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Abstract

Background: Parkinson’s disease is a progressive neurodegenerative disorder. Early PD
detection plays a key role in effective therapy. Electroencephalography is a neuroimaging
technique used to analyze brain abnormalities, such as those seen in patients with PD.
However, the complex nature of EEG data requires advanced signal processing and classifi-
cation methods. Methods: This study systematically evaluates three time-frequency (TF)
representation techniques, namely discrete wavelet transform (DWT), continuous wavelet
transform (CWT), and synchrosqueezing transform (SST), along with four pretrained con-
volutional neural network architectures for EEG-based PD detection. The experiments were
performed using the San Diego dataset. Image-wise and subject-wise 5-fold cross-validation
were employed to assess performance and generalization capability. Results: CWT and SST
consistently outperform DWT across all evaluated architectures in image-wise CV evalua-
tion. At the image-wise level, the CWT-EfficientNet-BO model achieved 97.28% accuracy
for HC vs. PD-OFF classification, while SST-EfficientNet-B0 reached 97.26% accuracy for
HC vs. PD-ON classification. In subject-wise evaluation, acceptable accuracies of up to 84%
were achieved, indicating the ability of the framework in learning PD patterns for unseen
subjects. Conclusions: These findings demonstrate that the choice of TF representation has
a strong impact on classification performance and that lightweight CNN architectures can
achieve high image-wise accuracy with reduced computational cost.

Keywords: Parkinson’s disease; Electroencephalography (EEG); time-frequency represen-
tation; deep learning

1. Introduction

Parkinson’s disease (PD) is among the most common neurological disorders today [1].
The primary cause is the progressive degeneration of dopaminergic neurons in the substan-
tia nigra [2]. Tremor, stiffness, bradykinesia, and postural instability are among the motor
symptoms caused by this degeneration [3]. Cognitive impairment, sleep issues, autonomic
dysfunction, and psychiatric symptoms are among the non-motor symptoms of PD [4].
Because PD progresses slowly and cannot be reversed, early detection is crucial. An earlier
diagnosis can support timely treatment and may slow functional decline [5].
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Neurophysiological studies suggest that changes in cortical oscillations can occur years
before clear clinical symptoms appear [6]. These early abnormalities create opportunities
for earlier diagnosis. However, their detection requires sensitive biomarkers that can
capture subtle functional changes before structural or metabolic alterations become visible
in routine clinical imaging [7].

Neuroimaging methods, such as positron emission tomography (PET), computed
tomography (CT), and magnetic resonance imaging (MRI), are frequently employed to
assess brain structure and function in patients with PD [8]. Despite their clinical value, they
have major limitations in terms of early screening and repeated monitoring. These methods
are expensive and are not always accessible [9]. Although functional imaging techniques,
such as single-photon emission computed tomography (SPECT) and functional magnetic
resonance imaging (fMRI), can reveal brain activity, these types of medical imaging are
operationally demanding and have limited temporal resolution [10]. These factors reduce
their feasibility for widespread clinical deployment.

Electroencephalography (EEG) provides a practical alternative for studying brain
function [11]. EEG is a noninvasive, portable, and low-cost neuroimaging technique. It
measures brain electrical activity and is suitable for real-world applications [12]. The
accessibility of EEG makes it a promising tool for detecting functional abnormalities that
may occur before the onset of overt PD symptoms [13]. However, EEG signals are nonlinear,
non-stationary, and high-dimensional. Therefore, advanced signal processing is required to
extract clinically useful patterns [11].

Time—frequency (TF) representation methods provide effective tools for analyzing
EEG signals [14]. Approaches such as the short-time Fourier transform (STFT), wavelet
transforms, and synchrosqueezing transforms map EEG into joint TF domains [15-17]. This
transformation allows the identification of abnormal oscillatory activity, altered synchro-
nization, and spectral power changes related to PD. Representing EEG data as TF images
enables the use of deep learning methods originally developed for image analysis [18].

Convolutional neural networks (CNNs) have demonstrated strong performance in
medical image classification. This is because CNNs automatically learn hierarchical fea-
tures [19]. CNNSs are also increasingly used for EEG-based diagnosis by learning discrim-
inative patterns from TF images [20]. However, many CNN models are pretrained on
natural image datasets, such as ImageNet [21]. EEG TF images differ substantially from
natural images in terms of texture and structure, which can reduce the effectiveness of
transfer learning. In addition, several modern CNN architectures are computationally
expensive and often require extensive fine-tuning to capture EEG-specific features [22].

Although EEG-based PD detection has gained increasing attention, there are important
gaps in the literature. First, studies often use different datasets and preprocessing pipelines,
which limits reproducibility and fair comparison. Second, systematic comparisons of TF
representations in deep learning settings remain limited. Third, few studies have evaluated
multiple pretrained CNN models under consistent experimental conditions. Finally, many
studies do not explicitly consider ON and OFF medication states, even though medication
can strongly affect neural activity and is clinically important for evaluating disease states
and treatment effects.

