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Abstract: Emotion detection in music is one of the important features that enhances user experience and interaction in digital
media. Experiments were conducted using the Music Information Retrieval Evaluation eXchange (MIREX) multimodal emotion
dataset, consisting of 903 tracks, with a balanced class distribution of four emotions: happy, sad, anger, and fear. Traditional
methods often cannot represent the emotional characteristics of music properly. It makes the categorization of emotions improper
and inaccurate due to its limitations. These challenges have been addressed in the current research by proposing a hybrid model
with a new approach towards music emotion analysis through Generalized Autoregressive Pretraining for Language
Understanding (XLNet) combined with a redefined Crayfish Optimization (CO) algorithm. The proposed model can detect and
classify the emotional information in music effectively, whereby the integration of modern Natural Language Processing (NLP)
and advanced optimization methods proves to be effective. The data was split into 70% training, 15% validation, and 15% testing,
with 5-fold cross-validation to ensure robust evaluation. The proposed technique has obtained an accuracy of 92.3% + 0.5%,
precision of 93.8%, recall of 91.6%, and F1-score of 94.2%. These results are reported as mean + Standard Deviation (SD) over
5 cross-validation folds, showing robust statistical confidence. These scores show how the model detected complex emotional
variations in music and delivered a great result compared to other traditional approaches. Hence, it would be very useful in
applications such as emotion classification, personalized content circulation, and recommendation systems for music.

Keywords: Music emotion analysis, redefined crayfish optimization, XLNet, NLP, emotion classification.

Received July 04, 2025, accepted February 09, 2026
https://doi.org/10.34028/iajit/23/5/8

1. Introduction

The music is an international language wherein human
feelings and experiences are involved. The inability to
precisely identify and categorize the expressed
emotions in music has led to the emergence of a high
rise in the usage of the latest technologies towards better
comprehension and applicability of its content [14].
Recent advances within the area of Natural Language
Processing (NLP) and artificial intelligence opened
many fields and gave solid tools for deciphering such
complex data [36]. The development transcended
conventional techniques by offering new possibilities of
analysis of musical emotional content [8]. Bidirectional
encoder representations from transformers-like models
perform outstandingly on most tasks related to the
interpretation of natural language [26]. It comprises pre-
processing of lyrics, audio features, and metadata, to
which Artificial Intelligence (Al) has to be integrated
with music emotion analysis [35]. The ultimate vision
lies in coming up with algorithms that would efficiently
decode and classify the emotional content of a musical
piece [31]. Meta-learning, most commonly known as
“learning to learn,” plays an important role in
optimizing these models [15].

It helps to develop the processes of learning on
diverse datasets and improves general accuracy and

adaptability of Al algorithms [6]. Recent research tries
to identify patterns and associations of music and
emotions, thereby enhancing applications in areas like
music recommendation and entertainment [12]. The use
of models like Bidirectional Encoder Representations
from Transformers (BERT) and adapting those into
meta-learning methods will enhance their power in
classifying emotions. It has to incorporate complex
models with sophisticated optimization approaches,
which are able to overcome many drawbacks of
traditional approaches [34]. Applications enabled by
these systems will be more functional and accurate as
emotion detection and classification in music is bound
to rise [19]. Enhanced user experience, better support
for good mental health, and creative interactive
applications are some obvious benefits of enhanced
emotion recognition [17]. These studies would therefore
have a great impact on domains like emotion
recognition and those concerned with music
information retrieval. It aims to set new benchmarks in
the interpretation and utilization of the emotional
content of music, incorporating Al and NLP techniques
[32].

Based on modern Al and NLP techniques, the present
work proposes a hybrid model called Redefined Crayfish
Optimization-driven XLNet (RCO-XLNet) for effective
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music emotion analysis and classification.

2. Related Works

Rajesh and Nalini [25], by deep learning methods,
developed a deep recurrent neural network that identified
the emotion by the classification of musical devices. The
results showed that in the case of musical emotion
detection from musical clips, it was much better when
deep learning-based Recurrent Neural Networks (RNNs)
are employed.

Sarkar et al. [28] proposed a deep Convolutional
Neural Network (CNN) for recognizing musical
emotions. Their proposed CNN was based on the
improved version of Visual Geometry Group Network
(VGGNet) but with considerably fewer numbers of
layers. Experimental results showed that the suggested
network remarkably increased the efficiency of the
recognition.

Gudivaka [10] explored the role of Al and Big Data
in music education for personalized and interactive
learning experiences. A similar approach is used in the
present work, making use of Al algorithms and NLP
techniques to analyze musical features and lyrics in order
to classify emotions. These advantages consist of better
emotional comprehension, feedback on the go, and
customization which all result in having more engaged
learners and learners with better learning outcomes.

