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Gamelan is an instrument of musical expression that has an aesthetic function
related to social, moral, and spiritual values. Gamelan consists of a variety of
musical instruments that have a unique sound. In this study, the sound
detection of nine gamelan musical instruments was carried out using a
teachable machine. The gamelan musical instruments detected included gong,
kenong, saron, bonang, gambang, kendang, flute, siter, and rebab. The
algorithm used is CNN. The CNN algorithm has a fairly good performance for
the sound detection process. The test results of the built model show an "acc"
value of 25 ranging from 0.99 to 1, which indicates that the model achieves an
accuracy rate of 99% to 100% on the training dataset. At the same time, "test

Gamelan . accuracy" refers to a measure of the model's effectiveness in predicting data it
Teachable machine has not encountered during training. The "test accuracy" score varied from 0.
CNN 83, which shows that the validation data has an accuracy of 83%.
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1. INTRODUCTION

Gamelan is one of the traditional musical instruments from the island of Java. A set of gamelan
consists of various musical instruments that are played in unison. Because the combination of the sound of one
gamelan and the sound of the other gamelan illustrates harmony in community life. But as time goes by, there
are fewer and fewer gamelan enthusiasts and gamelan makers are also increasingly difficult to find. The
development of Javanese gamelan was initially introduced by the wali Songo to help spread Islam in the
archipelago, especially the island of Java. The guardians used gamelan as an attraction so that the public would
want to enter Islam and come to the Mosque to perform worship [1].

The overlapping frequency phenomenon in gamelan performance presents a complex challenge in
automatic instrument identification. When gamelan instruments are played simultaneously, their harmonic
spectra often intersect, which can disrupt the accuracy of detection systems. Therefore, advanced
computational models are needed to recognize and classify these sounds correctly.

Artificial intelligence technology that focuses on using data and algorithms to mimic the way humans
learn, one of these learning models is computational performance using deep learning techniques. Deep
learning, particularly through the use of Convolutional Neural Networks (CNNs), has demonstrated strong
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performance in complex signal processing, especially in the field of speech recognition. For instance, research
[2] and [3] successfully implemented neural networks and MFCC feature extraction to recognize speech with
high accuracy, such as the Darija and Kambera dialects, achieving results up to 99.6%. These approaches
leverage spectrogram-like inputs and layered convolutional filters to capture nuanced patterns in audio signals.

However, these models have mainly focused on human speech and dialects, with limited application
to non-verbal or instrumental sounds such as gamelan music. Furthermore, gamelan differs fundamentally from
speech in terms of timbre, pitch layering, and rhythmic complexity, highlighting a research gap that remains
unexplored in current literature. Survey results related to Automatic Speech Recognition using Advanced Deep
Learning Approaches namely Advances in deep learning (DL) towards automatic speech recognition (ASR).
ASR relies on large training datasets, and requires substantial computational and storage resources. Enabling
adaptive systems can improve the performance of ASR in dynamic environments [4].

The methods discussed in [5]-[7] emphasize the potential of CNNs not only in speech but also in
animal sound recognition, such as elephant vocalizations. These studies used dual-layered convolutional
systems to extract deep features and achieved accuracy rates up to 96.2%. The common thread among these
works is the use of CNNs as a generalized audio classifier; however, none have addressed the unique acoustic
patterns in gamelan music.

Quoc Bao Diep et al. [7] proposed three CNN-based approaches (1D-CNN, 2DS-CNN, and 2DM-
CNN) and achieved performance exceeding standard models like GoogLeNet and AlexNet with accuracies up
to 99.76%. This demonstrates that CNN architectures are scalable and adaptable across domains. However,
applying them to gamelan instruments, which often feature overlapping percussive and melodic elements,
requires careful consideration of feature extraction techniques and temporal dynamics. Convolutional neural
networks (CNNs) are deep learning architectures that are often used to solve a variety of problems.
Convolutional neural network (CNN) is a method that can help solve the problem of large amounts of data,
and the CNN method can help solve the demands of user identification problems [8].