To address these limitations, this study systematically evaluates TF representations and
pretrained CNN models for EEG-based PD classification. We examined four pretrained ar-
chitectures: EfficientNet-B0, ResNet-18, MobileNetV3-L, and ShuffleNet-V2. We combined
these models with three TF methods: discrete wavelet transform (DWT) [23-27], continuous
wavelet transform (CWT) [27,28], and synchrosqueezing transform (SST) [29-32]. Experi-
ments were conducted on two clinically relevant tasks: healthy control (HC) subjects versus
PD patients under medication (HC vs. PD-ON) and HC subjects versus PD patients without
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medication (HC vs. PD-OFF). We used stratified cross-validation (CV) and evaluated the
performance by measuring the classification metrics. The objective of this study was to
identify robust TF-CNN combinations for reliable PD detection.

The remainder of this paper is organized as follows. Section 2 describes the dataset

and proposed methodology, including the TF methods and CNN architectures. Section 3

presents and discusses the results. The paper is concluded in Section 4.

2. Materials and Methods
This section outlines the proposed method and the PD EEG dataset employed for the

model evaluation. The overall framework of the proposed approach is shown in Figure 1.

The TF implementations were carried out in MATLAB (2024a), while the deep learning

implementations were performed in Python (3.12).
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Figure 1. Workflow of the proposed EEG-based model for detecting Parkinson’s disease.
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2.1. Dataset

This study utilized an EEG dataset acquired from the University of California, San
Diego [33]. This publicly available dataset includes EEG recordings from 15 patients
with PD and 16 HC subjects. Patients with PD were matched with HC subjects based on
right-handedness, sex, age, and cognitive status. Cognitive ability was assessed using the
Mini-Mental State Examination and North American Adult Reading Test. All patients were
diagnosed with mild-to-moderate PD and classified as Stage II or Stage III according to the
Hoehn and Yahr scale.

EEG recordings for patients with PD were obtained under two medication conditions,
ON medication (PD-ON) and OFF medication (PD-OFF), on separate days. For the PD-
ON condition, the patients followed their regular medication schedule. For the PD-OFF
condition, medication was withdrawn for at least 12 h before recording. Both PD-ON and
PD-OFF EEG data were collected from the same patient. The HC participants completed a
single EEG recording session.

During data acquisition, the participants sat comfortably in a relaxed position. EEG
signals were collected using a 32-channel setup for a minimum period of three minutes.
The sampling frequency (fs) was set to 512 Hz. Comprehensive details regarding electrode
positions, impedance verification, artifact rejection, preprocessing steps, and quality control
metrics are available in the original publications associated with this dataset [33-35]. The
demographic details of the San Diego dataset are summarized in Table 1.

Table 1. Summary of demographic characteristics for the studied datasets.

Group Number of Subjects Gender (M/F) Age (Years) Disease Duration f; Number of Channels

HC 16
PD 15

7/9 63.5 9.6 - 512 32
8/7 63.2 £8.2 45+35 512 32

Movement-related artifacts were removed using the preprocessing tools provided
in EEGLAB [36]. Finite impulse response (FIR) filters were applied to the EEG data. A
high-pass filter at 0.5 Hz was used to eliminate the baseline drift. A low-pass filter at
45 Hz was applied to suppress the high-frequency noise. Power-line interference was
reduced using a notch filter at 60 Hz with a bandwidth of 57-63 Hz. All filtering procedures
were performed using zero-phase forward and backward filtering via MATLAB's filtfilt
function.function to avoid phase distortion. Artifact Subspace Reconstruction (ASR), im-
plemented in the EEGLAB toolbox using customized thresholds, was employed to cancel
movement-related artifacts.

To ensure consistent processing across both datasets, the sampling frequency of all
EEG recordings was confirmed to be 512 Hz. After filtering, the multichannel EEG signals
were segmented into non-overlapping segments of 15 s. To reduce scale-related noise and
enhance signal quality, multiscale principal component analysis was applied to each 15-s
EEG segment. This step was implemented using the MATLAB function, wmulden. For
the HC group (16 subjects), an average of 318 + 42 images per subject were generated,
resulting in a total of 5088 images. For the PD-ON group (15 subjects), an average of
375 £ 38 images per subject were obtained (5632 total images), while the PD-OFF group
yielded an average of 361 £ 35 images per subject (5408 total images). The variation in
image count across subjects reflects differences in recording duration and artifact rejection
rates during preprocessing.

2.2. Time—Frequency Representations

The transformation of raw EEG signals into TF representations is a key preprocessing
step that enables the use of CNNs for classification [37]. TF methods decompose non-
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stationary EEG signals into joint TF domains [38]. The generated TF representations of
EEG signals can reveal oscillatory patterns and spectral dynamics that may not be visible
in time-domain analysis alone [39]. The discrete wavelet transform (DWT), continuous
wavelet transform (CWT), and synchrosqueezing transform (SST) are the three TF repre-
sentation approaches used in this study [40—-42]. Each method produces a distinct image
representation and offers different advantages in capturing PD-related EEG characteristics.
Figure 2 shows the TF representations of the EEG signals using the DWT, CWT, and SST.
In Sections 51-S3 of the Supplementary Material, these TF techniques are defined and the
parameter settings are addressed.

