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Deep Learning-Driven Decision Fusion:
Spatio-Spectrogram Features for Inner Speech
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Abstract—Inner speech recognition using electroencephalogram
(EEG) signals shows strong potential for developing assistive
communication technologies. Existing methods often process spa-
tial and temporal features separately, lack interpretability, and
are usually tested on a single dataset, limiting their generaliza-
tion. This study proposes a dual-branch deep learning frame-
work that combines spatial features extracted through common
spatial patterns (CSPs) with spectral-temporal features derived
from multitaper spectrograms, using convolutional and long short-
term memory networks. The model was evaluated on two public
datasets, achieving classification accuracies of 89.99% and 92.47%
in subject-dependent experiments. Subject-independent evaluation
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using leave-one-subject-out cross-validation yielded reduced accu-
racies of 26.20% and 20.47%, reflecting intersubject variability.
Interpretability analyses using saliency maps, gradient-weighted
class activation mapping, and feature contribution ratios high-
lighted physiologically meaningful patterns related to model de-
cisions. The proposed method demonstrates strong performance
and interpretability for subject-dependent inner speech recogni-
tion; while future work will focus on increasing data diversity
and improving subject-independent generalization. This study con-
tributes to the development of reliable and explainable EEG-based
inner speech decoding for communication applications.

Index Terms—Brain–computer interface (BCI), common spatial
pattern (CSP), deep learning, electroencephalogram, fusion
technique, inner speech, mental speech, spectrogram features.

I. INTRODUCTION

E LECTROENCEPHALOGRAM (EEG) signals are electri-
cal recordings that reflect intentional neural activity in the

human brain. These signals are widely used to study cognitive
functions, including inner speech, a covert process in which
thoughts are generated as internal auditory representations with-
out vocalization [1], [2]. Decoding inner speech from EEG has
gained attention for its potential applications in brain–computer
interface (BCI) systems, especially for individuals with severe
motor or speech impairments [3]. Inner speech originates in
brain regions involved in language processing, mainly Wer-
nicke’s area and Broca’s area, where neural activity increases
during speech-related tasks [4], [5]. Despite its usefulness, EEG
faces challenges due to low spatial resolution and overlapping
neural signals, limiting decoding accuracy [6]. Reliable recog-
nition requires capturing temporal, spectral, and spatial charac-
teristics of the signal and involves two key steps: 1) extracting
meaningful features and 2) applying appropriate classification
algorithms [7].

Deep learning has recently become a leading approach for
EEG analysis, showing strong performance in imagined speech,
emotion recognition, and inner speech decoding [8], [9]. These
models handle the high dimensionality of EEG signals by auto-
matically extracting complex and discriminative features [10].
Convolutional neural networks (CNNs) capture spatial depen-
dencies across channels, while the long short-term memory
(LSTM) model temporal dynamics. Combining these architec-
tures enables simultaneous learning of spatial, temporal, and
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spectral patterns [11]. Various methods have been proposed
to enhance inner speech recognition, including wavelet scat-
tering with LSTM- recurrent neural networks (RNNs) [12];
bimodal fusion of functional magnetic resonance (fMRI) and
EEG data [13]; temporal convolutional networks integrated
with CNNs [14]; and features based on mutual information,
phase locking value, and entropy using convolutional and bi-
directional LSTMs [15]. Explainable artificial intelligence and
attention-based models are increasingly used to reveal neural
activity patterns and improve interpretability in clinical EEG
classification [16], [17].

