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Abstract
Background   Brain-Machine Interfaces (BMI) based on motor imagery (MI) are promising assistive neurotechnology 
tools for gait rehabilitation that allow users to control exoskeletons by imagining motor actions. Literature has proven 
the influence of BMIs over neuroplasticity mechanisms. However, the accuracy of MI-BMIs is often limited by the weak 
brain signals associated with lower-limb movements. To enhance system reliability and safety, Error-Related Potentials 
(ErrP), which are exogenous potentials evoked by erroneous system actions, can be integrated to correct commands. 
This study characterizes and detects ErrP during the use of a lower-limb exoskeleton, making use of a deep learning 
approach to improve accuracy and robustness over traditional classifiers.

Methods  ErrP detection is performed using the EEG-Inception neural network, a convolutional deep learning 
model, and applying data augmentation techniques to the imbalanced dataset. The methodology is tested first for 
the characterization of ErrP during the start of gait with static data and, after confirming its improvement, regarding 
previous developments, it is also applied to motion data during the stop of the exoskeleton. With this objective, an 
experimental protocol is designed to evoke ErrP and NoErrP during motion, using tactile stimuli. ErrP is elicited when 
the exoskeleton stops erroneously in a gait region, while NoErrP is generated when it stops correctly in a stop region. 

Results  The proposed approach achieves a True Positive Rate (TPR) of approximately 95% and a False Positive Rate 
(FPR) below 20% in both static and motion conditions, significantly outperforming traditional ensemble classifiers. In 
terms of MI-BMI performance, these results indicate that most erroneous commands are successfully canceled, while 
only a small number of correct commands are wrongly canceled. In addition, statistical analysis revealed no significant 
differences between the detection of ErrP in static and motion scenarios, nor between sessions or subjects just in 
static. However, significant differences are observed between subjects in motion and also the outcomes of ErrP and 
NoErrP classes in both scenarios. 

Conclusion  The EEG-Inception neural network provides a robust and accurate method for ErrP detection. Future 
research will focus on integrating ErrP detection with MI classifiers and validating the system with SCI patients for 
improved gait rehabilitation therapies.
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Background
A Brain-Machine Interface (BMI) is a technology that 
involves recording brain signals and decoding them into 
commands to control a device, such as an exoskeleton 
[1, 2]. These signals are typically recorded non-invasively 
using electroencephalography (EEG), although invasive 
techniques, such as electrocorticography (ECoG), are 
sometimes employed. However, ECoG carries higher 
risks for patients as they need a surgical intervention.

BMI systems, which control lower-limb exoskeletons, 
represent a promising technology for gait rehabilitation 
in patients with spinal cord injuries (SCI) or stroke, as 
they actively involve the patient in the recovery process 
[3]. Complementary approaches to exoskeleton con-
trol, such as multimodal cooperative strategies [4] and 
gait planning based on central pattern generators [5], 
have also been explored in recent literature, although 
they focus on biomechanical coordination rather than 
neurophysiological feedback. Specifically, BMIs based 
on the kinesthetic motor imagery (MI-BMI) paradigm 
offer a highly intuitive therapeutic approach [6–8]. In 
this approach, the patient imagines the sensation of 
movement in their muscles and the positions of their 
joints to activate a robotic device that executes the cor-
responding movement, thereby aiding in neuroplasticity 
improvements.

However, in MI-BMIs for gait rehabilitation, brain sig-
nals are weaker because the motor areas responsible for 
leg movement are located in the interhemispheric region 
of the cortex [9]. Consequently, the system’s accuracy is 
often limited, impeding its clinical applicability [10–12]. 
To address this challenge, a recent approach involves 
using Error-Related Potentials (ErrP) to correct errone-
ous commands in MI-BMI systems [13–19]. An ErrP 
is an exogenous potential generated when the system 
behaves unexpectedly or incorrectly, and the user per-
ceives this error. A relevant example within the context of 
this research is a subject walking with an exoskeleton that 
suddenly stops, despite the user’s intention to continue 
walking. This discrepancy in system behavior triggers the 
user’s detection of an error, eliciting an ErrP.

In the literature, ErrP is typically described by four dis-
tinct peaks: two positive and two negative. The potential 
first shows a slight decrement at around 200 ms after the 
erroneous action, followed by a pronounced positive peak 
at 300 ms. It then decreases to its most negative point at 
approximately 500  ms and gradually rising to a positive 
peak around 700 ms [15]. In addition, a key advantage of 
ErrP is its stability over long periods, even years [13, 15]. 
However, the shape and amplitude of these peaks may 

vary depending on the feedback modality that evokes the 
potential. While some studies elicit ErrP visually during 
monitoring tasks [13, 20, 21], others use tactile stimuli 
[22–25]. In a previous study [26], ErrP was evoked in an 
MI-BMI setting for initiating gait with a lower-limb exo-
skeleton, using three types of feedback: tactile, visual, and 
visuotactile. Among these, tactile feedback produced the 
best results. Similar findings have been reported in other 
studies comparing different feedback modalities [22, 24], 
as tactile feedback is processed more directly through the 
somatosensory system without causing cognitive over-
load [27].

Previously, [26] analyzed ErrP in static conditions 
within an MI-BMI designed to control gait initiation with 
a lower-limb exoskeleton. The present study extends this 
analysis to ErrP during motion, focusing on a scenario 
where the exoskeleton must stop. In order to achieve 
this objective, an experiment was designed with two pre-
defined regions: a gait region, where the subject should 
continue walking without stopping, and a stop region, 
where the subject should attempt to stop the exoskeleton. 
ErrP is evoked when the subject unintentionally stops in 
the gait region, while NoErrP is elicited when the subject 
successfully stops in the stop region. These potentials are 
triggered using a tactile stimulus, delivered through two 
vibrating wristbands, that activate just before the exo-
skeleton stops. Six subjects participated in the experi-
ments, each performing three sessions.

The current research proposes a new methodology 
for the characterization of ErrP during the command of 
a lower-limb exoskeleton based on deep learning using 
the EEG-Inception neural network [28]. First, the new 
approach is tested under static conditions for the char-
acterization of ErrP during the start of the exoskeleton 
compared to [26]. Then, the methodology is subsequently 
extended to address results in motion data for the char-
acterization of ErrP during the stop of the exoskeleton. 
Therefore, the main hypothesis is that it is possible to 
detect Error-Related Potentials, under static and motion 
conditions, when controlling a lower-limb exoskeleton 
by means of deep learning neural networks. In particular, 
the EEG-Inception neural network is expected to outper-
form traditional machine-learning classifiers, such as the 
ensemble approach, in terms of robustness, even under 
motion conditions affected by movement artifacts.

Methods
This section explains the experimental protocol designed 
to evoke the error potential and the success potential by 
means of a tactile feedback, while a subject is walking 
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using a lower-limb exoskeleton, intending either to con-
tinue walking or stop within a defined region. Further-
more, it also describes the materials employed and the 
participants involved in the experiment. Subsequently, 
the steps applied to the recorded dataset during the 
experiments are detailed, from EEG signals processing to 
the classification process for detecting ErrP.

