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ABSTRACT

Birds play an important role in ecosystems as indicators of environmental health and biodiversity. In Indonesia,
there are approximately 1,531 bird species, including songbirds that are popular for their melodious chirps. Bird
sounds are used for communication, territorial marking, and are a key attraction in bird song competitions.
However, obtaining a bird with high-quality vocalization requires specific training, one of which is the mastering
method using recordings of champion bird songs. Additionally, the Support Vector Machine (SVM) algorithm has
proven effective in classifying bird species based on sound, achieving 77% accuracy after noise reduction. The
combination of MFCC and SVM allows for more systematic and accurate analysis of bird vocalizations. This
research is expected to contribute to the field of ornithology, the development of songbird husbandry techniques,
and serve as a guide for bird enthusiasts in selecting high-quality master bird sounds.
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1. INTRODUCTION

Birds are natural predictors of animal diversity and ecosystem preservation worldwide. Birds
play a vital role in ecosystems, serving as indicators of environmental health and contributing to
biodiversity (Gokkon, 2022). There are approximately 9,200 bird species worldwide. Indonesia has
approximately 1,531 bird species, some of which are songbirds or chirping birds (Amjad, Shahid, & Alj,
2024).

One of the main attractions of birds is their ability to produce unique sounds called chirps. Birds
use chirps to communicate with each other, attracting mates, marking territory, and warning of danger.
Because of their melodious chirps, people keep and breed them for their own enjoyment (Alhasni, 2020).
As birds evolve, they are no longer simply kept in cages and enjoyed by families. They can also be entered
into competitions, competing for rhythm, song, volume, stamina, or duration of song, and physical
beauty. Currently, bird song assessments are generally based on visual and auditory appearance, leading
to differing opinions on the quality of a bird's voice.

However, obtaining a bird with a melodious voice is quite difficult. This requires training and
providing nutritious food to improve the bird's vocal quality. One such training method is listening to
master birdsong, which involves listening to and using high-quality birdsong as a reference or training
tool for pet birds. Master birds can be trained birds, birds that frequently participate in contests or have
won, or audio recordings of birdsong. By listening to quality birdsong, pet birds can imitate and improve
the variety and beauty of their own voices (Ali, 2020).

Several studies related to the identification and classification of bird sounds have been
conducted for a long time. One of them, according to (Ramashini, Abas, & Mohanchandra, 2021), this
study focused on developing robust features for bird sound classification. The results showed that the
GTCC feature-based classification outperformed LPCC and MFCC, with an accuracy of 93.3%. This study
also noted that combining the three cepstral features did not improve accuracy compared to using the
GTCC feature alone.
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In addition, for the classification of bird sounds used is the Support Vector Machine (SVM)
algorithm has been proven effective in classifying data based on the extracted features. Based on
research (Afida, 2020) revealed that the Support Vector Machine (SVM) algorithm can be used
effectively to classify bird species based on their sounds. In the study of bird species classification based
on sounds using 5 species of birds with a noise reduction process first. The results of the sound signal
that has been reduced noise produces a clearer sound signal with a PSNR of 4.2890. Classification using
SVM Kernel Heavy Tailed RBF and a ratio of 7: 3 produces an accuracy of 77.00%. The success of using
SVM shows that choosing the right feature extraction focus can increase accuracy in bird song analysis.

The combination of MFCC and SVM allows for systematic and accurate analysis of bird song
quality. This research is expected to significantly contribute to the field of ornithology and the
development of songbird husbandry techniques, as well as provide guidance for bird lovers in selecting
the best sounds for master songbirds. It is also hoped that this research will provide a deeper
understanding of the characteristics of bird song.

