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This article is the result of research on Gamelan instruments that examines from a technological perspective
what is rarely done nowadays, through kendhang tempo recognition by proposing three classification modeling
schemes. The proposed scheme is a new approach to kendhang tempo classification, using kendhang sound
converted to image-based features via Mel spectrogram, then features are extracted from the image with Visual
Geometry Group (VGG)-19 before incorporating the method K-Nearest Neighbour (K-NN) as a classification
method. Based on the experimental results that have been obtained, modeling using the 3rd scheme, namely
two-phase feature extraction from the Mel spectrogram image as the first phase and the second phase of
VGG-19 with classification using K-NN has an advantage in accuracy (99.6%) of implementing Kendhang tempo
recognition correctly and the average achievement of the fastest training processing time was 3.37 seconds
compared to the 1st scheme with an accuracy of 94% and an average model training process time of 16.4 seconds
and the 2nd scheme with a model accuracy of 98% and the average time to complete the model training process
the longest is 6228.6 seconds.
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1. Introduction

The Gamelan musical instrument is a traditional art instru-
ment of Javanese culture, Indonesia, which in its develop-
ment is used to accompany the performance of wayang
art as well as a performance of Javanese tribal customs.
Gamelan consists of several instruments which are played
simultaneously. Gamelan performances are traditional mu-
sical ensembles that typically feature music produced from
a combination of gamelan musical instruments such as
gongs, kenong, kempul, saron, bonang, kendhang, and
others and can produce harmonious musical compositions
[1] All gamelan instruments are played by striking or drag-
ging the sound source to obtain a signal having a variety of
frequencies. Kendhang or drum is a gamelan instrument,

one of the main functions of which is to set the rhythm
or tempo [2]. The important role of kendhang makes the
player of kendhang always placed as the leader of Game-
lan performance. The kendhang produces sound by being
beaten or struck by hand without any tools on the mem-
brane. When struck or beaten, this membrane then vibrates.
It is this vibration of the drum membrane that produces
the sound [2].

Kendhang musical instruments are usually played by
professional gamelan players who have long been im-
mersed in Javanese culture and most kendhang are played
according to the sensitivity of the kendhang player, which
means that the standardization of the resulting tones will
be different for each player, so that if played by one person
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with another person, the rhythm or the resulting tempo will
be different, thus affecting other instruments in gamelan
performances. Therefore, we need a system that can rec-
ognize the sound of this kendhang musical instrument, or
in other words, synthesize the Kendhang signal to convert
the signal into a reference signal that can automatically rec-
ognize the tone of this kendhang as a key standardization
that will be useful for other instruments as they become an
integrated ensemble in gamelan performances.

Research related to gamelan instruments is an interest-
ing topic because so far research on gamelan or its instru-
ments has mostly been done from an artistic or musical
point of view, while research on gamelan from a techno-
logical view has rarely been conducted [3, 4]. Research on
gamelan from a technological point of view is still little
done, but recently several researchers such as Sari, Wu-
landari, and Suprapto [5], Dewi [6], Tjahyanto [7, 8] who
conducted research on Gamelan from a technological per-
spective. In this research scheme, the researcher uses the
sound of the kendhang as a tempo detection tool, the differ-
ence in frequency of each note coming out of the kendhang
is an important key in the classification of the tempo of this
musical instrument.

Sound samples of musical instruments, including kend-
hangs, have several characteristics or attributes that rep-
resent these musical instruments, so the sound or audio
data of kendhangs that should be classified as a tempo type
must first be extracted. The extraction method used in this
study is the Mel-spectrogram. Using the Mel-spectrogram
as feature extraction provides efficient results for working
on audio in image-based features applied in classification
[9]. Moreover, the Mel spectrogram is also considered to
have better performance in terms of image-based features,
which is in line with the framework of this study which
extracts audio datasets into image features or forms of spec-
trogram and then performs modeling based on feature ex-
traction. results of these images with the Mel spectrogram
[10]. Besides using Mel-spectrogram as feature extraction,
the scheme of this study will also extract informative fea-
tures from Mel spectrogram images produced using Visual
Geometry Group (VGG)-19 architecture, the selection of
VGG-19 is based on the fact that this architecture is more
sensitive and reliable in image extraction features (Image-
Based Features) [10] and can help models train faster and
more efficiently [9] In principle, VGG itself is a CNN ar-
chitectural model that shows good performance for image
classification [11], but experimental results show that the
resulting model is not accurate enough in image classi-
fication, so the VGG model can be combined with other
classification algorithms to improve performance. In this

paper, kendhang’s tempo recognition process uses the K-
Nearest Neighbour (K-NN) to perform the classification
because this method is not sensitive to outliers, does not
require data input assumptions, and has good performance
[12].