Sheykhivand et al. [29] developed a new approach
that was based on the identification of musical emotions
with the integration between Long Short-Term Memory
(LSTM) and CNN. When both networks were integrated
together, then the accuracy and stability for the
performance of the system were enhanced. The
suggested approach was compared with some similar
procedures, where excellent outcomes appeared.

Chen and Li [2], in the area of music emotion
recognition, proposed a hybrid network including CNN-
LSTM. They effectively reflected the emotions on
variable models by using the stacking-based multimodal
collaborative learning approach. Its effect of
classification was outstanding when compared to single-
modal classification.

The work of Pandeya et al. [24] proposed a helpful
affective computing system to carry out the analysis of
the emotional state of a subject. Many unimodal and
multimodal architectures were developed for evaluating
from scratch video, audio, and facial emotions. Finally,
boosting approaches together with the exchange of
information from audio to video allowed them to lower
the computing expenses.

Thus, Pandeya and Lee [23] utilized the CNN-based
multimodal architecture for classifying a wide range of
human emotions depicted in music clips. They generated
a rich set of music clip emotions based on several factors,
such as languages, cultures, and musical styles. The
results proved that the CNN-based multimodal network
proposed could classify high-level human emotions

correctly.

Deng and Lin [5] suggested an effective algorithm for
music sentiment analysis called Deep Reinforcement
Learning (DRL). Indeed, it had an excellent performance
in the classification tasks of emotional responses. In their
experimental  results, the proposed technique
outperformed conventional methods significantly.

Deng et al. [4] suggested a framework that uses
Contrastive Language-lmage Pretraining (CLIP) to
classify Image Emotion Classification (IEC), and
proposed a prompt tuning method, which approximates
the pretraining goal of CLIP and automatically generates
instance-specific prompts by conditioning them on the
categories and image contents of instances, and
diversifies the prompts to prevent suboptimal problems.
The given strategy is followed in the proposed work,
where the musical characteristics and lyrics are analyzed
with the help of Al algorithms and NLP to classify
emotions, which improves the model in recognizing
emotional content in music. Its advantages are that it is
more accurate in the classification of emotions,
generalizes better across genres of music, and more
refined in its perception of emotional expression in
music.

By contrast, Fong et al. [7] proposed a theory-driven
explainable deep learning CNN classification system to
predict the musically time-varying emotional response.
Furthermore, the authors introduced a new filter for
CNN using the structure of frequency harmonics. The
proposed model outperformed other models and turned
out to be cost-effective.

Based on the detection of features, moods, and
feelings of a specific user, Moscato et al. [20] proposed
an innovative approach to music recommendation.
Content-based filtering models were developed to be
more accurate and effective by including the personality
and mood of the user.

Hizlisoy et al. [13] proposed a technique for musical
emotion classification by using a convolutional Long
Short-Term Memory (LSTM) deep neural network
system. The results showed that the identification
performance would get better if new features were added
to the baseline audio features. This technique produces
more accurate results.

Shi et al. [30] presented a single generative model of
image emotion classification which combines various
emotion models and represents intricate semantic
associations among emotion labels. The given method is
followed in the proposed work, which uses a flexible
natural language template and incorporates multimodal
pre-trained models to improve emotion classification in
music. The advantages are better accuracy, flexibility in
a variety of musical styles, and a more sophisticated
perception of emotional manifestations in music.

Grekow [9] used RNN to test the ability in detecting
emotions from musical segments. The emotion detection
was done as continuous values using trained regression
algorithms. Several experiments were conducted on data
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with variable feature sets and segmentations, while the
models were developed using the WekaDeeplearning4j
package. Experimental results of the research could help
in the building of automated systems for recognizing
music emotions.

Naser and Saha [21] proposed a data processing-
based system on pattern identification for identifying the
emotional impact of musical preference. The brain
pattern due to arousal and dominance was more
discriminative, comparing low-rated music videos with
high-rated ones. The technique worked fantastically in
categorizing emotions.

Wang [33] presented the analysis of the neural
network algorithm and musical gadgets with a view to
enabling emotion recognition and composition. A new
architecture for a music composition neural network has
been developed to extend the modification of the LSTM
generation network. That was pretty good, and it might
lead to a leap in improving the model's accuracy in music
composition. Table 1 compares various approaches to
music emotion analysis based on supervision, dataset,
model family, modality, and reported performance.

Table 1. Comparison of approaches for music emotion analysis.