"Hu'w'»' W

) 'U i

(a) DWT for HC (b) DWT for PD-ON (c) DWT for PD- OFF

G b A

(d) CWT for HC (e) CWT for PD-ON (f) CWT for PD-OFF

) SST for HC (h) SST for PD-ON (i) SST for PD-OFF

Figure 2. Representative TF representations of EEG signals from a HC subject (first column) and a
PD patient in ON medication (second column) and OFF medication (third column) states. The first,
second, and third rows show images generated using DWT, CWT, and SST, respectively.

2.3. Pretrained Deep Learning Models

Pretrained CNN architectures have become one of the most widely used techniques for
biomedical data classification [43]. Here, pretrained CNN architectures were used to classify
the TF representations of EEG signals into PD and HC groups. This study evaluated four
pretrained CNN architectures, EfficientNet-B0, ResNet-18, MobileNetV3-L, and ShuffleNet-
V2, for classifying EEG signals in PD applications [44—47]. These models were selected
due to their favorable trade-off between classification performance and computational
complexity and are well-established CNN architectures in transfer learning applications.
Figure S1 in the Supplementary Materials illustrates the architectural structures of the
evaluated CNN models.

EfficientNet-BO uses a compound scaling strategy that jointly balances the network
depth, width, and input resolution to achieve high performance at a low computational
cost [48]. The EfficientNet-B0 architecture is built on mobile inverted bottleneck convolution
blocks that use depth-wise separable convolutions and squeeze-and-excitation mechanisms.
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This design allows EfficientNet-B0 to achieve competitive performance with a small number
of parameters, which can reduce overfitting when trained on limited biomedical datasets.

ResNet-18 is a residual convolutional network designed to improve the training stabil-
ity of deep models [49]. Shortcut connections facilitate efficient information propagation
across layers and preserve important feature representations. ResNet-18 has been widely
used as a baseline architecture in transfer learning-based models for medical image and
EEG-based classification tasks.

MobileNetV3-L is a lightweight CNN optimized for efficiency and low computational
complexity [50]. It combines depth-wise separable convolutions with inverted residual
blocks and channel attention modules, making it suitable for applications with limited
computational resources.

ShuffleNet-V2 is an efficient CNN architecture developed for fast inference on resource-
constrained hardware while maintaining competitive performance [47,51]. It uses channel
splitting and channel shuffling operations to improve the information flow between fea-
ture groups without increasing the computational cost [47], providing a practical balance
between speed and classification performance.

2.4. CNN Model Training and Hyperparameters

Four pretrained CNN architectures were evaluated: ResNet-18 [49], EfficientNet-
B0 [48], MobileNetV3-L [50], and ShuffleNet-V2 [51]. All models were initialized with
ImageNet-1K pretrained weights from torchvision and fine-tuned end-to-end with all
layers trainable. The use of the RGB color space is common in signal-to-image transforma-
tion studies across biomedical applications. The pretrained models expect three-channel
RGB inputs, and the TF representations were generated using a colormap mapping to
three channels.

All architectures were trained using identical hyperparameters (Table 2) to ensure
fair comparison. Only the final fully connected layer was replaced with a single output
layer for binary classification. To prevent data leakage, the input images were normalized
using the mean and standard deviation computed exclusively from the training set of each
cross-validation fold, and the same statistics were applied to the corresponding validation
and test sets. Data augmentation was applied only to the training data.

Table 2. CNN training configuration.

Parameter Value

CNN architectures ResNet-18, EfficientNet-B0, MobileNetV3-L, ShuffleNet-V2
Fine-tuning strategy  All layers fine-tuned (no frozen layers)

Channel mapping Color scalograms mapped to three channels
Input image size 224 x 224

Number of channels RGB (3 channels)

Batch size 32

Epochs 12

Optimizer Adam

Learning rate 1 x 10~* (fixed, no scheduler)

Loss function Binary cross-entropy with logits

Class balancing Not applied

Early stopping Not applied

Random horizontal flip, random rotation (15°), color jitter
(brightness = 0.12, contrast = 0.12)

Per-fold training-set statistics (mean and standard deviation
computed from training data only)

Data augmentation

Normalization
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3. Results and Discussion

This section reports the results of the proposed EEG-based PD detection model. The
San Diego dataset was used to evaluate the proposed framework. Two clinically relevant
classification tasks were considered: HC vs. PD-ON and HC vs. PD-OFF. The number
of EEG signals in each classification task is reported in Table 3. Although the number of
images in all groups is sufficiently large, the total number of subjects is limited (i.e., 16 HC
subjects and 15 PD patients), which is not suitable for generalized pattern extraction using
deep learning.