Based on some of the above issues and research done
previously This study presents a novelty by proposing
three schemes of methods used to recognize voices or
speech recognition that are used to identify the tempo of
the Kendhang instrument using the Mel-spectrogram and
VGG-19 feature extraction schemes, followed by the recog-
nition process K-NN to do the classification. The purpose
of this article is to detect the tempo of kendhang from the
sound it produces, so the accuracy of detecting the sound
of kendhang is its main focus because the process that goes
through obtaining a subset of features extracted from game-
lan recordings using the Mel and VGG-19 spectrogram. The
selected feature subsets were then validated using the cross-
validation technique and classified using the K-Nearest
Neighbour (K-NN) classification method. The remainder
of this paper is divided into the following sections. Section
2 describes a review of the literature related to research on
gamelan and the methods or algorithms used to identify
gamelan sounds, Section 3 covers the methodology used,
including a description of the concept of classification and
feature extraction algorithms as well as data sources and re-
search flow. Section 4 describes the experiments performed
and the results obtained. Finally, Section 5 concludes the
study.

2. Related work

In speech or sound recognition, many approaches have
been applied to estimate or recognize voices, for example,
the study of musical instrument detection from input au-
dio signals initiated by Chakraborty and Parekh [13], this
study aims to obtain the efficiency of several features with
several approaches of machine learning method such as
support vector machines (SVM), K-NN and artificial neural
networks (ANN), but the best results of the various exper-
iments performed are the cepstral coefficient (CC) With
artificial neural networks (ANN) being the best experimen-
tal setup compared to the others, another alternative to
avoid tuning can use the K-NN method. Additionally, Tran
and Lundgren [14] detected the sound of a broken drill
by converting the audio signal of the drill into an image
signal in the form of a Mel spectrogram and scalogram
images. Classification of these images will be performed
using SVM and K-NN machine learning methods. The
results of this study indicate that the proposed Mel spec-
trogram and scalogram image inputs with the proposed
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K-NN and SVM methods are the best models with the same
accuracy value of 80.25%.

Other research related to sound recognition was con-
ducted by Nugroho who conducted experiments to recog-
nize the voices of various ethnic groups in Indonesia. The
experimental proposal of this research is to perform data
augmentation to overcome the small number of datasets
and feature extraction using the MFCC method, while the
approach used is a seven-layer DNN which has model per-
formance with 99.76% accuracy and 0.05 loss [15]. Mean-
while, other applications of the K-NN algorithm in mu-
sical instrument sound recognition have been made, one
of which is research using Google-Net as a feature extrac-
tion method, this study compares the performance of the
SVM method with K-NN in the classification of musical
instrument sounds in experiments with sixteen types of mu-
sical instruments. the results of this study indicate that the
good performance of the two methods is the SVM method
[16]. Moreover, research by Jeyalakshmi compared the per-
formance of the two classification methods of K-NN and
HMM in speech recognition of four different musical in-
struments, namely the flute, guitar, violin, and piano. The
feature extraction methods used in this study are MFCC,
PLP, and RASTA-PLP. The results of musical instrument
recognition using K-NN have the highest average accuracy
when feature extraction is performed with MFCC, which is
85.5% for the same note, while for different grades it is also
highest with MFCC of 75% [17]. Meanwhile, in another
study using a dataset consisting of 1284 music samples
from sixteen types of musical instruments, Prabavathy’s
research conducted sound detection of musical instruments
using AlexNet as a detection method. feature extraction,
with the K-NN method used, the obtained accuracy of
98.16% [18].

While research related to Gamelan instruments in terms
of technology is still rarely conducted, recently there have
been several researchers like what was done by Wulan-
dari, who detected the appearance of gamelan musical
instruments. Using spectral features extracted using su-
perimposed short-term Fourier transform (STFT) by exam-
ining the effect of window length. The proposed method
shows that by setting the window length and setting the
appropriate dynamic threshold parameter, it can produce
an F-measure greater than 0.80 for some methods. More-
over, Tjahyanto using four types of instruments in Gamelan
namely demung, saron, peking, and bonang, this research
uses the principal component method and spectrum-based
feature sets as feature extraction used for the sound clas-
sification of gamelan instruments with the SVM method
on RBF kernel. The experiments performed show that

spectrum-based feature sets have a higher average F-size
than appearance-based features. While the recognition of
specific tones for the musical instrument saron (83.79%) is
higher than the recognition of specific tones for the musical
instrument demung (63.89%) [8].

