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Abstract 

Background/Objectives: Dementia is a progressive neurodegenerative disorder for which 
accurate and timely diagnosis remains a major clinical challenge. Electroencephalography 
(EEG) offers a noninvasive and cost-effective means of capturing neurophysiological al-
terations, motivating the development of reliable EEG-based automated diagnostic frame-
works. This study aims to systematically examine how different time–frequency represen-
tations (TFRs) affect dementia classification performance within a unified multi-channel 
EEG image fusion framework. Methods: Resting-state, eyes-closed EEG recordings from 
88 subjects, including Alzheimer’s disease, frontotemporal dementia, and cognitively nor-
mal controls, were preprocessed and segmented. Channel-wise signals were converted 
into two-dimensional time–frequency images using Short-Time Fourier Transform 
(STFT), Continuous Wavelet Transform (CWT), Hilbert–Huang Transform (HHT), Wig-
ner–Ville Distribution (WVD), or Constant-Q Transform (CQT). Images from 19 EEG 
channels were fused into a structured grid and classified using pretrained convolutional 
neural networks, including MobileNetV2, ResNet-50, and InceptionV3. Results: Results 
indicate that classification performance is highly dependent on the chosen TFR. The STFT-
based representation combined with InceptionV3 achieved the highest accuracy, reaching 
98.8% with random splitting and 84.3% with subject-wise splitting, outperforming previ-
ous studies. CQT also showed competitive performance, whereas HHT and WVD were 
less effective. Gradient-weighted class activation mapping provided interpretable visual-
ization of physiologically relevant EEG channel contributions. Conclusions: The pro-
posed framework demonstrates the importance of structured multi-channel fusion and 
systematic TFR evaluation for robust and interpretable EEG-based dementia classification 
and serves as a foundation for future cross-dataset validation. 

Keywords: dementia detection; electroencephalography (EEG); time–frequency  
representation; deep learning; multi-channel image fusion 
 

1. Introduction 
Dementia encompasses a group of progressive neurodegenerative conditions that 

impair memory, cognition, and functional independence [1], and it has become one of the 
most pressing global public health challenges of the twenty-first century [2]. With global 
aging, dementia prevalence is rising sharply, imposing unsustainable medical, socioeco-
nomic, and caregiver burdens worldwide [3]. Among the various dementia subtypes, 
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Alzheimer’s disease (AD) is the most widespread, characterized by gradual declines in 
memory, executive function, and learning ability due to widespread neurodegeneration 
[4,5]. Frontotemporal dementia (FTD), though less prevalent than AD, predominantly 
strikes individuals under 65, causing severe behavioral disinhibition, language deficits, 
and dysexecutive syndrome—distinct profiles that often delay or confuse diagnosis [6,7]. 
Both disorders lack curative treatments, making early, reliable, and accessible detection 
essential for timely clinical intervention, patient management, caregiver planning, and the 
evaluation of emerging therapeutic strategies [8]. 

Despite advances in clinical practice, current diagnostic pathways for dementia rely 
heavily on neuropsychological evaluations, structured cognitive assessments, and neu-
roimaging techniques such as magnetic resonance imaging (MRI), computed tomography 
(CT), and positron emission tomography (PET) [9,10]. Although these tools provide valu-
able insights into structural and functional brain alterations, they are often time-consum-
ing, expensive, and dependent on specialized expertise, which limits their availability in 
many clinical settings [11,12]. Neuroimaging modalities may also involve exposure to ra-
diation or require the administration of radioactive tracers, adding further constraints for 
routine or repeated use [13]. As a result, substantial diagnostic delays are common, par-
ticularly in resource-limited environments, reducing the effectiveness of early interven-
tion strategies [14]. These challenges have intensified efforts to identify alternative bi-
omarkers that are non-invasive, cost-effective, widely accessible, and capable of capturing 
disease-related neural changes at early stages of cognitive decline [15,16]. 

Electroencephalography (EEG) has emerged as a particularly promising modality for 
dementia assessment due to its non-invasive nature, relatively low cost, and exceptional 
temporal resolution, which enables the capture of rapid neural dynamics that are not eas-
ily observable through other techniques [17,18]. Numerous studies have reported charac-
teristic EEG alterations in individuals with AD and FTD, including slowed dominant 
rhythms, reduced complexity, altered synchronization, and disrupted connectivity pat-
terns across cortical regions [19–21]. These electrophysiological signatures suggest that 
EEG can offer valuable biomarkers for distinguishing between dementia subtypes and 
healthy cognitive function. Conventional EEG analysis, typically based on visual inspec-
tion or handcrafted spectral and statistical features, can reveal such disease-related pat-
terns; however, these approaches are often limited by subjectivity, inter-rater variability, 
and reduced sensitivity to subtle, high-dimensional temporal–spectral interactions. As a 
result, there has been a growing shift toward computational approaches capable of mod-
eling complex EEG dynamics more effectively [22]. 

Building on this computational shift, studies leveraging EEG for dementia assess-
ment generally fall into two broad methodological categories: traditional machine learn-
ing pipelines that rely on handcrafted feature extraction, and deep learning frameworks 
designed to learn discriminative representations directly from the data. Within the ma-
chine learning paradigm, researchers typically construct structured workflows in which 
informative descriptors of EEG activity are manually engineered before being used to 
train classifiers such as support vector machines [23,24], k-nearest neighbors [23,25], deci-
sion trees [26], ensemble methods [27,28], or linear discriminant analysis [29]. These hand-
crafted features often aim to capture spectral power variations, temporal complexity, non-
linear dynamics, or entropy-based characteristics of the signal [23,30]. A substantial body 
of work has demonstrated the diagnostic potential of such approaches, with many studies 
reporting accuracies in the 86–96% range. Although machine learning-based strategies es-
tablished the feasibility of EEG-driven dementia classification, their dependence on man-
ual feature engineering and their susceptibility to dataset-specific tuning revealed inher-
ent limitations that ultimately motivated the adoption of deep learning approaches capa-
ble of automated feature learning. 
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On the other hand, deep learning has become widely recognized for its ability to ex-
tract intricate and clinically relevant patterns from diverse biomedical datasets, including 
EEG [31,32]. In recent years, there has been an increasing emphasis on leveraging deep 
learning methods to analyze EEG recordings for neurological disorders such as AD and 
FTD because of their automated feature-extraction capability and improved representa-
tion learning [33,34]. Deep learning models can capture complex temporal and spectral 
dependencies directly from raw or minimally transformed EEG signals, reducing or elim-
inating the need for extensive handcrafted feature engineering. Several studies have 
demonstrated this potential. Ferri et al. [35] employed stacked autoencoders to learn latent 
representations from resting-state EEG, achieving 80% accuracy in distinguishing AD 
from healthy controls (HC). Alessandrini et al. [36] trained recurrent neural networks 
(RNNs) to model temporal dependencies in EEG and reported 79.3% accuracy on a cohort 
of 35 subjects. Miltiadous et al. [37] further introduced DICE-Net, a dual-input architec-
ture combining convolutional, transformer encoder, and feed-forward layers to classify 
AD and FTD using band-power and coherence features, achieving 83.28% accuracy for 
AD vs. HC and 74.96% for FTD vs. HC. Chen et al. [38] combined convolutional neural 
network (CNN) and vision transformer (ViT) branches to improve representation learning, 
reaching 87.33% accuracy for AD vs. HC and 82.98% for FTD vs. HC on the same dataset. 
These studies collectively highlight the promise of deep learning frameworks operating 
on raw or transformed EEG signals. 

