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Abstract

The limited availability of voice emotion corpora in Indonesian poses a
challenge for the development of Speech Emotion Recognition (SER) systems,
despite growing needs in sectors such as customer service and human-
computer interaction. To address this, we developed the Maleo Emotion Audio
Corpus, a collection of three-second audio clips with seven emotion labels
(angry, neutral, disqusted, sad, happy, afraid, and surprised), sourced from
YouTube. The audio data underwent preprocessing, feature extraction (MFCC,
ZCR, energy, spectral roll-off, and spectral flux), and augmentation. The
classification model was built using a 1D Convolutional Neural Network (CNN)
architecture specifically adapted for the 3-second audio features, comprising
four convolutional layers. Evaluation showed the model achieved 94.48%
accuracy on the test data. The claim of balanced performance is supported by
high F1-scores across all classes, ranging from 0.87 for 'sad' to 0.98 for

'neutral’, indicating no single class dominated the results. These findings
demonstrate that the developed corpus and model architecture have strong
capability for recognizing emotions from Indonesian speech in a locally relevant
context. Maleo Emotion collection is available at
https.//doi.org/10.57967/hf/6144.
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1. Introduction

Emotions are states that comprehensively represents human feelings and thoughts and can be found in various
aspects of daily life [1]. Extensive studies on emotions are currently being conducted across various sectors, as
emotions are among the most fundamental elements of human beings [2]. Human-computer interaction technology has
been advancing rapidly, such as speech recognition. One of the applications of speech recognition is the identification
of human emotions [3]. Human interaction refers to the ways people interact with one another. However, human
interaction does not always proceed smoothly due to various factors that can influence emotions [4]. Additionally,
meeting the need for emotion recognition is crucial in human interaction, as it is beneficial for various applications, such
as customer service, mental health, educational systems, and the development of simpler human-computer interfaces
[5].

Emotion recognition technology through voice, known as Speech Emotion Recognition (SER), is a rapidly
developing field crucial for improving human-computer interaction [6]. SER enables systems to understand and respond
to users' emotional states in a more contextual and human-like manner, with applications ranging from customer service
to mental health [7].

However, a significant challenge hinders the advancement of SER for the Indonesian language: the lack of a
standardized and representative audio corpus [8]. Based on the background and research gaps described above, the
issues that are the focus of this study are as follows: (1) To what extent can this dataset improve the accuracy of emotion
classification systems compared to other datasets? (2) How can we determine which emotion categories should be
included in the dataset? (3) How can we determine the reference standards that can be used in testing and evaluating
Indonesian SER models? As a solution, this study developed the Maleo Emotion Audio Indonesia dataset, establishes
seven main emotion categories, and uses CNN models and standard evaluation metrics to measure the performance
of the emotion classification system.

The development of any effective SER system hinges on three core components: quality data collection, robust
acoustic feature extraction, and an accurate classification algorithm [9].

This research addresses the data scarcity issue by first developing a new Indonesian emotion corpus. Our
method then involves two main stages to classify emotions from this audio data:

1. Feature Extraction: We convert raw audio signals into meaningful representations by extracting five key acoustic
features: Mel-Frequency Cepstral Coefficients (MFCC) [10], Zero Crossing Rate (ZCR) [11], energy [12], spectral
roll-off [13], and spectral flux [14].
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2. Classification: These extracted features are then used to train a Convolutional Neural Network (CNN) model to
perform the final emotion classification [15].

The availability of a high-quality, representative corpus is a crucial component for developing an effective SER
system. This challenge is particularly pronounced for the Indonesian language, where standard public corpora are still
very limited. For context, much of the existing SER research has relied on well-established corpora in other languages.
For example, the IEMOCAP corpus has been widely used for processing, which includes the stages of feature
extraction, model training, and performance evaluation [16].

Therefore, this data collection is highly valuable for researchers in signal processing and artificial intelligence,
aiding in the development of emotion classification models in artificial intelligence, machine learning, multimedia, and
signal processing [1]. While many high-quality SER datasets exist, such as RAVDESS and IEMOCAP, they
predominantly feature speakers of English or other European languages. Emotional expression—including tone,
intonation, and prosody—is deeply influenced by cultural and linguistic context [18]. Consequently, models trained on
these international corpora often fail to accurately capture the unique nuances of emotion in Indonesian speech, making
them less effective for local applications.

