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Abstract
Brain-Computer Interfaces (BCIs) using electroencephalography (EEG) enable intuitive, non-invasive
neural communication with external systems. While many other BCI paradigms have been widely studied
in EEG-BCI, visual imagery (VI) remains relatively unexplored, particularly for intra-class object
differentiation. This study examines the viability of using state-of-the-art deep learning (DL) models for
classifying EEG signals generated during imagination of 2D geometric shapes within the same visual
category such as circles and triangles. Two leading convolutional neural network architectures, EEGNet
and FBCNet, are evaluated for end-to-end learning from raw time-series data. The limitations of classical
machine learning approaches such as feature extraction bottlenecks and low signal-to-noise ratio are
addressed. Data augmentation with a crop window technique is used to mitigate restrictions on
experimental data conditions while maintaining model performance. Results demonstrate that DL models
can efficiently classify intra-category VI, predicting 216 testing samples in under 2 seconds. Challenges
remain due to limited training data and subtle neural distinctions between simple geometric shapes.
Topographic brain maps further illustrate class-specific activation patterns. This work presents, to our
knowledge, the first implementation of DL classification on full waveform VI data for primitive 2D shapes
in EEG-BCI systems.

Categories: Human-Machine Interface, Machine Learning (ML), Deep Learning
Keywords: machine learning, electroencephalogram signals classification, visual imagery, brain-computer interface
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Introduction
Brain-computer interfaces (BCI) aim to provide an alternative and intuitive modality for computer
interaction to the traditional peripherals. BCIs achieve this by decoding the user’s intention from observed
neural activation using specialized computational methods. Electroencephalography (EEG) is a commonly
used signal acquisition modality for BCI systems providing adequate temporal sampling with relatively
less expensive equipment than systems requiring surgical implants or invasive procedures [1-3].

EEG-BCI has been proposed for motor rehabilitation [4-5], control of prosthesis and rehabilitation devices
[6-7], and as computer software interface [8]. Nevertheless, EEG devices have two major disadvantages:
low signal-to-noise ratio (SNR) and poor spatial resolution from the recording system, requiring
specifically engineered processing methods for accurate interpretation and control. This makes
autonomous and generic EEG classifiers complex or technically specific to design.

Training EEG-BCI classifiers must also overcome the hurdles of limited training data with high
dimensionality and inter-trial variance, as well as inter-class variability associated with the required
control paradigm of interest [8]. Machine learning (ML) has emerged as a promising tool for overcoming
limitations inherent to EEG-BCI, thanks to its elaborate information extraction capabilities and
adaptability. Classical ML techniques generally achieve this with the help of preprocessing methods that
represent the raw low SNR signals onto a new characteristic physiological feature space with enhanced
SNR and a reduced feature space, which optimizes ML performance. These techniques have proven to
work well for a variety of BCI paradigms [9-10]. Motor imagery (MI) is one of the most used and
extensively studied EEG-BCI control strategies. In MI, users perform a mental process, where they imagine
voluntary limb motor movement [11]. It is known that different classes of MI can differ in their spectro-
spatial distribution, making it the main feature to be extracted for accurate MI differentiation in
successful ML models, such as Filter Bank Common Spatial Pattern [9]. Another much less studied BCI
paradigm has emerged as a promising method for alternate system controls and computer-aided design,
known as visual imagery (VI) [12-13].

In VI, the users perform a mental process, where they voluntarily visualize a distinct image of an object or
scene from a third-person perspective [14]. However, there are far less studies performed for VI paradigms
compared to MI. In many VI-BCI designs, the poor differentiation between tasks using classical ML is
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typically due to the EEG feature extraction capabilities as implemented by design. This can be attributed
to limited knowledge of VI’s physiological patterns for proper signal processing and feature selection
[15]. Furthermore, most VI studies focus on differentiation of cross-category object visualization. where
the image variables significantly change in many of their attributes (e.g. shape, colors, vividness, or
familiarity).