Other advanced models like support vector machine (SVM),
extreme gradient boosting (XGBoost), LSTM, and bidirectional
long short-term memory (BiLSTM) for inner speech recog-
nition use power spectral density (PSD) features and achieve
notable accuracy improvements, especially with the BiLSTM
model [2]. One study uses gradient and perturbation-based
explainability methods to uncover neural differences in major
depressive disorder, providing effective spatio-spectral analysis
and deeper insights into the disorder’s neural underpinnings.
These studies highlight the potential of advanced EEG classi-
fication techniques for both communication enhancement and
medical diagnosis [18]. Moreover, models, such as lightweight
convolutional network (LConvNet) and electroencephalography
network (EEGNet) have been effective in EEG classification
by integrating spatial and temporal feature learning. LConvNet
combines CNN and LSTM layers to distinguish pathological
EEG patterns, while EEGNet has shown robust performance
in subject-independent emotion recognition tasks [19], [20].
Despite recent advancements, key challenges remain in EEG-
based inner speech recognition. Many existing models process
either spatial or temporal features independently, overlooking
the complex interactions between spatial and spectral patterns
inherent in EEG signals. Furthermore, a lack of interpretability
mechanisms limits transparency in model decisions, which is
critical for reliable deployment in real-world BCI systems. Prior
studies often evaluate their models using only one type of dataset
and lack robust validation strategies. In addition, most existing
work fails to explore optimal feature extraction settings, such
as the number of spatial filters in CSPs or to justify parameter
selection in an interpretable manner. Electrode selection is of-
ten arbitrary or overlooked, further constraining the quality of
spatial representation and overall model performance.

This study addresses the challenges of EEG-based inner
speech decoding by proposing a novel fusion deep learning
framework that combines spatial and spectral-temporal EEG
features to enhance discriminability and interpretability. In this
work, we leverage two complementary, neurobiologically in-
formed feature types. Spatial features are extracted based on
electrophysiological evidence that language processing involves
a distributed cortical network encompassing the frontal, tem-
poral, and parietal regions [21]. Spectro-temporal features are
incorporated to reflect the hierarchical and dynamic organization
of neural activity, where brain responses encode information
from discrete phonemes to continuous spectro-temporal pat-
terns [22]. The main contributions of this work are outlined as
follows.

1) Optimization of the number of CSP components for fea-
ture extraction in inner speech decoding, identifying the
32-component configuration as the optimal choice, which

led to statistically significant improvements in classifica-
tion accuracy.

2) Integration of CSP-derived spatial features with mul-
titaper spectrogram-based temporal-spectral features.
A dual-branch CNN-LSTM model is utilized to
extract complementary spatial and spectral-temporal
EEG features, thereby enhancing inner speech decoding
performance.

3) Validation on two public datasets ensures the robustness
of the proposed method, while interpretability is enhanced
using gradient-weighted class activation mapping (Grad-
CAM), saliency maps, and contribution ratio analysis for
transparent neural insights.

By integrating neurophysiological principles with advanced
deep learning, this study offers a reliable, interpretable, and
generalizable framework for subject-dependent inner speech de-
coding, laying the groundwork for future neural communication
technologies.

II. METHODOLOGY

A. Dataset

This study employed two publicly available EEG datasets for
inner speech, as summarized in Table I.

B. Preprocessing

The raw signals from both datasets were filtered to remove
noise. A 50-Hz notch filter eliminated power line interference,
while a bandpass filter (0.5–80 Hz) addressed external noise.
Independent component analysis (ICA) was used to remove
artifacts from eye blinks and muscle activity by correlating
active electrodes with external ones. The preprocessed datasets
had shapes of (2236, 128, 640) for Data_A and (640, 64,
1024) for Data_B, representing (trials, channels, sampling time
points). The selection of electrodes varied between the two
datasets based on their acquisition protocols and task-specific
activation patterns. Data_A, acquired with a 24-b resolution
and a 128-channel EEG system, was processed using spatial
reduction to manage high data dimensionality. 60 electrodes
were chosen from the left upper brain region, particularly
Broca’s area, which is involved in language processing and
inner speech and exhibits heightened activity during inner
speech generation [5], [25]. The electrode distribution is shown
in Fig. 1. In contrast, Data_B, acquired with a 16-b resolution,
retained all 64 electrodes, as the original dataset demonstrated
spatially diverse activation patterns across all electrodes for
different inner speech tasks. ICA and topographic projections
revealed varying brain regions involved in word and semantic
processing [24], indicating that reducing spatial coverage may
lead to the loss of critical task-relevant information. So, all 64
electrodes were retained to preserve data integrity and capture
the full variability in brain activity.

