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ABSTRACT 

One of the main challenges faced by researchers in speech recognition is the limitation of data, especially 

for low-resource languages. A common strategy to improve a model's performance is to expand the data 

space through data augmentation techniques. Data augmentation has proven effective in increasing the 

amount of training data and reducing the mismatch between training and testing data. Furthermore, data 

augmentation is essential for improving the performance of deep neural networks by mitigating overfitting 

and enhancing the models' generalization capabilities. This study compares the impact of several standard 

augmentation techniques applied to low-resource dialect speech (time stretching, pitch shifting, noise 

addition, and gain) on speech recognition performance using a Speech-Transformer architecture. The 

dataset used consists of Indonesian dialectal speech. The results indicate that the average accuracy 

improvement in recognition was 57.6%, 57.9%, and 59.3% for Character Error Rate (CER), Word Error 

Rate (WER), and Sentence Error Rate (SER), respectively, compared to speech recognition without any 

data augmentation.  

Keywords-augmentation; dialectal speech recognition; low-resource 

I. INTRODUCTION  

In several countries, such as Indonesia, various ethnic 
groups speak in different dialects. Speech recognition for 
dialects requires more effort than for standard pronunciations. 
A further challenge is the limited availability of data for 
dialectal speech, which represents one of the main obstacles in 
speech recognition research: either insufficient data [1] or the 
presence of low-resource data [2].  

On the other hand, modern Automatic Speech Recognition 
(ASR) models such as Transformer, Speech-Transformer, and 
Conformer typically require extensive speech datasets for 
effective training. However, the development and annotation of 
such datasets entail substantial time, expertise, and resources. 
In practical applications, obtaining natural and representative 
speech data for training is often challenging or unfeasible [3]. 
One way to address this issue is by expanding the data space 

through data augmentation [4]. Data augmentation is an 
effective approach to enlarge the training corpus and minimize 
the discrepancy between training and testing conditions [5]. 
Additionally, data augmentation is essential for improving the 
performance of deep neural networks by mitigating overfitting 
and enhancing the models' generalization capabilities [6-8]. 

This study examines the impact of several standard 
augmentation techniques that can be implemented for dialectal 
speech with limited resources, including time stretching, pitch 
shifting, noise addition, and gain adjustment, on speech 
recognition performance using a Speech-Transformer 
architecture. The dataset used consists of Indonesian dialectal 
speech. The primary contribution of this study is the 
development of an audio data augmentation software, along 
with an in-depth evaluation of the effectiveness of conventional 
audio augmentation techniques in enhancing the accuracy of 
dialectal speech recognition. The results indicate that data 
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augmentation significantly enhances the performance of 
dialectal speech recognition, with a 57.6% reduction in 
Character Error Rate (CER), 57.9% reduction in Word Error 
Rate (WER), and 59.3% reduction in Sentence Error Rate 
(SER), compared to speech recognition without any data 
augmentation.  

II. RELATED WORK 

In recent years, the research community has shown 
increasing attention to augmentation techniques due to their 
promising benefits for various ASR applications, particularly 
for languages with limited resources, including minority, 
regional, and dialectal varieties. For example, employing 
Cycle-consistent Generative Adversarial Networks 
(CycleGAN) for data augmentation resulted in a 5.58% 
reduction in WER [9], and Generative Adversarial Networks 
(GANs) showed a relative WER reduction of more than 20 % 
for end-to-end children ASR [10]. Speaker augmentation using 
SpecAugment resulted in a substantial relative reduction in 
WER, achieving a 30% improvement over systems without 
data augmentation and an approximately 18% improvement 
compared to systems using SpecAugment only in low-resource 
speech recognition tasks [11]. In the speech emotion 
recognition task, augmentation with CycleGAN [12] and GAN 
[13] also showed improvement. Furthermore, authors in [14] 
showed that selecting suitable data augmentation techniques 
tailored to specific conditions is essential for enhancing 
performance in speech emotion recognition tasks using Support 
Vector Machines (SVM). CycleGAN has also been used as a 
data augmentation technique to generate whispers from original 
speech [15].  

