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ABSTRAK

PENGEMBANGAN MODEL KLASIFIKASI SUARA DALAM
IDENTIFIKASI IRAMA AZAN MENGGUNAKAN CONVOLUTIONAL
NEURAL NETWORK (CNN)

Oleh:
Rangga Galang Pramudya

Azan merupakan bagian penting dalam praktik ibadah Islam yang dilantunkan
menggunakan pola melodi khas yang dikenal sebagai magam. Setiap magam memiliki
karakteristik tonal dan ritmis yang unik, sehingga menyulitkan pembelajar untuk
membedakan berbagai gaya irama azan secara akurat. Keterbatasan sumber belajar
yang terstruktur semakin meningkatkan kesulitan dalam menguasai pola-pola tersebut.
Oleh karena itu, klasifikasi otomatis terhadap irama azan menggunakan pendekatan
teknologi dapat mendukung proses pembelajaran. Penelitian ini mengusulkan
pendekatan berbasis deep learning menggunakan Convolutional Neural Network
(CNN) untuk Klasifikasi irama azan. Dataset yang digunakan terdiri atas 250 sampel
audio asli yang diperluas menjadi 2.500 sampel melalui teknik augmentasi data,
meliputi pitch shifting, speed perturbation, penambahan Gaussian noise, dan
penyesuaian volume. Beberapa metode ekstraksi fitur audio, yaitu Mel-Frequency
Cepstral Coefficients (MFCC), Mel Spectrogram, dan Chroma, digunakan sebagai
representasi masukan bagi model. Hasil eksperimen menunjukkan bahwa MFCC
memberikan kinerja terbaik dengan akurasi sebesar 0,86 dan F1-score sebesar 0,8609,
yang menunjukkan kemampuan. generalisasi »yang baik. | Fitur - Chroma juga
menunjukkan hasil yang kompetitif, sedangkan Mel Spectrogram menghasilkan
kinerja yang lebih rendah karena kompleksitas representasinya yang lebih tinggi.
Selain itu, penggabungan beberapa fitur tidak meningkatkan performa klasifikasi dan
pada beberapa kasus justru menurunkan akurasi. Temuan ini menegaskan pentingnya
pemilihan representasi fitur yang tepat untuk memperoleh kinerja model yang optimal..

Kata kunci: Klasifikasi irama azan, Convolutional Neural Network (CNN), Mel-
Frequency Cepstral Coefficients (MFCC), ekstraksi fitur audio, augmentasi data.

vii



ABSTRACT

DEVELOPMENT OF A VOICE CLASSIFICATION MODEL FOR ADHAN
RHYTHM IDENTIFICATION USING CONVOLUTIONAL NEURAL
NETWORKS (CNN)

Oleh:
Rangga Galang Pramudya

Adhan is an essential part of Islamic worship, delivered through distinctive melodic
patterns known as magam. Each magam possesses unique tonal and rhythmic
characteristics, making it challenging for learners to accurately distinguish among
different adhan rhythms. Furthermore, the limited availability of structured learning
resources increases the difficulty of mastering these melodic patterns. Therefore, an
automatic adhan rhythm classification system can serve as a valuable tool to support
the learning process. This study proposes a Convolutional Neural Network (CNN)-
based approach for adhan rhythm classification. The dataset consists of 250 original
audio recordings, which were expanded to 2,500 samples using data augmentation
techniques, including pitch shifting, speed perturbation, Gaussian noise addition, and
volume perturbation. Three audio feature extraction methods—Mel-Frequency
Cepstral Coefficients (MFCC), Mel Spectrogram, and Chroma—as well as several
feature fusion combinations, were evaluated as input representations for the CNN
model. Experimental results demonstrate that MFCC achieved the best classification
performance, with an accuracy 0f 86.00% and an F1-score of 0.8609, indicating its
effectiveness in capturing the discriminative characteristics of adhan rhythms. Chroma
also produced competitive results, whereas ‘Mel Spectrogram “yielded lower
performance. Moreover, feature fusion approaches did not improve the classification
performance and, in several cases, reduced the model's accuracy due to increased
feature complexity and redundancy. These findings demonstrate that selecting an
appropriate feature representation has a greater impact on classification performance
than increasing feature complexity, making MFCC the most suitable feature extraction
method for CNN-based adhan rhythm classification.

Kata kunci: Adhan rhythm classification, Convolutional Neural Network (CNN), Mel-
Frequency Cepstral Coefficients (MFCC), audio feature extraction, data augmentation.
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