C. Techniques of Feature Extraction

1) Common Spatial Pattern: CSP remains one of the most
widely adopted and effective approaches for extracting meaning-
ful features, and was used to compute spatial features, improve
the spatial resolution of the EEG [26] and pay more attention to
the channels [27]. It converts the signal into a new time series
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TABLE I
SUMMARY OF THE PUBLIC EEG DATASETS USED IN THIS STUDY

Fig. 1. Scalp topographies showing the distribution of average electrode activity for each dataset (middle plot). (a) Data_A. (b) Data_B. For each dataset, the left
plot illustrates the original electrode configuration, while the right plot shows the subset of electrodes used in this study.

by maximizing the variance for one class while simultaneously
minimizing it for the other, enhancing class discrimination [28].
The CSP algorithm uses the simultaneous diagonalization of two
covariance matrices. In conclusion, for a single-trial EEG, the
spatially filtered signal Z is provided as

Z = WCSPX
C×T (1)

where X is a matrix of single-trial data, C is the channels’
number, and T denotes the number of measurement samples
per channel. WCSP refers to the projection matrix used in the
CSP method, defined as

WCSP = [w1, w2, . . . , wn, wN−n+1, wN−n, . . . , wN ]. (2)

In the matrix W , each row represents a stationary spatial filter,
and the columns of WT correspond to the CSPs. N denotes the
number of spatial filters, which an equal to EEG channels (N
= C). The filtered spatial signal Z, as defined in (1), enhances
the variance differences between the two EEG measurement
classes. Typically, only a limited number of these spatially
filtered signals are utilized as classification features. Specifically,
the first and last n rows of Z are employed, denoted as ZP , p ∈
{1 . . . 2n}

ZP = WCSPX = [Z1, Z2, Z3, . . . , Z2n]. (3)

The number of channels that should be reduced is known as
the reduction number. As a result, a select few signals from
each class EEG sample matrix were chosen, which are crucial
for differentiating between the two classes and multiclass, as
in [29]. In this study, n was obtained by 32, so, W size = (C,
32), WT = (32, C), X = (trials, C, T) and the results of spatial
features in a size (trials × 32 × T) matrix, and last transformed

of the data after calculating the average values of the number of
sampling the size of the feature equal (trials× 32). The choice of
32 components was based on empirical evaluation. Several CSP
configurations (16, 24, 32, 40, and 60 components) were tested,
and 32 consistently yielded the highest classification accuracy,
as presented in Fig. 5.

2) Time-Frequency Presentation (Spectrogram): Spectro-
grams of EEG signals provide a visual representation of signal
power over time and frequency, facilitating detailed analysis of
brain activity [30], [31]. In this study, spectral features were
extracted from EEG recordings using the multitaper method im-
plemented in the MNE-Python library. After preprocessing, the
multitaper approach was applied to compute the time–frequency
representation of the EEG signals. By employing multiple or-
thogonal tapers, this method reduces spectral leakage and im-
proves the stability of PSD estimates across time and frequency.
The EEG signals were segmented into overlapping windows and
analyzed using the short-time Fourier Transform [32], mathe-
matically expressed as

X(T, F ) =

∫ ∞

−∞
x(t)w(T − t)e−j2πFt dt. (4)

Here, X(T, F ) represents the time-frequency distribution, x(t)
is the time-domain signal, and w(T-t) denotes a window function
centered around time t. The power spectrum PPSD was then
calculated as [33]

PPSD(T, F ) =
1

K

K∑
k=1

|X(T, F ) · wk(F )|2. (5)
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Fig. 2. Spectrogram feature of (a) Data_A (“left”) and (b) Data_B (“wife”).

