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A B S T R A C T

Background and objective: Brain-Machine Interfaces (BMIs) based on a motor imagination paradigm provide an
intuitive approach for the exoskeleton control during gait. However, their clinical applicability remains diffi-
culted by accuracy limitations and sensitivity to false activations. A proposed improvement involves integrating
the BMI with methods based on detecting Error Related Potentials (ErrP) to self-tune erroneous commands and
enhance not only the system accuracy, but also its usability. The aim of the current research is to characterize the
ErrP at the beginning of the gait with a lower limb exoskeleton to reduce the false starts in the BMI system.
Furthermore, this study is valuable for determining which type of feedback, Tactile, Visual, or Visuo-Tactile,
achieves the best performance in evoking and detecting the ErrP.
Methods: The initial phase of the research concentrates on detecting ErrP at the beginning of gait to improve the
efficiency of an asynchronous BMI based on motor imagery (BMI-MI) to control a lower limb exoskeleton.
Initially, an experimental protocol is designed to evoke ErrP at the start of gait, employing three different stimuli:
Tactile, Visual, and Visuo-Tactile. An iterative selection process is then utilized to characterize ErrP in both time
and frequency domains and fine-tune various parameters, including electrode distribution, feature combinations,
and classifiers. A generic classifier with 6 subjects is employed to configure an ensemble classification system for
detecting ErrP and reducing the false starts.
Results: The ensembled system configured with the selected parameters yields an average correction of false starts
of 72.60 % ± 10.23, highlighting its corrective efficacy. Tactile feedback emerges as the most effective stimulus,
outperforming Visual and Visuo-Tactile feedback in both training types.
Conclusions: The results suggest promising prospects for reducing the false starts when integrating ErrP with BMI-
MI, employing Tactile feedback. Consequently, the security of the system is enhanced. Subsequent, further
research efforts will focus on detecting error potential during movement for gait stop, in order to limit undesired
stops.

1. Introduction

In the recent years, the efforts in the field of neurorehabilitation have
contributed to the raise of new technologies for the rehabilitation and
assistance of patients with spinal cord injuries (SCI).

Brain-Machine Interfaces (BMI) are among the emerging technolo-
gies, as they are capable of decoding brain patterns from electroen-
cephalographic (EEG) signals into commands to execute actions in other
devices, such as robotic devices [1,2]. The combination of a BMI with an
exoskeleton is a promising approach, not only because of the active
implication of the subject in their rehabilitation process, but also its

potential for neuroplasticity recovering in patients with motor impair-
ments [3]. For these reasons, BMI based on Motor Imagery paradigm
(BMI-MI) are preferred for this application, where the patient imagines
how the movement feels and, the exoskeleton gives them the feedback of
the real movement [4,5]. Furthermore, a BMI-MI functioning asyn-
chronously allows patients to perform movements voluntarily whenever
they decide, rather than being constrained by external factors, such as
tasks and cues.

However, the effectiveness of BMI-MI for gait rehabilitation do not
meet the desired standards, since the brain regions in charge of lower
limbs control, such as the primary motor cortex and supplementary
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motor area, are located deep within the interhemispheric fissure [6].
Consequently, the collected signals are often low quality, making it
difficult to decode the commands [7,8]. Thus, the safety of the patient is
compromised, affecting its practical use in the clinical setting.

Some studies have explored invasive methods to address this issue,
which involve implanting electrodes directly into the brain to target
these deep brain regions. These methods show a promising improve in
signal quality and control accuracy [9]. Nevertheless, these types of
invasive interfaces are often discarded due to the risks associated with
surgical implantation and future damages, making them less viable for
widespread clinical use.

However, the application of Error Related Potentials (ErrP) for self-
tuning the wrong commands has recently gained significant interest as
a potential solution to tackle this challenge and enhance the systems’
accuracy with non-invasive methods [10–16]. Hence, an ErrP is a brain
response elicited when the subject detects an error in the system
performance.

For instance, in the context of using a BMI with a lower limb
exoskeleton for gait rehabilitation, an ErrP can be elicited when the
exoskeleton performs an undesired movement. A user wants to remain
stationary, but the exoskeleton suddenly starts moving, or the user
wants to keep walking, but the exoskeleton unexpectedly stops. In these
cases, the user’s brain detects the discrepancy between the intended
action and the exoskeleton’s response, triggering an ErrP.

Generally, this evoked potential manifests as two positive and two
negative peaks appearing approximately within the first half second
after the error occurrence, and it remains stable over time [11,14,17].
Nevertheless, the shape and timing of the ErrP may change depending
on the stimulus used to elicit it.

In the literature, the most common approach for evoking the ErrP is
visually [10,18,19], by means of monitoring tasks of cursors or robots,
where the potential appears when the movement is not in the desired
direction. Another method, presented by [20] is adding tactile feedback
to the monitoring tasks, where vibration bracelets inform the partici-
pants about the direction before the cursor moves in the screen. In
addition, some authors proposed combining both stimuli [21], tactile
and visual, to elicit the ErrP. As a result of their research, all of them
coincide in the fact that Tactile stimulus, individually or in combination,
produces a ErrP potential with higher amplitude, but it also produces a
slight delay in the presentation of the ErrP [21,22]. Additionally, studies
[23,24] analyze the ErrP when is elicited with the proprioceptive
feedback of an exoskeleton.

The aim of the current research is to enhance the efficiency of an
asynchronous BMI-MI to control a lower limb exoskeleton during gait by
means of the ErrP. In a first stage of this investigation, an experimental
protocol is designed to evoke the ErrP at the beginning of the gait, where
the subject is standing still and must activate the exoskeleton by imag-
ining walking. Therefore, three different stimuli are studied to elicit this
error potential: Tactile, Visual and Visuo-Tactile.

