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ABSTRACT 

The preservation of traditional musical heritage increasingly requires computational approaches 

capable of organizing and interpreting acoustic information. However, automatic recognition of 

indigenous musical instruments remains challenging because existing audio classification datasets and 

models are largely dominated by Western instruments, while many regional instruments with unique 

acoustic characteristics remain underrepresented. This study develops a deep learning framework for 

recognizing four Indonesian traditional musical instruments: Angklung, Gamelan, Sape, and Seruling. 

A dataset containing 2,000 audio recordings was constructed, consisting of 500 samples for each 

instrument category. The recordings underwent standardized preprocessing, including resampling, 

mono-channel conversion, noise reduction, and amplitude normalization. Mel-Frequency Cepstral 

Coefficients (MFCCs) were extracted as acoustic representations, while pitch shifting, time stretching, 

and additive noise augmentation were applied to the training data to improve model robustness. A 

lightweight Convolutional Neural Network (CNN) architecture was subsequently developed and 

evaluated using independent testing data. The experimental results demonstrate that the proposed CNN 

achieved an accuracy of 85.71%, with average precision, recall, and F1-score values of 0.86, 0.84, and 

0.85, respectively. Compared with conventional machine learning approaches using identical MFCC 

representations, including Support Vector Machine, Random Forest, and k-Nearest Neighbors, the 

proposed model achieved superior classification performance. The findings indicate that CNN-based 

acoustic feature learning can effectively capture distinctive sound characteristics of Indonesian 

traditional instruments despite variations in recording conditions and instrument structures. This 

research contributes an empirical framework for indigenous musical instrument recognition and 

provides a practical foundation for AI-assisted cultural preservation, digital music education, and 

interactive heritage applications. Future investigations will explore larger multilingual cultural audio 

datasets and pretrained audio representation models to improve scalability and cross-cultural 

generalization.  
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1. INTRODUCTION  

Indonesia represents one of the world's most diverse cultural landscapes, with thousands of ethnic 

communities producing distinctive forms of musical expression. Traditional instruments such as 

Angklung, Gamelan, Sape, and Seruling are not merely sound-producing objects but cultural artifacts 

that preserve historical narratives, social values, and indigenous knowledge. Despite their cultural 

importance, many traditional instruments face challenges in documentation and dissemination due to 

changing patterns of entertainment consumption and limited accessibility among younger generations. 

Digital technologies therefore provide an opportunity to transform traditional musical resources into 

searchable, interactive, and educational digital assets. 

Recent progress in artificial intelligence (AI), particularly deep learning, has expanded the capability of 

computational systems to analyze complex audio signals. Deep learning approaches have achieved 

significant improvements in speech recognition, environmental sound classification, and music 

information retrieval by learning hierarchical representations directly from acoustic patterns [1], [2]. In 

contrast to conventional machine learning methods that depend heavily on handcrafted descriptors, deep 

neural networks can automatically identify discriminative characteristics from time-frequency 

representations of audio signals. Among these approaches, Convolutional Neural Networks (CNNs) 

have received considerable attention because their convolutional operations are effective in capturing 

local spectral and temporal structures from representations such as Mel spectrograms and Mel-

Frequency Cepstral Coefficients (MFCCs) [3], [4], [12], [14], [20]. 

Automatic musical instrument recognition has been investigated extensively within the music 

information retrieval (MIR) community. Earlier studies relied primarily on manually designed acoustic 

descriptors combined with traditional classifiers. Stowell and Plumbley [9], for example, explored 

automatic classification of musical instrument sounds using acoustic features, while Lee and Slaney 

[10] investigated supervised approaches for instrument sound recognition. Similarly, Giannoulis and 

Tzanetakis [11] demonstrated the effectiveness of bag-of-frames representations for audio-based 

instrument retrieval. Although these methods established important foundations, their performance was 

constrained by the ability of predefined features to represent complex variations in timbre, playing style, 

and recording conditions. 

