with no 
professional familiarity. Thus, in this survey, we 
accept this claim that the logic of a word enormously 
relies on the words neighbouring it. Other word 
embedding practices enhance this supposition and 
usage of a language model to shape contextualized 
word representations, such as BERT [6]. Recent 
advancements in areas such as sign language 
translation [7], healthcare signal processing [8], 
and vehicle detection [9] further illustrate the 
versatility of deep learning models in enhancing 
communication and accuracy across diverse 
applications. Finally, a distinctive technique is to 
build vectors using familiarity or another basis of 
experienced knowledge; an example is the TransE 
approach, as described by Cano and Morisio [10].  
The process of training and using word embeddings 
for a machine learning objective is illustrated in 
Figure 1 [11].

Previously, feature engineering NLP involved 
evolving vital mathematical functions to symbolize 
relevant sides of the text, such as the relation 
of pronouns to nouns. This method frequently 
required important domain information plus energy 
to find significant features [12]. Differently, word 
embeddings can be studied from the text’s corpus 
and don’t need any feature extraction or manual 
labelling; they are usually known in an unsupervised 
method [13]. So, we can say that word embeddings 
can be straightforwardly learned on whichever 
text data corpus. Word embedding is divided into 
two types: contextual and non-contextual word 
embeddings. The differentiation between these two 
types is that either the word embedding changes 
dynamically according to the context in which it 
appears or not.

Regardless of an excess of related works 
reachable on language models, word embeddings, 
and their advancements plus applications, no 
comprehensive survey collecting the detailed 
work done on word embeddings exists up to now. 
The current paper discusses  the recent advances 
and innovations in word embeddings. In a study, 
Font and Costa-Jussà [14] employed a transfer 
translation architecture to examine incorporating 
two debiasing techniques using Global Vectors for 
Word Representation (GloVe) embeddings. The 
researchers put forth and assessed a scheme on the 
WMT English-Spanish benchmark task, observing 
improvements of up to one Bilingual Evaluation 
Understudy (BLEU) point. Regarding gender bias 
assessment, the researchers generated a collection 
of occupations and demonstrated that their system 
can mitigate inherent biases in the baseline system. 
Rezaeinia et al. [15] introduced Improved Word 
Vectors (IWV), a novel technique designed to enhance 
the accuracy of sentiment analysis by leveraging 
pre-trained word embeddings. Their methodology 
incorporated several approaches, including part-of-
speech (POS) tagging, lexicon-based strategies, a 
word position algorithm, and Word2Vec or GloVe 
methods. Their plan’s accuracy was validated 
using  deep-learning  models and benchmark 
datasets designed explicitly for sentiment analysis. 
The results of their experiment about  sentiment 
analysis demonstrated the high effectiveness of 
IWV. Yao et al. [16] developed several intuitive 
evaluation methods for temporal word embeddings. 
Their quantitative and qualitative analyses indicate 
that their methodology consistently captures 

Fig. 1. Schematic representation of training word 
embeddings to use them for Machine learning objectives 
[11].
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evolutionary patterns. Furthermore, their approach 
steadily overtakes current state-of-the-art material 
embedding methods regarding  semantic accuracy 
and structural quality. Zhao et al. [17] performed 
a series of intrinsic analyses, revealing several key 
findings. Firstly, ELMo, a language representation 
model, was observed to contain a significantly 
higher number of male objects than female objects. 
Secondly, the ELMo embeddings consistently 
incorporate gender-related information. Lastly, 
the encoding of gender data in ELMo was found 
to be uneven, with a noticeable disparity between 
male and female objects. Moreover, the researchers 
demonstrated that a prior system reliant on ELMo 
exhibits bias and identifies significant bias within 
the WinoBias dataset. Finally, the researchers 
examined two methodologies to mitigate  gender 
bias and demonstrated the potential for eliminating 
the bias observed in the WinoBias dataset.

In recent years, the era of significant data has 
brought about challenges related to information 
overload. Addressing these challenges, Du et 
al. [18] aimed to achieve precise and automatic 
categorization of Internet news edition data. 
Recognizing the limitations of single-topic 
and word embedding models, they planned a 
novel text representation method that combined 
Glove models, Word2VEC, LDA, and TF-IDF. 
Additionally, Suhartono et al. [19] introduced two 
CNN architectures that incorporated Glove and 
Word2Vec word embeddings to analyze sentiment 
in drug reviews, utilizing deep learning methods, 
for instance, BERT and RoBERTa. Haller et al. 
[20] provided a comprehensive taxonomy of ways 
in the field, spanning classical Machine Learning to 
Deep Learning approaches while emphasizing the 
need for adaptations in Deep Learning architectures 
for NLP to tackle evolving challenges in ASAG 
tasks. Gender bias in static word embeddings 
was scrutinized by Caliskan et al. [21], revealing 
preferences in semantic suggestions, word 
frequency, parts of speech, clustered concepts, 
word frequency, term, parts of speech, and word 
meaning dimensions. Meanwhile, Tang et al. [22] 
proposed an unsupervised method to learn Dynamic 
Contextual Word Embeddings (DCWEs) through 
time-adapting a pre-trained MLM using manual and 
automatic templates. Alnajjar et al. [23] contributed 
to the field by creating a sentiment analysis corpus 
for endangered languages and Finnish. The 
study conducted by Yen and Jeon [24] achieved 

significant accuracy improvements in embedding-
matching A2W systems by generating multiple 
embeddings and incorporating pronunciation-
based embeddings. Engler et al. [25] introduced 
SensePOLAR, offering word sense-aware 
interpretability for contextual word embeddings. 
Schiffers et al. [26] developed word embeddings 
tailored for the social sciences and compared them 
to general language models in a domain-specific 
context. Lastly, Zaland et al. [27] comprehensively 
evaluated existing word embedding algorithms on 
extrinsic classification tasks, shedding light on how 
these models encode word relations. The study by 
Worth [28] highlights that advancements such as 
Word2Vec, GloVe, ELMo, and BERT embeddings 
rely on the idea that a word’s semantic meaning is 
shaped by its distributional properties within a text 
corpus. The study by Das and Kamlish [29] shows 
that knowledge about words’ meaning helps make 
summaries better and more accurate. This research 
benefits tasks like finding information, organizing 
documents, and extracting knowledge. The new 
method also makes summarizing text easier and 
reduces the need for manual work. It shows how 
important it is to understand language when using 
automated tools. This method helps deal with the 
vast amount of text we have today. Abro et al. [30] 
combined Word2Vec and GloVe embeddings with 
a neural network to improve the model. We then 
tested its performance using different learning rates 
across ten developers. The results showed that 
when Convolution was combined with Word2Vec 
embeddings, the model tended to be more accurate 
on average during testing.

2.    REPRESENTING TEXT WITH 		
       EMBEDDINGS

This section provides a concise overview of the 
different types of word embeddings. We conduct 
a detailed analysis of a text, focusing on its word 
sequence to explore the contextual relationships 
between the embeddings.

2.1.  Representation of Word Embeddings 

Numerous methodologies, such as Word2Vec, 
GloVe, and FastText, are commonly used to 
examine word embeddings, each employing distinct 
approaches for capturing semantic relationships 
in a corpus. For example, Word2Vec uses neural 
networks to predict word context. At the same 

	 Advancements in Word Embeddings	 229



time, GloVe captures co-occurrence statistics of 
words in a large corpus, and FastText considers 
subword information, making it more effective 
for morphologically rich languages [31-33]. One 
common approach involves utilizing a one-hot 
encoding technique, which assigns a distinct index 
within a vocabulary dictionary to each word, 
creating a unique representation for every word 
in the corpus. A comment is demonstrated by a 
vector consisting of all zeros except for one within 
an appropriate context. The process of studying 
context-based prediction involves the utilization 
of word embedding strategies. These strategies 
enable mapping one-hot vectors to more compact 
representations, often with lower dimensions than 
vocabulary dimensions. These representations’ 
components capture the language data’s underlying 
symbolic meaning. The fundamental premise is that 
to achieve accurate word prediction, it is necessary 
to enhance and refine the representations of words 
through learning [11].

2.1.1.	Word2vec

The Word-to-Vector (Word2vec) technique under 
consideration relies entirely on a predictive 
approach that can be implemented using the 
skip-gram (SG) and continuous bag-of-words 
(CBOW) models [31]. Small neural networks are 
used in Continuous Bag-of-Words (CBOW) and 
Skip-Gram (SG) models to map words to specific 
points in a vector space. The distinction between 
these methods lies in whether the neural network 
endeavours to forecast a target term given its 
context (Continuous Bag of Words, CBOW) or vice 
versa. Two crucial factors determine the training of 
word2vec embeddings, as shown in Figure 2 [34]. 
Firstly, the embedding dimension is between fifty 
and five hundred through experimental methods. 
Secondly, the span of the context window refers to 
the number of words preceding and following the 
target word that is utilized as context for training 
the word embeddings. Additional significant 
hyperparameters are elaborated upon in the 
appendix section. The requirement for a more 
extensive training dataset is typically observed 
when training embeddings with more dimensions. 
It is crucial for each dimension to effectively 
capture a distinct aspect of meaning so that the 
embeddings possess the necessary capacity to 
differentiate between words. Paragraph2Vec and 
Doc2Vec are variants of the word2vec model 

designed to represent documents or paragraphs 
as vectors rather than individual words. There are 
two distinct types of doc2vec models: the PV-DM 
model, like the SG model of word2Vec, and the PV-
DBOW model; both are used to distribute memory 
across paragraphs [35].

2.1.2.	GloVe

Global Vectors for Word Representation (GloVe) 
model comprehends word embeddings proficiently 
using a word co-occurrence matrix rather than 
a word calculation job. A co-occurrence matrix 
is a VXV square matrix in which V indicates the 
vocabulary size. Every matrix element represents 
the frequency of occurrence of the specified 
vocabulary objects within a predetermined context 
window that spans the entire corpus. GloVe can 
comprehend vector embeddings, which facilitate 
the reduction of literal errors during the processing 
of co-occurrence statistics required by the model. 
Additionally, it considers the global co-occurrence 
statistics present in the preparation corpus. The 
model comprises multiple hyperparameters that 
must be vigilantly chosen, such as the dimension 
of the vector embedding and the size of the 
perspective window. The word vectors generated 
through the GloVe method exhibit epistemological 
equivalence to those obtained through word2vec. 
However, GloVe employs a count-based model as 
its foundation, in contrast to word2vec’s predictive 
model [35]. GloVe, compared to word2vec, 
is known for its ability to capture longer-term 
dependencies due to its computation of statistics 
over more oversized context windows. However, 
it is essential to note that the order of these 

Fig. 2. Illustration of the Skip-Gram Architecture in the 
Word2Vec Algorithm [34].
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dependencies needs to be preserved. Based on 
empirical observations, discernible advantage has 
yet to be identified for either GloVe or word2vec 
models. The overall reliability of these models is 
contingent upon various factors, such as the kind of 
data and the specific assessment job being measured. 
GloVe embeddings have proven highly effective in 
capturing semantic relationships in various natural 
language processing tasks, as demonstrated in 
recent studies across different application domains 
[36-38].

2.1.3.	FastText	  

The FastText model extends word2vec and GloVe 
methods, incorporating a specific constraint. This 
model can lever novel, out-of-vocabulary (OOV) 
expressions by utilizing the word2vec skip-gram 
(SG) model, which includes inner subword data 
in character n-grams, representing sequences 
of adjacent characters. This approach entails 
constructing a vector representation for a word 
by considering the combination of its subword 
elements. This approach also enables the model to 
capture the structural and linguistic relationships 
between words and facilitates the creation of vectors 
for previously unanticipated words. Probabilistic 
FastText is a methodology used to combine 
FastText and Gaussian Mixture Models (GMMs). 
Howard and Ruder [39] did not provide any text to 
rewrite. The representation of each word is depicted 
as a Gaussian Mixture Model (GMM) consisting 
of n mechanisms, effectively capturing n distinct 
senses or meanings associated with the word. This 
representation can analyze the sub-word structure, 
distinguish between dissimilar word senses, and 
deliver improved representations of infrequent 
or hidden words. Recently, FastText has been 
widely applied in various fields of natural language 
processing, demonstrating its effectiveness in tasks 
such as sentiment analysis, cybersecurity, and 
machine learning applications [40-43].

2.1.4.	ELMo

Embedding from Language Model (ELMo) is a 
language representation model emphasising words 
through character-level and word-level embeddings. 
Instead of employing a stable embedding for 
every word, ELMo evaluates the entire sentence 
and assigns each word an embedding [44]. The 
embeddings are constructed utilizing a trained 

bidirectional recurrent neural network (RNN) for 
a particular task. The embedding’s bidirectional 
architecture is based on both preceding and 
subsequent words. One significant innovation of 
ELMo is the incorporation of task-specific weighting 
coefficients for the embeddings. It allows the model 
to be trained on one objective or task and then applied 
to a different task, effectively combining shared 
information while focusing on specific semantic 
aspects. Integrating ELMo word embeddings with 
deep learning multimodal transformers has shown 
promising results in enhancing image description 
tasks, as demonstrated in recent research by Cheng 
et al. [45]. In a recent study by Rong et al. [46], 
the advancements in multimodal deep learning, 
particularly integrating ELMo word embeddings 
with transformers, have significantly improved 
image description capabilities.

2.1.5.	CoVe

Contextualized Word Vectors (CoVe) use a 
profound Long Short-Term Memory (LSTM) 
encoder derived from a cognitive sequence-
to-sequence model specializing in machine 
translation [47]. This method is cast to provide 
word vectors with context. CoVe word embeddings 
are a mechanism for processing the entire input 
sequence. From an architectural standpoint, this 
model is characterized by its simplicity and lack of 
logic. The initial step is deleting the dual-layer, one-
way LSTM encoder from the machine translation 
(MT) model. The process encrypts the static pre-
trained GloVe embeddings used as context vectors. 
These context vectors are appended to the GloVe 
embeddings and provided as input to subsequent 
NLP tasks. CoVe has improved in numerous NLP 
charges, including sentiment analysis, question 
classification, entailment, and question answering 
[48]. Furthermore, it has brought attention to the 
dynamic manifestation of language.

2.1.6.	ULMFit

The technique known as universal language model 
fine-tuning (ULMFit) was initially presented by 
Luong et al. [49]. This approach frequently employs 
language modelling, specifically utilizing LSTM 
networks to leverage extensive untagged statistics 
effectively. Precisely, the ULMFit model consists 
of three distinct phases:
•	 To acquire knowledge about linguistic 
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characteristics, a language model undergoes 
training using a substantial corpus of commonly 
used language.
•	 Subsequently, the model is refined by training it 
on a specific corpus of job-related texts, allowing it 
to understand job-specific language patterns better.
•	 Lastly, the model undergoes an advanced 
fine-tuning process, incorporating objective 
classification of job-related entities.

Moreover, the previously proposed two 
effective strategies, namely slanted triangular 
studying rates and discriminative fine-tuning, 
to enhance the fine-tuning process of objective-
domain language models. Each neural network 
layer possesses distinct significance, with higher 
layers capturing semantic information and lower 
layers representing syntactic information. Hence, it 
is imperative to consider the unshared learning rate 
as the primary indicator of prejudicial fine-tuning. 
Ideally, the model can retain the knowledge acquired 
from the standard domain data while developing 
the latest features specific to the target domain. 
Additionally, the algorithm must exhibit rapid 
convergence towards an appropriate initial state 
during training, gradually refining the parameters. In 
pursuit of this objective, the proposal suggests using 
sloped triangular learning rates, characterized by a 
gradual initial increase followed by a subsequent 
linear decay. One main advantage of using a 
small learning rate is effectively preserving data 
in the pre-trained parameter. To address the issue 
of catastrophic forgetting, researchers proposed a 
gradual unfreezing approach known as the step-
by-step unfreezing mechanism. This involves 
unfreezing the pre-trained model, starting from the 
last layer and progressing gradually. Additionally, 
three new fine-tuning tactics were introduced, 
which have gained popularity in subsequent 
research. As a result of these advancements, 
ULMFit has demonstrated superior performance to 
the present state-of-the-art models across seven text 
classification tasks.

2.1.7.	XLNet

XLNet (eXtra Long Network) is a generalized 
autoregressive pretraining model for language 
understanding. It extends the Transformer-XL 
model and improves upon BERT by leveraging 
a permutation-based autoregressive approach 
to model word sequences. It allows XLNet to 

capture bidirectional context while maintaining the 
advantages of autoregressive models [50]. BERT 
is an autoencoding pre-training method connected 
to the latest autoregressive (AR) techniques used 
to calculate a text corpus’s probability distribution 
using autoregressive models such as GPT and 
ELMo. The primary goal of BERT is to rebuild 
the unique data from corrupted input. Given that 
the compactness approximation is excluded from 
the objective of the BERT model, it can readily 
leverage bidirectional contexts for reconstruction 
purposes. Furthermore, this analysis aims to 
provide a comprehensive examination of the 
observed advantages of this method compared to 
the most recent augmented reality (AR) techniques. 
Nevertheless, using Artificial representations, such 
as [MASK], has indicated a discrepancy between 
the pre-training and fine-tuning processes, leading 
toward a need for more consistency between the 
two. Moreover, the BERT model adheres to the 
notion that the predicted tokens are independent, 
potentially compromising its ability to effectively 
capture long-range, high-order dependencies 
prevalent in natural language. A pre-trained non-
specialized autoencoder (AE) strategy relies 
on transformer-xl to address such issues. This 
approach leverages bidirectional contexts to 
enhance the predictability of various factorization 
orders and surpasses the limitations of BERT 
through autoregressive preparation. Moreover, 
XLNet employs the permutation language 
modelling objective, combining the compensations 
of autoencoding and autoregressive approaches 
while mitigating their limitations [51].
		
2.1.8.	BERT

The language representation model Bidirectional 
Encoder Representations from Transformers 
(BERT), developed by Devlin et al.  [52], is 
designed to understand language by looking at both 
the left and right context of words in a sentence at 
the same time, making it more effective than earlier 
models [39, 44] that only considered one direction 
at a time. In the study, Devlin et al. [52] proposed 
a model founded upon a multilayer bi-directional 
transformer-encoder that serves as a contextualized 
word representation model. Unlike traditional 
sequential recurrence, this model employs parallel 
tending layers within the transformer neural 
network. The present model has undergone pre-
training on two unsupervised tasks: The proposed 
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approach involves utilizing a covered language 
model, wherein approximately 15% of the tokens 
are unsystematically replaced with a unique 
“[MASK]” token. The standard is then proficient 
to predict the masked tickets. Additionally, a 
subsequent sentence prediction (NSP) task is 
employed, wherein the model is presented with 
a set of sentences and trained to identify whether 
the second sentence logically follows the first. 
This second task aims to gather more information 
on enduring or practical aspects. BERT is trained 
on a corpus of a book and text paragraphs sourced 
from the English language Wikipedia. The corpus 
contains approximately eight hundred words. Two 
sizes are available for pre-trained BERT models, 
namely BERT-base and BERT-large. BERT can 
be employed by directly using the pre-trained 
model on unannotated data or fine-tuning it on 
task-specific data. The pre-existing anonymized 
model and accompanying code for fine-tuning 
can be accessed through online platforms. The 
user’s text needs more information to be rewritten 
academically. Numerous domain-specific iterations 
of BERT have undergone training or fine-tuning on 
text specific to a particular domain. Some examples 
of these iterations include: 

• BioBERT is a modification of the BERT model 
specifically adapted for biomedical script analysis 
[53]. Its architecture has been modified and pre-
trained using a large corpus of PubMed descriptions 
and PMC full-text snippets. The system is optimized 
for biomedical text mining tasks, including question 
answering, entity identification NER, and relation 
extraction. 

• ClinicalBERT is proficient in clinical text from 
the publicly available mimic-iii database, which 
contains about 2 million clinical notes [54]. The 
model was introduced to the following types of 
messages:
i.	 Clinical BERT
ii.	 Clinical bioBERT
iii.	 Discharge summary BERT
iv.	 Discharge summary bioBERT

• SciBERT proficiently uses an arbitrary sample 
of 1.14 million semantic scholar full-text papers. 
SciBERT is a model that undergoes unsupervised 
training on various scientific publications from 
various fields. This pre-training helps boost its 
effectiveness in handling scientific NLP tasks [55]. 

There are four forms of Seibert: 
i.	 The Cased (Both uppercase and lowercase 

vocabulary).
ii.	 The Uncased (Only lowercase vocabulary).
iii.	 Those models which are using BaseVocab. 
iv.	 Those models are models using SciVocab and 

are trained from scratch. 

2.1.9.	MorphoRNN

Using word n-grams enables more efficient 
exploitation of the complex internal semantics. 
However, English  is characterized by numerous 
meaningful affixes, including prefixes, roots, and 
suffixes. In a study, Sennrich et al. [56] introduced 
the concept of morphology to progress the learning 
process of word embeddings. A representation 
of the subword is obtained by training the fix 
with RNN. The embedding of the parent word is 
determined by considering all morphemes except 
those discussed by Xu and Liu [57], who focus 
on morphological aspects. RNN models linguistic 
units on a morpheme level instead of a word level. 
In their analysis, scholars consider the morpheme 
the fundamental natural language unit, conveying a 
unique vector to each morpheme for classification 
purposes. The embeddings of morphological texts 
are derived from the embeddings of their basic 
morphemes.  An additional parent word embedding 
is derived by combining a stem and affix embedding.

2.1.10. MWE

Multi-Word Expressions (MWEs) are fixed or semi-
fixed expressions that consist of multiple words 
but function as a single semantic unit [58]. Using 
word vector models to incorporate prior knowledge 
is a commonly employed technique for improving 
performance. The general practice represents a 
word’s suffix, root, and prefix as separate tokens. The 
objective of MWE is to use a stylized approach in 
conveying the combined significance of a suffix and 
a prefix [57]. The model has been constructed based 
on the hypothesis that all meanings of morphemes 
in a token have equal help to the given structure 
of tokens, denoted as w = {w1, w2, ..., wn}. We 
aim to determine the meanings for each morpheme, 
characterized as mi, for wi (where i ranges from 1 
to n). The term “mi” can be conceptually divided 
into three distinct components, namely “pi,” “ri,” 
and “si.” These components represent the prefix 
denoting a collection or set, the root indicating a 
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group or set in addition to the suffix signifying a 
set of “wi.” Hence, in cases where we serve as the 
contextual basis for wj, the altered representation 
of wi.

Furthermore, numerous studies focus on 
news at the sub-word (SW) level. In their research, 
Sennrich et al. [56] introduced the Byte Pair 
Encoding (BPE) approach, which involves merging 
frequently occurring neighbouring components 
within the subword to enhance word representation. 
Additionally, the authors demonstrated that their 
method outperformed alternative strategies in the 
milieu of neural machine translation tasks. Ustun et 
al. [59] introduced an enhanced logarithmic bilinear 
model (LBL) and emphasized its role in assigning 
morpheme labels. We have compared all pre-trained 
models in Table 1. The research demonstrated that 
this approach resulted in word embeddings that 
effectively preserved morphological interactions. 
Bian et al. [60] combined graphical and textual 
representations to enhance the effectiveness of word 
embeddings, demonstrating improvements through 
experiments involving word analogy, uniformity, 
and completion tasks. Their method employs a 
forward LSTM model to capture the prefix and 
root of a word and a reverse LSTM model to 
acquire the suffix and root, focusing on character-
level information within a word. Cao and Rei [61] 
introduced a char2vec model using a Bidirectional 
Long Short-Term Memory (Bi-LSTM) network to 

generate embeddings for fictional representations, 
succeeding in morpheme boundary recovery and 
syntactic analogy tasks. Regarding morpheme 
boundary recovery, the researchers demonstrated 
that their morphological exploration was like 
that of specialized morphological investigators. 
Additionally, their research performed well 
in answering syntactic analogies. Kim et al. 
[62] introduced a novel approach that utilizes 
Convolutional Neural Networks (CNN) with 
max pooling for word embeddings. They also 
demonstrated that their proposed model could 
reduce the number of variables while enhancing 
performance. 

2.2.  Visualization of Word Embeddings 

The newer word embedding techniques represent 
words in high-dimensional vector spaces, which 
allows them to learn subtle semantic relationships 
between words. The disadvantage of high-
dimensional embeddings is that they are difficult 
to interpret. In most cases, such embeddings must 
be projected in a 2D or 3D space to facilitate 
critical analysis and interpretation. Another 
popular method of word-embedding visualization 
is t-SNE, which projects the embeddings into a 
lower dimension while trying to preserve their 
local structure. It has effectively shown semantic 
clustering, making word-embedding models more 

Method Architecture Encoder Decoder Objective

Word2Vec NN No No Skip-gram and CBOW

GloVe Matrix factorization No No Global word-word co-occurrence Statistics

FastText NN No No Skip-gram and CBOW with sub-word information

ELMo LSTM Yes Yes Language modelling

CoVe LSTM Yes No Language modelling and word prediction

UMLFit NN No No Unsupervised machine learning of word embedding

XLNet Transformer Yes No Masked language modelling and next-sentence prediction

BERT Transformer Yes No Masked language modelling and next-sentence prediction

Morpho-RNN NN Yes No Language modelling with morphological information

MWE NN Yes No Language modelling with multi-word expression information

Table 1. Comparison of pre-trained models.
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interpretable since related words congregate in 
low-dimensional spaces [63]. The effectiveness of 
the visualization method in many studies conducted 
on the performance of various word embedding 
algorithms, such as t-SNE. For example, t-SNE 
has been useful in visualizations to show clear 
clusters of word embeddings emanating from 
models such as Word2Vec and FastText [64]. 
These visualizations display groups of semantically 
similar words, offering insights into the quality 
of representations learned by recent research 
conducted by Bandyopadhyay et al. [65] through 
embeddings used in natural language understanding 
tasks.

