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 Recognizing Balinese script from electroencephalogram (EEG) signals 

remains a challenging problem due to low signal amplitude, non-stationary 

dynamics, and significant inter-subject variability. Despite previous 

attempts, no single feature extraction method has been universally effective 

in addressing these limitations. To fill this gap, this study systematically 

evaluates five feature extraction techniques—differential entropy (DE), 

power spectral density (PSD), discrete wavelet transforms (DWT), Hjorth 

parameters, and statistical features—on the Balinese imagined spelling using 

electroencephalography (BISE) dataset, which contains EEG recordings 

specifically designed for Balinese script recognition. For classification, both 

artificial neural networks (ANN) and support vector machines (SVM) are 

applied, and their performance is validated across multiple experimental 

settings. Results demonstrate that DE consistently provides more stable and 

discriminative features than the other methods, achieving the highest 

classification accuracy when combined with ANN. These findings highlight 

the potential of DE-based approaches to advance electroencephalogram-

driven Balinese script recognition, offering a culturally significant 

contribution to brain-computer interface (BCI) research and supporting 

future applications in inclusive artificial intelligence, digital heritage 

preservation, and assistive technologies. 
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1. INTRODUCTION 

Modern technological developments aim to create a seamless environment that connects  

humans and technological devices, supporting daily activities. One typical example of this is speech 

recognition-based applications, such as Siri and Google Voice Search, which enable direct interaction with 

electronic devices through spoken commands [1]. Verbal communication disorders can be caused by injuries 

or neurodegenerative diseases that affect motor control and speech articulation [2]. In more severe cases, 

such as locked-in syndrome (LIS), sufferers lose almost all motor control, including the ability to speak, 

making conventional communication impossible [3]. 

One proposed solution to overcome this limitation is speech imaging, the process of imagining 

speech without physically articulating it. This concept is part of brain-computer interface (BCI) technology, 

https://creativecommons.org/licenses/by-sa/4.0/
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which connects the brain to an external device by recording and translating brain activity into commands or 

information [4], [5]. With a mind-to-speech interface, users with motor disabilities can convey messages 

solely through brain signals, without the need for verbal communication [6]. Various methods have been 

used to recognize imagined speech patterns, including magnetoencephalography (MEG), functional magnetic 

resonance imaging (fMRI), functional near-infrared spectroscopy (fNIRS), electrocardiography (ECG), and 

electroencephalography (EEG) [7], [8]. Among these methods, EEG is considered the most suitable due to its 

high temporal resolution, low cost, safety, and portability [9]. Despite its advantages, EEG-based imagined 

speech recognition remains highly challenging, primarily due to the inherently low signal amplitude,  

non-stationary characteristics, and substantial variability of EEG signals [10], [11]. These conditions 

complicate the consistent, accurate identification of patterns.  

Previous research has proposed three main approaches to feature extraction: the time domain, the 

frequency domain, and the time-frequency domain. In the time domain approach, methods such as 

statistical features and Hjorth parameters offer the advantage of simple computation and are suitable for 

real-time applications [12]. Meanwhile, in the frequency-domain approach, the power spectral density 

(PSD) and differential entropy (DE) methods have proven effective for extracting wave-frequency-based 

data patterns. They are widely used in cognitive pattern recognition [10], [13], [14]. In the time-frequency 

domain approach, the discrete wavelet transform (DWT) method has shown the ability to capture the 

dynamics of EEG signals in both the time and frequency domains [15]. Thus, selecting the appropriate 

feature extraction method is a crucial factor in improving the performance of imaginative speech pattern 

recognition, particularly in pengangge aksara Bali (Balinese script), which has unique phonetic and 

articulatory characteristics. However, previous works on EEG-based imagined speech recognition have 

primarily focused on international languages, with minimal attention to regional scripts such as Balinese, 

which possess unique phonetic and articulatory characteristics. To the best of our knowledge, this study is 

among the first to investigate EEG-based recognition of Balinese script, thereby providing both scientific 

novelty and cultural significance. 

This study aims to address the challenges of EEG-based imagined speech pattern recognition in 

Balinese script by comparing five feature extraction methods: statistical features, Hjorth parameters, PSD, 

DE, and DWT. The ultimate goal is to determine the most effective feature extraction method for recognizing 

imagined speech EEG patterns in Balinese script. The novelty of this study lies in its focus on identifying the 

most precise feature extraction method for recognizing imagined speech in Balinese script using the Balinese 

imagined spelling using electroencephalography (BISE) dataset developed in previous research [16]. This 

study not only makes technical contributions to EEG signal processing but also offers cultural value by 

supporting the digitization and preservation of under-researched regional languages. The results are expected 

to address the issues of low EEG signal amplitude and high pattern variability, while also contributing to the 

development of BCI systems for inclusive artificial intelligence and neurotechnology. 