Furthermore, an iterative selection process is employed to charac-
terize ErrP, in both time and frequency domain, and to fine-tune diverse
parameters, including electrodes distribution, features combinations or
classifiers. This process evaluates these different parameters iteratively,
and their combinations, in order to identify the optimal set that reaches
the highest scores. As a result of all this process, an ensembled classifi-
cation system to detect the ErrP at the start of the gait is configured.

2. Materials and methods

In this section, the protocol designed to evoke ErrP with different
stimuli and the materials employed to carry it out are described. Then,
the iterative selection process implemented to select the best parameters
of the ensembled system to discriminate the error from the correct
commands is explained in detail.

2.1. Subjects

In the current experiments, 6 subjects have participated: 3 females
and 3 males, with ages ranging from 20 to 32 years old (25.5± 3.64). All
participants were able-bodied and did not take any type of medication.
In addition, the experiments were explained to them, 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.03.18).

2.2. Experimental protocol

This research is focused on detecting the Error Related Potential
(ErrP) to self-tune the wrong activation commands in a BMI based on a
motor imagery paradigm [7]. The protocol looks for generating the
evoked potentials after an activation command is issued, but still has not
been executed by the exoskeleton, assessing the EEG signals to identify
the evoked potential as a correct activation by the BMI (NoErrP) or a
wrong one (ErrP).

In the experiment, the participants must perform two different
mental tasks while the exoskeleton is standing: keep an idle state (relax)
or imagine how the first step of the gait feels in their own muscles and
joints when the exoskeleton activates (kinesthetic motor imagery).

Throughout the experimental procedure, data is labelled during four
different periods of time depending on the mental task (Relax or Imag-
ination) the subject is performing and the period before and after
feedback (stimulus appearance). When the stimulus is not provided,
there are correct relax and erroneous imagination periods and when the
feedback activates, erroneous relax and correct imagination periods.
Feedback appearance is randomized in a time between 4 s and 8 s after
the cue, remaining for 2 s (Fig. 1).

Therefore, the ErrP is evoked when the classifier detects an activa-
tion during the relax task, against subjects’ will. In the literature, diverse
authors have reported that an error ratio higher than a 30 % causes a
degradation of the potential, because the subject gets used to the error
situation and perceives it as normal [10]. For this reason, all trials are
already set up from the beginning of the experiment with a 70 % of
correct events and 30 % of error events and, consequently, the subject
will never be in control of the system.

Furthermore, eliciting the ErrP through the proprioceptive feedback
by the exoskeleton was not considered as possible feedback, as its con-
trol does not allow to reverse an activation command without
completing a step and the objective was to correct false activations
before they occur. Hence, the event must be evoked by an external
stimulus (Tactile, Visual, Visuo-Tactile) that activates 2 s before the
exoskeleton begins to walk, to inform the subject about the imminent
movement. Consequently, a potential is elicited, which may be classified
as either an ErrP or a NoErrP depending on the task is being performed.
Concretely, Visual feedback delivers a blue light within the subject’s
field of view, while with Tactile feedback the subject experiments a vi-
bration in both wrists. Meanwhile, VisuoTactile feedback emits both
stimuli simultaneously. Obviously, the evoked potential caused by the
stimulus will appear in both ErrP and NoErrP events. However, the
analysis focuses not on the stimulus-evoked potential itself, but rather
on identifying the variations between the responses to error or correct
events.

A session consists of 12 trials with 10 interleaved mental tasks, each
with 5 relax and 5 motor imagery instructions. Thus, the experiment is
similar to the future real-time application where, after a Relax phase, a
Motor Imagery task is always expected to activate the exoskeleton. In
addition, performing the same mental task consecutively could cause
mental fatigue in the subject. Among these 120 mental tasks, the correct
periods randomly occur 70 % of the time and 30 % erroneously [10].
Consequently, a total of 18 periods for each error event and 42 periods
for each correct event will be registered.

Notice that only the periods associated with an evoked potential are
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relevant for the study: erroneous relax for ErrP and correct imagination
for NoErrP (red and green periods in EEG blocks of Fig. 1). The other
periods are needed to enhance the realism of the experiment and prevent
the subject from an expected activation of the exoskeleton. Actual
exoskeleton activation after the feedback is also randomized at a 30/70
% ratio to provide a realistic feeling of success/frustration.

Each participant performed three sessions, one per type of feedback:

Tactile, Visual and Visuo-Tactile, and the order of the sessions was
randomized. Each session lasts approximately 45 min, with an addi-
tional 45 min for instrumentation. In order to prevent fatigue, each
session took place on different days.

Fig. 1. Experimental protocol to elicit ErrP potential for activations. A: Relax event, B: Imagination event. Periods before feedback (blue) represent data matched to
the mental task and are not used for classification. Thus, exoskeleton no-activation events are correct Relax and erroneous Motor Imagery, and they present a constant
duration of 10 s. A 30 % of Relax events and a 70 % of Imagination events, the feedback activates (yellow) for 2 s to evoke the potentials, which can be an ErrP (dark
red) in Relax event or a NoErrP (dark green) in an Imagination event. The EEG signals of these potentials are used for classification in a window ranged between 0.5 s
before feedback turns on and 1.5 s after. In these cases, the mental task (blue) duration (TA) is variable and randomized between 6 s and 10 s until the stimulus
appearance. After feedback turns off, the exoskeleton starts walking (green) for a gait cycle (4 s) and then stops in a 70 % of the events when the feedback activates,
while in the remaining 30 %, the exoskeleton does not move (light red). Thus, the randomized ratio of exoskeleton activation provides frustration/success feeling in a
realistic way.
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2.3. Equipment

In this research, the brain signals are recorded using the g.Nautilus
EEG electrodes cap (g.tec medical engineering GmbH, Austria), oper-
ating at a sample rate of 500 Hz. The cap presents 28 non-invasive wet
electrodes following the international system distribution of 10–10:
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, where the
reference is set on the right ear lobe and the ground on AFZ electrode.
Furthermore, electrooculographic (EOG) signals are registered bymeans
of 4 additional electrodes: VU (Vertical Up), VD (Vertical Down), HL
(Horizontal Left) and HR (Horizontal Right).