These visualization techniques have also 
helped compare word embeddings from a classic 
model and those taken out of more advanced deep 
learning architectures, such as transformers. The 
research by Robinson and Pierce-Hoffman [66] 
have shown the importance of visualising the 
contextualized embeddings that transformer models 
create, such as BERT, where t-SNE and PCA 
have been used to contrast semantic similarities 
and differences amongst word contexts. Such a 
method is useful in understanding how modern 
embedding techniques handle word polysemy 
and context-dependent meanings, giving the 
embeddings more interpretability for downstream 
applications. Similarly, word embedding 
visualizations have discovered significant findings 
in health on the relationship of medical terms with 
their contexts. Therefore, recent efforts leveraged 
visualization methods to analyze embeddings 
derived from electronic health record data that 
exposed meaningful semantic relationships, 
helping in predictive modelling and decision-
making processes [67]. The clustering patterns 
emerging from such visualizations have played an 
instrumental role in enhancing the interpretability 
of medical embeddings, particularly for identifying 
semantically related diagnostic phrases or treatment 
options.

Recent developments in embedding 
visualization have included MDS and UMAP, which 
are increasingly used with t-SNE for improved 
interpretability and scalability. These methods have 
showcased more intuitive visualizations of word 
embedding spaces, especially when dealing with 
large datasets or intricate models. Besides clustering 
words, they can also expose outliers, anomalies, 

and rare occurrences of words in embedding 
spaces, which gives further detailed insight into 
how different models represent such rare terms 
and contexts [68]. Word embedding visualization 
is an essential tool in embedding model analysis 
and interpretation, helping researchers further 
understand relationships and structures within 
data. Visualization techniques such as t-SNE, PCA, 
and UMAP remain vital in handling the quality 
of embeddings, especially in their evolution with 
sophisticated deep learning architectures. These 
visualizations allow intuition to more easily 
understand how embeddings encode semantic 
information of critical importance in developing 
natural language processing and beyond.

3.    HISTORY OF PRE-TRAINED MODELS

Pre-training has consistently been regarded as 
a highly effective methodology for acquiring 
knowledge about the variables within deep neural 
networks, which are refined through fine-tuning 
processes for downstream tasks [69]. The  year 
2006 witnessed a significant advancement in 
deep learning, as it saw the resurgence of the 
acquisitive layer-wise unsupervised pre-training 
technique, which was subsequently combined with 
supervised fine-tuning [70]. In computer vision, 
it is a common habit to initially train models on 
the extensive ImageNet dataset, followed by fine-
tuning on smaller datasets for specific tasks. This 
approach exhibits notable advantages compared to 
an unplanned initialization, as the model acquires 
comprehensive image features that can be leveraged 
across various vision-related tasks. In NLP, it has 
been demonstrated that Pre-trained Models (PTMs) 
trained on extensive corpora are helpful for multiple 
downstream NLP tasks, ranging from basic word 
embeddings to complex deep neural models.

3.1.  Abbreviations and Acronyms 

The practice of representative words as fixed-length 
vectors has a longstanding historical background. 
The concept of “modern” word embedding was first 
introduced in the ground-breaking research of neural 
network language models (NNLM). Collobert et al. 
[71] demonstrated that pre-trained word embeddings 
on unlabelled data can significantly enhance 
performance in NLP tasks. To tackle the issue of 
computational complexity, the researchers opted to 
train word embeddings using a pairwise top-ranking 

	 Advancements in Word Embeddings	 235



job rather than relying on language modelling. This 
study represents the initial endeavour to acquire 
universal word embeddings that can be utilized for 
various tasks using unannotated data. According 
to the findings presented by Mikolov et al. [72], it 
has been revealed that deep neural networks do not 
yield significant benefits in developing effective 
word embeddings. Skip-gram (SG) and Continuous 
bag-of-words (CBOW) models are two shallow 
Architectures proposed by the authors. Despite their 
simplicity, these methods can acquire high-quality 
word embeddings that capture the underlying 
syntactic and semantic similarities between words. 
Word2Vec is widely recognized as one of the 
most standard NLP model implementations. It 
facilitates the use of pre-trained word embeddings 
for multiple NLP tasks. Moreover, GloVe [32] 
is a popular model for gaining pre-trained word 
embeddings. These embeddings are derived from 
global word-word co-occurrence facts extracted 
from a corpus of considerable size. While pre-
trained word embeddings are valuable in NLP 
charges, they often lack context sensitivity and 
are primarily trained using shallow models. When 
employed in a subsequent project, the entirety of 
the classic must still be acquired anew. Numerous 
researchers also endeavour to acquire embeddings 
of textual elements such as reading materials, 
sentences, or reports during the concurrent time 
frame. Examples of these efforts include the 
utilization of paragraph vectors [73], skip-thought 
vectors [74], and context2vec [75]. In contrast to 
their contemporary counterparts, these rudimentary 
sentence embedding models aim to transform 
entered sentences into a vector representation of 
stable dimensions instead of generating contextual 
words for individual tokens.

3.2.	 Second-generation PTMs: Pre-trained 
Contextual Encoders 

Given that NLP endeavours extend outside the scope 
of individual words, it is customary to pre-train 
neural encoders at the sentence level or higher. The 
vectors produced by neural encoders, commonly 
called contextual word embeddings, modify the 
semantic representation of texts based on their 
surrounding perspective. The primary successful 
example of PTM for NLP was introduced by Dai 
and Le [76]. The authors employ a language model 
LM or a system autoencoder to digitize extended 
short-term memory networks LSTMs. They 

observe that pre-training can enhance the guidance 
process and improve the inductive reasoning 
capabilities of LSTMs in various text classification 
tasks. Liu et al. [77] conducted pre-training of a 
shared LSTM encoder using a language model LM 
and subsequently fine-tuned it within the multi-task 
learning MTL framework. The authors observed 
that incorporating pre-training and fine-tuning 
techniques can significantly enhance the enactment 
of MTL in various text classification tasks. Please 
provide more information or specify what you want 
me to rewrite academically. It has been observed 
that the performance of seq2seq models can be 
meaningfully enriched using unattended pre-
training [78]. The encoder and decoder weights 
are initialized using pre-trained weights from two 
language models. Subsequently, these weights are 
fine-tuned using tagged data.

Furthermore, the contextual encoder can 
be pre-trained with a language model (LM). In a 
study, McCann et al.  [47] utilized a pre-trained 
deep LSTM encoder derived from an attentional 
sequence-to-sequence model employed in machine 
translation (MT). The performance of various 
common NLP objectives can be enhanced by 
utilizing the context vectors (CoVe) generated by 
the pre-trained encoder. The contemporary post-
translational modifications (PTMs) have advanced 
significantly compared to their precursor PTMs. 
They now possess enhanced proficiency in handling 
extensive corpora, employ more robust and intricate 
architectures such as transformers, and engage in 
novel pre-training tasks.

The model proposed by Peters et al. [44] is a 
pre-trained two-layer LSTM encoder incorporating 
a bidirectional language model (BiLM). This 
BiLM comprises both a forward language model 
and a reversed language model. The contextual 
representations generated by the Pre-trained BiLM, 
ELMo (embeddings from language models), have 
yielded significant improvements across diverse 
NLP tasks. Please provide more information or 
specify what you want me to rewrite academically. 
The word meaning was determined using contextual 
string embeddings pre-trained with a character-
level language model [79]. However, these two pre-
trained models (PTMs) are commonly employed 
as feature extractors to generate contextual word 
embeddings. These embeddings are then utilized as 
input for the primary model in downstream tasks. 
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The variables in question are held constant, while 
the previous model’s remaining variables continue 
to be trained from the beginning. The ULMFit 
(universal language model fine-tuning) approach, 
as described by Howard and Ruder in [39], aimed 
to fine-tune a pre-trained language model (LM) for 
the task of text classification (TC). This method 
achieved state-of-the-art results on six commonly 
used TC datasets. The ULM-fit methodology 
comprises three distinct phases: (i) initial training 
of the language model (LM) using common-
domain data; (ii) subsequent fine-tuning of the 
LM using target-specific data; and (iii) further 
fine-tuning of the LM on the specific target task. 
ULMFit additionally incorporates several valuable 
techniques for fine-tuning, namely prejudicial fine-
tuning, sloped triangular learning rates, and step-
by-step releasing.

Lately, there has been a growing recognition 
of the significant capabilities of deep pre-trained 
models (PTMs) in acquiring universal language 
representations. Prominent examples include 
OpenAI GPT (generative pre-training) and BERT 
(bidirectional encoder representation from the 
transformer). Additionally, there is a rising trend 
of introducing a greater variety of self-supervised 
tasks to enhance the acquaintance acquisition of 
these pre-trained models from vast text corpora. 
Following the emergence of ULMFit and BERT, 
fine-tuning has emerged as the prevailing method 
for adapting pre-trained models to suit downstream 
tasks. 

4.    CROSS-LINGUAL WORD EMBEDDINGS

When observing the presence of various languages, 
it becomes evident that approximately seven 
thousand languages are currently in use. However, 
it is essential to note that only a limited number 
of languages possess abundant human-interpreted 
resources. The task at hand involves acquiring 
cross-lingual shift learning of word embeddings. 
We employ a model trained on languages with great 
linguistic resources to accomplish this. This model 
then maps the input embeddings of languages 
with limited resources onto a joint semantic space. 
These embeddings are commonly referred to as 
cross-lingual word embeddings [80]. Founded on 
the classification of monolingual embeddings, 
cross-lingual embedding learning approaches can 
be categorized as dynamic or static. The static 

method has received considerable attention in 
recent studies, while numerous studies are currently 
investigating the active process. Additionally, these 
approaches can be categorized into offline and 
online categories based on the training objective. 
In general, online strategies aim to optimize cross-
lingual and monolingual objectives simultaneously. 
Conversely, offline methods involve utilizing 
pre-trained monolingual word embeddings from 
different languages as involvement and mapping 
them into a shared semantic space [81]. As a survey 
by Ruder et al. [80] noted, most cross-lingual word 
embedding models are optimized using similar 
objective functions, and differences in performance 
often stem from data requirements rather than 
architecture.

4.1.	 Static Cross‐lingual Word Embeddings

When examining still embeddings, it is observed 
that specific methods involve learning language 
models for both objective and source languages. 
These methods then collectively enhance their 
respective objectives by utilizing cross-lingual 
goals. An approach was proposed by Klementiev et 
al. [82] to acquire bilingual word embeddings and 
word alignments simultaneously. Subsequently, 
using the monolingual skip-gram model, the 
researchers endeavoured to develop proficiency in 
bilingual embeddings, encompassing both sentence 
and word-level alignments. The model proposed by 
Lample and Conneau [83] aims to acquire bilingual 
embeddings that enhance the semantic coherence 
of sentence pairs with a specific orientation. 

Guan et al. [84] proposed a methodology for 
leveraging document-aligned similar corpora to 
acquire bilingual embeddings. The absorption of 
two aligned documents made this into a pseudo-
bilingual paper, which was then used to train a 
skip-gram model. Offline methods involve learning 
a projection that facilitates the transformation of 
the source language’s vector space to the target 
language’s vector space. The acquisition of such 
a matrix can be achieved through a supervised 
approach, wherein the objective is to minimize the 
squared Euclidean distance, also known as the Mean 
Squared Error (MSE), between the target word 
embedding of a translated word and the converted 
source word embedding. The matrix can typically 
be acquired by replacing the mean squared error 
with a max-margin hinge loss or by employing 
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singular value decomposition. Bengio et al. [85] 
have introduced an alternative approach for aligning 
word embeddings in target and source languages. 
This method utilizes canonical correlation analysis 
(CCA) to project the embeddings onto a shared 
space. The researchers discovered that incorporating 
cross-lingual embeddings into dependency analysis 
and comprehensive supplementary features such 
as lexical characteristics and word clusters yielded 
significant performance improvements. The authors 
extended their research efforts and incorporated 
nonlinearity into the mapping procedure.

In addition to supervised approaches to 
cross-lingual embedding learning, unsupervised 
methods have also resigned promising outcomes. 
The initial step involved constructing a bilingual 
dictionary using adversarial learning techniques, 
as described by Radford et al. [86]. Subsequently, 
bilingual embeddings were generated, along with a 
modification approach. In another study, Peters et 
al. [44] introduced a similar framework that adopts 
a two-step approach for acquiring multilingual 
embeddings. Notably, this framework considers the 
interdependencies among numerous languages, a 
factor that previous research needs to consider. To 
address the challenges associated with uncertainty 
in acquiring cross-lingual embeddings for reserved 
language sets, Wang et al. [87] introduced a 
resilient framework. This framework enables 
learning a common multilingual embedding space 
by iteratively incorporating additional languages 
into the existing space.

4.2.	 Dynamic Cross‐lingual Word Embeddings

Many researchers have explored and shared their 
findings and studies on dynamic word embeddings 
with cross-lingual transfer, drawing inspiration 
from the significant advancements made in active 
word embeddings for monolingual applications. In 
a study, one of the online approaches examined by 
Akbik et al. [79] focuses on ELMo, a model that 
heavily on which it heavily relies. This approach 
aims to create a polyglot model that captures 
character-level information from multilingual data 
to generate relative representations. Lample and 
Conneau [83] primarily centred on BERT and its 
objectives, explicitly examining the utilization 
of cross-lingual supervision from parallel data 
to investigate cross-lingual language models 
(XMLS). This approach yielded highly favourable 

results on various cross-lingual tasks, establishing 
a new benchmark in the field. Subsequently, the 
researchers demonstrated that large-scale pre-
trained multilingual language models significantly 
improved evaluating cross-lingual transfer tasks. It 
highlights the potential of multilingual modelling, 
excluding compromising the evaluation of 
individual language-specific outcomes.

In contrast, offline methodologies 
have employed linear projection to generate 
contextualized pre-trained embeddings [60]. The 
approach used in our study involved utilizing 
averaged contextualized embeddings as a reference 
point for individual words and acquiring knowledge 
of the shift matrix within the reference space. 
Wang et al. [87] introduced a method for directly 
acquiring this transformation within the given 
context, preserving word sense in cross-lingual 
dynamic embeddings. McCann et al. [47] evaluated 
current methods for dynamic cross-lingual 
embeddings and demonstrated their significant 
potential in enhancing cross-lingual dependency 
parsing. Additionally, they have shown that online 
methodologies exhibit superior encoding of cross-
lingual lexical correspondence compared to offline 
techniques.

4.3.	 Multilingual Word Embeddings

In addition to the practice of transferring 
embedding models from resource-rich to low-
resource languages through a plan, there have also 
been efforts to train embedding models in multiple 
languages simultaneously. In their study, Bengio et 
al. [85] introduced a novel language model called 
multi-BERT. This model was trained on a collection 
of mono-lingual Wikipedia corpora from a total 
of 104 languages. Notably, the model exhibited 
exceptional performance in zero-shot cross-
lingual model shifts. The researchers demonstrated 
through a diverse set of investigative experiments 
that the multi-BERT model possesses the ability 
to seamlessly transition between languages, even 
in the absence of any explicit lexical cues. It is 
achieved by effectively capturing and understanding 
multilingual contexts.

In addition, Wag et al. [88] investigated the 
multi-BERT model’s generalisation ability. They 
devised an alternative method for transferring 
lexical information from a monolingual model 
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to new languages. The outcome challenges the 
prevailing notion that multi-BERT exhibits strong 
generalization capabilities due to its utilization of 
a shared sub-word vocabulary and simultaneous 
training across multiple languages. In contrast, it 
was suggested that the monolingual representations 
should acquire abstract concepts that can be applied 
to various languages. 

5.	 EMBEDDING FOR OUT-OF-
VOCABULARY WORDS

The word2vec model is known for its simplicity 
and efficiency in learning semantic representations 
of words from large data files [89]. However, 
it has limitations in learning embeddings for 
OOV texts. OOV words can be categorized into 
terms not in the open vocabulary and words not 
encountered in the current corpus [90]. OOV texts 
can be broadly classified into three forms. (i) The 
dynamic lexicon, precisely online terminology, is 
developing continuously. (ii) Proper names refer 
to specific entities such as geographical locations, 
organizations, individuals, automated expressions, 
and temporal references. (iii) Investigating the 
Terminology of Research Fields and Professional 
Titles. In academic discourse, various terminologies 
encompass elements, such as the titles of literary 
works or newly created artistic pieces, including 
documentaries or novels. In most instances, 
expanding one’s vocabulary is the optimal 
approach. In addition to linguistic processing, there 
is an expansion of vocabulary, enabling us to delve 
into the realm of OOV words, particularly those 
that fall within the extensive range of less favoured 
components. Words that are often unfamiliar are 
typically ignored, removed, or replaced with an 
‘unknown’ tag (UNK), which is an insufficient 
solution. Addressing the challenges posed by OOV 
words is crucial. Recently, various neural network-
based models, such as FastText, MorphoRNN, and 
MWE, have been developed to tackle this issue 
effectively. 

6.	 DATASETS AND EVALUATION 
FRAMEWORKS

The measurement assessment system for current 
word embeddings can be categorized based on 
intrinsic and extrinsic evaluation. However, these 
evaluation approaches have faced extensive 
criticism in the existing literature. In this fragment, 

we present a brief overview of the two types of 
evaluations discussed in the previous quarter 
and direct readers to recent research studies for a 
thorough explanation and analysis.

6.1.	 Intrinsic Evaluation

Intrinsic evaluations establish relationships between 
words by assessing  their syntactic or semantic 
properties, relying on artificial assessments as a 
basis. Through careful observation of the methods 
employed to acquire these assessments, it is possible 
to categorize such approaches into two distinct 
types: absolute and relative intrinsic evaluation. 
In the initial category, the individual reviews 
are gathered before  victimization, serving as a 
reference point for word embedding methodologies. 
In intrinsic evaluation, the comparative approach 
uses  accessors to assess word embeddings 
candidly  grounded on their performance in an 
exact word relation objective or charge [91]. Due 
to its independence from human involvement or 
interaction, the absolute form of intrinsic evaluation 
is frequently employed alongside comparative 
inherent evaluation. In the following section, we will 
briefly introduce several well-known assessment 
techniques. The method used for assessing semantic 
similarity, known as similarity checking, is widely 
utilized due to its effectiveness in determining the 
relationship between word distances in human 
heuristic judgments and embedding space. The 
test sets commonly employed in current research 
include WordSim-353 [92], Mammals, Entities, 
Natural kinds (MEN) [93], and SimVerb-3500 [94].

The word analogy technique has gained 
significant recognition due to its integration with the 
well-known CBOW and Skip-gram representations. 
In this context, the embeddings of three words, w, 
x, and y, are employed to forecast the word z. The 
objective is to identify z in a manner that maintains 
the exact relationship between w and x as y and z. 
As an illustration, let us consider the scenario where 
w represents Pakistan, b represents Islamabad, and 
c represents India. In this case, d would correspond 
to Delhi. Prominent examples of trial sets of this 
nature include the WordRep, Microsoft Research 
Syntactic Analogies Dataset, and Google Analogy 
[95]. The synonym detection technique assesses 
the capacity of embeddings to accurately identify 
the most similar word to a given word from a pool 
of candidates. When considering a specific goal 

	 Advancements in Word Embeddings	 239



word, such as “levied,” one must select among 
options such as “imposed” (correct), “believed,” 
“requested,” and “correlated.” The datasets that 
could be utilized in this methodology encompass 
the Test of English as a Foreign Language (TOEFL), 
English as a Second Language (ESL), and Reading 
and Writing for Academic Purposes (RDWP) [96].

The word embedding space in the concept 
categorization technique is evaluated  through 
clustering. This task categorizes a  set of specific 
terms into distinct subsets. For instance, the 
words “goat” and “dog” will be classified under 
the mammal category, while “oranges” and 
“grapes” will be categorized as fruits [97]. The 
identification of verb-noun pairs in textual data is 
facilitated by utilizing  a technique known as the 
Sectional Preference method. Commonly used 
word embeddings can identify verb-noun pairs in 
which the noun is the subject or object of the verb. 
For example, the noun “humanity” is often used as 
the subject instead of the object of the verb “serve.” 
Greenberg, Sayeed and Danberg (GDS) [98], and 
Ulrike and Pado (UP) [99] are commonly employed 
lexical sets.

6.2.	 Extrinsic Evaluation

Word embeddings are used as feedback for 
downstream tasks and to measure the influence 
of these tasks using specific metrics in extrinsic 
evaluations. Word embeddings have demonstrated 
significant applicability across various functions in 
the NLP domain. These embeddings can be utilized 
for multiple parts, as perceiving all such tasks as 
non-essential assessments is theoretically possible. 
One category of downstream tasks within this field 
encompasses language modelling, named entity 
recognition, POS tagging,  chunking, machine 
reading comprehension, sentiment analysis, 
semantic role labelling, dependency parsing, 
machine translation, and natural language inference 
[100]. The assumption inherent in these non-
essential evaluations is that word embeddings that 
yield positive results in one task will also deliver 
positive results in other studies. This assumption 
has been extensively explored and analyzed in the 
existing literature. Empirical observations have 
provided evidence that distinct NLP tasks prefer 
specific embeddings. Therefore, although extrinsic 
evaluations can help compare embeddings about 
a particular mission or objective, they are not 

mentioned as metrics for the overall review of word 
embeddings’ excellence.

7.    CONCLUSIONS 

In this review, we reflect upon the evolution and 
impact of word embeddings within the domain of 
NLP. Word embeddings have formed a crucial basis 
for carrying out manifold tasks in NLP and have 
revolutionized the way text is represented; hence, 
semantic understanding has proficiently been 
achieved. Through such a detailed critical analysis, 
we have showcased their relative strengths and 
limitations while considering a host of various NLP 
tasks, including but not limited to sentiment analyses 
and machine translations. The paper has critically 
discussed the evolution of word embeddings from 
static to contextual, from the traditional Word2Vec 
and GloVe models to more advanced BERT and 
ELMo models.

Such a comparison highlights the advantages 
of contextualized embeddings well, which even 
pushed the limit of word representation further 
by incorporating dynamic context and improving 
performance on downstream tasks. However, just 
like any other machine learning model, embedding 
biases, capturing long-range dependencies, and 
inefficiency with out-of-vocabulary words remain 
critical points of concern that continue to drive 
research and innovation.

We also reviewed some applications of cross-
lingual embedding and why multilingual models 
contribute to more effective language transfer and 
alignment across diverse languages. The emergent 
techniques for handling OOV words, dynamically 
changing embeddings, and domain-specific models 
have opened new vistas for applying NLP, further 
showcasing versatility and scalability.

Overall, word embeddings have given an 
effective way of encoding semantic information 
that furthers NLP. However, much research still 
needs to be carried out regarding critical challenges, 
such as bias, generalization toward poor-resource 
languages, and handling linguistic complexities. 
Ongoing developments of more sophisticated 
models and hybrid approaches are bound to shape 
the future of NLP, enabling highly accurate and 
meaningful language understanding in and out of 
general and specialist contexts. 
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Abstract: The current study investigates the extraction of dyestuff using citrus fruits and assesses its color, light, rubbing, 
and perspiration fastness. For the experimental study, three types of citrus fruits—orange, lemon, and grapefruit—were 
chosen to extract dye from their peels. The dye was applied to two types of fabrics (100% cotton and a blended fabric 
made of polyester-cotton (PC) with a ratio of 50:50) using the conventional aqueous method. The results revealed the 
remarkable efficacy of orange dye on both fabric types, demonstrating excellent color fastness attributes, with a minor 
preference for PC fabric in washing fastness. In contrast, lemon dye displayed better washing fastness properties on 
the tested materials as well as considerable staining potential. Grapefruit dye performed exceptionally well in terms of 
water and perspiration fastness. Future research could focus on improving dye extraction techniques for citrus fruits to 
increase color absorption and penetration. Determining various solvents, time duration for dyeing, and temperature 
settings could enhance the dyeing performance and effectiveness of natural dyes in different industrial applications. 
Further studies could also conduct life cycle assessments to measure the environmental impact of using citrus peels as 
a natural dye source compared to synthetic dyes in the textile industry. 

Keywords: Color Fastness, Staining Tests, Agricultural Waste, Citrus Fruits, Natural Dyeing, Textile Sustainability.

1.	 INTRODUCTION

Nature, without which life would be dull, is 
completely charming and attractive with its 
beautiful colors. Color provides us with a unique 
perception and understanding of how a particular 
object exhibits or reflects light. The use of these 
colors as dye is an ancient art form that predates 
written records. It was used as far back as the Bronze 
Age, where the methods of dyeing involved placing 
flowers on cloth and rubbing the pigments onto the 
surface of fabrics [1]. Some historical dyes included 
madder, a red-colored dye obtained from Rubia 
tinctorum, indigo derived from indigo leaves, and 
yellow extracted from saffron [2]. However, with 
the development of artificial dyes, the tradition of 
using natural materials to extract dye significantly 
decreased, especially after the discovery of the 
first synthetic dye, mauveine, by William Perkin in 
1856. Synthetic dyes were cheaper to produce and 
available in a wider range of shades. As a result, 
at the start of the 20th century, natural dyes had 
been practically removed because of the low-cost 

artificial dyes and their availability [3]. Synthetic 
dyes are predominantly used in the fabric industry 
for silk, cotton, wool, nylon, and leather. However, 
due to the toxic effects of chemical dyes, their unsafe 
behavior for humans as well as for the environment 
revived interest in the use of natural dyestuff 
[4]. In contrast, natural dyes are considered an 
environment-friendly source compared to synthetic 
dyestuff, as these are extracted from renewable 
means such as plants, insects, herbs, and minerals 
instead of petrochemicals. This encourages the 
preservation of natural resources and lowers the 
carbon footprint connected to the manufacture of 
textiles [5].