Subjects
Throughout this research, 9 subjects have participated 
during the two experiments under analysis: 4 females and 
5 males, with ages ranging from 20 to 32 years old (25.88 
± 3.34). All participants were physically healthy and 
were not taking any pharmaceuticals. Furthermore, they 
received a detailed explanation of the experiments and 
they provided written informed consent in accordance 
with the Helsinki Declaration. The study was approved 
by the Responsible Research Office of Miguel Hernández 
University of Elche (Spain) (DIS.JAP.09.21). The following 
table (Table 1) shows the nomenclature of the subjects 
for the two experiments under study: S1-S6 correspond 
to subjects under static conditions and M1-M6 to sub-
jects under motion conditions. Notably, three of the sub-
jects participated in both experiments.

Equipment
In the experiments, the electroencephalographic (EEG) 
signals are acquired using the g.Nautilus cap (g.tec medi-
cal engineering GmbH, Austria). The 28 wet non-invasive 
electrodes register the signal at a sampling rate of 250 Hz 
following a international 10-10 system distribution: AF3, 
F3, FZ, FC3, FC1, FCZ, C5, C3, C1, CZ, CP3, CP1, CPZ, 
P3, PZ, PO3, AF4, F4, FC2, FC4, C2, C4, C6, CP2, CP4, 
P4, POZ, PO4. The ground electrode is placed at AFZ 
and the reference electrode is positioned on the right ear 
lobe. Additionally, the electrooculographic (EOG) signals 
are recorded, to remove eye movements and blinks from 
the EEG signals, employing 4 electrodes: VU (Vertical 

Up), VD (Vertical Down), HL (Horizontal Left), and HR 
(Horizontal Right).

During the trials, participants are assisted by a lower-
limb exoskeleton, H3 exoskeleton (Technaid, Spain), for 
their gait movements. The robotic device is controlled 
through a state-machine system, that alternates between 
static and motion states, via commands received from a 
computer through a Bluetooth connection. The H3 exo-
skeleton was designed for research purposes and includes 
predefined gait patterns, as a result of an extensive study 
of human gait kinematics, where a controller adjusts the 
motor torque according to the gait phase. This mode 
ensures a symmetric motion pattern on both legs. In 
addition, the mechanical structure is fully adjustable to 
accommodate different user anthropometries, with con-
figurable segments between the ankle, knee, and hip, as 
well as adjustable back supports. All attachment points 
are covered with foam padding to improve comfort. 
During trials, subjects require the use of crutches and a 
person positioned in the back assists and balances the 
subject to allow the leg to swing naturally and maintain 
stability.

Furthermore, subjects are equipped with a pair of 
vibratory wristbands, one on each wrist, that contain 
vibration motors inside to provide the tactile feedback. 
The behavior of this device is programmed on an Ardu-
ino Uno R3 (Arduino Org, Italy).

Experimental protocol
The main objective of the study is to detect ErrP in a 
MI-BMI for its posterior use as a corrective layer in the 
command control of a lower-limb exoskeleton. For this 
purpose, data were recorded in two different experi-
ments, depending on the command intention of the 
subject: start or stop. The first database includes static 
information for the characterization of ErrP during the 
start of the gait with different feedbacks. This database 
was previously analyzed with an ensembled method and 
it is used in this research as a benchmark comparison for 
the proposed improved methodology. This is the reason 
why only the tactile feedback is used here, as it was the 
one with former higher results. A detailed explanation of 
the experimental protocol for the start experiment can be 
seen in [26].

The second experimental data were recorded specifi-
cally for this research in order to characterize the ErrP 
during the stop of the gait. Experimental protocol is con-
ceived in a similar way than the static one, but taking 
into consideration the motion of the exoskeleton and the 
space required for the stopping. Hence, it is designed to 
evoke two potentials: a success potential (NoErrP), elic-
ited when the exoskeleton correctly stops when the sub-
ject pretended to, and an error potential (ErrP), triggered 

Table 1  Participation of subjects in the different experiments 
and their corresponding nomenclature
Subject Static Experiment Motion Experiment
1 S1 M1
2 S2 M2
3 S3 -
4 S4 -
5 S5 -
6 S6 M3
7 - M4
8 - M5
9 - M6
Subjects S1 to S6 participated in the static experiment, while subjects M1 to M6 
participated in the motion experiment. Note that three subjects participated in 
both experiments
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Fig. 1 (See legend on next page.)
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when the exoskeleton stops unexpectedly, contrary to the 
user’s intention.

The stopping protocol takes place in a straight line, 
shown in Fig.  1A, where the participant walks along a 
path divided into four distinct regions, each measuring 
two meters in length and marked on the floor with col-
ored tape. These regions alternate between gait regions 
(gray pattern), where the subject must maintain the 
gait, and stop regions (red pattern), where the subject is 
required to stop the exoskeleton. Furthermore, the spa-
tial layout of the trajectory is pretty similar to the regions 
used for some MI-BMI experiments, such as [12], to 
ensure consistency with the final application, in which 
ErrP detection will be combined with MI detection.

In order to achieve the goal of each region, the partici-
pant must perform two different mental tasks: idle state 
(Relax), where the subject is instructed to maintain calm 
and continue walking as relaxed as possible, and kines-
thetic motor imagery (MI) of stopping the exoskeleton. 
Concretely, this kind of imagination consists of imagining 
how a concrete movement feels in the muscles and joints 
involved, but without performing the action. Hence, the 
participant must remain relaxed within the gait regions 
(gray pattern) to reach the next region without stopping. 
Once in the stop region (red pattern), they must perform 
MI of stopping to attempt to turn off the exoskeleton.

During each event, whether Relax or MI, the system 
can behave either as expected or unexpectedly wrong, 
to recreate both evoked potentials. Based on the litera-
ture [14], where a high error rate can lead the subject to 
habituation and a diminished or even disappearance of 
the potential, an error rate of 30% is set for each type of 
event to prevent this issue. Thus, Fig. 1B and C illustrate 
the four possible scenarios that can occur during the 
experiment.

On the one hand, in the Relax events shown in Fig. 1B, 
most of the times the subject walks continuously through 
the entire gait region without stopping (upper). However, 
in 30% of the cases, the exoskeleton unexpectedly stops 
(lower). On the other hand, in the MI events shown in 
Fig.  1C, the exoskeleton mostly stops within the des-
ignated stop region (lower), but in 30% of the cases, it 

passes through the region without stopping (upper). The 
event distribution during the session is predefined with-
out any knowledge by the subject to create the needed 
evoked potentials. This way, the exoskeleton is com-
manded by the BMI in an opened-loop control.

In cases where the exoskeleton stops, whether in the 
stop region or in the gait region, the subject walks for a 
time interval between TR1 and TR2, which is set before 
the trial and varies according to the subject’s walking 
ability with the exoskeleton, as some cover the regions 
faster than others. The stop moment is randomly chosen 
within that range to ensure it occurs inside the desig-
nated region. Before the stop, tactile feedback (yellow) is 
activated (TA) for two seconds (TA + 2), evoking a poten-
tial that may be ErrP (red in EEG of Fig. 1B) if the vibra-
tion occurs within the gait region, or NoErrP (green in 
EEG of Fig. 1C) if the stop occurs within the stop region.

