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Abstract 

This work introduces a novel Convolutional Block Attention Module (CBAM) along with Convolutional Neural Network (CNN) 

architecture for the recognition of imagined speech electroencephalography (EEG) data. The real-time data is recorded in 

Biomedical Signal Processing Laboratory, IIT Roorkee. The Pearson correlation (P) method is utilized to gain understanding of 

neural activity during speech imagination. The proposed CBAM model leverages both spatial and channel attention, allowing 

the model to selectively focus on the most distinguishing regions. The incorporation of the CBAM mechanism enhances feature 

representation by adaptively emphasizing the most informative spatial and channel-wise EEG components, thereby improving 

both model performance and interpretability. This model also utilizes binary and multiclass classification of imagined speech 

from correlation-based EEG feature images. The subject independent and subject-dependent classification accuracies obtained 

from P feature images range from 52.72±7.1% to 68.20±5.3% and 67.47±5.8% to 88.09±4.2% respectively. The results suggest 

that correlation-based feature representation effectively captures the underlying neural dynamics associated with imagined 

speech. Comparative analysis with existing state-of-the-art methods indicates that the proposed model achieves improved 

classification accuracy and generalization, validating its effectiveness for EEG-based imagined speech decoding. These findings 

indicate the potential of the proposed approach for reliable and scalable brain–computer interface (BCI) applications in real-

world scenarios. 

Keywords 

EEG, Deep Learning, Signal Processing, Imagined Speech, Attention 

 

1. Introduction 

Imagine speech being a natural and daily life activity of 

an individual, this arena is blessed with unlimited number 

words, prompts and sentences and each one of them refers to 

a class, leading to an excellent degree of freedom. These 

characteristics of the imagination modality enhance its use-

fulness over existing brain computer interface (BCI) based 

on modalities like motor imagery or event related potentials 

with few drawbacks such as limited degree of freedom, more 

training required, and user discomfort [1, 2]. The choice of 

imagination classes like particular words or sentences can 

potentially enhance the decoding performance and user com-
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munication. The previous studies validate the potential reli-

ability of an EEG based imagined speech real time BCI de-

signs but fails to attain actual communication along with the 

restrictions on a number of imagination categories limited to 

few words, vowels or syllables [3-5]. 

The era of EEG-based decoding of imagined speech 

started Long ago in 2009 when C. S. DaSalla et al. invented 

an EEG-based imagined speech decoding system based on 

binary classification of vowel categories like /a/, /u/ and rest 

using CSP (common spatial filter) based spatial filter as fea-

tures and nonlinear SVM as classifier and obtained an accu-

racy of 68-79% [6]. After DaSalla, many researchers have 

designed enhanced EEG-based systems for decoding vowel 

speech imagery [7-9]. In 2010, Brigham et al. derived an al-

gorithm for classifying two imagined syllables, /ba/ and /ku/, 

using autoregressive coefficients and k-nearest neighbour 

(kNN) classifier and reported an accuracy between 46% to 

88% [10]. In [11] deep CNN (62.37%) and shallow CNN 

(60.88%) are applied to EEG data for 15 pairs of binary clas-

sifications of imagined Spanish words. Ashwin Kamble et al. 

[12] achieved maximum classification accuracy achieved is 

89.6 ± 4.6% and 61.1 ± 5.1% in binary and multiclass (seven 

classes) signals, respectively using Machine-learning-ena-

bled adaptive signal decomposition for a brain-computer in-

terface using EEG. in later works of Ashwin Kamble et al., 

techniques like optimized rational dilation wavelet transform 

[13], Spectral analysis [14] and Smoothed Pseudo Wigner-

Ville Distribution [15] were explored with appreciable clas-

sification accuracies. 

This study presents the classification of imagined EEG 

signals for imagination of three language categories named 

vowels, words and sentences for potential applications into 

more feasible BCI system design. In recent years, numerous 

researches have explored the use of correlation analysis [16-

18], to gain insights into various aspects of human neuronal 

activity and cognitive processes, validating the significance 

of correlation-based connectivity analysis in disentangle-

ment of complex associations between imagined speech 

EEG signals. 