 

 

2. METHOD 

This research began with processing EEG data from the BISE dataset, including segmentation and 

artifact removal. The cleaned signals are then decomposed using a band-pass filter to extract four frequency 

bands. For statistical feature extraction, the Hjorth and DWT parameters use the segmented raw EEG signals. 

Meanwhile, the DE and PSD methods use the decomposed raw EEG signals, as shown in Figure 1. 
 
 

 
 

Figure 1. Research stages for determining the appropriate feature extraction method 
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The resulting features are optimized through a baseline reduction process. The optimized features 

are then used to classify six classes of Balinese script. To measure model performance, accuracy, precision, 

recall, and F1-score are evaluated. Each stage of determination in Figure 1 can be described as follows: 

i) Stage 1: dataset acquisition. The BISE dataset was obtained from two series of controlled 

experiments with 31 participants (8 males and 23 females) of Balinese language education students 

at Universitas Pendidikan Ganesha. EEG recordings were collected using a 32-channel cap based on 

the international 10-20 system, which includes a rest segment, a character spelling (CS), and a 

character imagination (CI). This study will use a dataset of six Balinese script spellings 

(Analysis_character_spelling_trial2). This dataset reflects the script's phonetic diversity and 

complexity, making it more challenging than a simple alphabet. The dataset is openly accessible in 

Mendeley Data at https://data.mendeley.com/datasets/c3m4s2dtcr/3 [16]. This dataset, designed as a 

benchmark for EEG-based BCI research also catalyzes the preservation and digitization of Balinese 

script, inspiring and motivating the academic community.  

ii) Stage 2: signal segmentation. The acquired EEG signals then underwent a segmentation process to 

separate the baseline and experimental segments [16], [17]. This process aims to obtain baseline and 

trial signals. The baseline signal was used to reduce the trial signal and was obtained from the first 3 

seconds of the experimental signal (joined_data), while the trial signal is obtained from the entire 

experimental signal (joined_data) [18]. 

iii) Stage 3: artifact removal. Artifact removal was performed using the modified weighted mean filter 

(MWMF), which is designed to remove baseline EEG interference. The mathematical equation for the 

MWMF method is shown in (1) [19]. 

 

𝑧𝑗 = (
∑ 𝑤𝑗+𝑖𝑥𝑗+𝑖

𝑛
𝑖=−𝑛

(2𝑛+1) ∑ 𝑤𝑗+𝑖
𝑛
𝑖=−𝑛

) (1) 

 

Where n is the window length, and m is the number of data points. The value of j= 𝑛, 𝑛 + 1, 𝑛 +
2, … , 𝑚 + 2𝑛, 𝑧𝑗 is the baseline signal amplitude after reduction, 𝑥𝑗 is the baseline signal amplitude 

before reduction, and 𝑤𝑗  is the weight value. 

iv) Stage 4: signal decomposition. The decomposition stage is performed by applying a fourth-order 

Butterworth bandpass filter to separate the EEG signal into theta, alpha, beta, and gamma frequency 

bands [19].  

v) Stage 5: feature extraction. Feature extraction is performed to obtain numerical representations of the 

EEG signal that are relevant to the task at hand. In this stage, five feature extraction methods are 

compared: statistical features, Hjorth parameters, PSD, DE, and DWT. The best method is selected 

based on its accuracy in recognizing imaginary speech patterns. 

– Statistical features are calculated from the EEG signal x[n] over N samples: 

 

Mean: μ =
1

𝑁
∑ 𝑥[𝑛]𝑁

𝑛=1  (2) 

 

Variance: σ2 =
1

𝑁
∑ (𝑥[𝑛]𝑁

𝑛=1 − μ)2 (3) 

 

Standard deviation: σ = √σ2 (4) 

 

Skewness: γ1 =
1

𝑁
∑ (𝑥[𝑛]𝑁

𝑛=1 −μ)3

σ3  (5) 

 

Kurtosis: κ =
1

𝑁
∑ (𝑥[𝑛]𝑁

𝑛=1 −μ)4

σ4  (6) 

 

The statistical method generates 20 features (4 bands×5 statistical methods) for each channel. 

– Hjorth parameters 
Calculated based on the first and second derivatives of the EEG signal as in (7)-(9). 
 

𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝜎𝑥
2 (7) 

 

𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦 = √
𝜎

𝑥′
2

𝜎𝑥
2  (8) 

 

Where x′ is the first derivative of x. 
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𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 =
𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦 (𝑥′)

𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦 (𝑥)
 (9) 

 

The Hjorth parameter method generates 12 features (4 bands×3 Hjorth parameters methods) for 

each channel. 

– Power spectral density 

Using the Welch method as in (10). 
 

𝑃𝑆𝐷 =
1

𝐿𝑈
∑ |𝐹𝐹𝑇(𝑤[𝑛]. 𝑥𝑖[𝑛])|2𝐿

𝑖=1  (10) 

 

Where L is the number of segments, U is the window energy normalization factor, 𝑤[𝑛] is the 

windowing function, 𝑥𝑖[𝑛] is the ith segment of the EEG signal. 

The PSD method generates four features (4 bands×1 PSD method) per channel. 

– Differential entropy 
For a Gaussian signal with variance σ2 as in (11). 
 

𝐷𝐸 =
1

2
𝑙𝑜𝑔 (2𝜋𝑒𝜎2) (11) 

 

The DE method generates four features (4 bands×1 DE method) for each channel. 

– Discrete wavelet transforms 

The process of decomposing the EEG signal 𝑥[𝑛] into detail coefficients 𝐷𝑗  and approximation 𝐴𝑗 

at level j. 

Decomposition: 
 

𝐴𝑗[𝑘] = ∑ 𝑥[𝑛] ⋅ 𝑔(2𝑘 − 𝑛)𝑛  (12) 
 

𝐷𝑗[𝑘] = ∑ 𝑥[𝑛] ⋅ ℎ(2𝑘 − 𝑛)𝑛  (13) 
 

where∙𝑔[𝑛] is the low-pass wavelet filter and∙ℎ[𝑛] is the high-pass wavelet filter. 

– Band energy feature extraction: 
 

𝐸𝑗 = ∑ |𝐷𝑗[k]|2
𝑘  (14) 

 

In this study, the db4 wavelet was used, resulting in 16 features (4 bands×4 DWT methods) for 

each channel [20]. Figure 2 illustrates the workflow of the feature extraction methods, including 

statistical, Hjorth parameter, and DWT. After segmentation and artifact removal, these three methods 

extract raw EEG signal features at 1-second intervals from a single channel. The statistical method 

produces five features: mean, variance, standard deviation, skewness, and kurtosis. The Hjorth 

parameter method produces three features: activity, mobility, and complexity. The DWT method 

decomposes the signal into four subbands—approximation 3 (A3), detail 3 (D3), detail 2 (D2), and 

detail 1 (D1). From each subband, four features are derived: energy, entropy, mean, and standard 

deviation. Thus, the DWT method produces 16 features per channel for each one-second segment. 

Figure 3 illustrates the framework for EEG feature extraction using the DE and PSD methods. 

Feature extraction is performed after segmentation and artifact removal, followed by signal 

decomposition into four frequency bands: theta, alpha, beta, and gamma. From each frequency band, 

both extraction methods are applied to obtain representative features. As a result, each method yields 

four features per channel for every one-second EEG segment. 

vi) Stage 6: baseline reduction. Baseline reduction was performed to generate feature values from the 

experimental signal that reflect the participant's cognitive or emotional responses. This process uses the 

relative difference approach as described in the related literature [21], [22]. 

vii) Stage 7: classification. To evaluate the performance of the feature extraction method, two commonly 

used classification algorithms for EEG signal analysis were employed: the support vector machine 

(SVM) and the artificial neural network (ANN). These two methods were chosen based on their 

frequent use in previous research on EEG signal classification [10], [12]. 

viii) Stage 8: evaluation. The resulting model was evaluated using the 10-fold cross-validation technique. 

Performance evaluation was performed using four main metrics: accuracy, precision, recall, and  

F1-score. The model testing scheme is shown in Figure 4. 

Ten model evaluation scenarios are proposed. In each scenario, every feature extraction method is 

evaluated using both SVM and ANN classifiers. These evaluations produce accuracy, precision, recall, and 

F1-score values for the six classes of Balinese script characters being recognized. 
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Figure 2. Workflow of the feature extraction methods, including statistical, Hjorth parameter, and DWT 

 

 

 
 

Figure 3. Workflow of the feature extraction methods, including DE and PSD 
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Figure 4. The model evaluation scheme 

 

 

3. RESULTS AND DISCUSSION 

Classification performance was evaluated by comparing five feature types: DE, DWT, Hjorth, PSD, 

and statistics. The classification process was applied to two different machine learning models: an ANN and 

an SVM. Figure 5 presents the classification accuracy of the tested features using an ANN. In general, the 

DE feature yields the highest accuracy among the other features. 
 