Criteria Supervision Dataset(s) Model Family Modality Accuracy (%)
Rajesh and Nalini [25]| Supervised Audio clips RNN Audio 85
Sarkar et al. [28] | Supervised Audio clips CNN Audio 86.5
Sheykhivand et al. [29]] Supervised | EEG signals & Audio clips LSTM + CNN EEG + Audio 87
Chen and Li [2] Supervised | Multimodal (audio + lyrics) CNN + LSTM Audio + Lyrics 88
Pandeya and Lee [23] | Supervised Music clips CNN-based multimodal network| Video, Audio, and Facial 89
Proposed RCO-XLNet| Supervised Multimodal (MIREX) XLNet + RCO Audio + Lyrics 92.3

2.1. Problem Statement

Although Multimodal Music Emotion Recognition
(MMER) has been developed considerably, there are still
difficulties associated with the use of audio and text
modalities and their efficient integration. Most of the
models use the methods of static fusion, which could fail
to reflect the dynamism of modalities interaction [18].
Moreover, hyperparameter optimization on these
modalities has not been properly studied, and thus, this
factor may restrict the output of the MMER systems
[27].

In order to solve these problems, this paper suggests
Redefined Crayfish Optimization-driven XLNet (RCO-
XLNet) model that uses XLNet autoregressive pretrain
characteristics to analyze text and implements the
optimization methods that improve multimodal fusion.
Redefined Crayfish Optimization-driven XLNet (RCO-
XLNet) should enhance the accuracy and
generalizability of MMER systems by concentrating on
dynamic fusion and robust optimization.

3. Methodology

First, the data is collected from the multi-modal MIREX
emotion dataset and then it is preprocessed using
methods like tokenization, lowercase conversion and
stemming. After preprocessing, methods like Mel-
Frequency Cepstral Coefficient (MFCC) and Term
Frequency Inverse Document Frequency (TF-IDF) are
used for feature extraction. After extraction, Lyric TF-
IDF features and audio MFCC features are concatenated
into one feature vector. This basic concatenation method
allows the model to handle both features at the same
time. The merged characteristics are transmitted via a
common trunk network, in which the textual and audio
data are handled simultaneously and then classified. The
training is controlled using categorical cross-entropy
loss, which is suitable in multi-class emotion
classification problems. The overall flow of the system
is depicted in Figure 1. Figure 2 displays the architecture
for a multi-modal music emotion analysis pipeline.
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Figure 1. Basic structure of the system.
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Figure 2. Architecture for a multi-modal music emotion analysis pipeline.

3.1. Dataset

The multimodal MIREX emotion dataset encompasses a
wide variety of parameters in music, lyrics, and metadata
for the task of musical emotion identification. This
dataset would be ideal to train models using modern Al
and NLP techniques that categorize and predict
emotional responses in music, considering that it
contains pre-extracted features, including MFCCs and
chroma, along with the emotional labels of each track.
The dataset includes approximately 903 songs which are
categorized into four categories of emotions, happy, sad,
anger and fear with a duration of about 2.5 to 6.5
minutes. Stratified sampling is used to keep the balance
of classes by dividing it into 70% training, 15%
validation and 15% testing sets. Each track contains
lyrics; where the lyrics were not available, zero-padding
was used to maintain the text input format. The data is
associated with the official MIREX 2013 Audio and
Lyrics-based Music Emotion Recognition Task and is
available on Kaggle under Creative Commons
Attribution-NonCommercial 4.0 License, which permits
its use in non-commercial research with proper citation
[22]. Source: Kaggle
(https://www.kaggle.com/datasets/imsparsh/multimodal
-mirex-emotion-dataset).

3.2. Preprocessing

In text mining and Natural Language Processing (NLP),
preprocessing is a crucial stage and most important
activity. For text documents, preprocessing methods
including tokenization, lowercase conversion, and
stemming are performed.

e Tokenization: It is employed to find the important
keywords. Tokenization difficulties vary depending
on the language. Since most words in languages like
French and English are separated from one another by
white spaces, these languages are known as space
delimited languages. The writing system and word

typography have an impact on tokenization.

o Lowercase conversion: It is applied to words that
have an identical appearance each time. Since all of
the text in this method is written in lowercase, content
analysis is quite easy.

e Stemming: Itis applied to determine a word's root or
stem. This method aims to save time and memory by
removing different suffixes, and creating perfectly
matched stems. To minimize the size of the text
document, two different kinds of stemming
algorithms are employed. They are affix removal
stemmers and successor varieties.

o Affix Removal Stemmers: Affix removal stemmers
eliminate terms’ prefixes or suffixes before they leave
the stem. The following rule will apply to an affix
removal stemmer:

If a word ends with “s” and not “us” or “ss”, Then “s” -
> “null”, Example: Books - Book.

e Successor Variety: The number of letters that come
after a string in a word within a body of text is called
as successor variety. For example, the successor
variety of the words stemming and stemmer is
identified by counting the number of different
characters that follow each substring inside the terms.
In stemming, the characters “m,” “i,” “n,” and “g”
come after the substring “Stem,” whereas in
“Stemmer,” “m,” “e,” and ‘“r’ come after the
substring. Users can recognize morpheme boundaries
by contrasting these successor variations, which aids

in separating the base word "stem" from its suffixes.

By using these effective preprocessing approaches, noise
is removed from text input and actual words may be
identified by their root word.