Natural dyes extracted from plants and 
minerals have long been used by rural communities 
in textile and clothing production. This practice not 
only helps them to produce high-quality products 
but also ensures the safety of the environment [6, 
7]. However, it was a challenging task to obtain 
bright and durable colors. The manufacturing of 
synthetic dyes in textile and garment industries 



has greatly affected the surrounding environment. 
In contrast, natural dyes are considered as safer 
for our surrounding atmosphere and benefit the 
physical and mental health of all those involved 
in its production process [8]. Natural dyes are 
primarily obtained from plants such as madder, 
indigo, turmeric, henna, and saffron; insects like 
sepia, kermes, cochineal beetles, and lac; and 
minerals such as malachite, cinnabar, ferrous 
sulfate, ochre, lapis lazuli, and clay, without any 
chemical treatment [9]. In addition to these, many 
fruits are also used for the extraction of textile dyes 
that have permanent colorfastness properties, such 
as pomegranate, berries, most citrus fruits, and 
stone fruits.

Citrus fruits belong to the family Rutaceous 
with different forms and sizes such as oranges, 
citrons, grapefruits, mandarins, lemons, and limes. 
Furthermore, they have been used as a conventional 
herbal medicine in various Asian countries like 
China, Japan, and Korea [10]. Additionally, citrus 
fruits are a great source of natural dyes from which 
the dye is extracted and applied to fabrics thus 
protecting the environment from harmful chemicals 
and other substances. Oranges are a highly favored 
fruit and are harvested by more than one hundred 
million each year worldwide. The orange peel 
constitutes around 20-30% of the overall weight 
of the orange, making it a plentiful, affordable, and 
easily accessible source of biomass [11]. The peel 
of the orange comprises cellulose, hemicellulose, 
volatile essential oils, carotenoids, lignin, and 
phenolic components [12]. The dye extracted from 
the peels of the orange was used for dyeing many 
fabrics [13]. Lemons hold agronomic significance 
due to their versatile use as an ingredient in cooking. 
To make maximum use of its peel as a plentiful 
agricultural waste can be extracted as a great source 
of natural dyes used for textiles [14]. Grapefruit, in 
all tropical and subtropical regions of the world, is 
planted with almost 4 million metric tons of annual 
production [15]. It comprises many water-soluble 
and insoluble polymers and monomers [16, 17]. 

Additionally, waste peels of grapefruits are also 
useful for making sustainable dyestuff for coloring 
fabrics. 

In the present study, natural  dyes   
were extracted from peels of citrus fruits to improve 
color fastness, brightness, and dyeing effectiveness. 
The purpose is to develop an eco-friendly dyestuff 
that helps to reduce the negative impact of synthetic 
dyes used in the textile industry. Although some 
previous studies [18] have investigated multiple 
benefits of using natural dyes, there are certain 
challenges in improving their color fastness, 
efficiency, and performance. This study intends to 
fill this gap by identifying the unexplored potential 
of citrus fruits as a sustainable natural dying 
ingredient that can help reduce the environmental 
footprint.

2.    MATERIALS AND METHODS 

The experimental study was conducted at the 
Dyeing and Finishing Unit of Nishat Mills Pvt. 
Ltd. Three citrus fruits such as orange, lemon, 
and grapefruit were taken to extract the dye from 
their peels. The concentration of mordant, dyeing 
temperature, and time were determined using the 
conventional aqueous method.

The citrus fruits were collected from the local 
market. These were then washed gently using tap 
water and their peels were removed carefully. 
The peels were then sundried for 3 to 4 days. 
After complete drying, the peels were ground into 
powder using an electric beater. Subsequently, 
100 g peels of orange, lemon, and grapefruit were 
taken in separate containers with 500 ml water.  
The extraction of dye was achieved by boiling 
the mixture at 80 °C for 1 hour. Then the mixture 
was cooled down and filtered; the dye extraction 
process is shown in Figure 1.  Fabric samples for 
dye application were also collected from Nishat 
Mills. The specifications of these samples are given 
in Table 1.

Sample code Fabric type Thread count Weave type Mass (gm)

A Cotton -100% 110 × 90 Plain 125

B Polyester / Cotton Blend (50:50) 76 × 68 Plain 190

Table 1. Construction parameters of samples.
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The mordant used in this research was copper 
sulfate. It has been extensively used as a mordant 
during the dyeing process of cellulosic-based fibers 
such as cotton and cotton-polyester blends [19, 20]. 
It can significantly enhance the bonding of dye 
with the fiber thus increasing the color fastness to 
water, light, and washing. Moreover, copper sulfate 
also induces luster and depth to the dyed fabric to 
develop vibrant shades, as natural fibers tend to 
fade quickly. An adequate wastewater system was 
implemented to ensure its proper disposal to prevent 
environmental degradation. Both types of fabrics 
were pretreated using a mild detergent to remove 
the impurities that may affect dye penetration. 20 
grams of CuSO4 per liter was used. The pretreated 
fabric was immersed in the prepared mordant 
solution and simmered at 80 °C for approximately 
45 minutes. A ratio of 1:20 was maintained between 
the fabric and the dye to ensure even dyeing.

The fabric samples were passed through the 
padding machine where the machine parameters 
were carefully controlled. The pressure was set to 
1.5 bar which ensured maximum dye penetration. 
The speed of the machine was set at 7 rounds 
per minute. The pick-up rate of 80% was kept 
throughout the whole process to ensure complete 
saturation of each sample in a dye bath. The extra 
dye liquor was squeezed off and each sample was 
dried separately in a drying chamber at 130 °C for 2 
minutes. The samples were then washed thoroughly 
to remove any excessive dye or other impurities 
from the surface.

Before testing the fabric, samples were 
conditioned at 65% ± 5 relative humidity and a 

standard temperature of 20 °C for approximately 
24 hours following the guidelines of ISO 139:2005 
[21] The fastness of the fabrics against acid 
perspiration (sweat) was tested using the AATCC 
15: 2002 [22]. Specimen with the dimension of 60.3 
mm × 60.3 mm was cut from each type of fabric. It 
was weighed on a weighing scale to record the dry 
weight of the specimen. A specimen was soaked in 
the test solution for 30 minutes and occasionally 
squeezed. After half an hour, it was removed from 
the solution, passed through the wringer, and 
reweighed. To start the test, the plexiglass plates 
were placed in the perspiration tester along with 
the specimen/multi-fiber strips uniformly spread 
between 21 plates. 8.0 lb. weight was applied on 
top making a total of 10.0 lb. under the pressure 
plate. It was then locked, and the weight was 
removed. Specimens in the oven were preheated 
at 37 °C for 6 hours. The multifiber strip from the 
fabric was separated and placed in a conditioning 
atmosphere overnight. The color change grade was 
noted against each grey scale for each of the tested 
specimens.

The fastness test against alkaline perspiration 
was conducted according to the ISO-E04:2013 
[23]. A specimen measuring 40 mm × 100 mm is 
sewn with the shorter side of the multifiber adjacent 
fabric also measuring 40 mm × 100 mm. Then the 
specimen was soaked in an alkaline solution of 
pH 8 (±0.2) with a liquor ratio of 50:1 at room 
temperature for half an hour. It was pressed from 
time to time to remove excess water. The specimen 
was placed between two glass plates under a nominal 
pressure of 12 kPa and placed in a tester to preheat. 
Using the same method, the test specimen was wet 

Fig. 1. Process of dye extraction using fruit peels.
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in the acid-based solution at a pH of 5.5 and then 
tested in a pre-heated testing oven.  Specimen was 
placed in it for 4 hours at 37 °C, aligning it so that 
the specimens were either in vertical or horizontal 
direction. A specimen was opened out removing the 
stitching except at one of the short sides and dried 
it at a temperature of 60 °C, with only two parts 
in contact at the line of stitching. The change in 
color and shade of each of the tested specimen and 
the staining on the adjacent fabric swatches were 
assessed against grey scales.

The light fastness test was performed by 
AATCC Lightfastness Standard 16: 2004 [24]. The 
fabric was cut at least 70.0 mm × 120.0 mm while 
the exposing area was only 30 mm × 30 mm. The 
fabric was then exposed for 20 operating hours 
at the standardized temperature and humidity. 
Measured the exposed standard specimen, either 
visual comparison (if the changed color equaled the 
Xenon Reference Fabric of Fade in 20 continuous 
light-on operating hours then the test equipment 
was maintaining the correct temperature) or 
Instrumental Color Measurement (If the exposed 
standard specimen equaled 20 ± 1.7 CIELAB 
units of color change in 20 ± 2 continuous light-
on operating hours, the test machine was providing 
the correct temperature).  If the exposed Reference 
Fabric differed through visual inspection or 
instrument testing, after 20 light-on operating hours, 
it was a sign that temperature sensing units within 
the test chamber were not responding accurately 
and need readjustments.

Two fabric pieces of 50 mm × 140 mm 
were used for rubbing in dry and wet conditions. 
The specimen was tested according to ISO 105-
X12:2016 [25]. The conditioned rubbing cloth was 
placed flat over the end of the finger with the weave 
parallel to the direction of the rubbing finger. At a 
rate of one cycle per second, rubbing was made in 
to and fro in a straight line for 20 times, 10 times to 
and 10 times fro, along a track of 104 mm long on 
dry specimen, with the downwards force of 9 N. Any 
unnecessary fibrous or other material was detached 
before evaluation, that might impact the results. 
Rubbing cloth was conditioned and thoroughly 
soaked in distilled water and reweighed to ensure 
take-up of 95% to 100%. The procedure was 
similar to that used for dry rubbing. The specimen 
was then air dried. Each test cloth was backed with 
three layers of rubbing cloth in white color while 

measuring the fastness. The gray scale was used to 
assess the staining of cotton. The numerical rating 
of each of the tested specimens was made against a 
grey scale.

The fabrics were evaluated for their color 
against water [26]. A specimen of (60 ± 2) mm × (60 
± 2) was cut using a template. It was then immersed 
in a prepared test solution for an hour and squeezed 
between the rollers to remove excess liquor. The 
process was repeated to achieve thorough wetting. 
The specimen was placed in a perspiration tester 
with a pressure of 9.9 lb. The heat was provided at 
38 °C for 18 hours in an oven. It was then removed 
and dried at room temperature. It was evaluated for 
its color change against the grayscale.

The fabrics were evaluated for their color 
against washing [27]. A specimen (50 × 100 ± 2 mm) 
was cut using a template. The laundering machine 
was adjusted according to the instructions given in 
the test procedure. The specimen was immersed in 
a standardized washing solution. It was placed in a 
canister that was sealed and agitated in the washing 
solution for half an hour at 40 °C. After thorough 
agitation, the specimen was rinsed to remove any 
excess liquor and dried at room temperature. It 
was also evaluated for its color change against the 
grayscale.

3.    RESULTS AND DISCUSSION

Three types of dyestuff extracted from orange, 
lemon and grapefruits were tested on cotton and a 
blend of Polyester and Cotton (PC) using copper 
sulfate as a pre-mordanting technique. The resulting 
color of the dyes is given in Figure 2. The tests for 
color fastness by washing, perspiration, rubbing 
(wet and dry), and light fastness, were performed 
on cotton (A) and PC (B) fabrics. The results are 
shown in Table 2.

Table 2 depicts that the orange dye exhibited 
poor washing fastness properties on cotton fabric, 
but its performance was slightly improved on PC 
fabric. One of the possible reasons is that cotton, 
being a natural fabric, tends to retain water, 
potentially leading to dye bleeding due to weaker 
chemical bonds. In contrast, PC fabric, being 
synthetic, is less absorbent and possesses stronger 
chemical bonds, contributing to its resistance 
to fading. A study showed that a blend of cotton 
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and polyester had better dyeability compared with 
100% cotton fabrics when dyed using henna and 
onion against wash fastness, light fastness, acid, 
and alkali perspiration [28]. Notably, other fastness 
properties such as light fastness, rubbing fastness, 
and perspiration showed good results for the orange 
dye on both tested fabrics.

On the other hand, the results of lemon dye 
on both cotton and PC fabric showed good color 
fastnesses against rubbing, light fastness, and 
perspiration tests except for washing fastness. This 
was attributed to the dye’s inability to form a strong 
bond with the fibers or its poor affinity for the cloth. 
Conversely, the study investigated the fastness 
and staining properties of grapefruit dye on both 
fabrics. The results showed that this dye had good 
color fastness properties against perspiration and 
water tests but had poor washing fastness properties 
for both fabrics. The obtained data showed that the 
orange dye had excellent results than dyes extracted 
from lemon and grapefruit.  Furthermore, PC fabric 
presented better dye intake than cotton fabric due to 
its stronger chemical bond.

Figure 3 elucidates the comparison between 
samples A and B with the contrast between orange, 
lemon, and grapefruit dyes for the fastness tests 
of washing, light, rubbing, and perspiration. A 
descriptive analysis was made among different fruit 
peels used to extract dye for their colorfastness. 
The maximum and minimum range for each of the 
scores was determined and the results are depicted 
in Table 3.

Table 4 shows that the staining tests for the 
orange dye had good to excellent properties and can 
be used in a wide range of fabrics and other textile 
applications. The staining results, on the other 
hand, showed that the lemon dye could be applied 
to many fabrics with minimal variations in staining 
capability. The staining potential of grapefruit was 
moderate for all samples except for cotton in acid 
perspiration. Figure 4 elucidates the comparison 
between samples A and B with the contrast between 
orange, lemon, and grapefruit dyes for the staining 
tests along with standardized fabrics.

Fig. 2. Fabric dyed with orange, lemon, and grapefruit.

Sample Dyestuff Washing 
fastness Water Light

fastness

Rubbing 
fastness

Perspiration
fastness

Dry Wet Acid Alkali

A Orange 1-2 4 4 4 4 4 4

B Orange 1 4 4 4 3-4 4 4

A Lemon 0 4 4 4 3-4 4 4

B Lemon 0 4 4 4 3 4 4

A Grapefruit 0 4 3 4 3 4 4

B Grapefruit 0 4 4 4 3 4 4

Table 2. Colorfastness of fabrics for each dye.
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A previous study by Li et al. [29] has 
investigated that the cotton fabric dyed with an 
orange peel has low rubbing fastness properties 
both in dry and wet conditions against tannic acid 
used as a mordant. Another research by Taura et al. 
[8], in which cotton was dyed with an orange peel 
dye using NaOH mordant indicated that rubbing 
and sunlight had no significant effect on cotton 
fabric, but washing had increased the paleness in the 
overall color of the fabric. To achieve good fastness 
properties especially wash fastness future studies 
can be conducted by using NaOH and Tannic acid 
as mordant as they proved good mordant in the 
fixation of dye. A descriptive analysis was made 
among different fruit peels used to extract dye for 
their staining test. The maximum and minimum 
range for each of the peel are presented in Table 5. 
Compared to the synthetic dyes, natural dyes are 
eco-friendly, sustainable, non-toxic, biodegradable, 
and non-allergic when treated with turmeric and 
neem dye solutions [30]. Suri et al. [31] investigated 
the benefits of citrus fruit waste, highlighting their 
potential for recovering bioactive compounds, 
pectin, biofuels, essential oils, dyes, and micro and 
macro-nutrients.  Devi and Saini [32] have also 
highlighted the application of an orange peel in 
textile industry, using it as a source of natural dye, 
waste absorbent, antimicrobial agent, mosquito 
repellent, sustainable fiber, and perfume retention 
agent. Taura et al. [8] have reported that orange 

Fig. 3. Comparison of colorfastness of dye.

Peels Orange Lemon Grapefruit

Range Max Min Max Min Max Min

Fabrics A B A B A B

Washing 1-2 1 0 0 0 0

Water 4 4 4 4 4 4

Light 4 4 4 4 4 3

Rubbing
(dry condition) 4 4 4 4 4 4

Rubbing
(wet condition) 4 3-4 3-4 3 3 3

Perspiration
(in acid) 4 4 4 4 4 4

Perspiration
(in alkali) 4 4 4 4 4 4

Table 3. Statistical analysis of colorfast test.

Orange Lemon Grapefruit

Fabrics Wash Water *ALKP **ACIP Wash Water ALKP ACIP Wash Water ALKP ACIP

A B A B A B A B A B A B A B A B A B A B A B A B

Acetate
4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

Cotton 4 4 4
3
-
4

4 4 4 4 4 4
4
-
5

4
-
5

4
4
-
5

4
4
-
5

4 4 4 4 4 4
3
-
4

4

Nylon
4
-
5

4
-
5

4
-
5

4
4
-
5

4
4
-
5

4
4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

Polyester
4
-
5

4
-
5

4
-
5

4
4
-
5

4
4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

Acrylic
4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

Wool
4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

4
-
5

Note: *ALKP = Alkaline Perspiration, **ACIP = Acidic Perspiration

Table 4. Staining test of each dye and fabric.
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peel is the most effective part of a plant for color 
extraction. It also promotes the use of sustainable 
and eco-friendly materials in the textile industry for 
various applications.

4.    CONCLUSIONS 

From the results of the present study, we can 
conclude that orange dye is more effective on 
both types of fabric and exhibited excellent color 
fastness characteristics, except for washing fastness, 
which slightly favored PC fabric. It demonstrated 
adaptability across various fabrics. On the other 
hand, lemon dye showed better overall fastness 
qualities and considerable staining potential, 
although it had slightly weaker washing fastness 
on the tested fabrics. Grapefruit dye performed 
poorly in washing tests but showed good results for 
water and perspiration fastness. These collective 
results highlight the potential of citrus fruits as a 
viable and natural source of dyes for fabrics. The 
findings of the study can be attributed to the high 
concentration of natural colorants in citrus fruits, 
such as flavonoids and carotenoids, which aid in 
the quick adherence of dyestuff to textile fibers, 
making them useful for various applications. The 
use of fruit peels as coloring agents in the textile 
industry holds significant potential due to their 
abundance, cost-effectiveness, and eco-friendly 
nature. Their application in other industries, such as 
cosmetics, food packaging, and the leather sector, 
could help reduce industrial waste and promote a 
circular economy. 
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Abstract: Dimensionality reduction, the elimination of irrelevant features, and the selection of an optimal subset of 
features are critical components in the construction of an efficacious machine learning model. Among the various 
feature selection methodologies, wrapper-based methods yield superior results due to their evaluation of candidate 
subsets. Numerous meta-heuristic methods have been employed in this feature selection process. A significant and 
complex issue in feature selection utilizing these methods is the selection of the most suitable classifier. In this study, we 
propose a novel method for selecting the optimal classifier during the feature selection process. We employ ten distinct 
classifiers for two swarm intelligence methods, namely Bat and Gray Wolf, and compute their results on four cancer 
datasets: Leukemia, SRBCT, Prostate, and Colon. Our findings demonstrate that the proposed method identifies the 
optimal classifiers for all four datasets. Consequently, when employing wrapper-based methods to select features for 
each dataset, the optimal classifier is identified. 
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1.	 INTRODUCTION

Feature selection is a pivotal process in machine 
learning that entails the selection of the most 
pertinent features from the dataset that contribute 
significantly to the prediction variable or outcome. 
The objective is to eliminate irrelevant or redundant 
features. This can lead to a decrease in model 
accuracy and performance. Feature selection is 
instrumental in constructing an effective machine 
learning model for several reasons:
•	 Enhances Accuracy: Irrelevant or redundant 

features can adversely affect the model’s 
performance. By utilizing only, the most pertinent 
features, we can construct more accurate models.

•	 Mitigates Overfitting: A model trained with 
irrelevant features is more prone to overfitting, 
where it performs well on the training data but 
poorly on unseen data.

•	 Accelerates Training: Less data equates to 
faster training times. By reducing the number of 

features, we can expedite the training process. 
•	 Boosts Interpretability: Models with fewer 

features are simpler to understand and interpret.

There are several techniques for feature selection 
[1], each with its unique strengths and weaknesses. 
Here are a few commonly employed methods:
	• Filter Methods: These methods are often 
univariate and consider each feature independently 
or in relation to the dependent variable. Examples 
include the Chi-Squared Test [2], Information 
Gain [3], and Correlation Coefficient Scores [4].

	• Wrapper Methods: These methods perceive the 
selection of a set of features as a search problem. 
Examples include Recursive Feature Elimination 
[5], Forward Selection, and Backward 
Elimination [6].

	• Embedded Methods: These methods ascertain 
which features best contribute to the accuracy of 
the model during the model creation process. An 
example includes LASSO [7].



Among the various methodologies for feature 
selection, wrapper-based methods yield superior 
results. This can be attributed to the employment of 
a fitness function, which is utilized to evaluate each 
selected subset. For a considerable duration, meta-
heuristic algorithms have been instrumental in 
resolving numerous optimization problems that are 
either exceedingly complex or possess an extensive 
problem space, rendering them unsolvable [8]. 
Novel meta-heuristic algorithms, encompassing 
population-based, evolutionary-based, and nature-
inspired based methods, are continually being 
developed. With minor modifications, these 
methods can be transformed into a robust wrapper-
based feature selection method [9]. These methods 
typically commence with a subset of features and, 
after evaluating them with a fitting function, they 
converge towards the optimal results based on the 
proposed algorithm. The fitting function serves as a 
crucial criterion that could be a supervised machine 
learning algorithm, calculating the suitability of 
candidate features. In machine learning, there 
exists a multitude of supervised algorithms, each 
with its unique advantages and disadvantages [10]. 
A particular classifier may yield satisfactory results 
with a dataset, while another classifier may produce 
unacceptable or even subpar results on the same 
dataset. This challenge is also applicable to the 
evaluation function of feature selection problems. 
Consequently, the selection of an appropriate 
classifier can enhance the evaluation performance. 
Given that it is not feasible to test individual 
classifiers on all datasets due to the time-consuming 
nature of this process, we propose a solution to this 
challenge, enabling the utilization of the optimal 
classifier for quality assessment.

Numerous studies have been conducted 
to predict various types of cancers, employing 
a range of machine learning algorithms in the 
process. Common algorithms such as K-Nearest 
Neighborhood, Support Vector Machine, Logistic 
Regression, Decision Tree, and Bayes have 
been widely utilized. More complex methods, 
including Random Forest, Ensemble, Boosting, 
Neural Network, and deep learning, have also 
been explored. However, these methods often 
encounter high time complexity due to the large 
data dimensions, particularly the number of genes. 
To address this issue, researchers have considered 
the use of different dimension reduction methods. 
Among the feature selection methods, filtering-

based methods have been favored over wrapper-
based and embedding-based methods. For instance, 
Purbolaksono et al. [11] employed mutual 
information to reduce dimensions and identify 
informative genes. Aydadenta and Adivijaya [12] 
utilized k-means and Information Gain for feature 
selection. Initially, k-means was used to group 
similar features into a cluster, thereby eliminating 
redundancy. Subsequently, the Relief algorithm 
was used to rank the elements of the clusters, 
and the top-ranking features of each cluster were 
combined for Random Forest training. Cilia et al. 
[13] concentrated on feature ranking techniques 
that evaluate each feature individually. In the work 
of Bol’on et al. [14], various feature selection 
techniques such as ReliefF, SVM-RFE, mRMR, 
IG, and FCBF were used for gene selection. Al-
Batah et al. [15] employed the filter method, 
CFS, to eliminate redundant genes and identify 
informative ones. Baliarsingh et al. [16] used the 
Wilcoxon rank sum test to select relevant genes. Su 
et al. [17] introduced a gene selection method based 
on the Kolmogorov-Smirnov (K-S) test and CFS. 
Initially, the K-S test removed redundant genes and 
noise by comparing the distribution of two types 
of samples. The filtered subset was then evaluated 
by CFS, leaving only genes with high correlation 
with the class and low redundancy. Lastly, Ahmad 
et al. [18] used different filter feature selection 
techniques, namely SNR, FC, IG, and t-Test, to 
select informative genes. This comprehensive 
review of methods and techniques provides a solid 
foundation for future research in cancer prediction 
and gene selection.

In addition to the aforementioned methods, 
some researchers have employed wrapper-based 
methods to identify the most effective genes. 
For instance, Wu et al. [19] proposed a hybrid 
approach that leverages an enhanced HI-BQPSO 
binary quantum particle swarm optimization 
algorithm for feature selection. This innovative 
method amalgamates the benefits of filtering 
and random heuristic search. The process begins 
with the utilization of the Maximum Information 
Coefficient (MIC) to compute the correlation 
between features and class, thereby obtaining an 
initial feature subset. Subsequently, the enhanced 
BQPSO is employed to derive the optimal feature 
subset. This methodological approach underscores 
the potential of hybrid models in gene selection for 
cancer prediction. 
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Several studies have also explored the 
combination of filtering and wrapper-based 
methods. For instance, Medjahed et al. [20] utilized 
Support Vector Machines based on Recursive 
Feature Elimination (SVM-RFE) to eliminate 40% 
of features. The remaining subset was subsequently 
processed through Binary Dragonfly (BDF) to 
retain only the informative genes. In another 
study, Jain et al. [21] proposed a hybrid feature 
selection method that amalgamated Correlation-
based Feature Selection (CFS) and Improved 
Binary Particle Swarm Optimization (IBPSO). The 
use of IBPSO enhanced the initial convergence 
to the local optimum of Binary Particle Swarm 
Optimization (BPSO). Furthermore, Shahbeig et 
al. [22] introduced a hybrid Teaching-Learning-
Based Optimization - Particle Swarm Optimization 
(TLBO-PSO) method. This approach combines 
the principles of Teaching-Learning-Based 
Optimization (TLBO) and a mutated version of 
Fuzzy Adaptive Particle Swarm Optimization 
(PSO) algorithms. These studies highlight the 
potential of hybrid models in gene selection for 
cancer prediction.

