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Abstract 

Parkinson's disease (PD) is a neurological disorder, causing irregular brain oscillations 

that can vary rapidly, impairing motor and cognitive abilities. It is also very common, 

progressive, and complex. High-temporal-resolution electrophysiological monitoring, such as 

EEG, can provide valuable insights into brain changes associated with PD.  Early and effective 

detection is crucial for adequate management and treatment planning.  This paper proposes a 

Deep Spatio-Temporal Feature Extraction-based Dual-Attention EEGNet (CSFE-DAE) 

framework for PD detection using EEG signals. Initially, Common Spatial Pattern (CSP) is 

employed to extract discriminative spatial features by maximizing the variance differences 

between PD and healthy control (HC) signals. These features are then fed into a Dual-Attention 

(DA) EEGNet, which integrates both temporal attention to emphasize informative time 

segments and spatial attention to focus on the most relevant EEG channels. Data augmentation 

techniques, such as the addition of Gaussian noise, were integrated to enhance robustness 

against sensor variability and improve generalization. The empirical analysis demonstrates that 

the proposed CSFE-DAE achieves a mean accuracy of 97.59% (±0.47) using 5-fold cross-

validation on the publicly available UC San Diego resting-state EEG dataset. Additionally, it 

is implemented on the independent OpenNeuro dataset, showing improvement in external 

validation and generalization. These results show that CSFE-DAE is a competent and 

lightweight diagnostic tool that outperforms state-of-the-art EEG-based PD diagnostic 

techniques. 

 

Keywords: Common Spatial Pattern, Dual-Attention EEGNet, Parkinson’s Disease, EEG 

Signals. 

1. Introduction 

 PD is the second most prevalent neurodegenerative disease, damages the dopaminergic 

neurons that control movement and results in neuronal death [1]. Primary motor and secondary 

non-motor symptoms are its defining feature [2]. Nonetheless the existence of motor symptoms 

is the most important indicator for PD diagnosis [3]. PD can be detected using a variety of 



techniques including voice data, neuroimaging, and physiological measurements [4]. EEG has 

recently gained attention among these techniques as a diagnostic tool [5] – [7]. Rapid 

information about brain activity and connections is captured by EEG which facilitates the 

analysis of many neurological conditions including PD [8], [9]. Techniques for neuroimaging 

can be costly and not always available [10]. Nonetheless the sensors utilized in EEG signal 

processing methods are straightforward reasonably priced and more user-friendly for capturing 

brain activity. As a result, it is favored over other imaging techniques such as computed 

tomography (CT) magnetic resonance imaging (MRI) and functional MRI (fMRI) [11], [12]. 

In the early stages of PD abnormal brain oscillations will occur. Since EEG is a simple 

technique for identifying changes in brain activity with excellent temporal resolution it can be 

used to monitor such abnormalities [13],[14]. EEG signals have emerged as a promising sensor 

modality for PD diagnosis because of their non-invasiveness and capacity to detect abnormal 

variations linked to PD [15].   

 In recent years, healthcare has had a significant impact on the emergence of Artificial 

Intelligence, encompassing Deep Learning (DL) and Machine Learning (ML). These 

approaches were developed for the intuitive diagnosis and categorisation of PD using EEG 

signals [16].  EEG recording provides a rich source of information on the complex, nonlinear 

brain activities.  A practical feature extraction approach is necessary to capture the features 

observed in the EEG. Diagnosing PD by extracting relevant features in EEGs has shown 

potential effectiveness with the aid of DL, and is also being actively researched. Recently, 

several studies have explored a variety of changes in EEG signals (linear/nonlinear) associated 

with PD [17] - [19], particularly in the frequency range (10-35 Hz) [20].  According to these 

studies, quantitative EEG analysis has the potential to improve PD diagnosis, prognosis, 

monitoring, and therapy planning. In recent years, numerous studies have been conducted on 

the automatic identification of PD from EEG signals. Several techniques have been 

implemented in conventional research works for PD diagnosis, utilizing various feature 

extraction and modelling approaches [21] – [24].  