Complementing these advances, a separate line of research has focused on transform-
ing EEG signals into rich two-dimensional time–frequency representations (TFRs) prior 
to deep learning analysis. These approaches rely on the premise that TFRs provide a more 
informative depiction of the non-stationary characteristics of EEG, enabling convolutional 
models to better capture localized spectral–temporal patterns. Fouladi et al. [39] converted 
EEG recordings into RGB images using continuous wavelet transform and trained a cus-
tom CNN on data from 180 subjects, achieving an accuracy of 92%. Ieracitano et al. [40] 
employed power spectral density (PSD) maps as grayscale images and used CNN to clas-
sify 126 subjects (63 AD, 63 HC), achieving 93% accuracy. More recently, Stefanou et al. 
[41] used Fourier transform-based spectrograms with CNN architecture and demon-
strated improved cross-subject generalization, obtaining accuracies of 79.5% for AD ver-
sus controls and 80.7% for AD + FTD versus controls. Collectively, these studies under-
score the value of TFRs in enhancing discriminative learning in EEG-based dementia de-
tection. However, existing work typically relies on a single TFR, limits the use of spatially 
diverse EEG channels, or lacks a systematic framework for comparing alternative repre-
sentations. Consequently, it remains unclear which TFRs offer the most informative fea-
tures for distinguishing AD, FTD, and healthy cognition, highlighting a critical gap that 
motivates the present study. 

Despite these promising developments, important gaps remain in the existing litera-
ture. Current studies typically rely on a single TFR or focus on limited channel subsets, 
leaving open the question of how different TFRs compare when evaluated within a uni-
fied and controlled framework. Moreover, only a few deep learning approaches explicitly 
integrate information from all EEG channels in a structured manner that preserves the 
spatial relationships across the scalp, which is essential for capturing distributed patho-
logical patterns characteristic of AD and FTD. As a result, it is still not well understood 
which TFRs provide the most discriminative and neurologically meaningful features for 
distinguishing between AD, FTD, and HC. Addressing these shortcomings requires a sys-
tematic, multi-representation analysis capable of jointly leveraging the full spatial rich-
ness of multi-channel EEG. 

In light of these gaps, the present study aims to develop a unified and comprehensive 
framework for dementia detection using EEG by proposing a novel multi-channel image 
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fusion pipeline and systematically evaluating multiple TFRs within a controlled deep 
learning setting. Specifically, we examine five widely used TFRs—Short-Time Fourier 
Transform (STFT), Continuous Wavelet Transform (CWT), Hilbert–Huang Transform 
(HHT), Wigner–Ville Distribution (WVD), and Constant-Q Transform (CQT)—and 
benchmark their performance using three state-of-the-art pretrained CNNs: ResNet-50, 
InceptionV3, and MobileNetV2. This design enables a direct, fair, and reproducible com-
parison of how different TFRs contribute to the classification of AD and FTD. 

2. Material and Methods 
This section describes the complete computational pipeline proposed for EEG-based 

dementia detection. It details the dataset and preprocessing procedures, the generation of 
channel-wise TFRs, the construction of the fused multi-channel image input, and the deep 
learning architectures and training strategies used for model development and evaluation. 

2.1. Dataset 

The present study uses a publicly available EEG dataset [42], and all clinical diagno-
ses and cognitive assessments were performed during the original data collection. Alz-
heimer’s disease and frontotemporal dementia diagnoses were established by the dataset 
authors according to standard clinical criteria, including Diagnostic and Statistical Man-
ual of Mental Disorders, 3rd ed., revised (DSM-IIIR, DSM IV, ICD-10) and the National 
Institute of Neurological, Communicative Disorders and Stroke—Alzheimer’s Disease 
and Related Disorders Association (NINCDS—ADRDA) guidelines. The Mini-Mental 
State Examination (MMSE) was administered as part of the original clinical evaluation to 
quantify overall cognitive status and disease severity across groups. No diagnostic proce-
dures or cognitive testing were conducted by the authors of the present study, and no 
additional neuropsychological measures are available within the dataset. 

All EEG recordings were obtained during routine clinical examinations conducted in 
a hospital environment using a Nihon Kohden 2100 EEG system (Nihon Kohden Corpo-
ration, Tokyo, Japan). Signals were acquired from 19 scalp electrodes positioned accord-
ing to the international 10–20 system (Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, 
P3, Pz, P4, T6, O1, and O2), with mastoid electrodes A1 and A2 used for impedance mon-
itoring. The original dataset documentation does not report a specific quantitative imped-
ance threshold; impedance checks were performed as part of the routine clinical acquisi-
tion protocol. Data were recorded in a referential montage using Cz as the online reference, 
while participants were seated comfortably and instructed to keep their eyes closed. The 
EEG was sampled at 500 Hz with a resolution of 10 µV/mm. To ensure signal quality, 
subsequent preprocessing procedures, including band-pass filtering, Artifact Subspace 
Reconstruction, and Independent Component Analysis, were applied to mitigate poten-
tial artifacts and variability associated with acquisition conditions. Representative EEG 
signals from a single subject are illustrated in Figure 1. 

The dataset comprises three diagnostic groups: AD, FTD, and HC. Clinical diagnoses 
for AD and FTD were established by experienced clinicians according to internationally 
accepted criteria, including Diagnostic and Statistical Manual of Mental Disorders and the 
National Institute of Neurological, Communicative Disorders and Stroke—Alzheimer’s 
Disease and Related Disorders Association guidelines. Cognitive status was assessed us-
ing the Mini-Mental State Examination (MMSE), a 30-point standardized screening tool in 
which scores of 24–30 are generally considered indicative of normal cognition, scores be-
tween 18–23 correspond to mild cognitive impairment, and scores below 18 are associated 
with moderate to severe cognitive impairment [43]. Accordingly, lower MMSE scores re-
flect greater levels of global cognitive dysfunction. The HC group exhibited normal cog-
nitive function, with MMSE scores of 30. 
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Figure 1. Representative example of EEG recordings acquired from a single subject. 

The AD group consists of 36 participants (12 males and 24 females) with a mean age 
of 66.4 ± 7.9 years and an average MMSE score of 17.75, reflecting moderate cognitive 
decline. The FTD cohort includes 23 individuals (14 males and 9 females) with a mean age 
of 63.6 ± 8.2 years and a mean MMSE score of 22.17. The HC group comprises 29 neuro-
logically healthy subjects (11 males and 18 females) with a mean age of 67.9 ± 5.4 years, all 
achieving the maximum MMSE score. Recording durations varied across subjects but 
were comparable across diagnostic groups. AD recordings had a mean duration of ap-
proximately 13.5 ± 2.70, FTD recordings averaged 12.0 ± 1.87, and HC recordings were 
slightly longer, with a mean duration of 13.8 ± 2.14. In total, the dataset contains 485.5 min 
of AD EEG, 276.5 min of FTD EEG, and 402 min of HC EEG data. 

A detailed summary of demographic and clinical characteristics, including age 
ranges, sex distribution, MMSE statistics, and group-wise statistical comparisons, is pro-
vided in Table 1. 
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Table 1. Demographic and clinical characteristics of the study population. The table reports age 
(minimum, maximum, and mean), sex distribution, and MMSE scores (minimum, maximum, and 
mean) for the AD, FTD, and HC groups. Group-wise statistical comparisons were performed using 
one-way ANOVA, and corresponding p-values are provided. 