Whereas XLNet is able to capture the context of the
lyrics, TF-IDF is able to identify the important terms that
help in classifying emotions. This two-fold strategy will
make sure that not only significant individual words but
also the context on the whole are considered in the
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model.

3.3. Feature Extraction

Mel-Frequency Cepstral Coefficient (MFCC) is
employed for feature extraction in audio data to capture
spectral properties, while Term Frequency Inverse
Document Frequency (TF-IDF) is applied to text data for
accurately  analyzing the  emotions.  XLNet
representations give rich contextual embeddings of the
lyrics, which reflect the rich relationships between
words, whereas TF-IDF features emphasize the
significance of particular words in the song. The
combination of the two gives the model the advantages
of the semantic knowledge of XLNet and the term
significance of TF-IDF.

3.3.1. Mel-Frequency Cepstral Coefficient (MFCC)

The Mel-Frequency Cepstral Coefficient (MFCC)
computation is performed step-by-step as follows:

e Pre-Emphasis: As indicated by Equation (1), the
voice signal w(m) must be sent over a high-pass filter.

z(m) =w(im) —=b*w(m—1) (1)

When the output wave is denoted by z(m), and the value
of b typically ranges from 0.9 to 1.0. The signal is
processed by running it through a filter that highlights its
higher frequency. At higher frequencies, the signal's
energy goes up.

e Frame Blocking: The audio signal is split up into
frames, which are 20-30 ms long segments. Every
frame that is next to another frame may be separated
by N(N<M) for up to M frames. In general, N and M
are set at 100 and 256, respectively.

e Windowing: This method is employed for
segmenting an audio stream into temporal sections in
signal processing applications. The signal's repeating
moves have nothing to do with the signal that exists
in reality. The smooth function known as the
windowing function has extreme values of zero. The
discontinuity at the boundaries is supposed to be
hidden. A in the signal occurs following the window
function's application, although the impact on signal
statistics is not so severe.

MFCC typically uses the Hamming Window function as
its window function. The frame’s initial and final points
are kept continuous. Equation (2) defines the hamming
window function; the window function is represented by
X(m).

Z(m) = W(m) = X(m) 2)

e Fast Fourier Transform: It is a signal analysis
approach that makes audio processing easier by
extracting and compressing some aspects of the audio
signal without missing any important information. It
provides a frequency domain representation of the
given signal. All necessary information from the

original signal remains unchanged, only when the
signal’s representation is altered.

e Discrete Cosine Transform (DCT): Equation (3)
provides the formula for the discrete cosine transform.

K-1

D(m) = z E,cos (m -(l-0.5)- %) 3)
=0

Where m=0,1..... to M and M is the number of triangular
band pass filters. Mel-scale coefficients are produced by
performing the DCT on the band pass filter output.

3.3.2. Term Frequency Inverse Document
Frequency (TF-1DF)

After presenting the mathematical framework, its
behavior is discussed with respect to each variable; later,
the structure and implementation of TF-IDF will be
delivered for a set of texts.

¢ Mathematical Framework: The inverse distribution
of a word across the entire document sample is
compared to the relative frequency of a particular
word in a document to determine how TF-IDF
operates. It makes clear sense that this computation
establishes a word's significance within a specific
document. The general process for implementing TF-
IDF is as follows, with a few small variations.
Equation (4) shows how to calculate x. given a word
X, a document collection C, and a single document ¢ €
C.
Xe = ey * log (ﬂ> (4)
ex,C
Where |C]| is the corpus size, ey, is the total number of
cases in whichx occurs in ¢, and exc is the total number
of cases in which x occurs in C. Various scenarios can
arise for every word in this case, based on the values of
exc, |Cl|, and exc.
Assume that the length of the corpus is about the same
as the frequency of x over C, or |D| ~ fw, D. If xc is

smaller than ey but still positive, then J < 10g(|6|) <

ex,c
d for some small constant d. This suggests that while x
is comparatively prevalent across the corpus, it
maintains some significance throughout C. If excis large
and exc is small, then x. will also be large since

log (J—C'C) will be fairly large.

e Encoding TF-IDF: The basic nature of the TF-IDF
code makes it simple. Given a query r consisting of a
collection of words x;, the x;c will be computed for
each document ¢ ¢ C that contains x;. The most basic
way to accomplish this is to go through the collection
of documents and maintain a continuous total of ex.
and exc . After that, ;¢ is simple to estimate.

