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Abstract. The study aims to save Indonesia's extensive voice history by
comprehensively examining existing literature and doing a bibliometric
analysis. This approach provides a comprehensive understanding of this
field's development, methodology, obstacles, and potential future paths. The
key focus is machine learning approaches to identify and safeguard
Indonesian traditional vocals using several methods, like spectrogram-based
techniques, convolutional and recurrent neural networks, transfer learning,
attention mechanisms, and hybrid learning. Examining these technologies
considers Indonesia's voice variety, providing insights into their adaptability
to handling distinct scales, tunings, and stylistic variances. The study
incorporates a bibliometric analysis to measure the expansion of literature
and ascertain the prominent authors, journals, and keywords in this
developing topic. This study improves our comprehension of the research
terrain and the conceptual paths that drive the progress of the field.
Indonesia's traditional vocal music faces the imminent challenges of
industrialization and globalization. However, there is hope for developing
machine learning to preserve digital audio data of traditional music,
especially traditional vocals in Indonesia, some of which are almost extinct.
We explore the use of machine learning to honour and protect Indonesia's
varied vocal traditions while also considering the ethical responsibilities
associated with this undertaking.

1 Introduction

Recently, substantial advancement in audio machine learning has resulted in profound
alterations in our understanding and engagement with auditory stimuli [1,2]. This
technology has been employed in many domains, spanning speech recognition, music
analysis, and other disciplines [3,4]. Recognizing and preserving traditional vocal

* Corresponding author: dicemidyanti@upi.edu

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons
Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).



SHS Web of Conferences 197, 03002 (2024) https://doi.org/10.1051/shsconf/202419703002
ICADE 2023

practices hold significant cultural and aesthetic significance within this ever-changing
context [5].

The recognition of Indonesian traditional vocal performances serves as a starting point
for a musical exploration of the diverse and broad musical heritage found within the
archipelagic nation of Indonesia. This cultural heritage encompasses traditional vocal
styles in various geographical regions and ethnic populations. The diversity of aural
expressions that characterize the vocal repertoire in Indonesia, including the magical
melodies of Beluk Sundanese singing [6,7], energetic vocalizations seen in Balinese kecak
chants [8,9] and many other singing cultures that exist in Indonesia. Indonesia's vocal
traditions provide evidence of the profound cultural exchanges and creative progress that
have transpired over generations [10].

The vocal styles traditionally used in Indonesia significantly correlate with various
ceremonial acts, rituals, and everyday life, offering a unique perspective into the people's
profound emotions and fundamental nature [11,12]. Nevertheless, significant challenges
must be overcome despite the historical importance attributed to the conservation and
recognition of these indigenous traditional vocals. Various efforts to maintain a society's
identity and cultural richness are closely related to the preservation of traditional music
and its cultural heritage, one of which is traditional vocals, which have high cultural
value and therefore need preservation efforts. The existence of several traditional vocals
is increasingly being abandoned due to developments over time, so efforts are needed to
preserve and maintain them so that their existence is remembered in society.

Digital audio preservation is a new approach to digital technology to record, store,
and protect traditional music. Digital preservation is defined as a specific act of
technology. The underlying, long-term goal is to ensure immortality and access to digital
documents, regardless of support, format, or system [12,13]. Formats, resolution levels,
support, and technological systems that meet international standards are necessary for
sound preservation [14]. Versions outside these standards are not secure in the long term
for migration and information exchange or are associated with emerging formats [15]. In
addition, the fusion of vocal and instrumental elements in Indonesian traditional music
creates a captivating and complex auditory environment that merits scientific
investigation [16,17].

It is crucial to recognize the significance of audio machine learning in addressing
difficulties in preserving digital audio. The utilization of machine learning techniques
and developments in audio signal processing has opened up new possibilities for
identifying and analyzing complex speech patterns [18,19] in the context of Indonesian
traditional music [20,21]. These approaches enable researchers and practitioners to
effectively analyze vocal styles while enhancing their understanding of the underlying
structural and cultural contexts connected with them.

In the contemporary period characterized by rapid technological progress, there is a
pressing need to proficiently employ machine learning methodologies to document,
preserve, and disseminate Indonesia's rich and varied vocal traditions. The present
literature review thoroughly examines the current corpus of research on this particular
topic, shedding light on essential methodologies, sources of data, challenges, and
prospective directions for future exploration. Participating in this activity significantly
contributes to the ongoing scholarly discussion on the intersection of technology and
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culture, emphasizing the role of machine learning in bridging modern innovations and
traditional practices.