Although VI classification has recently shown advancements in distinguishing static over dynamic image
visualizations [15], differentiation of VI based on varying object shape remains a challenging task.
Kosmyna et al. [16] studied the potentials of distinguishing EEG signals related to VI between two classes
(hammers and flowers). Despite being two unrelated categories of objects with distinct features, they
managed to achieve 52% classification accuracy using the Spectrally Weighted Common Spatial Patterns
(SpecCSP) classification strategy. Other works, such as that by Esfahani [12], focused on intra-category
visualization to classify VI signals of five basic shapes, as well as on the control of the feature variability of
the objects themselves (including colors) to improve the analysis of crucial characteristics of objects that a
BCI user can control. While the author reports a classification accuracy of only 44.6% using a linear
discriminant analysis classifier, a 69.8% accuracy was achieved when distinguishing between round and
sharp shapes. Although these results are well above chance probability, it is necessary to have much more
consistent outcomes for a reliable BCI system. Furthermore, these methods tested for VI-BCI mainly rely
on converting time-variant recordings into data-relevant features, which can be time consuming and may
reduce the responsiveness of the BCI system in real-world applications.

Recently, many advanced deep learning (DL) models have been proposed for BCI, and they have quickly
outperformed classical approaches for EEG data classification [10,17-18]. Convolutional Neural Networks
(CNN) stand out as a promising end-to-end solution due to their ability to learn local connectivity
patterns from data without the need of ‘hand-crafted’ designed features. This is ideal for BCI development
as it reduces the time and complexity of data processing, allowing the system to increase the interaction
frequency. Therefore, a possible solution to improving VI physiological knowledge and VI-BCI reliability
could come from emerging powerful deep DL models. For example, Llorella et al. [17] showed that a simple
feature-based CNN model outperforms classical ML in the classification of diverse VI objects (i.e. tree,
house, plane, and dog).

In this study, we investigate the performance of state-of-the-art (SOTA) DL models in classifying EEG-
based VI recordings involving the imagination of 2D primitive geometric shapes (i.e. circles and triangles)
with intra-class variations. This approach allows us to explore how the human mind mentally constructs
basic shapes and assess the potential of modern DL techniques in decoding such abstract cognitive
processes. We highlight the challenges associated with differentiating EEG signals corresponding to
similar imagined shapes under conditions of limited training data. Two CNN variations are considered in
this study as they have proven to be consistently the top performers for BCI applications: Filter-Bank
Convolutional Network (FBCNet) [10] and EEGNet-8,2 [18]. Both models report to be effective in data-
limited scenarios, which is the case for most BCI studies including the present one. These two CNNs are
employed for end-to-end learning from raw EEG time-series data. We limit the data collection time to
reduce participant fatigue and attempt to mitigate such data limitations with a data augmentation
strategy using crop windows. Our results demonstrate that, despite the inherent difficulty of intra-class VI
classification, DL models can achieve meaningful discrimination between imagined shapes. Additionally,
we visualize class-specific cortical activity using topographic brain maps to identify distinct spatial
patterns associated with each imagery class. To the best of our knowledge, this is the first study to apply
DL methods to full EEG waveforms for classifying imagined 2D geometric shapes.

Materials And Methods
Model architectures
We use two of the most consistent SOTA DL models to decode various EEG-BCI paradigm datasets:
FBCNet and EEGNet-8,2. These models are specifically designed to cater to the characteristics of EEG
physiological variables in terms of spatio-temporal processing compared to other basic CNN models. Both
models claim to be effective in data-limited scenarios, which is the case for most BCI studies including the
present one. This is the first implementation of both architectures in a VI-related study. The main
characteristics of the DL models implemented in this study are described as follows:

i. EEGNet-8,2 (which will be referred to as EEGNet in the rest of this manuscript) is a compact CNN model
designed for raw EEG data inputs, featuring a unique combination of convolutional blocks, which allows
for the interpretation of high-level features while minimizing model parameters. This is done by
extracting information using a temporal kernel, followed by a depth-wise convolution and subsequent
separable convolution. Finally, a classification block takes the resulting features extracted by the
convolutional layers and determines the class with a softmax function. EEGNet has been proven to
perform well over a variety of BCI paradigms within the event-related potentials and
oscillatory component modalities, including sensory motor rhythms often studied in MI-BCI [18].
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ii. FBCNet is a multi-input CNN designed to extract spectro-spatial discriminative information with a
‘multi-view’ representation of the EEG data. It uses multiple narrowband filters to produce a spatial
convolution with various kernels to effectively extract discriminative features. In the convolutional kernel
section, it also performs spatial convolution, followed by a temporal variance convolution feature
extraction layer. Finally, it uses a log activation function and analyzes the extracted features with dense
layers, consolidating them into the final classification layer for output. FBCNet has outperformed other
SOTA DL models on a variety of MI datasets [10].

