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Enhancing Visual-Guided Motor Imagery
Performance via Sensory Threshold

Somatosensory Electrical Stimulation Training
Lei Zhang , Long Chen , Zhongpeng Wang , Xin Zhang , Xiuyun Liu ,

and Dong Ming , Senior Member, IEEE

Abstract—Objective: Motor imagery (MI) based brain-
computer interface (BCI) has been widely studied as an
effective way to enhance motor learning and promote motor
recovery. However, the accuracy of MI-BCI heavily depends
on whether subjects can perform MI tasks correctly,
which largely limits the general application of MI-BCI. To
overcome this limitation, a training strategy based on the
combination of MI and sensory threshold somatosensory
electrical stimulation (MI+st-SES) is proposed in this
study. Methods: Thirty healthy subjects were recruited
and randomly divided into SES group and control group.
Both groups performed left-hand and right-hand MI tasks
in three consecutive blocks. The main difference between
two groups lies in the second block, where subjects in SES
group received the st-SES during MI tasks whereas the
control group performed MI tasks only. Results: The results
showed that the SES group had a significant improvement
in event-related desynchronization (ERD) of alpha rhythm
after the training session of MI+st-SES (left-hand: F(2,27)
= 9.98, p<0.01; right-hand: F(2, 27) = 10.43, p<0.01). The
classification accuracy between left- and right-hand MI in
the SES group was also significantly improved following
MI+st-SES training (F(2,27) = 6.46, p<0.01). In contrary,
there was no significant difference between the first and
third blocks in the control group (F(2,27) = 0.18, p = 0.84).
The functional connectivity based on weighted pairwise
phase consistency (wPPC) over the sensorimotor area
also showed an increase after the MI+st-SES training.
Conclusion and Significance: Our findings indicate that
training based on MI+st-SES is a promising way to foster
MI performance and assist subjects in achieving efficient
BCI control.
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I. INTRODUCTION

BRAIN-computer interface (BCI) constructs a direct com-
munication pathway between the brain and the external

environment, which is particularly beneficial for patients who
require neurorehabilitation and motor assistance [1], [2]. In par-
ticular, motor imagery based brain-computer interface (MI-BCI)
is able to correlate the movement intention and the external
afferent signals from assistive devices to promote the recovery
of the damaged neural pathways and improve patients’ motor
performance [3], [4]. As a mental rehearsal of limb movement,
motor imagery (MI) can induce neural activations in the sen-
sorimotor cortex, which is similar to actual execution [5], [6].
The neural patterns activated by MI are usually defined as event
related desynchronization (ERD) or synchronization (ERS) in
alpha and beta rhythm [7], [8]. Theoretically, the ERD patterns
should appear steadily when subjects perform motor imagery,
but this is not always the case. A large number of subjects are
unable to perform MI accurately, which greatly influence their
efficiency in using MI-BCI [9].

In the past decades, intensive researches have been conducted
to improve the efficiency of MI-BCI. For instance, machine
learning algorithms have been greatly improved to enhance
the capability of MI patterns detection. The Common Spatial
Pattern (CSP), as one of the most widely used algorithms,
is able to distinguish MI patterns efficiently by constructing
spatial filters [10]. In addition to traditional algorithms, deep
learning algorithms become popular and are also introduced in
MI-BCI [11]. These advanced algorithms significantly improve
the decoding performance of MI-BCI.