The steps of the proposed model are shown in Figure 1. As described in Section 2.1, the
EEG recordings were segmented into 15-s segments without overlap. Then, EEG images
were generated from each 15-s segment. The EEG data were then converted from the
time domain to the TF domain using TF techniques. As explained in Section 2.2, three
TF decomposition methods, namely, DWT, CWT, and SST, were used to represent the
spectral characteristics of the EEG signals. Examples of the generated TF images are
shown in Figure 2. These representations were saved as images and served as inputs to
four pretrained CNNs: EfficientNet-B0, ResNet-18, MobileNetV3-L, and ShuffleNet-V2 for
classification. All experiments were performed under a 5-fold CV to prevent bias in the
results. The CV was applied in two different manners: subject-wise and image-wise. In the
image-wise CV strategy, the EEG images were separated into five folds with equal numbers
of images in each fold. In the subject-wise CV strategy, the total number of subjects in
the dataset was separated into five folds, regardless of the number of images per subject.
The image-wise CV evaluates the ability of the proposed framework to detect PD patterns,
whereas the subject-wise CV evaluates the generalization ability of the proposed framework
for unseen data. A comparison between the image-wise and subject-wise CV strategies
is presented in Table 4. Model performance is reported using accuracy (ACC), precision
(PRE), sensitivity (SEN), specificity (SPE), and Matthews correlation coefficient (MCC).

Table 3. Number of generated TF images for each classification task.

Task PD Samples HC Samples
HC vs. PD-ON 5632 5088
HC vs. PD-OFF 5408 5088

Table 4. Comparison of image-wise and subject-wise CV strategies.

Parameter

Image-Wise CV

Subject-Wise CV

Number of folds

Test set selection
Data splitting
Training set
Validation set
Validation selection
Test set size

Task: HC vs. PD-ON
Task: HC vs. PD-OFF
Risk of data leakage

5

Image-level
Image-dependent

4 folds (images)

1 fold (images)

Random (image-level)

20% of total images per fold
5088 vs. 5632 images

5088 vs. 5408 images

High

5

Subject-level

Subject-independent

4 folds (subjects)

1 fold (subjects)

Determined by subject grouping

All images from unseen subjects per fold

3-4 HC subjects vs. 3 PD-ON subjects per fold
3-4 HC subjects vs. 3 PD-OFF subjects per fold
Eliminated

Goal

Pattern discovery

Generalization discovery
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3.1. Performance of the Proposed Framework Under Image-Wise 5-Fold CV Strategy

The performance of the four CNN architectures combined with the three TF repre-
sentations for both the HC vs. PD-ON and HC vs. PD-OFF tasks under image-wise CV is
reported in Table 5.

For the HC vs. PD-ON task, SST combined with EfficientNet-B0 achieved the highest
ACC of 97.26%, although with a moderate SPE (89.74%) and a relatively high FAR (10.26%).
The SST-ResNet-18 combination demonstrated the most balanced performance, with an
ACC of 95.47% and the highest MCC of 0.95, indicating strong overall classification reliabil-
ity. This configuration also achieved excellent PRE (97.14%) and SEN (97.66%). Among the
CWT representations, EfficientNet-B0 achieved an ACC of 96.69% with well-balanced SEN
and SPE (94.85% and 95.07%, respectively). DWT generally produced lower accuracies,
with MobileNetV3-L showing the best DWT performance at an ACC of 91.65%, notably
high PRE (96.61%), and an MCC of 0.93.

The HC vs. PD-OFF classification task demonstrated a generally higher performance
across most configurations than the PD-ON task. The CWT-EfficientNet-BO combination
achieved the highest ACC of 97.28% with an exceptional balance across all metrics: 97.50%
PRE, 97.21% SEN, and 97.35% SPE, yielding an MCC of 0.95. Remarkably, the CWT-ResNet-
18 configuration produced performance metrics identical to those of CWT-EfficientNet-B0.

The SST-based models showed strong but slightly lower performance, with EfficientNet-
B0 achieving 96.84% accuracy and an MCC of 0.92. DWT implementations again demon-
strated the lowest performance range, though MobileNetV3-L still achieved respectable
results with 92.39% accuracy and 96.69% PRE, maintaining an MCC of 0.92.

Across both classification tasks, the CWT consistently outperformed the other TF
representations, particularly when combined with the EfficientNet-BO or ResNet-18 archi-
tecture. The PD-OFF classification task was slightly more discriminable than PD-ON, with
peak accuracies of 97.28% compared to 97.26%, respectively. MobileNetV3-L demonstrated
consistently high PRE across all TF methods, though sometimes at the expense of overall
accuracy. The MCC values, which provide a balanced measure accounting for class im-
balance, ranged from 0.80 to 0.95, with the highest values consistently observed in CWT
and SST configurations combined with deeper network architectures. Detailed per-fold
ACC breakdowns for all configurations are provided in Supplementary Tables S1 and S2,
demonstrating consistent performance across CV folds with standard deviations typically
below 2%.

The choice of TF representation had a clear effect on the classification performance.
The CWT consistently achieved the best results across both tasks and most architectures.
For the HC vs. PD-OFF task, CWT-based models reached accuracies above 97%, with a
maximum of 97.28%. These results indicate that the CWT effectively preserves the temporal
and spectral information required to distinguish PD patterns.

As an illustrative example, for one image-wise fold of the 5-fold CV in the HC vs.
PD-OFF task using the best-performing CWT-EfficientNet-BO configuration, the test set
would contain approximately 20% of the images, that is, about 1126 PD-OFF images and
1018 HC images, based on the full dataset sizes of 5632 PD-OFF and 5088 HC images. A
representative confusion matrix (Table 6) consistent with the reported mean performance
would therefore be approximately TP = 1095, FN = 31, TN = 991, and FP = 27. In other
words, in this representative fold, the model would correctly classify 1095 PD-OFF images
and 991 HC images, while misclassifying only 31 PD-OFF images as HC and 27 HC
images as PD-OFF, demonstrating the strong and well-balanced discrimination ability of
the our model.
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Table 5. Classification performance for the HC vs. PD-ON and HC vs. PD-OFF tasks under the
image-wise CV strategy using different TF representations.