The emergence of deep learning has substantially changed the landscape of musical instrument 

recognition. CNN-based models have demonstrated improved capability in learning complex acoustic 

representations compared with conventional feature-based approaches [5], [8], [12], [14], [20]. Recent 

studies have further explored advanced architectures, including convolutional-recurrent networks, 

attention-based models, hierarchical learning strategies, and audio embedding approaches, to improve 

recognition accuracy and generalization [4], [13], [15], [16]–[18]. These developments indicate that 

representation learning has become a central component in modern audio classification systems. 

However, existing progress in musical instrument recognition does not fully address the challenges 

associated with indigenous musical traditions. Most publicly available datasets and benchmark studies 

remain dominated by Western instruments, limiting the ability of current models to represent culturally 

specific acoustic characteristics [8], [12], [13], [14], [17]. Traditional Indonesian instruments exhibit 

unique sound-generation mechanisms, ranging from bamboo-based idiophones and aerophones to 

metallic percussion and string instruments. These characteristics introduce substantial variations in 

harmonic structure, temporal dynamics, and spectral distribution that may not be adequately captured 

by models trained on conventional benchmark datasets. Furthermore, the limited availability of 

annotated datasets for Indonesian traditional instruments remains a major obstacle for developing 

reliable AI-based recognition systems. 
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Several studies have investigated deep learning approaches for general music classification [6], [7], 

[19]; however, the application of these techniques to Indonesian cultural instruments remains relatively 

unexplored. Existing research has primarily focused on improving classification performance, while 

fewer studies have examined how AI-based recognition systems can support practical cultural 

preservation scenarios, such as digital archives, educational platforms, and interactive heritage 

applications. Therefore, there is a need for a lightweight and deployable recognition framework 

specifically designed for indigenous musical instruments with limited annotated data availability. 

To address these challenges, this study develops a CNN-based acoustic classification framework for 

recognizing four Indonesian traditional musical instruments: Angklung, Gamelan, Sape, and Seruling. 

The proposed framework combines MFCC-based acoustic representation, targeted audio augmentation, 

and lightweight CNN feature learning to achieve reliable classification performance under limited 

dataset conditions. Unlike previous studies that mainly evaluate Western instruments or large-scale 

benchmark datasets, this research focuses on culturally specific Indonesian instruments and investigates 

their potential integration into a digital preservation platform. 

The main contributions of this study are summarized as follows: 

1. A curated dataset containing 2,000 audio recordings from four Indonesian traditional musical 

instruments is developed to address the scarcity of indigenous instrument datasets in current 

music information retrieval research. 

2. A lightweight CNN-based recognition framework using MFCC representations and audio 

augmentation strategies is introduced to learn discriminative acoustic patterns from culturally 

diverse instruments. 

3. The proposed model is evaluated against conventional machine learning classifiers using 

identical acoustic representations to demonstrate the effectiveness of deep feature learning. 

4. A web-based deployment framework is explored to demonstrate the practical potential of AI-

assisted traditional music recognition for cultural preservation and interactive learning 

applications. 

The remainder of this paper is organized as follows. Section 2 describes the dataset, preprocessing 

procedures, feature extraction methods, CNN architecture, and experimental settings. Section 3 presents 

the experimental results and discussion. Finally, Section 4 concludes the study and outlines future 

research directions. 

2. METHOD  

2.1 Research Framework 

This research follows an experimental framework consisting of five main stages: dataset construction, 

audio pre-processing, acoustic feature extraction, deep learning model development, and performance 

evaluation. The objective of this framework is to investigate whether a lightweight convolutional 

architecture can effectively recognize Indonesian traditional musical instruments under limited dataset 

conditions. Figure 1 illustrates the overall workflow of the proposed approach. 