Following the vibration, the exoskeleton can either 
stop as expected or, in 30% of the cases, continue walk-
ing without stopping, simulating a scenario where some 
commands are modify by an ErrP classifier. This results 
in frustration feedback for MI events and success feed-
back for Relax events. When the exoskeleton stops, it 
remains stationary for 4 s, allowing the subject to reposi-
tion themselves before automatically start walking again 
without requiring any mental task or physical movement. 
Once the exoskeleton resumes walking or goes on after 
the feedback without stopping, it keeps walking to the 
next region or the end of the path, stopping at most once 
per area.

First, a familiarization session is conducted to allow 
participants to learn how to operate the exoskeleton 
and adapt to its movements. Then, each subject partici-
pates in three-day sessions, with 20 trials per session. 
The whole protocol lasts approximately 45 min plus the 
time required for instrumentation. Therefore, each sub-
ject provides a dataset of 84 NoErrP samples and 36 ErrP 
samples, i.e., 28 NoErrP and 12 ErrP samples per session.

Signal processing
The collected EEG signals undergo some preprocessing 
steps to prepare them for ErrP detection. Initially, the 

(See figure on previous page.)
Fig. 1  Experimental protocol to evoke ErrP in motion in a BMI for controlling gait stop using a lower-limb exoskeleton. A represents the space that the 
subject must cover with four regions: two gait regions (gray pattern), where the subject must keep walking, and two stop regions (red pattern), where 
they must attempt to stop by mean of MI. The mental tasks events are shown in B for Relax and C for Imagination. EEG periods, highlighted in blue during 
the exoskeleton’s activity, correspond to the mental task executed by the subject, starting when the subject enters in the corresponding region. For reality 
likeliness purpose, error appearance is at a 30% rate. This means that the feedback does not activate, during the 70% of Relax events (correct relax) and 
30% of MI periods (erroneous MI), which causes that the exoskeleton crosses the red region without stopping. Otherwise, in erroneous Relax (30%) and 
correct MI (70%), the feedback activates (yellow) for 2 s at a random time point (TA) to evoke the potentials, which can be an ErrP (dark red) in Relax event 
or a NoErrP (dark green) in an Imagination event. Only the EEG signals during the vibration are extracted for classification in a window of 1.5s after the 
feedback activation. In this particular cases, the mental task (blue) duration (TA) is randomized between TR1 and TR2, which vary depending on the subject 
ability to walk with the exoskeleton. After feedback deactivates, the exoskeleton stops for 4 s in 70% of the cases (light red in Relax events and light green 
in Imagination events) and starts walking again automatically. In the remaining 30%, the exoskeleton keeps walking (light green in Relax events and light 
red in Imagination events) to simulate the command corrections and provide frustration and success feedback to the participant
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signals are filtered using several techniques to eliminate 
noise and unwanted artifacts. The first filter applied is a 
50 Hz Notch filter and a 1 Hz hardware high pass filter to 
remove powerline interference and low-frequency noise. 
This step is essential, as such noise can interfere with the 
effectiveness of subsequent filter. After that, the H∞ fil-
ter mitigates the artifacts from eye movements and blinks 
[29].

The original approach entailed the application of a 
band-pass filter between 1 and 10 Hz [26], as is com-
monly done in the literature [20, 22, 23], to focus on the 
frequency bands where the potential is most pronounced. 
However, when employing the neural network, this meth-
odology resulted in a loss of valuable information for the 
model, leading to an increase in the false positive rate 
(FPR). Consequently, the decision was to avoid the use of 
a band-pass filter and to keep the valuable information of 
high frequencies. A similar issue was observed with the 
CAR spatial filter, which was also tested and discarded, 
due to its tendency to remove a significant amount of rel-
evant information.

Once the signals are filtered, the feedback activation 
point is identified, and a 1.5 s window is extracted from 
the moment the feedback is triggered, as it can be seen 
in EEG section of Fig. 1B (red) and C (green). These sig-
nals are then divided into two classes: ErrP class, when 
the wristbands activate during a gait phase, and NoErrP 
class, when the vibration correctly occurs during a stop-
ping phase.

ErrP detection
The main goal of this research is to characterize and 
detect the ErrP during the commanding of a lower-limb 
exoskeleton. In a previous study [26], the detection of 
ErrP in a static context, specifically at the beginning 

of the gait, was carried out by an ensembled of three 
Machine Learning classifiers. However, the system exhib-
ited a high False Positive Rate (FPR), evidencing the need 
of further research to enhance the detection system and 
reduce erroneous detection. To address this issue, the 
BMI is improved through data augmentation and the 
employment of a novel detection method based on a 
Deep Learning neural network, known as EEG-Inception 
[28], to detect the ErrP in both static (Start ErrP) and 
motion scenarios (Stop ErrP).

EEG-inception
The neural network employed to train the models for 
ErrP detection is EEG-Inception [28], a deep learning 
architecture based on a convolutional neural network 
(CNN). This classifier consists in a series of specialized 
blocks that apply both temporal and spatial filters to the 
EEG signals, extracting valuable features related to the 
potentials. As a result, the network effectively learns to 
distinguish between ErrP and NoErrP classes.

Training this classifier requires defining several hyper-
parameters to ensure an optimal learning process and 
accurate class discrimination. These hyperparameters are 
summarized in Table 2.

The parameters related to the input data are the num-
ber electrodes, which provides spatial information, and 
the window size of 1500 ms, which defines the temporal 
duration of the input signals. Given the sampling rate 
of 250 Hz, the resulting input matrix contains 375 time 
points across 28 electrodes.

The architecture of the neural network is defined by 
several parameters. One of the most important is the 
number of filters applied per branch, which is set to 14 
filters. These filters are responsible for extracting features 
at different scales and allowing the network to capture 
information at multiple resolutions. The temporal scales 
at which these filters operate are set to 750, 500 and 250 
time points. In addition, the dropout rate randomly deac-
tivates neurons during training, reducing overfitting and 
enhancing the model’s ability to generalize to unseen 
data. In this case, the dropout rate is set to 0.6, since the 
model’s future application is in a closed-loop system with 
real-time data and varying conditions, where a robust 
generalization is crucial.

Other parameters also influence the neural network’s 
performance. The activation function used is ReLU, 
which activates the neurons only for positive values, oth-
erwise the negative values are set to zero. Furthermore, 
the loss function employed is Binary Cross Entropy, as 
the model is trained to differentiate between two classes. 
Furthermore, the optimizer chosen to enhance the con-
vergence and efficiently update the weights is Adam. This 
optimizer depends on the learning rate, which controls 

Table 2  Hyperparameters used in the training of the EEG-
Inception model for ErrP detection
Hyperparameter Value
Sampling rate 250 Hz
Window size 1500 ms
Input size (375, 28)
Number of electrodes 28 electrodes
Epochs 600 epochs
Batch size 128 samples
Activation function ReLU
Optimizer Adam
Loss function Binary Cross Entropy
Learning rate type Cyclical Cosine Annealing
Learning rate range [0.005, 0.05]
Learning rate cycle period 300 epochs
Dropout rate 0.6
Filters per branch 14
Scales time (750, 500, 250)
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how much the weights adjust during each optimization 
step.