The subjects’ movements are assisted by the H3 exoskeleton (Tech-
naid, Spain), which receives commands to start and stop walking
through Bluetooth.

The feedback is elicited by a pair of glasses and two bracelets, one per
wrist. Inside the glasses, manufactured by 3D printing, a blue LED is
integrated within the users’ field of view to produce visual feedback.
Two vibration motors are embedded inside the bracelets to provide
tactile feedback. The behavior of these gadgets is programmed on an
Arduino Uno R3 (Arduino Org, Italy). Fig. 2 shows a subject wearing
equipments prepared for starting an experiment.

2.4. Signal processing

The registered EEG signals go through different filters to remove
noise and irrelevant information, emphasizing only those bands where
the ErrP is clearer. First, a high pass filter of 1 Hz eliminates the noise of
lower frequencies, which can affect negatively in the next filters. Then,
Hinfinity (H∞) filter removes artifacts caused by eye blinks and move-
ments from signals [25]. Suddenly, the spatial filter Common Average
Reference (CAR) is applied to mitigate common interferences and
enhance the specificity of neural activity. Finally, a band pass filter
between 1 Hz and 10 Hz is employed to focus the analysis on the specific
frequency range for ErrP.

The evoked potential that appears under ErrP and NoErrP periods is
analyzed through different features in a windows time from [− 0.5 to
1.5] seconds of the feedback appearance, although each of them can use
a different lapse within it.

2.5. Characterization of ErrP

Multiple types of features have been considered to determine which
are the more suitable to identify the ErrP potentials in both time and
frequency domain regarding NoErrP evoked potentials. The feature
definition approach is based on the characterization of ErrP events that
has been defined in the literature [10,11,18,19,26]. This definition will
be tested against the evoked potential that appears under correct acti-
vations, being the hypothesis that the evoked potential that appears
under a correct activation (NoErrP) is different than the evoked poten-
tial that appears under a wrong activation (ErrP).

Additionally, time-frequency features, such as the Continuous
Wavelet Transform (CWT) and the Discrete Wavelet Transform (DWT),
were initially considered as features too. However, since the BMI system
operates with a shift interval of 0.5 s, all steps (preprocessing, feature
extraction, classification, etc.) must be completed well within this
timeframe. During preliminary tests, obtaining these features alone
exceeded the 0.5 s shift interval, which significantly increased the sys-
tem’s latency. For this reason, they were neglected for this study.

2.5.1. Time domain features
In time domain, multiple features describing the shape of ErrP are

explained in detail within three different groups: ErrP peaks information
at P300 and N500, the signal window shape and statistical values. a)
Evoked Response Peaks Features

Since the ErrP is an evoked response which has been defined in the
literature as a signal with increments and decrements at specific time
points [10], for instance a positive peak around 300 ms or a negative
peak at approximately 500 ms, a group of features that describe the
potential shape and time appearance is extracted.

The theory reports that around 300 ms after the feedback, a positive
peak is shown (P300) and then a deflection is produced around 500 ms
(N500) [11], as it is illustrated in Fig. 3. The signals are filtered between
1 Hz and 10 Hz and P300 and N500 are looked in two windows after the
stimuli: [200–500]ms and [300, 600]ms. Both peaks are characterized
in value and time as TimePeaksP300N500 and AmplitudPeaksP300N500.

On the one hand, TimePeaksP300N500 presents three values: TP300,
TN500, TP300–N500, where TP300 (yellow) and TN500 (pink) are the time
point of P300 and N500 peaks while TP300–N500 (blue) is the time dif-
ference between both peaks. On the other hand, Ampli-
tudPeaksP300N500 is also expressed with three values: AP300, AN500,
AP300–N500, where AP300 (yellow) and AN500 (pink) are the amplitudes of
the signal from 0µV to the positive or negative peak amplitude value.
Then, AP300–N500 (blue) is the total amplitude between both peaks.
Furthermore, a feature called PeaksP300N500 combines both peaks in-
formation with the six values described for each event (Table 1). b)
Optimized Sampling Frequency

This feature uses the own shape of the transient as a feature. To limit
the size of the feature vector, the signal is downsampled to the half (125
Hz). The feature is referred to as Downsampling. c) Statistical Features

Moreover, a variety of statistical features are extracted with the aim
of characterizing the signal, such as the mean, median, standard devi-
ation, complexity, mobility, kurtosis and energy. These formulas are
applied to a 1 s segment of the signal starting from the instant when the
stimulus turns on. Then, the resulting features vector is named as
StatsFeatures and has a length of seven samples.

2.5.2. Frequency domain features
Exploring features in frequency domain, two different approaches

have been employed: Welch and Fast Fourier Transform (FFT). On the
one hand, Welch divides the signal into segments of 500 samples (twice
the sampling rate) with overlap of 250 samples and estimates the
smoothed Power Spectral Density (PSD), a feature referred to as
WelchPSD. Furthermore, the feature PeaksPSD characterizes this PSD in
diverse bands as delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta
low (12–20 Hz), beta high (20–30 Hz) by calculating the powerFig. 2. Illustration of a subject during an experimental session.
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summatory within each band and identifying the maximum power
reached in each respective range. On the other hand, the direct appli-
cation of the FFT followed by the absolute square, referred to as Pow-
erSpectrum, is computationally more efficient than Welch but also more
sensible to noise.

2.6. Classifiers

In this research several classifiers are tested: Support Vector Machine
(SVM), Linear Discriminant Analysis (LDA), Quadratic Discriminant
Analysis (QDA), Logistic Regression (LR), Stochastic Gradient Descent
(SGD), Perceptron, Multi-Layer Perceptron (MLP), Gaussian Naïve Bayes
(NB), Decision Tree (DT), Gradient Boosting (GB), and Random Forest

Fig. 3. Features extracted from the evoked potential in time (T) and amplitude (A). The yellow region indicates the signal segment where the maximum (P300) is
extracted, and the pink region indicates where the minimum (N500) is extracted. Additionally, in yellow, features related to the P300 (TP300, AP300) are shown, in
pink, features of the N500 (TN500, AN500), and in blue, the difference between the characteristics of each peak (TP300-N500, AP300-N500).