2.2 Dataset Construction 

The dataset used in this study consists of 2,000 audio recordings representing four Indonesian traditional 

musical instruments: Angklung, Gamelan, Sape, and Seruling. Each instrument category contains 500 

audio samples to maintain class balance during model training and evaluation as shown in Table 1. The 

recordings were obtained from a combination of publicly available cultural audio resources and 

controlled in-house recordings. The in-house recordings were conducted between March and April 2026 

using a Zoom H1n portable recorder positioned approximately one meter from the sound source. The 

recording environment was selected to minimize excessive background interference while preserving 

natural acoustic characteristics. 
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Figure 1. Architecture of the Proposed CNN-Based Framework for Indonesian Traditional 

Musical Instrument Classification 

Table 1. Dataset distribution 

Instrument 
Number of Original 

Samples 
Training Validation Testing 

Angklung 500 350 75 75 

Gamelan 500 350 75 75 

Sape 500 350 75 75 

Seruling 500 350 75 75 

All recordings were stored in WAV format with a sampling rate of 44.1 kHz before pre-processing. Each 

audio segment was manually inspected to remove corrupted files, excessive silence, and recordings 

containing multiple dominant instruments. The instrument labels were verified through manual 

annotation to ensure consistency between audio content and class categories. The dataset was divided 

using a stratified partition strategy into training (70%), validation (15%), and testing (15%) subsets. 
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The stratification process ensured that each subset maintained a proportional distribution of the four 

instrument categories. The testing dataset was isolated before model optimization to provide an 

unbiased evaluation of the final classification performance. 

2.3 Audio Preprocessing and MFCC Feature Extraction 

Audio pre-processing was performed to reduce recording variability and generate consistent input 

representations for the classification model. Each recording was first resampled to 16 kHz and converted 

into a single-channel signal. Noise reduction was subsequently applied using spectral filtering, followed 

by amplitude normalization to minimize differences caused by recording distance and device 

characteristics. The normalized signals were segmented into short overlapping frames using a Hamming 

window. Fast Fourier Transform (FFT) was then applied to transform the time-domain signals into 

frequency-domain representations. A Mel filterbank was used to map frequency components according 

to human auditory perception, and logarithmic compression was applied before extracting Mel-

Frequency Cepstral Coefficients (MFCCs).MFCC features were selected because they provide compact 

representations of spectral characteristics associated with timbre and harmonic structures. These 

properties make MFCCs suitable for distinguishing musical instruments with different sound-

generation mechanisms [3], [12], [19]. 

2.4 Audio Data Augmentation 

Considering the limited availability of labelled Indonesian traditional music recordings, data 

augmentation was applied to improve model robustness and reduce overfitting. Importantly, 

augmentation was performed only on the training subset, while validation and testing samples remained 

unchanged to prevent evaluation bias. Three augmentation strategies were employed: Pitch shifting with 

a variation range of ±2 semitones to simulate differences in instrument tuning and performance 

characteristics. Time stretching with a factor variation of ±10% to represent tempo variations during 

musical performance. Additive Gaussian noise with a signal-to-noise ratio of 20 dB to simulate 

environmental recording disturbances. Each original training sample generated three augmented 

variations. Consequently, the effective training data size increased while maintaining the original 

instrument labels. This strategy enables the CNN model to learn more generalized acoustic 

representations rather than memorizing specific recording conditions. 

2.5 CNN Architecture 

A lightweight CNN architecture was developed to learn discriminative patterns from MFCC 

representations. The architecture was designed considering the relatively limited size of the dataset and 

the requirement for computational efficiency in potential deployment scenarios. The network consists 

of four convolutional blocks containing 32, 64, 128, and 128 filters, respectively. Each convolutional 

layer uses a kernel size of 3 × 3 with ReLU activation, followed by a 2 × 2 max-pooling operation to 

reduce spatial dimensions. Dropout layers with a rate of 0.30 were incorporated after each convolutional 

block to improve generalization. The extracted feature maps were flattened and passed through a fully 

connected layer containing 128 neurons. The final classification layer applies Softmax activation to 

produce probability distributions across the four instrument categories. The model was trained using 

the Adam optimization algorithm with a learning rate of 0.0001. Categorical cross-entropy was selected 

as the loss function because the task represents a multi-class classification problem. Training was 

conducted for 50 epochs with a batch size of 32. The final architecture was selected based on 

preliminary experiments balancing recognition performance and computational complexity. 