In this particular case, a Cyclical Cosine Anneal-
ing learning rate schedule is employed, where the rate 
decreases from 0.05 to 0.005 and each descending cycle 
lasts 300 epochs. Thus, diverse rates are explored during 
convergence and the cycle reset prevents from getting 
stuck in local minima. In order to perform at least two 
full cycles of the learning rate schedule, the training pro-
cess is established in 600 epochs, with a batch size of 128 
samples, which are the number of samples processed at 
the same time before updating the network’s weights.

The model training is implemented using TensorFlow 
library in Python, and is executed by a GeForce RTX 2060 
GPU via CUDA for faster computation. The training pro-
cess for each model, given the size of the dataset, takes 
less than ten minutes. In addition, the average acquisi-
tion, processing and inference time of all algorithms is 
below 200 ms, which ensures low computational load and 
confirms the feasibility of the system for real-time BMI 
application.

Cross validation
The training of a model with the EEG-Inception neural 
network is based on a generic training, using data not 

only from the target subject, but also from other subjects. 
The main motivation for this approach is the necessity 
for neural networks to have a large and diverse dataset 
to train effectively, ensuring that the model can learn 
complex patterns and generalize well to unseen data. In 
addition, a larger dataset helps to reduce overfitting and 
enhances the robustness of the network during training.

Thus, Fig.  2 shows how the dataset is divided in two 
groups: a training dataset and a test dataset. The train-
ing dataset (light blue background) includes data from all 
subjects (blue, orange, green, pink, purple and red con-
tours) across their three sessions, as well as data from 
two sessions of the subject is being evaluated. Then, the 
remaining session is used as test dataset (light yellow 
background). To ensure unbiased learning, both classes 
(ErrP and NoErrP) in the dataset are balanced across the 
training and test datasets.

The subject evaluation is performed applying a three-
fold cross-validation, where each session is sequentially 
used as part of the test dataset in one fold, ensuring 
robust performance assessment.

Data augmentation
As it was highlighted during the explanation of the exper-
imental protocol (Sect. 2.3), one of the key challenges of 

Fig. 2  Cross-validation process for a single subject (subject S1) across three folds (Fold 1, Fold 2, Fold 3), one for each session (Session 1, Session 2, Session 
3). The data from S1 (blue framework) in the corresponding session is used as the test dataset (light yellow background), while data from the remaining 
sessions of the subject and from the rest of the subjects (S2: yellow framework, S3: green framework, S4: pink framework, S5: purple framework, S6: coral 
framework) are used to train the model (light blue background). The EEG signals of each subject include NoErrP (green), ErrP (red), and Synthetic ErrP (light 
red), each represented with distinct line styles
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this study is the significant class imbalance. Since a 30% 
of error rate is necessary to prevent subject from get-
ting used to errors, the resulting dataset is imbalanced. 
It contains a low number of ErrP samples (red EEG sig-
nals in Fig. 2) compared to NoErrP samples (green EEG 
signals Fig.  2). To tackle this problem, data augmenta-
tion is applied to the ErrP class in the training dataset 
(light red EEG signals in Fig.  2), improving the balance 
of the dataset for training without discarding any NoErrP 
samples. However, this method must not be applied to 
the test dataset to avoid introducing synthetic data that 
could bias the evaluation of the model’s performance. 
In this case, the dataset is balanced using an undersam-
pling method, which randomly removes a portion of the 
NoErrP samples to equalize both classes, as it can be seen 
inside the light yellow backgrounds in Fig. 2.

The data augmentation process, represented in Fig.  3, 
involves generating random combinations of three ErrP 
(light blue, light magenta and light yellow) samples 
within the dataset. The selection of the three random sig-
nals used belong to the same subject and session, ensur-
ing that only signals from the same subject and session 
are mixed. Subsequently, the mean (red) of each set of 
three signals is computed, resulting in a new ErrP signal 
that is similar to the original potentials, but not identi-
cal [30]. This approach not only increases the data size 
of ErrP class, thereby balancing the two classes, but also 
introduces additional variability, providing the neural 
network with a richer dataset to enhance learning and 
generalization.

Metrics
This study addresses a binary classification problem to 
differentiate between ErrP and NoErrP classes. In these 
type of problems, a confusion matrix categorizes the pre-
dictions into four possible outcomes. On the one hand, 
when the real class is ErrP, the classifier can either cor-
rectly identify it as ErrP (TP: True Positive) or undetect 
it (FN: False Negative). On the other hand, when the real 
class is NoErrP, the classifier can either correctly predict 
it as NoErrP (TN: True Negative) or fail, predicting it as 
ErrP (FP: False Positive).

When evaluating the model trained with the neu-
ral network, it is important to get information not only 
about the overall performance of the model, but also 
about its ability to distinguish between classes. For this 
purpose, a set of metrics (Accuracy, F1Score, True Posi-
tive Ratio (TPR), False Positive Ratio (FPR)) is employed, 
each providing valuable insights into different aspects of 
the model’s behavior.

The most commonly used metric is Accuracy, which 
estimates the proportion of correctly classified samples 
out of the total number of samples. However, Accuracy 
alone does not provide a complete understanding of the 
model’s performance. For this reason, F1Score is also 
employed as it combines two metrics into a single one by 
means of an harmonic mean: Precision, which indicates 
the proportion of TP among all ErrP predictions, and 
Recall, which calculates the ratio of TP among all actual 
ErrP samples. Thus, F1Score represents the classifier’s 
effectiveness, providing a balance measure between FP 
and FN.

Additionally, since the detection of ErrP is crucial to 
enhance the performance of a BMI-MI, the values of TPR 

Fig. 3  Data augmentation process for ErrP signals. A combination of three signals (Signal 1: light blue, Signal 2: light magenta and Signal 3: light yellow) 
are randomly selected. The synthetic ErrP signal (red) is the average of the three signals
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and FPR are essential for determining the system’s overall 
effectiveness. Hence, the ability of the classifier to reliably 
differentiate between ErrP and NoErrP classes is reflected 
in a higher TPR and a lower FPR. Therefore, a high TPR 
value indicates that most erroneous MI detections are 
successfully identified and canceled, thus improving 
overall system performance. Conversely, a high FPR value 
means that correct MI detections are wrongly canceled, 
thereby reducing the overall performance.

Statistical analysis
After performing the data classification with the differ-
ent models (static for start the gait and motion for stop), 
a statistical analysis is conducted to evaluate the signifi-
cance of the results. This analysis helps to identify vari-
ables on which the system depends and whether there are 
statistically significant differences between the outcomes.

This statistical evaluation is carried out using IBM 
SPSS Statistics (IBM Corp., USA), where three dataset 
are created: one for static outcomes, another for motion 
outcomes, and a third combining both. These datasets 
share the same structure, where each row is an event 
predicted by the classifier and each column corresponds 
to each of the analyzed variables, along with the predic-
tion outcome. Specifically, the columns include Method 
(Static/Motion), Gender (Female/Male), Subject (1-6), 
Session (1-3), Class (ErrP/NoErrP), and Detection (0 for 
incorrect predictions and 1 for correct predictions). For 
proper analysis, the categorical variables are codified as 
numerical values.