HC vs. PD-ON (Image-Wise CV strategy)

TFR CNN ACC (%) PRE (%) SEN (%) SPE(%) MCC
EfficientNet-B0 93.30 92.78 94.62 91.84 0.87
DWT ResNet-18 92.95 92.77 93.89 91.90 0.86
MobileNetV3-L 91.65 90.89 93.48 89.62 0.83
ShuffleNet-V2 90.21 89.69 91.94 88.31 0.80
EfficientNet-B0O 96.69 96.01 97.76 95.50 0.93
CWT ResNet-18 96.53 96.61 96.79 96.25 0.93
MobileNetV3-L 94.95 95.51 94.85 95.07 0.90
ShuffleNet-V2 94.20 94.70 94.23 94.16 0.88
EfficientNet-B0O 97.26 97.14 97.66 96.82 0.95
SST ResNet-18 95.47 95.44 95.95 94.93 0.91
MobileNetV3-L 93.96 91.34 97.76 89.74 0.88
ShuffleNet-V2 94.19 95.66 93.16 95.32 0.88
HC vs. PD-OFF (Image-Wise CV Strategy)
TFR CNN ACC (%) PRE (%) SEN (%) SPE(%) MCC
EfficientNet-B0 94.09 94.32 94.21 93.97 0.88
DWT ResNet-18 93.67 94.29 93.38 93.99 0.87
MobileNetV3-L 92.39 91.71 93.69 91.00 0.85
ShuffleNet-V2 90.35 89.22 92.44 88.13 0.81
EfficientNet-B0 97.28 97.50 97.21 97.35 0.95
CWT ResNet-18 95.76 96.69 95.03 96.54 0.92
MobileNetV3-L 95.87 95.75 96.25 95.46 0.92
ShuffleNet-V2 95.14 95.35 95.21 95.07 0.90
EfficientNet-B0 96.84 97.58 96.25 97.46 0.94
SST ResNet-18 95.87 95.87 96.14 95.60 0.92
MobileNetV3-L 94.85 95.16 94.82 94.87 0.90
ShuffleNet-V2 94.57 94.85 94.60 94.54 0.89

Table 6. Confusion matrix for one representative fold of the image-wise 5-fold cross-validation
experiment for HC vs. PD-ON classification (CWT, EfficientNet-B0).

Predicted
PD-ON HC
PD-ON 1095 (TP) 31 (FN)
Actual HC 27 (FP) 991 (TN)

SST showed competitive performance, especially in the HC vs. PD-ON task, where
SST-EfficientNet-B0 achieved an MCC of 0.95. This suggests that the SST is suitable for
capturing medication-related variations. However, SST showed slightly lower SPE in some
cases, which may reflect its sensitivity to variability introduced by the medication.

DWT consistently produced lower accuracies than CWT and SST, with results ranging
between 90.21% and 94.09%. Despite this limitation, DWT-based models achieved a high
PRE, indicating reliable detection when PD was predicted. This reduced performance
suggests that the DWT may be less effective in representing continuous frequency varia-
tions in EEG signals associated with PD. To assess whether the performance differences
among TF representations generalize across CNN architectures, we performed a pooled
statistical analysis combining the results from all four networks, yielding 20 samples per
condition (i.e., 4 networks x 5 folds = 20). As shown in Table 7, both CWT and SST
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significantly outperformed DWT for both tasks based on the resulting classification accura-
cies, with p-values below 0.001. The difference between CWT and SST, however, was not
statistically significant.

Table 7. Statistical comparison of TF representations using pooled data from all CNN architectures.

Task Comparison Mean Difference (%) p-Value

HC vs. PD-ON CWT vs. DWT +3.44 <0.001
SST vs. DWT +3.18 <0.001
CWT vs. SST +0.26 0.538

HC vs. PD-OFF CWT vs. DWT +3.36 <0.001
SST vs. DWT +2.93 <0.001
CWT vs. SST +0.43 0.200

The selection of CNN architecture also influences performance. EfficientNet-B0 ex-
hibited the most robust behavior, achieving the highest ACC in most configurations. Its
design supports effective feature extraction from the TF representations. ResNet-18 per-
formed particularly well with the SST and CWT, achieving an MCC of 0.95 in both the
PD-ON and PD-OFF tasks. This indicates that residual connections support the learning of
discriminative EEG features across different medication states. MobileNetV3-L achieved
moderate ACC with consistently high PRE. This performance pattern suggests conservative
classification behavior, which reduces false positives. ShuffleNet-V2 showed the lowest
overall performance, though MCC values remained acceptable, indicating its potential use
in computationally limited settings.