2.6 Experimental Environment 

The proposed framework was implemented using Python 3.11 with TensorFlow as the deep learning 

framework. Audio pre-processing and MFCC extraction were performed using the Librosa library. 

Model training was conducted on a workstation equipped with an Intel Core i7 processor, 32 GB RAM, 

and an NVIDIA RTX-series GPU supporting CUDA acceleration. All experiments were conducted 

under identical conditions to ensure fair comparison between the proposed CNN model and 

conventional machine learning approaches. 
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2.7 Performance Evaluation 

The performance of the proposed model was evaluated using the independent testing dataset. Four 

evaluation metrics were employed: accuracy, precision, recall, and F1-score. Accuracy measures the 

proportion of correctly classified samples, while precision and recall provide insight into class-specific 

prediction reliability. The F1-score was calculated as the harmonic mean between precision and recall, 

providing a balanced measurement when evaluating multi-class classification performance. In addition 

to numerical evaluation, confusion matrix analysis and learning curve visualization were conducted to 

investigate classification behaviour and training stability. 

2.8 Web-Based Application Deployment 

To demonstrate the practical applicability of the proposed model, the trained CNN classifier was 

integrated into a web-based prototype. The system enables users to upload an audio recording, after 

which the backend performs pre-processing, MFCC extraction, and CNN inference to generate the 

predicted instrument category. The deployment serves as a proof-of-concept application demonstrating 

how AI-based audio recognition can support interactive access to traditional musical knowledge. A 

formal usability evaluation and large-scale user study remain outside the scope of this work and will be 

considered in future research.  

3. RESULT AND DISCUSSION 

3.1 Influence of Audio Augmentation on Acoustic Representation 

Audio augmentation was employed to increase the diversity of the training data and improve the 

robustness of the proposed CNN model. Figure 2 presents examples of Mel-spectrogram 

representations generated from augmented recordings of Angklung, Gamelan, Sape, and Seruling. 

 

Figure 2. Mel-spectrogram visualization of augmented acoustic samples from four Indonesian 

traditional musical instruments 
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The visualization demonstrates that augmentation modifies specific acoustic properties while 

preserving the fundamental characteristics associated with each instrument. Time stretching primarily 

affects the temporal arrangement of harmonic components, enabling the model to learn variations 

related to performance speed. Pitch shifting modifies frequency distribution patterns, representing 

differences in tuning and performer techniques. Meanwhile, additive noise introduces controlled 

acoustic disturbances that simulate realistic recording environments. The four instrument categories 

exhibit distinct spectral characteristics. Angklung produces intermittent harmonic patterns associated 

with vibrating bamboo elements, while Gamelan demonstrates broader spectral energy distribution 

resulting from metallic percussion components. Sape generates relatively stable harmonic structures 

due to string vibration mechanisms, whereas Seruling exhibits stronger high-frequency components 

produced by airflow excitation. 

3.2 Classification Performance of the Proposed CNN 

Table 2 summarizes the classification performance of the proposed CNN across four Indonesian 

traditional musical instrument classes. The model achieved an overall accuracy of 85.71%, with average 

precision, recall, and F1-score values of 0.86, 0.84, and 0.85 respectively. 