This process produced time–frequency representations visual-
ized as spectrograms (Fig. 2), which revealed distinct spectral
patterns associated with inner speech activity, particularly in the
lower frequency bands. The resulting power spectrum data were
structured as (trials, channels, frequencies, time samples) for the
full dataset. To emphasize spectral rather than spatial informa-
tion, channels were averaged across lower frequencies, yielding
final spectral features of size (trials, frequencies, time samples).
These features served as inputs to the LSTM component of the
fusion model.

D. Fusion Model of Classification

1) Model Architecture: This study proposes a dual-branch
deep learning framework integrating CNN and LSTM archi-
tectures to simultaneously extract spatial and temporal featurs.
Although both architectures have been individually applied in
EEG-based studies, their neurobiologically informed fusion for
inner speech decoding remains underexplored. The model lever-
ages complementary spatial–temporal domains, reflecting the
distributed and dynamic nature of language processing in the
brain. The architecture, illustrated in Fig. 3, consists of two main
branches. CNN Branch: receives CSP-derived features with 32
convolutional filters (kernel size = 5), ReLU activation, L2 reg-
ularization, 50% dropout, batch normalization, and max pooling
(pool size = 1, 5). These parameters were selected through pre-
liminary tuning to balance performance and control overfitting.
LSTM Branch: processes time–frequency spectrogram features.
It comprises three stacked LSTM layers with 64, 32, and 16
units, respectively, determined empirically to capture temporal
dependencies effectively without overcomplexity. Outputs from
both branches are concatenated and passed to a fully connected
layer with 64 ReLU neurons, followed by a softmax output layer
performing four-class classification. The model is trained using
the Adam optimizer and sparse categorical cross-entropy loss.

2) Model Evaluation: The model’s performance was eval-
uated in a subject-dependent setting using fivefold cross-
validation, with each fold split into 80% training and 20% test
data using the K-fold method with shuffling and a fixed random
seed for reproducibility and class balance. A further 80/20
split within the training set created a validation set to monitor
performance. To prevent data leakage and maintain evaluation
integrity, we implemented leakage detection by checking for
overlapping sample indexes between the training, validation,
and test subsets in each fold, as outlined in the supplementary
material Algorithm S1. Two callbacks, ReduceLROnPlateau

(for adjusting the learning rate) and Early Stopping (to halt
training after no improvement), were applied to stabilize training
and prevent overfitting. In addition to the subject-dependent
evaluation, a subject-independent protocol was implemented
using leave-one-subject-out (LOSO) cross-validation [34]. In
this setting, data from one subject were entirely held out for
testing, while the model was trained on data from the remaining
subjects. This process was repeated for all subjects, and the
final performance was reported as the average across folds.
Unlike the random K-fold scheme, LOSO prevents any subject
overlap between training and test sets and therefore provides a
stricter assessment of cross-subject generalization. Performance
was measured using classification accuracy, confusion matrices,
receiver operating characteristic (ROC) curves, and area under
the curve (AUC) values. A one-vs-rest strategy was used for mul-
ticlass ROC analysis [35]. The confusion matrix and accuracy
were computed as follows:

Mi,j =
N∑

k=1

δ(yk = i) · δ(ŷk = j) (6)

Accuracy =

∑C
i=1 Mi,i∑C

i=1

∑C
j=1 Mi,j

× 100 (7)

where yk and ŷk represent the actual and predicted class labels
for the kth sample, respectively. The function δ(.) refers to
the Kronecker delta, C denotes the number of classification
categories, and N is the total number of evaluated instances.
ROC curves were generated by computing the true positive rate
(TPR) and false positive rate (FPR) at varying thresholds as in
(8), and the AUC was estimated using trapezoidal rule (9)

TPR =
TP

TP+FN
, FPR =

FP
FP+TN

(8)

AUC =

∫ 1

0

TPR(FPR) d(FPR). (9)

To measure model complexity and robustness, three key metrics
were calculated: 1) floating point operations (FLOPs), derived
analytically from the model summary using standard formulas
for Conv1D, LSTM, and Dense layers; 2) Inference Latency,
averaged over fivefold cross-validation and measured as the
mean forward-pass time per trial; and 3) the Parameter Count,
extracted from the Keras. summary() output, indicating the
total number of trainable parameters. These metrics offer a
comprehensive view of the model’s computational efficiency
and inference performance.