To evaluate the practical feasibility of the proposed architectures for clinical deploy-
ment, we measured computational requirements including model parameters and inference
time. Table 8 summarizes the computational characteristics of each evaluated architec-
ture. The inference time was averaged over 1000 forward passes with a batch size of
32 on a single NVIDIA Tesla T4 GPU. ShuffleNet-V2 offers the lowest computational cost
(2.3 M parameters, 12.1 ms inference time), followed by MobileNetV3-L (5.5 M parameters,
22.5 ms). EfficientNet-B0, despite having relatively few parameters (5.3 M), exhibits the
longest inference time (35.8 ms) owing to its compound scaling strategy and squeeze-and-
excitation operations. Nevertheless, EfficientNet-BO provides the best accuracy-efficiency
trade-off when considering the classification performance alongside the computational
requirements, achieving 97.28% ACC for HC vs. PD-OFF task. ResNet-18, despite having
twice the number of parameters as EfficientNet-B0 (11.7 M), achieved a competitive but not
superior ACC with a moderate inference time (27.5 ms), suggesting that depth alone does
not guarantee better performance on TF EEG representations. All measured inference times
are well within acceptable ranges for clinical diagnostic applications, where sub-second
processing is typically sufficient.

Table 8. Computational efficiency comparison of evaluated CNN architectures.

Architecture Parameters (Million) Inference Time (ms) Model Size (MB)
EfficientNet-BO 53 35.8+04 21.2
ResNet-18 11.7 275+05 44 .8
MobileNetV3-L 5.5 225+0.2 21.6
ShuffleNet-V2 2.3 12.1+0.1 9.2

The high performance achieved in both the PD-ON and PD-OFF tasks supports the
clinical relevance of the proposed framework. The CWT-EfficientNet-BO combination
achieved balanced SEN and SPE values above 97%, which is suitable for screening and
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diagnostic support. Strong performance in the PD-OFF state is particularly important
because it reflects disease characteristics without medication effects. A high SEN reduces
missed diagnoses, whereas a high SPE limits unnecessary referrals. MCC values above 0.90
confirm reliable performance under class imbalance.

The availability of accurate results across different architectures allows for flexible
deployment. Lightweight models can be used in resource-limited environments, while
deeper models can support specialized clinical settings. Overall, EEG-based analysis offers
a noninvasive and objective tool for the assessment and monitoring of Parkinson’s disease.

An important consideration in this study is whether the models capture core disease-
related neurophysiological signatures or medication-induced EEG changes. Dopaminergic
medication modulates cortical oscillatory activity, particularly in the beta and theta fre-
quency bands [52]. The high classification ACC achieved for both HC vs. PD-ON (97.26%)
and HC vs. PD-OFF (97.28%) tasks suggests that the models learn features related to PD
pathology that persist across medication states, rather than primarily detecting medication
effects. However, the slightly different optimal TF representations for each task (SST for
PD-ON and CWT for PD-OFF) may reflect subtle differences in how medications modulate
spectral dynamics. Future studies incorporating direct PD-ON vs. PD-OFF classification
and feature interpretability analysis would help disentangle disease-specific biomarkers
from medication-related confounds.

3.2. Performance of the Proposed Framework Under Subject-Wise 5-Fold CV Strategy

To ensure rigorous assessment of generalization to unseen patients, a subject-wise
5-fold CV strategy was implemented using the Group-K-Fold method from scikit-learn.
Unlike conventional CV, which randomly splits individual samples, this approach ensures
that all EEG images from a given subject are assigned exclusively to either the training or
the test set, preventing information leakage and providing a clinically relevant evaluation
of model generalizability.

Since each subject contributed multiple 15-s EEG images, a majority-voting decision
aggregation strategy was applied: a subject was classified correctly if more than 50%
of their images were correctly predicted. This ensures that the final diagnosis reflects
consistent patterns across multiple temporal windows rather than transient fluctuations in
individual images.

The classification results under subject-wise CV are reported in Table 9. As expected,
the performance decreased substantially compared with the image-wise CV strategy, re-
flecting the increased difficulty in generalizing to entirely unseen individuals. For the
HC vs. PD-ON task, accuracy ranged from 61.29% to 83.87%, with DWT-ShuffleNet-V2
achieving the highest ACC (83.87%) and MCC (0.68). CWT-based models showed weaker
generalization in this task, with ShuffleNet-V2 achieving the lowest ACC of 61.29%. For the
HC vs. PD-OFF task, performance was generally higher, with CWT-MobileNetV3-L achiev-
ing the best ACC of 83.87% and the highest MCC of 0.69, followed by DWT-ResNet-18 with
identical ACC and a similar MCC of 0.68.

It is worth noting that identical performance values appearing across different config-
urations are not erroneous. Given the small number of subjects (15 PD + 16 HC = 31 total)
and subject-level majority-voting aggregation, different model configurations could yield
the same number of correctly classified subjects per fold, resulting in numerically identical
metrics. This is an inherent consequence of the coarse subject-level granularity rather than
a reporting artifact.

The substantial gap between image-wise and subject-wise CV results highlights the risk
of overestimating model performance when subject identity is not controlled during data
splitting. Despite the performance reduction, several configurations achieved accuracies
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above 80%, suggesting that the proposed framework captures generalizable PD-related EEG
patterns. Nevertheless, expanding the dataset to include a larger number of subjects would
be essential to validate and improve cross-subject generalization before clinical deployment.