Characteristic  AD FTD HC 𝒑-Value 
Sample size (𝒏)  36 23 29 - 

Age (years) 
Min. 49 44 57 

0.115 Max. 79 78 78 
Mean ± SD 66.4 ± 7.9 63.6 ± 8.2 67.9 ± 5.4 

Sex 
Female (𝑛) 24 9 11 

- 
Male (𝑛) 12 14 18 

MMSE score 
Min. 4 18 30 

<0.001 Max. 23 27 30 
Mean ± SD 17.75 ± 4.50 22.2 ± 8.22 30.0 ± 0.0 

Duration (min) 
Min. 5.1 7.9 12.5 

0.556 Max. 21.3 16.9 16.5 
Mean ± SD 13.5 ± 2.70 12.0 ± 1.87 13.8 ± 2.14 

In line with previous studies [37,41,44], the EEG recordings were first band-pass fil-
tered using a Butterworth filter with cutoff frequencies of 0.5 and 45 Hz to suppress slow 
drifts and high-frequency artifacts. Following filtering, the signals were offline re-refer-
enced to the average of the O1 and O2 electrodes, replacing the original online Cz refer-
ence used during acquisition. Artifact Subspace Reconstruction was then applied to atten-
uate transient or high-amplitude artifacts using a conservative sliding window of 0.5 s 
and a maximum allowed standard deviation threshold of 17. Subsequently, Independent 
Component Analysis was performed to decompose the EEG into statistically independent 
sources, and components automatically identified as ocular or muscle-related artifacts 
based on their spatial topographies and temporal characteristics were removed, consistent 
with established ICA-based artifact rejection approaches [45,46]. The recordings were ac-
quired under eyes-closed resting-state conditions, which are commonly used in routine 
clinical EEG examinations to reduce visual stimulation and task-related variability and 
are frequently adopted in EEG-based dementia research [47,48]. Although recordings 
were obtained in this controlled condition, residual eye movement and blink-related ac-
tivity was still present in several sessions and was effectively suppressed through this 
artifact removal pipeline. 

After artifact removal, the cleaned EEG signals were resampled from 500 Hz to 125 
Hz. This step substantially reduces computational and memory demands during time–
frequency transformation and deep learning training, while preserving the frequency con-
tent relevant to dementia-related EEG analysis, which predominantly lies below 45 Hz. 
Following resampling, and in line with [49], the signals were segmented into overlapping 
20-s windows with 50% overlap. 

Ethical approval was not applicable for this study, as no new data was collected by 
the authors. The EEG data used are fully anonymized and publicly available, and were 
obtained from an existing dataset released for research purposes. 

2.2. Overview 

This study proposes a complete EEG–image fusion pipeline designed to transform 
multichannel EEG recordings into informative TFRs suitable for deep learning-based de-
mentia detection. As illustrated in Figure 2, the framework begins with EEG acquisition 
followed by preprocessing and segmentation, as described in Section 2.1. Each segmented 
window from the 19 channels is then independently transformed into one of five 
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candidate TFRs—STFT, CWT, HHT, WVD, or CQT—depending on the experimental con-
figuration. Every channel-level TFR is rendered as a standardized RGB image, and these 
images are arranged into a structured grid to form a single fused representation of the 
multichannel segment. The resulting composite image is subsequently fed into pretrained 
CNNs, including MobileNet-v2, ResNet-50, and Inception-v3, which leverage transfer 
learning to extract discriminative spectral–spatial features and perform dementia classifi-
cation. 

 

Figure 2. Overview of the proposed EEG–image fusion framework for dementia detection. The pipe-
line includes EEG preprocessing and segmentation, channel-wise time–frequency transformation 
using alternative TFR methods, fusion of the resulting images into a structured multichannel repre-
sentation, and classification using pretrained deep learning models. 

2.3. Input Generation 

After preprocessing and segmentation, each of the 19 EEG channels is converted into 
a time–frequency representation using one of the five methods considered in this study. 
To construct a unified input suitable for CNNs, all channel-wise TFR images are placed 
into a fixed 4 × 5 grid, following a predefined sequence that preserves channel identity 
and maintains consistency across samples. As illustrated in Figure 3, the first row contains 
the frontal electrodes Fp1, Fp2, F7, F3, and Fz; the second row includes F4, F8, T3, C3, and 
Cz; the third row arranges C4, T4, T5, P3, and Pz; and the final row includes P4, T6, O1, 
O2, with the remaining grid cell left empty. Each channel’s TFR is rendered as an RGB 
image using uniform resolution and color scaling. The resulting fused image integrates 
spectral–temporal information from all channels into a single composite representation 
that can be directly processed by the deep learning models employed in this study. 
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Figure 3. Example of a fused EEG time–frequency representation constructed by arranging channel-
wise TFR images into a fixed 4 × 5 grid. 

2.3.1. Short-Time Fourier Transform 

Short-Time Fourier Transform (STFT) is a technique commonly used for analyzing 
nonstationary signals by representing their frequency content over successive short time 
intervals [50]. By applying the Fourier transform within sliding windows, STFT enables 
localized time–frequency analysis, which is well suited for capturing the dynamic spectral 
behavior of EEG signals. In discrete form, STFT of a signal 𝑥ሾ𝑛ሿ is defined as: 

STFTሺ𝑚, 𝑘ሻ ൌ ෍ 𝑥ሾ𝑛ሿ𝑤ሾ𝑛 − 𝑚ሿ𝑒ି௝ଶగ௞௡ ே⁄ேିଵ
௡ୀ଴  (1)

where 𝑤ሾ⋅ሿ denotes the window function centered at time index 𝑚, 𝑘 is the frequency 
bin index, and 𝑁 is the window length. The magnitude of the STFT coefficients provides 
a time–frequency representation describing the distribution of signal energy across time 
and frequency. 

In this work, STFT was computed using a Hanning window with a duration of 0.5 s 
and 50% overlap between consecutive windows. This parameter configuration was cho-
sen to balance temporal localization and frequency resolution, allowing meaningful 
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characterization of EEG rhythms while maintaining continuity between adjacent time 
frames. Such a compromise is particularly important for dementia-related EEG analysis, 
where both transient and sustained oscillatory patterns are informative. 

2.3.2. Continuous Wavelet Transform 

Continuous Wavelet Transform (CWT) provides a multiresolution time–frequency 
analysis by decomposing a signal into scaled and shifted versions of a prototype wave-
form, known as the mother wavelet [51]. Unlike fixed-resolution methods such as STFT, 
CWT offers adaptive time and frequency resolution, making it well suited for capturing 
both slow and fast oscillatory components of nonstationary EEG signals. For a discrete-
time signal 𝑥[𝑛], CWT is expressed as: 

CWTሺ𝑎, 𝑏ሻ = ෍𝑥[𝑛] 1√𝑎  𝜓∗ ൬𝑛 − 𝑏𝑎 ൰ேିଵ
௡ୀ଴  (2)

where 𝜓(⋅) denotes the mother wavelet, 𝑎 is the scale parameter controlling frequency 
resolution, 𝑏 represents the time shift, (∙)∗ denotes complex conjugation, and 𝑁 is the 
signal length. Smaller scales correspond to higher frequencies with finer temporal locali-
zation, while larger scales capture lower-frequency components with improved frequency 
resolution. 

In this study, the analytic Morse (amor) wavelet was selected due to its strong time–
frequency localization properties and analytic nature, which reduce spectral leakage and 
enable accurate frequency estimation. The scale discretization was configured with ten 
voices per octave, providing a dense frequency sampling that facilitates the capture of 
subtle spectral–temporal variations in EEG activity. 