The related experimental results that have been de-
scribed above have similarities with this study in terms
of the extraction method, namely the Mel spectrogram and
the type of dataset in the form of a recorded audio signal.
However, there are fundamental differences between some
of the above studies and the experiments conducted in this
study, namely the musical instruments used in this case
the kendhang, the number of tempo classes, and the dif-
ferences in the extraction process characteristics before the
classification process.

3. Methodology

This section will describe the research framework used in
this study. In general, the research framework of this study
is divided into four stages, data collection (including dis-
tribution of training data and test data), pre-processing,
modeling, and final model evaluation. The modeling step
of this study is divided into three diagrams, each diagram
has steps that include feature extraction and the stage of
recognition of tempo kendhang sounds through a classi-
fication process. In more detail, Fig. 1 below explains the
steps performed in this study.
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Fig. 1. Research Framework for Classification of Tempo
Kendhang.

Based on the description of the proposed research frame-
work in Fig. 1, the steps of this study can be explained
through the following steps.

3.1. Dataset and Data Acquisition

The dataset used in this study is the experimental result
of the original Kendhang instrument which is part of a
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set of Gamelan instruments. The audio recording sample
dataset in this experiment is a personal dataset consisting
of 120 audio-isolated pitch samples in the data format in
the extension .wav which is the standard audio file format,
with 40 audios per time class. The sample rate is 44.1 kHz
with a hop length of 512 and a Fast Fourier Transform (FFT)
of 2048. Fig. 2 below illustrates the dataset of this study,
namely the .wav file of the kendhang sound in each tempo
class. Based on Fig. 2, it can be seen that each kendhang
tempo class has a different size.
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Fig. 2. Visualization of the "slow" kendhang tempo audio
dataset (a), "medium" kendhang tempo types (b), "fast"
kendhang tempo types (c).

Kendhang sound is recorded with a sampling rate of
44.1 kHz. The process for the kendhang to produce sound
samples is to beat/knock each kendhang. In total, this
study obtained about 120 isolated tone samples, with
tempo levels divided into three, namely "fast", "medium"
and "slow" tempos which were then used as classes or la-
bels for each sample. of tone. This labelling is carried out by
professionals involved in the performing arts of gamelan.

In carrying out the kendhang sound recording process,
the equipment used in this study for the recording in-

cluded a soundproof recording studio room and recording

software such as Adobe Audition, external sound card
M-Audio, and microphones AKG C1000S. The people in-
volved in the recording are professional kendhangs and the
technical recording team. In the recording process, every-
thing related to the recording technique will be recorded,
for example, the distance between the microphone and
the kendhang instrument, the sampling frequency, and the
associated sound signals, the room used, the tools used
(hardware and software), and the rhythm of the kendhang
played. This is done so that later if we want to re-record,
we can get the same results.

Kendhang sound recording is done with a sampling
rate of 44.1 kHz (which can then be up-sampled or down-
sampled as needed), with a precision resolution of 16 bits,
mono channel type, the duration of the kendhang accom-
paniment recording is saved as a storage file in the form
of .wav. In total, there are 120 wav files of selected drum
sound recordings consisting of 40 "slow" tempo/rhythm
kendhang sounds, 40 "medium" tempo/rhythm kendhang
sounds and 40 "fast" tempo/rhythm kendhang sounds.

3.2. Sound pre-processing

Before going through the pre-processing stage, the dataset
obtained will go through a framing process, process cutting
the kendhang tone recording is cut according to a predeter-
mined time. The pre-processing step in this study involves
an augmentation process. The augmentation process per-
formed on the audio data is to add several variations in-
cluding noise addition which is a method to add a random
value (noise) that is input in the audio data, the added
value is 0.005 in each audio file.

The next variation of this augmentation is the Pitch
Shifting method, this method changes the pitch of the audio
data without changing the speed or duration of the audio
data randomly so in this method, the duration of the audio
will remain the same and only the pitch will be changed,
the added value is between 0.8 and 1. The last variation
in the process of increasing the data is to add values of
amplitude randomly, while the added values are between
1.5 and 3. From the results of this augmentation process,
the dataset becomes 1200 audio files from the original 120
audio files. In addition, the audio data resulting from the
augmentation process which is still a file with the *.wav
extension is clipped to the sound signal with the same
duration of five seconds for each audio file, this process is
called a windowing process [19].

3.3. Split data

In this study, the number of datasets will be divided
later. When the entire dataset has gone through the pre-
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processing stage, the dataset will then be divided into
training data and test data. The division method used
is the stratified splitting method [20]. The stratified split-
ting method takes all the data, shuffles the data, and then
divides the data into training and testing sets for each class.
The ratio of the distribution of training and testing sets is
80:20.