A thorough examination of feature selection 
techniques and cancer prediction methodologies is 
presented in the study conducted by Abd-Elnaby 
et al. [23]. This comprehensive review provides 
valuable insights into the current state of research 
in this field. An important observation to note is 
that all the introduced wrapper-based methods 
inherently require a classifier. This observation 
prompts an intriguing question: would modifying 
the classifiers used in these methods influence the 
efficiency of the problem, either in a beneficial 
or detrimental manner? This potential variability 
could introduce complexities and pose challenges 
in the application of these methods.

In this study, we introduce a novel feature 
selection model that, in addition to selecting the 
optimal features, enables the determination of the 
most suitable classifier for use with each dataset. 
Initially, we selected two swarm-intelligence-
based methods, Bat and Gray Wolf, from among 
meta-heuristic methods and adapted them into two 
distinct feature selection approaches. Subsequently, 
from the realm of machine learning algorithms, 
we selected ten classifiers - KNN [24], SVM 
[25], Bayes [26], Ridge [27], DT [28], RF [29], 
Bagging [30], LightGBM [31], Perceptron [32], 
and LDA [33] - to serve as the fitness function for 
both algorithms and executed the feature selection 
process with them. This process was repeated ten 
times to enhance confidence, owing to the nature 
of wrapper-based methods. The results were 
noted, and the optimal classifier was identified 
among them for comparison with our proposed 
model. In our proposed model, we incorporated a 
heuristic component into both algorithms to select 
the optimal classifier concurrently with the feature 
selection. This process was also executed ten times 
for assurance. Furthermore, to demonstrate the 
efficiency of the proposed method, the test was 
conducted on four datasets of gene expressions for 
Leukemia, Prostate, SRBCT, and Colon cancers. 
Utilizing the results obtained from the Bat and Gray 
Wolf, using individual classifiers, and comparing 
them with the proposed method, we demonstrate 
that the proposed method identifies the optimal 
classifier on the evaluated datasets. Therefore, 
for the feature selection process using swarm 
intelligence algorithms, the optimal classifier can 
be selected for each dataset.

Figure 1 presents our proposed model steps 
for selecting the optimal classifier for wrapper-
based feature selection methods. To evaluate 

Fig. 1. Our proposed model steps for selecting the optimal classifier for wrapper-based feature selection methods.
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the performance of the proposed model, four 
microarray datasets were employed. The Bat and 
Gray Wolf optimization algorithms were utilized 
as dimensionality reduction methods. These 
datasets were processed using these two meta-
heuristic techniques to select the optimal subset 
of features. The accuracy of the selected features 
was then evaluated using ten distinct machine 
learning methods, and the results were documented 
for comparison. Subsequently, a roulette wheel 
mechanism was integrated into both the Bat and 
Gray Wolf algorithms. During the feature selection 
process, the probability of selecting each of the ten 
machine learning methods was determined. In the 
following iteration, one of these ten methods was 
employed to compute the fitness function via the 
roulette wheel mechanism. The accuracy of the 
selected features was recalculated, leveraging this 
mechanism alongside the top-performing machine 
learning method (highest probability), and the 
outcomes were recorded. A 5-fold cross-validation 
procedure was conducted during the feature 
selection process by both the Bat and Gray Wolf 
algorithms, with and without the roulette wheel 
step, ensuring that all samples were included in the 
training and testing phases. Finally, a comparative 
analysis was performed on the results obtained from 
the Bat and Gray Wolf feature selection methods, 
both with and without the roulette wheel step, 
alongside the selected machine learning method.

The main purpose of our study is to identify 
the optimal classifier to be used as a fitness function 
within the wrapper-based feature selection process. 
Selecting the optimal machine learning method 
tailored to the specific dataset, such as cancer 
diagnosis, can enhance the accuracy of computations 
and identify the best subset of features. Our method 
concentrates on determining the optimal classifier 
from several candidate machine learning methods. 
This has been implemented on four cancer datasets 
using two meta-heuristic algorithms, incorporating 
the roulette wheel mechanism.

2.    MATERIALS AND METHODS

Feature selection constitutes a crucial phase in the 
machine learning pipeline. It serves to enhance 
the performance of a model, mitigate overfitting, 
augment interpretability, and expedite training. By 
comprehending and implementing suitable feature 
selection methods, we can construct more efficient 
and efficacious machine learning models. In this 
section, we present a novel pipeline capable of 
identifying the optimal classifier for utilization in 
wrapper-based feature selection methods.

2.1.  Datasets

In this study, we utilized four datasets, as detailed 
in Table 1, to evaluate the proposed model.  These 
datasets are a type of high-dimensional data 
structure known as microarrays, which carry 
genetic information from a given sample. The first 
dataset employed in this study carries information 
about Leukemia cancer, distinguishing between 
two classes: Acute Myeloid Leukemia (AML) and 
Acute Lymphoblastic Leukemia (ALL). This dataset 
comprises 7129 identified and quantified genes for 
72 patients. We partitioned the dataset into a training 
set and a test set [34]. The second dataset is the 
Small Round Blue Cell Tumors (SRBCT), a gene 
expression dataset from a childhood cancer study 
[35]. It contains 83 samples with 2308 genes across 
four classes, with the following distribution: 29 
cases of Ewing Sarcoma (EWS), 11 cases of Burkitt 
Lymphoma (BL), 18 cases of Neuroblastoma (NB), 
and 25 cases of Rhabdomyosarcoma (RMS). The 
third dataset pertains to Prostate cancer and consists 
of 12600 genes across two classes: 77 wild type and 
52 Prostate cancer samples [36]. The final dataset is 
the Colon dataset, composed of 2000 genes and 62 
samples taken from Colon cancer patients. Among 
the samples, there are 40 tumor biopsies (marked 
as abnormal) and 22 normal [37]. We employed the 
same strategy of splitting the dataset into a training 
set and a test set to validate the constructed model.

Dataset Number of samples Number of genes Number of classes
Leukemia 72 7129 2
SRBCT 83 2308 4
Prostate 136 12600 2
Colon 62 2000 2

Table 1. The dataset utilized for evaluating our proposed model is characterized by the number of samples, genes, and 
classes.
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2.2.  Feature Selection

In order to implement the wrapper-based feature 
selection method, we opted for two meta-heuristic 
algorithms, namely Bat and Gray Wolf, which 
will be succinctly elucidated. The Bat and Gray 
Wolf algorithms necessitate an estimator, such 
as classifiers, to compute the performance of 
the optimal subset of features. In this study, we 
selected ten classifiers and executed each of the Bat 
and Gray Wolf algorithms with them on the four 
datasets delineated in the preceding section. Owing 
to the stochastic nature of swarm intelligence 
methods, the evaluation process is reiterated ten 
times. Subsequently, the method of selecting the 
optimal classifier, which is expounded upon in 
the ensuing sections using these ten classifiers, is 
implemented. In addition to selecting the optimal 
subset of data, the optimal classifier is identified on 
the target dataset without incurring any additional 
time overhead. 

2.3. Bat Algorithm

Bats are intriguing creatures whose advanced 
echolocation capabilities have garnered the attention 
of researchers across various fields. Echolocation 
operates akin to sonar: primarily micro-bats emit 
a loud, brief pulse of sound, which, upon striking 
an object, returns as an echo after a fraction of 
time [38]. Consequently, bats can calculate their 
distance from an object [39]. Moreover, this 
remarkable orientation mechanism enables bats 
to discern the difference between an obstacle and 
prey, facilitating hunting even in complete darkness 
[40]. All bats utilize echolocation to gauge distance, 
and they also possess the ability to distinguish 
between food/prey and background barriers; A bat 
‘b’ flies randomly with velocity ‘v’ at position ‘x’ 
with a fixed frequency ‘fmin’, varying wavelength 
‘λ’, and loudness ‘A0’ to search for prey. They can 
automatically adjust the wavelength (or frequency) 
of their emitted pulses and modulate the rate of pulse 
emission ‘R ϵ [0, 1]’, contingent on the proximity 
of their target. Although the loudness can vary in 
numerous ways, Yang [41] posits that the loudness 
varies from a large (positive) ‘A0’ to a minimum 
constant value ‘Amin’. 

Algorithm1. Feature selection by Bat Algorithm.
1.	 Initialize the bat population Xb, random number in {0, 1}, b = 1, 2, 

..., nBats.
2.	 Initialize the loudness Ab, random number in range [1, 2], b = 1, 2, 

..., nBats.

3.	 Initialize the pulse emission rate Rb, random number in range [0, 1], 
b = 1, 2, ..., nBats.

4.	 Initialize the velocity Vb = 0, b = 1, 2, ..., nBats.
5.	 Initialize the fitness fitnessb = -∞, b = 1, 2, ..., nBats.
6.	 Initialize the globalFitness = -∞.
7.	 Initialize the maximum and minimum frequency, fmin = 0, fmax = 1.
8.	For (t in maxIter):
9.	     For (b in nBats):
10.       Find (Xb == 1) and make train and test subsets.
11.       Calculate accuracy.
12.       accuracy = (theta × accuracy + (1-theta) × (1- ))
13.       If (rand < Ab & accuracy > fitnessb):
14.             fitnessb = accuracy
15.             Ab = αAb
16.             Rb = Rb

0[1-exp(-yt)]
17.             [maxFitness, maxIndex] = max(fitness)
18.       If (maxFitness > globalFitness):
19.             globalFitness = maxFitness
20.             xHat = xmaxIndex
21.    For (b in nBats):
22.       If (rand > Rb):
23.             Xb = Xb +  ϵ Ā 
24.             Convert Xb to {0, 1} by Sigmoid function
25.       If (rand < Ab & fitnessb > globalFitness):
26.             Fb = fmin + (fmax - fmin) rand
27.             Vb = Vb + (xHat - Xb) Fb
28.                      Xb = Xb + Vb
29.             Convert Xb to {0, 1} by Sigmoid function
30. Return xHat.

Algorithm 1, shows the process of feature 
selection by Bat Algorithm. Initially, a population 
with random positions is established as candidate 
genes for each bat. Subsequently, the loudness, 
pulse emission rate, velocity, minimum and 
maximum frequency, and fitness are initialized. 
In each iteration, candidate genes are specified for 
each bat, and the accuracy of the selected subset is 
calculated. Based on the number of candidate genes, 
the fitness of each bat is then evaluated. Lines 13 to 
20 indicate the best position and global fitness if 
the fitness is improved. Lines 21 to 29 update the 
positions of the bats. Finally, Line 30 returns the 
best subset of selected genes (best position) as the 
final solution.

2.4. Gray Wolf Algorithm

The Gray Wolf algorithm is a representative swarm-
intelligence algorithm, inspired by the leadership 
hierarchy and hunting mechanism of gray wolves in 
nature. Gray wolves, recognized as apex predators, 
typically have an average group size of 5–12. Within 
the hierarchy of the Gray Wolf algorithm, the alpha 
(α) is considered the most dominant member of the 
group. The remaining subordinates, beta (β) and 
delta (δ), assist in controlling the majority of wolves 
in the hierarchy, which are considered as omega 
(ω). The ω wolves hold the lowest ranking within 
the hierarchy [42]. The mathematical model of the 
hunting mechanism of gray wolves comprises the 
following stages:
•	 Tracking, chasing, and approaching the prey.
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•	 Pursuing, encircling, and harassing the prey 
until it ceases movement.

•	 Attacking the prey.
During the hunt, gray wolves encircle the prey. The 
hunting of prey is typically guided by α, β, and δ, 
who participate occasionally. The best candidate 
solutions, namely α, β, and δ, possess superior 
knowledge about the potential location of the prey. 
The other search agents (ω) update their positions 
according to the positions of the three best search 
agents [43]. 

Algorithm 2, illustrates the process of feature 
selection by the Gray Wolf Algorithm. Initially, 
a population is generated with random positions 
representing candidate genes for each wolf. 
Subsequently, the values of the parameters a, A, 
and C are initialized. Candidate genes are identified 
for each wolf, and the accuracy of the selected 
subset is calculated. The fitness of each wolf is 
then evaluated based on the number of candidate 
genes. Line 6 specifies the first, second, and third 
best wolves. During each iteration of the algorithm 
(lines 7 to 13), the positions and parameters of 
a, A, and C are updated, and both accuracy and 
fitness are recalculated. The positions of the top 
three wolves are updated accordingly, reflecting 
any improvements in global fitness.  Finally, line 
14 returns the best subset of the selected genes (the 
position of the best wolf) as the solution.

Algorithm 2. Feature selection by Gray Wolf Algorithm.
1.	 Initialize the gray wolf population Xw, random number in {0, 1}, 
	 w = 1, 2, ..., nWolves.
2.	 Initialize a, A and C.
3.	Find (Xw == 1) and make train and test subsets.
4.	Calculate accuracy.
5.	fitness = (theta × accuracy + (1-theta) × (1- ))
6.	Xα, Xβ, Xδ = The first, second and third best wolves.
7.	For (t in maxIter):
8.	       For (w in nWolves):
9.	             Update the position of the current wolf.
10.            Update a, A, C.
11.            Calculate accuracy.
12.            fitness = (theta × accuracy + (1-theta) × (1- ))
13.            Update Xα, Xβ, Xδ.
14. Return Xα

2.5. Classifiers

In order to assess the subset of candidate features 
selected through the feature selection process, 
we employed two algorithms as described in the 
preceding section. Among the machine learning 
classification algorithms, we utilized ten classifiers: 
K-Nearest Neighbors (KNN), Support Vector 
Machine (SVM), Naive Bayes, Ridge Regression, 
Decision Tree (DT), Random Forest (RF), Bagging 

Classifier, Light Gradient Boosting Machine 
(LightGBM), Perceptron, and Linear Discriminant 
Analysis (LDA). Each of these classifiers was 
independently applied in the feature selection 
processes of both the Bat Algorithm and the 
Gray Wolf Optimization Algorithm. For the KNN 
classifier, the number of neighbors was set to 7. 
For ensemble methods such as RF and LightGBM, 
the number of weak learners was set to 100. The 
parameters for all other classifiers were kept at their 
default settings. It should be noted that the choice 
of classifiers is not limited to the ones used in this 
study, and any other classifier can be incorporated 
as needed.

2.6.  Selecting the Optimal Classifier

In order to identify the optimal classifier from 
the ten methods selected during the feature 
selection process, we introduced modifications and 
incorporated a heuristic component into the Bat and 
Gray Wolf algorithms. This approach ensures that 
while the best features are being selected, the most 
suitable classifier for each dataset is also identified. 
In both the Bat and Gray Wolf feature selection 
methods, we initially generate a random population. 
For both methods, ten agents are considered. Each 
agent possesses a position represented by a binary 
vector, with candidate features assigned a specific 
value within this vector. To evaluate the fitness of 
candidate features, we employ the ten classifiers 
mentioned earlier in the cost function. Initially, each 
agent is randomly assigned one of the classifiers, 
and the fitness of candidate features is evaluated. 
In addition to assessing the fitness of each agent, 
we also retain the classifier with which that agent 
was evaluated. Up to this point, no additional 
computational burden has been imposed on the 
algorithms, meaning the performance of the ten 
agents with the ten classifiers has been estimated. 
Meta-heuristic methods, particularly swarm 
intelligence algorithms, commence with an initial 
population, and the algorithm strives to converge 
towards the most favorable positions. In both of 
our feature selection methods (Bat and Gray Wolf), 
changes in agents’ positions are introduced in each 
round to guide them towards the optimal solutions. 
In addition to evaluating the fitness of each agent 
in the current position, the fitness in new positions 
must also be assessed with a classifier. If these 
positions are superior, they are updated; otherwise, 
the new position is disregarded.
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Prior to initiating the second iteration, we 
implement a Roulette Wheel using the calculated 
score for each classifier. The Roulette Wheel 
Selection algorithm, also known as Fitness 
Proportionate Selection, is a method employed 
in genetic algorithms [44] to select potentially 
beneficial solutions for recombination. Each 
potential solution (in this case, features selected by 
agents) in the population is assigned a fitness score 
based on its quality or suitability. Each classifier’s 
fitness score is then utilized to assign a proportion 
of the roulette wheel. The higher the fitness score, 
the larger the classifier’s portion of the wheel. The 
proportion of the Roulette Wheel assigned to each 
classifier is calculated as follows:

Where pi​ represents the proportion of the i-th 
classifier, fi​ denotes the fitness of the i-th agent 
as determined by the i-th classifier, fj​ signifies the 
fitness of the j-th classifier, and n is the total number 
of classifiers. 

In the second iteration, the implemented 
Roulette Wheel is utilized to assign each classifier. 
A random number is generated within the range of 
0 to 1. The classifier whose segment encompasses 
this number is selected. This process is iteratively 
performed until all agents are selected for the 
second generation. The fundamental concept is 
that classifiers with superior fitness have a higher 
probability of being selected, yet there remains a 
possibility for less fit classifiers to be chosen. This 
strategy maintains diversity within the population 
and prevents premature convergence. From this 
iteration forward, each time there is a requirement 
to calculate the fitness of an agent, the Roulette 
Wheel is updated. Consequently, classifiers that 
have yielded superior results will likely have more 
selection opportunities.

Algorithm 3 illustrates the process of 
identifying the optimal classifier in conjunction 
with selecting the best features. Initially, a 
classifier is assigned to each agent (bat or wolf). 
The fitness of each agent is then evaluated using 
the assigned classifier. Based on the obtained 
fitness, the probability of selecting each classifier 
is initialized. A roulette wheel is constructed using 
these probabilities. Between lines 5 and 10, the 
position of each agent is updated using Algorithms 
1 and 2. Subsequently, a classifier is selected for 

each agent using the roulette wheel, and the fitness 
is recalculated with the assigned classifier. The 
probabilities of the classifiers and the roulette wheel 
are then updated accordingly. Finally, in line 11, the 
best subset of genes (optimal positions) identified 
by the best classifier is returned as the final solution.

Algorithm 3. Rating the classifiers by Roulette Wheel probabilities.
1.	Assign a classifier to each agent randomly.
2.	Calculate the fitness of each agent by assigned classifier.
3.	Calculate the classifiers selecting probabilities by obtained fitness.
4.	Make a Roulette Wheel.
5.	For (t in maxIter):
6.	      Update the Bats and Wolves positions by algorithms 1 and 2.
7.	      Select a classifier by Roulette Wheel for each agent.
8.	      Calculate the fitness of each agent by assigned classifier.
9.	      Update the classifiers selecting probabilities by obtained fitness.
10.     Update the Roulette Wheel.
11. Return best classifier and best position.

The number of features selected by the Bat and Gray 
Wolf methods varies in each iteration. Therefore, 
to evaluate the candidate features in proportion to 
their numbers, we utilized the following equation:

The number of Bats and Wolves was set to 10, 
and the termination condition was established at 50. 
To ensure the participation of all samples in both 
the training and testing processes, we employed a 
5-fold cross-validation technique and computed the 
mean value.

3.    RESULTS AND DISCUSSION

In this section, we examine the proposed method. We 
employed two dimensionality reduction methods, 
namely the Bat and Gray Wolf algorithms, to select 
the optimal genes from four cancer datasets. Ten 
classifiers were used to evaluate candidate data 
subsets by both the Bat and Gray Wolf methods. 
For the Bat method, we considered 10 bats and 
50 repetitions, and for the Gray Wolf method, 
we considered 10 wolves and 50 repetitions. To 
ensure all data were included in both the training 
and testing processes, we utilized a 5-fold cross-
validation method. For increased certainty, the 
feature selection process was repeated 10 times 
with both methods. The results are presented in 
Tables 2 to 9 (given in supplementary data).

As can be observed in Table 2, the best values 
obtained from 10 executions on the leukemia cancer 
dataset show that the KNN classifier achieved an 
accuracy of 84.76% with 3767 features out of 7129. 
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The SVM method achieved an accuracy of 90.29% 
with 3984 features. The Bayes method yielded 
better results, achieving an accuracy of 98.57% 
with 3031 features. The Ridge method achieved the 
same accuracy as the Bayes method, but with fewer 
selected features (2545 genes). The DT method 
achieved an accuracy of 95.81% with 5224 features. 
The RF method achieved an accuracy of 98.57% 
with 3031 features. The Bagging method, in its 
best performance, obtained an accuracy of 97.24% 
with 4536 features. The best result, 100% accuracy, 
was achieved by LightGBM with 4828 features. 
The Perceptron method achieved an accuracy of 
96.00% with 3300 features, and finally, the LDA 
method achieved an accuracy of 91.90% with 4834 
features in its best iteration.

After noting the above results, the Bat feature 
selection method was implemented using the same 
10 classifiers, but with the proposed method. In each 
repetition of the Bat algorithm, after recording the 
obtained accuracy, the roulette wheels are updated 
with new values for the classifiers. Therefore, in 
the next iteration, the probability of choosing a 
classifier that has yielded better results is higher. 
The results of executing the above process 10 times 
on the leukemia cancer dataset are shown in the last 
part of Table 2. As can be seen, LightGBM, Bayes, 
Bagging, and Ridge have been selected as the best 
classifiers in different iterations. Among these, 
LightGBM, with 5260 features, achieved the best 
result that was discussed in the previous section, 
100 percent. As a result, the best classifier has been 
found among the 10 used classifiers. In Figure 2(a), 
the change in the values of the selection probabilities 
of the classifiers in iterations 1, 10, 20, 30, 40, and 
50 is shown. Classifiers such as KNN and SVM, due 
to poor results, had their values remain constant on 
the Roulette Wheel. In contrast, classifiers such as 
LightGBM, with more repetitions, saw an increase 
in the probability of their selection.

With respect to the SRBCT cancer dataset (as 
shown in Table 3), the Bat feature selection method, 
in its optimal performance, achieved an accuracy of 
100%. Classifiers such as Bayes, Ridge, Random 
Forest (RF), Light Gradient Boosting Machine 
(LightGBM), and Perceptron yielded similar results. 
As can be observed in the final section of Table 3, 
our proposed method identified the Ridge classifier 
as the most effective for the feature extraction 
process using the Bat method, achieving the highest 

accuracy of 100%. Figure 2(b) illustrates the 
probabilities associated with selecting classifiers 
for the feature selection process, utilizing the Bat 
method on the Small Round Blue Cell Tumors 
(SRBCT) cancer dataset. Table 4 presents the 
outcomes of the aforementioned method on the 
prostate cancer dataset. It is evident that due to 
the substantial number of features (12,600 genes), 
the most favorable result is an accuracy of 93.44% 
with 9,889 features, which is associated with the 
Ridge classifier. The Light Gradient Boosting 
Machine (LightGBM) also achieved an accuracy of 
93.41% with 6,968 features. Upon examining the 
final section of Table 4, the accuracy and efficacy 
of our proposed method become apparent. Among 
the classifiers, LightGBM has achieved the highest 
accuracy of 94.12% with 7,527 features, thereby 
establishing itself as the optimal classifier in this 
context. The Bayes, Random Forest (RF), and 
Perceptron methods maintained a constant selection 
probability across different iterations due to their 
relatively weaker performance, as illustrated in 
Figure 2(c). Notably, the selection probability for 
the Light Gradient Boosting Machine (LightGBM) 
increased consistently across different iterations 
due to its superior performance.

In our analysis of the final dataset, Colon 
cancer (presented in Table 5), two classifiers 
demonstrated superior results compared to others 
across various executions. The Ridge classifier, 
with 923 features, and the Linear Discriminant 
Analysis (LDA) classifier, with 853 features out of 
2000 genes, both achieved an accuracy of 91.92%. 
In the final section of Table 5, our method identified 
LDA as the best classifier, selecting 914 features 
with an accuracy of 87.18%. Figure 2(d), similar 
to other Figures, displays the selection probabilities 
of classifiers across different iterations. To validate 
the effectiveness of our proposed method, we also 
implemented the entire process using the Gray Wolf 
feature selection method. The results are presented 
in Tables 6, 7, 8, and 9. As shown in Table 6, our 
Gray Wolf-based method selected the LightGBM 
classifier for the Leukemia dataset, achieving 100% 
accuracy, which matches the best result obtained 
from the implementation of Greg’s method with 
individual classifiers. For the SRBCT dataset, our 
method selected the Bayes classifier, achieving 
100% accuracy, as can be verified by referring 
to Table 7. This suggests that it may be the most 
suitable classifier for this data. Upon examining the 
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Prostate cancer dataset with our proposed method, 
the LightGBM classifier selected 7747 features and 
achieved an accuracy of 94.13%, as can be verified 
by referring to Table 8. This indicates that it is the 
optimal classifier. As can be seen in Table 9, the 
proposed Gray Wolf feature selection method also 
identified the best classifier for the Colon cancer 
dataset, LDA, which achieved an accuracy of 
91.92%.

Figure 3, illustrate the probabilities associated 
with selecting different classifiers across various 
iterations, utilizing the Gray Wolf feature selection 
method on a range of cancer datasets. Figure 3(a) 
presents the probabilities obtained at iterations 1, 
10, 20, 30, 40, and 50 using our proposed method 
for leukemia cancer. As can be seen, the probability 
of choosing KNN, LDA and Perceptron methods 
is less than other methods. Similarly, Figures 
3(b), 3(c), and 3(d) illustrate the probabilities 
obtained for SRBCT, Prostate, and Colon cancers, 
respectively.The experimental procedures were 
conducted on a computer system equipped with a 
2.40 GHz processor, 8.0 GB of RAM, and operating 
on the Windows 10 platform. Feature selection is 
crucial in machine learning methodologies, as it 
identifies irrelevant features, thereby enhancing 

accuracy and reducing computational time. Due 
to the superior results of wrapper-based methods 
compared to filter-based and embedding-based 
methods, meta-heuristic approaches have been 
employed in various feature selection problems. 
The fitness function that estimates the merit of the 
selected features by these methods is of significant 
importance and can greatly influence both accuracy 
and efficiency. The challenge lies in determining 
the most suitable algorithm for estimating the merit 
of a specific dataset. The proposed method was 
evaluated against a number of existing methods, 
with the comparative results presented in Table 
10. This comparison provides a comprehensive 
understanding of the performance of the proposed 
method relative to established methodologies.   