2.3.3. Hilbert–Huang Transform 

Hilbert–Huang Transform (HHT) is a data-driven time–frequency analysis technique 
specifically designed for nonlinear and nonstationary signals [52]. Unlike transform-based 
methods that rely on predefined basis functions, HHT adaptively decomposes the signal 
according to its intrinsic oscillatory modes. 

HHT consists of two main stages. First, Empirical Mode Decomposition (EMD) is 
applied to decompose a discrete EEG signal 𝑥[𝑛] into a finite set of intrinsic mode func-
tions (IMFs) and a residual component: 

𝑥[𝑛] = ෍ IMF୩[𝑛] + 𝑟[𝑛]௄
௞ୀଵ  (3)

where IMF௞[𝑛] denotes the 𝑘-th intrinsic mode function, 𝑟[𝑛] is the residual, and 𝐾 is 
the total number of extracted IMFs. Each IMF represents a narrowband oscillatory com-
ponent with locally symmetric envelopes and a well-defined instantaneous frequency. In 
this study, the maximum number of intrinsic mode functions was limited to 40 based on 
preliminary experiments assessing decomposition stability across EEG segments. This up-
per bound was found to provide sufficient decomposition depth to capture relevant oscil-
latory components while avoiding over-fragmentation, mode mixing, and unstable in-
stantaneous frequency estimates that can arise when excessively large numbers of IMFs 
are extracted. 

To improve the numerical stability of the envelope estimation during EMD, piece-
wise cubic Hermite interpolation was employed when constructing the upper and lower 
envelopes from local extrema. This interpolation strategy preserves local monotonicity 
and reduces overshooting artifacts, resulting in smoother and more physically meaningful 
IMFs. 
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In the second stage, the Hilbert transform is applied to each IMF to compute the cor-
responding analytic signal: 𝑧௞[𝑛] = IMF௞[𝑛] + 𝑗 ℋሼIMF௞[𝑛]ሽ (4)

where ℋ{⋅} denotes the Hilbert transform and 𝑗 is the imaginary unit. From the analytic 
signal, the instantaneous amplitude and instantaneous frequency are derived, enabling 
the construction of the Hilbert spectrum, which represents the signal’s energy distribution 
over time and frequency. 

2.3.4. Wigner-Ville Distribution 

Wigner–Ville Distribution (WVD) is a quadratic time–frequency representation that 
provides high-resolution characterization of signal energy jointly in time and frequency 
[53]. For a discrete-time EEG signal 𝑥[𝑛], the classical WVD is defined as: 

𝑊௫[𝑛,𝑓] = ෍ 𝑥[𝑛 + 𝑚]𝑥∗[𝑛 − 𝑚]𝑒ି௝ଶగ௙௠ெ
௠ୀିெ  (5)

where 𝑛 denotes the time index, 𝑓 represents frequency, (∙)∗ denotes complex conju-
gation, and 𝑚 is the lag variable. WVD is known for its excellent localization properties; 
however, when applied to multicomponent signals such as EEG, it may produce cross-
term interference that can obscure meaningful spectral structures. 

To mitigate this effect, a smoothed pseudo-Wigner–Ville formulation was adopted in 
this study. In this variant, smoothing windows are applied along both the time and lag 
dimensions prior to frequency transformation, effectively suppressing cross-terms while 
preserving the dominant auto-term components associated with genuine signal oscilla-
tions. This trade-off yields a cleaner and more interpretable time–frequency representa-
tion, which is particularly important for nonstationary EEG data. 

The time–frequency plane was discretized using 2500 uniformly spaced time samples 
and 1000 frequency bins. These values were selected based on empirical evaluations to 
ensure adequate temporal and spectral resolution for capturing EEG dynamics within 
each segment, while maintaining numerical stability and manageable computational cost. 
Increasing the resolution beyond these values did not yield perceptible improvements in 
representation quality, whereas lower resolutions resulted in loss of fine spectral–tem-
poral detail. The adopted configuration therefore represents a practical balance between 
resolution, stability, and efficiency. 

2.3.5. Constant-Q Transform 

Constant-Q Transform (CQT) is a time–frequency representation designed to pro-
vide logarithmically spaced frequency bins, offering higher frequency resolution at lower 
frequencies and finer temporal resolution at higher frequencies [54]. This property makes 
CQT particularly suitable for analyzing EEG signals, whose diagnostically relevant infor-
mation is often concentrated in lower frequency bands. Unlike linear-frequency trans-
forms, CQT maintains a constant quality factor 𝑄, defined as the ratio of center frequency 
to bandwidth. For a discrete-time EEG signal 𝑥[𝑛], CQT coefficient at time index 𝑛 and 
frequency bin 𝑘 can be expressed as 

𝑋(𝑘,𝑛) = ෍ 𝑥\[𝑛 −𝑚]𝑤௞[𝑚]𝑒ି௝ଶగ௙ೖ௙ೞ௠ ௅ೖିଵ
௠ୀ଴  (6)

where 𝑓௦  denotes the sampling frequency, 𝑓௞  is the center frequency of the 𝑘 -th fre-
quency bin, 𝑤௞[𝑚] is a frequency-dependent analysis window, and 𝐿௞ is the window 
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length associated with that bin. The window length varies inversely with frequency, en-
suring that the ratio 𝑄 = ௙ೖ୼௙ೖ remains constant across all bins. 

In this study, the frequency axis was partitioned into 24 bins per octave, resulting in 
fine-grained logarithmic frequency resolution. This choice enables detailed modeling of 
EEG oscillatory activity across conventional frequency bands, such as delta, theta, alpha, 
beta, and gamma, while preserving sensitivity to subtle frequency shifts that may be as-
sociated with dementia-related neurophysiological changes. 

For all five time–frequency representation methods considered in this study, the 
transformations were applied independently to each EEG channel within the segmented 
signals described at the beginning of Section 2.3. The resulting time–frequency coefficients 
were converted into two-dimensional images using a consistent resolution and normali-
zation strategy to ensure comparability across representations and channels. For STFT, 
CWT, and CQT, the magnitude (amplitude) of the time–frequency coefficients was used 
to generate the corresponding images, whereas for HHT and WVD, the resulting time–
frequency maps represent energy distributions derived from instantaneous amplitude or 
quadratic energy formulations. 

Linear magnitude scaling was applied to STFT-, HHT-, and WVD-based representa-
tions, while logarithmic frequency scaling is inherently employed in CWT and CQT due 
to their multiresolution and constant-Q formulations. For all representations, the resulting 
amplitude or energy values were normalized to the range of [0, 1] prior to visualization 
and mapped to a uniform RGB colormap, ensuring consistent intensity encoding across 
channels and time–frequency methods. These channel-wise RGB images were then com-
bined according to the predefined grid arrangement to form a single fused multichannel 
representation, which serves as the final input to the deep learning models. This unified 
image generation and fusion process enables a fair and systematic evaluation of alterna-
tive TFRs within an identical learning framework. 

2.4. Transfer Learning and Models Employed 

Transfer learning has become a widely adopted strategy in deep learning applica-
tions where labeled data are limited, as is often the case in biomedical signal analysis [55]. 
Instead of training deep neural networks from scratch, transfer learning leverages 
knowledge acquired from large-scale datasets to initialize model parameters, allowing the 
network to adapt more effectively to a target task. In this study, transfer learning is par-
ticularly advantageous because the proposed framework converts multichannel EEG re-
cordings into standard three-channel RGB images, enabling the direct use of well-estab-
lished two-dimensional CNNs originally developed for natural image recognition. 