Several novel data augmentation techniques have been 
explored to enhance ASR performance for low-resource 
languages [16]. A systematic review by authors in [17] 
highlighted various augmentation methods used in deep 
learning-based classifiers for the classification of audio signals, 
including speech. Furthermore, authors in [18] investigated the 
effectiveness of four specific augmentation strategies for 
environmental sound prediction: specified independent, 
random independent, specified sequential, and random 
sequential. 

The influence of different augmentation techniques (time 
stretching, pitch shifting, background noise, and combining 
time stretching and background noise) was assessed on a 
mechanical noise dataset using classification accuracy as the 
evaluation criterion. The study showed that the combined 
augmentation approach yielded the highest precision and the 
lowest error rates for both squeak and rattle datasets [19]. 
These three augmentation techniques (pitch shifting, noise 
addition, time stretching) have also been used to improve 
system robustness in the speaker verification task for Persian 
speech [20]. Furthermore, the effect of data augmentation 
techniques on ASR system development indicates that pitch 
shifting can reduce the WER for Convolutional Neural 
Network (CNN)-based recognizers [3]. 

ASR technology allows machines to transcribe spoken 
language into text or executable commands [21]. It is often 
used in robots and intelligent machines and as a 

communication tool between humans and computers [22]. 
Deep learning approaches have recently become increasingly 
prominent in ASR systems development. Given that speech 
data are inherently sequential, deep learning models like 
Recurrent Neural Networks (RNNs), Long Short-Term 
Memory (LSTM) networks, and Bidirectional-LSTM (Bi-
LSTM) networks were initially considered more appropriate 
[23]. However, recent advancements have increasingly shifted 
towards Transformer-based architectures due to their superior 
performance and flexibility. 

The Transformer architecture was proposed as a solution to 
challenges encountered in machine translation tasks [24]. Since 
then, it has been widely adopted across various domains within 
Natural Language Processing (NLP), including speech 
synthesis, ASR, computer vision, and others. The original 
Transformer architecture consists of an encoder-decoder 
structure based on self-attention mechanisms, where each 
component is composed of a stack of identical blocks. 

The first application of a Transformer for ASR was a model 
called Speech-Transformer, which introduced convolutional 
layers preceding the Transformer blocks to better capture local 
acoustic features [25]. A well-known advancement of this 
model is the Conformer architecture [26], which integrates 
convolutional modules into the Transformer to enhance the 
modeling of both local and global dependencies in speech. 

However, the attention mechanism in the Transformer and 
Conformer models incurs quadratic computational complexity 
concerning input length. To address this limitation, authors in 
[27] proposed a Transformer with linear attention and authors 
in [28] proposed the Linear Attention-based Conformer (LAC), 
which leverages linear attention mechanisms to improve 
computational efficiency while maintaining recognition 
performance. 

III. METHODOLOGY 

This research was conducted through four main stages: data 
preparation, data augmentation, model development (training) 
and model evaluation, as illustrated in Figure 1. The data 
preparation phase consists of data collection, audio 
segmentation, and data splitting. The data augmentation phase 
utilizes four augmentation techniques: time stretching, pitch 
shifting, noise addition, and gain adjustment. The model 
development (training) process consists of two phases: feature 
extraction and speech recognition with the Speech-
Transformer. The subsequent sections offer a detailed 
explanation of each phase. 

A. Data Preparation 

1) Data Collection 

This study uses two types of datasets: Indonesian Dataset1 
(ID1) [29] and Indonesian Dataset2 (ID2) [30]. All 54 speakers 
(23 in ID1 and 31 in ID2) represent different regions of 
Indonesia, capturing the dialects of their respective ethnic 
groups. The dialects used in this study originate from the five 
major ethnic groups in Indonesia: Javanese, Balinese, Batak, 
Sundanese, and Minang. The speakers' ages range from 17 to 
25 years. The distribution of dialect data and speaker gender 
for each dataset is shown in Table I.  