 An ML-based classification algorithm utilized measurable EEG features retrieved from the 

domains (time/time-frequency) to distinguish between PD and HC [17], [25], [26]. These 

analyses have provided desirable insights by identifying specific EEG features related to the 

aberrant alterations associated with PD. However, the use of uniquely developed characteristics 

in classification may lead to limited efficiency when tested on previously unreported records 

from unknown instances [27]. The emerging application of DL to PD diagnosis leads to the 

building of relevant literature.  Shah et al. [28] used DL models to classify PD and HC using 



the signals of EEG to perform medication on vs off. Oh et al. [29] proposed a 13-layer 

convolutional neural network (CNN) model for raw resting EEG data. A pooling-based 

recurrent neural network (RNN) composed of multiple long short-term memory (LSTM) layers 

was developed by Xu et al. [30] to extract both long-term and short-term dependencies in EEG 

data.  The model was applied to raw EEG data, achieving good performance. An automated Q-

Wavelet transform was developed using ML-based methods in Khare et al. [21] to extract 

representative sub-bands from EEG data. Five features from each sub-band are retrieved and 

used to identify PD. Khare et al. [22] proposed the use of CNNs and the EEG time-frequency 

representations technique.  The smoothed pseudo-Wigner-Ville distribution (SPWVD) 

technique generates time-frequency representations of EEGs, which are subsequently fed into 

CNNs for detecting PD.  Lee et al. [23] presented a CNN-RNN (CRNN) model to extract 

significant EEG information, utilizing CNNs for spatial feature extraction and gated recurrent 

units (GRUs) for temporal feature discovery, which yielded superior classification results. 

Aljalal et al. [31] utilized a CSP to extract numerous features from EEG recordings using ML 

approaches to identify PD in both off- and on-medication settings.  Several studies have 

attempted to diagnose PD using EEG signals. Khare and Bajaj [32] developed a computer-

aided clinical decision-support system (CACDSS) that utilises EEG signals to detect PD 

automatically.  The CACDSS analyzes and classifies signals using AOVMD and AOELM 

algorithms. AOVMD optimizes decomposition parameters to obtain representative modes.  

 In Soojin et al. [33], a different CRNN approach was used to classify PD, utilizing CSP as 

features. Delfan et al. [34] introduced a Hybrid Deep Spatiotemporal Attention-Based Model 

for PD detection. A novel method for identifying PD was presented by Fatma et al. [35], which 

makes use of ML approaches.  An Artificial Neural Network (ANN) was developed in 

Kamalakannan et al. [36] to extract features, evaluate the EEG signal, and detect PD at an early 

stage. ICA-derived features, using a standard ML technique, are combined with the PD Oddball 

dataset in Smrdel [37] to predict PDs. Attention-based sparse graph convolutional networks 

(ASGCNN), represented in Chang et al. [38] and GNN were adapted by Neves et al. [39], 

demonstrating the power of graph learning techniques. CNNs with forged channels were also 

investigated in [40].   CNN, combined with an SVM classifier [41], has yielded promising 

results in the early-stage diagnosis of PD using EEG, a conventional approach [42].  

 Despite their effectiveness, the majority of these approaches exclusively concentrate on 

temporal or channel dynamics.  These drawbacks serve as the foundation for our suggested 

approach, which uses CSP-based spatiotemporal filtering to extract discriminative EEG sensor 

signals and a DA mechanism to improve the signal-level representation to increase the accuracy 



and generality of PD detection. However, most existing models struggle with two significant 

challenges: (i) direct reliance on raw EEG recordings without sufficiently separating 

discriminative spatial signal components, (ii) the lack of specialized dual attention mechanisms 

for selectively focusing on valuable spatial variability across electrodes and temporal 

fluctuations across time windows. 