All TFRs generated through the proposed pipeline were mapped to RGB image for-
mat and resized to match the input requirements of the selected pretrained architectures. 
This design choice allows the models to exploit rich hierarchical feature extractors learned 
from large image repositories, while fine-tuning the higher-level layers to capture EEG-
specific temporal–spectral patterns associated with dementia. Compared to EEG-specific 
or one-dimensional architectures, this approach benefits from mature, well-validated net-
work designs and stable optimization behavior. 

Three pretrained CNNs were employed in this study: MobileNetV2 [56], ResNet-50 
[57], and InceptionV3 [58]. These models represent different points along the accuracy–
efficiency spectrum and enable a systematic comparison between lightweight and more 
computationally intensive architectures. MobileNetV2 is designed for efficiency and em-
ploys depthwise separable convolutions and inverted residual blocks, substantially re-
ducing the number of trainable parameters and floating-point operations while maintain-
ing competitive representational capacity. ResNet-50 introduces deep residual learning 
through skip connections, allowing effective training of deeper networks and improved 
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feature discrimination at the cost of increased computational complexity. InceptionV3 uti-
lizes parallel convolutional kernels of varying sizes within its inception modules, enabling 
multi-scale feature extraction but requiring higher computational resources. 

Table 2 reports the number of trainable parameters and the approximate number of 
floating-point operations (FLOPs) required for a single forward pass for each architecture 
under the adopted input resolution. This comparison allows an explicit assessment of the 
trade-off between representational capacity and computational efficiency among the eval-
uated models. 

Table 2. Computational complexity of the employed models. 

Model Trainable Parameters (M) FLOPs (G) 
MobileNetV2 3.4 0.3 

ResNet-50 25.6 4.1 
InceptionV3 23.8 5.7 

2.5. Model Fine-Tuning 

All pretrained networks were fine-tuned following a unified training protocol to en-
sure a fair and consistent comparison across models and TFRs. The segments were ran-
domly partitioned into training, validation, and test sets using a 60%–20%–20% split, a 
ratio that has been commonly adopted in prior EEG-based deep learning studies to bal-
ance model learning, hyperparameter tuning, and unbiased performance evaluation [59]. 
The training set was used to update network weights, the validation set to monitor gen-
eralization behavior and guide early stopping, and the test set was reserved exclusively 
for final performance assessment. 

Fine-tuning was performed using the Adam optimizer with an initial learning rate 
set to 5 × 10ିସ, which provided stable convergence while allowing sufficient adaptation 
of pretrained weights to the EEG-based image domain. The networks were trained for a 
maximum of 200 epochs using the cross-entropy loss function, appropriate for multi-class 
dementia classification. To mitigate overfitting and improve robustness, online data aug-
mentation was applied during training using only structure-preserving transformations. 
Specifically, small random translations along the time and frequency axes and mild iso-
tropic scaling were employed to simulate natural temporal misalignments and global am-
plitude variations commonly observed in EEG recordings. In addition, reflection was ap-
plied along the time axis only, corresponding to a time-reversal operation that does not 
alter spectral content or inter-channel relationships. No transformations that would invert 
or distort the frequency axis were used, ensuring that the temporal–spectral interpretation 
of the TFRs is preserved. 

An early stopping mechanism was employed based on validation accuracy, with 
training terminated if no improvement was observed for 20 consecutive epochs. This strat-
egy prevents unnecessary training and reduces the risk of overfitting, particularly given 
the limited size of clinical EEG datasets. All experiments were implemented and con-
ducted using MATLAB R2024b, ensuring a reproducible and standardized experimental 
environment across all model configurations. 

2.6. Model Evaluation 

The performance of the proposed framework was assessed using standard classifica-
tion metrics that are widely adopted in medical decision-support systems. Specifically, 
accuracy, macro-averaged precision, macro-averaged recall, and macro-averaged F1-
score were employed to provide a comprehensive evaluation of model behavior across all 
classes. Macro-averaging was chosen to ensure that each class contributes equally to the 
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final score, which is particularly important in dementia classification scenarios where 
class imbalance may exist. Performance metrics and confusion matrices reported in this 
study were computed at the segment (window) level, reflecting the direct predictions pro-
duced by the models from individual TFRs. 

Accuracy measures the overall proportion of correctly classified samples and is de-
fined as Accuracy (ACC) = TP + TNTP + TN + FP + FN (7)

where TP, TN, FP, and FN represent the numbers of true positives, true negatives, false 
positives, and false negatives, respectively. 

Precision quantifies the reliability of positive predictions by measuring the propor-
tion of correctly identified samples among all samples predicted for a given class. Recall 
reflects the model’s ability to correctly identify all samples belonging to a particular class. 
For multi-class evaluation, precision and recall were computed independently for each 
class and then averaged using macro-averaging, which assigns equal weight to all classes 
regardless of their sample sizes. Macro-averaged precision and recall are defined as 

Precision (PR) = 1𝐶෍ TP௜TP௜ + FP௜஼
௜ୀଵ  (8)

Recall (RE) = 1𝐶෍ TP௜TP௜ + FN௜ ஼
௜_ଵ  (9)

where 𝐶 denotes the number of classes and TP௜, FP௜, and FN௜ correspond to class-spe-
cific true positives, false positives, and false negatives. 

The macro-averaged F1-score provides a balanced measure that jointly considers pre-
cision and recall and is computed as the harmonic mean of the macro-averaged precision 
and recall: F1− score (F1) = 2 × PR × REPR + RE  (10)

3. Results 
This section presents the experimental results obtained from the proposed multi-

channel EEG image fusion framework for dementia detection. Classification performance 
is evaluated across all combinations of TFRs and pretrained deep learning architectures 
using the held-out test set described in Section 2.5. Standard evaluation metrics, including 
accuracy, macro-averaged precision, recall, and F1-score, are reported to enable a com-
prehensive and balanced assessment of model behavior across classes. 

The results obtained using STFT are summarized in Table 3. STFT-based representa-
tions yielded consistently strong performance across all three pretrained models, indicat-
ing that the localized spectral–temporal information captured by this representation is 
highly discriminative for dementia classification. All models achieved accuracy values ex-
ceeding 97%, with closely aligned macro-averaged precision, recall, and F1-score, reflect-
ing balanced classification behavior across the target classes. 

Table 3. Classification performance of MobileNetV2, ResNet-50, and InceptionV3 using STFT-based 
EEG image representations on the test set. 

Model Precision Recall F1-Score Accuracy 
MobileNet 97.61 97.54 97.57 97.67 
ResNet-50 97.75 97.79 97.77 97.88 
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Inception 98.68 98.74 98.71 98.76 

Among the evaluated architectures, Inception achieved the highest overall perfor-
mance when trained on STFT-based inputs, attaining an accuracy of 98.76%. ResNet-50 
and MobileNet also demonstrated competitive performance, with accuracies of 97.88% 
and 97.67%, respectively. The relatively small performance gap between models suggests 
that, when paired with an effective time–frequency representation such as STFT, the pro-
posed input generation and fusion strategy enables robust feature learning even with 
lightweight architectures. 

Table 4 presents the classification performance of MobileNetV2, ResNet-50, and In-
ceptionV3 when using CWT-based EEG image representations on the test set. All models 
demonstrate strong performance, with InceptionV3 achieving the highest accuracy of 
97.52%. ResNet-50 and MobileNetV2 show closely aligned performance, with accuracies 
of 96.86% and 95.84%, respectively. Precision, recall, and F1-scores follow a similar trend, 
with all models performing consistently across these metrics. These results highlight the 
effectiveness of CWT-based representations for dementia classification. 