Engineering, Technology & Applied Science Research Vol. 15, No. 5, 2025, 28095-28101 28097  
 

www.etasr.com Endah et al.: Enhancing Low-Resource Dialectal ASR in Indonesian Using Speech-Transformer … 

 

 
Fig. 1.  Overview of the research methodology. 

TABLE I.  DISTRIBUTION OF DIALECTS AND SPEAKER GENDER 

Dialect of ethnic 

group 

ID1 ID2 

Male Female Male Female 

Javanese 7 2 2 3 
Sundanese 0 2 5 3 

Batak 3 3 2 2 
Balinese 1 0 4 5. 
Minang 2 3 3 2 
Total 13 10 16 15 

 
The recording process was conducted using the Audacity 

software with a sampling rate of 44,100 Hz, 32-bit float type, 
and a mono channel. Each audio file was saved in Waveform 
Audio File Format (WAV). The recordings were performed in 
a closed, soundproof studio to minimize noise interference. 

The ID1 dataset contains 70 sentences, whereas ID2 
contains 330 sentences, including the 70 sentences from ID1. 
The total number of sentences and the duration of speech 
recordings are shown in Table II. This study also uses a 
combination of the ID1 and ID2 datasets, referred to as the 
ID12 dataset. The ID12 dataset represents the total number of 
sentences and total duration from both ID1 and ID2. 

TABLE II.  TOTAL NUMBER OF SENTENCES AND 
DURATION 

Dataset Number of sentences Duration 

ID1 1,410 53 m 49 s 
ID2 10,230 7 h 40 m 48 s 

Total 11,640 8 h 34 m 37 s 

 

2) Audio Segmentation 

The recordings from each speaker consist of continuous 
speech, where the recording stops after several sentences are 
spoken. Audio segmentation involves extracting individual 
sentence processes from each speaker's speech. Each 
segmented sentence is considered a single data instance. 

The segmentation process was performed manually using 
Audacity software. Before segmentation, the signal undergoes 
visual inspection to identify any noise that could disrupt the 
recognition process. If noise is present in the signal, it is 
reduced manually using Audacity's noise reduction feature. 

3) Dataset Splitting 

Each dataset (ID1, ID2, and ID12) was split into two 
subsets, allocating 80% for training and 20% for testing. The 
details of this division are presented in Table III. 

TABLE III.  DATA SPLITTING OF TRAINING AND TESTING 
SETS 

Datase

t 

Training data Testing data 

NS Duration NS Duration 

ID1 1,128 43m 14s 282 10m 35s 
ID2 8,184 6h 9m 1s 2,046 1h 31m 47s 

ID12 9,312 6h 52m 15s  2,328 1h 42m 22s 

NS: number of sentences. 

 

B. Data Augmentation 

We augmented only the training dataset using four 
augmentation techniques: time stretching, pitch shifting, noise 
addition, and gain adjustment. Moreover, we integrated all four 
augmentation techniques to evaluate their effectiveness in 
dialectal speech recognition. The following sections provide a 
detailed explanation of each technique. 

1) Time Stretching 

Time stretching is an audio processing technique that 
changes the length of an audio signal while preserving its 
original pitch. This approach enables audio to be slowed or 
speeded up, without causing substantial distortion. Time 
stretching is beneficial for training speech recognition models 
to improve their robustness against variations in speech speed.  

In this study, the length of the audio signal was modified 
using the time-stretch function from Librosa with a speed 
variation factor randomly selected between 0.9 and 1.1. If the 
factor is less than 1, the speech becomes longer (slower); if it is 
greater than 1, the speech becomes shorter (faster). This range 
was chosen to preserve the dialect in each utterance. 

2) Pitch Shifting 

Pitch shifting is a technique that alters the pitch of an audio 
signal while maintaining its original duration. This technique 
can increase or decrease the frequency of a sound to simulate 
voice variations among different individuals, such as 
differences between male and female voices. Pitch shifting 
enhances model robustness to natural frequency variations in 
speech. 