Data acquisition
In this study, we gathered EEG recordings from human subjects while they imagine or create a mental
representation of primitive shapes in 2D. Throughout the experiment, participants are asked to imagine
either a circle or a triangle after a given cue. The shapes or images selected for this experiment correspond
to intra-categorical images with controlled figure variables (i.e. colors and size), thus minimizing the
feature difference between classes to test DL model performance under difficult discriminative conditions.
Figure 1a shows the geometric shapes presented to the participants at the start of each session as
examples of the type of images to mentally recreate after each cue for this experiment. The selected
images are well-known primitive shapes with similar black background and white lines contrast, only
varying in shape characteristics such as edges or roundness. However, the actual cues given throughout
the experiment are the names of the corresponding shapes (also in black and white), as shown in Figure
1b. This cue or stimulus modality is preferred to avoid the possibility of the mental task becoming the
retention of the visual cue (which would be the case if shapes were used) instead of the task being the
mental creation of the image. Previous research also supports that model performance is not affected by
the stimulus modality [12,19].

FIGURE 1: (a) Examples of figures shown to the participant before VI
data capture, and (b) examples of visual cue words used during the VI
session.
VI, Visual Imagery

EEG data is recorded with the Emotiv EPOC Model 1.0 [20] neuroheadset developed by Emotiv. It is
composed of 14 wet electrode channels oriented following the international 10-20 sensor location system.
The Emotiv EPOCH is a relatively affordable and portable EEG interpreter with capabilities very similar to
other medical grade counterparts [21]. The experimental sampling rate is set to 128 Hz, which is on the
low-end capability of EEG devices typically used in most studies. The device also has an integrated 50/60
Hz notch filter to eliminate powerline noise artifacts, and a digital fifth-order Sinc filter for smoothing the
signal. The Emotiv headset uses the EmotivPro software [22] to allow third-party softwares to interact
with EEG data, as well as recording in real time. We use lab streaming layer (LSL) [23] to stream EEG
recordings from the neural headset in real time and collect the data stream with OpenViBe [24] during the
experiment. While collecting data, OpenViBe is scripted to present the experimental sequence cues and
label the EEG recordings to mark the onset of each stimulus throughout the experiment. A schematic of
the data acquisition system with the package communication streamline for stimulus synchronization in
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our VI experiment is shown in Figure 2.

FIGURE 2: (a) Experimental station for data acquisition and stimulus
presentation schematic. (b) Example of 3 seconds of EEG recordings.
EEG, electroencephalography; LSL, Lab Streaming Layer

Ten engineering students (five males and five females; 22-32 years old) participated in this study. Subjects
had no perceptual or cognitive impairments, and they had normal or corrected vision. The data acquisition
experiment was carried out in two sessions done in separate days, each consisting of six randomized
sequences for each participant with 15 trials per sequence. This experiment was performed under the
oversight and approval of the University of Puerto Rico Mayaguez Institutional Review Board (protocol
number 2021020006). Safety information and task instructions for the experiment were given to each
subject, and they signed an informed consent before the experiment. The participant was accommodated
in the experimental station at least 3 feet away from the monitor and the neural headset was placed,
making sure there was good contact on all electrode sensors. During the experiment, a randomized text
cue would appear in the screen for 3 seconds and then disappear, leaving an empty black screen for 5
seconds. During those 5 seconds, participants imagined the figure corresponding to the given cue. This
time arrangement constitutes 1 trial. Participants were specifically asked to think of the object appearing
or projecting inside the screen. This helps constrain the given task to a finite space (also helping with
consistency of the VI) and suggest a more objective task with real intent in creating the desired object on a
specific place as one would perform with a BCI rather than by just free thinking. Afterwards, a new cue will
appear to begin the next trial. Figure 3 shows a sequence schedule example. The process is repeated until
all trials in the sequence have been completed. The sensor contact quality is verified in between sequences
and corrected by adding more saline solution if necessary. Each cue class appears five times in each
sequence.