 This study presents a CSFE-DAE model for detecting PD using EEG to bridge these gaps.   

The key highlights of this paper are: 

➢ To the best of our knowledge, this is the first work to combine CSP-assisted EEGNet 

model equipped with dual-attention modules for identifying PD using EEG signals. As 

far as available literature indicates, this specific combination has not been explored 

previously for PD detection using EEG signals. 

➢ A channel-attention mechanism is included to allow the network to adjust the 

importance of each EEG sensor, helping it focus on spatial regions that carry stronger 

PD-related information. 

➢ Sensor-level Gaussian noise augmentation is used to improve the proposed model’s 

tolerance to variability and minor disturbances that naturally occur during EEG 

acquisition. 

➢ The generalisation of the proposed model is evaluated by applying it to an independent 

external dataset that was not used in the training process. 

The remaining sections of the paper are arranged as follows: Section 2 outlines the 

methodology for the proposed model. The detailed architecture of the proposed framework is 

represented in Section 3. Section 4 discusses the experimental results of the suggested model 

and concludes in Section 5. 

 

2. Proposed methodology for detecting PD using EEG signals 

The CSFE-DAE model is a suitable deep learning framework developed to enhance the 

accuracy of PD detection using EEG signals. In contrast to conventional research works, the 

CSFE-DAE model is implemented by integrating CSP and a dual-attention EEGNet. By 

combining CSP features with DA-EEGNet, the proposed model achieves high accuracy, 

robustness to subject variability, and improved interpretability. Fig.1 illustrates the overall 

processes of the proposed CSFE-DAE model. 

 As presented in Fig.1, Raw EEG signals are collected from the scalp using a sensor for each 

patient. EEG captures brain activity. After that, preprocessing is performed to make the signals 



suitable for further analysis. Then, Gaussian noise injection is first employed as a data 

augmentation technique to enhance robustness and generalization by simulating sensor 

variability. Thereafter, CSP is applied to extract discriminative spatial features from the 

augmented signals fed into a DA-EEGNet, where temporal attention emphasizes informative 

time segments and channel-level spatial attention focuses on the most relevant EEG signals to 

predict the PD. The Focal Loss function is used to address class imbalance, assigning more 

weight to difficult-to-classify samples and thereby improving overall accuracy. 

 

Fig.1.Overview of the proposed CSFE-DAE model 

 

2.1 Dataset Description  

 Two publicly available EEG datasets were used in this study: ds002778 (UC San Diego 

resting-state EEG) [43] and ds003490 (OpenNeuro Parkinson’s EEG) [44]. The ds002778 

dataset included 15 PD and 16 HCs, each with one resting-state session recorded using 40 scalp 

electrodes at 512 Hz (~196 seconds per subject). The ds003490 dataset comprised 25 PD (two 

sessions per patient: ON and OFF medication) and 25 HC (one session each), recorded with 64 

electrodes at 500 Hz. Only the resting-state segments (eyes-open / eyes-closed) were used for 

analysis, excluding the auditory oddball task.   

2.2 Preprocessing  

 All EEG recordings from the two OpenNeuro datasets (ds002778 and ds003490) were 

processed using a unified pipeline to ensure consistency across sources. The raw signals were 

first downsampled to 256 Hz to reduce computational load while retaining essential spectral 



information. Band-pass filtering between 0.5 and 45 Hz was applied to suppress slow drifts 

and high-frequency noise, followed by a notch filter to eliminate power-line interference. 

Independent Component Analysis (ICA) was then performed to identify and remove ocular 

and muscular artefacts. After artefact cleaning, all channels were re-referenced using the 

common average reference (CAR) approach. As reported in previous EEG studies across 

emotion analysis [45], segmenting continuous EEG into short, stationary epochs improves both 

spatio-temporal stability and classification reliability, the same strategy was adopted here.  