Table 1
Features considered for the classification of the feedback evoked potentials. They are based on time and frequency domain analysis of the EEG data in different periods
of time matched to the feedback activation.

Feature abbreviation Feature Feature Domain Band Pass Filter Window size Vector length (samples)

PPN PeaksP300N500 Time 1 – 10 Hz [0.2, 0.6] s 6
APPN AmplitudePeaksP300N500 Time 1 – 10 Hz [0.2, 0.6] s 3
TPPN TimePeaksP300N500 Time 1 – 10 Hz [0.2, 0.6] s 3
DS Downsampling Time 1 – 10 Hz (0, 1.5] s 188
SF StatsFeatures Statistics 1 – 10 Hz (0, 1.5] s 7
PS PowerSpectrum Frequency 1 – 10 Hz (0, 1.5] s 187
WPSD WelchPSD Frequency 1 – 250 Hz (0, 1.5] s 68
PPSD PeaksPSD Frequency 1 – 250 Hz (0, 1.5] s 10

Fig. 4. Two level classification used in the research. XIN is the features vector and is used as input for the Level. Level 0 is composed of 3 classifiers (C1, C2, C3) and
each one produces a prediction output (OUTC1, OUTC2, OUTC3). These Level 0 outputs are the inputs for the Level 1 majority Voting Block, whose output (OUT) is the
definitive prediction of the system for a given features vector.

P. Soriano-Segura et al. Computer Methods and Programs in Biomedicine 255 (2024) 108332 

5 



(RF). Classification is established at two levels using groups of three
different classifiers and majority voting, see Fig. 4.

2.7. Metrics

The current binary classification system to detect ErrP discriminates
between two classes. Consequently, the predictions are determined as:

• True Positives (TP): The actual class is ErrP, and it is correctly pre-
dicted as ErrP.

• False Positives (FP): The actual class is NoErrP, but the classifier
wrongly detects it as ErrP.

• True Negatives (TN): There is no ErrP, and the classifier confirms the
absence of error.

• False Negatives (FN): There is an ErrP, but the classifier fails to detect
it.

As a result, the classical metrics commonly used in binary classifi-
cation models are estimated from these four prediction possibilities.

Accuracy is a fundamental metric in any system evaluation,
measuring the overall correct detections made by the model:

Accuracy =
TP+ TN

TP+ FP+ FN+ TN
(1)

Precision, or positive predictive value, indicates the percentage of
correctly identified ErrP instances out of all ErrP predictions, whether
right or wrong:

Precision =
TP

TP+ FP
(2)

Recall, or True Positive Ratio (TPR), estimates the proportion of
correctly predicted ErrP samples out of the total actual ErrP samples:

Recall =
TP

TP+ FN
(3)

F1-Score, or Effectively, is a combination of Precision and Recall in
one single metric:

F1Score = 2 ×
Precision × Recall
Precision+ Recall

(4)

However, the aim of the ErrP detection is to enhance the precision of
the BMI by correcting as many wrong commands as it is possible,
avoiding canceling correct ones due to FP detections. For this reason, a
goodness score is calculated as the weighted sum of individual means of
the preceding metrics (μi), where each metric is multiplied by its cor-
responding weight (ωi):

Goodness Score (GS)i =
∑n

i=1
ωi ∗ μi − 0.1 ∗

∑n

i=1
ωi ∗ σi (5)

The weights (ωi) are chosen to give more importance to those metrics
that measure the model’s ability to classify correctly (F1 Score), maxi-
mizing TP (Recall) and correcting false starts. For this reason, the F1-
Score is assigned the highest weight of 0.5, Recall a 0.3, and both Ac-
curacy and Precision a 0.1. Notice, that a penalty factor is subtracted as a
10 % of the sum of the weighted standard deviations of the metrics (σi).

2.8. Ensembled classification system design

In the literature, various authors have employed an ensembled sys-
tem in EEG signals to enhance predictions of ErrP [27,28]. In this sec-
tion, the complete process carried out to design the ensembled system to
detect the ErrP is explained. Multiple features, their combinations,
electrodes distributions and trios of classifiers have been evaluated to
determine the optimal set for the system. For this reason, a process to
optimize the selection of these parameters is executed.

This implementation is based on a heuristic brute-force approach to

select different parameters of the system. Thus, an exhaustive explora-
tion of the parameters is undertaken, yet it is constrained by specific
decisions, significantly reducing options to limit the required computing
time. The whole process is applied independently for each feedback.

In Fig. 5, a global overview of the selection process is shown. While
the number of possible combinations among parameters is extensive,
certain parameters have been pre-defined for the initial selection phase
such as the initial trio of classifiers and their parameters: SVM, LDA and
SGD.

Step 1. Parameter to test: Electrodes selection per feature.
First, the optimal electrodes distribution for each feature (EFi ) is

determined, maximizing the Goodness Score (5) for the initial trio of
classifiers. This optimal combination of electrodes is associated with
each individual feature for the rest of steps.

Step 2. Parameter to test: Individual features.
Once selected the best selection of electrodes per feature, they are

tested. As the process is applied three times for each feedback type, the
scores of each stimulus are normalized by their respective maximum
score. The final score for each feature (Fi) is estimated by summing up
the normalized scores across the three feedback types (6).

Total Score (TS)i =

(
∑3

j=1
Fi,j

max(Fj)

)

3
i ∈ {1, 2, .., 8} features, j

∈ {1, 2, 3} feedbacks (6)

Consequently, those features that have reached the highest scores
with their respective optimal electrodes they are preselected as the best
5 features (FS), ready to be combined with each other.

