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Regional languages are vital for communication and preserving cultural
identity, safeguarding local heritage. However, globalization and
modernization endanger their existence as they are increasingly replaced by
national or global languages. Despite progress in dialect recognition research,
particularly for certain languages, further studies are needed to improve model
performance and address less-represented dialects, including those in
Indonesia. This study enhances a custom-built dataset for dialect recognition
through the application of data augmentation techniques, specifically adding
noise, time stretching, and pitch shifting. Using Mel-frequency cepstral
coefficients (MFCC) for feature extraction, it evaluates the performance of
convolutional neural network (CNN) and multilayer perceptron (MLP) in
classifying six Indonesian dialects. Results indicate that CNN outperformed,
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achieving 97.92% accuracy, 97.90% recall, 97.97% precision, 97.92%
Fl-score, and a kappa score of 97.49% with combined augmentation
techniques, setting a foundation for further research.
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1. INTRODUCTION

Globalization has had a significant impact on the preservation of regional languages and local cultural
identities, particularly in Indonesia, a country known for its rich linguistic and cultural diversity. According to a
report by UNESCO (2021), around 40 percent of the world's languages are endangered, mainly due to the lack
of intergenerational transmission. A similar trend is evident in Indonesia, where the use of regional languages
among younger generations is increasingly being replaced by Indonesian or foreign languages, especially
English, in daily activities such as in education, the workplace, and social media. This shift raises concerns about
the potential extinction of regional languages and the cultural values embedded within them [1].

Indonesia ranks as the fourth most populous country in the world, with approximately 273 million
people spread across 17,508 islands. More than 700 languages are spoken throughout the archipelago,
highlighting its vast linguistic diversity. Unfortunately, many of these languages are now at risk. According to
data from Ethnologue, 440 local languages in Indonesia are classified as endangered, and 12 have become
extinct. A study of 98 local languages found that nearly half are considered endangered, while another study
reported that 71 out of 151 local languages have fewer than 100,000 speakers [2]. Language is closely
associated with dialects and accents, all of which are influenced by factors such as the environment, language
proficiency, and social interaction [3]. A dialect is a variation of a language spoken by a specific group of
speakers, characterized by unique traits that differ from one region to another [4]. According to the study on
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the dynamics of language interaction in multicultural urban communities, each language possesses inherent
uniqueness that reflects the cultural identity of its speakers. Additionally, every region exhibits distinctive
linguistic characteristics and traditions, which evolve through continuous social interaction and cultural
blending among diverse groups [5]. From a linguistic perspective, approaches to the concept of dialect can
vary among linguists. Dialects encompass differences not only in phonology, lexicon, or grammar but also in
pronunciation and everyday language use [6]. Therefore, preserving regional languages is essential to
maintaining cultural identity and safeguarding local heritage.

For foreign speakers learning Indonesian, communication success is often measured by their ability
to converse with native speakers. However, challenges arise when they interact directly with native speakers
due to variations in local dialects. According to Wang [7], dialects are also difficult to be accurately understood
by speech recognition systems because of their unique pronunciation, vocabulary, and grammatical structure.
To address these issues, dialect recognition has increasingly been integrated as an essential component within
voice recognition technology, enabling systems to process regional linguistic diversity more effectively [8].
Voice recognition technology offers a potential tool for supporting the preservation and understanding of
regional languages, particularly through dialect classification. Research on voice recognition technology
related to dialect or accent identification in specific countries or regions has been conducted extensively.
Examples include recognizing Kurdish dialects using 1D convolutional neural networks (CNN) [9] and
identifying differences between two Colombian dialects, "Antioquefio" and "Bogotano," using CNN [10].
Similarly, in Indonesia, there have been studies focused on dialect or regional language classification. For
example, Tawaqal and Suyanto [11] used a deep recurrent neural network (DRNN) to identify five main
dialects: Javanese, Sundanese, Banjar, Buginese, and Malay. In addition, Nugroho ef al. [12] developed a data
augmentation approach combined with a seven-layer deep neural network (DA-DNN7L) to classify ethnic
speakers using 700 utterances from 70 ethnic groups. Other studies have also addressed dialect recognition in
Indonesian languages, such as the detection of Sundanese [13] and Balinese Badung [14]. Dialect identification
involves determining the dialect category of spoken utterances. This task focuses on recognizing the speaker’s
regional dialect within a particular language based solely on the available acoustic signals [15].