The study is on the methodology of obtaining and preparing audio data for the goal of
machine learning, with specific emphasis on the unique challenges experienced while
working with Indonesian vocal recordings. Machine learning involves examining diverse
approaches and algorithms that empower computers to acquire knowledge and generate
predictions or conclusions autonomously without explicit programming. This
comprehensive literature review aims to examine the current state of audio machine
learning in the specific domain of identifying traditional vocal styles. This research aims
to provide a valuable resource for researchers, artists, and enthusiasts in this field
regarding a journey that celebrates cultural history, showcases technological
advancements, and ultimately deepens our understanding of the significant impact of
technology in preserving and progressing traditional arts.

2 Method

This study involves a thorough analysis of the existing research in the field, utilizing
bibliometric techniques in audio machine learning for Indonesian traditional vocal
recognition by exploring trends, theories, literature reviews, and bibliometric analysis.
We performed a literature review and bibliometric analysis using VOSviewer that
included studies published for five years (2019-2023) regarding integrating the audio
machine learning for Indonesian traditional vocal recognition.

3 Results and discussion

3.1 Digital audio preservation

Digitalization and digital preservation are intricately interconnected ideas. Voutssas
Marquez states that digital preservation is a distinct technological process. The ultimate
objective is to guarantee the perpetuity and availability of digital documents, irrespective
of their support, format, or system. It is necessary to undertake the same maintenance
level as required for the permanent protection and security of the data. When material
or data sustains damage, it is imperative to endeavor to restore it.

Térmens [22] posits that digital preservation guarantees the future accessibility and
utilization of digital documents generated in the present or past through information
conservation and security, ensuring its long-term maintenance and usage. According to
Candas-Romero [23], digital preservation is a continuous and intricate worldwide
undertaking that considers information's physical and logical aspects. It involves using
suitable, sufficient, and formal document descriptions. Therefore, digital preservation of
sound documents is an enduring approach to safeguarding, organizing, and managing
digital audio content (also known as essence or media), facilitating its long-term
accessibility, distribution, reuse, and accompanying metadata.

Conversely, digitalization refers to converting content stored in analogue to digital
format. It involves replacing analogue signals with digital ones. Digitization safeguards
precious records by preventing tampering and preserving them from harm. Ensuring the
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survival of audiovisual content is only possible through this method [24]. Digitalization
serves as both an analogy for transferring to digital platforms and converting processes
and a method in file management [25]. By use of the digitization process, specific content
can be transformed. As an illustration, an audio recording is transformed into a sequence
of numerical values. According to the recommendations of experts and researchers [13],
digitalization is based on the following recommendations:
¢ Digitization should be performed without applying data compression, adhering
to the agreed-upon quantification and sampling of digital signals.
e It is necessary to accurately capture analogue signals from documents using
suitable recording and reproduction equipment.
e The digitization process should be conducted while preserving the source
material without any alterations.
e An alphanumeric code must be provided to establish a connection between the
media and the metadata to identify the material.

Digitization is the process of converting analogue documents into a digital format in
order to preserve them [26]. This process is carried out using digital preservation
techniques. Aside from providing definitions for digitization and digital preservation, it
is crucial to remember that many documents are generated regularly using digital means.
The complexity of arguments around digital preservation arises from the need to address
digital content and content first captured using digital technology [27]. Digital
conservation encompasses a range of interventions and actions aimed at preserving and
safeguarding digital resources. Transitioning from obsolete assistance to contemporary
support is a method of conservation. Preventive measures aim to mitigate harm but do
not guarantee the avoidance of obsolescence. Wright's definition states that migration is
a preservation component, and digital document conservation is continuous digital
preservation.

Chen predicted over ten years ago that conservation and preservation will undergo a
transformation and become digital preservation. The improvements have significantly
altered the security of sound archives by introducing new professional profiles or genres,
creating lossless digital copies, and integrating media and metadata as fundamental
elements of digital preservation. These modifications necessitate the implementation of
digital storage and management systems for large amounts of data and the enhancement
of accessibility, distribution, and utilization of audio files. Furthermore, this transition
encounters many obstacles stemming from the digital conservation of audio records.