Despite these advances, the application of MI-BCI is still
limited, in part due to the poor quality of EEG signals produced
by subjects who are unable to perform the MI tasks properly [12],
[13]. Therefore, many researchers have turned their attention
to the subject training process. The neurofeedback training has
been integrated into the MI-BCI system to train subjects to self-
regulate neural responses. Bhattacharyya et al. demonstrated that
functional electrical stimulation (FES) feedback-based BCI is
more effective than visual feedback-based BCI in improving
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participants’ motor imagery learning [14]. Wang et al. designed
a haptic-visual feedback-based BCI system and they demon-
strated that neurofeedback training improved sensorimotor corti-
cal activations and classification performance [15]. However, the
efficiency of neurofeedback-based BCI still depends on whether
the initial classifier is able to produce accurate feedback signals,
or else, it may play a negative role [16], [17]. The accuracy of ini-
tial classifier, which is trained offline in the calibration process,
heavily relies on the quality of neural signals generated when
subjects perform MI tasks. Therefore, it is necessary to develop
appropriate MI guidance strategies to help subjects execute MI
tasks effectively and correctly. Some studies suggested that VR
system is able to improve the performance of MI via direct
visual guidance and increased subject involvement [18], [19]. In
addition, somatosensory afference, which is crucial to build the
mental representation necessary for MI, has also received greater
attention recently. Shu et al. demonstrated that the recognition
accuracy of MI patterns is enhanced when a vibrotactile stimula-
tion is provided concurrently during MI [20]. Corbet et al. found
that the combination of MI and sensory threshold somatosensory
electrical stimulation (st-SES) increases connectivity between
the frontal and parietal networks [21]. Similar results were also
reported by Vidaurre et al. [22]. However, for some participants,
the somatosensory afference guidance may direct participants’
attention away from MI tasks and toward external sensory stimu-
lation. Additionally, some types of somatosensory afference may
induce ERD patterns similar to that during MI, which possibly
generate a bias in the analysis of neural responses elicited by
MI. It is uncertain whether the enhancement of ERD patterns
is induced by MI performance or somatosensory stimulation.
Therefore, some studies have explored the after-effects of so-
matosensory afference guidance on cortical activation [23], [24].
Yao et al. proposed a vibrotactile stimulation training approach
to improve the performance of BCI based on somatosensory
attentional orientation (SAO) [24]. In the SAO task, subjects
were asked to imagine tactile sensation induced by the vibro-
tactile stimulation. Although subjects achieved better SAO-BCI
accuracy after sensory stimulation training, SAO-BCI did not
purely discriminate the motion intention of different hands. At
present, many studies have shown that MI has unique advan-
tages in the fields of motor learning and neurorehabilitation.
However, the role of SAO in the above fields remains to be
determined. Recently, an ingenious training strategy based on
alpha frequency intervention was developed by Zhang et al.
to enhance the classification performance of MI-BCI [23]. In
that work, the difference in alpha band power between left- and
right-hand MI tasks increased after applying alpha frequency
electrical stimulation to the ulnar nerve of the contralateral
hand relative to the imagined hand. These findings suggest that
training strategies based on peripheral stimulation can modulate
cortical activity and affect BCI performance. However, the brain
patterns detected after peripheral stimulation-based training may
be caused by carry-over effect of the stimulation itself rather than
induced by improved MI performance. Therefore, it would be
interesting to investigate whether the subject’s MI performance
could be improved after somatosensory afference without inter-
ference from carry-over effect of somatosensory stimulation.

As an effective tool to convey the proprioceptive sensation
by depolarizing sensory nerve, st-SES has been suggested to be
a useful tool for facilitating cortical activity without inducing
detectable ERD brain patterns [21]. Therefore, we conducted
the current study to test the effect of st-SES as a training tool on
MI tasks. In particular, the frequency of st-SES in this study was
outside the frequency range of sensorimotor rhythm of interest
(8-30 Hz) to avoid the potential carry-over effect of st-SES itself.
We hypothesized that the training via the combination of MI and
st-SES (MI+st-SES) would improve subjects’ performance on
MI tasks. Therefore, we expected that there was an improvement
of MI-BCI classification accuracy and sensorimotor cortical
activation after MI+st-SES training.

II. METHODS

A. Participants

Thirty right-handed healthy subjects with normal or corrected
to normal vision, participated in the experiment (average age
24.3 ± 1.1 years). The study was approved by the ethical com-
mittee of Tianjin University. Written consent form was obtained
from each subject. The subjects were randomly divided into SES
group and control group, with fifteen subjects in each group.