Compared to most BCI studies, this work counts with less sample trials per class (60 trials per class). This
was intentionally designed to evaluate the possibility of training a capable DL model with limited training
samples, which would result in reduced user burden in data acquisition, as well as a reduction in training
time. This is beneficial as it allows the user to quickly retrain or calibrate the DL model whenever
necessary to mitigate external variables from the BCI system that could affect performance. These
external variables include changes in the mental state, changes in dynamic activation of neural synapses,
or deterioration of the EEG device sensors. To address this limitation, we employed the cropped training
strategy [25], which creates small time windows within each trial and shifts the window over time to
generate additional time-variant data samples, as permissible by our experimental design. Further details
of this processing method are presented in the next section.

FIGURE 3: Example of EEG signal recording for each of the randomized
sequences for experimental VI data acquisition.
EEG, electroencephalography; VI, Visual Imagery

Metrics
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In this section, we describe the data processing and the DL experimental setup used in this study. With 5
seconds of data acquisition per trial, we slice 3-second data windows from each trial, detrend, and
standardize each signal to be used as inputs by our DL models. This data window size was preferred due to
our EGG device sampling rate, allowing sufficient datapoints in the window for adequate feature
extraction. The first sample window extracted at each trial starts when the first text queue disappears
from the screen. Then, we shift the window forward by 250 milliseconds, resulting in a total of nine
training samples per trial. All channel signals X of each trial are normalized individually using Z-score

defined as . This entails detrending the mean value μ and dividing the signal by the

standard deviation σ of each channel, allowing to transform the data so that it has a mean value of 0 and a
standard deviation of 1.

Finally, all samples are temporally filtered with a sixth-order Butterworth bandpass filter (4-50 Hz). This
frequency range is suitable as it removes signals below 4 Hz corresponding to noise and relaxed mental
states and removes signals above 50 Hz related to muscle movement or electromyography. Therefore, the
main artefactual concern can come from signals related to eye movement or electro-oculography since
their frequency range tends to overlap those from EEG. However, with our intent to minimally process the
data for fast real-time applications, we do not condition the data any further and allow models to
overcome such artifacts themselves through the training data observations.

We evaluate the performance of our DL models based on the classification accuracy over the testing
dataset. We define the accuracy as:

where TP is the true positive (correctly classified sample belonging to the predicted class), TN is true
negative (correctly classified samples not belonging to the target class), P number of positives or total
correct predictions, and N number of negatives or total false predictions.

Training parameters
We compared the performance of two DL models (FBCNet and EEGNet) over our experimental VI dataset.
All models were generated, trained, and tested using the TorchEEG [26] library from PyTorch [27]. We
trained our models using k-fold cross-validation (CV) with k = 5. Our data samples are randomly split into
80% of the data for training and 20% for testing, where the training set is used for the CV optimization,
and the testing set is used to evaluate the best trained model. The best trained model saved during
training is determined by the lowest validation loss obtained during the CV. Each k-fold comprises 500
optimization steps or epochs.

All models are optimized with an Adam optimizer with a learning rate of 1e-4 and have cross-entropy loss
implemented. No further data processing is done for the EEGNet inputs. On the other hand, FBCNet
utilizes the multi-view representation of the input streams using narrow band frequency filters. Here, we
use four common EEG frequency ranges associated with active or conscious mental states, namely, theta
(4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (higher than 30 Hz). For the gamma rhythm, we use
a 30-50 Hz range filter. These rhythms are known to be associated with a specific mental state as follows:

i. Theta: A state of daydreaming or drowsiness; it may also be present during periods of emotional stress
[28].

ii. Alpha: Cognitive processes of attention and memory [29].

iii. Beta: Intense mental concentration or intellectual activity [28].

iv. Gamma: A state of consciousness regarding attention, perception, and cognition [28].

We perform an intra-session, subject-specific analysis to assess different DL model performance over our
VI dataset. In the next section, we compare the progression in terms of optimization for each model, the
performance over unseen data for the average optimized models, and the brain activations associated with
each class.