Incorporating digitization marked the initial addition to the conventional practice of
handling sound files. According to Westerhof, digitalization is the fundamental cause of
organizational changes and the development of issues with files. This process also impacts
our cognitive perception of archiving. Digitalization has created new processes for
identifying files and entering digital documents. This workflow encompasses the
validation and verification of cataloging and digitization and addressing matters related
to remote access [28,29]. It also involves continuously ensuring the integrity and
consistency of audio signals and metadata and creating periodic copies of media and
metadata in compliance with archive policies [30].

Due to the rise of digitalization, analogue copies are now rarely produced. Using
digital platforms to secure a copy and guarantee long-term preservation is advisable.
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Lossless copying can only be achieved in the digital realm. Hence, digital preservation's
primary focus is safeguarding digital content in its original digital format.

As previously mentioned, the fundamental elements to be considered in digital
preservation are digital sound, also known as essence or media, and metadata. In order to
preserve sound, it is crucial to have formats, resolution levels, support, and technological
systems that adhere to international standards. Versions must adhere to these standards
to be considered secure in the long run for migration and information interchange. They
may also be linked to new formats [24]. Metadata is essential data for utilizing and
administrating sound collections following a digital transformation. Metadata serves the
purpose of identifying and organizing information and facilitating its retrieval [31]. De
Jong stated that digital sound file metadata is created from the information obtained via
classifying, digitizing, and managing sound files. An effectively designed digital archive
will automatically produce metadata and incorporate details about the original recording
medium, format, and preservation condition, as well as the playback equipment and
standards, digital resolution, all utilized equipment, operators and performers, and any
other involved processes or procedures [24].

Sound file metadata serves as the primary communication between existing and
upcoming technology systems [32]. De Jong stated that devoid of metadata, digital
information interchange becomes unattainable. Sound files must comprehensively record
all modifications made to the metadata. When metadata registries are built and
maintained correctly, they can be safeguarded against modifications or the inclusion of
pertinent material in suitable fields [33].

In recent years, the expansion of sound and audiovisual archive collections has
presented significant obstacles regarding storage capacity. Wright defines mass digital
storage and management systems as comprehensive, automated systems that store,
manage, maintain, distribute, and preserve digital objects and their associated metadata,
backup systems, and primary storage. Bulk digital management and storage systems
streamline and automate regulating, digitizing, storing, classifying, administering, and
distributing digital objects and metadata of sound files. The primary goal is to ensure the
preservation and accessibility of these digital assets.

The most significant changes from digital preservation are enhancing access, visibility,
and the ability to reuse sound files. According to Thibodeau, the significance of digital
preservation lies in the degree to which the information is utilized. Hence, the primary
objective of conservation is to maximize the potential for exploitation. The utilization of
digital sound files is enhanced by internet connectivity and social media platforms,
leading to the development of novel specialized services that rely on sound data
catalogues. These catalogues are vital in evaluating the contents of each archive.

Digital preservation signifies a fundamental shift in advancing the culture of listeners
[34]. From this standpoint, tasks such as selecting audio libraries suitable for preschool
children, constructing sound maps, or designing educational or cultural content maps are
only a few instances of the diverse possibilities offered by reusing sound files. A sound
file possesses energy, and the accumulated recordings serve as a living heritage and an
essential element of modern civilization.

The task can be defined as the endeavor carried out by digitally preserving sound files
to guarantee long-term digital preservation. According to Thibodeau, among the issues
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faced, obsolescence and migration are particularly noteworthy. It is stated that the only
certainty in information technology is the constant evolution of technology.
Consequently, digital preservation emerged as a long-term strategy to save audio archives,
addressing the deterioration or becoming outdated analogue recordings made in earlier
years that may have been inactive for a minimal period. With the progression of
technology and the growth in storage capacity, hardware frequently needs to be updated.

Similarly, as computer processors and various software applications become old, users
can no longer view numerous files that rely on these components. Hence, any
determination concerning digital preservation necessitates the incorporation of
technological adaptability. Bradley asserts that a durable and enduring vision for digitally
preserving sound files is essential. Consequently, migration will continue to occur often.
Schuller and Teruggi also highlight the significance of transferring information to new
storage systems due to the imminent obsolescence of older storage systems as a crucial
aspect of digital preservation. As per Schuller, migration is a recurring process that should
be completed on time for a decade.