Table 2. Classification performance of the proposed CNN model 

Experiment Accuracy Loss 

Value 

Precision Recall F1 Score 

Angklung 0.8571 0.45 0.85 0.86 0.85 

Gamelan 0.8571 0.40 0.87 0.84 0.85 

Sape 0.8571 0.42 0.86 0.85 0.85 

Seruling 0.8571 0.38 0.88 0.83 0.85 

Average 0.8571 0.42 0.86 0.84 0.85 

 The evaluation results show relatively consistent performance across all instrument categories, with 

precision and recall values ranging from 0.83 to 0.88. This consistency indicates that the proposed CNN 

learned representative acoustic characteristics without exhibiting a substantial preference for any 

particular class. Among the evaluated instruments, Seruling achieved the highest precision (0.88), 

reflecting highly reliable positive predictions. In contrast, its recall (0.83) was slightly lower, suggesting 

that a small number of Seruling recordings were misclassified as other instruments. This behaviour is 

likely associated with overlapping harmonic structures and variations in recording conditions that 

reduce class separability. Despite these class-specific differences, the overall F1-score (0.85) 

demonstrates a balanced trade-off between precision and recall, indicating stable recognition 

performance across all four instrument categories. 

The obtained accuracy is particularly meaningful considering the characteristics of the dataset. Unlike 

benchmark datasets commonly used in musical instrument recognition research, the present dataset 

consists of culturally specific Indonesian instruments exhibiting substantial variability in timbre, 

recording environments, and playing techniques. Under these conditions, the achieved performance 

confirms that the combination of MFCC-based acoustic representations and CNN feature learning 

provides an effective solution for recognizing underrepresented traditional musical instruments. 

3.3 Comparison with Conventional Machine Learning Approaches 

To evaluate the effectiveness of deep feature learning, the proposed CNN model was compared with 

conventional machine learning classifiers using identical MFCC representations. The comparison 

results are presented in Table 2. 
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Table 3. Performance comparison between CNN and conventional machine learning models 

Model Accuracy Precision Recall F1-Score 

K-Nearest Neighbors (K-NN) 71.2% 70.9% 70.5% 70.7% 

Random Forest 75.3% 74.5% 75.0% 74.7% 

Support Vector Machine (SVM) 78.6% 77.8% 78.2% 78.0% 

CNN (Proposed) 85.71% 86.0% 85.4% 85.7% 

As shown in Table 3, the proposed CNN consistently outperformed all conventional classifiers across 

every evaluation metric. The CNN achieved an overall accuracy of 85.71%, exceeding SVM (78.6%), 

Random Forest (75.3%), and k-NN (71.2%). The superiority of CNN can be explained by its 

hierarchical feature learning mechanism. Conventional machine learning algorithms rely exclusively 

on handcrafted MFCC features, treating each feature independently during classification. In contrast, 

CNN exploits spatial relationships among neighbouring coefficients through convolution operations, 

enabling the extraction of increasingly discriminative acoustic representations across multiple network 

layers. 

Compared with SVM, the proposed CNN improved classification accuracy by approximately 7.1 

percentage points, while improvements of 10.4 and 14.5 percentage points were observed over Random 

Forest and k-NN, respectively. Similar trends have been reported in previous studies demonstrating the 

superiority of deep convolutional architectures for musical instrument recognition [12], [14], [15]. The 

CNN model achieved the highest performance among all evaluated approaches, obtaining an accuracy 

of 85.71%, followed by Support Vector Machine (78.6%), Random Forest (75.3%), and k-Nearest 

Neighbors (71.2%). The improvement over conventional approaches demonstrates the advantage of 

hierarchical representation learning provided by convolutional architectures. Although MFCC features 

provide meaningful acoustic descriptors, conventional classifiers treat extracted coefficients as 

independent feature vectors and rely on predefined representations. In contrast, CNNs learn local 

relationships among neighbouring MFCC coefficients through convolution operations, allowing the 

model to capture complex spectral patterns associated with instrument timbre. 