Correlation analysis of the EEG signals is performed to ex-

plore the association between various cortical regions during 

imagination of speech. The Channel * Channel connectivity 

matrix images will be generated for all trials of EEG signals 

and provided to an attention-based optimized CNN algorithm 

for classification of imagined work. We hypothesize that the 

unification of the deep learning (DL) algorithm with the cor-

relation feature EEG images can provide enhanced analysis 

and classification of imagined speech characteristics than the 

conventional machine learning (ML) based methods existing 

in the literature [12, 19]. The remainder of this article is orga-

nized as follows. Section II describes the dataset, Feature ex-

traction, and CBAM-CNN based proposed model. Experi-

mental results and discussion are presented in Section III. Fi-

nally, Section IV presents the conclusion of the proposed 

method. 

2. Methods and Material 

This section presents the feature extraction and classifica-

tion methodology adopted to accomplish high accuracy de-

coding of sentences, words and vowels from imagined speech 

dataset. The comprehensive architecture of the proposed 

methodology is presented in Figure 1. It shows the proposed 

prototype is alienated into five steps: 1) Acquisition of the 

EEG dataset; 2) Preprocessing and segmentation of the EEG 

signals; 3) Obtaining correlation-based EEG feature images 

using Pearson correlation, 4) Designing and training of atten-

tion-based convolution neural network classifier architecture 

for classification, and 5) Binary and multiclass classification 

is performed with from the images of obtained correlation ma-

trices. 

 
Figure 1. The comprehensive architecture of the proposed methodol-

ogy. 

A. EEG Data Acquisition 

The original EEG dataset of ten healthy volunteers (S1–

S10), all male, with a mean age of 29 is recorded at Biomedi-

cal lab located in Electrical Engineering department of IIT, 

Roorkee. The dataset utilized in this work was generated by 

the authors and has been made publicly accessible via IEEE 

DataPort to ensure transparency and reproducibility [20]. The 

experimental instruction about the imagination of desired 
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word, vowel or sentence were presented to the participants 

from a computer monitor. The EEG experimental procedure 

adopted for each subject is shown in Figure 2. 

 
Figure 2. Experimental protocol of Dataset 1. 

The wireless 32 channel EMOTIVE EPOC Saline system is 

used for EEG data acquisition. EEG signals were recorded at 

a sampling rate of 128Hz. The experiment consists of three 

imagination categories: 1) Vowels (‘/a/’ and ‘/i/’), 2) Words 

(“WATER,” “FINE,” “PROBLEM,” “SLEEP,”) and 3) Sen-

tences (“I AM FINE,” I HAVE PROBLEM,”). 

Each subject performed around 60 repeated imagination tri-

als for each of the above-mentioned classes. The recording 

session started with a relaxation stage of 2s, followed by a 

stimulus stage of 3 s, and an imagination stage of 4 s. Every 

imagination stage was divided by a beep sound. The partici-

pants were instructed to keep their eyes closed during the im-

agination stage until they heard the beep sound. 

B. Pre-processing and Segmentation 

EEGLAB toolbox from MATLAB is utilized for the pur-

pose of basic preprocessing of data. EEG data was filtered in 

the range 0.5 Hz to 60 Hz using the fifth order Butterworth 

bandpass filter to suppress noisy components. Power line 

noise is eliminated with the help of 50 Hz notch filter. At the 

end, EEG data was rereferenced using common average refer-

encing technique. After pre-processing, data recordings were 

further segmented into trials, and each trial was additionally 

divided into rest, stimulus, imagined state data. Each trial is 

associated with a data matrix with 32 rows referring to 32 

channel electrodes and 512 columns for time samples (sam-

pling rate 128Hz). The 4-second EEG epochs of speech imag-

inary state of dataset have been taken out for analysis, count-

ing to a total of 480 (60 trials * 8 imagination classes) epochs 

per subject. 

C. Correlation based Feature Extraction 

Correlation is a measure of how two or more variables are 

related. It provides insights into the strength and direction of 

the relationship. In imagined speech decoding, identifying and 

analyzing correlation between EEG time series data is critical 

for accurately interpreting and understanding the brain’s ac-

tivity related to internal speech processes. 