Thus, the variables individually evaluated for each ErrP 
type (Start or Stop), involve gender, subjects, sessions, 
and classes. Additionally, the combined data from both 
ErrP types are also examined to determine whether a sig-
nificant difference exists between the two models.

Hence, the analysis starts with a Shapiro-Wilk test for 
normality to determine the appropriate statistical tests 
for the data. The test reveals that none of the variables 
follows a normal distribution, with p-values lower than 
0.05. Then, the non-parametric Pearson’s Chi-Square test 
of independence is performed for each variable to analyze 
whether there is a dependence between the variable and 
the outcome. Additionally, to determine whether there 
are differences in the predictions based on the value of 
each variable, the Kruskal-Wallis Test for k independent 
variables is performed for the variables ’subjects’ and ’ses-
sions’, and the Mann–Whitney Test for two independent 
variables is applied to the variables gender, classes, and 
methods. For those variables with significant differences, 
a Dunn’s Test for Multiple Comparisons is conducted to 
determine where the specific differences between values 
lie.

Results
This section presents the results of classifying ErrP with 
EEG-Inception neural network described in Sect.  2.5.1. 
First, the results obtained for the static error potential 
(Start ErrP) are shown, in order to check if this new clas-
sification method improves the results obtained with the 
assembled system of [26]. Then, the classification results 
of the motion ErrP (Stop ErrP) for its different sessions 
are shown. Finally, the results of the statistical analysis for 
the results obtained with the static and motion classifiers 
are presented, allowing to solve different hypotheses.

Start ErrP
First, the new classification method is applied to detect 
ErrP in the static dataset. The goal is to determine 
whether this approach employing a neural network 
achieves superior results compared to the initial classifi-
cation method with the ensemble system. The previous 
method, documented in [26], was employed for the same 
static dataset to characterize the ErrP during the start of 
the gait.

In this particular case, when referring to the sessions, 
participants only performed one-day session, as the other 
two original sessions were done with a different feed-
back and are not comparable. In order to do a similar 
comparison, session is split into three. Here, session 1 
is corresponding to the data at the beginning of the ses-
sion, session 2 are the data in the middle of the session, 
and session 3 are the data by the ending of the session. 
This adjustment is made for nomenclature purposes and 
simplify the graphical representation. As a consequence 
of this reduction of data per session, it is decided to use 
a dropout of 0.35 for the classification of static data, 
instead of 0.6, so that the network could learn and miti-
gate the lack of data.

Figure  4 represents the results obtained for each sub-
ject in each of the sessions: Session 1 with blue bor-
derline, Session 2 in yellow borderline and Session 3 in 
magenta. For each session, two bars are represented, one 
green bar showing the True Positives Rate (TPR) and, 
another red bar indicating the False Positives Rate (FPR). 
Additionally, the overall accuracy of each session is rep-
resented by a diamond in the corresponding color.

On the one hand, the plot shows that the TPR tends to 
be high, close to 100%, for most subjects and sessions. 
However, some subjects, such as S3 in Session 3 (66.67%), 
S4 in session 3 (66.67%), and S6 in session 1 (80.00%), 
exhibit a lower TPR. On the other hand, the FPR per-
centage is relatively low, below 20% in most sessions and 
even zero in many cases. Nonetheless, subject S5 shows 
a consistently elevated FPR across all sessions, reaching 
33.33% in Sessions 1 and 3 and up to 50.00% in Session 
2. In addition, accuracy is generally high across most ses-
sions and subjects too, although occasionally accuracy 
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drops align with the observed decreases in TPR and 
increases in FPR.

Therefore, in general terms, the figure highlights the 
consistency of certain subjects, such as S1, S2, and S5, 
who achieve similar results across all three sessions. In 
contrast, other participants, like S3, S4, and S6, exhibit 
noticeable variations between sessions.

Table 3 presents the relevant classification metrics with 
their cross-validation results, i.e. the average of the three 
sessions for each subject.

The table compares the neural network results with 
the best results of the ensembled system [26]. The for-
mer results of the ensembled system present an average 

accuracy of 65.85% ± 6.36 with a TPR of 72.60% ± 10.23 
and a high FPR of 40.92% ± 10.27. The accuracy across 
subjects varies considerably, with most subjects achieving 
around 65%, except for subject S3, who reaches the high-
est accuracy at 75.00%, and S5, who presents the lowest 
accuracy with 55.56%. In terms of TPR, subjects S1 and 
S3 show high values of 83.33% and 88.89%, respectively, 
while subject S5 achieves the lowest TPR at 50.00%. Fur-
thermore, the FPR is notably high for most subjects, with 
subject S5 showing the highest FPR at 55.56%, while sub-
ject S3 achieves the lowest FPR at 27.78%. In contrast, the 
EEG-Inception results indicate an average accuracy of 
90.37% ± 9.87 with a high TPR of 95.19% ± 7.72 and a low 

Table 3  Comparison of cross-validation results for Start ErrP detection using the Ensembled system [26] and EEG-Inception for each 
subject. The mean and standard deviation of the metrics for the six subjects appear in bolded text
Cross-validation Start ErrP
Method Metric Subjects MEAN±STD

S1 S2 S3 S4 S5 S6
Ensembled [26] Accuracy(%) 64.18 76.78 66.18 60.35 59.28 68.35 65.85±6.36

F1Score(%) 61.95 79.26 69.7 65.16 62.22 67.33 67.60±6.44
TPR(%) 60.00 88.80 78.10 74.90 67.90 65.90 72.60±10.23
FPR(%) 31.70 35.20 45.80 54.20 49.40 29.20 40.92±10.27

EEG-Inception Accuracy(%) 97.22 91.11 94.44 88.89 80.55 90.00 90.37±9.87
F1Score(%) 97.44 92.21 93.33 88.35 83.81 90.91 91.01±9.19
TPR(%) 100.00 100.00 88.89 88.89 100.00 93.33 95.19±7.72
FPR(%) 5.56 17.78 0.00 11.11 38.89 13.33 14.44±16.09

Fig. 4  Results of the Start ErrP detection with EEG-Inception for each subject (S1, S2, S3, S4, S5, S6) in each session: Session 1 with blue borderline, Session 
2 in yellow borderline and Session 3 in magenta. For each session, two bars are displayed: a green bar showing the True Positives Rate (TPR), with higher 
values indicating better system performance, and a red bar representing the False Positives Rate (FPR), with higher values indicating worse performance. 
The overall accuracy of each session is represented by a diamond in the corresponding color
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FPR of 14.44% ± 16.09. The accuracy for most subjects is 
around 90%, except for subject S5, which is 80.55%, while 
S1 achieves the highest accuracy at 97.22%. Regarding 
TPR, three subjects, S1, S2, and S5, reach a perfect TPR, 
meaning that all error potentials are correctly detected, 
and the remaining subjects achieve around 90% preci-
sion. Additionally, the FPR is generally low, except for 
subject S5, who shows a FPR of 38.89%, while S3 achieves 
an FPR of 0.00%, indicating that no NoErrP instances are 
mistakenly classified as ErrP. Hence, the neural network 
method improves the overall performance by providing 
higher accuracy, increased TPR, and a lower FPR across 
subjects, indicating that the system effectively cancels 
erroneous commands, keeping the subject standing, 
while preserving correct ones for gait initiation.