Several researchers have explored the application of deep learning, particularly Convolutional Neural
Networks (CNNSs), in audio classification and traditional instrument recognition. For instance, the study by
Muljono et al. employed a combination of Mel-Frequency Cepstral Coefficients (MFCCs) and CNNs to
classify tempo in kendhang, a key instrument in the gamelan ensemble, achieving an accuracy of up to 97%
[9]. Another study by Hermawan et al. applied Short-Time Fourier Transform (STFT) and multilayer
perceptron (MLP) models for the transcription of musical notes from the Demung instrument in gamelan,
demonstrating the effectiveness of deep learning for traditional sound processing [10].

The other research showed that CNNs trained with log-Mel or MFCC spectrogram inputs could
hierarchically learn audio features for instrument recognition with high accuracy [11]. Their work emphasized
the interpretability of CNN layers, showing that deeper layers captured timbral characteristics specific to
instruments, thereby improving classification performance. Giri and Radhitya further confirmed the strength
of CNNs in this domain by experimenting with mel-spectrogram and MFCC inputs for a dataset of various
musical instruments, including traditional ones. Their model achieved high accuracy and robustness,
suggesting its potential use for instrument classification tasks such as those in gamelan orchestras [12].

In our study, we applied a CNN-based deep learning approach using Teachable Machine combined
with MFCC feature extraction to recognize many different instruments in a gamelan ensemble such as rebab,
gender penerus, gender barung, bonang barung, saron barung ,slenthem, demung, saron penerus, gambang,
clempung, siter, kenong, kempul, engkuk-kemong, kemanak, suling, kethuk-kempyang, gong suwukan, gong
ageng, kendang. We performed experiments across 10, 15, 20, and 25 epochs to achieved the highest accuracy
on the test. This confirms that CNN models, even when trained with moderate resources, can capture the
essential acoustic signatures of gamelan instruments or not.

Despite the promising results of CNN and MFCC in general audio classification tasks, their
application in gamelan sound recognition remains limited and underexplored. This study fills that gap by
exploring the intersection of traditional gamelan instrumentation and modern deep learning classification
models, ultimately contributing toward the digital preservation and modernization of Indonesian cultural
heritage.

2. METHOD
In this study, a teachable machine with a CNN algorithm was used to classify the types of sounds in a
sample of gamelan music. From the gamelan music sample, the sound of 9 musical instruments will be
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detected. The musical instruments detected include: gong, kenong, saron, bonang, gambang, kendang, flute,
siter, and rebab. The workflow of the gamelan sound detection process can be seen in the image below:

Classification
Voice Training with CNN

Add sound data in
teachable machine

Detection of

Gamelan Musical

Finish
Figure 1. Workflow of the gamelan sound detection process

1. Create a new Project
The first step is to create a new project on the teachable machine. Teachable machine can be used for 3

features. First, the image feature, the sound feature, and the pose feature. Choose for the sound project,
here is the view for the sound feature on the tachable machine.

= Teachable Machine

Background Noise ()

Add Audio Samples (20 minimum):

& i
Mic Upload

Training
Preview T Export Model

Train Model
Class 2 You must train a model on the left
before you can preview it here.
Add Audio Samples (8 minimum):

4 &

Mic Upload

Figure 2. Tachable machine sound fiture.

2. Add Voice Data in Teachable Machine
The second step we need to record background noise, background noise needs to be recorded to know the

noise in our surroundings. We can record the noise for 20 seconds and extract the sample. The more sample
data provided, the better. At the time of noise recording we can also set the recording duration and delay. The
duration and delay settings can be seen in Figure 3.
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Background Moise

Settings
Delay: 0O seconds

Duration: 20 saconds

Figure 3. Setting delay and recording duration

Microphone 20 Audio Samples

D 20:00 / 8020 Etiach Sample . . . .

Figure 4. Add sample noise

Record 20 Seconds

The microphone used to record sound is miniso headphone. The number of sample data used is 216
data with 9 classes. The recording environment is carried out in a medium-sized room, with minimal echo or
reverberation. After recording the noise we need to add a sound sample that will later be detected. In this study,
9 Javanese gamelan musical instruments were used to be detected. Musical instrument sound samples are
recorded with the help of a microphone connected to a laptop and stored directly in a tachable machine. After
we get a sample of the sound of gamelan music consisting of various kinds of musical instruments. We will
add the sound samples that we get to the teachable machine.