To address this gap, it is necessary to use data that reflects natural Indonesian communication. YouTube stands
out as a vast repository of authentic audio and video content for this purpose [17]. Although using data from such
platforms presents challenges, such as potential sample limitations and subjectivity in annotation, it offers a way to build
a more culturally relevant corpus. Furthermore, this approach is supported by Indonesian Law No. 28 of 2014
concerning Copyright, which permits the use of such works for research and educational purposes, provided the source
is properly cited [19].

SER faces persistent challenges, namely the scarcity of labeled data, which is a major obstacle given the
intensive data requirements of deep learning models. This scarcity often results in small, unbalanced datasets, which
hinder model generalization [18]. Additionally, the lack of cultural and linguistic diversity in many corpora remains a
barrier to developing locally relevant emotion recognition systems. In previous studies, commonly used speech emotion
corpora include RAVDESS, Ryerson Multimedia Lab (RML), and EMO-DB. RAVDESS provides 1,440 English-language
voice samples with various emotion labels such as neutral, sad, calm, afraid, happy, surprised, disgusted, and angry
[19]. RML includes 684 samples in various languages such as English, Italian, Mandarin, Urdu, Punjabi, and Persian
[20].

The initial steps in identifying the main problems were the lack of Indonesian-language datasets for SER,
determining emotion categories that correspond to emotional expressions in Indonesian, and the lack of reference
standards or models for Indonesian SER.

This study used a collection of 700 audio files collected independently from various videos available on the
YouTube platform. These were then extracted into 3-second audio segments in WAV format. This dataset is named
Maleo Emotion. The data is annotated with seven emotion labels: angry, surprised, happy, afraid, sad, disgusted, and
neutral [21]. Each emotion label consists of 100 audio files.

The main objective is to support research in the field of audio processing and artificial intelligence, assist in the
development of emotion-based technology, and improve understanding of emotional voice expressions in Indonesian.
This collection is available at https://huggingface.co/datasets/maleo-ai/maleo-emotion. The use of a Convolutional
Neural Network (CNN) combined with key acoustic features is a well-established and effective approach in SER
research [22]. However, the application of this powerful method has not yet been widely tested in the context of the
Indonesian language [23]

In this study, we apply this supervised learning algorithm to the newly developed Maleo Emotion Corpus [25].
The audio data have been labeled into seven distinct emotion classes: angry, surprised, happy, afraid, sad, disgusted,
and neutral. The CNN is then trained to learn and differentiate these emotions by analyzing five core acoustic features:
MFCC, Zero Crossing Rate (ZCR), spectral roll-off, spectral flux, and energy [24]. This corpus aims to serve as a
comprehensive and inclusive resource for researchers and developers in creating accurate and relevant emotion
classification models tailored to the Indonesian context.

2. Research Method

This study proposes the development of an Indonesian Speech Emotion Recognition (SER) model using the
Maleo Emotion Audio Dataset. The research methodology consists of several stages: data collection, data
preprocessing and augmentation, feature extraction, model development using a Convolutional Neural Network (CNN),
and performance evaluation. All experiments were conducted using the Python programming language with the
TensorFlow and Keras libraries on the Google Colaboratory platform. Figure 1 shows the research framework,
illustrating the stages of the process from data collection to model evaluation.
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3. Data Collection

In this study, the audio dataset was manually collected from YouTube, consisting of 700 Indonesian voice
samples representing seven distinct emotion categories: angry, neutral, disgusted, sad, happy, afraid, and surprised
(see Table 1). Each sample is approximately 3 seconds long and is stored in .wav format. To maintain consistency, all
audio files were standardized to mono with a sampling rate of 44,100 Hz and a resolution of 16-bit. This standardization
ensured that the data had uniform characteristics during the feature extraction process. Data selection was performed
manually to verify the accuracy of the emotions depicted in each clip. After verification, the data were grouped into
folders based on their respective emotion labels. Finally, preprocessing steps such as background noise removal and
audio normalization were applied to reduce noise and improve sound clarity.