Step 3. Parameter to test: Features combination.
The next step involves the combination of the preselected features in

groups up to 5 features. Then, the three combinations (FCm) with the
highest TS (6) are chosen for the next ensembled system steps.

Step 4. Parameter to test: Trio of classifiers.
First, a grid search fine-tunes the parameters of the classifiers ac-

cording to the selected combination of features by testing all possible
combinations of specific parameters’ values to identify the set that
achieves the best performance. Therefore, this process enhances the
classifiers’ performance and ensures equitable conditions for selection.
This is crucial as the default classifier parameters may not be optimal for
the current dataset. Given that approximately 10 classifiers are used,
each with multiple hyperparameters, detailing every parameter combi-
nation would be impractical due to the sheer volume of possibilities.
However, the grid search is conducted thoroughly to cover a compre-
hensive range of values for each classifier, ensuring optimal
performance.

Finally, the classifiers (C) for the ensembled system are swept in
combinations of three, based on their performance and adaptability to
the optimized feature set and parameter configuration.

At the end of the iterative selection, the Ensembled System is
configured with all the select parameters (FC, EFC,C) through the process
and the feature combination with higher score after the classifiers
selection.

2.8.1. Selection process of a parameter
Each of the steps of the previous section sweeps a group of variables

fixing another group. The test of a certain variable requires a classifi-
cation of the evoked potentials to obtain a GS value and compare it with
the others under consideration. This section explains how the individual
computation of a given combination of parameters is carried out in order
to avoid an excessive number of iterations. A diagram with the selection
process of a parameter is shown in Fig. 6.

First, an initial list of individual variables to evaluate a given
parameter is generated. This requires keeping the variables of the rest of
parameters fixed as the ensembled system steps indicate. For each of the
variables under iteration the process is similar: features are extracted,
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classifiers trained, and scores assessed for the test vectors following a
cross-validation approach.

This requires that once all parameters are set up, the dataset is
divided into training and test samples. As the number of samples for
model creation is limited, the training conducted is a generic, which
means that each of the training models contains also the information of
the rest of the subjects, balancing the samples per class for each subject,
as the ErrP samples per subject (18 samples) is different to the NoErrP
samples (42 samples). This approach means that when a specific subject
is evaluated, their data is split and included in both the training and test
datasets, and data from the other subjects is also incorporated into the
training dataset. The main reason for applying a leave-one-out cross-
validation is to ensure that all 18 ErrP test samples per subject are used.
For instance, in the initial fold, the test dataset includes the first ErrP
event and a randomly selected NoErrP event, whereas the training
dataset comprises the remaining 17 ErrP samples and 17 randomly
selected samples of the NoErrP class, along with balanced data (18 ErrP/
18 NoErrP) from the other subjects. Then, the test dataset for the next
fold includes the second ErrP event and another randomly selected
NoErrP event, with the training set comprising the remaining 17 ErrP
samples and another 17 randomly selected NoErrP samples, plus the
balanced data from the other subjects. This process continues until each

of the 18 ErrP samples are used once as part of the test set.
The balancing undersampling method employed consists of equal-

izing both classes by reducing the number of samples of NoErrP class in
training and test groups. Previously, other techniques, such as weighting
to the unbalanced classes, were tried but the results achieved less than a
50 % of the accuracy. Furthermore, the balanced data is also standard
scaled to a range from 0 to 1 to enhance the classifiers’ performance.

Once the data is already prepared, the models are trained and, by the
end of the procedure, the four metrics Accuracy (1), Precision (2), Recall
(3) and F1Score (4) are calculated. Furthermore, with the purpose of
reaching a stable result and trying to include all the NoErrP data left out
by the undersampling balance, the cross-validation process is repeated
20 times selecting 20 randomized vectors of the NoErrP class. Therefore,
the mean and standard deviation of each of the metrics is calculated and
weighted to estimate the Goodness Score (5).

After computing the GS (5), for each of the variables to evaluate, the
one with the highest score is initially selected and systematically paired
with the remaining non-selected variables. In the case that variables
could be combined, i.e. electrodes, features, classifiers, the training
process to estimate the GS of each variable combination begins again.
This incremental loop continues as long as the GS reached by the com-
binations of variables remains higher than the best score from the

Fig. 5. General schema of the iterative selection process to select the parameters of the ensembled system. Process is carried out in several steps, choosing the optimal
electrodes distribution (EFi ), features (FS), combination of features (FC), classifiers parameters and trio of classifiers (C).
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previous loop iteration. If the new score is lower than the score pre-
ceding iteration, the combination loop breaks, and the previous com-
bination is selected for the parameter, limiting the number of iterations.

3. Results

The current section provides the results of the different analysis
carried out during the research. First, the ensembled classification re-
sults by step are presented. Then, an evaluation of the system for the

Fig. 6. General schema of the iterative selection process of a given variable.

Fig. 7. Electrode distribution selection for features in Tactile feedback. The blue circles represent the electrodes with a higher GS (5).
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parameters chosen by the ensembled system as a BMI for the correction
of undesired activations of the exoskeleton is provided.

3.1. Iterative selection process

This section provides the results of the ensembled system during the
different steps associated with the selection of electrodes, features,
features combinations and classifiers.

3.1.1. Electrodes selection per feature
The first step is the selection of the electrodes more suitable for each

feature. The process is carried out by the ensembled system in an iter-
ative way, increasing the configuration of electrodes till the GS is not
improved. This means that if, for instance, PowerSpectrum feature ob-
tained a GS of 67 % with Fz+POz as best combination of two electrodes,
all the combinations of Fz+POz+XX, with XX being the rest electrodes,
are tested and a 3 electrodes combination is selected only if they
improve the 67 % result and a four electrodes combination will then be
tested.