2.  RESEARCH METHOD

2.1 Mel-Frequency Cepstral Coefficients

MFCC is the most frequently used sound extraction technique in various fields of sound processing, as it
is considered quite good at representing signals. According to (Putra & Nurdiansyah, 2024), to extract
sound features, the Mel-Frequency Cepstral Coefficients algorithm is often used. This algorithm
transforms sound representations from time to frequency, using the concept of divide and conquer,
making MFCC very efficient in processing digital sound signals (Budiman, 2020).. In speech recognition,
MFCC is used to analyze sounds by imitating the human ear's ability to distinguish sounds based on
frequency, to extract important features from the sound.
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Figure 1. Block diagram of the MFCC method process

The MFCC process consists of pre-emphasis, frame blocking, windowing, fast Fourier transform, Mel
frequency warping, and discrete cosine transform. The block diagram of the MFCC process can be
visualized as shown in Figure 1.
1. Pre-Emphasis
The purpose of this filtering is to obtain a smoother frequency spectral shape of the speech signal.
The pre-emphasis filter is based on the input/output relationship in the time domain, which is
expressed in the following equation:
ym)=xn)—a-x(n—1)
Description:
y(n) : output signal.
x(n) : input signal.
a :pre-emphasis coefficient (usually between 0.95 and 0.97).
n :timeindex
2. Frame Blocking
In this process, the audio signal is segmented into several overlapping frames. This process
ensures that no part of the signal is lost.
3.  Windowing
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The windowing process aims to minimize signal discontinuity at the beginning and end of each
frame. If we define the window as w(n), 0 < n < N - 1, where N is the number of samples in each
frame, then the result of windowing is the signal:

wn) = x(n)h(n),0 < n < N-1

where w(n) usually uses the Hamming window which has the form:

2nn
h(n) = 0.54 — 0.46.cos (N 1),0 <ns<N-1

4. Fast Fourier Transform (FFT)
FFT is a fast algorithm of Discrete Fourier Transform (DFT) which is a useful process for
converting each frame with N samples from the time domain to the frequency domain, as defined
as follows:

X0 = > N = Sy ez
Description:
X(k) : Frequency spectrum.
w(n) : Windowed signal.
N :Frame length.
j : Imaginary number.
k : Frequency index.
5. Mel-frequency wrapping
The mel-frequency scale is a linear low frequency scale below 1000 Hz and a logarithmic high
frequency scale above 1000 Hz (Nurarinda, Sahertian, & Mahdiyah, 2020). The following equation
shows the relationship between the mel scale and frequency in Hz:
From frequency (f) to Mel (m):
m = 2595 x log10(1 + f/700)
From Mel (m) to frequency (f):
f=700x (10*(m/2595)—1)
6. Discrete Consine Transform (DCT)
The Cosine Transform (DCT) is used to convert the frequency spectrum into a cepstrum. The
cepstrum is the inverse of the spectrum. The phonetic characteristics of a speech signal are not lost
after being converted to cepstrum form. The result is called the mel-frequency cepstrum coefficient
(MFCC). The following is the equation used:
Calculate the spectrum energy:
E(k) =l X(k) | ?
Apply the Mel filter to obtain the Mel spectrum:
M(m) = ¥y E(k) - Hn(k)
Where Hm(k) is the response of the Mel filter.
Take the logarithm of the Mel spectrum:
logM(m)
Apply DCT to the log Mel spectrum to obtain the MFCC coefficients:
M-1

I3 1
Cc(k) = Z logM(n) - cos [M (n +§)k],k =01..,K—1
n=0
Typically, only the coefficients C(k) for k = 0 to K - 1 are taken as the MFCC.

2.2 Support Vector Machine

Support vector machines work by identifying the best hyperplane that separates data into two classes.
This hyperplane, which can be a two-dimensional line or a three-dimensional plane, is surrounded by
support vectors, the data points closest to the hyperplane (Sriani & Hasibuan, 2022). SVMs attempt to
maximize the margin, the distance between the hyperplane and the nearest support vectors, to improve
model generalization (Ramon & Nazir, 2022). Finding the best hyperplane requires finding a hyperplane
between two bounding classes, and finding the best hyperplane requires maximizing the margin
between two objects of dissimilar classes. The hyperplane value can also be formulated as follows:
xxw+b2>+1y; = +1

xxw+b< -1y = -1

Description:

w : weight vector.
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xi : feature vector for the i-th data point.
b : bias.
yi : class label of the i-th data point.

2.3 Confussion Matrix

A confusion matrix is a tool used to evaluate the performance of a classification model in machine

learning. This matrix provides an overview of the number of correct and incorrect predictions made by

the model, allowing for a more in-depth analysis of the classification results.