Artifact removal
For better understanding of the spatial patterns of brain activity, EEG data are often summarized using
topographic head maps. To generate the topographic map features, signal samples were first processed to
remove as many artifacts signals possible and enhance the visualization of underlying activations or
patterns associated with each class. This is achieved by implementing independent component analysis
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(ICA) [30] over each sample’s mixed signal X to separate the signal into independent sources S over a
discrete time tn. Assuming there are equal number of signals as there are sources, determined by the

number of channels C from our EEG sensor, then X and S are dimensions C × tn. If we consider a mixing

matrix W with dimensions C × C, we can describe the mixture of source signals received by each recording
channels as:

Thus, we can estimate the independent sources of the data y, solving:

Where W-1 is the inverse of W, otherwise known as the unmixing matrix. Following the method outlined
by Lindsen and Bhattacharya [31], artefactual components were removed. We apply empirical mode
decomposition to each channel of S to break down non-linear and non-stationary signals into a set of
simpler components called Intrinsic Mode Functions (IMFs). Therefore, our sources can be described as a
sum of N number of IMF’s u and a residue r in the following way:

The standard deviation of artifact related components is generally much larger than those of EEG-related
components. Therefore, we calculate the standard deviation of the first component u and use it as
reference to compare with other components from that independent source. If the standard deviation of
the component u exceeded 2 times the value of the reference, then that component u is eliminated. Then,
the remaining components and r are added together to form an artifact free source S*. This process is
repeated with all the independent sources. Finally, we mix the sources once more to obtain an artifact free
signal X* for any given trial.

For each trial, we extract the mean power spectral density (PSD) of the four frequency bands of interest on
the mixed signal X*. Finally, we average the PSD features across the trial in each class and generate the
topological head map.

Results And Discussion
Results
Experimental Setup of VI-BCI Models

Figure 4 presents the workflow for evaluating our VI-BCI experiment using two DL models, as well as
processing and interpretation of our data. EEG data is recorded using the Emotiv EPOC Model 1.0
neuroheadset, offering a conveniently portable option for BCI. A combination of specialized software
packages (EmotivPro, LSL and OpenVibe) manage the acquisition of data while simultaneously presenting
the participants with the stimuli in the corresponding sequences. Thereafter, the data is prepared or
processed by cleaning signals outside of the 4-50 Hz range and extracting the windows of each trial
corresponding to VI. These samples are then introduced to the DL models for proper classification of the
object design intent.
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FIGURE 4: Experimental setup for the VI-BCI.
BCI, Brain-Computer Interface; EEG, Electroencephalography; FBCNet, Filter-Bank Convolutional Network; VI,
Visual Imagery

Evaluation of VI-BCI Models

We evaluate each model’s accuracy over samples unseen by our models during the training phase to assess
the reliability of each model with future or online case samples. Table 1 presents the average performance
of our optimized models over the testing dataset for each participant. The average performance across all
participants for FBCNet is 51.3± 2.1%, while EEGNet accuracy is 50.3± 0.7%. With a two-way ANOVA
analysis for prediction accuracy between the two models, we get a p-value of 0.17008, indicating no
significant statistical difference between classification accuracy for both models. The training time for
FBCNet (4.67 hours) was slightly longer than EEGNet (4.5 hours) for one participant’s dataset on a GTX
1050 Ti GPU. Once trained, both models are capable of processing and predicting 216 testing samples in
under 2 seconds.