Fig. 2. Probabilities of selecting optimal classifiers for the feature selection process using the Bat algorithm on various 
cancer datasets.

Method Leukemia SRBCT Prostate Colon
Aydadenta [12] N/A N/A 88.97 85.87
Cilia (NN) [13] 99.44 N/A N/A 91.94
Wu [19] 97.81 N/A N/A 88.36
Jian [21] 100 100 N/A 95.00
Our proposed model 100 100 94.13 91.92

Table 10. The accuracy of our proposed method versus 
several existing methods for comparative analysis.
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4.    CONCLUSIONS

In the present study, we introduced a simple yet 
practical method to select the optimal classifier 
in the fitness function. Our proposed method 
demonstrates which classifier is best suited for 
the studied collection. To implement the proposed 
model, we utilized two metaheuristic algorithms 
based on the swarm intelligence of the bat and the 
gray wolf. We then conducted the feature selection 
process using 10 various classifiers separately and 
recorded the results. 

Subsequently, we integrated our proposed 
method into both the bat and gray wolf algorithms, 
performed the feature selection process with them, 
and noted the selected classifiers apart from the 
results. We analyzed Leukemia, SRBCT, Prostate, 
and Colon cancer datasets to evaluate our proposed 
method. Our findings indicate that our model 
identifies the best classifier for the desired dataset 
without incurring computational overhead while 
selecting the best features. Consequently, when 
using wrapper-based methods for feature selection, 
the optimal classifier can be selected for the 
investigated dataset.

5.    DATA AVAILABILITY

The datasets examined in this study, along with the 
corresponding Python codes and results, are accessible 
to editors, reviewers, and readers via our GitHub page 
at the following URL: https://github.com/Farzad-Zandi/
Selecting-Optimal-Classifier.
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Table 2. The accuracy values obtained from the Bat feature selection algorithm were evaluated using ten different 
classifiers on the Leukemia dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
C

lassifier

5311 83.43 5978 87.62 3535 98.57 4835 98.57 3960 94.57 3033 98.57 4536 97.24 5501 100 4879 90.38 5420 90.38 5258 98.57 Ridge

5087 84.76 3984 90.29 4542 98.57 5700 98.57 4606 93.05 3573 98.57 4491 97.12 4828 100 3496 95.90 5191 90.48 4481 98.67 LightGBM

5649 84.76 5071 87.62 3831 98.57 4274 98.57 4295 93.05 4843 98.57 4451 96.89 5980 98.57 5330 95.90 5068 90.48 5260 100 LightGBM

3611 83.43 5201 86.19 3331 98.57 4320 98.57 5745 93.05 5791 98.57 4429 97.01 5402 100 4220 94.57 5777 90.38 5271 98.57 Bayes

5065 83.43 5345 87.62 4523 98.57 5717 98.57 4059 94.48 3031 98.57 4578 97.24 5736 98.57 3300 96.00 3390 91.81 3347 98.57 Bagging

3767 84.76 3024 86.19 3965 98.57 5681 98.57 3449 93.05 5577 98.57 4459 96.76 5483 98.57 3375 94.57 3343 90.48 2971 9857 Bagging

4554 84.76 5519 86.19 3031 98.57 5880 98.57 3758 93.05 3954 98.57 4821 97.01 5237 98.57 4563 92.00 4834 91.90 3977 98.67 LightGBM

5354 84.76 2386 86.19 3460 98.57 2545 98.57 4138 93.05 3171 98.57 4675 97.12 4971 100 4257 90.67 5713 90.38 6082 98.57 Bayes

5754 84.76 5919 87.62 3052 98.57 3778 98.57 3501 93.14 4876 98.57 4875 96.93 4949 100 5244 90.57 4617 89.05 4054 98.57 Ridge

5567 83.43 4325 86.19 5887 98.57 4064 98.57 5224 95.81 3180 98.57 4931 97.03 5780 98.57 4967 95.90 3145 89.05 5707 98.57 Bagging

Table 3. The accuracy values obtained from the Bat feature selection algorithm were evaluated using ten different 
classifiers on the SRBCT dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy
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A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
C

lassifier

1456 90.15 899 97.57 847 100 1387 100 1879 92.72 1498 100 1270 98.82 1621 100 1032 100 1803 78.31 983 100 Ridge

1339 87.72 1194 97.57 1892 100 1129 100 1828 93.97 1704 100 1356 98.75 1649 100 1303 98.82 1053 74.93 1244 100 Ridge

1166 87.72 1774 97.57 1473 100 1731 100 1353 91.47 1596 100 1321 98.46 1670 100 1774 98.82 1581 72.28 1130 100 Ridge

1765 90.15 1893 97.57 1539 100 976 100 1459 93.97 1678 100 1293 98.78 1691 100 1300 98.82 1183 69.85 1584 100 Ridge

1058 87.79 1109 97.57 1932 100 1416 100 1064 92.79 1579 100 1311 98.64 1673 100 1774 98.82 1290 77.13 1614 100 Ridge

1413 87.79 1425 97.57 1898 100 1762 100 1107 92.72 1564 100 1342 98.26 1752 100 1950 98.82 1618 72.43 1897 100 Ridge

1052 87.72 1567 97.57 988 100 1581 100 1746 93.97 1626 100 1281 98.01 1638 100 1389 98.82 1795 71.10 1880 100 Ridge

1778 91.32 1130 97.57 1811 100 1354 100 1860 92.79 1653 100 1330 97.76 1652 100 1378 98.82 1851 71.18 1956 100 Ridge

1866 87.65 1791 97.57 1173 100 1275 100 1564 93.97 1527 100 1262 98.37 1679 100 1877 100 1577 75.00 1468 100 Ridge

1062 87.87 1820 97.57 1224 100 1438 100 1514 92.79 1546 100 1257 97.89 1713 100 1831 100 1457 72.35 1449 100 Ridge

Table 4. The accuracy values obtained from the Bat feature selection algorithm were evaluated using ten different 
classifiers on the Prostate dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy
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A
ccuracy
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A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy
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A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
Classifier

9813 80.93 7538 80.19 5135 56.67 9889 93.44 10222 85.34 7606 92.72 9872 91.93 6968 93.41 8080 81.75 9530 86.11 9081 92.70 LightGBM

6722 80.19 8170 81.64 7026 56.67 9628 92.70 8138 88.20 6561 91.75 9991 91.93 7002 90.91 5341 81.75 9229 84.66 8447 93.39 LightGBM

6054 79.47 8390 80.19 8445 56.67 9477 92.72 10645 86.75 8012 91.26 9615 91.47 6898 92.49 7102 80.26 9177 86.08 8910 92.01 Bagging

5772 80.19 7116 79.47 10422 56.67 8910 91.27 9828 87.76 7316 92.41 9646 91.78 6416 92.17 9230 85.24 7512 86.11 9984 92.67 LightGBM

10252 78.73 8780 80.19 8258 56.67 6571 92.70 9159 87.92 7189 91.43 9719 90.99 7137 91.46 7068 81.64 7029 87.59 7378 92.72 RF

7986 80.90 5266 79.44 9750 56.67 8987 92.72 10573 88.09 7145 92.66 9486 90.41 6459 91.73 10058 81.69 9102 84.60 7527 94.12 LightGBM

9315 80.21 8374 79.47 4581 56.67 10182 92.72 8845 86.26 7416 91.83 9629 91.38 6743 90.78 9160 84.68 8994 85.34 9827 91.93 LightGBM

7346 80.19 8284 80.16 8415 56.67 7353 91.27 8291 85.47 6985 92.58 9813 90.12 6972 91.49 6743 82.43 9347 86.85 5867 92.70 RF

6453 80.19 10165 80.93 5003 56.67 8407 92.72 8697 86.59 7373 91.22 9687 91.28 6842 92.83 10194 81.00 7067 84.63 6079 93.44 LightGBM

5013 80.19 6380 81.67 10520 56.67 9540 91.98 10357 86.38 7842 91.68 9649 91.09 6794 93.30 8382 83.17 8204 85.34 7043 91.24 RF

SUPPLEMENTARY DATA
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Table 5. The accuracy values obtained from the Bat feature selection algorithm were evaluated using ten different 
classifiers on the Colon dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed
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838 80.64 1109 87.31 1071 70.64 1238 90.26 916 88.97 1030 85.51 1161 88.97 1178 87.18 1331 87.05 1392 91.92 1013 87.05 LDA

1431 77.56 1386 84.23 1150 67.44 872 90.26 1680 84.10 1127 83.19 1073 90.13 1150 85.64 1505 88.59 732 91.92 1263 85.51 LDA

1126 77.56 1620 84.23 1346 69.23 1350 91.92 1139 85.64 1132 84.61 1692 87.18 912 88.85 1249 86.92 1519 91.92 1598 87.18 LDA

1069 77.44 1254 84.23 1117 69.10 1615 91.92 1510 84.10 1039 85.12 1529 88.42 1415 88.72 1571 87.05 853 91.92 1661 87.18 LDA

1242 79.10 1103 84.23 762 69.10 1534 90.38 1574 87.18 1143 83.49 1743 88.19 1107 85.64 1408 86.92 1520 91.92 914 87.18 LDA

924 77.56 722 85.77 1024 72.31 1108 91.92 1454 87.05 1087 84.67 1746 88.84 1197 87.31 1189 86.92 1450 90.38 807 85.51 LDA

1331 79.10 1650 84.23 1052 70.77 1495 90.26 923 85.64 1053 85.20 1673 87.76 1041 87.18 1136 86.92 1094 91.92 1701 85.51 LDA

1518 77.56 1567 85.77 1747 69.10 1370 91.92 1161 87.44 969 84.89 1694 88.39 1512 85.77 1699 86.92 967 90.38 1285 85.51 LDA

995 80.64 1104 84.23 818 70.64 1343 91.92 1566 85.64 993 84.51 1358 87.94 1477 88.72 1418 88.59 1051 90.38 1503 85.51 LDA

1406 79.10 1388 85.77 1341 70.64 923 91.92 1383 90.26 1057 83.24 1361 88.09 1250 85.64 1378 87.05 1476 91.92 1327 85.51 LDA

Table 6. The accuracy values obtained from the Gray Wolf feature selection algorithm were evaluated using ten 
different classifiers on the Leukemia dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
C

lassifier

4191 83.43 4269 87.62 4145 98.57 3585 98.57 4311 93.05 4158 98.57 4356 97.24 4265 100 4577 94.48 4472 90.38 4177 98.57 Ridge

4263 84.76 3590 86.19 3550 98.57 3542 98.57 4480 91.62 3484 98.57 4174 97.24 4572 100 4529 95.90 4299 90.48 3504 98.57 Ridge

3565 83.43 3532 86.19 4183 98.57 3588 98.57 4554 94.57 3504 98.57 4528 97.24 4493 100 4532 93.24 4448 90.48 4070 98.57 LightGBM

4517 84.76 3641 86.19 3586 98.57 3605 98.57 4523 93.05 4221 98.57 4496 95.90 4592 100 4395 94.57 4434 90.48 4206 98.57 Ridge

4439 84.76 3553 86.19 3571 98.57 3625 98.57 4284 93.05 4320 98.57 4344 97.24 4468 98.67 4276 90.57 4564 91.81 4066 98.57 Ridge

4463 84.76 4262 87.62 3591 98.57 3538 98.57 4436 93.05 4078 98.57 4470 97.24 4231 98.67 4646 95.71 4363 90.48 4196 98.57 RF

4112 83.43 4405 87.62 3548 98.57 3518 98.57 4290 91.71 4205 98.57 4346 98.67 4334 100 4240 95.90 4233 90.38 4079 98.57 Ridge

4356 84.76 3756 86.19 3919 98.57 3585 98.57 4554 91.62 4290 98.57 4491 97.24 4250 98.67 4289 94.57 4461 91.81 4088 98.57 LightGBM

4436 84.76 4022 86.19 4205 98.57 4194 98.57 4348 93.05 4171 98.57 4263 97.14 4579 100 4396 95.90 4483 90.48 4128 98.57 Ridge

4558 84.76 3743 86.19 4037 98.57 3526 98.57 4451 91.62 4238 98.57 4618 97.24 4140 100 4502 95.90 4578 91.90 4502 100 LightGBM

Table 7. The accuracy values obtained from the Gray Wolf feature selection algorithm were evaluated using ten 
different classifiers on the SRBCT dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
C

lassifier

1510 87.72 1151 97.57 1337 100 1151 100 1407 93.97 1115 100 1388 100 1335 100 1411 100 1421 72.43 1206 100 Ridge

1427 87.72 1349 97.57 1397 100 1152 100 1358 92.79 1155 100 1359 100 1176 100 1449 100 1447 73.46 1126 100 Bayes

1359 88.97 1132 97.57 1308 100 1130 100 1421 93.97 1131 100 1385 100 1127 100 1382 100 1427 71.25 1159 100 Ridge

1482 90.15 1180 97.57 1321 100 1131 100 1485 92.72 1180 100 1403 98.82 1344 100 1369 100 1505 72.35 1170 100 Ridge

1356 88.90 1146 97.57 1420 100 1186 100 1416 93.97 1152 100 1376 98.82 1340 100 1341 100 1506 72.35 1182 100 Ridge

1363 87.72 1346 97.57 1364 100 1168 100 1481 93.97 1174 100 1215 100 1334 100 1409 100 1506 71.10 1171 100 Ridge

1389 88.90 1155 97.57 1384 100 1159 100 1416 92.72 1155 100 1465 100 1439 100 1412 98.82 1504 72.35 1141 100 Ridge

1450 87.72 1135 97.57 1366 100 1158 100 1352 92.79 1139 100 1152 100 1155 100 1459 100 1382 73.53 1170 100 Ridge

1476 87.79 1155 97.57 1403 100 1160 100 1459 93.97 1160 100 1509 100 1398 100 1367 100 1327 73.46 1153 100 Ridge

1408 87.72 1165 97.57 1398 100 1140 100 1505 92.79 1119 100 1520 100 1147 100 1146 100 1391 72.28 1158 100 Ridge
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Table 8. The accuracy values obtained from the Gray Wolf feature selection algorithm were evaluated using ten 
different classifiers on the Prostate dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
C

lassifier

7497 80.19 6686 67.62 6258 56.67 7554 92.01 7878 87.49 7925 93.41 7640 91.19 7474 94.13 7531 83.23 7841 86.11 7329 92.67 LightGBM

7886 79.47 7324 67.62 7013 56.67 7677 92.72 7875 86.03 7991 92.70 7631 90.73 7361 92.39 7778 86.19 8166 85.34 8002 92.90 Bagging

7644 80.19 6320 67.62 6345 56.67 7599 92.72 8235 87.51 7873 94.18 7631 90.16 7118 93.19 7836 86.83 7689 84.66 7510 91.98 RF

8071 80.19 7552 67.62 6328 56.67 7981 92.72 8163 85.34 7921 92.72 7199 90.72 7243 92.67 7710 81.01 8140 85.37 7837 91.96 RF

8000 80.93 7417 67.62 6393 56.67 7506 92.70 7672 86.75 7476 92.72 7618 90.49 7521 92.21 8022 84.71 6336 86.11 7747 94.13 LightGBM

7928 80.19 7325 67.62 7316 56.67 8146 92.70 7786 87.51 7824 92.72 7475 90.49 7419 92.17 8036 83.23 8061 85.40 7817 92.72 RF

7974 80.93 7411 67.62 7718 56.67 7518 92.72 7812 86.43 7639 94.17 7194 90.17 7589 92.55 7992 83.17 7976 85.37 7850 91.98 RF

7787 80.21 6336 67.62 7390 56.67 8061 92.72 7749 86.18 7782 93.78 7643 90.41 7364 93.73 6398 83.02 7866 86.08 7829 91.16 Bagging

7736 79.44 6317 67.62 6231 56.67 7876 92.72 7718 85.76 7716 93.91 7215 90.32 7008 93.58 8168 83.23 7984 84.66 7946 91.98 LightGBM

8051 80.19 6575 67.62 6240 56.67 7781 92.72 7728 86.74 7549 93.19 7821 90.94 6952 93.91 7738 86.14 7732 85.37 7797 92.65 LightGBM

Table 9. The accuracy values obtained from the Gray Wolf feature selection algorithm were evaluated using ten 
different classifiers on the Colon dataset.

KNN SVM Bayes Ridge DT RF Bagging LightGBM Perceptron LDA Proposed

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

nFeatures

A
ccuracy

Selected 
C

lassifier

1260 77.56 1003 84.23 1241 70.77 1250 91.92 1269 87.31 1277 87.18 1318 87.31 1285 87.18 1260 87.05 1194 91.92 1168 90.26 LDA

1242 77.44 1027 84.23 1221 70.64 1301 91.92 1215 84.10 1320 85.64 1257 88.85 1198 87.18 1313 86.92 1169 91.92 994 88.72 LDA

1211 77.56 1223 85.77 1268 70.64 1157 90.38 1268 85.64 1241 87.18 1286 88.72 1227 87.18 1312 86.92 1223 91.92 1201 88.72 LDA

1285 78.97 1169 85.77 1251 70.77 1209 91.92 1221 85.64 1283 88.72 1261 90.38 1257 85.64 1243 86.92 1276 91.92 1167 90.26 LDA

1014 77.56 989 84.23 1221 70.64 1284 91.92 1257 85.64 1288 88.59 1288 88.72 1206 86.92 1297 88.59 1272 91.92 1169 88.72 LDA

1237 80.64 1180 85.77 1200 70.64 1183 90.38 1268 85.51 1186 88.07 1133 88.85 1212 85.64 1017 86.92 1195 91.92 1254 90.26 LDA

1254 77.56 1028 84.23 1215 70.77 1312 90.38 1260 87.31 1147 87.92 1252 88.72 1233 87.18 1214 88.59 1277 91.92 1314 91.92 LDA

1254 79.10 1015 84.23 1201 70.64 1007 90.38 1198 85.64 1223 87.49 1255 88.59 1249 87.18 1184 87.05 1199 91.92 1266 87.31 Bagging

1009 77.56 1012 85.77 1178 70.64 1244 91.92 1305 85.64 1279 87.41 1245 87.31 1242 85.64 1226 87.05 1182 91.92 1193 88.72 LDA

1308 78.97 1012 84.23 1172 70.64 1164 91.92 1226 87.18 1257 87.19 1221 88.59 1215 87.18 1186 88.59 1178 91.92 1254 90.38 LDA
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Abstract: Non-linear equations are fundamental to a wide range of practical applications in engineering and applied 
sciences. This research paper presents a novel iterative scheme—a fifteenth-order approach—designed to effectively 
solve non-linear problems. The numerical results of the Proposed Scheme are thoroughly compared with those of 
existing methods. Graphical representations and basin of attraction analysis reveal that the fifteenth-order method 
achieves superior accuracy and efficiency, surpassing alternative methods in the precise estimation of solutions to 
non-linear problems. 

Keywords: Real Word Problems, Taylor Series Expansion, Order of Convergence, Fifteenth Order Methods, Basin 
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1.	 INTRODUCTION

The prevalence of non-linear equations, as 
represented by the form , is observed 
across various fields in both pure and applied 
sciences, engineering, and computing. Recent 
efforts have been dedicated by numerous scientists 
and engineers to the addressing of non-linear 
equations through both numerical and analytical 
methods [1]. In the field of literature, various 
Iterative Schemes and algorithms have been 
developed, drawing inspiration from techniques 
such as interpolation, Taylor’s series, quadrature 
formulas, and decomposition. Additionally, there 
are several modifications and enhancements to 
existing methods, along with the introduction of 
various hybrid iterative approaches. Xiaojian [2] 
introduced several variants of the Chebyshev–Halley 
methods that do not require the second derivative. 
The proposed methods were demonstrated to 
have a minimum convergence order of three, with 
each iteration involving the evaluation of two 
functions and one first derivative. Lakho et al. 

[3] presented a seventh ordered three step method 
using Lagrange interpolation technique. Naseem et 
al. [4] proposed fourth method based on forward 
and finite difference schemes. Abbasi et al. [5] 
proposed a ninth order method using Hermite 
interpolation technique. Soomro et al. [6] proposed 
a bracketing approach based on the Regula Falsi 
method, leading to an enhanced convergence rate. 
Generally, the expression of the roots of non-linear 
or transcendental equations in closed form or their 
analytical computation is found to be challenging. 
The calculation of approximations of the roots, 
typically presented as either small isolating 
intervals or floating-point numbers, is enabled by 
root-finding algorithms. 

In this paper, a hybrid four-step scheme for 
the solution of non-linear methods is presented. 
In this scheme, the convergence rate is enhanced, 
and the number of function evaluations required 
per iteration is reduced through the incorporation 
of a weight function and interpolation techniques, 
respectively, contributing to the improvement of 



the efficiency index. To evaluate the effectiveness 
of the proposed approach, numerous examples and 
Real-world problems were subjected to testing and 
comparison with existing methods (TE1 15th, TE2 
15th, and TE3 15th as mentioned by Eftekhari [7], 
and FS 15th as indicated by Soleymani and Sharifi 
[8]). The results of these comparisons are presented 
in various Tables and Figures, while the stability of 
the Proposed Scheme is further validated through 
the analysis of the Basin of attraction. This method 
is not applicable for the system of nonlinear 
equations.

2.    DERIVATION OF PROPOSED SCHEME

For the first step of Proposed Scheme we take 
Newton method [9, 10].

(1)

And for the second step of Proposed Scheme we 
take again newton method Kumar et al. [11], reduce 
the function evaluations we modify it by replacing 
the  by  in second step and introduce 
weight function  
 

(2)

For the third step of Proposed Scheme we take 
again newton method [11], to reduce the function 
evaluations we replacing the  by  
Hermite interpolation in third step.

(3) 

In three-point formula (3) it requires five function 
evaluation per iteration, to reduce the number 
of function evaluations we approximate  
using available data. Since we have four values 

 approximate  by its 
Hermite’s interpolating polynomial of degree 3 
at the nodes  and utilize the approximation 

 in the third step of the iterative 
scheme (3). Hermite’s interpolating polynomial of 
third degree has the form.

	

(4)

And its derivative is:

(5)

The unknown coefficients will be determined using 
available data from the conditions:

Putting into (4) & (5) we get  
and . The coefficients  and are 
obtained from the system of two linear equation 
formed by using the remaining two conditions 

 in (4) and we obtained.
 

&	

By putting the values of  in (5) 
we get:

(6)

Finally, in fourth step of Proposed Scheme we take 
again newton method from Kumar et al. [11], to 
reduce the function evaluations we replacing the 

 by  in four step.

(7)

see in [7].

(8)

Finally, (8) is our proposed Scheme, requiring only 
one first derivative evaluation and four function 
evaluations per iteration.

3.    CONVERGENCE ANALYSIS

Theorem I:	 Consider  belonging to the 
set , and let it be a simple root of a sufficiently 
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differentiable function . Here, 
 represents an open interval that includes  as 

an initial estimate of . In such circumstances, 
the method outlined in equation (8) achieves a 
fifteenth-order accuracy. Remarkably, it required 
only four function evaluations and a single first 
derivative calculation in each complete iteration, 
eliminating the necessity for second or higher-order 
derivatives.

Proof.
The function  can be expressed using its 
Taylor series expansion as:

	  

For simplicity, we assume that

and assume that . Thus, we have:
For step one:

(9)
and

(10)
From eq (9) and (10)

(11)
and

(12)

(13)

Now for step two:

(14)
From equation (14) and (10):

(15)
After simplifying we get:

(16)
And weight function:

(17)

        	  

(18)

				    (19)

Step. 2 

						    
(20)

	 	

(21) 

					   
(22)

			 

(23)
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(24)

 	

(25)

Step. 3 

			   (26)

	

(27)

				  

(28)

	

(29)

 

(30)

			 

(31)

Step. 4 	

(32)

Finally, the proposed scheme mentioned in (8) 
exhibits a convergence rate of fifteen, and the 
efficiency index for proposed algorithm is calculated 
to be .

4.    NUMERICAL EXPRIMENTS

The problems presented below were sourced from 
literature [12, 13] and assessed using both the 
Proposed Scheme and its corresponding counterpart. 
Tables and graphs illustrate the Computational 
Order of Convergence (COC) [14], accuracy, 
efficiency, and consistency of the Proposed Scheme 
and its analogous methods. All the problems below 
were solved using Maple 2022 software, and line 
plots were generated using Origin 2021 software on 
my personal laptop with the following specifications: 
Intel® Core™ i3-4010U CPU @ 1.70 GHz and 8.00 
GB RAM.

Problem 1.

 

Figure 1 shows the comparison of the Computational 
Order of Convergence (COC) for the proposed 
method and its counterpart methods for Problem 
1. In this figure, subfigures (1a), (1b), (1c), (1d), 
(1e) and (1f) display the graphical representations 
of  and  
respectively. Above all figures are shown that 
proposed method converges faster as compared to 
counterparts.
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Problem 2. The van der Waals equation see in Liu 
and Lee [15].

 							     
(33)

Problem 3. The governs the depth of embedment 
equation See in Ding et al. [16]. 
 				    			 
			   (34)

Problem 4. The multipactor phenomenon See in 
Naseem et al. [17].
 							     
			   (35)

4.1.     Description of Basin of Attraction 

The examination of solution stability for the 
nonlinear function , achieved through 
an Iterative Scheme, can be simplified using the 
concept of basins of attraction [20, 29]. Utilizing 
MATLAB R2014a, a visual depiction of all basins 
within the range  was 
created, consisting of  points at a density 
of .