3.2 Machine learning

Arthur Samuel introduced the concept of machine learning in 1959. During that period,
machine learning research mainly focused on basic statistical models within the domain
of computer games [35]. Tom M. Mitchell [36] offered a refined definition of machine
learning, emphasizing the automatic enhancement of mathematical models' performance
through experience. Several machine learning techniques have been developed and
commonly employed, including backpropagation neural networks, which were created
in the 1970s [37], support vector machines, which were developed in the 1990s [38], and
deep learning, which emerged in the 2000s [39]. Machine learning encompasses three
primary paradigms, as Jordan and Mitchell [40] outlined: supervised learning,
unsupervised learning, and reinforcement learning. Every data sample is consistently
associated with a specific label in supervised learning. A mapping model receives data
samples as input and aims to learn output predictions that closely match the relevant
labels. It implies that the labels "supervised" the training process [41].

Unlike supervised learning, unsupervised learning does not involve any labeling for
data samples. Mapping models aim to reveal inherent resemblances in data samples [42].
Reinforcement learning occupies a position between supervised and unsupervised
learning, as it involves data samples that lack explicit labeling. Instead, a reward is
assigned as a measurement for each Action. The mapping model seeks to identify the
most favorable sequence of actions in order to maximize the total rewards [43]. In
addition to the three primary machine learning paradigms, various sub-paradigms exist.
One such sub-paradigm is semi-supervised learning, which combines elements of both
supervised and unsupervised learning paradigms. Unsupervised learning uses unlabeled
data samples to enhance supervised learning, as obtaining unlabeled data samples is
comparatively easier than obtaining labeled data samples. Two often employed paradigms
in audio machine learning are supervised learning and unsupervised learning.
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3.2.1 Supervised learning

Supervised learning is the dominant approach in machine learning, as stated by Jordan
and Mitchell [40]. Many current applications heavily rely on supervised learning, such as
sound event detection [44-46], speech recognition [47-49], action recognition [50,51],
and machine translation [52-54]. Several supervised learning methods have been created,
including deep learning [55], decision trees [56], nearest neighbors [57], and support
vector machines [58].

The advancements in deep learning have been remarkable in recent years, driven
mainly by the surge in data volumes and the reduction in hardware expenses. The
technique described by Lecun et al. has gained significant prominence in several
applications. Deep learning is a specialized area within machine learning that uses
numerous processing layers to create computational models. Several deep learning
architectures have been proposed, each with different designs for the processing layers.
These include Deep Belief Networks, Deep Auto-Encoder [59], Deep Stack Networks
[60], Convolutional Neural Networks (CNNs) [61-63], and Recurrent Neural Networks
[64-66].

Of all the deep learning architectures, Recurrent Neural Network (RNN) has been
demonstrated to be efficient in handling sequential data and recognizing long-term
connections stated by Lecun et al., because RNNs possess specifically designed iterative
operations in their hidden layers, enabling them to transmit historical information from
previous inputs and hidden layers to subsequent ones. Nevertheless, in multi-class
classification tasks, most existing RNNs employ cross-entropy loss functions [55].
However, these loss functions only partially use the information conveyed by data labels
because the cross-entropy loss function solely focuses on the target category and does not
consider the competing categories during the training process [67]. Junbo Ma devised a
Large-Margin Recurrent Neural Network (LMRNN) that incorporates the large-margin
discriminative principle as a heuristic term to guide the convergence process in training.

3.2.2 Unsupervised learning

Unsupervised learning is independent of data labels, unlike supervised learning.
Obtaining or accessing data labels might be challenging in real-world scenarios. There
are instances where it is necessary to examine the fundamental framework of the data
sample [40]. Unsupervised learning is relied upon by various applications, such as
clustering [68-70], dimensionality reduction [71-73], feature extraction [74-77], and
representation learning [78,79].

Various unsupervised learning algorithms, including k-means [80], Gaussian mixture
model [81,82], Auto-encoder [83], and Generative Adversarial Networks (GANs) [84,85],
have been developed. Clustering is a fundamental technique in statistical data analysis
that aims to categorize data samples into subgroups using a predefined set of criteria
[80,86].

Several clustering algorithms, such as k-means [87], k-medoids [88], hierarchical
clustering [89], and density-based clustering [90], have been developed. Multi-view
clustering has gained popularity in recent years because of the prevalence of data samples
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that consist of many views, each providing distinct viewpoints on the data sample [91,92].
Multi-view clustering aims to enhance the accuracy and generalization of clustering by
leveraging complementary information from several perspectives [93]. Some research
employs subspace techniques to analyze a shared latent subspace across different
perspectives and subsequently conduct clustering [93,94]. However, most existing multi-
view subspace clustering techniques rely on either k-means or spectral clustering
algorithms. In these methods, the number of clusters (k) and the weights assigned to
distinct views must be manually set [95,96].