In this study, the pitch of the audio signal was adjusted 
using a randomly generated value between -1 and 1 semitones. 
This range was chosen to preserve the dialect in each utterance. 
If the generated value is greater than 0, the pitch is raised 
(higher, resembling a female voice); if the value is less than 0, 
the pitch is lowered (deeper, resembling a male voice). If the 
value is exactly 0, the pitch remains unchanged.  

3) Noise Addition 

Noise addition is the process of adding background noise to 
an audio signal to enhance the model's robustness against noisy 
environments. Common types of noise used in augmentation 
include white noise, pink noise, or background sounds such as 
traffic or office noise. White noise is a type of noise with an 
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evenly distributed energy across the whole audible frequency 
spectrum (typically 20 Hz – 20 kHz). In contrast, pink noise 
has more energy decreases as the frequency increases (each 
octave contains the same amount of energy). In other words, 
pink noise has more energy in lower frequencies compared to 
higher frequencies. This technique improves the model's 
robustness to real-world conditions, which often do not involve 
ideal recording environments. 

In this study, the noise used was white noise, specifically 
Gaussian noise, with a mean of 0, variance following the 
distribution of the original signal, and a length equal to that of 
the original signal. The generated noise was then added to the 
original signal at a certain scale. This scale was determined by 
generating a random value between 0.1 and 0.3. 

4) Gain 

Gain is a technique that modifies the amplitude of an audio 
signal, essentially adjusting the loudness (volume) of the 
sound. This approach is commonly used to enhance the 
robustness of speech recognition models against variations in 
volume that occur during recordings, such as differences in 
microphone distance or speaker intensity. In speech data 
augmentation, there are two types of gain modification: gain 
increase (amplification), which raises the signal amplitude to 
make the sound louder, and gain decrease (attenuation), which 
lowers the signal amplitude to make the sound quieter. 

In this study, the signal amplitude was increased using a 
scaling factor randomly selected between 2 and 4. This range 
was selected to ensure that the scaling factor did not become 
excessively large, as an overly high amplitude may surpass 
normalization limits, resulting in audio distortion or clipping. 

C. Model Development (Training) 

1) Feature Extraction 

After data augmentation, the feature extraction process was 
performed by creating a spectrogram from each speech sample 
using the Short-Time Fourier Transform (STFT). The steps 
include framing, windowing, computing the STFT, and 
spectrogram formation. 

Framing refers to segmenting a continuous audio waveform 
into short, overlapping windows. In this study, each frame 
consists of 200 samples, with a hop size (stride) of 80 samples 
between successive frames. To reduce distortions at the 
beginning and end of each frame, the frame is multiplied by a 
window function. In this research, we use a Hamming window, 
as described in [31]. 

After the windowing process, the STFT is computed using 
(1): 

STFT���, �	 = ∑ ��
 + ��	��
	
����
��� �

��
��

��
��

 (1) 

where ��
	 is the original signal in the time domain, � is the 
frame index (time segment), � is the frequency index, � is hop 
size (number of samples between frames), ��
	  is the 
Hamming window function, and ��  is the window length 
(frame length). The next step is to take the magnitude of 
STFT �, �! and apply a power law transformation (root of 

STFT �, �! ). After obtaining the spectrogram, it was 
normalized using mean-variance normalization and padded to 
10 s. 

2) Speech-Transformer 

The extracted feature representations serve as the input to 
the speech recognition system, which employs The Speech-
Transformer model [25]. This model is a development of the 
Transformer model [24], comprising an encoder block and a 
decoder block. Before entering the encoder block, the input 
undergoes convolution followed by a Rectified Linear Unit 
(ReLU) activation function.  

The training process used the training dataset described 
previously. In this study, we employed four encoder layers and 
one decoder layer, with two heads in the multi-head attention 
mechanism. The result of the training process is a trained 
speech recognition model. 

D. Model Evaluation 

Model testing was conducted to evaluate the performance 
of the trained model. The test dataset, as described in Table III, 
was used for this purpose. The model was evaluated using 
CER, WER, and SER for each predefined testing scenario. The 
calculations of CER, WER, and SER are, respectively, 
performed using (2), (3), and (4): 

CER =
%&'(&')&

�&
    (2) 

where *+  is the number of substitutions (characters in the 
hypothesis that differ from the reference), ,+  is the number of 
deletions (characters present in the reference but missing in the 
hypothesis), -+ is the number of insertions (extra characters in 
the hypothesis not in the reference), and �+ is the total number 
of characters in the reference transcription. 