For iteration termination criteria, two 
conditions were set: a maximum iteration count 
of  or an error threshold of . Each 
point within R initiated the iterative algorithms. 
If, within 10 iterations, the sequence from the 
iterative algorithm converged to a root  of the 

Table 1. Value of  & COC of different methods of 
order fifteenth of problems  to .

Proposed scheme TE1 15th TE2 15th TE3 15th FS 15th

Diverge Diverge Diverge Diverge
Diverge Diverge Diverge Diverge
Diverge Diverge Diverge Diverge
Diverge Diverge Diverge Diverge

Diverge Diverge Diverge
Diverge Diverge Diverge
Diverge Diverge Diverge
Diverge Diverge Diverge

Diverge Diverge
Diverge Diverge
Diverge Diverge
Diverge Diverge
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function  and met the specified tolerance, a 
distinct color (excluding black) was assigned to 
the starting point, corresponding to the convergent 
root. Conversely, if the iterative algorithm initiated 
with a point  exceeded the maximum 
iteration count of 16 without converging to any root 

 or converging to a different value  within the 
specified tolerance  it was 
determined that the starting point had diverged. In 
such instances, a black color was assigned to the 
starting point.

Problem 5. Below problems were taken from 
literature.

Figure 5 illustrates the basins of attraction for 
Problem 5, with all initial guesses within the 
range , as obtained by 
the proposed method. Subfigures (5a) and (5b) 
correspond to the basin of attraction for , 
which has five roots, with (5a) illustrating the root 
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Fig. 1.  COC versus solution of problem to 
 by Proposed Scheme and their counterparts.
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Fig. 2. Solution versus iterations of problem 2. by 
Proposed Scheme and its counterparts by assuming the 
scale .

Fig. 3. Solution versus iterations of problem 3. by 
Proposed Scheme and its counterparts by assuming the 
scale .

Fig. 4. Solution versus iterations of problem 4. by 
Proposed Scheme and its counterparts by assuming the 
scale .
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Method
Root & 

corresponding 
absolute 

functional value
1st iteration 2nd iteration 3rd iteration 4th iteration

Proposed scheme  

TE1 15th    

TE2 15th    

TE3 15th    

FS 15th    

Table 2. Numerical results for problem 2. for first four iterations and their absolute functional values at

Method
Root & 

corresponding 
absolute 

functional value
1st iteration 2nd iteration 3rd iteration 4th iteration

Proposed scheme      

TE1 15th   

TE2 15th  

TE3 15th  

FS 15th 
 

Table 3. Numerical results for problem 3. for first four iterations and their absolute function values at

Method
Root & 

corresponding 
absolute 

functional value
1st iteration 2nd iteration 3rd iteration 4th iteration

Proposed scheme      

TE1 15th
     

TE2 15th
     

TE3 15th
     

FS 15th

     

Table 4. Numerical results for problem 4. for first four iterations and their absolute function values at 
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locations and (5b) depicting the number of iterations 
required for convergence. Subfigures (5c) and (5d) 
show the basin of attraction for  with three 
roots, where (5c) shows the root positions and (5d) 
represents the iteration count for each initial guess. 
For  with two roots, subfigures (5e) and (5f) 
displaying the roots and the required iterations, 
respectively. Subfigures (5g) and (5h) represent 
the basin of attraction for  with four roots, 
(5i) and (5j) for with five roots, and (5k) 
and (5l) for  with two roots. In each pair of 
subfigures, the left panel visualizes the location of 
the roots, while the right panel indicates the number 
of iterations required to achieve convergence to the 
respective root.

5.    SUMMARY

To summarize, it is observed that TE1 15th diverges 
in problem 1 of , , and , TE2 15th  
diverges in  and , TE3 15th diverges in 

, and , while FS 15th diverges 
in , as detailed in Table 1. Both Table 1 
and Figure 1 demonstrate that the Computational 
Order of Convergence (COC) of the Proposed 
Scheme exceeds that of all other methods across all 
test problems. Additionally, real-world problems 
2-4, presented in Tables 2-4 and Figures 2-4, 
indicate that the Proposed Scheme achieves faster 
convergence compared to alternative methods. 
The stability analysis of the Proposed Scheme is 
depicted in Figure 5 through the basin of attraction.

6.    CONCLUSIONS

The research paper introduces a new method for 
solving non-linear algebraic and transcendental 
equations, utilizing a weight function and 
interpolations. Key features include a fifteenth-
order convergence rate, requiring only four function 
evaluations and one first derivative per iteration. 
Analysis of test problems reveals divergence 
patterns in TE1 15th, TE2 15th, TE3 15th, and FS 
15th. Notably, the Proposed Scheme demonstrates 
superior computational Order of Convergence 
(COC) compared to counterparts in Table 1. Real-
world problems 1-3 exhibit the proposed scheme’s 
rapid convergence relative to other methods, and 
stability analysis in Figure 5 confirms its stability. 
Overall, the Proposed Scheme proves efficient, fast 
convergent, stable, and consistent, representing a 
significant advancement in the literature.

Fig. 5. Basin of attraction of  to  of problems 
5 obtained by the proposed method.
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Abstract: Glacial lake outburst flood (GLOF) disasters are serious and potentially increase huge risks to livelihoods 
and infrastructure in the mountain regions of the world. The northern highland regions of Pakistan are home to some 
of the biggest alpine glaciers. In this investigation, the Hunza Valley of Pakistan has undergone remote sensing-based 
risk assessment for Glacial Lake Outburst Floods. Borith and Passu Lakes were chosen to identify flood risk in the 
downstream areas. Landsat images were used from 1990-2020. Different spectral indices such as the Normalized 
Difference Snow Index (NDSI), Normalized Difference Glacier Index (NDGI) and Normalized Difference Water 
Index (NDWI) were applied to evaluate snow cover changes. Furthermore, these Lakes were digitized to evaluate any 
variation in Lake Areas, over the study period. Also, built-up areas close to lakes were digitized to identify total risk. 
The Land Surface Temperature (LST), NDSI, NDGI, NDWI, Digital Elevation Model (DEM) and Slope variables 
were given weights using the Analytic Hierarchy Process (AHP) method. In the analysis of flood risk mapping, 
maximum weight was assigned to Land Surface Temperature, and minimum weight was assigned to the slope. The 
result revealed that the settlements located in the Ghulkin, Gulmit, Husseini, Passu, Zarabad, and Khorramabad are 
at moderate risk while settlements located near Hunza River such as Karimabad, Khanna Abad, and Aliabad are at 
high risk. The outcome also showed that Borith Lake’s area expanded, going from 0.059 km2 in 1985 to 0.074 km2 
in 2020 and Passu Lake’s area also grew, going from 0.074 km2 in 2005 to 0.077 km2 in 2020. In last, Buffer analysis 
was performed to identify areas that are likely to be affected by the flood. The result of the study can help carry out a 
downstream risk assessment and better preparedness for future flood hazards. 

Keywords: Glacial Lake, Climate Change, Outburst Flood, Risk Mapping, Analytic Hierarchy Process, Hunza Valley.

1.	 INTRODUCTION

Glaciers are retreating and increasing the occurrence 
of glacier-related hazards. Since 1880, the world’s 
temperature has risen by 0.85 °C [1]. The average 
temperature in the Indian Sub-continent can be 
increased by 3.5-5.5 °C by 2100 [2]. Glacier 
meltwater increases the river discharge but in the 
longer term, it reduces it [3]. The Indus irrigation 
system is an important part of Pakistan’s economy 

[4], and the main source of the Indus River is 
glacial meltwater [5]. The world’s largest glaciers 
can be found in Pakistan’s northern mountain 
ranges, the Karakorum, Himalaya, and Hindu-
Kush [1]. Siachen is the longest glacier outside 
the Polar Regions, about 75 km long located in 
the Karakorum Mountains. Hispar Glacier is 61 
km in length [6]. Karakorum glaciers are highly 
influenced by the Indian monsoon. The glaciers of 
Karakorum have steep hill slopes and mostly are 



debris-covered [3]. Mostly precipitation occurs in 
spring and winter in the form of snow on the glaciers 
of Karakorum because they are at extremely high 
altitudes. The climate of Karakorum is altered 
by Tibetan anticyclones and westerlies which 
increase snowfall in winter [7]. The average annual 
precipitation in Baltoro Glacier is 2500 mm at 8000 
m. The highest precipitation occurs in the summer 
monsoon in the Hunza basin [8]. Global warming 
caused a mass loss of 10% in high mountains of 
Asia which increased by almost 3% sea level [9].
 

Glacier advance and retreat are caused 
by climate change and monsoon rains raise the 
possibility of a lake bursting [10]. The Karakorum, 
Himalaya and Hindukush (HKH) region is also 
influenced by climate change and GLOFs came 
out as a looming threat in this region. Glacier area 
variations are a serious menace in the Karakorum 
region [11]. Natural disasters like the Glacial Lake 
Outburst Flood (GLOF) can become more severe 
due to climate change, endangering the population 
[10]. The impact of a GLOF event downstream 
is quite extensive in terms of damage to roads, 
bridges, trekking trials, villages, and agricultural 
lands as well as the loss of human life and other 
infrastructure [12]. When a glacier melts, glacial 
lakes typically form at the snout of the glacier. 
HKH is the most affected region of GLOF. Critical 
glacial lakes can destroy the CPEC route along 
the Karakorum Highway [13]. More attention is 
required to monitor extension in lakes created by 
debris-covered glaciers because of their potential 
burst. The glacial hazard of GLOFs can destroy 
the farmlands and downstream settlements [14]. 
Increased sea levels, flooding, erosion, and frequent 
GLOFs are the results of this. There is a significant 
spatial variation in the stable, advancing, and 
retreating glaciers found in the Karakoram region 
[15].

The glaciers of Karakorum have been 
retreating since 1990 but surging in glaciers has also 
been noticed. Climate is the most important factor 
of change in the glacial behaviour of Karakorum 
[16]. Some glaciers of Karakorum are surging such 
as Hassan Abad Glacier [06]. In the last 15 years, 
Passu Glacier has undergone a forceful retreat 
and increased danger in Atta Bad Lake which can 
burst soon [17]. Passu glacial lake experienced two 
outbursts in two decades destroying houses and 
a bridge on Karakorum Highway, debris flowed 

downstream consuming the structures on the way 
[18]. To study outbursts, there is a need to identify 
critical lakes to promote preventive measures 
[19]. In 1980, the International Karakoram Project 
conducted a survey along the Karakoram Highway 
in the Hunza Valley and identified 339 catastrophic 
incidents [10]. A glacial decline in Karakorum 
resulted in glacial lakes which have a high risk of 
GLOF.

Hassan Abad Hunza experienced five GLOF 
events by the surging of Shishper Glacier and the 
most recent was recorded in May 2020 [13]. When 
the water of the Ghizer River was obstructed and 
burst after a few months, it led to the creation of 
Khalti Lake in 1999, which caused a significant loss 
in villages downstream. Between 2007 and 2009, 
two GLOF episodes from the Ghulkin Glacier 
were documented, both of which shut down the 
Karakorum Highway [20]. In Huaraz (Peru) 4500 
people died in 1941 of the GLOF event [21]. Two 
GLOF events occurred in Gupis Valley in 1994 and 
1999 causing a huge loss of land and infrastructure 
[20]. Hunza River Basin has a previous record of 
severe flooding [22]. Land located in Gulmit is 
used as agricultural land and the maximum glacial 
retreat is recorded during ablation season. The 
glacier area of Gulmit (in Hunza Nagar) is about 
11-kilometre squares [2]. The glaciers Ghulkin and 
Gulmit are situated south of Batura Glacier, both are 
debris-covered and the primary source of water to 
the Hunza Nagar district and Hunza River. Glacial 
lakes are formed by the meltwater of glaciers.

The volume of water in lakes increases due 
to an increase in glacier melting, and lakes that 
abruptly burst might damage towns downstream. 
This event is referred to as the Glacial Lake 
Outburst Flood (GLOF). In the past few years, 
many glacial lakes have developed in Pakistan’s 
HKH region. Gilgit Baltistan has experienced 
many GLOF events. GLOF can take the lives 
of humans and livestock and cause damage to 
roads, bridges, and farms land. However, global 
warming has had a substantial impact on Pakistan’s 
glaciers [23]. The first decade of the twenty-first 
century is regarded as the planet’s hottest decade. 
Lake located at the terminus of Passu Glacier had 
records of outbursts in the last two decades causing 
a huge loss to the downstream settlements in Hunza 
[22]. Five GLOF events occurred in Hunza Basin 
between 2007-2008 and posed a severe threat 
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to near settlements of the Karakorum Mountain 
Range [4]. According to Amin et al. [20], Sosot 
village experienced a GLOF event in 1994 and two 
GLOF events were recorded from Ghulkin Glacier. 
In the past 200 years, the Karakorum Range has 
seen 35 outburst episodes. Due to the lack of 
mitigation, management, and government policies, 
a huge loss of land and infrastructure and because 
of poor livelihood, people are not able to respond 
quickly and effectively to any flood situation [13]. 
Therefore, there’s a need to constantly monitor the 
glacial lakes and the factors affecting them. The 
study’s primary goal is to locate regions that may 
be at risk of GLOF flooding downstream. 

2.     MATERIALS AND METHODS

2.1.  Study Area

The study area includes Gilgit Baltistan, as well as 
Hunza Nagar District and Upper Hunza, a sizable, 
glaciated region in North Pakistan. The Hunza lies 
between 36.3167° N and 74.6500° E at an elevation 
of 2,438 meters. The Hunza Valley contains the 
Passu and Borith lakes that have been selected. 
These lakes were chosen to identify potential 
risk for the study areas as shown in Figure 1. The 
elevation of Borith Lake is 2600 meters above sea 

level. It lies about 2 km to the north of Gulmit. A 
sizable body of water known as a lake is located 
beneath the settlement of Hussaini. South of the 
tongue of the Batura Glacier, close to the Passu 
Glacier, there is a lake called Passu Lake. 

2.2.  Data and Its Sources 

For this investigation, the Digital Elevation Model 
(DEM) and multi-temporal Landsat datasets were 
utilized. Since Landsat satellites have provided 
data since 1972, therefore various Landsat series 
datasets were used. For this investigation, the 
cloud-free Landsat images for April, September, 
and December were gathered. Landsat (TM/ETM+/
OLI) images in total 12 were obtained from the US 
Geological Survey (USGS) as illustrated in Table 
1. The Study area has been covered in total four 
Landsat satellite tiles with paths and rows 149-34, 
149-35, 150-34, and 150-35. In specific, Landsat 
images for the years 1993, 2001, 2010 and 2020 
were acquired for comprehensive analysis.

2.3.  Data Analysis 

The spatial overlay technique was applied to the 
resulting layers of Normalized Difference Water 
Index (NDWI), Normalized Difference Glacier 
Index (NDGI), Normalized Difference Snow 
Index (NDSI), Land Surface (LST), and slope and 
flow accumulation (Table 2 and Figure 2). Based 
on this analysis, the risk areas were calculated 
for settlements around these selected lakes and 
surrounding glaciers.

For risk area identification, different indicators 
were studied and while performing weighted 
overlay analysis different weights were assigned to 
variables by using the Analytical Hierarchy Process 
(AHP) technique [24]. Maximum weight was 
assigned to Land Surface Temperature which was 
about 38% because it is the driving force behind the 
glacial behaviour, snow cover and expansion rate 
of lakes. 

 

Fig. 1. Location of the study area.

Satellite and sensors Bands used Spatial resolution (m) Month Year
Landsat 5-TM 2,3,4,5,6 30 Nov, Dec 1993
Landsat 7-ETM+ 2,3,4,5,6 30 Nov 2001
Landsat 5-TM 2,3,4,5,6 30 Nov, Dec 2010
Landsat 8-OLI/TIRS 3,4,5,6,10 30 April 2020

Table 1. Details of used landsat data.
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2.3.1.	 Calculation of TOA (Top of Atmospheric) 
spectral radiance

The thermal infrared band is converted to the Top 
of Atmospheric (TOA) spectral radiance through 
rescaling factors as mentioned in the metadata file 
of the Landsat satellite and measured through the 
equation below: 

Lλ =       

2.3.2.	 Land surface temperature (LST)

In the final step thermal infrared data can be 
obtained from spectral radiance to measure land 
surface temperature [25] to degree Celsius (°C) by 
utilizing the equation given below: 

LST = (K2/(In(K1/L) +1))-273.15

2.3.3.	 Normalized difference snow index (NDSI)

Snow is recognized using NDSI [26]. For mapping 
the snow extent, NDSI has been widely employed. 
The following formula was used for calculating 
NDSI.

NDSI=           

For Landsat 5 & 7:   NDSI =  

For Landsat 8:          NDSI = 

2.3.4.	 Normalized difference water index (NDWI)

NDWI is a method that was created primarily to 
designate open water features, improving their 
visibility while removing soil and vegetation 
elements [27]. The following formula is applied for 
calculating NDWI.

                       NDWI = 

Where NIR is near-infrared band reflectance. The 
same formula was used with the different band 
number for Landsat 5, 7 and 8.

For Landsat 5-TM:        NDWI =  

For Landsat 7-ETM+:   NDWI =  

For Landsat 8 (OLI):     NDWI =  

2.3.5.	 Normalized difference glacier index 
(NDGI)

A numerical indicator called the NDGI uses the 
green and red spectral bands to assist find and 
track glacial ice. The primary remote sensing uses 
of NDGI are for the detection and monitoring of 
glaciers. The following formula was applied for 
calculating NDGI.

                     NDGI

For landsat 5 & 7:          NDGI  =  

For landsat 8 (OLI):       NDGI  =  Fig. 2. Methodological framework.

Spectral indices Utility
Normalized Difference Snow  Index (NDSI) Maps that show where there is snow and where there isn't [28]
Normalized Difference Glacier  Index (NDGI) Identifying and mapping the snow-ice and ice-mixed debris class [29]
Normalized Difference Water Index (NDWI) Mapping surface water [30]

Table 2. Source and utility of spectral indices used in the study.
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2.4.    Analytical Hierarchy Process (AHP)

When one or more alternatives are compared to one 
or more pertinent criteria, a decision is made. The 
criteria is weighed according to their relative value 
to prioritize some of these criteria above others. To 
manage complex choice issue constellations, risk 
management and decision guidelines have been 
developed and put into use recently. These guidelines 
place a strong emphasis on risk communication 
and stakeholder involvement. One of the most 
effective and well-known methods for evaluating 
weight is the analytical hierarchy process (AHP), 
which was developed by Saaty [24]. Several natural 
hazard studies have employed the AHP approach, 
which estimates the eigenvalues of the components 
matrix and enables the evaluation of the judgments’ 
consistency [31]. It has already been described as 
one of the most promising strategies for weight 
improvement. 

In this study, through a review of the 
literature, some variables affecting GLOF events 
as referred to in Table 3, were shortlisted. These 
variables encompassed the glacial ice, snow cover, 
debris cover and climatic domains. These variables 
were assigned weights according to the pairwise 
comparison matrix suggested by Saaty [24]. 
Weights were assigned to gauge the impact of 
these variables on GLOF events by using the AHP 
technique. The AHP uses math and psychology 
to organize and analyze complicated decisions. It 
helps in assigning weights to indicators [12]. The 
weights for this study were finalized after taking 
expert guidance from field experts i.e. Pakistan 
Meteorological Department (PMD) and the Surface 
Water Hydrology Project (SWHP). Maximum 
weight was given to LST almost 38% and the 
minimum weight was given to slope almost 6% 
depending upon the variable which triggers most of 
the GLOF event.

3.    RESULTS AND DISCUSSION

GLOF risk identification involves early and 
continuous identification of flood events that if 
they occur will have severe impacts on physical 
infrastructure and human settlements. For risk area 
identification different analyses were performed to 
identify at-risk settlements in the study area, also 
considering site factors such as climate. 

3.1.  Expansion in Area of Lakes 

The lake’s rate of growth is crucial since it raises the 
amount and severity of flooding that could occur. 
Using Google Earth (GE) images, lake boundaries 
were digitally recorded over two years. Figure 3 
shows the boundary of Borith and Passu Lake in 
two different years. The change in the boundary of 
lakes can be easily detected. The result shows that 
the Borith Lake area has increased from 1985 to 
2020 and the Passu Lake has also increased from 
2005 to 2020. The Passu Lake was identified as high 
potential GLOF by the Pakistan Meteorological 
Department in 2015. It is because the melting of 
glaciers brought on by the recent increase in global 
temperatures led to the expansion of lakes [32].

Indicators LST NDSI NDGI NDWI Slope SUM nth root Priority vector (PV) %
LST 1.00 2.00 3.00 4.00 5.00 15.00 0.68 0.39 38.76
NDSI 0.50 1.00 2.00 3.00 4.00 10.50 0.48 0.27 27.13
NDGI 0.33 0.50 1.00 2.00 3.00 6.83 0.31 0.18 17.66
NDWI 0.25 0.33 0.50 1.00 2.00 4.08 0.19 0.11 10.55
Slope 0.20 0.25 0.33 0.50 1.00 2.28 0.10 0.06 5.90
Sum 2.28 4.08 6.83 10.50 15.00 38.70 1.76 1.00 100
Sum PV 0.885 1.108 1.207 1.108 0.885 5.192 0.24 0.13

Table 3. Pairwise comparison matrix of GLOF variables.

Fig. 3. Expansion in area of lakes.

	 Spatio-Temporal Monitoring and Risk Mapping of Glacial Lake Outburst Flood	 287



Figure 4 shows the graphical representation of 
lake area changes. In 2005 the area of Passu Lake 
was 0.0742 sq km which increased in 2020 and is 
about 0.0778 sq km. The same is true for Borith 
Lake, whose area expanded from 0.0595 sq km in 
1985 to 0.0742 sq km in 2020. 

3.2.  Flow Accumulation

Figure 5 shows the high value of flow accumulation 
across the selected lakes of Hunza Valley.  
Furthermore, the result shows that some tributaries 
of the Hunza River are passing through some 
villages namely, Hussaini, Ghulkin, Gulmit and 
Passu. As a result, these villages are at high risk if 
any GLOF flood occurs.

3.3.  GLOF Risk Mapping

Figure 6 shows the risk mapping applied to identify 
the potential of GLOF flood risks in the selected 
study area, the weighted overlay analysis was 
performed to extract the risk areas.  The result 
shows that almost all the settlements across 
selected villages are in the moderate risk zone. But 
the settlements along the river Hunza valleys are at 
high risk. 

3.4.  Buffer Zone Identification 

To identify risk zones around glaciers, a buffer of 
10 km was applied around the Passu, Ghulkin and 
Gulmit glaciers. Khadka et al. [12] used the same 

Fig. 4. Increase in area of lakes.

Fig. 5. Flow accumulation of Hunza.

Fig. 6. GLOF risk map of Hunza.

Fig. 7. Buffer zone identification.
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distance to identify zones around glaciers in the 
Mahalangur Himalaya region. Figure 7 shows that 
the selected lakes and settlements under the buffer 
zone have extreme flood vulnerability that can be 
very destructive if any GLOF occurs.
 
4.    CONCLUSIONS

In the present study, GLOF risk was calculated 
using datasets from 1990-2020 in the selected lakes. 
Different weights were assigned to different variables 
to calculate risk. The Pakistan Meteorological 
Department (PMD) and Surface Water Hydrology 
Project (SWHP) were consulted as an expert in this 
regard to assist us in weighting the variables. AHP 
is essential in this study as it allows for systematic 
weighting of various risk factors, leading to a more 
precise and informed GLOF risk evaluation and 
has been used in similar research [12, 31].  LST 
was given the most weight because it is the primary 
factor contributing to the rise in temperature. The 
study concludes that the settlements along river 
valleys are at high risk and settlements away from 
the river are at low risk. The Areas of selected lakes 
also increased over the past decade. The outcome 
also showed that Borith Lake’s area expanded, 
going from 0.059 km2 in 1985 to 0.074 km2 in 
2020. Passu Lake’s area also grew, going from 
0.074 km2 in 2005 to 0.077 km2 in 2020. Further 
studies have revealed that the volume and area 
of glacial lakes particularly Borith and Passu are 
shown to be increasing signalling a growing risk of 
GLOF events [33-35]. This increase in areas has the 
potential to be a significant threat to the GLOF and 
the settlements and other properties around selected 
lakes. The extremely vulnerable locations are found 
close to lakes and rivers, such as some communities 
along the Hunza River downstream of Passu Lake. 
The likelihood of Passu Lake bursting is low due to 
its natural drainage, but the projected losses in the 
event of GLOF are enormous. Hunza’s Shimshal 
Valley has seen flooding from glacier lakes in the 
past. GLOF episodes have been documented in the 
Hunza valley, hence the glaciers of Hunza Nagar 
valley need to be watched for their lakes. 16000 
people of Karimabad, 2005 people of Aliabad, 
5000 people of Gulmit and people of surrounding 
settlements are at high risk if a GLOF event occurs. 
The study has taken LST, NDSI, NDGI, NDWI, 
and slope as the key parameters triggering the 
GLOF events in the major cryosphere areas, as the 
change in these variables due to climate changes, 

is making the region even more vulnerable. This 
study has provided a mechanism and application 
for the accurate risk mapping, damage assessment, 
and monitoring of glacier lakes and GLOFs. The 
results of this study will help build early warning 
systems in sensitive areas and reduce the negative 
effects of future GLOF events in the Hunza 
watershed. Future GLOF studies should investigate 
the long-term impacts of climate change on glacial 
lake dynamics and develop sustainable land-use 
practices to reduce vulnerability in high-risk areas.
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Abstract: Failure analysis of rock slope is a core topic in rock mechanics and geotechnical engineering. This paper 
simulates the failure mechanism of a rock slope formed by mudstone at Girdu, Pakistan. Initially, site surveys and 
laboratory experiments were carried out to measure slope geometry and input shear strength properties of the material. 
The geotechnical structure and model analyzing computer program (GeoSMA3D) was used to determine the stability 
of the main slippery blocks. A shear strength reduction method was selected in a three-dimensional distinct element 
code (3DEC) to examine the failure mechanism, the factor of safety (FS), shear strain concentration, and displacement 
of slope at various monitoring points. Furthermore, the effect of the rock slippery block, slope angle, and slope 
height on failure modes of slope were assessed. The present results showed that the studied section is prone to big 
planer failure at both maximum and minimum strength properties. Slope angle and height significantly influenced the 
failure characteristics of rock slope . It is inferred that these parameters must be precisely considered during slope 
reinforcement design. 