3.3 Machine learning techniques for audio recognition

Machine learning approaches have become a potent tool in the field of audio recognition
for the identification and classification of sound patterns [97,98]. The application of
machine learning is particularly significant in maintaining and recognizing Indonesian
traditional vocal music, which contains rich cultural and stylistic characteristics in its
audio. There are several machine learning methodologies and their suitability for
identifying Indonesian traditional vocal patterns.

3.3.1 Spectrogram-based analysis

Spectrogram-based techniques encompass the transformation of audio impulses into
visual depictions called spectrograms [99,100]. These visualizations depict the temporal
evolution of the frequency content of a sound. Machine learning algorithms can be
trained to analyze spectrograms for audio recognition and detect patterns that indicate
distinct voice styles [101,102] or traditions. This method is particularly beneficial for
identifying vocal embellishments and fluctuations in tone and quality that are distinctive
to vocal [103].

3.3.2 Convolutional Neural Networks (CNN)

Convolutional Neural Networks, typically employed in image recognition, have been
modified to suit audio recognition problems. Convolutional Neural Networks (CNNs)
employ convolutional layers to identify and analyze patterns or distinctive characteristics
within the given data [104,105]. These networks can analyze spectrograms or time-
frequency representations to identify audio patterns in audio recognition [106,107].
CNNs can be trained to recognize certain vocal attributes of Indonesian traditional music,
such as the complex melodies of Sundanese Kawih or the subtle phrasing of Beluk singing.

3.3.3 Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNNs) are particularly suitable for jobs that involve data
arranged in a sequence [108], which makes them highly helpful for audio recognition
[109,110]. RNNs can capture the sequential relationships in audio signals within the
framework of Indonesian vocal music. They can be instructed to identify specific sounds
or tones and the changing arrangements and musical compositions crucial to the heritage.
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Recurrent Neural Networks (RNNs) are especially advantageous when dealing with
extended voice performances; accurately comprehending the cadence and tempo is
paramount.

3.3.4 Long Short-Term Memory (LSTM)

LSTM, short for Long Short-Term Memory, is a specialized Recurrent Neural Network
(RNN) that is particularly effective at recording and understanding long-term
relationships in sequential data [111,112]. Indonesian traditional vocal music frequently
showcases complex melodies and elaborate embellishments that span considerably.
LSTMs are adept at capturing these extended temporal patterns, rendering them
invaluable for discerning the nuanced vocal expressions seen in Indonesian music. LSTMs
have demonstrated their use in identifying prolonged vocal phrases and comprehending
the intricacies of performances.

3.3.5 Transfer learning

Transfer learning utilizes pre-trained models built on large datasets to perform audio
identification tasks [113-115]. Transfer learning is a helpful method in Indonesian
traditional vocal music, especially when labeled data are scarce. By refining pre-trained
models using a smaller dataset focusing on Indonesian vocal styles, researchers can
achieve more precise recognition while saving computational resources.

3.3.6 Mechanisms of attention

Attention mechanisms play a vital role in comprehending the significant features of audio
data. They allow machine learning algorithms to concentrate on the most pertinent
components inside the audio signal [116,117]. This function is valuable for identifying
Indonesian traditional singers since it can emphasize distinct melodic elements,
embellishments, or distinctive stylistic attributes in the audio.

3.3.7 Hybrid models

In order to tackle the intricacy of Indonesian traditional vocal music, it is possible to
utilize hybrid models that include different machine learning techniques. An example of
a more thorough approach to audio recognition involves the combination of
Convolutional Neural Networks (CNNs) for extracting features from spectrograms and
Recurrent Neural Networks (RNNs) for capturing temporal dependencies[118,119].

3.4 Bibliometric analysis of machine learning for Indonesian traditional vocal
recognition areas based on VOSviewer using network visualization

Figure 1 shows the network visualization for machine learning and Indonesian traditional
vocal recognition areas. Figure 2 shows machine learning and Indonesian traditional
vocal recognition areas based on VOSviewer using density visualization.
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Fig. 1. Network visualization for machine learning and Indonesian traditional vocal recognition areas.