E. Model Interpretability and Explainability

To enhance interpretability, Grad-CAM [36] was used on the
first Conv1D layer to visualize class-specific spatial attention
over CSP features. A saliency map [37] was computed on the
LSTM layer (16 units) to identify temporal–spectral contribu-
tions most relevant to each class, based on the gradient mag-
nitude of the class score with respect to each unit’s activation.
A feature contribution analysis on the Dense layer (64 units)
quantified the relative impact of spatial and temporal–spectral
features on the final decision. To assess the faithfulness of
these explanations, a parameter randomization test [38] was
conducted for the CNN, LSTM, and Dense layers. Layer weights
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Fig. 3. Architectural diagram of the fusion model, which integrates two branches: Spatial CNNs and Spectro-LSTM, for four-class classification.

Fig. 4. EEG Preprocessing pipeline and corresponding power spectra. Left panels: EEG signal amplitude (AF7 electrode) in µV. Right panels: corresponding
PSD in µV 2/Hz at each stage. (a) Raw EEG signal. (b) EEG after band-pass and notch filtering, showing removal of low-frequency drifts and 50-Hz line noise.
(c) EEG after ICA, with ocular and muscle artifacts removed.

were randomly permuted while preserving their shape, and the
saliency maps from the trained S̃(L,O) and randomized S̃(L,r)

models were compared using the Pearson correlation coefficient

p(L)=

∑N
i=1

(
s
(L,O)
i −s̄(L,O)

)(
s
(L,r)
i −s̄(L,r)

)
√∑N

i=1

(
s
(L,O)
i −s̄(L,O)

)2
√∑N

i=1

(
s
(L,r)
i −s̄(L,r)

)2
.

(10)
A low correlation (p(L) ≈ 0) indicates that the saliency maps
differ substantially after randomization, confirming that the
explanations are sensitive to learned parameters and therefore

faithful. Conversely, a high correlation (p(L) ≈ 1) suggests in-
sensitivity to model learning and potentially unreliable expla-
nations. This multilevel interpretability framework provided
consistent insights into how spatial, temporal, and integrated
features contribute to the model’s decision-making process.

III. RESULTS AND DISCUSSION

A. Preprocessing Results

Fig. 4 illustrates the EEG preprocessing pipeline. Band pass
and notch filtering effectively attenuated low and high frequen-
cies drifts and suppressed 50-Hz power-line interference. ICA
successfully isolated and removed ocular and muscle artifacts.
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TABLE II
STATISTICAL COMPARISON OF CSP=32 VS. OTHER CSP CONFIGURATIONS

Fig. 5. Classification accuracy for each participant and the overall average
using different CSP component configurations (16, 24, 32, 40, and 60).

The resulting clean EEG signals exhibit stable amplitudes and
clearly defined spectral peaks in frequency bands, demonstrating
the effectiveness of the preprocessing steps. In Data_A, 60 elec-
trodes were selected from the upper left brain region, focusing
on Broca’s area, which showed elevated activity during inner
speech tasks (Fig. 1). Activity peaked from 0.25 to 1.2 s and
then decreased. In contrast, Data_B used all 64 electrodes, as its
activation patterns were more diffuse, with only a small region
on the upper left showing consistent high activity from one or
two electrodes (Fig. 1).