WER =
%/'(/')/

�/
    (3) 

where *0  denotes the number of substitutions, ,0  represents 
the number of deletions, -0 indicates the number of insertions, 
and �0  refers to the total number of words in the reference 
transcript. 

SER =
12

%
     (4) 

where 3% represents the number of sentences with one or more 
errors (insertion, deletion, or substitution), and * represents the 
total number of reference sentences. 

IV. EXPERIMENTAL RESULTS 

A. Experiment Scenarios 

As described above, the experiments were conducted using 
the datasets ID1, ID2 and ID12. Three testing scenarios for 
dialectal speech recognition were considered: 

 Scenario 1: Testing ID1 without and with augmentation. 

 Scenario 2: Testing ID2 without and with augmentation. 

 Scenario 3: Testing ID12 without and with augmentation. 
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The best-performing test result can then be determined by 
comparing the three scenario results 1–3. In each scenario, the 
testing data were evaluated under the following conditions: 
augmentation using time stretch, augmentation using pitch 
shift, augmentation using noise addition, augmentation using 
gain adjustment, augmentation using the combination of all 
four techniques, and no augmentation. The hyperparameters 
used in this study were: initial and final learning rate = 10-5, 
learning rate after warmup = 10-3 and 10-4, batch size = 16, 
number of epochs =100, warmup epochs = 15, decay epochs = 
85, Adam optimizer, and dropout rate = 0,1. All experiments 
across the three scenarios used a learning rate after warmup of 
10-3, except for Scenario 3 (testing ID12 using all four 
augmentation techniques), which employed a learning rate after 
warmup of 10-4. This adjustment was made because using a 
learning rate of 10-3 in that scenario resulted in unsatisfactory 
recognition performance.  

B. Experiment Results 

Figure 2 presents the results of Scenario 1, which evaluates 
the ID1 dataset both with and without data augmentation, 
highlighting the effect of augmentation techniques on a smaller 
dataset. Figure 3 presents the results of Scenario 2 for the ID2 
dataset, whereas Figure 4 illustrates the results of Scenario 3 
for the combined ID12 dataset, providing insight into how 
augmentation performs with larger and more diverse data. By 
examining and comparing the WER values across these three 
scenarios, the best-performing results for each dataset are 
summarized in Table IV. 

 

 
Fig. 2.  Results of testing ID1 without and with augmentation.  

 
Fig. 3.  Results of testing ID2 without and with augmentation. 

 
Fig. 4.  Results of testing ID12 without and with augmentation. 

TABLE IV.  BEST RESULTS FROM EACH SCENARIO 

Scenario Dataset Augmentation WER (%) 

1 ID1 
Combination of all 

augmentation techniques 
25.58 

2 ID2 
Combination of all 

augmentation techniques 
5.29 

3 ID12 
Combination of all 

augmentation techniques 
8.48 

 

V. DISCUSSION 

Based on the experimental results, it can be observed that 
adding augmented data consistently improves ASR 
performance for each dataset, whether evaluated using CER, 
WER, or SER. The extent of performance improvement for 
each dataset is presented in Table V. 

TABLE V.  IMPROVEMENT IN ASR PERFORMANCE 

Dataset Evaluation 
Augmentation techniques (%) 

TS PS NA G All 

ID1 
CER 42.3 40.3 17.6 30.4 55.7 
WER 41.5 40.8 19.0 29.5 54.7 
SER 40.8 38.9 16.8 28.2 51.7 

ID2 
CER 59.2 59.5 63.9 45.0 65.3 
WER 59.5 60.5 63.2 45.3 69.0 
SER 56.6 58.5 60.9 42.8 79.7 

ID12 
CER 50.6 49.6 40.8 33.1 51.9 
WER 49.0 47.7 40.6 32.1 49.9 
SER 46.9 48.5 38.8 30.2 46.4 

TS = Time stretching; PS = Pitch shifting; NA = Noise addition; G = Gain; All = Combination of 
all augmentation techniques. 