3.4. Modeling

The modeling stage in this study is divided into three
schemes, each scheme has stages which include feature
extraction and sound recognition stage of kendhang tempo
through a classification process. Before explaining each
scheme in detail, this sub-chapter will generally describe
the feature extraction method used.

3.4.1. Feature extraction

At this stage, it is a question of obtaining a digital signal
value and this value will be used as a learning model. It is
necessary to extract features in order for the characteristics
to be studied for the classification task [21]. The feature
extraction procedure on CNN VGG19 involves some op-
erations spanning from convolution to pooling, to extract
the significant features from the image. In particular, the
feature extraction procedure on the VGG19 CNN begins
with convolution, which is a 224x224x3 initial input image
processed through a series of convolution layers comprised
of small-size convolution filters. Each of these filters iter-
ates over the input image, producing a new feature map.
The number of filters in subsequent convolution layers can
vary, gradually increasing the complexity of the retrieved
features. Following that is activation, a post-convolution
step in which each feature map is assigned a nonlinear ac-
tivation function such as ReLU (Rectified Linear Unit) to
introduce nonlinearity in the feature representation. The
final step is pooling, which occurs after activation. The max-
imum pooling procedure is typically used in the pooling
process. Clustering takes the largest value in a particular
window such as 2x2 on each feature map to decrease the
spatial dimension and extract the important characteristics.
The stages of convolution, activation, and pooling are re-
peated numerous times to build a more complicated and
abstract feature representation, resulting in a final feature
of dimensions (7x7x512). several convolution blocks in
the VGG19 architecture feature several convolution and
grouping layers.

Based on the scheme of this study shown in Fig. 1. The
feature extraction used in this study is the Mel spectrogram
which is an algorithm used to calculate the spectrogram
of the kendhang sound signal which has been processed
before. The results of feature extraction with the Mel spec-

trogram will later visually represent the kendhang sound
signal in terms of frequency and amplitude as a function of
the time domain, as shown in Fig. 3.

Then, based on Scheme 3 in Fig. 1, the Mel spectrogram
extraction results in Fig. 1 will be the feature extraction
using the Visual Geometry Group (VGG-19) method with
19 lattice layers of neurons, this VGG-19 architecture as a
model for extracting image features from the extract. Spec-
trogram Mel. The results of feature extraction from the Mel
spectrogram using the VGG-19 architecture are shown in
Fig. 4.

3.4.2. Classification scheme

As proposed in the research framework shown in Fig. 1,
in this study, the modeling step consists of three schemes.
The difference between each of these schemes lies in the
differences in the feature extraction and classification meth-
ods used. The following explains each diagram at this
modeling stage.

a. Classification with K-NN (Scheme 1)

The kendhang tempo recognition algorithm in this
study uses the k-Nearest Neighbors (k-NN) algorithm.
In general, the k-NN algorithm measures the distance
between the goal center point and a set of observation
points in the dataset to assign the goal center point
to the most common class among the "k" nearest
neighbors surrounding it, this indicates that there
is a flag that implies that there must be a measure
of distance that can be calculated between samples
using independent variables [22]. In this study, the
consideration of the distance measure used is the
Minkowski distance. Minkowski distance has another
form of calculating distances similar to Euclidean and
Manhattan, but the powers and roots of p used range
from 1 to 2 [23]. The Minkowski distance between two
points x and y is.

n 1y
d(x,y) = (Z |x; _]/i|p> (1)

i=1
where d is the minkowski distance between data at the
center point (x) and data on attribute (y) for each i-th
data, where n is the amount of data and parameter p is
power. Fig. 5 below illustrates the k-NN classification
for three tempo classes of kendhang, namely “fast”,
“medium” and “slow” tempo which will be displayed
in this study. In this study, the number of neighbors
parameter or symbolized by k was used with a con-
figuration of k values, namely 2, 3, and 4. In Fig. 5,
the red color represents the "fast" tempo class, while
the color yellow represents the "medium" tempo class,
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Fig. 3. Visualization of a sample of the results of feature extraction using the Mel Spectrogram for slow kendhang tempos
(a), medium kendhang tempos (b), and fast kendhang tempos (c).
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Fig. 4. Visualization of a sample of the results of feature extraction using the VGG-19 for slow kendhang tempos (a),
medium kendhang tempos (b), and fast kendhang tempos (c).

and green the "slow" tempo class. While the blue dots
are illustrations of the target points.

The illustration of the dotted line inside that forms
a circle has a parameter value of k = 2, this indicates
that the target point is classified as a yellow class or
a "medium" tempo kendhang because there are three
yellow dots in this area. Another illustration for the
value of the parameter k = 3 shows that the target is
classified in the green class or the kendhang tone with
a "slow" tempo.