Pearson Correlation is a straightforward method to assess 

the linear relationship between two signals. Extracted features 

are converted to images and are fed to classification process. 

This study utilizes Pearson’s correlation as a fundamental sta-

tistical tool to trace the linearity between two signals. It 

measures the extent to which two signals vary in relation to 

each other [16]. It is exhaustively used in research and analy-

sis, to qualify the stretch and directionality of association be-

tween two continuous signals. However, it is necessary to con-

sider its underlying assumptions and potential limitations such 

as linearity, bidirectionality, sensitivity to outliers etc. Pearson 

correlation is used in the study with the purpose of capturing 

underlying connectivity trends between various cortical re-

gions to enhance imagined speech classification. The Pearson 

correlation (ϒ) coefficient is calculated using expression (1). 

ϒ= 
∑ (𝑁𝑖−𝑁)𝑛

𝑖 (𝐾𝑖−𝐾)

√∑ (𝑁𝑖−𝑁)2  ∑ (𝐾𝑖−𝐾)2𝑛
𝑖

𝑛
𝑖

              (1) 

Where 𝑁𝑖  and 𝐾𝑖 are individual sample points of signal N 

and K, 𝑁 and 𝐾 represents the mean values of signal N and 

K and n refers to number of sample points. The value of ‘| ϒ 

|’ ranges from [0 to 1], where | ϒ | = 1 represents perfect linear 

relationship, ϒ=0 represents no relationship and | ϒ | ≥ 0.5 

signifies strong linear correlation. We have applied Pearson 

correlation to imagined speech EEG signals to find overall 

correlation between EEG channel during entire duration of a 

trial. Figure 3 contains channel * channel Pearson feature im-

age corresponding to imagination of one trial of word ‘Fine’. 

The process is repeated for all the 60 trials of an imagination 

class leading to 60 images per class per subject. 

 
Figure 3. Pearson correlation EEG feature Image. The x-axis and y-

axis correspond to 32 EEG channels. 

D. CBAM CNN Architecture for Classification 

CBAM based convolutional neural networks architecture is 

designed for purpose of improving classification performance. 
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It leverages both spatial and channel attention, personalized 

precisely for EEG signal feature images allowing the model to 

selectively focus on the most informative regions and chan-

nels. 

The pre-processed EEG data was utilized for feature extrac-

tion to extract EEG feature images using Pearson correlation, 

leading to 60 images per class per subject. These feature im-

ages were used as input for a CBAM CNN classifier. 

CNNs are the deep neural network that captures the spatial 

hierarchies of EEG data after converting EEG features into 

images. An attention-based CBAM CNN can future boost fea-

ture illustration by concentrating on the most relevant parts of 

an image EEG feature image, enhancing the classification per-

formance in complex cases like imagined speech recognition 

where specific details are crucial. 

CBAM comprises two sub-sections named channel atten-

tion module (CAM) and spatial attention module (SAM) [21]. 

CAM highlights channel significances and SAM highlights 

spatially significant regions. The functional architecture of 

CBAM attention module is shown in Figure 4. 

CAM forms channel descriptors by concentrating on the 

feature map along the spatial dimension (height, width). SAM 

detects the significant spatial regions inside the feature maps 

to focus on assured spatial associations or patterns that might 

correspond to imagined speech task. 

 
Figure 4. The functional architecture of CBAM attention module. 

E. Proposed Model 

Raw and original EEG was acquired corresponding to di-

verse categories of speech. The recorded dataset is pre-pro-

cessed and segmented into trials, and Each trial is associated 

with a data matrix with 32 rows referring to 32 channel elec-

trodes and 512 columns for time samples (sampling rate 

128Hz). Correlated based EEG feature images are extracted 

each trial. leading to 60 images per class. The same feature 

extraction process is repeated for all 10 subjects. The EEG 

feature images of size 100*100*3 are inputted to proposed 

CBAM based CNN model for classification. The architecture 

of the CBAM CNN model is presented in Figure 5. 