 FBCNet EEGNet

Participant k=1 k=2 k=3 k=4 k=5 Ave. Accuracy k=1 k=2 k=3 k=4 k=5 Ave. Accuracy

p1 0.523 0.528 0.560 0.556 0.468 0.527 0.495 0.500 0.519 0.500 0.500 0.503

p2 0.528 0.537 0.514 0.519 0.514 0.522 0.519 0.500 0.500 0.505 0.514 0.507

p3 0.477 0.546 0.481 0.519 0.532 0.511 0.505 0.509 0.500 0.523 0.500 0.507

p4 0.505 0.454 0.514 0.458 0.491 0.484 0.560 0.509 0.532 0.458 0.532 0.519

p5 0.449 0.472 0.505 0.454 0.463 0.469 0.495 0.514 0.468 0.500 0.491 0.494

p6 0.560 0.505 0.477 0.500 0.537 0.516 0.500 0.491 0.500 0.514 0.500 0.501

p7 0.491 0.523 0.616 0.514 0.523 0.533 0.491 0.500 0.500 0.500 0.486 0.495

p8 0.523 0.551 0.514 0.495 0.500 0.517 0.500 0.491 0.500 0.500 0.519 0.502

p9 0.509 0.463 0.486 0.579 0.574 0.522 0.500 0.500 0.500 0.509 0.500 0.502

p10 0.546 0.528 0.616 0.481 0.468 0.528 0.500 0.500 0.500 0.500 0.505 0.501

Average: 0.511 0.511 0.528 0.507 0.507 0.513 0.506 0.501 0.502 0.501 0.505 0.503

STD: 0.033 0.036 0.052 0.039 0.036 0.021 0.020 0.008 0.016 0.017 0.014 0.007

TABLE 1: Comparison of FBCNet and EEGNet over the VI testing dataset for subject-specific
optimized models.
FBCNet, Filter-Bank Convolutional Network; STD, Standard Deviation; VI, Visual Imagery

To examine class-specific neural patterns elicited during VI, we visualized the average brain activity
across four standard EEG frequency bands. Figure 5 presents topographic head plots depicting
PSD distributions for each frequency band averaged over 60 trials per class for a single participant. These
plots reflect cortical activation during the imagery-maintenance phase, providing spatial insight into the
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neural correlates of imagining different 2D shapes. By comparing frequency-specific brain activity, we aim
to identify distinctive topographical signatures associated with each VI class.

FIGURE 5: Participant 3 brain activation for the independent frequency
bands during each VI task.
VI, Visual Imagery

Comparison with previous studies
In this section, our work is compared with similar VI studies to assess its contributions and results. As
demonstrated by Table 2, there are not many studies available for VI, which limits our base knowledge
about mental behavior for VI as a BCI paradigm. We test the limitations of SOTA DL models for classifying
intra-class 2D geometric shapes under very limited conditions. Compared to other studies, here we use
fewer training samples (60 samples per class) to achieve reasonable data acquisition times. We also rely on
a relatively affordable commercial-grade EEG device with a maximum of 14 channels, only used by one
other study [12] for a similar task. In terms of classification accuracy, our experimentation yielded results
closest to chance probability performance compared to other studies.

Publication VI Task EEG Device Accuracy Features Best Classification Model

This work Circle, triangle Emotiv EPOC 51.30 Raw CNN

[12] Cube, sphere, cone, pyramid, cylinder Emotiv EPOC 44.60 HHT LDA

[16] Flower, hammer g.USBAmp 52.00 Power spectrum SpecCSP

[17] Tree, house, plane, dog g.Nautilus 60.50 PSD CNN+GA

[15] Static star and star moving right NT9200 78.40 HHT SVM

[32] Drone swarm: spread-out, fall in, and hovering BrainAmp 72.00 Raw CNN

TABLE 2: Comparison of previous EEG studies focused on VI of objects.
Raw refers to no transformation.

CNN, Convolutional Neural Networks; EEG, electroencephalography; GA, Genetic Algorithm; HHT, Hilbert–Huang Transform; LDA, Linear Discriminant
Analysis; PSD, Power Spectral Density; SpecCSP, Spectrally Weighted Common Spatial Patterns; SVM, Support Vector Machine; VI, Visual Imagery

Discussion
The ability to differentiate user intents though brain activity is imperative in signal processing models for
the implementation of BCI. This is particularly challenging when performing BCI tasks with a scarce
number of studies, such as VI. Thus, experimenting with different aspects for this particular task can
provide insight into making this a more reliable BCI paradigm. We demonstrate the performance of DL
models in classifying a VI-related EEG dataset with limited data samples. Our experimental data consists
of EEG data acquisition from participants during voluntary exercise of imagination or mental creation of
primitive figures (circles and triangles). This is different to other VI studies as the mental images
considered here are intentionally very similar in many aspects except in the geometric shape. This is
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important as we intended to minimize the variability of the classes to evaluate the extent to which SOTA
EEG-BCI models can map the separability of classes under such conditions. Furthermore, our dataset is
considerably smaller in sample volume and number of sensor channels than other open-source datasets
and other VI-BCI studies, adding to the challenges to be overcome by the DL models.