Table 1. Audio Emotions

No Emotion Amount
1 Disgust 100

2 Anger 100

3 Neutral 100

4 Sadness 100

5 Happiness 100

6 Fear 100

7 Surprise 100

3.1 Waveform

A waveform is a graphical representation that illustrates changes in amplitude (loudness) of an audio signal over
time. For a "surprised" emotion, the waveform typically displays a sharp spike in amplitude at the beginning, followed
by a gradual decrease as the sound fades (see Figure 2). In this representation, the x-axis represents the time duration
of the audio clip from 0 to 3 seconds, while the y-axis indicates the intensity of the sound. The sudden high peak at the
start reflects the abrupt and strong vocal reaction typical of a surprised expression, followed by a continuous decrease
in amplitude as the sound diminishes.
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Figure 2. Waveform

3.2 Spectrogram

A spectrogram is a visualization that displays the frequency (pitch) of sound over time, where colors represent
the amplitude or intensity at each frequency—uwith brighter colors, such as red, indicating higher intensity (see Figure
3). In this visualization, the x-axis represents the time duration of the audio from 0 to 3 seconds, while the y-axis displays
the sound frequency range up to approximately 10,000 Hz. Although the audio was sampled at 44,100 Hz, the
spectrogram is displayed up to 10,000 Hz because this range effectively captures the primary emotional information of
the sound. The red and orange areas at the beginning of the recording indicate bursts of energy at low and mid
frequencies, which are characteristic of the sudden vocalizations found in expressions of surprise. Over time, this energy
spreads and gradually decreases.
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Figure 3. Spectrogram

Before the feature extraction process, the audio data undergoes an augmentation stage to increase both the
variety and volume of the dataset. Following this, each audio file is verified to possess specific basic characteristics—
such as file name, emotion label, duration, channels, sampling rate, and bit depth—to maintain strict data consistency
(see Table 2).

Table 2. Property value

Property Value

File Name Surprised 1_mono.wav (example)
Emotion Label Disgust

Duration 3 seconds

Channels Mono
Sampling Rate 44,100 Hz

Bit Depth 32-bit

3.3 Data pre-processing

To prepare the audio data for model training, we implemented a two-stage preprocessing framework designed
to ensure data quality and diversity. The first stage, data cleaning and standardization, focuses on creating a uniform
set of audio files. The second stage, data augmentation, expands the dataset to prevent overfitting and improve the
model's ability to generalize. The entire preprocessing workflow is illustrated in Figure 4.
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3.4 Feature Extraction
In this study, we used five features for the extraction stage, including:
1. Zero Crossing Rate (ZCR)
The Zero-Crossing Rate (ZCR) within an audio frame measures the frequency of sign changes in the signal.
Specifically, it represents how often the audio signal transitions from positive to negative, or vice versa, within a given
audio segment. The ZCR for a specific frame is mathematically defined as Equation 1:

Wi
1
2) = 5 ) Isemlxi(m)] — sgnlx,(n — D) (1)

2. Energy

Energy measures the total acoustic energy within an audio signal frame and is commonly associated with the
intensity, or power, of the sound. Expressive emotions, such as anger or happiness, typically exhibit higher energy
levels. The energy of an audio frame is calculated as Equation 2:

Wi
E@ = ) Ixml? @)

where x;(n) represents the collection of audio samples from frame i, and W, indicates the length (or duration) of that
frame.

3. Mel-Frequency Cepstral Coefficients (MFCC)

Mel-Frequency Cepstral Coefficients (MFCC) are a widely utilized feature extraction technique in speech and
audio signal processing. This technique adopts the Mel scale when calculating cepstral coefficients to better
approximate human auditory perception. The primary purpose of this feature extraction is to capture the unique acoustic
characteristics specific to different sounds or words, thereby enabling accurate differentiation between them. The MFCC
calculation process is performed across the entire audio dataset in a single batch process and consists of the following
sequential stages:
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a)

f)

4.