The 32×512 EEG signals were transformed into a 32×32 

correlation matrix by computing pairwise channel correlations. 

This matrix was visualized using the ‘imagesc’ function from 

MATLAB and resized to a 100×100 image. To ensure com-

patibility with CNN models, the image was represented in a 

3-channel format (100×100×3), where the channels corre-

spond to colormap-based representations of the correlation 

values. 

The input dataset consists of EEG-derived feature images 

used for training the classification models. To analyze the im-

pact of input resolution, multiple image sizes were evaluated 

during experimentation. It was observed that an input size of 

100 × 100 × 3 provides an optimal balance between computa-

tional efficiency and classification performance. Larger image 

sizes did not result in any significant improvement in accuracy, 

while smaller sizes led to a noticeable degradation in perfor-

mance. Therefore, a fixed input size of 100 × 100 × 3 was 

adopted for all experiments. 

http://www.sciencepg.com/journal/ijmcr
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The hyperparameters of the model were optimized using 

Bayesian optimization via the Keras Tuner library, enabling 

efficient exploration of the search space and selection of the 

best-performing configuration based on validation perfor-

mance. The final configuration employed the Adam optimizer 

with an initial learning rate of 0.0005, trained for 40 epochs 

with a batch size of 16 using a categorical cross-entropy loss 

function. Tables 1-7 presents the specific hyperparameters 

used for classification of imagined vowels, words and sen-

tences. The performance of the proposed imagined speech 

classification system is assessed using numerous performance 

measures, including accuracy, precision, F1 score, recall. 

 
Figure 5. The architecture of proposed CBAM CNN model. 

To further ensure the robustness and reliability of the re-

ported results, 10-fold cross-validation was employed for both 

binary and multi-class classification tasks. In this process, the 

dataset is divided into 10 equal folds, with 9 folds used for 

training and 1-fold reserved for testing in each iteration. In 

each fold, 90% of the data was used for training and 10% for 

testing, ensuring that every sample was used for testing ex-

actly once. Furthermore, 10% of the training data was set aside 

as a validation set for hyperparameter tuning and model selec-

tion. This procedure is repeated 10 times, ensuring that every 

fold is used once as a test set. The average accuracy across all 

folds is then reported as the final performance score, minimiz-

ing the risk of overfitting and reducing bias in performance 

estimation. 

All experiments were conducted in a GPU-enabled compu-

ting environment to ensure efficient model training. Feature 

extraction was performed in MATLAB, where raw EEG sig-

nals were processed to generate feature-based images. These 

EEG feature images were subsequently used as input to deep 

learning models implemented in Python using the TensorFlow 

framework. This experimental setup minimizes overfitting 

and provides a reliable estimate of the model’s generalization 

capability. 

Table 1. Convolutional Layers Used in the Proposed CNN Architecture. 

Layer Layer Type No. of Filters Kernel Size Stride Activation 

Conv_1 Conv2D 32 3x3 1 ReLU 

Conv_2 Conv2D 64 3x3 1 ReLU 

Conv_3 Conv2D 128 5x5 1 ReLU 
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Table 2. Pooling Layers Used in the Proposed CNN Architecture. 

Layer Layer Type Pool Size Stride 

MaxPooling_1 MaxPooling2D 2x2 2 

MaxPooling_2 MaxPooling2D 2x2 2 

Table 3. Regularization Layer Configuration. 

Layer Layer Type Drop Rate 

Dropout_1 Dropout 0.25 

Table 4. Fully Connected Layer Configuration. 

Layer Layer Type Neurons Activation 

Dense_1 Dense 128 Tanh 

Table 5. Output Layer Configuration for Different Classification 

Tasks. 

Task Layer Type Neurons Activation 

Binary Dense 2 Sigmoid 

4-Class Dense 4 Softmax 

8-Class Dense 8 Softmax 

Table 6. Attention Module Configuration. 

Module Type Kernel Size 

CBAM Attention 5x5 

Table 7. Training Hyperparameters Used for Model Optimization. 