Table 4. Classification performance of MobileNetV2, ResNet-50, and InceptionV3 using CWT-based 
EEG image representations on the test set. 

Model Precision Recall F1-Score Accuracy 
MobileNet 95.95 95.64 95.79 95.84 
ResNet-50 96.99 96.50 96.73 96.86 
Inception 97.65 97.40 97.52 97.52 

Table 5 summarizes the classification results obtained using HHT-based EEG image 
representations on the test set. Among the evaluated models, InceptionV3 achieves the 
highest performance, with an accuracy of 92.49%, followed by MobileNetV2 at 91.76%. 
ResNet-50 attains a comparatively lower accuracy of 89.42%, yet still maintains stable pre-
cision, recall, and F1-score values. The consistent alignment across all evaluation metrics 
indicates reliable class-wise predictions for each model when HHT-derived representa-
tions are employed. 

Table 5. Classification performance of MobileNetV2, ResNet-50, and InceptionV3 using HHT-based 
EEG image representations on the test set. 

Model Precision Recall F1-Score Accuracy 
MobileNet 91.70 91.16 91.40 91.76 
ResNet-50 89.13 89.15 89.14 89.42 
Inception 92.36 91.95 92.14 92.49 

Table 6 reports the classification performance achieved using WVD-based EEG im-
age representations on the test set. Overall, the results indicate a noticeable reduction in 
classification accuracy compared to the previously reported representations, reflecting the 
reduced discriminative power of WVD-derived features. Among the evaluated architec-
tures, InceptionV3 yields the highest accuracy of 84.32%, followed by ResNet-50 with 
80.89%, while MobileNetV2 attains an accuracy of 78.56%. For all models, precision, recall, 
and F1-score remain identical, indicating consistent predictive behavior across classes 
when WVD-based inputs are used. 
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Table 6. Classification performance of MobileNetV2, ResNet-50, and InceptionV3 using WVD-based 
EEG image representations on the test set. 

Model Precision Recall F1-Score Accuracy 
MobileNet 78.04 76.80 77.30 78.56 
ResNet-50 79.66 79.84 79.73 80.89 
Inception 84.56 82.33 83.14 84.32 

Table 7 summarizes the classification results obtained using CQT-based EEG image 
representations on the test set. The results demonstrate strong and stable performance 
across all three pretrained architectures, indicating that the constant-Q representation ef-
fectively captures discriminative spectral–temporal characteristics of EEG signals. Incep-
tionV3 achieves the highest performance with an accuracy of 97.52%, followed by Mo-
bileNetV2 at 96.35% and ResNet-50 at 95.19%. As observed for the other representations, 
precision, recall, and F1-score are equal for each model, suggesting balanced classification 
behavior across the evaluated classes when using CQT-based inputs. 

Table 7. Classification performance of MobileNetV2, ResNet-50, and InceptionV3 using CQT-based 
EEG image representations on the test set. 

Model Precision Recall F1-Score Accuracy 
MobileNet 96.28 96.02 96.15 96.35 
ResNet-50 95.10 94.80 94.94 95.19 
Inception 97.55 97.38 97.46 97.52 

Figure 4 presents the confusion matrices obtained using the InceptionV3 architecture, 
which consistently achieved the highest classification accuracy for each time–frequency 
representation and is therefore reported as the best-performing model in all cases. The 
matrices provide a detailed class-wise evaluation for AD, HC, and FTD. Each cell reports 
the absolute number of test samples, while the percentages in parentheses denote the pro-
portion of correctly or incorrectly classified samples relative to the total number of in-
stances in the corresponding true class, i.e., row-wise percentages. Darker color shades 
along the main diagonal indicate higher true positive rates, whereas lighter off-diagonal 
cells reflect lower misclassification frequencies. 

In STFT-based setting (Figure 4a), the model achieves very high correct classification 
rates across all classes, with AD, HC, and FTD recognition exceeding 97%, and only a 
small number of misclassifications primarily occurring between AD and FTD. A similarly 
strong pattern is observed for CWT-based representation (Figure 4b), where diagonal 
dominance remains pronounced and class confusion is minimal, indicating robust sepa-
rability among the three groups. In contrast, HHT-based results (Figure 4c) show a notice-
able increase in confusion, particularly between AD and FTD, reflected by reduced diag-
onal percentages for both classes. WVD-based confusion matrix (Figure 4d) exhibits the 
highest level of misclassification, with substantial overlap between AD and FTD and a 
comparatively lower correct classification rate for all classes, consistent with its overall 
reduced accuracy. Finally, the CQT-based representation (Figure 4e) restores strong class 
discrimination, with high true positive rates for AD, HC, and FTD and minimal cross-
class errors. Overall, the confusion matrices corroborate the quantitative performance 
metrics by highlighting how different TFRs influence class separability, with STFT, CWT, 
and CQT yielding the most reliable and balanced predictions across dementia categories. 
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Figure 4. Confusion matrices obtained using the InceptionV3 model, which achieved the highest 
accuracy for each time–frequency representation: (a) STFT, (b) CWT, (c) HHT, (d) WVD, and (e) 
CQT. Each cell shows the number of samples, with percentages in parentheses indicating the pro-
portion relative to the total samples of the corresponding true class. Color intensity reflects classifi-
cation performance, where darker diagonal cells indicate higher correct classification rates and 
lighter off-diagonal cells denote misclassification among AD, HC, and FTD. 

4. Discussion 
This section discusses the experimental findings obtained from the proposed multi-

channel EEG image fusion framework. By systematically evaluating five different TFRs 
under a unified deep learning setup, the results allow a direct assessment of how spectral–
temporal encoding choices influence classification performance, independent of prepro-
cessing, data splits, and training strategy. 

As shown in Figure 5, noticeable performance differences emerge across the evalu-
ated TFRs, underscoring the critical role of spectral–temporal encoding in EEG-based de-
mentia detection. STFT consistently yields the highest accuracy, which can be attributed 
to its stable and compact spectral representation that effectively captures dementia-re-
lated EEG phenomena such as dominant rhythm slowing and band-specific power redis-
tribution. While CWT also achieves strong performance, its results are slightly inferior to 
STFT. This marginal decrease can be explained by the presence of redundant and over-
lapping components inherent to multiscale wavelet decompositions, where neighboring 
scales may encode highly correlated information. Such redundancy can dilute discrimi-
native patterns and reduce learning efficiency, particularly when channel-wise represen-
tations are fused into a single composite image. 
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Figure 5. Mean classification accuracy (%) achieved by different TFRs (STFT, CWT, HHT, WVD, and 
CQT) across all pretrained deep learning models on the test set. Each bar represents the mean accu-
racy for a given representation, while the overlaid red markers indicate the variability of perfor-
mance across models, highlighting the consistency and robustness of each time–frequency repre-
sentation. All values are expressed in percentages. SE denotes the standard error of the mean. 