Keywords: Rock Slope, Stability Analysis, Factor of Safety, GeoSMA3D, 3DEC.

1.	 INTRODUCTION

Landslides are one of the most common geological 
natural hazards. Every year, many disastrous 
landslides occur all over the world, causing loss 
of property and life [1, 2]. This causes significant 
fatalities, economic losses injuries, and property 
damages. In the past decades, many methodologies 
have been proposed to reduce the risk of harm 
caused by rock failure. For highway planners slope 
failure hazards are the major concern for vehicle 
transportation and economic opinion [3, 4]. Slope 
failure mechanisms mostly depend on material 

strength, geological conditions, climatic conditions, 
hydrological conditions, slope geometry, and 
discontinuity characterization [5, 6]. Slope failure 
includes lateral spread, erosion, toppling, wedge 
sliding, creep, rotational landslides, tension 
cracking, translational landslides, squeezing, rock-
fall, and sliding after loss of toe support [7].

Slope failure is a type of shear failure that 
causes detachment of unsupported rock material. 
Sometimes, rock failure can be naturally under the 
influence of gravity, like freeze-thaw cycles slide 
[8], or seismic exertion [9]. Therefore, the motion 



of rock fall is mostly dependent on the volume of 
the sliding surface, its geometry, the shape of the 
sliding blocks, slope inclination angle, and surface 
irregularities [10]. Sometimes slope failure occurs 
due to the effect of heavy machine movement 
and blasting [11]. However, the displacement of 
rounded-shaped blocks was more than compared 
to square-shaped blocks [12].  The height of the 
slope, its dip angle, and the volume of the sliding 
surface categorize the motions of the rock slope. 
In previous studies, four types of rock motion have 
been discussed, such as sliding, bouncing, free fall, 
and rolling [13]. The simulation of the rock failure 
mechanism is a complex process that plays an 
important role in understanding rock-fall hazards. 
During rock slope stability analysis, estimating 
safety factors is a difficult and important task. 
For this purpose, a great effort has been made to 
develop a suitable computer code that can directly 
and efficiently simulate slope stability factor and 
displacement. In previous studies, Wang et al. 
[14] established GeoSMA3D software to judge the 
stability of rock blocks. Liu et al. [15] applied the 
UDEC simulator to study the effect of blasting on 
jointed rock slopes. Sarkar et al. [16] assessed slope 
stability and landslide hazard by  finite element 
analysis. Singh et al. [17] selected finite element 
computer code to simulate the stability of road-cut 
cliffs in basaltic rock mass. Zhao et al. [18] used 
unmanned aerial vehicle (UAV) photogrammetry 
to investigate the stability of rock cliff faces and 
multistep rock slopes. Kou et al. [19] used the article 
hydrodynamics method to study the progressive 
failure process of jointed rock slope. Gautam and 
Mehndiratta [20] applied FLAC2D to analyze the 
rock slope stability considering an infilled planer. 
These studies computed the stability of rock 
considering joints ignoring key slippery blocks. 
Also, no one simulated the failure mechanism of 
rock slopes formed by mudstone.

In the present study, geotechnical structure 
and model analyzing (GeoSMA3D) software 
was first applied to simulate the stability of rock 
slippery blocks. Then, 3DEC was used to simulate 
the stability of a rock slope formed by mudstone 
at station point 5 + 800, Girdu, Pakistan. Finally, 
the effect of several parameters on the slope failure 
profile was studied using 3DEC software. 

2.    STUDY AREA AND GEOLOGY  

Girdu Hill Station is located in the Suleiman 
Mountains near Fort Munro, Pakistan. The 
Suleiman Mountains are a mountain range in 
Pakistan, located in the central part of the country 
as shown in Figure 1. These are the southern part 
of the Hindu Kush Mountains and extend into the 
Baluchistan, Khyber Pakhtunkhwa, and Punjab 
Provinces. The Girdu  hilly area separates the 
Punjab province from  the Baluchistan province. 
The eastern face of the Girdu hills dip steeply to 
the Indus River and its altitude is 1800 meters. The 
National Highway N70 transects the Girdu Hill 
Station, making it a pivotal route for travelers and 
goods transport. It is 85 (Km) away toward the west 
of the City. The National Highway N70 connects 
the Punjab province to the Baluchistan province. 
The geological formation of the rock is mudstone. 
Physical analysis of rock slope shows three 
dominant discontinuity sets J1, J2 and J3 dipping at 
different angles, as shown in Figure 2. Discontinuity 
sets have incessant lengths in the range of several 
meters. The discontinuity J1 dips towards the road 
and J1, and J2 dips in the direction of the hill. The 
orientation of the discontinuities was judged during 
the field investigation as presented in Table 1. The 
true dip and dip direction of discontinuity were 
measured by a geological compass. The height 
and the length of the slope are 20 (m) and 500 (m), 
respectively, which is measured with a total station. 

Fig. 1. Site location map (a) and road alignment in red 
color (b).

Fig. 2. Topographical, joint distribution, and rockfall at 
the station (5 + 800).
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3.    METHODOLOGY

3.1. Laboratory Experiments 

A uniaxial test is performed to estimate the 
mechanical properties of mudstone at various 
axial stresses (σ). Figure 3 shows the mudstone’s 
results and deformation modes. Density, cohesion 
(c), and internal friction (ϕ) were determined by 
the uniaxial test (Table 2). The normal and shear 
stiffness of joints were estimated from the rock 
mass modulus, intact rock modulus, and joint 
spacing, assuming that the deformability of rock 
layers is due to the deformability of the intact rock 
and the deformability of the joints.

3.2. Identification of Slippery Blocks

During the field survey, two types of failure surfaces 
of the slippery blocks were noticed (Figure 4).  The 

first type was formed due to the intersection of the 
slope surface with the slope shoulder, and the other 
type was formed by the slope face and discontinuity 
intersection. The dip angles of these surfaces are θ1 
and θ2, respectively. The coordinates of the slope 
shoulder are (x1, y1, z1) and (x2, y2, z2). Several blocks 
are formed on the slope face due to the presence of 
joints. The presence of the rock blocks on the face 
of a slope increases the instability resulting in slope 
failure [20]. Joint surfaces were traversed with the 
slope shoulder. The slope coordinates are governed 
by the following Equation (1).

                                                     (1)

The radius of the slope is r, the center of 
coordinates is x0, y0, z0 and the dip direction is α. 
So, with the help of a normal vector (l, m, n) the 
equation of the joint plane can be expressed in 
Equation (2) as:

                      (2)

Equation (3) will be tested if there is a factual 
resolution from Equations (1) and (2) as:

                 (3)

If the attained factual result satisfies Equation 
(3), this means that the slope shoulder and joint 
plane intersect with each other. So, both Equations 
(4) and (5) can be applied to judge the joint plane i 
and j respectively, as:

( ) ( ) ( )

1 2

1 2

1 2
2 2 2 2

0 0 0

x x x
y y y
z z z

x x y y z z r

≤ ≤
 ≤ ≤
 ≤ ≤
 − + − + − ≤

Discontinuity True dip (°) Dip direction (°)
JI 41-7 302-3
J2 66-2 279-9
J3 91-1 173-4
Flaws 13-5 069-2

Table 1. Discontinuity orientation at the study area.

Fig. 3. Experimental results and deformation of 
mudstone sample.

Material Density
(g/cm3)

c
(MPa)

ϕ
(°)

Kn
(GPa/m)

Ks
(GPa/m)

Rock

Mudstone

2.03

1.61

3.54

0.08

32

22.9

25.27

22.67

6.1

5.73

Table 2. Mechanical properties of cut slope material 
maximum and minimum values.

Fig. 4. Sliding model showing the failure mechanism for 
double failure surface.
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                                        (4)

                                        (5)

For the top of the cut slope, the plane equation is:

                                             (6)

If Δ =  = 0, then Equations (4), (5), 

and (6) have no factual solutions, and discontinuity 
planes i and j seem on the crest of the cut slope. In 
contrast, the factual solution is explained as:

                                         (7)

                                                                     (8)

Then, within the joint planes i and j, Equation 
(9) has been used to evaluate the corresponding 
joint planes.

                        (9)    

Where xi, yi, and zi are coordinates, xj, yj, and zj are 
midpoints of discontinuity planes, and ri and rj are 
the radii. Results can lead to the ultimate judgment 
of obtainable slippery blocks.

Equation (5) satisfies Equation (6) and 
Equation (7) based on discontinuity planes, 
coordinates, and radius of the failure surface. This 
solution leads to the final judgment of sliding 
surfaces, sliding blocks, and the corresponding 
radius of the slip circle of the slope [21].

3.3. Slippery Block Stability Calculation

After getting the coordinates, dip direction (α), 
and dip angle (β) of the sliding plane, the cosine 
of the inclination (θ) is calculated from the spatial 
geometry of the sliding surface. In the sliding 
mechanism, two sliding surfaces detached from the 
parent rock at the same time, when the coordinates 
of two points A and C are (xa, ya, za) and (xc, yc, zc), 
respectively. The angle between the two surfaces 
was θ1 and θ2, which satisfies Equation (8). So, the 
FS of the double sliding model can be elaborated as 

and

Equation (9). The energy equation of the model can 
be shown as Equation (10).

                                               (10)

Where , , 
, β is the dip of structure and α is the inclination 
of structure. A block moves smoothly across the 
surface, and its shape is illustrated in Figure 5. In 
this model, the FS of the block can be calculated by 
Equation (11) as:

                      (11)

Where, ϕ1, ϕ2 and c1, c2 are friction and cohesion of 
the cut slope material, respectively, and θ is the dip 
of the intersection of the slipping plane S1 and S2. 
In Equation (11) N1, N2 is the normal force of the 
slipping planes and fulfills Equations (12) and (13). 
Where θ1 and θ2 are the angles between the upper 
normal of the plane.

               (12)

          (13)

Finally, the factor of safety for each slippery block 
can be calculated by using Equation (14).

                        (14)

In Equation (14) fsi is the safety factor of the block. 
ϕ1, ϕ2, and c1, c2 are friction and cohesion of the cut 
slope material, respectively, and θ is the dip of the 
intersection of the slipping plane S1 and S2. N1, N2 is 
the normal force of the slipping planes. θ1 and θ2 are 

( ) ( ) ( )
2 1

2 2 2
1 2 1 2 1 2

sin z z

x x y y z z
θ −
=

− + − + −
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1 2

1 2
1 2 1 2

cos sin cos sincos
sin sin
G GN G N Nθ θ θ θθ

θ θ θ θ
= = =

+ +

1 1 2 2 1 1 2 2tan tan
sinsi

N N c S c Sf
G

ϕ ϕ
θ
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=

Fig. 5. Double sliding surface model.
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the angles between the upper normal of the plane 
and G is the gravity of the block.

4.    SLIPPERY BLOCKS CLASSIFICATION

4.1. GeoSMA3D Computer Code

Wang et al. [14] developed a 3D numerical slope 
stability analysis computer program (GeoSMA3D) 

for identifying rock sliding blocks. This program 
can simulate a discontinuity network, the number 
of slippery blocks, its sliding planes, the volume 
of blocks, and the corresponding FS [21]. The flow 
chart in Figure 6 shows the scheme of analysis and 
the development of the program.

4.2. Sliding Blocks Stability Simulation

Rock block theory and a three-dimensional 
numerical slope stability analysis computer 
program GeoSMA3D are used in the current study 
to simulate the FS of each slippery block. The main 
analysis procedures include three-dimensional 
discontinuity network simulation of slope, closed 
block identification, removable and slippery 
block identification, FS calculation, joint plane 
simulation, and volume and sliding faces of blocks 
determination through this software [10, 21, 22].

The slope was modeled with a length of 60 m, 
width of 80 m, height of 40 m, and crest of 20 m 
in GeoSMA3D software as shown in Figure 7. The 
dip angle was determined as 60°. Then the value 
of internal friction angle and cohesion were taken 
from Table 2. 

The method presented by Wang and Ni [21] 
is selected within the framework of GeoSMA3D to 
compute the stability of each slippery block and the 
results are shown in Figure 8. Joints are indicated 
by the trace lines. The pattern of the slippery blocks 
yields the shapes of all wedge blocks. Most of the 
slippery blocks were tetrahedrons or hexahedrons. 
The distribution, shape, and position of all the 
slippery blocks of the rock slope. The safety factor, 
volume of slippery blocks, and the number of sliding 
faces of each slippery block were determined. The 
slippery block whose FS is smaller than one harms 
the stability of the whole slope. 

5.    STABILITY SIMULATION

5.1.	Models Parameters and Failure Criterion 

According to slope geometry, a possible model is 
created in 3DEC software (Figure 9). The material 
strength parameters are assigned according to 
Table 2. Mohr-Coulomb yield criterion is selected 
to model the material behavior. The stability of 
the whole slope is simulated via the shear strength 
reduction method. In this paper. The rock slope 
model is divided into hexahedral blocks composed 
of hexahedrons 4 m in size. Then this slope model is 
imported into the three-dimensional distinct element 
code (3DEC) as a numerical model. The number 
of blocks and apexes in the numerical model were 

Fig. 6. Flowchart scheme showing the stability analysis 
procedure in GeoSMA3D, after Wang and Ni [21]. Fig. 7. Slope model with joint planes.
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18389 and 112464, respectively. Each hexahedron 
is assumed as a rigid block in the numerical model. 
The input properties for the jointed rock slope and 
discontinuities are presented in Tables 1 and 2. It 
should be noted that the parameters for the virtual 
joints formed by the interfaces between blocks need 
to be carefully determined based on the lithology 
of the rock mass. In Table 1, γ is the unit weight, 
c is cohesion, ϕ is the internal friction angle, Ɠ is 
the shear modulus, Ɓ is the bulk modulus, ƙn is the 
normal stiffness of the discontinuity, and Ƙs is shear 
stiffness of the discontinuity.

3DEC uses the shear-strength reduction 
method (SRM) to perform the stability analysis of 
geotechnical structures. Several simulations were 
executed by increasing the trial value of reduction 
factor (f) until slope failure. The safety factor 
(FS), at failure, equals the trial value of f [23]. In 
the strength reduction technique, the φ and c are 
reduced at different trial values of SRF until cut 
slope failure occurs as:

                                                                (15)

                                                 (16)

Where cf is reduced cohesion and φf reduced internal 
friction angle. 

The failure of the slope has two obvious 
characteristics in the 3DEC modeling process: (i) 
there is no slippery block, and most of the blocks 
on the entire slope are nearly static; although a few 
blocks are displaced, these blocks are not moved 
out of the boundary of the model, as shown in 
Figure 10(a). (ii) A small number of blocks will slip 
out of the model boundary, which also triggers the 
movement of some other blocks. Some blocks will 
become unstable and eventually induce large-scale 
sliding (Figure 10b). 

6.    RESULTS AND DISCUSSION

In the current study, rock slope stability was 
simulated through numerical modeling. Rock block 
theory within the network of GeoSMA3D software 
was used to identify slippery blocks and the stability 
of each slippery block. The relationship between the 
number of slippery blocks and the corresponding 
FS of each slippery block was assessed. It has been 
observed that most of the slippery blocks have a 
value of FS less than one, and only three blocks 
have an FS of more than 1.1; these three blocks 
have distinct key blocks [24]. For that reason, this 
can be decided that the proper dressing of the rock 
slope is favorable to improve the stability along the 
road.

To study the cut slope stability, two different 
slope angles of 45° and 60° were selected, because 

Fig. 8. All Slippery blocks in red color. Shapes of 
slippery blocks (a1, b1) and location of slippery blocks 
(a2, b2).

Fig. 9. Geometry of slope and joint position.
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the slope angle ranges from 45° to 60°. Figure 11 
shows a schematic diagram of the slippery blocks 
searched at slope angles of 45° and 60°. The 
volume of block and FS was largely affected by 
the slope angle [25]. The safety factor decreased as 
the number of block sliding faces increased. This 
can be seen that as the slope angle becomes larger, 
the number of slippery blocks maintains a certain 
range, but the overall sliding surfaces of the block 
and the volume of each block have increased on a 
large scale [26]. Meanwhile, the safety factors of 
block number 1, 19, and 22 are larger than 1.1, when 
the slope dip is considered as 45° (Figure 11a). In 
addition, the FS of block numbers 2, 13, and 18 are 
more than 1.1 when the slope dip is considered as 
60° (Figure 11b). These blocks could improve the 
stability and reinforcement measurement quality of 
rock slopes.

The concentration of shear stress in different 
zones of slope is examined, as shown in Figure 
12. The maximum concentration of shear stress of 
5.945x103 MPa is observed at the upper part of the 

slope. At the slope toe, the maximum shear stress 
of -3.00x105 is recorded. At six monitoring points, 
the displacement history of the slope is studied 
via 3DEC considering two different slope angles 
and heights. The x-displacements were rising in 
monitoring locations near to slope crest as shown 
in Figure 13. When the slope angle was 45°, the 
maximum x-displacement of 14 cm at monitoring 
location M6 was recorded.

Fig. 10. (a) Zero slippery block, and (b) few slippery 
blocks.

Fig. 11. Relationship diagram between block sliding 
faces and corresponding FS. (a) The slope angle is 45°, 
and (b) the slope angle is 60°.

Fig. 12. Contour of shear stress and six various 
monitoring points.
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The maximum x-displacement of 16 cm 
at monitoring location M6 was observed when 
the slope angle was 60°. It means, that as the 
slope angle rose the x-displacement also rose 
significantly. This is because of a higher angle, 
which produces more gravity resulting in a higher 
value of displacement. At monitoring locations M1, 
M2, and M3, the x-displacement was lower than 
that of the monitoring locations M4, M5, and M6. 
The higher value of displacement around the crest 
can cause big planner failure of the slope. So, the 
upper part of the slope needs more attention during 
slope reinforcement design.

Considering different heights of slope, the 
x-displacement history plot is presented in Figure 
14. Slope height has a remarkable effect on slope. 
At slope heights of 40 m and 60 m, the maximum 
x-displacement of 16.4 cm and 21 cm was recorded, 
respectively. The horizontal displacement of the 
slope first suddenly increased at a time of 10, and 
after that, it maintained the same value. Almost 
similar observations were noted in all cases. The 

magnitude of displacement in the first case was 
higher as compared to the second case. Based on 
numerical investigations, strain concentration, and 
displacement history plots indicate that the mud 
rock slope is most likely to fail by the big planner 
at the top.

7.    CONCLUSIONS 

In this research, GeoSMA3D and 3DEC software 
were used to analyze the stability of rock slope form 
by mudstone. From the numerical simulations, the 
following conclusions are drawn:
1.	 Rock block theory is adopted within the 

framework of GeoSMA3D software to search key 
slippery blocks. Block volume, block sliding 
faces, and corresponding FS were determined 
by the numerical tool. Results suggest that most 
of the blocks have FS less than one.   

2.	 The progressive failure of the cut slope was 
examined by the strength reduction method 
within the system of 3DEC. This was computed 
from the shear strain and displacement contour 

Fig. 13. Displacement history plot at various monitoring 
points. (a) The slope angle is 45°, and (b) the slope angle 
is 60°.

Fig. 14. Displacement history plot at various monitoring 
points. (a) Slope height is 40 m, and (b) slope height is 
60 m.
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plots at different slope angles and heights. 
Increasing the slope angle and height increase 
in x-displacement is recorded. Numerical 
outcomes showed that a big planner failure can 
take place at the upper portion of the slope. 

3.	 Numerical results suggest that slope angle 
and height are important factors that affect the 
failure modes of slope. Results also indicate 
that the slope is unstable. Therefore, it needs to 
take proper slope reinforcement measures.          

This study only considered static loads, so in future 
research dynamic loads and rainfall intensity must 
be taken into account for better understanding.
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Abstract: Metal oxides nanoparticles (NPs) are becoming more and more significant day by day in a variety of fields, 
due to their unique physical, biological and chemical properties that have made them popular. In the current study, 
we developed a green chemistry method that is easy to use, cost-effective, safe for the environment, and produces 
trimetallic oxide (CuO-ZnO- MnO) nanoparticles using an aqueous leaves extract of Ocimum basilicum. The sequential 
reduction of zinc chloride, manganese chloride, and copper chloride solutions resulted in the production of trimetallic 
oxide (ZnO-MnO-CuO) nanoparticles within 5 minutes at 35 °C, indicating a faster reaction rate than the chemical 
techniques used before for such synthesis.Trimetallic oxide nanoparticles (NPs) were charecterized by FTIR, SEM-
EDX, XRD, and UV-visible spectropic techniques. A characteristic Surface Plasmon Resonance (SPR) band to confrm 
trimetallic oxide nanoparticles (NPs) synthesis was observed at ~450 nm of λ light by UV–Visible spectrophotometer. 
There were noticeable peaks in the FTIR spectra which confirmed the presence of variuos functional groups in 
the trimetallic oxide NPs. SEM  results showed the shape and polydispersive nature of the NPs, the existence of 
Mn, Cu, Zn, and O atoms was confirmed by EDX. The findings of the XRD results also confirmed the synthesis of 
nanoparticles. Synthesized trimetallic oxide (CuO-ZnO-MnO) nanoparticles were screened for antibacterial activity 
against Escherichia coli (Gram-negative) and Staphylococcus aureus (Gram-positive). The agar well diffusion assay 
revealed that trimetallic oxide (CuO-ZnO-MnO) nanoparticles have the highest efficacy against Staphylococcus 
aureus. As a result, trimetallic oxide nanoparticles may be effective antibacterial agents in the pharmaceutical sector. 

Keywords: Trimetallic Oxide Nanoparticles, Green Synthesis, Structural Characterization, Antibacterial Activity.

1.	 INTRODUCTION

Nanoscience is a research endeavor aimed at gaining 
full control over atomic and molecular surfaces. This 
branch of science describes molecular engineering 
to create functional structures (at nanoscale). 
Significant progress has been made in the last 20 
years, even though this scientific field is still in 
its early stages and is expected to grow quickly 
in the future. The importance of nanoparticles 
has increased due to the advancement in chemical 
sensors, microelectronics, and magnetic data storage 
devices  [1]. Planning, synthesis, implementation, 
and understanding of the basic phenomena and 
physical properties of nanomaterials are all part of 
nanotechnology [2, 3]. Nanoparticles are particles 
that range from 1 to 100 nanometers for laboratory 

uses and that increase from 1000 nanometers in size 
are used for industrial purposes [4, 5]. Individual 
atoms or molecules, as well as bulk materials, are 
sufficiently distinct from nanoparticles.

Nanomaterials have exceptional chemical, 
magnetic, and optical properties because of their 
greater surface area to volume proportion, making 
them extremely useful [6]. Because of their possible 
properties in plasmonic, metal oxide nanoparticles 
have attracted the interest of researchers [7]. 
Numerous methods were reported for the synthesis 
of nanomaterials with desired properties [8-
13]. Since the properties of nanomaterials are 
dependent upon their size, hence a suitable method 
for controlling the nanoparticle’s size is needed. 
Nanoparticles are synthesized by the chemical, 



physical, and green approaches. Green chemistry is 
the key to design chemical products that eliminates 
the use of hazardous chemicals [14]. Besides 
various chemical and physical approaches, green 
synthesis for the production of nanomaterial is 
gaining popularity. As a reducing and precipitation 
agent, plant leaves, stem or root extract, or any 
other biomaterials are used in the green process. 
Plant used in current study is Ocimum basilicum 
(Figure 1). The common name is Basil, Sweet Basil 
in English, as Babuli Tulsi in Bengali and Hindi. 
Ocimum basilicum has a lot of medicinal values 
as pain-relieving activity, anti-swelling action, 
anti-microbial activity, anti-oxidant action, anti-
ulcer activity, cardiac stimulating action, chemo 
modulatory activity, hepatoprotective activity, and 
hypoglycemic action.

Metal nanoparticles are classified as 
monometallic, bimetallic, and trimetallic. 
Bimetallic  and trimetallic nanoparticles have 
stronger catalytic activity and better performance in 
various fields than monometallic nanoparticles, 
as trimetallic nanoparticles can be used as 
heterogeneous nano-catalysts in a variety of organic 
processes [15, 16].  Trimetallic nanoparticles have 
been recently explored, because of their novel 
physicochemical features caused by the synergetic 
properties of their monometallic complements [17]. 
Trimetallic nanoparticles have gained familiarity 
due to their exceptional characteristics, strong 
features, as well as creative applications [18-21] in 
cancer therapy and diagnosis, catalytic applications, 
antimicrobial activities and active food packing. 
Nano-scientists and researchers worked for nano-
size as well as fine geometry of multi-metallic 
nanoparticles as a heterodimer, core, and amalgams 
to improve their catalytic performance [22-24].

The present study aimed the synthesis of 
trimetallic oxide (CuO-ZnO-MnO) nanoparticles 
by using green method. Significant antimicrobial 
activity was also explored against various bacterial 
stains.

2.    MATERIALS AND METHODS 

The chemicals utilized were all of analytical grade 
and purchased from reputable vendors. The plant 
(Ocimum basilicum) was obtained from Jinnah 
Garden, Lahore, Pakistan.