Equation (5) states that the documents are returned in a
decreasing sequence. This is how TF-IDF is traditionally
implemented.
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2. e 5)

3.4. Redefined Crayfish Optimization-driven
XLNet (RCO-XLNet)

The new hybrid model Redefined Crayfish
Optimization-driven XLNet (RCO-XLNet) improves
music emotion analysis and classification by
incorporating an improved variant of the Crayfish
Optimization (CO) algorithm into the XLNet language
model. CO algorithm, inspired by the behavior of
crayfish, is an exceptional tool to explore and utilize
sophisticated optimization settings; hence, it is perfect
for optimizing the hyperparameters of XLNet. The
XLNet model, with a permutation-based generation and
context awareness from both directions, has an excellent
basis for musical emotion understanding and
categorization from text and audio. XLNet is not a frozen
feature extractor but is specifically trained on lyrics to
extract the emotional context of textual data. During
training, the pre-trained representations in the model are
modified to maximize music emotion classification
performance. This range of multidimensional parameters
of XLNet is dealt successfully by RCO in an attempt to
improve the model’s performance over standard crayfish
techniques.

This hybrid method makes use of the flexibility that
RCO provides in enhancing the detection and
classification capability of XLNet on emotional content
of music, eventually leading to an accurate and effective
emotion identification system. Combining both methods
will give the advantages of optimization and NLP
together to produce the best outcomes in music emotion
analysis. Once the XLNet and TF-IDF features have
been extracted, they are concatenated and sent through a
fully connected classifier head, which makes the
prediction of the emotional class of the music. The
classifier head is a series of dense layers with a softmax
activation to provide the likelihood of emotions. The
algorithm for the proposed method is shown in
Algorithm 1.

Algorithm 1. Pseudocode for RCO-XLNet: Crayfish Optimization-
driven XLNet for Music Emotion Recognition

Step 1: Initialize Dataset

data = load_data("path_to_data")

# Step 2: Preprocess Data

# Text Data: Tokenization, Lowercasing, Stemming, TF-IDF

# Audio Data: Extract MFCC Features

text_data, audio_data = data_preprocessing.preprocess(data)

text_features = feature_extraction.tfidf(text_data)

audio_features = feature_extraction.mfcc(audio_data)

# Step 3: Initialize XLNet Model

model = xInet.initialize_model()

# Step 4: Define the Optimization Process with Crayfish

Optimization (RCO)

def redefined_crayfish_optimization(model, features, parameters):
# Initialize Crayfish Optimization
crayfish_opt = crayfish_optimization.initialize(parameters)

# Iterating until convergence

while not convergence_criteria_met():
# Evaluate performance of the model
performance = model.evaluate(features)

# Update positions using Crayfish Optimization
crayfish_opt.update_positions(performance)

# Update model parameters based on the best solution found
model.update_parameters(crayfish_opt.best_solution)

return model

# Step 5: Optimize Model with RCO

optimized_model = redefined_crayfish_optimization(model,
text_features + audio_features, optimization_parameters)

# Step 6: Train the Model with Optimized Hyperparameters

optimized_model.train(text_features, audio_features)

# Step 7: Evaluate the Model Performance

performance = optimized_model.evaluate(text_features,
audio_features)

print(“Model Performance: ,” performance)

In Figure 3, the flowchart of the RCO-XLNet algorithm
is shown, giving an overview of the different steps from
data loading and preprocessing to model training and
evaluation.

Start
v
Load Data

v

[ Preprocess Data

v

Initialize XLNet model

v
Initialize RCO
v

Optimization Loop
(500 Iterations)

v

- ) _J _J _J

Convergence Check

v

| )
| )
|

v
Evaluate Model
v

End ]

Fig. 3. RCO-XLNet Algorithm Flowchart.

3.4.1. XLNet

XLNet is an effective language model that focuses on
permutation-based training, capturing bidirectional
information for better interpretation of texts. It uses rich
contextual data and very strong correlations in textual
data for efficient comprehension and contextualization
of the lyrics, metadata, and audio aspects of music
emotion analysis. Thus, it provides an accurate result in
the classification of emotions. Let the input series with
length S be denoted by [1, 2, 3,..., S]. The permutation
language model has the mathematical formulation, as
shown in Equation (6).
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s
max Fy_pg Z log 0g (¢, | Yt<s] (6)

s=0

In general terms, XLNet employs two-stream attention
mechanisms (content stream and query stream) to
accomplish permutation modeling in the transformer
framework. Equation (7) illustrates how conventional
hidden conditions are represented by the content stream
attention. In Equation (8), the position signal is
represented by the query stream attention.

s

gg)) < Attnlayer (R = ggb_l);LU = gt(zs_l); 9) (7)
hgf) « Attngyer (R = hg’_l),LU = gﬁigl); 9) (8)

Where the number of self-attention levels is indicated by
the sign b. Query, key, and value are represented by the
symbols R, L, and U. Additionally, XLNet slows the self-
regressive model’s progress by using partial estimation
to lessen the optimization difficulty. Equation (9), which
is based on a non-target subsequence (t<q) indicates that
the goal of the issue is to maximize the output or target
subsequence (tc). For both target and non-target
subsequences, the cutting point is indicated by d in the
specified factorization order (t).

max F,_
AxX [e-rs

S S
Z log 09 (¥t>a |Ttsd] =Frrg [ Z logog (YE$|TE<5] (9)

5=0 s=d+1

Moreover, XLNet integrates two key Transformer-XL
techniques:  segment  recurring algorithm  and
comparative positional encoding. These methods
enhance the input sequence’s long-term dependency. For
this reason, the XLNet model works well for NLP tasks.