This study aims to identify differences among various regional dialects in Indonesia through voice
analysis. A custom dataset was developed, consisting of six classes representing dialects from Medan, Minang,
Sunda, Lombok, Madura, and Ambon. While the dataset provides a foundation for exploring these dialects, it
represents only a subset of Indonesia’s rich linguistic diversity, warranting further expansion in future research.
The research builds upon prior work [16] by implementing previously proposed techniques, including data
augmentation methods (such as adding noise, time stretching, and pitch shifting), Mel-frequency cepstral
coefficients (MFCC) for feature extraction, and comparing the performance of CNN and multilayer perceptron
(MLP) models. These techniques were applied to the newly constructed six-class dataset to evaluate the
consistency of their performance on new data. By leveraging these methods, the study aimed to determine
whether the algorithms could maintain high accuracy when applied to a different dataset, effectively enabling
the classification and identification of dialects based on voice features.

This paper is structured as follows: section 2 discusses the stages and methods applied in this study.
The conditions and results of the experiments are presented in section 3. Finally, the conclusion of this research
is provided in section 4.

2. METHOD

In the research methodology chapter, the process or scientific method used to obtain data for research
purposes is defined. This method includes scientific approaches, steps, and types, as well as the limitations of
the scientific method. Figure 1 illustrates the stages of the research that will be conducted in this study.

2.1. Dataset

A dataset is a collection of data that provides an overview of a specific topic [17]. The dataset used in
this research is a private dataset, named Indonesian dialects dataset. It consists of dialects from several regional
languages in Indonesia, namely Medan, Minang, Sunda, Lombok, Madura, and Ambon. The dataset contains
a total of 1,996 files in AAC format [17]. This dataset was collected using a smartphone and a wireless
microphone over a period of 2 months, and the files or words and sentences used are entirely the author's own,
which the author compiled within 1 week. The dataset features six speakers aged between 30 and 50 years old,
with two female and four male speakers [18]. The speakers are individuals who still fluently use their regional
languages, complete with the local accents. Each speaker will deliver an average of 200 words or sentences
that have been pre-prepared by the author. Thus, the database contains a total of 1,996 utterances, with each
dialect averaging 200 words/sentences. The number of words consists of 100 nouns or adjectives, 50
interrogative sentences, and 50 imperative sentences, as selected for this dataset, as shown in Table 1.
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Table 1. Vocabulary for the dataset in dialect languages

Words Imperative sentences Interrogative sentences
Father  Please don't be noisy, kids! Do you like spicy food?
Sibling  No smoking allowed! How do you feel about your current job?
Lion Please make black coffee for father! When are you planning to leave?
River Do not speak without permission in the meeting room!  Who is making noise from the next room?
Hat No using mobile devices while driving! Why do you always get angry every time I meet you?

2.2. Data preparation

Data preparation involves converting raw data into a more practical and efficient form, ensuring that
the dataset to be processed and analyzed is both accurate and consistent. In this phase, the dialect dataset is
first divided, and then data augmentation and feature extraction are applied to the training data to make it
suitable for the proposed model. Prior to feeding the dataset into the model algorithm, data normalization is
carried out using standard scaler, and dialect classes are encoded with one hot encoding to optimize the model's
data processing. In the initial pre-processing stage, data splitting is performed to divide the dataset into two
parts: training data and testing data. 80% of the training data will be used to train the developed model, while
the remaining 20% will be used as validation and testing data to evaluate the model's performance based on
the established performance metrics. The random sampling method will be applied to ensure that the data
modeling process is not biased by any potential feature differences in the dataset.

In this pre-processing stage, data augmentation will be applied to the training data by adding several
data augmentation techniques to generate new synthetic data. The data augmentation methods to be applied
include: adding noise with a noise ratio of 0.005, applying time stretching with a factor of 0.8, and shifting the
pitch with n_steps set to 1 [16]. After the raw data is processed through augmentation, the next step is to extract
data by applying the feature extraction method on the MFCC from the augmented data to detect language
dialects. MFCC is a method used to decompose speech signals into components to represent information about
pitch and vocal tract characteristics [19]. This technique simulates human auditory behavior by distinguishing
sound frequencies, with frequency bands calculated logarithmically [20]. The processes used in feature
extraction at the MFCC layer include pre-emphasize, frame blocking, windowing process, fast fourier
transform (FFT), Mel frequency warping, discrete cosine transform (DCT), and cepstral liftering.