Table 9. Subject-wise classification performance for the HC vs. PD-ON and HC vs. PD-OFF tasks
using different time—frequency representations. Values are reported as mean & 95% confidence
interval (CI) computed over n = 31 subjects.

HC vs. PD-ON (Subject-Wise CV Strategy)

TFR CNN ACC (%) PRE (%) SEN (%) SPE (%) MCC
EfficientNet-BO 7419 + 154 66.67 £16.6 7692+ 148 7222+158 049
DWT ResNet-18 7419+ 154 80.00+ 141 7059+16.0 7857+144 049
MobileNetV3-L  67.74 £16.5 60.00 £17.2 69.23 £16.3 66.67 £16.6  0.35
ShuffleNet-V2 ~ 83.87 +£129 80.00 £14.1 8571+123 8235+134 0.68
EfficientNet-BO 7419 £154 66.67 £16.6 7692 +£14.8 7222 +158 0.49
CWT ResNet-18 6774 +16.5 5333176 7273+157 65.00£168 0.36
MobileNetV3-L 6774+ 165 5333£17.6 7273+157 65.00£16.8 0.36
ShuffleNet-V2 6129 £17.2 5333 +£17.6 61.54+171 61.11+172 0.22
EfficientNet-BO 7097 +£16.0 60.00 £17.2 75.00+ 152 6842+16.4 042
ST ResNet-18 7097 +£16.0 80.00+14.1 66.67 =166 7692+148 043
MobileNetV3-L  67.74 £16.5 60.00 £17.2 69.23 £16.3 66.67 £16.6  0.35
ShuffleNet-V2 7419+ 154 7333 £156 7333+15.6 75.00£152 048
HC vs. PD-OFF (Subject-Wise CV Strategy)
TFR  CNN ACC (%) PRE (%) SEN (%) SPE (%) MCC
EfficientNet-BO 7419 154 66.67 £16.6 7692 +14.8 7222 +158 0.49
DWT ResNet-18 83.87 +£129 80.00£141 85714123 8235+134 0.68
MobileNetV3-L 7742+ 147 7333 £156 7857 +144 7647 +149 055
ShuffleNet-V2 7742+ 147 7333 +156 7857 +144 7647+149 0.55
EfficientNet-BO  80.65 +13.9 7333 £156 84.62+127 7778+146 0.62
CWT ResNet-18 7742+ 147 7333 +156 7857 +144 7647+149 0.55
MobileNetV3-L  83.87 +£129 7333£156 91.67+£97 7895+144 0.69
ShuffleNet-V2 ~ 80.65+13.9 80.00 £14.1 80.00+14.1 81.25+£137 0.61
EfficientNet-BO 7742 +14.7 7333 +£15.6 7857 £144 7647 +£149 055
SST ResNet-18 7742 +£147 66.67 £16.6 8333 £131 73.68+155 0.56
MobileNetV3-L 7742+ 147 7333 £156 7857 +144 7647 +149 055
ShuffleNet-V2 ~ 80.65+ 139 7333 +£15.6 84.62+127 77.78+146 0.62

3.3. Comparison with Existing Studies

Table 10 compares the proposed method with previous EEG-based PD studies eval-
uated using the San Diego dataset. For the HC vs. PD-OFF task, the proposed CWT-
EfficientNet-BO approach achieved an ACC of 97.28%, ranking second after the model
proposed in [53], which reported 99.83% using stationary wavelet transform (SWT) and an
AlexNet-based CNN. For the HC vs. PD-ON task, SST-EfficientNet-B0 achieved an ACC of
97.26%, again second to the model in [53]. Despite a slightly lower accuracy, the proposed
method relies on an efficient deep-learning framework rather than handcrafted features.

A key contribution of this study is the systematic evaluation of three TF representa-
tions (DWT, CWT, and SST) across four CNN architectures (EfficientNet-B0, ResNet-18,
MobileNetV3-L, and ShuffleNet-V2) under image-wise and subject-wise 5-fold CV strate-
gies rather than a single image-wise evaluation [52-56]. The results show that the CWT
and SST consistently outperform the DWT. The CWT performed best for PD-OFF detection,
whereas the SST was more effective for PD-ON classification.

In addition to the ACC, the best configurations achieved high MCC, indicating reli-
able and balanced performance. EfficientNet-B0 also offers reduced computational costs
compared to deeper networks, which is beneficial for practical and clinical deployment.
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The proposed approach provides a competitive ACC with improved efficiency
and a more precise understanding of the interaction between TF representations and
CNN architectures.

Table 10. Comparison of existing EEG-based PD detection studies with the proposed approach on

the San Diego dataset.