3.4.2. Redefined Crayfish Optimization (RCO)

RCO extends the CO algorithm with more sophisticated
exploration and exploitation techniques in high-
dimensional spaces. A population size of 50 crayfish
agents was utilized in the optimization process, and the
process was repeated 500 times. The training had an
early-stopping criterion which was based on validation
performance and the process was stopped when no
improvement was realized in 10 consecutive
generations. To guarantee the reproducibility of results,
a random seed of 42 was used. The hyperparameter
search space consisted of the following values: learning
rate 0.001-0.1, batch size 16, 32 or 64, XLNet layers
unfreezing 6 to 12 layers, max sequence length 128 or
256, dropout 0.1-0.5, AdamW optimizer, weight decay
0.01-0.1 and class weights to balance classes (happy,
sad, anger and fear).

The slow converging time and easy local area fallout
are two of the CO algorithm's drawbacks. As a result, the
experiment employs four techniques to increase it and
fully optimize the CO algorithm’s performance. To
make the starting population more uniformly dispersed
throughout the search space, the Halton sequence is
initially employed to enhance population initialization.

Second, a greedy technique is used to pick the next
generation of the population, expanding the search place
and improving the variety of the crayfish population.
This strategy generates the quasi-oppositional solution
of the generation. Thirdly, in an effort to increase the
foraging stage’s pace of optimization, the robust guiding
factor is added. The marine predator method's vortex
effect is finally included after the foraging stage to
improve the algorithm’s capacity to break out of the local
optimal.

e Halton Sequence Population Initialization: This
procedure serves as the foundation for algorithm
iteration. Crayfish populations are created at random
by a typical CO algorithm. The population cannot
cover the entire search space with this initialization
method, which can lead to an unequal distribution of
small and medium-sized crayfish. This can cause the
algorithm to converge slowly or even prematurely
into a local optimal. Indeed, it is a straightforward and
simple method of implementation. Because of its
deterministic character, it is not like random
sequences that produce different spots every time.

Equation (10) displays the formula for the starting
position of every crayfish created by population
initialization using the Halton sequence.

W;; = ka; + (va; — ka;). Haltonset,j = 1,2, ....,M;i = 1,2,....,C (10)

Where the Halton sequence is used to determine the
value of Haltonset.

e Quasi Opposition-Based Learning (QOBL): The
idea is to produce the opposing solution to the one that
the current population has, compare it to the opposite
solution, and choose the superior candidate solution
to be the population's future generation. Equation (11)
displays the position representation of the opposition
solutions that were created.

WP = (ka + va) — W, (1)

Where the problem variable's lower bound (ka) and
upper bound (va) are expressed in the search place.
Equation (12) illustrates the value of N. It necessitates
that the opposing solution remain near the center N of the
search place rather than the opposite value. Equation
(13) displays W,°P" , the quasi-opposite solution
generated by QOBL.

_ka+va

- (12)

N+ (W —N).q,W; <N
WjOBL + (N - WjOBL).q, else

mQOBL — { (13)
Where q is anequally distributed random value that falls
between 0 and 1.

o Elite Steering Factor: Equation (14) illustrates the
way it is utilized to control the position update. If the
crayfish location updated by Equation (14) is out of
the search boundary, the boundary value is taken.
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W = 0.(W = Wrooq) + 0-9. Wy (14)

Where the elite is represented by Wk, the current crayfish
population’s ideal location.

e Fish Aggregation Device Effect: The CO algorithm
incorporates the Fish Aggregation Device (FAD)
effect into the predation phase. In the event that the
crayfish fitnessi** following the update of
Equation (14) is not as high as the fitness; of the
preceding generation, the FAD effect will cause the
crayfish places to be affected. Equation (15) provides
a mathematical expression for this process.

W + CF.(ka + q.(va — ka)).V,q < FADs

W=y (PaDs. 1 0. (5, — W (15)

;i s.(1—q). (W5, qu)),q > FADs

Where Fish Aggregation Devices (FADs) is equal t0 0.2,

V is a vector with a value of 0 to 1, g is an equally
distributed random value that belongs to [0, 1], W} is the

current location of the j crayfish, Wj”lis the location of
the next generation, and W; and W, are the locations

of two random members of the present generation.

4. Result

The proposed approach is implemented using Python (v
3.12) on Windows 11 OS. The system is driven by an
Intel Core i7 processor and features a high-performance
IRIS graphics card, which delivers a strong capacity for
executing machine learning applications.