Fig. 7 shows the results for Tactile feedback. Regarding time domain
features, the electrodes more relevant are shown around Fz, CP4 and
parieto-occipital electrodes. Shape features, such as Downsampling, also
indicate CP4 and POz relevance, but without a predominance of right
hemisphere. Statistical features only present one electrode on P4. In
frequency domain, features related to Welch show a very different
behavior with a spread of electrodes in the case of WelchPSD and a
major presence of right hemisphere for PeaksPSD with a CP1 presence.
In contrast, PowerSpectrum electrodes exhibit similarities to those
selected in the peaks features of P300 and N500 along with C2 and C3.
The number of electrodes selected for each feature is also very variable
with features with just one or two electrodes to others with nine.

Notice that in this study the distribution is not indicating the elec-
trodes which define ErrP, but those that discriminate with a higher score
between ErrP and NoErrP classes.

3.1.2. Individual features
Once selected the combination of electrodes per feature, their GS are

compared in order to select the more discriminant features. Fig. 8 shows
the GS of each feature per feedback (5) and their normalized TS as
defined in Eq. (6).

GS provides results around 60 %. Regarding stimuli, their perfor-
mance depends on the feature under consideration. However, Visual
achieves higher results for five of the eight features. This means that a
combination of features could provide a better discrimination of the
ErrP. The five features to test in the next step of the ensembled system
are selected based on the TS.

3.1.3. Features combination
Once selected the five features with higher TS, they are combined

with each other up to groups of five features. Results in Fig. 9 are
improved just by a little for the combination of features in comparison to
the individual characterization (left part of Fig. 8). However, there is a
clear dominance for Tactile feedback in the results, which is not present
in the individual features of Fig. 8. As expected by the similarity of re-
sults of the individual features of Section 3.1.2. Individual features, the
highest TS are achieved by the combination of the majority of features.

3.1.4. Trio of classifiers
The last step in the ensembled system is choosing the trio of classi-

fiers to use. Before this step, an optimization of hyperparameters per
classifier was carried out by means of a grid search with all possible
combinations of each classifier parameters, as before this step the initial
trio (SVM, LDA and SGD) was using default parameters.

Given the extense number of hyperparameters involved, only the
grid-search results for the classifiers SVM, LDA and LR using FC1 feature
combination under Tactile feedback are specified. For SVM, the optimal
hyperparameters are a C value of 10, a gamma of 0.001, and an RBF
kernel. For LDA, the best configuration includes an auto shrinkage and
an LSQR solver. For LR, the optimal parameters consist of an L1 penalty
and a SAGA solver.

Fig. 10 illustrates the classifier analysis for each feedback type. The

Fig. 8. Averaged results of the subjects for each feature and feedback. The GS (5) of each stimulus is indicated as circular markers in blue (Tactile), yellow (Visual)
and pink (Visuo-Tactile). In addition, diamonds in salmon represent the TS of each feature (6). The five selected features appear as black bolded diamonds.
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Fig. 9. Averaged scores of the six subjects for the five selected features and their combinations. The features combinations are marked by light red. The GS (5) of each
stimulus is indicated as circular markers in blue (Tactile), yellow (Visual) and pink (Visuo-Tactile). In addition, diamonds in salmon represent the TS of each
combination (6). The three selected combinations (FC1–3) are indicated by bolded black diamonds.

Fig. 10. Combination of classifiers with the highest subject averaged GS for each of the top three features combinations (FC). The selections and results are color
coded for the three feedbacks: blue (Tactile), yellow (Visual) and pink (Visuo-Tactile). GS are represented in round spots and TS in diamond. The highest TS under
bolded black diamond is achieved for the FC1 with Tactile feedback as highest GS.
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choice of classifiers remains quite similar across feature combinations
within the same feedback type. SVM, LDA, QDA, and LR consistently
emerge as the most frequently selected classifiers. Analyzing scores the
first combination (FC1), which contains both time and frequency do-
mains features, such as PeaksP300N500, TimePeaksP300N500, Down-
sampling, and WelchPSD achieves the highest TS. Regarding feedback
types, Tactile is the one with the highest GS with a 67.73 %.

3.2. Subject analysis

EEG analysis usually has a high subject dependency. Up to this point
all the step decisions are based on the average scores of the six subjects.
This section will present the individual subject results for the FC1 and
the selected trio of classifiers per feedback.

As expected, subject dependency is high as Fig. 11 results show.
There is also different subject behavior dependent on the feedback type.
However, Tactile feedback is the only one which achieves GS over 60 %
for all the subjects. GS index is a combination of accuracy, precision,
recall and F1Score metrics and deviation. These indices can be seen in
Table 2.

3.3. False starts correction

Although GS (5) and TS (6) have been used as a metrics for the
ensembled system decision making, they do not provide a realistic idea
of the behavior of the tool as a BMI for the correction of false activations
of a lower-limb exoskeleton. Table 2 shows two new metrics for this
purpose: True Positive Ratio (TPR) and False Positive Ratio (FPR). TPR
represents in percentage the number of corrections to wrong activations
of the exoskeleton and FPR the number of correct activations that are
spoiled. This means that TPR should be as higher as possible and FPR as
lower as it could. The results for the designed BMI show a TPR of 72.60
% and a FPR of 40.92 % in average.

4. Discussion

4.1. Iterative selection process

The different steps of the iterative parameter selection provide
different results to discuss.

4.1.1. Brain locations
Electrode selection does not seem to indicate a certain brain zone

configuration. As the selection is not trying to characterize the ErrP, but
the electrodes that are best suited to differentiate between ErrP and
NoErrP, electrode selection varies from different types of features.
Nevertheless, there are some brain zones that appear in most of the
features. Fz electrode due to its relationship with the ErrP character-
ization [10,29–31], parieto-occipital due to its relationship with visual
stimuli processing [32] and right tempo-parietal brain zones due to the
individual attention to new stimuli [33].

4.1.2. Features
The combinations with highest scores select a mix of time and fre-

quency domain features like PeaksP300N500, TimePeaksP300N500,
Downsampling, and WelchPSD. This is something that is reported by
other investigations, such as [20], where it is remarked the importance
of combining time and frequency domain features to improve ErrP
detection. Nevertheless, as the discrimination between the two evoked
potentials seem to be related to different brain processes, the use of
different features provides better information to the classifiers.