The accuracy improvement of approximately 7.1 percentage points over SVM suggests that deep feature 

learning provides additional discriminative capability beyond handcrafted acoustic descriptors. This 

observation is consistent with previous studies reporting improved musical instrument recognition 

performance through convolution-based architectures [8], [12], [14]. Nevertheless, the computational 

requirements of CNN models should also be considered. While conventional classifiers may remain 

suitable for extremely resource-constrained environments, CNN-based approaches provide a more 

scalable solution when sufficient computational resources and larger datasets become available. 

3.4 Training Behavior and Model Generalization 

Figure 3 illustrates the training accuracy and loss progression during CNN optimization. The accuracy 

increased consistently during the training process, while the loss value gradually decreased, indicating 

that the model successfully learned discriminative patterns from the MFCC representations. Most 

performance improvement occurred during the early training stages, suggesting that the network rapidly 

captured dominant acoustic characteristics of the instrument classes. After approximately 20 epochs, 

the improvement became relatively smaller, indicating that the optimization process approached 

convergence. The stable reduction in training loss indicates effective parameter optimization under the 

selected learning configuration. However, since learning behaviour alone cannot fully confirm 

generalization performance, the evaluation results from the independent testing dataset provide the 

primary evidence of model effectiveness. 

The combination of dropout regularization and training-data augmentation likely contributed to 

reducing model sensitivity toward individual recording conditions. These strategies are particularly 
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important for cultural audio datasets, where variations in recording environment, performer style, and 

instrument construction may introduce additional uncertainty. 

 

Figure 3. Training accuracy and loss during CNN optimization 

3.5 Overall Discussion 

The experimental findings demonstrate that a lightweight CNN architecture can effectively recognize 

Indonesian traditional musical instruments from acoustic recordings. The results highlight the capability 

of deep learning models to extract meaningful representations from culturally specific audio data, even 

when the available dataset size is relatively limited. Compared with previous studies focusing primarily 

on Western musical instruments and standardized datasets, this research addresses an underexplored 

domain involving Indonesian indigenous instruments. The acoustic diversity of these instruments 

introduces additional challenges because each category is influenced by different sound-generation 

mechanisms, construction materials, and performance techniques. 

Although recent approaches based on attention mechanisms and pre-trained audio models have 

achieved higher accuracy on large-scale datasets [16]–[18], such approaches typically require extensive 

computational resources and large amounts of annotated data. The lightweight CNN developed in this 

study provides a practical alternative for scenarios where cultural audio datasets remain limited. Despite 

promising results, several limitations should be acknowledged. First, the current dataset covers only 

four instrument categories, which limits the ability to generalize the model to Indonesia's broader 

musical diversity. Second, the current framework relies on MFCC representations rather than learned 

audio embeddings from pre-trained foundation models. Third, the web deployment presented in this 

study represents a proof-of-concept implementation and requires further evaluation involving real users 

and broader deployment scenarios. 

Future research will investigate larger-scale indigenous audio datasets, transformer-based audio 

representation models, and cross-cultural instrument recognition to improve scalability and 

generalization. 

4. CONCLUSION 

The findings indicate that lightweight deep learning architectures can provide an effective solution for 

cultural audio recognition tasks where annotated datasets remain limited. Beyond classification 

performance, the proposed framework contributes to the digital preservation of Indonesian intangible 

cultural heritage by enabling automatic instrument identification through a web-based application. 

Nevertheless, the current study is limited by the number of instrument categories and the diversity of 

recording environments included in the dataset. Future investigations should expand the dataset 

coverage by incorporating additional traditional instruments, diverse performance conditions, and 



NED UNIVERSITY JOURNAL OF RESEARCH, VOL 23, Special issue on Icon3E’25, 2026 347 

cross-cultural audio samples. Furthermore, integrating advanced pre-trained audio models, transformer-

based architectures, and explainable artificial intelligence approaches may provide further 

improvements in model generalization and interpretability. Overall, this research demonstrates the 

feasibility of applying deep learning-based acoustic analysis for preserving and promoting traditional 

musical heritage through intelligent digital technologies. 
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