B. CSP Feature Extraction Results

After preprocessing and electrode selection, several CSP com-
ponent configurations (16, 24, 32, 40, and 64) were evaluated to
determine the optimal number of spatial filters. This evaluation
was conducted by training the classification model using 80%
of the data for training and 20% for testing. The optimization
analysis of the CSP component, tested with these configura-
tions, revealed that the 32-component configuration consistently
outperformed the others, yielding superior results (Fig. 5). To
confirm significance, we performed paired t-tests comparing
CSP = 32 with the other configurations and observed statisti-
cally significant improvements in all cases, with mean accuracy
improvements ranging from 10.97%–39.67%. The large effect
sizes (Cohen’s dz = 2.076 to 6.219) and significant statistical
differences (p < 0.001) demonstrate that CSP = 32 captured
the most discriminative features for inner speech decoding. The
detailed statistical results are presented in Table II, and the
corresponding CSP spatial patterns with topographic maps are
shown in Fig. 6.

Fig. 6. Topographic distributions of CSP components 2, 3, 4, and 5 from a set
of 32 selected CSP components, top row: Data_A; bottom row: Data_B.

C. Classification Performance Results

The proposed dual-branch CNN–LSTM fusion model demon-
strated consistently strong classification performance across
both EEG datasets in a subject-dependent setting. Fig. 7 displays
the training process results for participant 9 of Data_A (a) and
participant 1 of Data_B (b). The model showed effective train-
ing, as evidenced by the increase in both training and validation
accuracy and the reduction in training and validation loss. For
Data_A, the model achieved an average accuracy of 89.99 ±
2.95% with a confidence interval and a mean F1-score of 89.18±
2.66%, as summarized in Table III. Participant-level accuracies
ranged from 68.75% (P10) to 97.08% (P9), with an average
trial latency of 339.05 ± 17.04 ms. For Data_B, the model
performed slightly better, with an average accuracy of 92.47
± 2.25% and a mean F1-score of 0.9297 ± 0.0228, as detailed
in Table IV. Participant accuracies ranged from 84.38%–100%,
with an average latency of 416.30 ± 18.94 ms. Across both
datasets, the model maintained high per-class performance with
low variability across folds, demonstrating robustness and reli-
ability for EEG classification tasks.

It is worth noting that LOSO represents a limited form
of subject-independent evaluation, whereas fully patient-
independent evaluation can be formulated as a leave-n-subjects-
out or subject-level K-fold setting, which is more challeng-
ing due to increased intersubject variability. To further assess
cross-subject generalization, an LOSO protocol was conducted,
where one participant was held out for testing while training was
performed on the remaining subjects. For Data_A, LOSO
yielded an average accuracy of 26.20 ± 7.85% with a mean
F1-score of 25.24 ± 8.91% (95% CI). For Data_B, the average
accuracy was 20.47 ± 6.8% with a mean F1-score of 18.64 ±
21.46% (95% CI) (Table V and Table S1 in the Supplementary
Material). Considering the four-class setting (chance level =
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Fig. 7. Epochwise training and validation accuracy and loss for (a) P9 in Data_A and (b) P1 in Data_B datasets.

TABLE III
DATA_A: CLASSIFICATION PERFORMANCE OF THE PROPOSED MODEL ACROSS PARTICIPANTS USING 5-FOLD CROSS-VALIDATION

TABLE IV
DATA_B: CLASSIFICATION PERFORMANCE OF THE PROPOSED MODEL ACROSS PARTICIPANTS USING 5-FOLD CROSS-VALIDATION

TABLE V
SUMMARY OF LOSO (SUBJECT-INDEPENDENT) MEAN ACCURACY

25%), performance is close to chance, indicating substantial
intersubject variability. This degradation relative to subject-
dependent results suggests that the proposed method benefits
from subject-specific calibration, and that more general patient-
independent settings would likely yield lower performance.