4.1.3. Classifiers
The fine-tuning of the parameters along the iteration of the trio of

classifiers allows a marginal increase in the scores as it is seen in the
comparison of Fig. 9 and Fig. 10. From the inspection of the results, it is
clear that Tactile and Visuo-Tactile have a similar selection of classifiers
in comparison to visual, with SVM, LDA, QDA, and LR as the more
repeated ones.

Fig. 11. Individual subjects’ GS for FC1 and its best classifier combination per feedback. Individual subject scores are color coded in spots (S1: blue, S2: green, S3:
orange, S4: magenta, S5: purple, S6: gray) while averaged feedback appears in blue stars for Tactile, yellow stars for Visual and pink stars for Visuo-Tactile feedback.
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4.2. Feedback

Once the ensembled system has fixed the main parameters, Fig. 9 and
Fig. 10 show Tactile feedback as the one with the highest scores, this is
also referred by the individual results by subject shown in Fig. 11.
Therefore, a statistical analysis is performed. Specifically, a Shapiro-
Wilks normality test is conducted, and the results indicate that the p-
values of all variables are greater than 0.05, following a normal distri-
bution. For this reason, a multivariate analysis of variance (MANOVA)
test is applied to further analyze the differences among feedback types in
the obtained results and confirm the significance of the results. The
MANOVA test, based on Pillai’s Trace, show significant differences
among the feedback types, as the p-values< 0.05 (V= 1.160, F(12,22)=
2.531, p = 0.029, η2 = 0.580), confirming the statistical significance of
the Tactile feedback’s superior performance. These results are along to
previous studies that show Tactile feedback as a better option to char-
acterize ErrP [20,22].

Tactile feedback appears to be the best in terms of classification
performance for several reasons. First, vibration stimulus is processed
through the somatosensory system, which may provide a more direct
and immediate response compared to Visual feedback. In the literature,
studies have shown that tactile feedback can enhance the perception of
movement and improve motor control accuracy [34,35]. Furthermore,
tactile stimuli are less likely to cause cognitive overload, allowing more
efficient processing of error [36,37]. Additionally, in our experiments
the instrumentation of the feedback, as a less intrusive gadget, could
affect in a lesser way to the conducted mental tasks.

4.3. Subject dependency

Subject dependency is widely reported in the literature [38]. This is
something that is clearly seen in Table 2 and Fig. 11 results, which
means that not all the subjects are adapted to the protocol or modulate
their evoked potentials in the same way with TPRs from 59% to 89 %. In
addition, some authors have reported that subjects with low accuracy in
one feedback, also present low accuracy in the rest of the feedbacks, as is
the case of S1 [22].

Due to the limited number of ErrP samples the classifier model uses
information of all the subjects, which has its pros and cons. A person-
alized model with data of just the subject under analysis would be
desired, but it would require long training protocols which would make
the BMI unusable. Nevertheless, as it would be seen in the next section,
even low percentage over the 50 % would improve the BMI global
behavior.

4.4. False starts correction

The aim of the research is to develop a new BMI that corrects false
starts of a lower-limb exoskeleton working in real-time closed-loop
control. Usually, accuracy percentage is reported as acceptable at a 70 %
threshold [39]. However, it is rare to achieve those percentages in
lower-limb real-time closed-loop BMIs based on MI [7].

For this reason, Table 3 shows a simulation of the expected outcome
of the system in real conditions. As a MI classifier is not applied in this
part of the research, but the final application will, an acceptable

accuracy ratio for the MI classifier is considered to be 70 %. Therefore,
this classifier would result in a 30 % rate of undesired starts that need
correction, which is where the ErrP detection layer operates.

The new metrics of the simulated BMI-MI are calculated employing
TPR and FPR metrics exhibited in Table 2. Thus, MI-ErrP false starts (FS)
percentage is calculated as (1–0.7)*(1-TPR) and the percentage of cor-
rect starts (CS) is estimated as 0.7–0.7*FPR. Then, the global accuracy of
the BMI-MI combined with ErrP is CS+0.3-FS.

The combination with the ErrP, based on the exposed TPR and FPR,
would correct the false starts from 30 % to the Table 3 new metrics.
Therefore, this could make the BMI less sensitive, spoiling some of the
correct starts from the previous 70 %. However, although only S2 would
improve the global accuracy, the significant reduction of the false starts
ratio enhances the security of the system, while a worsening of the
correct start ratio would cause just longer periods of time to start, but
without safety problems.

4.5. Strengths and limitations

This study presents several notable strengths that underscore its
contribution to the field of BMIs to control lower limb exoskeletons. One
of the primary strengths is the large dataset that includes three different
types of feedback: Tactile, Visual, and Visuo-Tactile. This dataset is
particularly valuable as it allows to carry out a comparative analysis of
the different stimuli to evoke and detect the ErrP, providing also insights
that guide the future research.

Additionally, this study is pioneering in its investigation of ErrP to
begin the gait with exoskeleton, as there are no previous works in this
specific area. Furthermore, the promising results highlight the potential
of ErrP for increasing both, the efficiency and security of BMI-MI for gait
control. Therefore, the self-correction of false activations is another
significant strength, as it enhances the reliability and user-friendliness of
the BMI system.

Despite these strengths, the study also shows diverse limitations that
must be acknowledged. One of the most limiting points of the research is
the low amount of useful data generated during each session, which
poses challenges for classification models. Machine learning models
have been used for the detection of ErrP, but there is a concern that these
models used may be overfitted to the session dataset, which could affect
its generalizability to other datasets or real-time applications. Moreover,

Table 2
Individual classifier statistic metrics obtained for Tactile feedback, using FC1 and SVM, LDA and LR classifier trio.