Stop ErrP
The previous section demonstrates that the new method-
ology achieves higher results than the ones obtained with 
the ensemble system from [26] as it can be seen in Table 
3. Therefore, this section presents the results of ErrP clas-
sification in motion conditions using the EEG-Inception 
neural network across the three sessions conducted for 
each subject.

Figure  5, similar to the previous figure, displays the 
TPR (green bars), FPR (red bars), and overall accuracy 
(diamonds) by subject and session, with color-coded 

borders for each session: blue for Session 1, yellow for 
Session 2, and magenta for Session 3.

On the one hand, the figure shows that TPR values 
remain high, close to 100%, across most subjects and ses-
sions. However, some subjects, such as M3 (75.00%) and 
M6 (83.33%) both in Session 3, exhibit a lower TPR com-
pared to the others. On the other hand, the FPR is low in 
most sessions, although unlike ErrP in static conditions, 
there are fewer sessions with a zero FPR. Furthermore, 
both subjects M3 and M4 show a high FPR in their first 
session, with 50.00% and 75.00%, respectively. Regard-
ing accuracy, it remains high in most cases, except when 
the TPR is not as elevated or the FPR is not as low. For 
instance, M3 maintains an accuracy around 75% across 
all sessions. Therefore, it can be observed that this type of 
ErrP demonstrates less consistency across sessions than 
the start one, with only subjects M1 and M2 achieving 
similar results in all three sessions.

Table 4 presents the cross-validation results for the 
classification of ErrP in motion. It shows the aver-
aged metrics obtained for each subject across the three 
sessions.

The table indicates an average accuracy of 87.96% ± 
10.86, with a high TPR of 94.45% ± 7.45 and a low FPR 
of 18.52% ± 18.26. Generally, subject accuracy is around 
80%, except for subjects M1 (100.00%) and M2 (95.83%), 
which are significantly higher, and M3 (76.39%), which is 

Fig. 5  Results of the Stop ErrP detection with EEG-Inception for each subject (M1, M2, M3, M4, M5, M6) in each session: Session 1 with blue borderline, 
Session 2 in yellow borderline and Session 3 in magenta. For each session, two bars are represented, one green bar showing the True Positives Rate (TPR), 
with higher values indicating better system performance, and a red bar representing the False Positives Rate (FPR), with higher values indicating worse 
performance. The overall accuracy of each session is represented by a diamond in the corresponding color
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notably lower. The TPR rate also tends to be high, with 
M1 (100.00%) and M2 (100.00%) correctly identifying 
all ErrP events, whereas M6 (83.33%) has a considerably 
lower rate than the others. In addition, the FPR varies 
widely among subjects. While M1 (0.00%), M2 (8.33%), 
and M6 (5.55%) reach near-zero FPRs, barely misclassify-
ing NoErrP as ErrP, subjects M3 (38.89%), M4 (33.33%), 
and M5 (25.00%) exhibit greater difficulty in distinguish-
ing NoErrP from ErrP. Therefore, these results indicate 
that the system effectively detects erroneous stop com-
mands, allowing the subject to continue walking, while 
preserving correct ones to stop the gait when intended.

Statistical analysis
After predicting the classification outcomes for each sub-
ject across all sessions, a statistical analysis is conducted 
to confirm or reject several hypotheses previously sug-
gested by the results presented.

The hypotheses formulated focus on determining 
whether the classification outcomes for each type of ErrP, 
both static and motion, depend on any of the following 
variables: gender, subject, session, or class. Furthermore, 
it also evaluates if there are statistically significant differ-
ences between the results of the two ErrP types, Start and 
Stop.

First, a Shapiro-Wilk normality test was performed, 
revealing that none of the variables followed a normal 
distribution, with p-values below 5%. Subsequently, vari-
ous statistical analyses, as detailed in Sect. 2.6, were con-
ducted to determine whether there was dependency on 
any variables or statistically significant differences. How-
ever, the outcomes for each variable were nearly identi-
cal across both tests. This similarity is due to the simple 
structure of the analysis table, containing binary cate-
gorical variables. This means that when comparing only 
two groups, the Chi-square test, Kruskal-Wallis test, and 
Mann–Whitney test tend to function in a similar man-
ner, as they all assess whether the distributions between 
groups are statistically equal or different. As these are 
non-parametric tests designed to evaluate distributional 
differences, they yield comparable results when applied 

to binary or categorical data, since they essentially test 
the same hypothesis of equality across the categories. For 
this reason, Table 5 presents the resulting p-values from 
both statistical analyses for the variables Gender, Sub-
jects, Session, and Classes under both static and motion 
conditions.

On the one hand, the statistical analysis of the ErrP in 
static conditions indicates that classification outcomes do 
not depend on the subject’s gender (p-value = 0.951), the 
subject (p-value = 0.230), or the session (p-value = 0.714). 
However, they do depend on the class being classified, 
with a p-value of 0.031, which is below the 0.05 signifi-
cance level. This also implies that there are statistically 
significant differences between the results for the ErrP 
and NoErrP classes. In addition, the Dunn post-hoc test 
yields a p-value of 0.030552, confirming this difference 
between the two classes and indicating that the classifier 
responds differently when detecting each class.

On the other hand, the statistical analysis of ErrP under 
motion conditions indicates that classification outcomes 
depend on both the subject (p-value = 7.136e−5) and the 
class (p-value = 3.565e−5), with p-values below the 0.05 
significance level. Nevertheless, these outcomes do not 
depend on gender (p-value = 0.182) or session (p-value 
= 0.097). Consequently, this indicates statistically signifi-
cant differences between classes, as also observed in the 
static condition, as well as significant differences across 
subjects. Thus, when applying Dunn’s test for subjects, 
several significant differences emerge: between subjects 
M1 and M3 with a p-value of 1.97e−4, between subjects 
M1 and M4 with a p-value of 0.012, and between subjects 
M2 and M3 with a  p-value of 0.005. However, compari-
sons among the remaining subjects, all show  p-values 
above the 0.05 significance level, which means that there 
are no statistically significant differences in classification 
performance between these other subjects.

Additionally, the non-parametric Mann–Whitney U 
test is conducted again to determine if significant differ-
ences exist between the ErrP results in static and motion 
conditions. The test yields a  p-value of 0.318, which is 
greater than the 0.05 significance level, indicating that 
there is not statistically significant difference between 
detections during static and motion conditions.