The sound sample was sampled for 20 seconds and then extracted into different audio samples. If the
extracted sound sample is not suitable, we can repeat the steps to readd the sound sample. Samples of gamelan
musical instruments used include gong, kenong, saron, bonang, gambang, kendang, flute, siter, and rebab.
Sound sampling is done by following the standard recording duration of 2 s per instrument sample, with the
option to re-record if needed. An example of a sample of gamelan musical instruments can be seen in figure 5.
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Figure 5. Sample kendang musical instrument

3. Voice Training and Classification with CNN

Training and classification were carried out using the TensorFlow framework which has been
equipped with the CNN algorithm. The TensorFlow framework and CNN algorithm are used to measure the
sound recognition performance of gamelan musical instruments. The design of the CNN model architecture
was carried out to be able to recognize the sound patterns that have been recorded in the dataset and to be able
to identify what is being spoken. The model was designed using the tensorflow framework that functions as a
backend engine and a hard library that functions as a high-level neural networks API. The process of forming
a neural network model in the creation of speech recognition is carried out by trying values and models until
the model made is considered to be quite good in terms of accuracy and loss values that are not too high [13].
CNN leverage the spatial feature hierarchy of the audio data to be processed. While TensorFlow js is an open-
source machine learning library. It is based on the TensorFlow.js library written in Python. Learning knowledge
to help learn something different but similar is called transfer learning. Machine learning models that have
been drilled like images or audio data. Traditional Convolutional Neural Network (CNN) architectures can see
how transfer learning can leverage these trained networks to learn new objects [14].

sssss

BONANG

,,,,,,,,,,

ststststst

Figure 6. Training process

We can start the Training process by pressing the train model button. Epoch settings can be done by
clicking advance. We can try more than 1 epoch to get the best performance results. In the research, the
detection of gamelan musical instruments was carried out 4 epochs.

4. Detection Music Gamelan

Gamelan consists of two adjustment systems, namely the barrel of slendro and pelog, with the ricikan
gamelan consisting of: rebab, gender penerus, gender barung, bonang barung, bonang barung, saron barung
,slenthem, demung, saron penerus, gambang, clempung, siter, kenong, kempul, engkuk-kemong, kemanak,
suling, kethuk -kempyang, gong suwukan, gong ageng, kendang.[15]. The gamelan music detection display on
the teachable machine we can see the spectogram. A spectrogram is a visual representation of a sound that
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shows the frequency and timing distribution of that sound. Spectrograms are created using a Fourier Transform
that converts sound signals from the time domain to the frequency domain, then displayed in the form of an
amplitude graph of frequency and time [16]. In addition, we can set the overlap factor. This overlap factor
determines how often the last second of audio is tested against the model you created. In this study, the overlap
factor used is 0.5 which means that audio will be grouped every half second. Meanwhile, if we choose the
overlap value of the factor of 0, the audio data will be compressed every 1 second. The gong sound sample
when we tested showed a percentage of 37% more dominant among other models. Another sample when we
try the sitter sound shows that the percentage is 72% more dominant among other gamelan musical instruments.
This shows that the model can detect well. In a speech recognition system, there is an input layer to receive the
original speech signal. While the non-linear activation function can change the input data, and the hidden layer
plays a role in extracting features based on the data. The output layer is responsible for mapping these features
to specific speech units.[17].

Input ® on

Qutput

Backg...
Noise

GONG
Ovarlap Facton: iy 0.5 KENO...
SARON
BONA...
Output GAM...
KEND...
SULING

REBAB l

KENG.. a

SARON

Figure 7. Trial of gong and siter musical instruments.

After we test the model we can export the model. We can also export our trained templates for our projects:
websites, applications, etc. We can download our trained template or host it online for free from there and use
it anywhere Javascript is run.



Yunitasari, et. al. / J. Soft Comput. Explor., Vol. 6, No. 2, June 2025: 89-98 95

Javascript p5.js Contribute on Github

Learn more about how to use the code snippet on github.