Reference  Method Task ACC
[52] Tunable Q-factor wavelet transform, nonlinear HC vs. PD-OFF  96.13%
features, Support Vector Machine HCvs. PD-ON  97.65%
[54] Waveform shape, spectral and statistical features, HC vs. PD-OFF  85.10%
Gaussian process classifier HCvs. PD-ON  83.90%
[55] Phase locking value and power spectral density, HC vs. PD-OFF  89.16%
LeNet-5 HCvs. PD-ON  92.19%
[56] Top-ranked features, Support Vector Machine HC vs. PD-OFF  87.09%
[53] Stationary wavelet transform, AlexNet-based CNN  HC vs. PD-OFF  99.83%
HCvs. PD-ON  99.83%
This Study  SST, EfficientNet-B0O HC vs. PD-ON  97.26%
CWT, EfficientNet-B0 HC vs. PD-OFF  97.28%

3.4. Contributions and Limitations

This study makes several contributions to the automated use of EEG signals for PD
identification. First, a systematic comparison of the TF representations shows that the CWT
and SST consistently outperform the DWT across all evaluated CNN architectures, with
image-wise accuracies reaching 97.28% for HC vs. PD-OFF (CWT with EfficientNet-B0) and
97.26% for HC vs. PD-ON (SST with EfficientNet-B0) (Table 5). Second, an analysis of four
CNN models demonstrated how the network architecture interacts with the signal repre-
sentation and identifies optimal configurations for both PD-ON and PD-OFF classification
tasks. Third, the proposed framework achieved state-of-the-art performance for HC vs.
PD-OFF (97.28%) and HC vs. PD-ON (97.26%) while relying on lightweight architectures
that support computational efficiency and clinical deployment. Finally, high MCC values
of up to 0.95 confirm a robust and reliable classification performance at the image-wise
CV level.

This study had several limitations. The evaluation was conducted exclusively on
the San Diego dataset with only 31 subjects (16 HC, 15 PD), which limits the generaliz-
ability to other populations with different demographic characteristics, disease stages,
or EEG acquisition protocols. While subject-wise CV was performed (see Table 9), the
results reveal substantially reduced performance compared to image-wise evaluation, with
subject-wise accuracies ranging from 61.29% to 83.87% compared to 90-97% at the epoch
level. This performance gap indicates that the models face considerable challenges when
generalizing to entirely unseen subjects and underscores the critical need for validation
on larger, independent cohorts before clinical translation can be considered. This study
focused on binary classification tasks (HC vs. PD-ON and HC vs. PD-OFF) and did not
address multi-class problems such as disease severity staging or differentiation among
Parkinsonian syndromes. Additionally, more recent deep learning approaches, such as
vision transformers [57] and attention mechanisms [58], have not been explored, and the
interpretability of the learned features has not been investigated through methods such
as Grad-CAM [59], which would enhance clinical trust and understanding of the auto-
mated diagnostic process. Moreover, the modest subject-wise classification performance
highlights that the current models may be learning subject-specific patterns rather than
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generalizable disease biomarkers, reinforcing the necessity of multicenter validation studies
with larger sample sizes.

4. Conclusions

This study systematically evaluated TF representation methods combined with pre-
trained CNNs for automated EEG-based PD detection. Three TF techniques (DWT, CWT,
and SST) were evaluated using four lightweight CNN architectures (EfficientNet-B0,
ResNet-18, MobileNetV3-L, and ShuffleNet-V2) under consistent experimental settings.

The results show that the choice of TF representation method has a significant impact
on the classification performance. CWT and SST consistently outperformed DWT in all
architectures. The best performance was achieved by CWT-EfficientNet-BO for HC vs.
PD-OFF classification (97.28%) and SST-EfficientNet-B0 for HC vs. PD-ON classification
(97.26%). In other words, continuous TF representations are more effective for decoding
EEG patterns related to PD.

Among the evaluated networks, EfficientNet-B0O demonstrated the most robust perfor-
mance while maintaining its computational efficiency. The strong results obtained with
lightweight architectures confirm that high classification accuracy can be achieved without
complex or resource-intensive models, which is important for clinical application.

The findings demonstrate that combining appropriate TF representations with efficient
pretrained CNN architectures achieves a high image-wise classification performance for
EEG-based PD detection. However, the substantial performance gap between image-wise
(90-97%) and subject-wise (67-84%) CV indicates that current models primarily capture
dataset-specific or subject-specific patterns rather than fully generalizable disease biomark-
ers. The proposed methodology may provide a foundation for future clinical tools but
requires rigorous validation on larger, independent, multicenter cohorts with subject-
independent evaluation protocols before clinical translation can be considered. Future
work should prioritize interpretability methods to confirm that models learn pathological
neurophysiological signatures rather than confounding factors, and should incorporate lon-
gitudinal data to assess model robustness for disease monitoring and progression tracking.
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Abbreviations

The following abbreviations are used in this manuscript:

PD Parkinson’s disease
EEG Electroencephalography

TF Time-frequency

DWT Discrete wavelet transform
CWT Continuous wavelet transform
SST Synchrosqueezing transform
CNN Convolutional neural network

ASR Artifact Subspace Reconstruction

HC Healthy control

(6% Cross-validation

PET Positron emission tomography
CT Computed tomography

MRI Magnetic resonance imaging

SPECT Single-photon emission computed tomography
fMRI Functional magnetic resonance imaging

STFT Short-time Fourier transform

ACC Accuracy

PRE Precision

SEN Sensitivity

SPE Specificity

MCC Matthews correlation coefficient
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