We evaluated two SOTA DL models (FBCNet and EEGNet) in an offline VI-BCI study. With a p-value of
0.17008 between classification results over all participants with both models, it is clear that there is no
significant statistical difference between the methods used in this particular experimental setup.
However, we can acknowledge some particularities in our results. FBCNet achieved higher classification
accuracy for most participants compared to EEGNet. That was reflected in the prediction accuracies shown
in Table 1, where FBCNet achieves an average classification accuracy across all participants of 51.3%,
compared to 50.3% from EEGNet. Nonetheless, this would suggest that neither model is fully capable of
extracting VI-related physiological patterns in our dataset to distinguish between our intra-class tasks. We
believe our results may have been greatly affected by our data acquisition system, and better classification
for this study could be achieved using high-quality medical-grade EEG systems. Other studies describe
having similar acquisition quality with the Emotiv EPOC [33]. Nonetheless, since our device has proven to
be effective in other BCI paradigms [34] and tends to have advantages (in terms of affordability and non-
technical usability), it is worth performing further experimentations with it. Further VI experimentation
may include evaluating the model performance using additional classes in hope to improve the class
separability by analyzing more feature spaces or even incorporating complex 2D images to induce higher
visualization focus on the given task.

The training duration for FBCNet proved to be only a few minutes longer than EEGNet in processing all
five folds on a single participant. This is impressive considering FBCNet is a much larger model with 3,331
trainable parameters, while EEGNet has 1,904 trainable parameters optimized during each epoch. In other
words, despite being a more memory-consuming model, there is not much sacrifice in the required
training time to achieve better results under the same study conditions. Furthermore, the trained models
are capable of efficient classification prediction at a reasonable rate, making their response time ideal for
BCI implementations. 

After performing the artifact removal processing, we generated topological head plots of average PSD
activation for multiple frequency bands. Despite the efforts, the high energies being depicted in the
frontal channels suggest that remnants of eyeblink artefacts may still be present in the signals. We believe
our ICA implementation was not able to optimize the separability of the independent components due to
the quality of our acquired data. Therefore, our artifact removal method would only be capable of
removing as many artifacts as permissible by the best estimated unmixed ICs. Nonetheless, we can
recognize certain patterns from our results.

Strong similarities between classes in the topological maps were expected since both mental tasks
probably recruit neural synapses originating from similar sources. Brain activation for both classes shows
consistent energy drop around the central cortex of the brain and significant localized energy increase in
the right occipital channels. This last observation is partly consistent with previous findings [35] reporting
the right hemisphere as being more active during VI. Other reports [36] also suggest VI induces delta and
activation in the prefrontal lobe, similar to our results. This suggests that a portion of the high energies
developed in the frontal lobe could come from the VI task, but this would merit further investigation to
confirm.

Conclusions
In this study, we perform a VI-BCI-related experiment, where we record EEG signals while participants
imagine 2D geometric shapes and evaluate multiple SOTA DL model performances in decoding these
recordings for accurate classification. We demonstrate that despite challenging conditions present in our
dataset, such as limited data size and subtle differences between VI classes (circle and triangle), FBCNet
consistently outperforms EEGNet, achieving better classification accuracy across participants. Further
analysis shows that while artifact removal via ICA improved signal quality, residual eye-blink artifacts in
the frontal regions suggest limitations in component separation, likely due to suboptimal data quality. As
a result, the effectiveness of artifact removal was constrained by the degree to which the independent
components could be unmixed.

Overall, our findings advocate for further exploration of advanced DL models like FBCNet in EEG-BCI
systems to offer promising avenues for enhancing classification accuracy and reducing user training
burden in VI applications. In future studies, a medical-grade EEG device that can provide higher quality
and spatio-temporal data would be preferable to replicate this experiment. It would provide better insight
into the subtle underlaying brain activity differences for this VI task and should gain improved
classification results. Exploring classification results with different or additional objects, or other imagery
related controlled features, would also be of interest to gain insight into VI characteristics and establish it
as a reliable BCI paradigms.
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