Pre-emphasis

The first step involves applying a pre-emphasis filter to amplify the high-frequency components of the audio signal,
which naturally decay across the human vocal tract. This stabilizes the signal and is typically achieved using a first-
order high-pass filter, as shown in Equation 3:

y(m) = x(n) —ax(n —1) 3)

where x(n) is the original audio signal, y(n) is the pre-emphasized signal, and a is the pre-emphasis coefficient.
Framing
Because audio signals are non-stationary over long durations, the signal is divided into a series of short frames.
Each frame is stored in an M x W matrix, where M represents the number of frames. Segmentation is performed
using an overlapping method between frames to ensure that no critical acoustic information is missed at the
boundaries. This process continues until the entire signal is covered.
Windowing
To minimize signal discontinuities at the beginning and end of each frame, a window function is applied. The
Hamming window is commonly used to smooth the signal edges and reduce spectral leakage, as shown in Equation
4:

W(n) = 0.54 — 0.46 cos (; Tin1> (4)

where Nis the total number of samples within the frame.
Fast Fourier Transfrom (FFT)
The Fast Fourier Transform (FFT) is then applied to each windowed frame to convert the audio signal from the time
domain into the frequency domain. This transformation reveals the magnitude spectrum of the frame, as shown in
Equation 5:

N-1

X(k) = Z x(n)e‘j$ ()

n=0

Mel Filterbank

The calculated frequency spectrum is then mapped onto the Mel scale using a set of triangular bandpass filters. The
Mel scale is a non-linear mapping that mimics the human ear's varying sensitivity to different frequencies. The
conversion from standard frequency (f in Hz) to the Mel scale (m) is mathematically formulated as Equation 6:

m= 11251n(1 +7L00> (6)

Discrete Consine Trasfrom

Finally, in Equation 7, the Discrete Cosine Transform (DCT) is applied to the logarithm of the Mel filterbank energies.
This step decorrelates the overlapping filterbank coefficients and compresses the data, yielding the final set of
features used for model training, as shown below:

C(n) = Z lo g(E,,;) cos [n(m —0.5) %] (7)

Spectrall Rollof
Spectral roll-off determines the frequency below which a specific percentage (typically 85% or 95%) of the total

spectral energy is concentrated. This feature is commonly used to assess whether a sound's energy tends to be
concentrated in lower or higher frequency bands. If the m-th Discrete Fourier Transform (DFT) coefficient represents
the spectral roll-off value at the i~th frame, the relationship is defined by Equation 8:

i X;(k)=c¢C f X; (k) (8)
k=1 k=1
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where X; (k) is the spectral magnitude at frequency bin k&, W, is the total number of bins in the frame, and Crepresents
the chosen percentage threshold (e.g., 0.85).

5. Spectrall Flux

Spectral flux measures the rate of spectral change between two consecutive frames. It is calculated as the sum
of the squared differences between the normalized magnitude spectra of the current frame and the previous frame. This
feature effectively assesses how quickly the frequency profile of the signal changes over time. The spectral flux between
frame 7and frame i — 1 is calculated as Equation 9:

wy,

Fl(G,i—1) = Z(ENi(k) — EN () (9)

k=1

where EN; (k) represents the normalized spectral energy at bin & for frame /.

The values for all aforementioned features were extracted from the audio files using the Librosa library in Python.
Following the extraction process, the resulting feature values were compiled into a structured dataset consisting of
4,900 rows and 25 columns. This consolidated dataset serves as the final, standardized input for the subsequent model
training phase.

3.5 CNN Model Architecture

To classify the emotions based on the extracted acoustic features, a CNN model was employed. The architecture
of the proposed CNN, illustrated in Figure 5, consists of several sequential layers designed to learn hierarchical
representations of the audio data. The network begins with two convolutional layers utilizing a 3x3 kernel size—with 32
and 64 filters, respectively—to extract complex feature maps. These are followed by a pooling layer to reduce the spatial
dimensions of the data and lower computational complexity. To mitigate the risk of overfitting during the training phase,
a dropout layer is incorporated into the network. Finally, the architecture concludes with a dense (fully connected) layer
that feeds into a softmax output layer, where the number of neurons corresponds directly to the number of emotion
classes being predicted.