. Classification with Visual Geometry Group (VGG)-19
(Scheme 2)
VGG is a CNN architectural model which has good

performance for image classification, VGG model was
first introduced in the ImageNet competition in 2014,
it is a solution to the weakness of CNN, which has
a long model training processing time. The VGG-19
architecture has similarities with the VGG-16 archi-
tecture, the difference lies only in the presence of 3
additional convolutional layers for the VGG-16 net-
work [24]. With fewer datasets than ImageNet, this
research will implement multiple layers into the pre-
trained model before continuing with the classification
process. The overall the process in scheme 2 is visual-
ized in Fig. 6 as follows.

Fig. 6.a is the architecture of VGG-19 in general, then
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Fig. 5. Representation of the K-NN algorithm.

Fig. 6.b depicts the VGG-19 architectural process in
this study where the ImageNet weight is transferred to
form the kendhang dataset. In scheme 2, the last layer
is replaced by fine-tuning. The purpose of fine-tuning
is to train the pre-trained model on the top layer to
recognize the features of the dataset we have [25, 26].
The fine-tuning configuration in this study is to avoid
underfitting [26], namely by doing a freeze layer on
the VGG architecture up to the fourth convolutional
block, and adding a fine-tuning layer with the config-
uration as shown in Fig. 7. The fine-tuning process in
this study was carried out by freezing 15 trainables
in the first layer of a total of 26 trainable layers held
by VGG19. Furthermore, by including max pooling
before flattening, the pooling layer is responsible for
minimizing the spatial size of the feature map ma-
trix, which is the result of the previous convolution.
Many dropout layers are built after max pooling is
enabled. Dropout is a neural network regularization
technique in which some neurons are selected at ran-
dom and not used during training; these neurons are
deleted at random. Dropping out helps to avoid over-
fitting and speeds up the learning process. In addition
to dropout, batch normalization is performed. Batch
normalization is a technique used in convolutional
neural networks (CNN) to improve training stability
and speed up model training. Batch normalization’s
major goal is to normalize each batch of data at each
CNN layer.

. Classification with K-NN + VGG-19 (Scheme 3)

Furthermore, scheme 3 is a configuration scheme of
the various methods applied to scheme 1 and scheme
2. In principle, VGG shows good performance for im-

age classification, but the experimental results show
that the resulting model is not accurate enough in clas-
sifying images, so the VGG model can be combined
with a classification algorithm to improve its perfor-
mance [10]. In scheme 3, VGG-19 acts as a feature
extraction, the feature extraction performed by VGG-
19 is a feature extraction from the Mel Spectrogram
extraction results as shown in Fig. 6¢c. In this study,
the features extracted through the pre-training VGG-
19 model are continued for the process classification
with the K-NN method approach. In more detail, the
process in Scheme 3 is as follows.

At the modeling stage, validation will be performed
for all schemes using the K-fold or K-fold cross-
validation method as shown in the research frame-
work in Fig. 1. This validation is performed to de-
termine the performance of the model offered for
each scheme. K-fold validation is one of the cross-
validation models that work by splitting data with a
few k values and iterating /repeating up to k values. K-
fold validation is a cross-validation model that works
by dividing data with multiple k values and iterat-
ing/repeating up to k values, one of the important
things to do with K-fold is to minimize fluctuations
during the model training process, as well as provide
stable output and helping to provide believable train-
ing errors [27].

This study uses a K-fold validation scenario with a k
iteration value of 10 based on an experiment that was
conducted by Yadav [28]. Technically, experiments
will be carried out with a value of k = 10 to obtain
the best precision value. The iteration occurs 10 times,
while the training and testing variants use a combina-
tion of 10 parts.

The evaluation stage of this model is the stage to see
the performance of the model built according to each
schema. The confusion matrix is a commonly used
tool in the evaluation of machine learning models [29].
This matrix represents the accuracy of the prediction
with the actual data through row and column matrices.
Fig. 8 below visualizes the general confusion matrix
for classification with several classes, namely Cy, Cy,
and C,; classes.

In the confusion matrix shown in Fig. 8, the value Nj
is the number of samples in class C; but classified in
class C;. This confusion matrix is used to evaluate
the performance of the classifier model in this study,
namely accuracy, precision, recall. The model with
good performance is the model with the maximum
value on the three indicators.
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(The last layer of VGG)
Input:

block5_pool
MaxPooling2D | Output:

(None, 14, 14, 512) | (None, 7, 7, 512)

]

(None, 7, 7, 512)

[}

max_pooling2d_1 | Input:
MaxPooling2D Output:

(None, 3,3,512)

flatten_1 | Input:
(None, 3, 3,512) | (None, 4608)
Flatten Output:
dense_3 | Input:
(None, 4608) | (None, 32)
Dense Output:
Batch_normalization_1 | Input:
(None,32) | (None, 32)
Batch Normalization Output:
dropout_1 | Input:
(None, 32) | (None, 32)
Dropout Output:
dense_4 | Input:
(None, 32) | (None, 10)
Dense Output:
dense_5 | Input:
(None, 10) (None, 3)
Dense Output:

Fig. 7. Fine-tuning of VGG in the research of kendhang
tempo classification.