Table 4  Cross-validation results of the Stop ErrP detection 
with EEG-Inception for each subject. The mean and standard 
deviation of the metrics for the six subjects appear in bolded text
Cross-validation Stop ErrP
Subject Accuracy (%) F1Score (%) TPR (%) FPR (%)
M1 100.00 100.00 100.00 0.00
M2 95.83 96.00 100.00 8.33
M3 76.39 79.42 91.67 38.89
M4 81.94 85.58 97.22 33.33
M5 84.72 87.32 94.44 25.00
M6 88.89 87.72 83.33 5.55
MEAN ± STD 87.96±10.86 89.34±9.46 94.45±7.45 18.52±18.26

Table 5  Statistical p-values for ErrP types (Start/Stop) and their 
relationship with Gender, Subjects, Sessions, Classes
Statistical analysis p-values
ErrP Type Gender Subjects Sessions Classes
Static 0.951 0.230 0.714 0.031
Motion 0.182 7.136e−5 0.097 3.565e−5
These p-values also indicate the statistically significant differences within those 
factors
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Discussion
In previous studies, the detection of ErrP under static 
conditions was analyzed using an ensemble classifica-
tion system [26]. However, this method obtained a TPR 
of 72.60% ± 10.23 and a FPR of 40.92% ± 10.27, indicat-
ing that improvements were needed to enhance the 
user’s confidence in the system, since most of the correct 
detections of the MI classifier were incorrectly canceled. 
Therefore, before applying the ensemble classifier to the 
ErrP motion data, efforts were made to improve the ErrP 
detection results in static conditions using the EEG-
Inception neural network.

Table 3 demonstrates how this new methodology 
improves previous results in [26], achieving a TPR of 
95.19% ± 7.72 and an FPR of 14.44% ± 16.09. Subse-
quently, this neural network classification method was 
applied to ErrP motion data, with the results shown in 
Table 4, yielding a TPR of 94.45% ± 7.45 and an FPR of 
18.52% ± 18.26. These results reflect a high capacity to 
accurately detect ErrP and avoid the misclassification of 
NoErrP as ErrP. Thus, the enhancement in results with 
this new method is confirmed.

Regarding the True Positive Rate (TPR), results are 
high under both static and motion conditions. For the 
Start ErrP (Table 3), subjects S1, S2, and S5 achieve a 
100.00% detection rate, while the remaining subjects 
exhibit percentages close to 90%. Similarly, the TPR for 
the stop (Table 4) also remains high, with two subjects 
(M1 and M2) reaching 100% accuracy, and most of the 
other subjects attaining elevated percentages, except for 
M6, whose TPR slightly drops to 83.33%. These results 
reflect the models’ high capability to detect ErrP in both 
conditions, although performance during the stop shows 
a slight decrease in some cases.

In terms of the False Positive Rate (FPR), the percentage 
in static conditions is below 15% for all subjects, except 
for S5, who shows a notably higher value of 38.89%. In 
motion conditions, while the average FPR is low, there 
is greater variability, with subjects M1, M2, and M6 dis-
playing an almost null FPR, while subjects M3, M4, and 
M5 exceed 25%. This disparity is confirmed by statistical 
analysis, which reveals statistically significant differences 
among subjects only in the motion condition, particularly 
between the subject pairs M1 and M3, M1 and M4, and 
M2 and M3. This suggests that, although the model is 
effective in minimizing false ErrP detections under both 
conditions, some subjects experience greater variability 
in the motion condition.

These results indicate that the average accuracy of the 
system for the start detection is 90.37% ± 9.87, with most 
subjects achieving around 90% accuracy, except for sub-
ject S5, who shows an accuracy of 80.55%. In motion, the 
accuracy of stop detection is 87.96% ± 10.86, with some 
subjects reaching high percentages close to 100.00%, such 

as S1 and S2, while others, such as M3, exhibit lower val-
ues around 76.39%. Therefore, these results demonstrate 
that the reduction in system accuracy is directly related 
to an increase in the FPR.

Concerning the consistency of sessions, Fig.  4 shows 
that the start results are generally consistent across the 
three sessions for most subjects, except for the third ses-
sion of S3 and S4, and the first session of S6. For the stop, 
Fig. 5 reveals less consistency between sessions; only M1 
and M2 achieve similar results across all three sessions, 
while other subjects, such as M3, M4, and M5, in the first 
session and M3 also in the second session exhibit an ele-
vated FPR. This initial variability may be related to a lack 
of familiarity with the system, especially in the early ses-
sions, given that M1 (S1) and M2 (S2) had also previously 
participated in static experiments, whereas M3 (S6), 
despite also having participated in both experiments, 
fails to maintain consistency between them, showing 
an increased FPR in the motion experiments. However, 
statistical analysis indicates that there are no statistically 
significant differences between sessions in either condi-
tion (p-value>0.05)

Additionally, statistical analysis reveals significant dif-
ferences between the ErrP and NoErrP classes in both 
static and motion scenarios, exposing that the model 
responds differently to each class. This difference may be 
produced by the fact that NoErrP class is just composed 
of original samples, whereas most of the data from ErrP 
class employed for training is generated by data augmen-
tation, introducing greater variability in the dataset. This 
variability helps prevent the model from overfitting to the 
ErrP class, enabling it to generalize better to new sam-
ples. Furthermore, although no statistically significant 
differences were observed between static and motion 
conditions (p-value>0.05), the performance in motion is 
slightly lower due to the influence of movement artifacts. 
However, the larger amount of data available in motion, 
with three sessions compared to one in static, has helped 
to partially compensate for this effect.

Although no previous studies in the literature evoke the 
ErrP while walking, as in the present work, it is possible 
to compare this study with others sharing some common 
elements. In [13], ErrP is employed to enhance the accu-
racy of a BCI, achieving 85% precision in detecting ErrP 
and a mean false positive rate (FPR) below 21%. In [24], 
ErrP is evoked using tactile feedback, like in the current 
study, achieving a TPR of 73% and an FPR of 12%. In the 
study [31], the proposed neural network model achieved 
a TPR of 63% and an FPR around 12%, showing a moder-
ate detection rate of ErrP with a relatively low FPR. Thus, 
in all these studies, the TPR and FPR percentages are 
comparable to or lower than those achieved in this study. 
Therefore, this research has achieved a good accuracy in 
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ErrP detection but there is still room for improvement in 
false ErrP detections.

Strengths and limitations
Throughout this investigation, strengths and limitations 
have been identified, shaping the development of the 
study.

The study represents a novel contribution to the ErrP 
characterization during the control of a lower-limb exo-
skeleton field. There are very few articles in the literature 
where ErrP during the start and stop of the gait is ana-
lyzed in combination with an exoskeleton.

Additionally, new datasets of evoked potentials during 
the stop of the exoskeleton have been recorded for this 
specific research with the help of a tactile vibration feed-
back from wristbands. The designed protocol is highly 
realistic, recreating real-life needs in the control of a 
exoskeleton thanks to cues related to position instead of 
acoustic signals. Stop experiments were conducted by six 
subjects, each performing three sessions. Although the 
number of subjects may seem limited, it aligns with the 
average sample size in studies of this type [32], consid-
ering the complexity of the experimental setup and the 
difficulty in recruiting participants available for multiple 
sessions. Therefore, the dataset generated from these 
experiments provides a valuable resource for further 
research on ErrP during motion tasks, as very few datas-
ets of this kind exist.