2.3. Modeling

The experiments involve combining three data augmentation techniques to examine the effect of
incorporating additional data into the training set on the classification model's performance. Table 2 outlines
the experimental models to be conducted in this study, which are based on the combination of adding noise,
time stretching, and pitch shifting techniques. The original data in Table 2 refers to the testing data that has
been split during the data preparation stage.

Experiments will be conducted on eight models, each of which implements the MFCC feature
extraction technique. These models are designed to evaluate the impact of different data augmentation
combinations on classification performance. This study will conduct dialect classification modeling using the
CNN and MLP algorithms adopted from previous studies [16].

The architecture of the MLP model will be compared with the proposed CNN model architecture.
MLP is known for its strong scalability and efficiency in learning patterns compared to other classifiers, thanks
to its compact structure and adaptive mechanisms [21]. The MLP model used has two hidden layers, with 488
nodes in the first layer and 443 nodes in the second. The MLP architecture will be applied to the eight
experimental models with a random state parameter set to 1, a maximum number of iterations of 325, a learning
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rate of 0.00233, n_iter no_change =27, and an alpha value of 0.00185 for L2 regularization. The variation of
the MLP architecture with parameters and their values is an architecture that has been carried out by previous
studies [22].

The architecture of this model was developed using a CNN implemented with the Keras library in
Python. CNN is a variation of the MLP inspired by the human neural network [23]. In this study, the proposed
architecture employs an 1D CNN. The configuration of the model consists of 40 input neurons, four hidden
layers with 32, 64, 64, and 64 hidden neurons respectively, and is trained for 300 epochs with a batch size of
16. The rectified linear unit (ReLU) activation function is applied, along with dropout rates of 0.07 and 0.14 to
prevent overfitting. The model optimization uses the Adam optimizer with a learning rate of 0.0001 [16].

The next step is to build the CNN architecture based on the model parameters that have been selected
and proposed for the classification model. The construction of the CNN architecture is presented in Figure 2.
This figure provides a visual representation of the layers and configurations applied in the model.

Table 2. Experimental setup [16]

Model Data augmentation Feature extraction
A Training data MFCC
B Training data + adding noise MFCC
C Training data + time stretching MFCC
D Training data + pitch shifting MFCC
E Training data + adding noise + time stretching MEFCC
F Training data + adding noise + pitch shifting MFCC
G Training data + time stretching + pitch shifting MFCC
H Training data + adding noise + time stretching + pitch shifting MFCC

Output Layer
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X1 Batch Normalization - Maxpooling 1D . Flatten Ambon
X2
-
x4

1st Hidden Layer  2rd Hidden Layer 3rd Hidden Layer 4hrtden Layer
Input Layer Madura
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Figure 2. Convolutional neural network architecture

This study adopts an architecture based on previous research [16], as illustrated in Figure 2. The design
features a one-dimensional CNN for classifying human dialects using features extracted from audio files. This
1D CNN design accepts input data in the form of a 40x1 array, corresponding to features extracted from the
dialect dataset. The model consists of four hidden layers, each with a kernel size of 3, configured with 32, 64,
64, and 64 neurons, respectively. The activation function for the input and hidden layers is ReLU. To address
overfitting, the model incorporates batch normalization, L2 regularization (value: 0.0001), and dropout rates
0f 0.07 and 0.14 applied to specific layers. The architecture also includes a max pooling layer with a pool size
of 2 and a fully connected output layer with six units, corresponding to the six dialect classes. The output layer
uses the SoftMax activation function for classification. Optimization is carried out using the Adam algorithm
with a learning rate of 0.0001, and categorical cross-entropy is used as the loss function. The model is trained
for 300 epochs with a batch size of 16, and a ModelCheckpoint callback is used to save the best-performing
model based on the lowest validation loss during training.

2.4. Evaluation
After conducting the experiments, the next step is to evaluate each experimental model using CNN
and MLP. The evaluation will be performed using testing data. The evaluation process will utilize the
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Scikit-learn libraries. The performance metrics used for model evaluation are accuracy, F1-score, precision,
recall, and kappa. The selection of the proposed algorithm model will be determined based on the performance
metrics, with the best results from the eight experimental models in Table 2. Furthermore, in the CNN
algorithm, to ensure that the selected model is not overfitting, the experiment process includes plotting training
and testing based on the history of accuracy and loss. The formula for finding the measurement metric value
used in multiclass classification is as follows [16]:

(TPx+TNy)
+FPr+TNyi+FNg

(1)

Accuracy = YK
k=17p,

In (1), it measures the proportion of overall correct predictions to the total predictions. K is the number of
classes; TPy is the true positive for class k; TNy is the true negative; FPy is the false positive; and FNj is the
false negative.