 

 
 

Figure 5. Visualization of the accuracy comparison of five feature extraction methods combined with the 

ANN method 
 

 

For several subjects, such as P06, P13, P23, P24, P28, P29, and P31, the accuracy even exceeded 

90%, indicating that DE can capture the characteristics of EEG signals in a more representative manner. 

Meanwhile, other features such as DWT, Hjorth, PSD, and statistical features show relatively lower 

performance, with an average accuracy under 35%. This considerable performance gap suggests that ANN is 

more effective at optimizing the nonlinear feature representations of DE. In contrast, the other features are 

less capable of providing sufficiently discriminative information for the model. 

Figure 6 illustrates the classification performance using the SVM model. Similar to the ANN results, 

the DE feature consistently achieved the highest accuracy, with average values between 45% and 65%. This 

indicates that although SVM can leverage DE as an informative feature, its generalization capability remains 

limited in modeling the complexity of EEG signal patterns. The findings confirm that DE surpasses DWT, 
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Hjorth parameters, PSD, and statistical features in classifying six Balinese script classes based on EEG data. 

By providing a more informative representation of the probabilistic structure of EEG activity, DE proves 

more effective in capturing non-linear and non-stationary brain dynamics [23]. The consistent improvement 

in accuracy further validates previous research, emphasizing that DE is particularly well-suited for modeling 

complex EEG patterns, especially when integrated with deep learning models [13]. Thus, DE can be regarded 

as the primary feature extraction approach, while other methods may serve as complementary techniques in 

hybrid frameworks to improve robustness. These results align with prior studies reporting the superior 

discriminative power of DE compared to conventional methods [10], [24], [25]. Furthermore, experimental 

outcomes show that DE consistently yields the highest accuracy across both ANN and SVM classifiers. 

Although overall accuracy ranged between 45% and 65%, ANN demonstrated better performance than SVM, 

suggesting its greater effectiveness in capturing the non-linear characteristics of EEG signals.  

 

 

 
 

Figure 6. Visualization of the accuracy comparison of five feature extraction methods combined with the 

SVM method 

 

 

Despite its advantages, classification performance still varies across participants. Addressing  

this challenge requires future studies to emphasize two key directions. First, data augmentation is essential,  

as the BISE dataset provides a limited number of samples per subject. Although the dataset meets the 

minimum threshold for sample size, techniques such as radius-synthetic minority over-sampling technique 

(Radius-SMOTE), adaptive synthetic sampling (ADASYN), and generative models (e.g., generative 

adversarial networks (GANs)) remain critical to improving generalization [26]. Second, advances in 

classification models are needed to better capture the spatial and temporal characteristics of EEG. 

Convolutional neural networks (CNNs) are effective for modeling spatial inter-channel dependencies, 

whereas recurrent neural network (RNN), long short-term memory (LSTM), and transformers provide 

stronger sequential modeling. Capsule networks also show promise in preserving hierarchical spatial 

information lost in conventional CNNs [13], [27]. Combining these architectures could lead to substantial 

performance gains. 

In terms of real-world applications, EEG-based classification of Balinese script contributes to 

cultural heritage preservation. It enhances communication for individuals with disabilities, thereby reducing 

reliance on sign language. Additionally, this approach supports assistive technologies, adaptive learning, and 

rehabilitation, ultimately fostering greater accessibility for learners with communication or motor 

impairments. Integrating EEG-based recognition into educational settings also enables more inclusive and 

personalized learning experiences. However, current BCI hardware lacks specialized systems for detecting 

imagined speech, mainly because this process involves distributed activation across the frontal, temporal, 

parietal, and motor cortices [28]. 
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4. CONCLUSION 

Experimental results on the BISE dataset indicate that DE is the most effective feature extraction 

method for handling low-amplitude, non-stationary, and highly variable EEG signals. Compared with 

DWT, PSD, Hjorth, and statistical features, DE produces a superior representation because it reflects the 

complexity of the non-linear and non-stationary probabilistic distribution of EEG signals. This advantage 

allows DE to retain important information from the time and frequency domains, thereby improving 

classification accuracy, especially in recognizing the six Balinese scripts. However, other approaches 

require further study to improve the accuracy of Balinese script recognition, especially in terms of data 

augmentation and determining the optimal classification method that can effectively represent spatial and 

temporal information from EEG signal features. Further research is required to develop and integrate 

specialized hardware for speech imaging support assistive control, adaptive learning, rehabilitation, and 

improving accessibility for students with motor and communication disorders or disabilities. 
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