Parameter Value 

Optimizer Adam 

Learning Rate 0.0005 

Batch Size 16 

Epochs 40 

Loss (Binary) Binary Cross-Entropy 

Loss (Multi-class) Categorical Cross-Entropy 

Validation 10-fold CV 

3. Results and Discussion 

In this study, classification was carried out at multiple lev-

els to comprehensively evaluate the discriminative capability 

of the proposed framework. First, Subject independent binary 

classification was performed across all possible pairwise com-

binations of prompts as shown in the binary classification 

heatmap presented in Figure 6, resulting in a total of 28 binary 

classification tasks. The subject-independent binary classifi-

cation consists of 28 tasks, obtained by considering all possi-

ble pairwise combinations of the eight classes: ‘water’, ‘help’, 

‘fine’, ‘problem’, ‘/a/’, ‘/i/’, ‘i am fine’, and ‘i have problem’. 

This results in a total of 28 unique binary classification prob-

lems, where each task involves distinguishing between two 

specific classes. The subject independent classification accu-

racies obtained from P feature images ranges from 52.72±7.1% 

to 68.20±5.3. This approach enabled the analysis of separabil-

ity between every possible pair of imagined speech prompts, 

thereby highlighting the relative difficulty of distinguishing 

specific word pairs. 

In addition to binary tasks, a multi-class classification was 

conducted in two stages. The first stage focused on 4-class 

classification (Water’ vs ‘Fine’ vs ‘Problem’ vs ‘Sleep’) in-

volving only the word prompts, which provided insights into 

the framework’s ability to distinguish among imagined words. 

The second stage extended this evaluation to an 8-class clas-

sification, incorporating all prompts namely Water’ vs ‘Fine’ 

vs ‘Problem’ vs ‘Sleep’ vs ‘I am fine’ vs ‘I have problem’ vs 

‘/a/’ vs ‘/i/’, thus representing the most challenging scenario 

with the maximum number of categories. Table 8 contains the 

accuracy for four and eight class classification for all subjects 

obtained from P feature Images with CBAM-CNN classifier. 

For subject dependent multi-class classification, The overall 4 

class classification accuracy ranges from 70.12±1.36% to 

75.48±2.7% and overall ‘8’ class classification accuracy 

ranges from 49.62±3.41% to 53.38±2.67%. 

The performance variation observed across different sub-

jects in Table 8 can be attributed to inherent inter-subject var-

iability in EEG signals. EEG patterns associated with imag-

ined speech are highly individual-specific, leading to differ-

ences in feature representation and classification performance. 

Additionally, factors such as subject compliance, attention 

levels during data acquisition, and cognitive differences may 

influence the quality and consistency of the recorded signals. 

Variations in signal-to-noise ratio and the presence of artifacts 

further contribute to performance differences across subjects. 

Moreover, the model may exhibit slight overfitting or under-

fitting for certain subjects due to limited subject-specific data. 

Despite these variations, the proposed CBAM-CNN model 

demonstrates relatively stable performance across subjects, 

indicating its robustness in handling subject-dependent varia-

bility. 
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Figure 6. Heatmap of subject-independent binary classification of 

imagined words. 

Table 8. Percentage accuracy ± standard deviation for four and eight 

class classification for all subjects obtained from P feature Images 

with CBAM-CNN classifier. 

Subject 4 Class 8 Class 

S1 70.12±1.36 50.42±1.54 

S2 71.83±3.2 52.53±3.12 

S3 74.15±1.9 51.64±2.54 

S4 72.17±3.1 50.31±1.54 

S5 70.69±4.1 52.31±4.5 

S6 75.48±2.7 53.38±2.67 

S7 73.37±1.78 49.62±3.41 

S8 71.12±1.39 51.17±5.12 

S9 72.67±2.4 52.63±2.43 

S10 75.32±1.67 49.93±1.58 

Performance of the proposed model is compared among dif-

ferent categories such as vowel, sentences, words, vowel vs 

sentences, words vs vowels and words vs sentences in terms 

of the performance evaluation measures, such as Precision, 

Recall, F1-score, Kappa and accuracy as shown in Figure 7. 