3.5. Evaluation model

The evaluation stage of this model is the stage to see the per-
formance of the model built according to each schema. The
confusion matrix is a commonly used tool in the evaluation

of machine learning models [29]. This matrix represents
the accuracy of the prediction with the actual data through
row and column matrices. Fig. 8 below visualizes the gen-
eral confusion matrix for classification with several classes,
namely Cq, Cp, and Cj classes.

In the confusion matrix shown in Fig. 8, the value Njj is
the number of samples in class C; but classified in class C;.
This confusion matrix is used to evaluate the performance
of the classifier model in this study, namely accuracy, preci-
sion, recall. The model with good performance is the model
with the maximum value on the three indicators.

Fig. 8. Confusion matrix for classification with multi-class.

The accuracy value (2) represents the ratio between the
number of correct predictions and the total number of pre-
dictions [29].

n n n
Accuracy = Y N;i/ } | ) Nj )
i=1 i=1j=1
The precision value (3) is the sensitivity value or the
accuracy value of the system between the information pro-
vided by the system to correctly display the data in a par-



Journal of Applied Science and Engineering, Vol. 27, No 3, Page 2179-2192 2187

ticular class [29].

n n
Precision; = Nii/ Y Y Ny (3)
i=1k=1
The recall value (4) is a value that indicates the level of
success or specificity in correctly finding information about
data of a particular class [29].

n
REC[I”,’ = N[,'/ Z Nik (4)
k=1
F1-Score is the harmonic mean of precision and recall.
The best F1-Score is 1.0 and the worst is 0. Representation-
ally, if the F1-Score has a good score, it indicates that our
classification model has good precision and recall [30].

2 X Precision; x Recall;
Precision; + Recall;

F — score; =

©)

4. Result discussions

4.1. Experiment results

The purpose of this study is to detect the tempo of kend-
hang from the sound it produces, so the accuracy of de-
tecting the sound of kendhang is the main goal. In this
subchapter, the experimental results will be presented for
the three model schemes that were described in the previ-
ous sub-chapter.

4.1.1. Extract features using Mel spectrogram and classify using
K-NN classifiers (scheme 1)

In this first scheme, the researcher extracted the original
audio dataset following the augmentation, namely 12,000
datasets with the same class composition for each kend-
hang tempo (400 "fast" tempos, 400 tempos "medium" and
400 "fast" tempos) in a Mel spectrogram image with an im-
age size of 224 x 224 x 3. The dataset is split by the stratified
splitting method as explained in the previous chapter, the
split data composition is 80% (960 data sets) for the training
set and 20% (240 data sets) for the test set. Fig. 9 shows the
appearance of the Mel spectrogram image with an image
size of 224x224x3 results in this sub-chapter.

Moreover, according to the flow of scheme 1, the re-
sults of the performed feature extraction will be used to
build a predictive model using a training dataset using
the K-NN method with different parameter configurations.
In this case the parameter k or the number of neighbors.
The k parameters used are k = 2, 3, and 4, along with the
K-fold validation scenario with an iteration value of 10,
and the distance used in the K-NN implementation is the
Minkowski distance. Therefore, technically, 10 iterations
of experiments will be performed to obtain the best esti-
mate of the model in this scheme 1. Fig. 10 shows the
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Fig. 9. Sample of the Mel spectrogram image size

(224%224x3) augmentation results of the Kendhang tempo
dataset.
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Fig. 10. Classifier performance in Scheme 1 using
parameter configuration and cross-validation, accuracy
value (a) model training process time (b).

experimental results in scheme 1 for different parameter
configurations and cross-validation.

Based on Fig. 10a, K-NN with parameter k=2 in the
third iteration (CV-3) is the configuration with the best
accuracy (96.9%) when classifying kendhang tempo, this
is also aligned where K-NN with parameter k=2 has the
best overall average accuracy (93.33%) when classifying
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kendhang’s tempo compared to K-NN with other k param-
eters when they are visualized as a function of the model
training process time (Fig. 10b).