 The continuous EEG was segmented into non-overlapping 2-second epochs, and each 

channel within an epoch was normalised using z-score scaling. The initial segmentation 

resulted (ds002778) in an unequal number of epochs between the two groups, with the HC 

(642) and PD (1186) epochs.  Based on the method described in [46], Gaussian noise 

augmentation was implemented only on the HC epochs. This increased the HC count while 

leaving the PD epochs remain unchanged, thereby creating a balanced training set. 

The final epoch distribution is shown in Table 1. The dataset (ds003490), used primarily for 

external evaluation, was processed with the same steps but without augmentation to preserve 

its original distribution. This unified procedure ensured that both datasets entered the model 

with comparable signal characteristics and compatible preprocessing structure. 

  

Table 1. Class distribution before and after Augmentation (Training only)  

Class Before Augmentation After Augmentation 

HC 642 1186 

PD 1186 1186 

Total 1828 2372 

 

The main preprocessing operations applied to the EEG signals are mathematically described 

below: 

Signal Pre-processing and Augmentation 

 The mathematical representation of the raw EEG signal is given by,    

                 𝑋 ∈ ܴ஼×்                                        (1) 

where, C and T are the number of channels and time samples, respectively.  

Then, band-pass filtering is presented as, 

                𝑋௙ = ℱ−1[ܪ(߱). ℱ(߱)]                   (2) 



F refers to the Fourier transform, and H(ω) defines a band-pass filter (1 inside the passband, 0 

outside). Here, it retains only the frequency range relevant for PD analysis. Then, notch 

filtering removes line noise using, 

              𝑋௙௡ = ℱ−1[1 − ܰ(߱). ℱ(𝑋௙)]           (3) 

In equation (3), N(ω) represents a narrowband stop filter at the line frequency. Consequently, 

the Common Average Reference (CAR) is performed as, 

   𝑋௥௘௙(௖,௧) = 𝑋௙௡(ܿ, (ݐ − 1஼ ∑ 𝑋௙௡(݅, ஼௜=1(ݐ           (4) 

Next, Independent Component Analysis (ICA) removes artifacts using,  

        𝑋௥௘௙ =  (5)                                             ܵܣ

Here, A refers to the mixing matrix, and S represents the independent components.  

Subsequently, segmentation is accomplished, dividing the continuous EEG into discrete trials 

of a specified length. ௘ܶ Samples as mentioned below: 

                  𝑋௖௟௘௔௡(௞) = 𝑋௖௟௘௔௡[: , ݇: ௘ܶ + ݇]                        (6)       

Per-channel z-score normalization is mathematically done as, 

   𝑋௡௢௥௠(ܿ, (ݐ = ௑೐೛೚೎ℎ(௖,௧)−ఓ೎ఙ೎                             (7) 

In equation (7), ߤ௖ and ߪ௖ Represents the mean and standard deviation. Now, Gaussian noise 

is added to these normalized EEG signals in the training folds, which is given by: 

                   𝑋௔௨௚ =  𝑋௡௢௥௠ + ܰ(0,  (8)                              (2ߪ

where, ܰ(0,  .2ߪ Gaussian noise with mean 0 and variance (2ߪ

 Common Spatial Feature Extraction 

 CSP is a supervised feature extraction method that identifies spatial filters maximizing 

variance differences between two classes of signals. In EEG analysis, CSP is employed to 

derive projections that enhance discrimination between PD and HC trials by emphasizing 

frequency band–specific alterations, such as changes in β-band (13–30 Hz) or θ-band (4–7 Hz) 

power over motor-related cortical areas.  

 To obtain discriminative features, CSP is explored on the preprocessed EEG data using the 

steps below: 

Step 1: Compute the covariance matrices of signals for each class by 

ெݒ݋ܥ        = ௑௑⊺௧௥௔௖௘(௑௑⊺)                                       (9) 

 This normalization ensures scale invariance across each trial (Class 1) for PD and (Class 

2) for HC. 