The comparative analysis is performed using subject inde-

pendent approach with 10-fold cross validation. Words vs sen-

tences, words vs vowel and words classification show signifi-

cantly better performance in comparison to other categories. 

The outcomes consistently show higher values for these per-

formance metrics, signifying the appreciable completeness in 

apprehending the desired performance. 

 
Figure 7. Comparison of performance of proposed model among dif-

ferent language categories in terms of the performance evaluation 

measures, such as Precision, Recall, F1-score, Kappa and Accuracy. 

To further validate the effectiveness of the proposed 

CBAM-CNN model, a comparative analysis was performed 

with baseline models, including CNN [22], CNN with self-

attention [22], ResNet-50 [22, 23], and DenseNet-121 [4]. The 

results, illustrated in Figure 8, demonstrate that the proposed 

model consistently outperforms the other architectures across 

all classification tasks. The improved performance highlights 

the effectiveness of the CBAM module in enhancing feature 

representation by focusing on relevant spatial and channel-

wise information significantly and complement each other for 

improved imagined speech classification. 

To evaluate the contribution of each component, an ablation 

study was performed by comparing four configurations: base-

line CNN, CNN with Pearson correlation (P) features, CNN 

with CBAM, and the full proposed model. All experiments 

were conducted under identical 10-fold cross-validation set-

tings. As shown in Table 9, the baseline CNN achieved the 

lowest accuracy, while the inclusion of Pearson correlation 

improved performance by capturing inter-channel relation-

ships in EEG signals. The addition of CBAM further enhanced 

accuracy by enabling attention-driven feature refinement. The 

proposed combined model achieved the highest accuracy, 

demonstrating that both correlation-based feature representa-

tion and attention mechanisms contribute. 

 
Figure 8. The comparative performance of different models for 

vowel, word, sentence, and cross-category classification tasks. 
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Table 9. Ablation study showing the impact of Pearson correlation 

(P) and CBAM on classification accuracy of the proposed EEG-

based imagined speech recognition model. 

Model Variant Accuracy (%) 

CNN (Baseline) 62.3 

CNN + Pearson Correlation 69.2 

CNN + CBAM 73.4 

Proposed 76.7 

Despite the promising results, this study has certain limita-

tions. The performance in the subject-independent setting re-

mains comparatively lower, highlighting challenges in gener-

alizing across subjects due to inherent inter-subject variability 

in EEG signals. Additionally, the dataset size is relatively lim-

ited, which may affect the robustness of the deep learning 

model. The current work is also restricted to Pearson correla-

tion-based feature representation and a single attention mech-

anism. In future work, larger and more diverse datasets will 

be considered along with advanced data augmentation tech-

niques to enhance model generalization. Furthermore, incor-

porating rigorous statistical analysis will help validate the sig-

nificance of the obtained results, while exploring additional 

feature extraction methods and hybrid attention mechanisms 

may further improve classification performance. To improve 

generalization, future work will include a larger and more di-

verse population encompassing different genders, age groups, 

and cognitive conditions. 

4. Conclusion 

This paper offers numerous key contributions to imagined 

speech classification. EEG feature images were created using 

correlation method to carefully capture brain connectivity pat-

terns. The research utilized in-house EEG data recorded at the 

Biomedical Signal Processing Laboratory, IIT Roorkee, fo-

cusing on the classification of imagined words, sentences, and 

vowels. A novel attention-based CBAM-CNN architecture 

was proposed to enhance spatial and channel-wise feature 

learning. This CBAM-CNN model was applied to both binary 

and multiclass classification tasks, showing robust perfor-

mance across various imagined speech categories. The inclu-

sion of attention mechanisms significantly boosted the 

model’s capability to identify informative EEG regions and 

channels, outperforming traditional CNN-based methods in 

recognition accuracy. The proposed attention-based CNN 

model has greatly improved classification accuracy and re-

duced the computational cost. The model has performed well 

with simple correlation-based features, hence reducing the 

need for exhaustive frequency-based, phase-based exploration 

and time frequency decomposition. 
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