One of the limitations of the protocol is its duration, 
lasting approximately 50 min plus instrumentation time, 
which can contribute to the subject fatigue. Besides, 
maintaining a 30% error ratio to prevent the subject 
from becoming used to the error and, thereby, avoid-
ing the disappearance of the potential, results in a pretty 
low number of ErrP samples per session and an imbal-
anced dataset. This leads to a limited amount of relevant 
information for training the neural networks. A further 
limitation is that, in motion experiments, in which the 
subject walks using the exoskeleton, the signals may be 
affected by motion artifacts. Nevertheless, they are pres-
ent in the same way in the ErrP and NoErrP classes in 
the motion trials, so they are not a differentiation factor 
although it can mask the brain patterns to decode ErrP. 
However, one differentiation point between static and 
motion models is the level of mental load that the subject 
faces. Walking with an exoskeleton while using crutches 
is a highly attention-demanding task, which may reduce 
the subject’s focus on ErrP perception due to the inher-
ent coordination required to move with the device dur-
ing a motor imagery task. Some subjects even reported 
difficulties to perceive wrist vibration. This, combined 
with the overlapping of motor activation with the mental 
tasks to decode, makes it harder than in the static ErrP 
perception.

Regarding the exoskeleton, specific physical and 
mechanical limitations must be taken into consider-
ation. The system is restricted to users between 160 cm 
and 185  cm in height and under 100  kg in weight, due 
to the torque capacity of the actuators. Furthermore, 
the gait pattern is limited to the sagittal plane, excluding 
rotational or lateral movements. Additionally, a battery, 
situated in the rear, modifies the user’s center of gravity. 
For this reason, to compensate for these limitations, a 
person positioned behind the user assists and balances to 
the opposite side of the swinging leg, facilitating a more 
natural gait and preventing potential falls due to lack of 
stability.

Despite the limitations found during the experimen-
tal phase, the detection of ErrP stands out as one of the 
strengths of this research. First, to address the issue of 
limited data, data augmentation is proposed only for the 
ErrP class to increase the number of samples and balance 
the dataset. In addition, balanced data from other sub-
jects are incorporated into the training process to reduce 
model over-fitting to individual subject data, increasing 
the diversity of the dataset.

The new approach developed with the EEG-Inception 
neural network [28] significantly improves the initial 
results obtained with the ensembled system [26]. This 
convolutional neural network is based on deep learn-
ing, enabling it to identify complex patterns in the data 
that traditional machine learning classifiers cannot 
detect. Another advantage of this new method is the 
reduced calibration time for closed-loop applications, as 
it eliminates the need for the extensive parameter selec-
tion process, such as electrodes, features, and classifiers. 
Additionally, the training time for the network is under 
10 min, and if further reduction is desired, the number of 
epochs could be decreased while still allowing the model 
to learn effectively.

The results achieved with the neural network demon-
strate high accuracy and robustness in detecting ErrP, 
showing comparable performance in both static and 
motion conditions. This indicates that, although motion 
artifacts may arise during movement, the neural net-
work remains capable of detecting ErrP as effectively as 
under static conditions, where such artifacts are absent 
because the subject is stationary. Furthermore, the neural 
network reaches a high percentage of correct ErrP detec-
tions (TPR) of approximately 95% and a low rate of mis-
classifications confusing NoErrP with ErrP (FPR) below 
20%.

These outcomes address another potential limitation 
of the system: the subject’s confidence in using it. For 
instance, when the subject is walking and the exoskeleton 
attempts to stop against their intention, the erroneous 
command will be corrected in most cases, allowing the 
subject to continue walking, thereby reducing frustration 
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and increasing trust in the system. Conversely, whenever 
the subject intends to stop walking, the system will con-
firm the correct command in most of the cases and stop 
the exoskeleton, enhancing the safety of the system.

To sum up, the outcomes obtained in detecting Error-
Related Potentials, both in static and motion scenarios, 
highlight the robustness of the new classification method 
using the EEG-Inception neural network for ErrP detec-
tion in a gait MI-BMI system designed for rehabilitation 
applications. This approach effectively maintains a bal-
ance between high TPR and a low FPR, which is crucial 
for ensuring both the safety and user experience of the 
system.

Future work
This study has presented the characterization of ErrP 
during the start and stop of a lower-limb exoskeleton. 
The future objective is to employ this as an additional 
layer of control of the exoskeleton in the BMI design. 
Consequently, the next steps in this research will focus 
on integrating ErrP detection with MI classifiers for a 
unified system capable of recognizing both start and stop 
intentions, while correcting the erroneous commands to 
enhance the overall system accuracy. This would need the 
design of a new protocol to mix both paradigms and eval-
uate the functionality of the system.

This integration of ErrP detection into MI-BMIs 
addresses critical limitations, such as enhancing user 
trust and system safety, by effectively correcting errone-
ous commands and accurately confirming the correct 
ones. For this reason, the balance between high precision 
and low false detection rates is crucial for the feasibility 
of the system.

Furthermore, for its clinical application, a shortening of 
the experimental protocols must be achieved. It is neces-
sary to reduce the number of electrodes without compro-
mising accuracy and to validate the use of dry electrodes 
in order to reduce instrumentation times. Ultimately, the 
goal is to validate the MI-BMI system, self-tuned with 
ErrP detection, by conducting long-term experiments 
with non-able-bodied subjects to assess its clinical utility 
for more efficient gait rehabilitation therapies.

Conclusions
This is an early-stage research for developing a neurore-
habilitation technique based on a Brain-Machine Inter-
faces (BMI) that uses Motor Imagery (MI) paradigm for 
gait control with a lower-limb exoskeleton. Specifically, 
the present work focuses on Error-Related Potential 
(ErrP) detection for self-tuning commands within the 
MI-BMI system.

This study successfully demonstrates the capabil-
ity for detecting Error-Related Potentials (ErrP) in both 
static and motion scenarios. The proposed deep learning 

approach employing the EEG-Inception neural network 
[28] achieves significant improvements over traditional 
classifiers, with a TPR of approximately 95% and an 
FPR below 20%, ensuring both accuracy and robustness. 
These results indicate that most ErrP are detected, and 
consequently erroneous commands are successfully can-
celed, while only a small number of correct commands 
are wrongly canceled.

The outcomes confirm that the deep learning model 
can maintain high performance even under motion con-
ditions, where movement artifacts are present and the 
motor activity overlaps with the mental tasks, reflect-
ing its adaptability to different scenarios. Notably, these 
results are achieved despite the challenge of maintaining 
a 30% error ratio, which resulted in a significantly unbal-
anced dataset with a limited number of ErrP samples. 
This highlights the robustness of the proposed approach 
and the positive contribution of ErrP detection makes 
in enhancing the safety and reliability of the MI-BMI 
system.

Future work will focus on integrating motor imagery 
(MI) detection with ErrP self-correction to create a BMI 
system to control the gait. This integration will be clini-
cally validated in patients with spinal cord injury to assess 
its feasibility and effectiveness as a rehabilitation therapy.
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