Step 2: Compute mean composite covariance 



CSP measures mean covariance matrices across trials for each class using, 

  Σ1 = 1ே1 ∑ Σ௜(1)ே1௜=1 , Σ2 = 1ே2 ∑ Σ௜(2)ே2௜=1                    (10)    

Step 3: Compute composite covariance matrix 

After Step 2, CSP integrates the covariance matrices into a single composite matrix by, 

          Σ௖ = Σ1 + Σ2, Σ௖ = ⋃⋀⋃⊺                         (11) 

This integrates information from both classes for whitening. Here, ܷ and ߉ Contains 

eigenvectors and diagonal eigenvalues.  

Step 4: Compute the Whitening matrix and Whitened covariance        ܹ = ⋀−1 2⁄ ⋃⊺, ܵ1 = 2ܵ  ,⊺1ܹߑܹ =  (12)            ⊺2ܹߑܹ

 After whitening, the sum of whitened class covariances equals the identity matrix. 

Step 5: Eigen-Decomposition of Whitened Covariance 

                      ܵ1 = ,⊺ܤܦܤ ܭ =                                         (13)                                ܹ⊺ܤ

where, ܤ describes spatial filters in whitened space, and ܦ represents a diagonal matrix of 

eigenvalues.  Subsequently, CSP identifies eigenvectors corresponding to the largest and 

smallest eigenvalues, which are used to form spatial filters. The first few and the Last few 

filters maximize variance for PD (Class 1), HC (Class 2).  

Step 6: Project Original EEG Signals through CSP Filters 

           ܼ =  𝑋                                                (14)ܭ

Each row of ܼ is a spatially filtered EEG component. 

Step 7: Compute Log-Variance Features  

 Here, CSP determines log-variance features for the selected ݉  filters and the feature vector. 

These are given by, 

௞݂ = ݃݋݈ ( ௩௔௥(௓ೖ)∑ ௩௔௥(௓ೕ)೘ೕ=1 ) , ݂ = [ 1݂, 2݂, … ௠݂]        (15)                              

 These features are fed into an EEGNet classifier for the detection of PD. 

 

3. Proposed CSFE-DAE method 

  The core idea is to improve the network's ability to concentrate on the brain signals' most 

relevant temporal (time-based) and spatial (channel-based) features. Selectively focusing on 

the most critical spatio-temporal features helps the model to achieve higher classification 

accuracy. By explicitly modelling dependencies in both the time and space domains, the 

network becomes more resilient to the low signal-to-noise ratio and inherent variability of EEG 

data.  



Feature Extraction:  

  Fig.2 displays the proposed framework. The process begins with temporal convolution, 

which extracts frequency-specific patterns from the input CSP features. This stage transforms 

the normalized input into temporal representations. Subsequently, depthwise spatial 

convolution is applied to model inter-channel dependencies, followed by batch normalization. 

Next, a separable convolution is introduced to capture localized joint temporal–spatial 

interactions, enhancing the network’s ability to extract relevant EEG features. Further, a dual-

attention mechanism is incorporated to strengthen feature discrimination.  

 

 

Fig.2.  Architecture of the Proposed CSFE-DAE model 

   

Dual Attention Mechanism:  After CSP and EEGNet feature extraction, we obtain the feature 

representation, which is represented as:                        ܨ ∈ ܴ஼௫்                                                    (16) 

where, T and C denote the number of temporal dimensions and the EEG channels. Then, a DA 

mechanism is applied to enhance discriminative learning, which combines channel and 

temporal-level dependencies, as shown in Fig. 3.  