In contrast, WVD exhibits the weakest performance among the evaluated TFRs, as 
observed by its lower accuracy distribution in Figure 5. Although WVD offers high theo-
retical time–frequency resolution, its practical application to multicomponent EEG signals 
is challenging. In particular, the smoothing window commonly employed to suppress 
cross-term interference effectively acts as a low-pass filter, which may inadvertently at-
tenuate or remove diagnostically relevant high-frequency components [60]. As a result, 
even smoothed WVD representations can yield distorted or incomplete spectral patterns, 
limiting the ability of deep networks to extract discriminative features. HHT demonstrates 
moderate performance but remains less competitive, which aligns with its well-docu-
mented sensitivity to noise, mode mixing, and signal variability [61]. The adaptive nature 
of empirical mode decomposition can result in inconsistent intrinsic mode functions 
across subjects, reducing the robustness of the derived time–frequency patterns. 

Notably, CQT achieves performance comparable to STFT and outperforms both HHT 
and WVD, as reflected in Figure 5. This strong performance can be attributed to CQT’s 
logarithmic frequency scaling, which provides higher frequency resolution at lower fre-
quencies and finer temporal resolution at higher frequencies, closely matching the spectral 
organization of EEG rhythms. Importantly, CQT achieves this without introducing redun-
dant content across scales, resulting in compact and discriminative representations well 
suited for deep learning. Overall, the cross-TFR analysis in Figure 5 highlights that repre-
sentations offering a balanced trade-off between resolution, stability, and non-redun-
dancy are most effective for EEG-based dementia classification. 

As shown in Figure 6, InceptionV3 achieves the highest median accuracy across all 
TFRs, followed by MobileNetV2 and ResNet-50. InceptionV3 contains approximately 23.9 
million trainable parameters, and its multi-scale inception modules enable effective mod-
eling of complex and heterogeneous EEG time–frequency patterns, which explains its su-
perior performance. 
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MobileNetV2, with about 3.4 million parameters, attains a median accuracy slightly 
lower than InceptionV3 but higher than ResNet-50. Despite its lightweight design, the use 
of depthwise separable convolutions and inverted residual blocks allows it to preserve 
discriminative features efficiently, making it an attractive choice when computational ef-
ficiency is a priority. ResNet-50, with roughly 25.6 million parameters, shows the lowest 
median accuracy among the three models in this study. Although its residual connections 
facilitate stable training of deep networks, its higher complexity does not translate into 
superior performance for the considered EEG image representations. 

 

Figure 6. Mean classification accuracy (%) of ResNet-50, InceptionV3, and MobileNetV2 aggregated 
across all TFRs. Bars indicate the mean accuracy for each model, while the overlaid red markers 
reflect the distribution of performance across different representations, illustrating both central ten-
dency and variability in model behavior. All values are expressed in percentages. SE denotes the 
standard error of the mean. 

4.1. Robustness Analysis 

To assess the robustness and generalizability of the proposed framework, additional 
experiments were conducted using the best-performing configuration identified in earlier 
Section 3, namely the InceptionV3 classifier combined with STFT-based TFRs. The evalu-
ation was repeated using 10-fold cross-validation under two different data-splitting strat-
egies: a conventional random split at the segment level and a subject-wise split designed 
to prevent information leakage across subjects. 

Under the random split protocol, EEG segments were randomly partitioned into 
training and test sets while maintaining class balance. The model achieved a mean accu-
racy of 98.88% and a mean macro-averaged F1-score of 98.85% across the 10 folds. The 90% 
confidence intervals were ±0.25% for accuracy and ±0.27% for the F1-score, indicating 
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highly consistent performance. The distribution of fold-wise results is illustrated in Figure 
7a, where the narrow interquartile range reflects limited variability across folds. 

 

Figure 7. Box plots summarizing the robustness analysis of the best-performing configuration (In-
ceptionV3 with STFT-based TRRs) under two evaluation protocols: (a) random segment-level data 
splitting and (b) subject-wise data splitting. Each box plot illustrates the distribution of classification 
performance across 10-fold cross-validation in terms of accuracy, precision, recall, and F1-score, 
highlighting the differences in performance stability and inter-fold variability between the two split-
ting strategies. All values are expressed in percentages. SE denotes the standard error of the mean. 

For the subject-wise split, EEG segments were grouped by subject, and all segments 
belonging to a given subject were assigned exclusively to either the training set or the test 
set. This evaluation yielded a mean accuracy of 84.34% and a mean macro-averaged F1-
score of 83.60%, with 90% confidence intervals of ±0.45% and ±0.32%, respectively. As 
shown in Figure 7b, a wider dispersion is observed compared to the random split, reflect-
ing increased inter-subject variability in EEG characteristics. 

The observed reduction in performance relative to the random split is expected and 
can be attributed to the strong subject-specific nature of EEG signals, including inter-indi-
vidual differences in baseline rhythms, spectral power distribution, and noise character-
istics. Under subject-wise evaluation, the model is required to generalize to entirely un-
seen subjects rather than to unseen segments from familiar subjects, which constitutes a 
substantially more challenging classification scenario. Nevertheless, the relatively narrow 
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confidence intervals indicate stable performance across folds, suggesting that the pro-
posed structured multi-channel fusion framework captures disease-related spectral–tem-
poral patterns that generalize beyond subject-specific features. 

Although model predictions were generated at the segment level, subject-level deci-
sions can be obtained by aggregating the predictions of all segments associated with the 
same subject. In practice, this can be implemented using majority voting or by averaging 
posterior class probabilities across segments, resulting in a single diagnostic outcome per 
subject. 

Overall, these results demonstrate that the proposed structured multi-channel fusion 
framework maintains stable performance across repeated evaluations and exhibits relia-
ble generalization when tested on previously unseen subjects. The reported confidence 
intervals further support the statistical stability of the observed performance trends. 

4.2. Grad-CAM Visualizations 

Gradient-weighted Class Activation Mapping (Grad-CAM) is a post hoc interpreta-
bility technique that highlights the spatial regions of an input image that contribute most 
strongly to a model’s prediction. By computing the gradients of the target class score with 
respect to the feature maps of the final convolutional layer, Grad-CAM produces a coarse 
localization map indicating class-discriminative regions. When overlaid on the original 
input, warmer colors (e.g., red and yellow) correspond to regions with higher importance 
for the decision, whereas cooler colors (e.g., blue) indicate lower contribution. In this 
study, Grad-CAM is employed to provide insight into how the best-performing model, 
InceptionV3, utilizes the fused EEG time–frequency images for dementia classification. 

As illustrated in Figure 8, distinct and class-dependent activation patterns are ob-
served across the three diagnostic groups. For AD, Grad-CAM maps consistently empha-
size frontal electrode regions, particularly Fp1, F4, and F8. This finding aligns with well-
documented frontal dysfunction and reduced executive control associated with AD [62], 
suggesting that the model effectively captures disease-relevant frontal EEG alterations. 

In contrast, HC subjects exhibit dominant activations over central and parietal re-
gions, most notably C3, Cz, P3, and Pz. These areas are commonly associated with pre-
served sensorimotor and posterior cognitive processing [63,64], indicating that the model 
relies on stable and distributed spectral patterns characteristic of healthy brain activity. 

For FTD, the strongest activations are localized over temporal electrodes, including 
T4, T5, and T6. This spatial emphasis is neurophysiologically consistent with the hallmark 
temporal lobe degeneration observed in FTD [65], demonstrating that the model leverages 
region-specific EEG signatures relevant to the underlying pathology. 