Subjects Accuracy (%) Precision (%) Recall (%) F1Score (%) GS (%) TPR (%) FPR (%)

S1 64.18 66.78 60.08 61.95 60.84 60.00 31.70
S2 76.78 72.56 88.75 79.26 80.29 88.80 35.20
S3 66.18 64.21 78.10 69.70 70.28 78.10 45.80
S4 60.35 58.53 74.85 65.16 65.99 74.90 54.20
S5 59.28 58.41 67.95 62.22 62.14 67.90 49.40
S6 68.35 70.63 65.95 67.33 66.23 65.90 29.20
MEAN 65.85 ± 6.36 65.19 ± 5.96 72.61 ± 10.19 67.60 ± 6.44 67.63 ± 7.04 72.60 ± 10.23 40.92 ± 10.27

Table 3
Variations in the percentage of false and correct starts, as well as the global
accuracy of a BMI based on MI combined with the ErrP detection achieved in
Table 2 considering a BMI-MI original accuracy of 70 %.

Subjects MIþErrP false
start (%)

MIþErrP correct
start (%)

MIþErrP Global
Accuracy (%)

S1 11.98 47.81 65.83
S2 3.36 45.36 72.00
S3 6.57 37.94 61.37
S4 7.53 32.06 54.53
S5 9.62 35.42 55.81
S6 10.22 49.56 69.35
MEAN 8.21±3.06 41.36±7.19 63.15±7.15
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each feedback is tested in just one session with a pretty reduce number of
test samples.

Although the number of subjects is considerable for a BMI study, as
referenced in [40], a large number of samples would be desirable to
confirm the indicated findings. High variability between subjects’ data is
a common issue in BMI research, and this variability can be mitigated by
increasing the sample size. Additionally, with a larger dataset, the
challenges associated with applying deep learning methods and the risk
of the classifiers being overfitted can be addressed more effectively.

During the experiments, subjects experienced fatigue which may
have influenced their performance and the reliability of the data
collected. The monotony of the sessions can also cause subjects to lose
focus towards the final trials, although it closely reproduces the real-
time conditions, ensuring that the study’s findings are relevant to
practical applications.

Another significant limitation is the high false positive rate (FPR) of
40.92 %, which induces frustration in subjects due to the correction of
correct starts resulting from erroneous ErrP detections. This issue can
negatively impact the user experience and trust in the BMI system.
However, the high FRP primarily leads to slightly longer start times, but
it does not compromise the subject’s safety. For instance, in subject S6,
this would occur less than 3 times out of 10 trials, which is not a sig-
nificant volume to cause considerable frustration.

Despite the high rate of FPR, the results are comparable to those
reported in the literature. For instance, [20] employs Tactile feedback to
evoke ErrP and achieves a TPR of approximately 73 % and a FPR of 12
%. Similarly, [41] trains the model with generic dataset, reaching
around 74 % of TPR and 28 % of FPR. These results are similar to TPR
(72.60 %) in Table 2 of the current study. Furthermore, [14] discusses
the improvement of a BCI by detecting ErrP, achieving an error rate of
approximately 7 %, which aligns closely with the results of the current
research. In that study, the rejection rate is around 35 %, showing
similarities with the results presented in Table 3.

To sum up, while the study demonstrates important advancements in
BMI-MI technology and offers valuable data for further research, it also
highlights several areas where improvements are needed to enhance the
system’s reliability and user experience.

4.6. Clinical applicability

The integration of ErrP detection to self-tune the exoskeleton’s
movements ensures that patients can rely on the technology to safely
and accurately assist their mobility needs. The proposed system shows
significant potential for clinical applicability, particularly in the reha-
bilitation of patients with SCI within hospital settings. By correcting the
erroneous movements before they are executed in real-time, this tech-
nology can greatly enhance the effectiveness of gait rehabilitation pro-
grams. Additionally, the system could be useful for assisting patients in
their daily routines, offering support in maintaining balance and cor-
recting gait, which would contribute to giving SCI patients more inde-
pendence and quality of life. Nevertheless, exoskeletons are still pretty
expensive, making it difficult for individuals to afford and employ them
at home.

4.7. Future work

Future research will focus on several key areas to further improve
and validate the system. One of the primary goals is to explore the
detection of ErrP during gait to reduce false stops, enhancing the fluidity
and reliability of the BMI. Additionally, efforts will be made to increase
TPR detections and minimize FPR to the greatest extent possible.
Finally, the integration of both start and stop ErrP signals with the BMI-
MI will be tested to evaluate the system’s real-time performance
comprehensively. These advancements will be tested with SCI patients
to assess the practicality and effectiveness of the system in the clinical
settings for their rehabilitation process.

5. Conclusion

The study has presented a BMI which discriminates false starts in a
BMI based on MI for the control of a lower-limb exoskeleton. Even
though the results percentages vary from subjects, the correction of false
starts improve the security of the system at the cost of sensitivity to start.

The number of ErrP events that can be achieved by session and
subject is limited. This is caused by the recommended 30 % error ratio at
which subjects get used to errors and no longer perceive them as such
[10]. As six subjects during three sessions participated in the study, the
number or ErrP generated was of 108 per feedback type and 324 in total.
This could be a low value, but there is not a similar study in the literature
and the usual number of subjects for a lower-limb exoskeleton in-
vestigations usually present one subject and studies over ten are a rarity
[40]. Thus, the provided database and the described protocol, which
compares three different feedback types, should be very valuable for the
study of ErrP in other investigations. Furthermore, after the feedback
comparative and the selection of Tactile feedback for further research,
increasing this feedback dataset is a priority to enhance the robustness of
the system.

Future research would focus on the analysis of the ErrP during mo-
tion, in order to correct false stops during the gait, and the integration of
the start and stop ErrP BMI with the BMI-MI to test its real-time
performance.

Availability

Data related to correct and error evoked potentials by three different
feedback types (Tactile, Visual and Visuo-Tactile) before a lower-limb
exoskeleton activates to start the gait is available in the Zenodo re-
pository (10.5281/zenodo.10828803).
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