Channel Attention: Channel attention adaptively reweights electrode allowance by learning 

importance scores for each channel, thereby suppressing noisy or less informative sensors, 

while emphasizing electrodes over motor-related cortical areas known to be affected in PD 

[46]. Here, we compute channel-wise importance by global average pooling across time as:                  ߙ = )ߪ ௖ܹ . ,((ܨ)௧݈݋݋ܲ݃ݒܣ ′ܨ = ߙ ⊙  (17)          ܨ



where, ௖ܹ is a learnable weight matrix, ߪ is the sigmoid activation and ⊙ elementwise 

multiplication. By this operation, each channel is scaled according to its importance. 

 

 

Fig.3. Dual Attention Mechanism 

Temporal Attention: Temporal attention enhances this by selectively concentrating on 

informative signal intervals, capturing abnormal ߙ −  .dynamics, strongly linked to PD [47] ߚ

It highlights the most discriminative time steps. A channel-wise pooling is first performed to 

derive a temporal descriptor, followed by:   ߚ = )ݔܽ݉ݐ݂݋ݏ ௧ܹ. ,((ܨ)௧݈݋݋݌݃ݒܣ ′′ܨ = ߚ ⊙         (18)          ′ܨ

where, SoftMax normalizes attention across time.  Here, each segment captures dynamic 

oscillatory patterns relevant to PD.   

 Finally, the DA feature map is obtained as                         ̂ܨ = ′′ܨ ∈ ܴ஼௫்                                           (19) 

combines sensor-level and pattern-level importance and feeds it into the fully connected layer 

with SoftMax activation for final prediction combines sensor-level and pattern-level 

importance and feeds it into the fully connected layer with SoftMax activation for final 

prediction. 

3.1 Focal Loss for Class Imbalance 

 The Focal Loss function is implemented to mitigate the effects of class imbalance, which 

dynamically scales the loss assigned to well-classified examples, focusing more on hard-to-



classify cases. We used 2.0 = ߛ and 0.25 = ߙ, effectively handling imbalance in EEG 

classification tasks. Focal loss of class imbalance is described as,                                       ܮܨ(݌௧) = ௧(1ߙ− −              ௧                                 (20)݌݃݋௧)ఊ݈݌

where, ݌௧ = ௧݌ ௧̂ if correct class elseݕ = 1 −  ,.௧ refers to the class weighting factor (e.gߙ ௧̂ andݕ

inversely proportional to class frequency) and ߛ defines the focusing parameter ߛ = 2. 

 

4. Performance metrics and experimental results 

 To validate the performance of PD recognition, the CSFE-DAE model is evaluated on the 

dataset [43]. Its efficiency is determined in terms of accuracy, loss, and the confusion matrix. 

Here, accuracy and loss measure the overall proportion of correctly and incorrectly classified 

classes, whereas the confusion matrix represents the distribution of predictions across actual 

classes.  

 The proposed CSFE-DAE approach is trained over 50 epochs using 5-fold cross-validation. 

The training and validation accuracy start at around ~0.93 and 0.91. It gradually increases, 

stabilizing at nearly 0.97 after ~20 epochs, indicating that it effectively learns the 

discriminative features from EEG signals over time with some fluctuations due to cross-

validation across different subject subsets, which is illustrated in Fig. 4. The close alignment 

of accuracy curves (training and validation) suggests good model generalization without 

significant over-fitting. The slight variance (shaded regions) reflects variability across folds, 

which indicates robust performance. 

 

Fig.4. Accuracy of the proposed CSFE-DAE 



 

Fig.5. Loss of the CSFE-DAE (proposed) 

 

 In Fig.5, the training loss decreases sharply from ~1.4 to <0.1 by epoch 50, showing that 

the network learns to minimize classification error effectively. The validation loss follows a 

similar descending pattern, reducing from ~1.5 to ~0.15, confirming improved predictive 

capability on unseen samples. The decreasing gap between training and validation losses over 

time indicates stable convergence and absence of severe over-fitting. 