The average training process time for the model is re-
spectively 16.4 seconds for parameter k=2, 17 seconds for
parameter k=3 and 17.1 seconds for parameter k=4, in other
words, K-NN with parameter k=2 is the best model in
scheme 1 in terms of accuracy and duration of the model
learning process which is then used to construct the confu-
sion matrix using the test dataset as shown in Table 1.

The purpose of this study is to detect the type of kend-
hang tempo based on its sound so that the accuracy of
detecting the sound of kendhang is the main focus. From
Table 1, 240 data items are included in the test data used to
compile the confusion matrix. Based on the confusion ma-
trix with the best model in Scheme 1, namely K-NN with
parameter value k=2, it can predict the kendhang tempo in
the "slow" class of no less than 82 data sets, then predict the
tempo of "medium" kendhang up to 83 sets of data, and
predict the tempo of kendhang in "fast" classes up to 75
sets of data. The results of the prediction model are com-
pared with the actual data, so the results of scheme 1 based
on Table 1 show that the classification model has accuracy
in classifying "slow" kendhang tempos in the "slow" class
reaching 95% or there are 76 datasets of "slow" kendhang
tempos classified correctly and the rest are classified in the
"medium" class. Meanwhile, the model in scheme 1 has
the accuracy of classifying kendhang tempo into "medium"
and "fast" classes respectively 94% while the others are
not classified correctly or in other words, are classified in
another tempo class of kendhang.

4.1.2. Extract Features Using Mel Spectrogram and Classify Using
VGG-19 (Scheme 2)

In contrast to Scheme 1, in this second scheme, the results
of the Mel spectrogram process which is an image with
an image size of 224 x 224 x 3 (Fig. 9) will be classified
with one of the CNN architectural models, namely VGG-19,
where VGG-19 works by implementing multiple layers in
the pre-training model as a feature extraction step (Fig. 4)
before proceeding to the classification process, this process
is depicted in more detail in Fig. 6b.

Additionally, according to the flow in Scheme 2 (Fig. 6b),
after going through the fine-tuning stages with the fine-
tuning configuration in this study, from these results, will
be used to build a predictive model using a training dataset
with various parameter configurations used in this case
using a learning rate value of 0.0001, an epoch of 10, the
standard loss function is cross-entropy and using Adap-
tive Moment Estimation (ADAM) as the optimizer like
the experiment conducted by Salem, choosing the Adam

optimizer as the solution to improve performance and min-
imize overfitting [31]. Fig. 11 shows the experimental re-
sults in Scheme 2 for different parameter configurations
and cross-validation.

As it is known that VGG-19 is a solution to the weak-
ness of CNN which has a long model training process time,
based on Fig. 11, it is known that the average model train-
ing process time in Scheme 2 is 103.81 minutes, the experi-
ment on CV-2 has the longest processing time compared to
other experiments.
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Fig. 11. Classifier performance in scheme 2 using
parameter configuration and cross-validation.

In contrast to VGG-19 on CV-3 which has a model train-
ing process time fastest and is the model setup with the
best accuracy (99.8%) when classifying drum tempo types
in this Scheme 2, where the test results, the training dataset
on the CV-3 for epochs 1-10 is shown in Fig. 12.

Model Accuracy for Fold =3

1.0 1 —— Accuracy

0.9 4

Accuracy

0.7 1

0.6

0.5 1

0 2 4 6 8
Epoch

Fig. 12. The results of the performance testing of the
training dataset on CV-3 for epoch 1-10.

Therefore, the VGG model on CV-3 is then used to con-
struct a confusion matrix using a test dataset as shown in
Table 2.
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Table 1. Confusion matrix of scheme 1 (% accuracy).

Predicted
Slow Tempo Medium Tempo  Fast Tempo
Slow Tempo 76 (95%) 4 0
Actual Medium Tempo 5 75 (94%) 0
Fast Tempo 1 4 75 (94%)
Table 2. Confusion matrix of scheme 2 (% accuracy).
Predicted
Slow Tempo Medium Tempo Fast Tempo
Slow Tempo 78 (97.5%) 2 0
Actual Medium Tempo 0 80 (100%) 0
Fast Tempo 0 3 77 (96.3%)

The best classification model built on Schema 2 can cor-
rectly classify 80 datasets into the "medium" class (100%
accuracy). Meanwhile, two sets of data out of 80 sets of
data are not correctly classified into the "medium" class
kendhang tempo so the accuracy of the model in scheme 2
in the classification of "medium" class kendhang tempo " is
97.5% and the "fast" class kendhang tempo is 96.3% or there
are three data sets that are not correctly classified out of a
total of 80 test data sets for the class "fast" of slow tempo.