 
Table V shows that almost all experiments involving the 

combination of the four augmentation techniques (time 
stretching, pitch shifting, noise addition, and gain adjustment) 
resulted in better recognition accuracy compared to using any 
single augmentation technique alone. The average accuracy 
improvement in recognition was 57.6%, 57.9%, and 59.3% for 
CER, WER, and SER, respectively, compared to ASR without 
any data augmentation.  

When considering the four techniques independently, no 
single augmentation method consistently outperformed the 
others. For example, in the case of ID1, which contains fewer 
data samples, time stretching produced better recognition 
results than the other three techniques. In contrast, for ID2, 
which has a larger number of data samples, the best recognition 
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performance was achieved using noise addition. For the 
combined dataset (ID12), examining CER and WER shows 
that time stretching outperformed the other three augmentation 
techniques. 

Comparing the data volume between ID1 and ID2, the 
experimental results in Scenario 1 and 2 indicate that the more 
training data available, the better the recognition performance. 
However, when the datasets were combined (ID12), even 
though the total number of samples exceeded that of ID2, the 
recognition performance of ID12 was still inferior to that of 
ID2. This is likely due to the relatively high error rate in ID1, 
which negatively affected the combined model in ID12. 

Authors in [32, 33] conducted speech recognition using the 
low-resource dataset ID1 with LSTM, Bi-LSTM, 
Convolutional Bi-LSTM (Conv-BiLSTM), and CNN-Bi-
LSTM models. A comparison of their results with the best 
results obtained from the proposed method in this study is 
presented in Table VI. 

TABLE VI.  COMPARISON WITH OTHER WORKS 

Method Dataset WER (%) 

LSTM [32] ID1 77.64 
Bi-LSTM [32] ID1 24.50 
Bi-LSTM [33] ID1 30.03 

Conv-BiLSTM [33] ID1 27.11 
CNN-Bi-LSTM [32] ID1 10.80 

Speech-Transformer + augmentation 
(proposed) 

ID1 25.58 

Speech-Transformer + augmentation 
(proposed) 

ID12 8.48 

 
From Table VI, it can be observed that the proposed 

method achieves better results compared to other studies for the 
ID12 dataset. For the ID1 dataset, it still outperforms LSTM 
and is highly competitive with Bi-LSTM and Conv-BiLSTM 
models. 

VI. CONCLUSION 

This study investigated the effect of data augmentation on 
low-resource dialectal Automatic Speech Recognition (ASR) in 
Indonesian. Based on the experimental results, it can be 
concluded that adding augmented data enhances ASR 
performance. The average accuracy improvement in 
recognition was 57.6%, 57.9%, and 59.3% for Character Error 
Rate (CER), Word Error Rate (WER), and Sentence Error Rate 
(SER), respectively, compared to ASR using the Speech-
Transformer model without any data augmentation. The 
combination of all augmented data produced by time 
stretching, pitch shifting, noise addition, and gain adjustment 
yields better recognition performance than using any single 
augmentation technique. 

Increasing the amount of training data consistently 
improves recognition accuracy, either by adding original 
speech data or through data augmentation, especially for deep 
learning models. In this study, the Speech-Transformer model 
demonstrated that the proposed Speech-Transformer with 
augmentation method outperformed Long Short-Term Memory 
(LSTM), Bidirectional LSTM (Bi-LSTM), Convolutional Bi-
LSTM (Conv-BiLSTM), and Convolutional Neural Network-

LSTM (CNN-Bi-LSTM) for the ID12 dataset. Additionally, the 
proposed method was highly competitive with Bi-LSTM and 
Conv-BiLSTM for the low-resource ID1 dataset.  

Future work will explore the integration of self-supervised 
pre-trained models and domain-specific transfer learning to 
achieve even greater performance on Indonesian dialects under 
limited data conditions. 
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