The confusion matrix consists of four main elements:

a. True Positive (TP): The number of correct positive predictions. The model predicts the positive
class and it is the correct class.

b. True Negative (TN): The number of correct negative predictions. The model predicts the negative
class and it is also correct.

c. False Positive (FP): The number of incorrect positive predictions. The model predicts the positive
class, but the actual class is negative. This is known as a "Type I error."

d. False Negative (FN): The number of incorrect negative predictions. The model predicts the negative
class, but the actual class is positive. This is known as a "Type II error."

The accuracy, f1-score, precision, and recall of the model can be assessed using the confusion matrix

value. The match between the weighted average precision and recall is described by the f1-score (Sapitri,

2022).

3.  RESULTS AND DISCUSSION
A. Data Collection
For each data set, recording was performed two to three times to ensure the data obtained was truly
reliable and suitable for research. A total of 72 data sets were used from 24 birds, divided into six
different birds of each species.

Table 1. Bird sound training data

Number of Birds Types of birds Number of Votes
4 Murai Batu 12
4 Kacer 12
4 Cucak [jo 12
4 Lovebird 12

Table 2. Bird sound testing data

Number of Birds Types of birds Number of Votes
2 Murai Batu 6
2 Kacer 6
2 Cucak [jo 6
2 Lovebird 6

B. MFCC Extraction

The Mel-Frequency Cepstral Coefficients (MFCC) method is a series of mathematical steps to transform
an audio signal into a representation that is more easily analyzed by a machine learning model. The
resulting MFCC coefficients typically only take the first 12-13 coefficients, as higher coefficients tend to
be less significant. Of the 72 sound data that have been extracted, the following is a display of 4 MFCC
extracted data representing each bird.
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Figure 4. MFCC of Lovebird
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Figure 5. MFCC of Murai batu

From the MFCC results data that has been provided previously, here is all the data that has been
extracted which can be seen in Figure 6 and 7.
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Figure 7. MFCC result dataframe (continued)
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Figure 8. Data distribution
From the picture above, it can be seen that the number of good quality green cucak is 7 and the number
of less good quality is 11, in kacer, there are only 3 good quality and less good quality is 15, while

lovebirds have 8 good quality and 10 less good quality, and finally the magpie robin has 4 good sound
quality and 14 less good quality.
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Figure 9. Comparison chart of the number and quality of bird sounds
From the graph above, it can be seen that lovebirds have the highest good sound quality and the lowest
bad sound quality, while kacer has the opposite.
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Figure 10. Bird sound quality percentage graph
From the graph, it can be seen that the ratio of the total number of good votes to bad votes is 1/3.
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Figure 11. Bird sound quality frequency graph
From the graph above, it can be seen that the sound quality of birds that are not good almost reaches 50,
while the sound quality of birds that are not good does not reach 30.

D. Confussion Matrix

Through this testing process, this study aims to evaluate the effectiveness of the SVM model in classifying
various types of bird calls based on MFCC features. This study will also identify the strengths and
limitations of the SVM model in the context of bird call classification and provide insights into how the
model can be improved.
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Figure 12. Accuracy results
The Classification Report results show important metrics for assessing model performance, namely
Precision, Recall, and F1-Score for each analyzed sound class. The model's overall accuracy was 82.76%.
This indicates that the SVM model correctly predicted approximately 82.76% of all examples in the test
data.
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Figure 13. Confussion Matrix
The displayed confusion matrix provides a clear picture of the SVM model's prediction results in
classifying bird species. The X-axis shows the model's predicted labels: Lovebird, Cucak_ijo, Kacer, and
Murai_batu, while the Y-axis shows the actual labels from the test data. Each cell in the matrix indicates
the number of predictions within a specific category.

4. CONCLUSION

The MFCC extraction results demonstrate its high effectiveness in extracting signals from bird songs.
This allows for more specific identification of the values of each component and its quality.Test results
using a 60:40 ratio (60% training data and 40% test data) indicate that the SVM model achieved optimal
prediction accuracy, with a maximum accuracy of 100% and a minimum accuracy of 75%. This model's
performance demonstrates that the SVM model can be used effectively to differentiate between various
types of bird songs. The model's success in achieving the highest level of accuracy demonstrates its
ability to identify the unique patterns and characteristics of each type of bird song. The test results
demonstrate that the SVM model has significant potential for classifying bird songs. The model's
accuracy, with 40% training data, demonstrates its ability to identify and differentiate bird songs with a
high accuracy of 82.76%.
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