Here, the proposed method Redefined Crayfish
Optimization-driven XLNet (RCO-XLNet) is compared
with existing methods such as Extreme Gradient
Boosting (XGB) Classifier, Random Forest (RF), and
Support Vector Machine (SVM) Linear (Gujar [11])
using the metrics like precision (%), fl-score (%),
accuracy (%) and recall (%). Figure 4 shows the
confusion matrix for emotion classification, which
includes different types of emotions like happy, sad,
anger, and fear. Out of 903 audio files, 843 are correctly
detected. This shows the efficiency of the model in
recognizing and categorizing musical emotions.

Confusion Matrix for Emotion Classification

happy

sad

True label

anger A

fear -

- 200

F 175

150

- 100

75

I 50

T
sad

T
happy

T
anger fear

Predicted label

Figure 4. Confusion matrix for emotion classification.

4.1. Accuracy

It gives the ratio of correctly classified cases out of all
instances. High accuracy means that the model tends to
classify most of the time correctly during music emotion

analysis. The output of accuracy is shown in Figure 5 and
Table 2. The result demonstrates that our proposed RCO-
XLNet (92.3%) technique performs better than the
existing methods such as RF (86.19%), XGB Classifier
(86.3%), and SVM Linear (85.45%).

Comparison of Classification Methods

100

80 1

60

Accuracy (%)

40

20

RF (Gujar [34])

XGB Classifier
(Gujar [34])
Methods

SVM Linear
(Gujar [34])

RCO-XLNet [Proposed]

Figure 5. Accuracy.
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Table 2. Comparison of Accuracy.

Methods Accuracy (%)
RF (Gujar [11]) 86.19
XGB Classifier (Gujar [11]) 86.3
SVM Linear (Gujar [11]) 85.45
RCO-XLNet [Proposed] 92.3

4.2. Precision

It is conventionally defined as a ratio of true positives
against the sum of false and true positives. A high level

The International Arab Journal of Information Technology, Vol. 23, No. 5, September 2026

of precision in identifying emotions in music indicates
that the model can reduce false positives, thereby
predicting the emotions correctly. The output of
precision is depicted in Figure 6 and Table 3. The result
shows that our proposed RCO-XLNet (93.8%) approach
outperforms the existing approaches such as RF
(86.195%), XGB Classifier (86%), and SVM Linear
(86.9%).

100

80

60

Precision (%)

40 1

20

RF (Gujar [34])

XGB (‘Imslﬁc‘r (Gujar [34)) SVML ll!cﬂf’((illjﬂl 34)
Methods

RCO-XLNet [Proposed]

Figure 6. Precision.

Table 3. Comparison of precision.

Methods Precision (%)
RF (Gujar [11]) 86.195
XGB Classifier (Gujar [11]) 86
SVM Linear (Gujar [11]) 86.9
RCO-XLNet [Proposed] 93.8

4.3. Recall
It is calculated by dividing the number of true positives

by the total number of false negatives and true positives.
In the field of music emotion detection, high recall
means the model found most occurrences of an emotion.
The output of recall is shown in Figure 7 and Table 4.
The result indicates that our proposed RCO-XLNet
(91.6%) technique performs better when compared to
existing methods such as RF (86%), XGB Classifier
(86.3%), and SVM Linear (46.04%).

Recall Comparison of Different Methods

RF (Gujar [34]) 4

XGB Classifier (Gujar [34])

SVM Linear (Gujar [34])

RCO-XLNet [Proposed]

T
40

Recall (%)

Figure 7. Recall.

Table 4. Comparison of recall.

Methods Recall (%)
RF (Gujar [11]) 86
XGB Classifier (Gujar [11]) 86.3
SVM Linear (Gujar [11]) 46.04
RCO-XLNet [Proposed] 91.6

4.4, F1-Score

It is a type of balanced measure and the harmonic mean

of recall and precision. A high Fl-score in the
classification of emotions in music will indicate that a
model is getting a good balance between recall and
precision, hence making enhancements in the overall
classification performance. The output of fl-score is
depicted in Figure 8 and Table 5. The result
demonstrates that our proposed RCO-XLNet (94.2%)
technique outperforms the existing methods such as RF
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(86.1%), XGB Classifier (86%), and SVM Linear
(83.56%).