Copy IO

le Machine Audio Model
"button” i "ini

vr.net/npm/ w/tfjs@1.3.1/dist/tf .min.js
livr.net/npm/@ sorflow-model

speech-commands@ /speech-

const URL ./my_model/";

async function createModel() {
const checkpointURL URL + "model.json”;
const metadataURL URL + "metadata.json”;

const recognizer = speechCommands.create(
"BRONSER_FFT",

undefined,

checkpointURL,

metadataURL) ;

await recognizer.ensureModelloaded(};

return recognizer;

Figure 8. Export model

3.  RESULTS AND DISCUSSIONS

The results of the model built we can see the visual display of the accuracy graph per epoch in the
screenshot on the Teachable Machine site using the CNN algorithm. CNN is a type of artificial neural network
that is typically used to identify objects [18]. Convolutional Neural Network (CNN) is used as a place to process
data in two-dimensional form (multi layer perceptron), namely voice data and image data. CNN as one form
of pattern recognition that requires deep learning to detect it [19]. Model training is the process of training to
recognize objects and classify them according to their class [20]. The "acc" metric is used to measure accuracy
in model training and shows the model's ability to predict training data. In this study, several experiments were
carried out to change the epoch value to determine the results of the model's performance. The results of the
experiment used different epoch values along with the loss and test loss values obtained. In the use of speech
recognition through Teachable Machine, the term "accuracy per epoch" refers to a measure that shows the
percentage of data that is successfully classified correctly by the model during one training cycle (epoch). The
results of the comparison of epoch values, accuracy, test accuracy, loss values and test loss can be seen in Table
1.

Table 1 Results of the epoch experiment

Epoch Acc Test Acc Loss Test Loss Precision Recall F1-Score
10 0,9 0,69 0,39 1,08 0,70 0,87 0,61
15 0,94 0,74 0,26 0,87 0,75 0,79 0,53
20 0,95 0,81 0,2 0,56 0,65 0,67 0,72
25 0,99 0,83 0,14 0,61 0,79 0,76 0.80

The “acc” value for epoch 25 ranges from 0.99 to 1, meaning the model has an accuracy of between
99% and 100% against the training data. Meanwhile, “test acc” is the validation accuracy that measures the
model’s ability to predict test data that is not used in training. The “test acc” value ranges from 0.83, indicating
an accuracy of between 83% against the validation data. The results of the accuracy and test accuracy graphs
for epoch 25 can be seen in Figure 9.
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Figure 9. Accuray and test accuracy results for epoch 25

The test results for epoch 25 show that the loss value obtained is 0.14 while the test loss value is 0.61.
The graph results of the Loss and Test Loss Results for epoch 25 can be seen in Figure 6. On the other hand,
“loss per epoch” shows the level of model prediction error against training data in one epoch. The target of
model training is to improve the accuracy per epoch while reducing the loss per epoch, which can be achieved
by adjusting model parameters such as learning rate or changing the model structure so that the model can be
more effective in learning and classifying sounds according to the desired application goals.

Loss per epoch

3.0 — loss

— test loss

—

. 24
0.0 - loss: 0.146027907729
0 5 testloss: 0.616096377373

Figure 10. Loss and test loss results for epoch 25

A graph of loss change per epoch in a screenshot on the Teachable Machine website, which illustrates
the model's ability to predict the entire dataset in each training iteration. The "loss" metric measures the
difference the model's prediction from the actual value. The lower the loss value, the better the model in making
predictions. In addition, there is a test loss metric, which measures model errors in each epoch's test or
validation data. This test loss is important to evaluate the model's ability to apply learning from training data
to data that has never been used before. The results of the test loss, with a range of values between 1.08 to 0.61
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on the validation data, showed a consistent decline. The Epoch Test Result Bar Chart which contains the
comparison of results for accuracy, accuracy test, loss and test loss can be seen in Figure 11.
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Figure 11. Epoch test result bar chart

From the graph we can see that the model results are experiencing overfitting. This shows that the model
focuses too much on the details of the training data and cannot generalize well. Overfitting usually occurs when
a model has too many parameters or features. Such complex models tend to capture small details, including
noise, in the training data. As a result, even though the model may show high accuracy when tested with training
data, its performance will decline when faced with new data that it has never seen before.

4. CONCLUSION

In conclusion, we are satisfied with the final results of our Teachable Machine model to detect gamelan
musical instrument sounds based on the TensorFlow deep-learning model. Although this model is not perfect,
the model built can fully operate to detect 9 gamelan musical instruments tested. This model can be used easily.
The limitation of this model is that the model is still very simple and can only detect 9 types of musical
instruments. The model that was built is still overfitting, it is hoped that in the future it can be improved so that
it becomes good fitting. So in the future, we will try to apply this model to other case studies and can be refined
to detect gamelan musical instruments with more types of musical instruments. And can be implemented into
a mobile application with a better and more attractive user interface.
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