4.1.3. Extract Features Using Mel Spectrogram with VGG-19 and

Classify Using K-NN Classifiers (Scheme 3)
Additionally, Scheme 3 is a layout scheme of the different
methods applied in Scheme 1 and Scheme 2. VGG shows
good performance for image classification, but in Scheme
3 as depicted in Fig. 6¢, VGG-19 is only used for feature
extraction from the results Mel-spectrogram, so the VGG-
19 extraction results will be continued for the classification
process using the K-NN method approach. In this scheme,
with the same input size, namely the Mel spectrogram
image with an image size of 224 x 224 x 3 which will be
extracted using VGG-19, the convolutional layer for the
lattice VGG-19 in the last layer is achieved by a flattening
process which is an operation that transforms the matrix
into a one-dimensional vector, Fig. 13 shows the flow of
this process.
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Fig. 13. VGG-19 process flow in Scheme 3.

The flattening process transforms the feature map that
was obtained from the previous layer into a vector map

[32], so that it can be used to build predictive models using
training datasets using the K-NN method with the same
configuration of parameters, namely parameters k = 2, 3,
and 4, and K-fold validation with an iteration value is 10.
Fig. 14 shows the experimental results in Scheme 3 for
different parameter configurations and cross-validation.
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Fig. 14. Classifier performance in Scheme 3 using
parameter configuration and cross-validation, accuracy
value (a) model training process time (b).

In terms of accuracy and model training processing time
in Fig. 14, the model at k=2 and CV-10 is the model with the
highest accuracy rate (99%) compared to the other model
configurations and the fastest pattern formation process-
ing time (2.7 seconds) when classifying kendhang tempo.
Overall, a similar condition is found in the model with k=2
which has the best overall average accuracy (96.1%) when
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classifying velocity and based on the model training pro-
cess time (Fig. 14b), the average time of the model training
process at k=2 is the fastest, namely 2.7 seconds. So, in this
scheme 3, K-NN with parameter k=2 is the best model to
classify the tempo of kendhang and will proceed to prepare
the confusion matrix using a test dataset (Table 3).

Table 3 shows the confusion matrix from the test results
of the best model in Scheme 3, this model correctly classi-
fies the kendhang tempo for the "medium" class and the
kendhang tempo for the "slow" class, this is put highlighted
by training 80 sets of data for each class ranked by its class
or by its actual data (100% accuracy). Meanwhile, there is a
drum tempo dataset for the "fast" class, out of 80 datasets
used as a practice dataset, it is not properly classified in the
"fast" class, so the accuracy obtained is 98.8%.

4.2. Discussion

The best test results of each scheme in this study will be
evaluated and compared with each other as mentioned in
Table 4. The best model of each scheme performs differently
in terms of the assessment measures of accuracy, precision,
recall, and fl-score. The best model in Scheme 3, namely
features extraction using Mel-spectrogram + VGG-19 and
classification using K-NN classifiers with parameter k = 2,
yields the best precision and recall values compared to the
two models in scheme 1 and 2, except for the "slow" tempo
class for the precision value. This indicates that the model
in Scheme 3 is the model that has the best performance
compared to the models in Scheme 1 and Scheme 2, this
evidence is reinforced by the F1-Score value for the model
in Scheme 3 which is the highest compared to models in
other schemes, this indicates that the model This classifi-
cation has good precision and recall. This further explains
why the model in Scheme 3 achieves the best results.
Additionally, for an overall performance comparison
aimed at the accuracy value, the model in Scheme 3
achieves the highest accuracy value of 0.996 (99.6%) with an
average the achievement of the fastest model training pro-
cess duration of 3.37 seconds. In conclusion, the model in
Scheme 3, namely the Mel spectrogram with VGG-19 trans-
fer learning, was found to help improve the performance of
K-NN both in terms of computation time and performance
in the classification of the tempo of the kendhang sound.

5. Conclusions

The findings of this study have several contributions, this
contribution is related to the development of new data on
the sound of traditional Indonesian musical instruments,
especially for the introduction of the tempo of a traditional
Javanese musical instrument, namely the Kendhang, which

is one of the contributions to the study of gamelan mu-
sical instruments from a technological point of view and
provides a source of data on the introduction of gamelan
tempo instruments.

The modeling uses the 3rd scheme, namely with two-
phase feature extraction, the first phase is the feature extrac-
tion step based on Mel-spectrogram images, then in the sec-
ond phase, these results are extracted using VGG-19, and
the final results of feature extraction in the second phase are
then classified using the K-NN classification method to im-
prove the performance of the Kendhang tempo recognition
system. The model proposed in Scheme 3 has an advan-
tage in performance accuracy of good tempo recognition
of Kendhang, which is 99.6%, and has the fastest average
training time compared to other schemes proposed model-
ing.
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