100

80

o
& 60
=
(1]
= 0
20
o]
RCO-XLMet SWM Linear XGB Classifier RF
[Proposed] (Gujar [24]) (Gujar [24]) (Gujar [34])
Methods
Figure 8. F1-score.
Table 5. Comparison of F1-score.
Methods F1-Score (%)
RF (Gujar [11]) 86.1
XGB Classifier (Gujar [11]) 86
SVM Linear (Gujar [11]) 83.56
RCO-XLNet [Proposed] 94.2

4.5. Comparative Analysis

Table 6 compares the RCO-XLNet model to baseline
models based on accuracy, runtime, and compute cost.
The suggested RCO-XLNet model has the best accuracy
(92.3) and the lowest runtime (6 hours) and compute cost
(1000 units), which proves its efficiency. The CNN-
LSTM, BERT, and Robustly Optimized BERT
Pretraining Approach (RoOBERTa) models perform well

Acuracy

a) Training Accuracy.

but are more expensive in terms of runtime and
computation. Bayesian Optimization of hyperparameters
is less accurate but also relatively cheap in terms of
compute cost and runtime. This table shows the
computational benefits of the RCO-XLNet model in
practical use.

Table 6. Performance Comparison of RCO-XLNet with Baseline
Models

Model Accuracy (%) I?ﬁcr)];lrms)e Con(]BtﬁfS)Cmt
RCO-XLNet [Proposed] 92.3 6 1000
CNN-LSTM [13] 88.0 8 1200
BERT [3] 89.5 10 1300
RoBERTa [16] 90.3 9 1250
Bayesian Optimization for 874 7 1100
Hyperparameters [1] '

4.6. Ablation and Sensitivity Analysis

Figure 9 shows the training curves for accuracy and loss
over the course of training. The first subplot displays the
accuracy curve, illustrating the steady improvement in
accuracy as training progresses. The second subplot
presents the loss curve, which decreases over time,
indicating that the model is learning effectively. Both
plots use data from the training process, showing the
model's stability and convergence. These curves are
essential for evaluating the model's performance during
training.

Epochs

b) Training loss.

Figure 9. Training accuracy and loss curves.

Figure 10 illustrates the sensitivity of the model’s
accuracy to different learning rates. The plot shows the
accuracy of the model as a function of learning rate,
ranging from 0.001 to 0.3. The curve demonstrates how

performance improves with increasing learning rate up
to a point before plateauing. This figure highlights the
importance of selecting an optimal learning rate for
model training.

Learning Rate Sensitivity

2

2

Accuracy (%)
2

I

88
0.0010 0.0757

0.1505 0.2253 0.3000

Learning Rate

Figure 10. Learning rate sensitivity plot.
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Table 7 presents the results of the ablation study,
comparing different configurations of the RCO-XLNet
model. The study evaluates performance using MFCC
with only audio, XLNet with only lyrics, fusion of both
audio and text, and fusion with RCO optimization. The
table shows accuracy, precision, recall, and F1-score for
each configuration. The results demonstrate the
incremental value of RCO optimization, with the fusion
+ RCO model achieving the highest performance across
all metrics.

Table 7. Ablation Study Results for RCO-XLNet Model.

Model Accuracy (%)|Precision (%0) i%ﬁ;" Flif/g ;) re
RCO-XLNet (Proposed) 92.3 93.8 91.6 94.2
MFCC with only Audio 85.5 83.0 84.1 83.5
XLNet with only Lyrics 88.0 86.5 87.0 86.8
Fusion (Audio + Lyrics) 91.5 92.0 90.8 91.4

Fusion + RCO 94.2 95.1 935 94.8

5. Conclusions

The present study overcomes the drawbacks of
conventional music emotion recognition methods by
presenting a novel hybrid model called Redefined
Crayfish Optimization-driven XLNet (RCO-XLNet).
Using typical NLP algorithms and simple audio analysis,
conventional approaches frequently suffer from issues
with precision and lack of ability to grasp complex
emotional expressions in music. The developed RCO-
XLNet model is integrated with MFCC and TF-IDF
feature extraction techniques in the suggested
methodology to improve emotion classification.
Compared to existing techniques, our method performs
much better with 92.3% accuracy, 93.8% precision,
91.6% recall, and 94.2% F1-score. The key weaknesses
of the RCO-XLNet model are extremely high
computational resource requirements, sensitivity to
noisy input data, possible biasing by the limited
availability of lyrics, and lower generalizability to
different genres, cultures, and languages. Also, it might
be an issue of fairness with gendered or explicit content
in lyrics, which can affect user experience and ethical
usage. Confidence thresholds, human-in-the-loop
validation, and on-device computation are some of the
strategies that can be used to reduce these challenges.
The deployment scenarios may involve therapeutic or
mood-enhancing playlists, customized suggestions in
streaming applications, and real-time emotion-sensitive
music adaptation on mobile or wearable devices. Future
research may explore its application to a wide range of
musical styles, its combination with real-time music
recommendation systems, and its expansion to
multimodal emotion analysis. Besides, future studies
may investigate contrastive audio-text training to
enhance correspondence between lyrics and audio
characteristics, scalable self-supervised learning to take
advantage of large unlabeled music datasets, and more
refined emotion representations using dimensional
models like valence-arousal. Discrete emotion labels and

continuous scales would also be useful in improving the
interpretability and strength of music emotion
recognition models.
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