 

Table 2. Comparison of the proposed CSFE-DAE Framework with Existing and State-of-the-

Art Methods 

Category Method Approach Dataset Accuracy 

(%) 

 

Existing 

Works (UC 

San Diego 

Dataset) 

Ullah et al. (2022) 

[48] 

TFR + AlexNet CNN US 94 

Bhurane et al. (2022) 

[49] 

Multi-Pattern + 

Multi-Scale CNN 

US 92 

Zhang et al. (2020) 

[50] 

CSP + SVM US 83 

Bera et al. (2025)  

[41] 

CNN+SVM US 81.72 

Zang et al. (2025) 

 [42] 

GEPD US 84.3 



Neves et al. (2024) 

[39] 

GNN US 69.04 

Hamidi et al. (2023) 

[40] 

Forged Channel CNN US 90.3 

 

 

 

 

Our Study 

(Baselines 

and 

Proposed 

Model) 

CSP+SVM 

(Baseline) 

CSP + SVM US 85.42 

EEGNet 

(Raw EEG) 

Lightweight CNN US 88.69 

CSP+EEGNet 

(without 

augmentation) 

CSP 

Features+EEGNet 

US 90.18 

CSP+EEGNet 

(with augmentation) 

CSP 

Features+EEGNet 

US 93.0 

CSFE-DAE 

(Proposed) 

CSP+Dual Attention US 97.59 

CSFE-DAE 

(Validated) 

CSP+Dual Attention OpenNeuro 96.0 

  

 

 

Fig. 6. Comparison of Model Performance 

 The proposed CSFE-DAE was systematically compared to recent methods using the same 

dataset [43]. Table 1 summarizes existing techniques, which report 81% to 40% accuracy, also 

with the internal baselines CSP+SVM, EEGNet, CSP+EEGNet from 85.42% to 93.28% 

accuracy. The comparison chart in Fig. 6 shows the performance of the proposed model against 

three baseline methods. our proposed CSFE-DAE outperforms, achieving 97.59 ± 0.47% 

accuracy, correctly classifying 1156/1186 PD and 617/642 HC samples across 5-fold cross-



validation (sensitivity 97.5%, specificity 96.1%). This improvement reflects the benefit of 

combining CSP filtering with a dual-attention EEGNet that captures both spatial and temporal 

discriminative patterns in PD EEG activity. Further, the proposed model maintained 96% 

accuracy on the external dataset [44] with sensitivity and specificity at 96%. These findings 

show that the model does not overfit and can be generalized to independent instances. 

5. Conclusions and future work 

  This research work introduces an advanced EEG-sensor signal-based classification 

framework, CSFE-DAE, which leverages Gaussian noise augmentation to increase the dataset 

sizes to enhance PD detection. It integrates CSP with a DA EEGNet architecture, focusing on 

the signal in EEG data, to capture highly discriminative spatial features. Meanwhile, the DA 

mechanism focuses on the most relevant temporal and channel regions within EEG signals. 

The key contribution of this work lies in integrating CSP filtering with a DA variant of EEGNet 

for PD recognition from resting-state EEG. While CSP and EEGNet have been used separately, 

earlier studies have not combined them in a unified framework with coordinated channel- and 

feature-attention modules. This framework enhances sensitivity to PD-related patterns while 

suppressing irrelevant background fluctuations. In addition, Gaussian noise augmentation is 

applied only to the training data to improve robustness against sensor-level variations. The 

model’s performance is further supported by evaluation on an external dataset, demonstrating 

that the approach generalizes beyond the training cohort. Together, these elements establish a 

methodological contribution that extends beyond existing CSP- or CNN-based approaches. 

The proposed model achieves a high accuracy using 5-fold cross-validation, with a reduced 

loss compared to the previous works. Additionally, it shows strong generalizability through 

external validation.  These results demonstrate the effectiveness of CSFE-DAE as a promising 

method for the early detection of PD. Future research will extend the proposed approach to 

multi-class, cross-subject adaptation through transfer learning, as well as real-time sensor-

adaptive clinical applications for the reliable classification of PD. 
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