Input Features
(MFCC, ZCR, Spectral Features) +

Conv1D Layer
(32 filters, kernel 3x3)

MaxPooling1D o+
» Conv1D Layer
= (B4 filters, kermnel 3x3)
MaxPooling1D <

> Dropout
Flatten

» Dense Layer

~ (32 neurons)
Dropout

- Softm_ax Qutput

> (7 emotion classes)

Figure 5. CNN model architecture used for Indonesian SER
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3.6 Model Evaluation Analysis
To comprehensively assess the performance of the classification model, the following statistical evaluation
metrics were utilized:
1. Accuracy
Accuracy measures the overall proportion of correct predictions made by the model across all emotion classes. It is
calculated as Equation 10, the ratio of correct predictions () to the total number of samples evaluated (N):

n
Accuracy = N (10)

2. Precision

Precision indicates the accuracy of the positive predictions for each specific class. It represents the ratio of true
positive (7P) predictions to the total number of instances the model predicted as positive (which includes both true
positives and false positives, FP), as shown in Equation 11:

TP
ision = —— 11
Precision TP + FP (11)

3. Recall

Recall, also known as sensitivity, measures the model's ability to correctly identify all actual positive instances within
a class. It is calculated as the ratio of true positive predictions to the total number of actual positive instances (which
includes true positives and false negatives, FN), as shown in Equation 12:

__ 12
Recall = (12)

4. F1-Score

The F1-Score is the harmonic mean of precision and recall. This metric is particularly useful because it provides a
single, balanced performance score that accounts for both false positives and false negatives, as shown in Equation
13:

F1S ) Precision X Recall (13)
- = X
core Precision + Recall

4. Data Preparation

At this stage, the data was prepared, namely the dataset created from the YouTube platform, which consisted of
700 samples labeled with 7 emotions: happy, sad, angry, neutral, disgusted, afraid, and surprised. The dataset was
stored in Google Drive.

4.1 Convolutional Neural Network Algorithm Model

The Convolutional Neural Network (CNN) model was implemented using the TensorFlow and Keras frameworks.
To accelerate the training process and ensure optimal convergence, the network was optimized using the Adam
optimizer. The complete architectural summary of the proposed CNN—detailing the sequential layers, their respective
output shapes, and the number of trainable parameters—is presented in Table 3.

Table 3. Convolutional Neural Network Architecture Summary

Layer (Type) Output Shape Param #
convid (None, 24, 256) 1,536
max_pooling1d (None, 12, 256) 0
convid_1 (None, 12, 256) 327,936
max_pooling1d_1 (None, 6, 256) 0
convild_2 (None, 6, 128) 163,968
max_pooling1d_2 (None, 3, 128) 0
dropout (None, 3, 128) 0
convid 3 (None, 3, 64) 41,024
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max_pooling1d_3 (None, 2, 64) 0
flatten (None, 128) 0
dense (None, 32) 4,128
dropout_1 (None, 32) 0
dense_1 (None, 7) 231

4.2 Accuracy Data Results
After the training phase, the model was evaluated using a separate testing dataset to calculate its accuracy and

assess its overall performance. The evaluation results demonstrated that the proposed CNN achieved a robust accuracy
rate of 94.48% on the test data. This high accuracy indicates that the model is highly capable of correctly identifying
emotions in unseen data that were not utilized during the training process. The performance of the model across all
epochs is visualized in Figure 6, which displays both the loss and accuracy metrics.
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Figure 6. Training Loss & Val Loss and Training Accuracy & Testing Accuracy

4.2.1 Training and Validation Loss
The left panel of the figure illustrates the reduction in loss values for both the training and validation datasets over

60 epochs. Both the training loss (blue line) and validation loss (orange line) exhibit a sharp decline during the first 15
epochs. Following this initial phase, the training loss continues to decrease steadily toward zero, while the validation
loss stabilizes at a low level without experiencing significant spikes. This behavior indicates that the model successfully
learned the underlying patterns in the data without exhibiting severe signs of overfitting, maintaining a relatively small

and stable gap between the two curves.