In the past five years, there has been a significant increase in research in machine learning
and vocal recognition. It has resulted in a dynamic and diverse environment covering
various interconnected topics. This bibliometric analysis has revealed a diverse range of
studies that not only investigate the complexities of vocal recognition technology but also
examine its significant associations with history, music, sound, language, community,
culture, technology, challenges, teaching, the vocal tract, words, texts, years, singing,
practice, etc. The historical aspect of this study landscape demonstrates the aspiration to
comprehend the development leading to the present state of vocal recognition
technology. Researchers have illuminated the journey of vocal recognition from its crude
beginnings to the advanced speech-to-text solutions of today by tracing its roots and
mapping its evolutionary trajectory. The historical insights offer a crucial context for the
evolution of the subject and establish a basis for future advancements.

The convergence of music and vocal recognition epitomizes a seamless amalgamation
of art and technology. Music is a fundamental component of human culture and has
significant implications for studies on vocal recognition. This field of research aims to
improve the process of finding and categorizing music by utilizing advanced machine-
learning methods. This study examines sound quality, tone, and linguistic characteristics
in music and speech, pushing the limits of vocal recognition systems' capabilities.
Language is vital in research, serving as the foundation for vocal recognition. The
accuracy and adaptability of vocal recognition systems are improved by rigorously
examining linguistic factors, which include phonetics and semantics. The enormous
range of languages and dialects around the world requires us to examine the cultural
background to understand them. Researchers diligently strive to ensure that speech
recognition technology is accessible and applicable to diverse language populations.

10
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Fig. 2. Density Visualization for machine learning and Indonesian traditional vocal recognition areas.

Machine learning algorithms have become the primary catalyst for advancing vocal
recognition in technology. Scientists are always improving and creating new algorithms
to address the ever-changing difficulties posed by voice recognition. Researchers have
successfully tackled technical challenges such as noise, accents, and multi-modal
identification systems, leading to significant breakthroughs. Vocal recognition is
becoming more prevalent in education, providing novel resources for language learners
and educators. Language comprehension tools that utilize vocal recognition technology
offer tailored learning experiences, enhancing the effectiveness and accessibility of
education. Vocal recognition systems rely on words and text to translate spoken language
into written form. Recent studies have investigated methods to improve the precision of
word identification and the comprehension of natural language, thereby closing the
divide between spoken and written communication.

The time dimension, represented by the keyword "year," emphasizes the dynamic
nature of this topic. Vocal recognition technology progresses significantly each year,
offering increasingly advanced applications and solutions. These studies demonstrate a
dedication to being at the cutting edge of innovation and ensuring that voice recognition
systems stay pertinent and efficient in a constantly evolving world. Singing, an
exceptional mode of vocal articulation, has discovered its specialized position within
research. Scientists are now studying methods for identifying singing voices, annotating
music, and analyzing it, which helps enhance our comprehension of vocal expression
within art and culture.

11
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Vocal recognition study also focuses on the cultural and communal aspects,
highlighting how technology might influence various sociocultural environments. These
investigations aim to guarantee that vocal recognition technology acknowledges and
adjusts to the diverse array of human languages, dialects, and cultural customs, thereby
promoting inclusiveness and accessibility.

4 Conclusion

The last five years have seen a resurgence in machine learning and voice recognition
research, marked by a continuous and collaborative investigation into its various uses and
capacities. As technology advances, these studies will influence the future of voice
recognition systems, affecting how people communicate, interact, and learn in a digitally
interconnected world. The complex interaction among historical, musical, auditory,
linguistic, communal, cultural, technological, challenging, pedagogical, anatomical,
linguistic, textual, temporal, melodic, and rehearsing factors highlights the
comprehensive essence of vocal recognition, exposing its capacity to bring about
significant changes in a time where voice plays a central role. Preserving and
acknowledging Indonesian traditional vocal music in the digital era is challenging yet
essential. Machine learning presents a potential opportunity for automating audio
recognition, but it is necessary to modify the technology to suit the distinct attributes of
these vocal traditions. Moreover, it is crucial to prioritize cultural awareness and foster
engagement with indigenous communities. By employing an appropriate methodology
and incorporating advanced machine learning techniques, Indonesia has the potential to
effectively safeguard and commemorate its multifarious vocal legacy, guaranteeing the
perpetuation of admiration and recognition for this artistic expression among
forthcoming generations.

The authors declare that there is no conflict of interest regarding the publication of this
article. The authors confirmed that the paper was free of plagiarism.
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