To evaluate model performance more comprehensively across all classes, several additional metrics
are used. In (2) defines the macro average precision, which calculates the average precision across all classes
by taking the mean of individual class precision scores. In (3) represents the macro average recall, which
averages the recall values for each class, reflecting the model’s ability to correctly identify positive instances.

K TPk
. k=1 TPy + FP
Macro Average Precision = ———t—* (2)
E TPy
=1 TPy + FN
Macro Average Recall = % 3)

The balance between these two metrics is captured through the macro F1-score as shown in (4), which
provides a harmonic mean between precision and recall to ensure fairness in multi-class evaluation.
Furthermore, in (5) presents Cohen’s Kappa (k) measures the agreement between the model predictions and
the actual labels while considering the possibility of agreement occurring by chance. ¢ is the number of correct
predictions (diagonal elements of the confusion matrix), s is the total number of samples, px is the number of
predictions for class k, and tx is the actual number of samples for class k.

Macro Average Precision X Macro Average Recall
Macro F1 — score = 2 ( £ — & ) (4)
Macro Average Precision+ Macro Average Recall
B cXs-— prk X tg
Cohen's Kappa = —(——~~—— 5

s2— ¥Ry x ty

3. RESULTS AND DISCUSSION

The system components used for the experiments in this research are specified as follows: the
operating system is Windows 10 Home Single Language, running on an Intel(R) Core(TM) i3-3120M CPU
@2.50 GHz processor. The system is equipped with 6 GB of RAM and a 298 GB hard disk. For data mining
applications, Google Colab was utilized to support the experimentation and analysis process.

3.1. Dataset exploration

The first step conducted in the experiment of this research was performing a statistical analysis of the
dataset through the exploratory data analysis (EDA) process. The dataset consists of six dialect language
classes: Ambon, Lombok, Madura, Medan, Minang, and Sunda. After exploring the data, the Ambon class
contains 200 audio data, the Lombok class has 200 audio data, and the Madura class contains 197 audio data
due to the voice recording process. The Medan class has 200 audio data, the Minang class contains 199 audio
data, and the Sunda class has 200 audio data. The total number of data used is 1,996, all of which are audio
data in AAC format. However, the total number of datasets, which should have been 1,200, decreased because
some data were lost during the transfer process from the smartphone to the laptop/computer.

3.2. Result of data preparation

Before conducting experiments for modeling, the dataset undergoes a data preparation stage. This
phase is essential to ensure that the data is ready for processing by the classification models. It includes
procedures such as splitting the dataset and applying augmentation techniques.

The dataset has been divided into training and testing data, where the training data is used to train the
model, and the testing data is used to evaluate its performance. Out of the total 1,996 audio data in the language
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dialect dataset, 80% or 956 audio data were allocated for training, while 20% or 240 audio data were used for
testing. The distribution of data across the six dialect classes is relatively balanced. For the training set, Ambon
contributed 159 samples, Lombok 165 samples, Madura 162 samples, Medan 150 samples, Minang 161
samples, and Sunda 159 samples. Meanwhile, for the testing set, Ambon consisted of 41 samples, Lombok 35
samples, Madura 35 samples, Medan 50 samples, Minang 38 samples, and Sunda 41 samples. This distribution
ensures that each dialect is fairly represented in both the training and testing phases.

Data augmentation is a technique used to generate new data from existing samples. In this study, three
augmentation methods were applied to enhance the training set: adding noise, time stretching, and pitch
shifting. These methods help increase the diversity of training data and improve model generalization.

Figure 3 presents a comparative visualization of waveform representations before and after the
application of data augmentation techniques to the audio signals. In particular, Figure 3(a) depicts the original
waveform corresponding to an Ambon dialect sample, serving as the baseline reference. Figure 3(b) illustrates
the waveform following the introduction of additive Gaussian noise with an amplitude parameter of 0.005,
which visibly increases signal variability. Figure 3(c) demonstrates the impact of time stretching, evidenced by
the elongation of the waveform duration to approximately 2.8 seconds while preserving temporal patterns.
Figure 3(d) displays the waveform after applying pitch shifting, which alters the frequency content without
changing the temporal scale. The red annotations in figure highlight specific regions where notable differences
in amplitude and frequency characteristics are observable between the original and augmented signals.