Confusion matrices were computed for each fold and cumu-
latively across all folds for both datasets. These visualizations

Fig. 8. Confusion matrices for inner speech classification of P1 in (a) Data_A
and (b) Data_B using fivefold cross-validation.

are presented in Fig. 8 for P1 in Data_A, and Data_B. The av-
erage microaveraged AUC across folds further supported these
results, as reported in the Supplementary Material (Table S2 and
S3). Most participants achieved high per-class AUC values. In
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Fig. 9. Interpretability analyses of the model. (a) Grad-CAM activation trends at the conv layer. (b) Gradient-based saliency mapping at the LSTM layer.
(c) Relative contributions of CSP-Conv and spectral-LSTM features to dense layer before and after parameter randomization.

TABLE VI
ANOVA AND F-TEST RESULTS FOR ACCURACY AND VARIANCE COMPARISON

BETWEEN DATASETS

Data_A, P1 and P6 achieved near-perfect AUCs (P1: 99.76 ±
0.32%, P6: 100 ± 0.00%), while P2 performed lower (97.24
± 2.93%, C1: 87.04–98.59%). P9 also performed excellently,
whereas P10 showed variability, especially for C0 (86.37 ±
3.69%). In Data_B, P1 again reached high accuracy (99.27 ±
1.38%, C0: 96.35–100%), and P3 consistently excelled (C0:
97.50 ± 2.34% to C2: 99.90 ± 0.18%). P5 had weaker results
for C0 (93.75–95.65%, average 93.75 ± 1.98%) but maintained
strong performance on other classes (99.43–99.90%).

The model showed consistent, high performance with narrow
confidence intervals, highlighting its robustness. Some partic-
ipant variability, particularly for P2 and P10, suggests that
subject-specific tuning may be needed, reflecting challenges,
such as EEG signal quality or individual differences. Per-class
ROC analyses demonstrated excellent discriminative capability,
with AUC values consistently exceeding 0.95 for most word
classes. The ROC curves for each fold, alongside the averaged
ROC plots, are presented in Supplementary Material (Fig. S1).
The model showed strong accuracy, stability, and low latency,
though variability across participants, to assess whether there are
significant differences between the datasets, I applied two statis-
tical tests: 1) ANOVA: Single Factor to evaluate participant-level
differences in accuracy within each dataset; and 2) the F-Test
two-sample for variances to compare the variances between the
two datasets. The results were summarized in Table VI. The
ANOVA: Single factor test reveals no significant differences
in accuracy within either Data_A (p = 0.9577) or Data_B (p
= 0.9496), as both p-values are much higher than the 0.05
threshold. The F-test two-sample shows an F-statistic of 3.4696
with a p-value of 0.1671, which is also greater than 0.05. Since

TABLE VII
QUANTITATIVE COMPARISON BETWEEN ORIGINAL AND RANDOMIZED

EXPLANATIONS FOR SELECTED LAYERS

the F-statistic is lower than the critical value of 8.8123, we
conclude that there is no significant difference in variances
between Data_A and Data_B.

D. Model Interpretability Results

To improve interpretability, three analyses were performed
on the CNN, LSTM, and Dense layers before and after param-
eter randomization. Grad-CAM activations at the convolutional
layer reveal strong, class-specific spatial patterns before ran-
domization, which diminish afterwards, indicating meaningful
learned features [Fig. 9(a)]. LSTM saliency analysis revealed
that before randomization, unit 4 played a crucial role across all
classes, while after randomization, unit 0 became more domi-
nant, emphasizing the model’s ability to capture class-specific
temporal dependencies [Fig. 9(b)]. The relative contributions of
CSP-Conv and spectral-LSTM features to the dense units show
balanced, complementary influences before randomization, with
unit 9 being influenced by CSP features and unit 32 by spectral
inputs. After randomization, contributions became less distinct
and more uniform, confirming that the original contributions
reflect genuine, task-relevant information used in the model’s
final predictions [Fig. 9(c)].