2.1.  Preparation of Extract 

To prepare plant extract, plant powder (12 g) was 
mixed to distilled water (100 mL) with continuous 
stirring at 40 °C for 45 minutes. Prepared plant 
extract was chilled and filtered. 

2.2.  Synthesis of Trimetallic Oxide Nanoparticles 

Leaf extract was mixed with 0.25 M equimolar 
salt solution of Zinc chloride, Copper chloride and 
Manganese chloride in 1:1 ratio. In the reaction 
mixture 100 mL of leaf extract was added in 
100 mL of salt solution at 35 °C. Distilled water 
was used to wash the synthesized NPs. Reaction 
medium was left for 30 minutes at 25 °C to settle 
down nanoparticles. The pellets of nanoparticles 
were attained after centrifugation at 2000 rpm. 
Nanoparticles were dried at 45 °C in oven for 23 
hours. Dried NPs were calcined in muffle furnace 
at 550 °C for 1 hour. The flow sheet diagram for 
the synthesis of trimetallic oxide nanoparticles is 
shown in Figure 2.

2.3.  Characterization Techniques

Different instruments were used for the synthesis 
and chareterization of  trimetallic oxide (CuO-ZnO-
MnO) nanoparticles: Electronic balance (FA2004). 
pH-meter (Cyberscan 500PH), Desktop constant 
temperature drying oven (WHL25A), Centrifuge 
machine (GY773), Digital autoclave (HICVAVETTI 
HVE-50), Muffle furnace (SX-2.5-10), UV-Visible 
(Ultra-3000) spectrophotometer, FTIR (Cray 360 
FTIR) spectrophotometer, X-Ray diffractometer 
(AXS SMART APEX-I), and Scanning Electron 
Microscope (HITACHI S-3400N).

Fig. 1.  Ocimum basilicum Plant.
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3.    RESULTS AND DISCUSSION

Various spectroscopic techniques, such as UV-
Visible, FTIR, XRD, SEM-EDX were employed 
to characterize the synthesized trimetallic oxides 
(CuO-ZnO-MnO)  nanoparticles.

3.1.  UV-Visible

Trimetallic oxide (CuO-ZnO-MnO) NPs were 
characterized by UV-Vis  spectrophotometer. This 
technique was also used to monitor the production 
of trimetallic oxide nanoparticles. The colour of 
reaction medium was changed from dark  brown 
to colloidal light brown, demonstrating the surface 
plasmon resonance effect (SPR) of trimetallic oxide 
nanoparticles. After the formation of nanoparticles, 
the clear aqueous extract solutions transformed 
into colloidal solutions. The results showed the 
absorption maximum at 280-370 nm that matches 
with ranges reported (CuO-ZnO-MnO) [25].  The 
absorption peak given in the Figure 3,  represents 
the surface plasmon resonance phenomenon that 
occurs when nonbonding electrons were excited 
to an upper energy state, from the ground state as 
indicated by the shift in colour from dark brown 
to light brown. The reasonably strong absorption 
peaks of trimetallic oxide NPs specify the NP 
distribution’s monodispersed character [22, 23].

3.2.  FTIR 

FTIR has been employed to confirm the different 
functional groups present in plant extracts 
that are responsible for bio-reduction of metal 

ion to  trimetallic oxide NPs  and consequently 
their  stabilization. Figure 4 and 5 showed FTIR 
spectra of studied plant extracts (Ocimum 
basilicum) as well as trimetallic oxide nanoparticles 
derived from the extract, respectively. The O-H 
stretching vibrations for alcohols and phenols at 
3500-3200 cm-1 appeared as broad band in extract 
[25], while the same appeared as narrowed band 
in nanoparticles. The peak at 1640 cm-1 confirmed 
the stretching vibrations of C=O in carboxyl and 
bending vibrations of C=N present in the amide 
functional group of flavonoids, phenolic acids, and 
other compounds [26].  The bands around 424, 568, 
and 635cm-1 are assigned to trimetallic bonding 
with oxygen (ZnO, CuO [27], and MnO [28] bands 
from hydroxyl groups [29, 30]. The FTIR spectrum 
of the trimetallic oxide nanoparticles attained from 
leaf extracts showed the occurrence of a number 
of functional groups (Table 1) connected with 
active phytochemicals like as flavonoids, aromatic 

Fig. 2. Flow sheet diagram representing green synthesis of trimetallic oxide nanoparticles.

Fig. 3. UV-Visible spectrum of trimetallic oxide 
nanoparticles.
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compounds, and phenolic acids, among others, 
which were most probably to be responsible for 
bio reduction of metal precursor and capping of 
synthesized trimetallic nanoparticles.

3.3.  XRD

This technique was used to measure the crystallinity 
of nanoparticles. The XRD measurements was 
carried out by using Bruker AXS D8 Discover 
diffractometer at 40 kV, with 35 mA at room 

temperature. The diffracted angle 2θ was selected 
from 10° to 80° (Figure 6). The interplanar spacing 
between atoms of nanoparticles was studied by 
using Bragg’s law: 

nλ = 2d sinθ                           (1)

Where, θ is diffraction angle, λ is wavelength of 
X-ray radiations of Cu K-α which is 1.5406 Å, d is 
interplanar spacing and n = 1, 2, 3, 4….

The XRD peaks of green synthesized 
trimetallic oxide (CuO, MnO, ZnO) nanoparticles 
of Ocimum basilicum leaf, at diffracted angles 
20.18°, 35.6°, 39.26° and 56.22°were indexed 
as (100), (021), (111) and (160) planes for MnO, 
respectively (JCPDS card No. (04-0326)), which 
indicated Orthorhombic symmetry for MnO 
nanoparticles. For ZnO nanoparticles, diffracted 
peaks at 31.77°, 35.6°, 47.16°, 56.22°, and 67.43° 
were indexed as (100), (101), (102), (110) and (112) 
indexes planes, respectively. These peaks showed 
resemblance with those described in JCPDS card 
No. (36-1451) which indicated Hexagonal ZnO 
nanoparticles Barzinjy and Azeez [32]. For CuO 
nanoparticles, diffracted peaks at 31.77°, 35.6°, 
39.26°, 47.16°, 49.88° and 67.43° were indexed 
as (-110), (002), (200), (-112), (-202) and (113) 
indexes planes, respectively. These peaks showed 
resemblance with those described in JCPDS card 
No. (45-0937) which indicated Monoclinic shape 
for CuO nanoparticles crystal.

Moreover, the XRD spectrum showed few 
impurity peaks in addition to distinctive CuO, ZnO 
and MnO nanoparticles peaks, which indicated the 
presence of impurities in synthesized nanoparticles. 

Fig.  4. FTIR spectrum of Plant Extract.

Fig. 5. FTIR spectrum of trimetallic oxide nanoparticles.

Wavenumber (cm-1) Functional groups
3568 O-H stretching
3119 Aromatic C-H stretch
2949 C-H3 stretch
2330 Stretching of CO2, CH 
1633 C=N, C=O stretching 

vibration in carboxyl
912 O-H Bending
424, 564, 635 Cu-O, Zn-O, Mn-O

Table 1.	 FTIR peaks of trimetallic oxide nanoparticles.

Fig. 6. XRD spectrum of trimetallic oxide nanoparticles.
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Moreover, the robust and relatively broad diffraction 
peak showed that some other moieties were also 
present [30, 31].  

3.4.  SEM-EDX 

The monoclinic (CuO), orthorhombic (MnO) 
and hexagonal (ZnO) shapes of trimetallic oxide 
nanoparticles are shown by SEM (Figure 7). The 
SEM results were in good agreement with XRD 
results. From the EDX spectra (Figure 8) Copper, 
zinc, manganese, and oxygen are found in trimetallic 
nanoparticles synthesized from Ocimum basilicum 
leaf extracts. However, trace components such as 
potassium, sulphur, and chlorine have also been 
found, which were more likely due to the presence 
of minerals in the soil in the form of metals and 
transported into various parts of the plant such as 
the leaf.  In contrast to zinc and manganese, the 
resulting weight percentage for copper is lower than 
the feed stoichiometric ratio Table 2). Furthermore, 
the proportion of oxygen is considerable (about 
66.36% in atomic and 44.71% in weight percent 
composition in trimetallic oxide nanoparticles 

produced from leaf extracts), that was most likely 
owing to its absorption from the reaction media 
throughout the bio-reduction procedure.

3.5.  Antimicrobial Activity

Ocimum basilicum extracts have long been used 
for their powerful antibacterial and antifungal 
activities, both traditionally and commercially [9].  
The varied chemical profile of Ocimum basilicum 
and high concentration of phenolic (-OH) 
components present in it, indicated that the 
therapeutic capabilities of plants were dependent 
on the precise chemical groups separated. Tannins, 
terpenoids, quinones, polysaccharides, phenols, 
and flavonoids are examples of antimicrobial 
compounds. In the present work, the green 
production of Trimetallic oxide NPs capped 
with these essential phytochemicals adds to the 
phytochemical mixture’s improved characteristics. 
This is especially important for overcoming 
antimicrobial resistance with higher benefits and 
lesser harm to people. 

3.5.1.	 Inhibitory effects of trimetallic oxide NPs 
on the growth of bacterial strains

The clinical pathogenic strains used in the study 
were E. coli (gram-nagative) and S. aureus (gram-
positive). The antibacterial activity of trimetallic 
oxides (ZnO, CuO, MnO) nanoparticles against the 
studied pathogenic strains is shown in Figure 9. The 
antimicrobial activity of synthesized trimetallic 
nanoparticles (100µg/mL) was studied against 
pathogenic strains and their zone of inhibition was 
found as 25 mm for nanoparticles and 28 mm for 
standard (sulfamethoxazole) against E. coli. Zone 
of inhibition against S. aureus was 33 mm for 
both nanoparticles and standard (Table 3). Solvent 

Fig. 7. SEM of nanoparticles.

Fig. 8. EDX of nanoparticles.

Element Weight% Atomic%
Oxygen 41.71 66.36
Manganese 18.48 5.96
Sulfur 14.46 2.48
Chlorine 10.06 2.76
Zinc 8.98 1.20
Copper 4.90 1.14
Potassium 1.42 0.93

Table 2. Results of EDX analysis of nanoparticles.
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(double distilled water) showed no antimicrobial 
activity. Minimum Inhibitory Concentration (MIC) 
of nanoparticles for E. coli was 12 µg/mL and for 
S. aureus was 8 µg/mL. MIC of sulfamethoxazole 
was 10µg/mL for E. coli and 5µg/mL for S. aureus 
(Table 4).

4.    CONCLUSIONS 

Green synthesis method was used to effectively 
synthesize trimetallic oxides (CuO, MnO, ZnO) 
NPs using Ocimum basilicum leaf extract, NaOH 
solution, and equimolar precursor salt solution 
(ZnCl2, MnCl2, and CuCl2). The sequential 
reduction of metal ions resulted in the production 
of nanoparticles  within 5 minutes at 35 °C, 
indicating a faster reaction rate than the chemical 
techniques used before for such synthesis. UV-
Visible spectroscopy, SEM-EDX, XRD, and 
FTIR confirmed the  prominent functional groups 

and verified the existence of stable, monoclinic 
(CuO), orthorhombic (MnO) and hexagonal (ZnO) 
nanoparticles  with well-defined dimensions. 
Moreover, nanoparticles showed significant 
antibacterial action against Escherichia coli and 
Staphylococcus aureus.
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Abstract: Cellulase is an important enzyme used for many purposes in different industrial sectors. Even though 
cellulase has so many applications, it easily denatures with a little change in pH and temperature, which causes low 
stability, usability, and activity. To enhance its activity and stability, immobilization of porous materials is the best way 
to enhance its activity, stability, and life span. For immobilization, a Metal-organic framework (MOF) is considered 
as a potential candidate. Cellulase@Zn- benzene 1-4 di-carboxylic acid (BDC) by hydrothermal method and Zn-
cellulase-benzene 1-4 dicarboxylic acid (BDC) by de novo approach were prepared, and their activities were analyzed. 
Zn-cellulase-benzene 1-4 dicarboxylic acid (BDC) produced by the de novo approach, shows higher activity, stability, 
catalytic performance, and life span than the free enzyme, and cellulase@Zn- benzene 1-4 di-carboxylic acid (BDC) 
produced by the hydrothermal method. 

Keywords: Cellulase, Immobilization, Metal-organic Framework, Kinetics, De-novo Synthesis.

1.	 INTRODUCTION

In many biotechnology processes, enzymes are 
used as highly effective catalysts. Cellulase, one 
of these enzymes, is essential for biotechnology 
applications. Cellulases are produced by a wide 
variety of organisms, including bacteria, fungi, 
protozoans, and some animals. Cellulase enzymes 
have shown potential in various industries, 
such as the production of biofuels, pulp, paper 
manufacturing, food processing, textiles, detergents, 
and food. Cellulase is commonly used to break 
down  1, 4 glycosidic bonds in cellulose crystals 
to create glucose [1]. This hydrolysis breaks down 
the cellulose into smaller oligosaccharides and 
ultimately glucose, which can be used as a source 
of energy by the organism. Despite the potential 
of cellulase enzymes in cellulose hydrolysis, 
their practical application is limited by their low 
stability, reusability, and activity [2, 3]. Enzyme 
immobilization is a potent and straightforward 

strategy for addressing several of difficulties 
connected with utilizing enzymes as industrial 
catalysts, such as enzyme inhibition, selectivity, 
stability, and recyclability, by chemicals in the 
reaction media [2, 4]. Enzymes can be more reliably 
preserved during storage and working settings if 
they are immobilized so that they can be easily 
isolated from the reaction medium. Immobilization 
facilitates the separation of enzymes from their 
reaction media and increases their stability during 
storage and operation [5]. 

Nanomaterials have gained significant interest 
as potential substrates for protein immobilization 
in recent times, owing to their exceptional features, 
including remarkably favorable mass transfer 
resistance, high surface area, and easy diffusibility 
[6]. Metal-organic frameworks (MOFs) stand 
out among other Nano-materials due to their 
astounding surface-to-volume ratio and structural 
variety. Since MOFs have inherent structural, 



catalytic, electrical, optical, and magnetic properties 
that make them suitable for use in a variety of 
applications, including biological processes, 
industrial catalysis, and sensing, their potential 
has been expanded beyond catalysis using MOFs 
as immobilization platforms for enzymes. Due to 
their simplicity in functionalization, availability 
of appropriate hydrophilic/hydrophobic groups, 
and robust electrostatic interactions with proteins, 
MOF-enzyme platforms offer a variety of benefits, 
including high enzyme-substrate ratios, water 
stability, and reusability [7].

MOF is a particular kind of porous crystal 
that is composed of a network of metal atoms 
and a network of organic ligands. Since MOFs 
may be designed with a wide range of cavities, 
porosity, topology, surface area, and pore volume 
characteristics, they have the potential to be used 
in many different fields. The unique structural 
properties of MOFs enable them to be tailored for 
specific applications, making them highly versatile 
and attractive materials for various fields of research 
[8]. In addition, MOFs have become widely used 
as a substrate for immobilizing enzymes [9]. 
Cellulase-embedded MOFs are a promising avenue 
for the efficient conversion of cellulose into biofuels 
and other value-added products [10]. The de novo 
approach for the creation of cellulase-embedded 
MOF without the need of pre-existing structures 
guarantees the repeatability and comprehension 
of the experimental setup with specific reaction 
conditions. In contrast, the hydrothermal approach 
suggests using high temperatures and high pressures 
to synthesize the MOF embedded with cellulase 
[11].

In the present study both the hydrothermal 
process and the de novo methods are used to 
construct a cellulase-embedded MOF. This 
study aims to evaluate the catalytic efficacy, 
stability, and activity of the cellulase-embedded 
MOF made using these techniques with that of a 
conventional cellulase. A thorough comparison 
between the cellulase-embedded MOFs made by 
the hydrothermal method and the de novo approach 
has been carried out.

2.    MATERIALS AND METHODS 

Cellulase (Aspergillus niger) (C1184), zinc chloride 
(7646-85-7) and benzene 1-4 dicarboxylic acid 

(4612-26-4) was purchased from Sigma Aldrich, 
H2O2, aqueous ammonia, and  rice husk were 
purchased from local market. Rice husk was dried 
for one day and then ground to fine powder.

2.1.	 Preparation Cellulase@Zn- benzene 
1-4 di-carboxylic acid (BDC) MOF by 
Hydrothermal Method

2.1.1.	Zinc-benzene 1-4 dicarboxylic acid (BDC) 
preparation

Zinc chloride and benzene 1-4 di-carboxylic acid 
were prepared separately in distilled water. 1.65 g 
of benzene 1-4 di-carboxylic acid (BDC) and 1.36 
g of zinc chloride were separately dissolved in 100 
ml of distilled water. 30 ml of zinc chloride solution 
was added dropwise to BDC solution with constant 
stirring for one hour. Mixture was transferred 
to a hydrothermal reactor and kept in an oven at 
110°C overnight, solution’s volume was reduced 
by heating. After reduction of volume, it was 
transferred into a china dish and dried to remove 
any moisture. Dried powdered of Zn-BDC MOF 
was obtained [12].

2.1.2.	Preparation of Cellulase@Zn-benzene 1-4 
di-carboxylic acid (BDC)

1 g of cellulase was dissolved in 100 ml of distilled 
water with constant stirring for 5-6 hours to 
dissolve the cellulase. Zn- BDC MOF was mixed 
with cellulase with constant stirring for 5–6 hours. 
Enzyme was properly embedded on the MOF. It 
was then filtered and dried in a desiccator for a few 
days. 

2.1.3.	Preparation of Zn-cellulase-BDC MOF by 
de novo method

In the de novo approach, preparation of MOF and 
embedding of enzyme was done simultaneously. 
1.36 g of zinc chloride, 1.65 g of BDC, and 1 g 
of cellulase were dissolved separately each in 100 
ml of water. Then 30 ml of cellulase solution was 
mixed with 30 ml of BDC solution. The 30 ml of 
zinc chloride was added dropwise into the above-
mentioned solution with continuous stirring. After 
that, it was kept for 24 hours at room temperature. 
It was then  centrifuged at 4000 rpm for 10–15 
minutes, washed it 3 times with distilled water, and 
finally left it to dry for a few days [13].
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2.2.  Characterization

2.2.1. Fourier transforms infrared spectroscopy 
          (FTIR)

FTIR JASCO 4100 was used to record the FTIR 
spectrum within the range of 4000cm to 400 cm.

2.2.2. Scanning electron microscopy (SEM)

Using SEM technique, size, and morphology of 
enzyme embedded MOF was examined. 

2.3.  Measurement of Cellulase Activity

2.3.1.	Pre-treatment with H2O2 and aqueous 
ammonia

Initially, three beakers were taken; in each beaker, 
2 g of rice husk was introduced, and then 3% of 
H2O2 was added in each beaker. A hot plate stirrer 
was then taken, and each sample was heated at 
85°C for 5 to 6 hours at a speed of 150 rpm. Next, 
the slurry was filtered with a vacuum filter and 
washed with distilled water. Then, each sample 
was treated with 20% ammonia for 5 hours at 100°C 
on a hot plate stirrer. After that, each solution was 
washed with distilled water and filtered with the 
help of a vacuum filter.

2.4.  Enzymatic Hydrolysis

2.4.1.	Rice husk hydrolysis with standard cellulase

Standard cellulase, Zn-cellulase-BDC MOF and 
Cellulase@Zn BDC MOF were taken in three 
different Erlenmeyer flasks. Pre-treated rice husk 
was introduced in each flask. Enzyme substrate ratio 

was 1:10. Each flask was placed on a hot plate and 
stirred at 50 °C at 200 rpm for 6 hours for complete 
hydrolysis. Each flask was cooled and solution was 
filtered through a vacuum filter. During the stirring, 
the sample was aliquoted after every 15 minutes for 
two hours, and the reactivity was checked by UV 
spectrophotometry. The absorbance of the treated 
sample was measured with a UV spectrophotometer 
at 270 nm. The blank for the experiment was the pre-
treated rice husk without enzyme treatment [14].

2.5.  Standard Curve of Glucose

For the preparation of the stock solution, 200 mg of 
glucose was dissolved in 20 ml of distilled water, 
and dilutions were prepared ranging from 0.5 mg/
ml to 4.5 mg/ml. The absorbance was measured on 
a UV spectrometer at 270 nm.

3.     RESULTS AND DISCUSSION 

3.1.  Characterization

3.1.1. SEM analysis

Figure 1 shows that SEM images of Zn-cellulase-
BDC MOF and Cellulase@Zn BDC MOF are 
similar. Both have thin layers with broken and 
intertwined edges. Particles are slightly spherical 
and have uniform growth in all directions.

3.1.2. FTIR analysis

An FTIR chromatogram (shown in Figure 2) 
proved that both cellulase embedded MOF similar. 
It confirmed the functional group of the bond 
generated during the enzyme embedded MOF 
synthesis procedure. Broad absorption bands 

Fig. 1. SEM Images of enzyme embedded MOF, (a) Zn-cellulase-BDC MOF and (b) Cellulase@Zn BDC.
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seen at approximately 3000–3500cm−1   generally 
attributed to water molecules’ stretching vibrations. 
Strong peaks were seen in MOFs, which are 
associated with the C=O stretching mode at around 
1710 cm-1.

3.2.	 Absorbance Measured on UV 
Spectrophotometer After Enzymatic 
Hydrolysis

Activity of cellulase@Zn BDC MOF and Zn-
cellulase-BDC MOF was measured and compared 

with the activity of standard cellulase. Graph was 
plotted against absorbance and reaction time. It 
has been observed that in all three experiments, 
enzymes active reached equilibrium after 60 min. 
Standard cellulase showed maximum absorbance at 
0.26 nm in Figure 3. cellulase@Zn-BDC showed 
maximum absorbance at 0.34 nm (Figure 4), and 
Zn-cellulase-BDC showed maximum absorbance 
at 0.56 nm (Figure 5). 

3.3.	 Amount of Glucose Released After 
Enzymatic Hydrolysis

Rice husk was used as substrate to check the activity 
of enzyme embedded on MOF. Rice husk was 
treated with both MOF based cellulases and results 
were compared with the standard cellulase. Activity 
of each enzyme was measured by calculating the 
amount of glucose released from the rice husk 
after treating with cellulase. Standard curve of 
glucose was established for calculating the amount 
of glucose as shown in Figure 6. Absorbance 
measures at 270 nm and was converted into glucose 
concentrations using the standard curve and graphed 
versus time. Standard cellulase released 0.6 mg of 
glucose, Cellulase@Zn-BDC MOF released 0.8 
mg, and Zn-cellulase-BDC MOF released 1.2 mg of 

Fig. 2. FTIR of cellulase embedded MOFs, (a) Zn-
cellulase-BDC MOF and (b) Cellulase@Zn BDC.

Fig. 3. Absorbance of standard cellulase with reaction 
time.

Fig. 4. Maximum absorbance of cellulase@Zn-BDC at 
0.34 nm.

Fig. 5. Maximum absorbance of Zn-cellulase-BDC at 
0.56 nm.

Fig. 6. Standard curve plotted by measuring the 
concentration of glucose at 270 nm.
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glucose after enzymatic hydrolysis. The rate of the 
reaction is also measured in Figure 7. It indicated 
that Zn-cellulase-BDC (de novo) has high rate of 
reaction than standard cellulase and Cellulase@
Zn-BDC (hydrothermal). This represents, that Zn-
cellulase-BDC which is synthesized by the de novo 
method, showed better activity than standard and 
Cellulase@Zn-BDC.

3.4.  Calculated Reaction Velocity

Kinetic study of both the cellulase embedded 
MOF has been carried out and compared with the 
standard. From Figure 8 it has been observed that 
the kinetic activity of Zn-cellulase-BDC MOF (de 
novo) was much higher as compared to Celllase@
Zn-BDC MOF and standard cellulase.  The kinetic 
study showed that activity of enzymes became 
stable over time as more product and less substrate 
was present in the reaction and stable after 60 
minutes.

4.    DISCUSSION

The essential and enhanced spatial arrangement 
of the enzyme within MOFs accounts for the 
high activity and stability of the MOF to meet the 
needs of industrial applications and to get a deeper 
understanding of the catalytic behaviour [15, 16]. 
To increase catalytic performance and decrease 
resistance to reagent mass transfer, enzymes are 
embedded in the MOF and the synthesis process is 
carefully regulated [17, 18]. When Zn-Cellulase-
BDC MOF was put in comparison with Cellulase@
Zn-BDC MOF and ordinary cellulase, the reaction 
velocity was consistently higher. The robustness 
and stability of the Zn-Cellulase-BDC MOF are 
indicated by its long-term high activity and the 
stabilization of the response velocity. The distinct 
characteristics of the MOF structure are responsible 
for the Zn-Cellulase-BDC MOF’s reported 
improved performance. Catalytic efficiency is 
predicted to rise because of the better and crucial 
spatial arrangement of the enzyme within the MOF, 
which improves substrate accessibility to the active 
sites [19, 20]. In addition, Zn-Cellulase-BDC MOF’s 
catalytic ability appears to be much enhanced by 
the de novo synthesis technique used in its creation 
[21]. By using a controlled synthesis method, it is 
possible to minimize resistance to reagent mass 
transfer, maximize catalytic performance, and 
guarantee accurate enzyme embedding on the MOF.

5.    CONCLUSIONS

In this study, cellulase was immobilize on MOF by 
two different methods, de novo and hydrothermal 
method. The kinetic activity of the enzymatic 
hydrolysis of rice husk after pre-treatment with 
H2O2 and aqueous ammonia were studied. It has 
been observed that enzyme embedded on MOF 
show increased activity and high rate of reaction.  
Kinetic study also proved that de novo method is 
best for the synthesis of enzyme embedded MOF.
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