Original Waveplot - Ambon Waveplot with Noise - Ambon

025

Amplitude
Amplitude

025

-0350

Waveplot with Time Stretch (factor=0.8) - Ambon Waveplat with Pitch Shift - Amben

Amplitude
& L L s s 5 o
amplitude

Lo
& b b o e o o

Figure 3. Waveplot visualization before and after applying data augmentation techniques: (a) original
waveplot sample from the Ambon dialect, (b) waveplot after adding noise, (c) waveplot after applying time
stretching, and (d) waveplot after applying pitch shifting

Applying the three data augmentation techniques to 956 audio samples for model training produced a
total of seven experimental models, in addition to one model that utilized only the original training data.
Experimental model A uses the 956 original audio data without augmentation. Model B applies the add noise
technique, increasing the dataset to 1,912 samples. Model C applies the time stretch technique, also producing
1,912 samples, while model D applies the pitch shift technique, resulting in the same number of samples.
Model E combines add noise and time stretch techniques, expanding the dataset to 2,868 samples. Similarly,
model F applies add noise with pitch shift, and model G applies time stretch with pitch shift, both yielding
2,868 samples. Finally, model H integrates all three techniques (add noise, time stretch, and pitch shift),
producing the largest dataset with 3,824 audio samples.

Feature extraction was performed after the data augmentation process. To generate MFCC, the
Librosa library in Python was used. MFCC is designed to reflect human perception of frequency by converting
conventional frequency to the Mel scale. The process begins with a pre-emphasis stage to preserve high
frequencies that are usually lost during sound production. The audio signal is then divided into 40 frames. Each
frame is weighted using a window function, with the audio signal split into overlapping windows based on the
parameters n_fft of 2048 and hop_length of 512. Next, the FFT is applied to convert each frame from the time
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domain to the frequency domain. The FFT values obtained are used to calculate spectral energy density, which
is then mapped to a filter bank. The energy of the filter bank is calculated by multiplying the energy spectrum
with the filter bank, then summing the coefficients. After the filter bank is computed, it is scaled to the
Mel scale to obtain the Mel-scaled filter bank. Finally, a DCT is applied to the scaled filter bank, retaining a
number of coefficients and discarding the rest. The final result is a feature vector with 40 MFCC coefficients
representing the audio information.

3.3. Experimental results

Without applying data augmentation techniques, both CNN and MLP demonstrated limited
performance, with accuracy and other metrics remaining suboptimal. The application of augmentation
techniques, such as adding noise, time stretching, and pitch shifting, resulted in notable improvements in model
performance, particularly for the CNN algorithm. Model H, which combines all three techniques, achieved the
highest evaluation metrics on the current dataset. However, while these findings suggest that combining
augmentation techniques can enhance performance, their effectiveness may depend on the dataset
characteristics, and further validation on larger, more diverse datasets is necessary to confirm their general
applicability.

For the MLP algorithm, the highest performance was achieved by model F, which combined add noise
and pitch shift augmentation techniques. Based on Table 3, the performance comparison between CNN and
MLP indicates that the application of data augmentation techniques significantly improved both models.
However, the differing responses of each algorithm to augmentation techniques highlight the importance of
selecting and applying the appropriate augmentation techniques tailored to the model’s requirements.

Model H demonstrated the highest evaluation metrics in this study for regional dialect classification
using the CNN algorithm. By applying dialect feature extraction and combining all three augmentation
techniques, the model utilized 3,824 training samples and 240 testing samples. The evaluation metrics,
including an accuracy of 97.92%, recall of 97.9%, precision of 97.97%, F1-score of 97.92%, and Cohen’s
Kappa score of 97.49%, suggest that the model performs well under the controlled conditions of this study.
However, given the dataset's limited size and scope, further research is needed to validate the model's
adaptability to diverse and noisy real-world conditions.