Table VII presents the Pearson correlation coefficients be-
tween the original and randomized explanation maps for key
layers. The results show that CNN_1 d (Grad-CAM) exhibits
moderate correlations (ranging from 0.12 to 0.48), indicating
sensitivity to learned parameters, with LSTM saliency maps
demonstrating the strongest sensitivity to weight randomization
and higher faithfulness, especially for both datasets (correla-
tions from −0.14 to 0.21). Dense network saliency maps show
weak and often negative correlations (ranging from −0.25 to
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TABLE VIII
COMPARISON WITH PREVIOUS INNER SPEECH EEG CLASSIFICATION STUDIES USING THE SAME DATASET

0.15), suggesting that these saliency maps are highly sensitive
to learned parameters, reflecting faithfulness. The results show
low correlations in all layers, CNN Grad-CAM, LSTM, and
Dense saliency maps. These findings highlight the model’s
alignment with neurophysiological expectations, reinforcing its
ability to accurately classify inner speech using both spatial and
temporal-spectral features.

Comparing this study to previous work using same dataset, as
shown in Table VIII. For Data_A, the model achieved 89.99%
accuracy, significantly improving over the previous best result of
67.5% [41], representing a 33.32% improvement. For Data_B,
the model achieved 92.47%, an increase of 318.41% compared
to the previous best of 22.1% [13]. These improvements are
attributed to the integration of optimized spatio-spectral features,
region-specific electrode analysis, and deep learning techniques.
The model also demonstrated computational efficiency, with
69.81 MFLOPs for Data_A and 111.66 MFLOPs for Data_B,
and low latency, making it suitable for real-time applications.
These results set a new benchmark in EEG classification,
with higher accuracy and efficiency than previous methods
(Table VIII). Future work should focus on enhancing artifact
resistance and exploring real-time deployment.

IV. CONCLUSION

This study presented a dual-branch deep learning frame-
work that combines spatial features extracted via CSP with
spectrogram-based temporal features for inner speech EEG
classification. The model, utilizing parallel CNN and LSTM
pathways, achieved impressive classification performance in
a subject-dependent setting, with accuracies of 89.99% and
92.47% on two distinct EEG datasets. The results highlighted
the effectiveness of optimizing CSP components, applying task-
specific electrode selection, especially over Broca’s area—and
combining spatial and spectral representations to enhance de-
coding performance. Interpretability analyses provided insights
into the model’s decision-making process, demonstrating that
the model relies on physiologically meaningful EEG patterns.
These analyses confirmed the transparency of the model’s in-
ternal workings, aligning its predictions with expected neural
activity associated with inner speech. Unlike previous stud-
ies that analyzed Data_A or Data_B in isolation, this work

integrated both datasets into a unified framework, offering a
more robust and comprehensive approach to feature extraction
and classification.

Despite these advancements, several limitations must be ac-
knowledged. One primary limitation is the relatively small
dataset size, which limits the generalizability of the findings
and underscores the need for a more extensive dataset to val-
idate the model’s scalability across diverse populations. In
addition, a LOSO subject-independent evaluation was con-
ducted to assess cross-subject generalization. The LOSO results
yielded average accuracies of 26.20% for Data_A and 20.47%
for Data_B, representing a substantial reduction compared to
the subject-dependent setting and approaching chance level in
the four-class scenario (25%). This degradation reflects pro-
nounced intersubject variability in EEG spatial patterns and the
subject-specific characteristics of CSP-based representations.
These findings indicate that the proposed framework benefits
from user calibration and is currently better suited for subject-
centered deployment scenarios.

Future work will focus on expanding the dataset to include a
larger and more diverse participant pool to improve generaliz-
ability. Strategies, such as domain adaptation, transfer learning,
and advanced normalization techniques will be explored to en-
hance subject-independent robustness and mitigate intersubject
variability. Additional comparisons with recent state-of-the-art
models will be performed to evaluate relative performance.
Efforts will also be directed toward improving artifact resistance
and enabling real-time deployment of the framework. These
directions aim to increase the scalability, reliability, and practical
applicability of EEG-based inner speech decoding systems in
real-world scenarios.
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