4.3. Comparison with Previous Studies 

A substantial body of work has investigated EEG-based dementia classification using 
the same clinically collected dataset employed in this study, enabling a meaningful com-
parison of methodological choices rather than data-related effects. As summarized in Ta-
ble 8, prior studies differ not only in feature representation and model design, but also—
critically—in their data-splitting strategies, which has a significant impact on reported 
performance. 
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Figure 8. Grad-CAM visualizations generated using STFT-based EEG image representations and 
the InceptionV3 model. Each column corresponds to a diagnostic group, with AD shown in the first 
column, HC in the second column, and FTD in the third column. Warmer color shades (yellow–red) 
indicate regions that contribute more strongly to the model’s decision, whereas cooler shades (blue) 
denote lower relevance. The activation patterns highlight class-specific channel importance, with 
AD mainly emphasizing frontal electrodes (Fp1, F4, F8), HC showing stronger responses over cen-
tral–parietal regions (C3, Cz, P3, Pz), and FTD exhibiting pronounced activations in temporal areas 
(T4, T5, T6). 
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Table 8. Comparison of EEG-based dementia classification studies using the same dataset. 

Study EEG Representation 
Learning 
Paradigm Model Data Split 

Classification 
Task Accuracy 

Miltiadous et al. 
[37] 

Band powers and co-
herence DL 

CNN–Trans-
former Subject-wise 

AD vs. HC 
FTD vs. HC 

83.3 
75.0 

Chen et al. [38] 
Raw EEG and fre-
quency spectrum DL 

CNN–Trans-
former Subject-wise 

AD vs. FTD vs. 
HC 80.2 

Stefanou et al. [41] 
2D spectrogram im-

ages DL CNN Subject-wise 
AD vs. HC 

AD + FTD vs. HC 
87.8 
93.5 

Senkaya et al. [44] 
Time domain and PSD 

features ML SVM, k-NN Random 
AD vs. FTD vs. 

HC 96.0 

Velichko et al. [66] 
Raw EEG and discre-
ate wavelet transform ML 

Neural Net-
work Entropy Random AD vs. HC 88.5 

Ma et al. [67] Connectivity features ML SVM Subject-wise 
AD vs. HC 
FTD vs. HC 
AD vs. FTD 

76.9 
90.4 
96.6 

Rostamikia et al. 
[68] 

Time domain, fre-
quency domain, and 
connectivity features  

ML SVM Random AD vs. FTD 
AD + FTD vs. HC 

87.8 
93.5 

Kang et al. [69] 3D spectro-spatial rep-
resentation 

DL 3D CNN Subject-wise 
AD vs. HC 
AD vs. HC 

AD + FTD vs. HC 

74.2 
77.1 
73.3 

This study 
STFT, CWT, HHT, 

WVD, CQT 
DL CNN Random 

AD vs. FTD vs. 
HC 

98.8 

This study 
STFT, CWT, HHT, 

WVD, CQT 
DL CNN Subject-wise 

AD vs. FTD vs. 
HC 

84.3 

PSD: Power Spectral Density, SVM: Support Vector Machines, k-NN: k-nearest Neighbors, ML: ma-
chine learning, DL: deep learning. 

Several earlier studies rely on random segment-level data splitting, where EEG seg-
ments are randomly assigned to training and test sets without enforcing subject exclusiv-
ity. Under this evaluation protocol, both classical machine learning and deep learning ap-
proaches have reported high classification accuracies. For example, Senkaya et al. [44] 
achieved 96.0% accuracy using handcrafted time-domain and PSD features with an SVM 
classifier. Similarly, CNN-based models operating on spectrogram or frequency-domain 
representations have reported accuracies above 87% under random splits. While these re-
sults demonstrate the discriminative potential of EEG-derived features, random splitting 
may benefit from subject-specific signal characteristics shared between training and test 
sets. 

In contrast, fewer studies adopt subject-wise splitting, in which all segments from a 
given subject are assigned exclusively to either the training or test set. This protocol pro-
vides a more stringent and clinically relevant evaluation of generalization to unseen sub-
jects. Among the studies reporting subject-wise results on this dataset, CNN–Trans-
former-based frameworks using band power or connectivity representations have 
achieved accuracies up to 80.2% for multi-class dementia classification. These results re-
flect the increased difficulty of subject-level generalization in EEG analysis. 

Within this context, the proposed framework demonstrates competitive performance 
under both evaluation paradigms. As shown in Table 8, the proposed method achieves 
98.8% accuracy under random segment-level splitting, exceeding previously reported re-
sults using the same protocol. More importantly, under subject-wise splitting, the pro-
posed approach attains an accuracy of 84.3%, outperforming existing subject-wise studies 
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on this dataset. The consistent performance gain across both splitting strategies highlights 
the effectiveness of the structured multi-channel time–frequency fusion scheme. 

Unlike many prior deep learning studies that focus on a single representation or em-
ploy limited channel integration, the present work systematically evaluates multiple TFRs 
within a unified framework while explicitly accounting for differences in data-splitting 
strategies. This controlled evaluation clarifies the relationship between reported perfor-
mance and validation protocol, and demonstrates that structured multi-channel fusion 
can improve generalization beyond subject-specific EEG patterns. 

4.4. Limitations 

Despite the encouraging results, several limitations of the present study should be 
acknowledged. First, the proposed 4 × 5 fixed grid fusion strategy, while effective for in-
tegrating all 19 EEG channels into a unified image representation, does not explicitly 
model the true spatial topology or anatomical neighborhood relationships among elec-
trodes on the scalp. As a result, spatial dependencies are implicitly learned by the convo-
lutional networks rather than being explicitly encoded, and alternative graph-based or 
topology-aware fusion schemes may further enhance spatial interpretability and perfor-
mance. 

Second, all experiments were conducted on a single publicly available dataset ac-
quired using one EEG system, a fixed electrode configuration, and a uniform acquisition 
protocol under eyes-closed resting-state conditions. The overall sample size is also modest, 
which may restrict statistical power and generalizability. Although robustness analyses 
based on cross-validation and confidence intervals were performed to mitigate overfitting 
and dataset-specific bias, the reported results may not fully generalize to data collected 
with different hardware, montages, sampling rates, recording durations, or task para-
digms such as eyes-open or task-based EEG. Consequently, the proposed framework 
should be regarded as a proof of concept that demonstrates the feasibility and potential 
benefits of systematic time–frequency representation comparison and structured multi-
channel fusion, rather than as a definitive clinical solution. 

Finally, the study primarily focuses on classification performance and representa-
tion-level comparisons rather than establishing direct neurophysiological correlations be-
tween EEG characteristics and clinical severity measures. While Grad-CAM visualizations 
provide qualitative insights into channel relevance, more detailed neurophysiological in-
terpretation and longitudinal validation remain beyond the scope of the current work. 

Future research will address these limitations by extending the framework to multi-
center and cross-dataset evaluations, incorporating data recorded under diverse experi-
mental conditions, and exploring topology-aware fusion mechanisms and subject-level 
modeling strategies. Such extensions are essential steps toward improving generalizabil-
ity and facilitating eventual clinical translation of EEG-based dementia assessment sys-
tems. 

5. Conclusions 
This study presents a unified deep learning framework for EEG-based dementia de-

tection through a systematic comparison of alternative TFRs within a structured multi-
channel image fusion scheme. The results indicate that classification performance is influ-
enced by the choice of representation, with STFT, CWT, and CQT providing more dis-
criminative features than WVD and HHT under the evaluated setting, while InceptionV3 
achieved the strongest overall performance among the pretrained models. Grad-CAM vis-
ualizations offered additional insight into channel-level relevance, supporting the neuro-
physiological plausibility of the learned representations. While the reported results 
demonstrate the potential of the proposed framework, further validation on larger, multi-
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center, and cross-dataset EEG cohorts is required to establish robustness, generalizability, 
and clinical applicability. 
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