Table 3. Recap of performance metric comparison between CNN and MLP

Method Metric Experimental model
A B C D E F G H

MLP Accuracy  27.92 95.83 96.67 30.83 96.67 97.50 95.42 96.67
Recall 26.65 95.91 96.44 29.67 96.44 97.64 95.05 96.65

Precision  23.51 96.01 97.21 28.51 97.14 97.50 96.39 96.88

Fl1-score 22.79 95.93 96.73 25.81 96.72 97.56 95.50 94.88

Kappa 12.97 94.98 95.98 16.33 95.98 96.99 94.47 97.49

CNN Accuracy  20.83 96.25 95.42 28.75 97.50 97.08 96.25 97.92
Recall 22.26 96.07 95.55 29.69 97.50 96.95 96.21 97.90

Precision 11.81 96.59 95.56 42.56 97.59 97.39 96.44 97.97

Fl1-score 13.83 96.27 95.55 24.57 97.54 97.56 96.31 97.92

Kappa 05.55 95.48 94.48 15.26 96.99 96.99 95.48 97.49

3.4. Discussion

The proposed classification model uses the CNN algorithm based on the model H experiment,
applying the adding noise, time stretching, and pitch shifting techniques to add new synthetic data to the testing
data. Then, to determine the characteristics of each audio sample, dialect language feature extraction is applied.
The evaluation metrics indicate promising performance of the proposed model, with an accuracy of 97.92%
for dialect classification on the current dataset. The recall score of 97.9% shows that the model effectively
identifies most positive cases, while the precision score of 97.97% demonstrates its ability to minimize false
positives. The F1-score, reaching 97.92%, suggests a balance between precision and recall, and a Cohen’s
Kappa score of 97.49% reflects substantial agreement between predictions and true labels. However, given the
relatively limited dataset and scope of the study (six dialects and less than 2,000 samples), further evaluations
on larger and more diverse datasets are needed to confirm the generalizability and robustness of the model.
Additionally, challenges such as handling intonation variability and real-world noise conditions remain areas
for future improvement.

The performance of the CNN model in this research was compared with that of previous research
conducted by Ernawati and Riana [16]. Their study utilized an 1D CNN combined with MFCC for feature
extraction on the Java-SED dataset, achieving an accuracy of 96.43%. In contrast, this research applied the
same 1D CNN architecture and MFCC feature extraction to the Indonesian dialects dataset, which consists of
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multiple regional dialects. As a result, the proposed method achieved an improved accuracy of 97.92%. This
indicates that the architecture and methodology adapted from the previous study are highly effective when
applied to a broader and more diverse dataset, highlighting the robustness and generalizability of the 1D CNN
model in classifying regional dialects.

Further comparison with studies on dialect classification also reinforces these findings. A study by
Amani et al. [24] applied x-vectors for feature extraction combined with support vector machine (SVM),
achieving an accuracy of 87%. Although x-vectors are an advanced technique in speaker recognition, the
reliance on SVM appears to limit classification performance compared to CNN. Another study by Ghafoor et
al. used MFCC features with 1D CNN on a Kurdish dialect dataset, achieving an accuracy of 95.53%. Similarly,
Karim et al. [25] adopted a more complex approach by combining MFCC, Mel spectrogram, poly-feature, and
contrast as feature extraction techniques with 1D CNN, resulting in an accuracy of 96.5%.

Compared to these studies, the method proposed in this research achieved the highest accuracy at
97.92%. This suggests that the combination of 1D CNN and MFCC features is not only effective but also robust
in handling variations within the Indonesian dialect dataset. Nonetheless, it is important to note that differences
in dataset characteristics, size, and evaluation protocols across studies may influence the reported results.
Therefore, further research is recommended to validate the generalizability and robustness of this approach
across different datasets and real-world scenarios.

4. CONCLUSION

Based on the research conducted, several conclusions can be drawn as a foundation for
recommendations and future research development. The use of data augmentation techniques such as adding
noise, time stretching, and pitch shifting has significantly improved the performance of dialect classification
for regional languages. The research results show that models implementing data augmentation techniques
consistently recorded accuracy improvements on the current dataset, with CNN achieving an accuracy of
97.92% and MLP reaching 97.5%. This suggests that data augmentation can enhance model performance for
dialect classification in controlled conditions. Feature extraction using MFCC also played a significant role in
capturing the unique acoustic characteristics of each dialect. However, further research is needed to evaluate
these techniques' effectiveness in more complex and diverse datasets, especially under real-world conditions.
The CNN and MLP algorithms demonstrate strong performance in dialect classification, with CNN
consistently showing better performance than MLP in terms of accuracy, precision, recall, F1-score, and kappa.
However, there are still challenges regarding the model's ability to generalize to new data, especially when
facing variations in dialect intonation and expression. Therefore, further research is needed to optimize the
model to be more adaptable to a wider range of dialect variations.
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