4.2.2 Training and Testing Accuracy
The right panel highlights the improvement in model accuracy throughout the training process. The accuracy on

the training data (blue line) demonstrates a rapid increase, eventually approaching a near-perfect value. Concurrently,
the accuracy on the testing data (orange line) displays a similarly strong and stable upward trend, settling at
approximately 94.48%. The alignment and consistency between these two curves further confirm the model's capacity
to generalize effectively to new data without suffering from performance degradation.

4.3 Confusion Matrix
To provide a detailed breakdown of the classification performance across the seven emotion categories

(disgust, anger, neutral, sadness, happiness, fear, and surprise), a confusion matrix was generated (see Figure 7). This
matrix illustrates the distribution of correct and incorrect predictions made by the model on the test dataset.
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The model demonstrated particularly strong performance in identifying disgust, neutral, and sad emotions. In the
disgust category, 146 samples were correctly classified, with only minor misclassifications distributed across other
labels (1 predicted as angry, 2 as neutral, 6 as sad, 2 as happy, and 1 as fearful). This indicates a high level of precision
for the disgust class. Similarly, for the neutral emotion, the model recorded 139 correct predictions with minimal
confusion, misclassifying only 1 instance as disgust and 2 as sad, demonstrating excellent recognition capabilities.
Finally, for the sad emotion, 133 samples were correctly classified. The few errors in this category included instances
incorrectly predicted as disgust (2 samples), angry (2 samples), neutral (1 sample), and happy (1 sample). Overall,
these results highlight the model's high effectiveness and reliability in detecting these specific emotional states.

4.4 Classification Report

The developed voice emotion classification model demonstrated excellent performance, achieving a high overall
accuracy rate. To comprehensively assess its classification effectiveness across the seven emotion categories (disgust,
anger, neutral, sadness, happiness, fear, and surprise), the model was evaluated using standard statistical metrics,
including precision, recall, and the F1-score, alongside the previously discussed confusion matrix. These metrics
quantify how accurately and reliably the model identifies each specific emotion category. The detailed classification
results are presented in Table 4.

Tabel 4. Classification Report

Emotion Precision Recall F1-Score Support
Disgust 0.96 0.92 0.94 158
Anger 0.94 0.95 0.95 131
Neutral 0.97 0.98 0.98 142
Sadness 0.87 0.96 0.91 139
Happiness 0.96 0.94 0.95 122
Fear 0.96 0.93 0.94 147
Surprise 0.96 0.93 0.95 141

In addition to the core performance metrics, Table 4 includes the support value, which denotes the actual number
of occurrences for each emotion class within the testing dataset. Combining these granular metrics with the overall
accuracy—which shows the model correctly classified 94.48% of the total test samples—provides a complete picture
of the model's capabilities. Ultimately, these results demonstrate that the proposed model achieves highly accurate and
well-balanced emotion recognition, confirming its reliability and effectiveness for voice-based emotion recognition tasks
within the Indonesian language context.

© 2026 The Authors. Published by Universitas Muhammadiyah Malang
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5 Conclusion

The Maleo Emotion Audio Dataset Indonesia developed in this study can significantly improve the performance
of audio-based emotion classification systems. With 700 audio samples, each lasting 3 seconds, the system built using
the CNN algorithm achieved an accuracy of 94.48%, which is an improvement over previous studies reporting accuracy
from 65-85%. This demonstrates that a locally relevant corpus, tailored to cultural and linguistic contexts, can enhance
the effectiveness of SER systems. Emotion categories were determined based on literature and cultural context
relevance in Indonesia. The selected emotions are anger, happiness, neutral, sadness, disgust, fear, and surprise,
which are common expressions in Indonesian verbal communication. These categories reflect a sufficiently broad and
relevant emotional range for use in various SER applications. Model evaluation was conducted using standard metrics
such as accuracy, precision, recall, F1-score, and confusion matrix to assess the performance of each emotion
category. Additionally, data augmentation techniques and balanced label distribution were employed to maintain the
quality and validity of the dataset. These standards can serve as a baseline for testing Indonesian language-based SER
models to ensure representative results that are comparable across studies.
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