B. EEG Recording and St-SES Intervention

EEG data were recorded using SynAmps2 system (Neu-
roscan, Victoria, Australia) with 60 standard Ag/AgCl electrodes
in a 10-10 standard configuration (Fig. 1(b)). The reference
electrode was placed on nose and the ground electrode was on
the forehead. EEG signals were sampled at 1000 Hz with a notch
filter at 50 Hz to filter out power line noise. The impedances were
kept under 10 kΩ during the data acquisition process.

St-SES was generated using a portable electrical stimulation
device called Rehastim 2 (Hasomed, Magdeburg, Germany).
The electrodes were placed on the flexor digitorum superficialis
at the anterior face of the forearms. The frequency of stimulator
was set to 40 Hz for all participants. This frequency is above
the range of sensorimotor rhythm (from 8 to 30 Hz) of interest.
The stimulation amplitude of st-SES was individually evaluated
for each participant. The amplitude was gradually increased
from 0mA until a sensation of hand closure was reported by the
participant, while the amplitude was adjusted to avoid eliciting
any visible movement. The stimulation intensity varied between
3 to 5 mA according to participant-dependent sensory threshold.

C. Design of the Experimental Paradigm

The experimental procedures were similar in both groups.
During the setup process, all subjects were instructed to clench
left hand (LH) fist or right hand (RH) fist in order to fa-
miliarize themselves with the proprioceptive sensations. After
that, all groups performed three blocks of motor imagery, with
10-min rest between blocks to avoid mental fatigue. In order
to ensure that subjects imagined actions exactly as prescribed,
action observation was used to provide content and cues for
motor imagery [25]. During MI, subjects received guidance
via visualization of a hand clenching movement. Both groups
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Fig. 1. Experimental paradigm. (a) A visual representation of the experimental scene. (b) Electrodes placement according to the standard 10-10
system. (c) The experimental procedure of three blocks in SES group. In each trial of pre-SES and post-SES block, subjects were required to
perform motor imagery tasks according to the cue. In each trial of SES training block, st-SES was given to subjects during MI tasks. (d) The
experimental procedure of three blocks in control group.

completed the same tasks in the first and third blocks. In the
second block, the SES group executed the MI training tasks
with st-SES application, whereas the control group executed the
MI training tasks alone. For the control group, the stimulation
electrodes were also placed on the flexor digitorum superficialis
of the forearms. The subjects in the control group were informed
that electrical stimulation was applied to the forearm during
the MI training tasks, but the stimulation amplitude was small
and imperceptible. In fact, the electrical stimulation device was
turned off during the MI training tasks in the control group. The
experimental protocols of three blocks are illustrated in Fig. 1
and organized as follow:

The first block (pre-SES block for SES group). As shown in
Fig. 1(c) and (d), at the beginning of each trial, a pair of model
hands appeared in the center of the screen for 2 seconds to alert
participants to get ready for the MI task. Then, a cue triangle
randomly appeared on either the left or right model hand to
indicate which hand movement to imagine. This cue lasted for
1 s, followed by a corresponding hand clenching presented on
the screen for 4 s. In this period, subjects were asked to perform
kinesthetic imagery of hand closure movement without causing
muscular contraction. In addition, subjects were instructed to
focus on the performance of MI task rather than the model hands
presented on the screen. The task was finished once the model
hands disappeared. The inter-trial intervals varied randomly
between 4 and 6 s to prevent adaptation. This block included
four runs, with each run performing 20 trials (i.e., 10 trials for
each side).

The second block (SES training block for SES group). The
trial timing and the cues in the second block were similar to the
first block. For the SES group, the st-SES was applied to the
participants’ corresponding forearm during MI task. As shown
in Fig. 1(c), in each trial, st-SES was triggered at the beginning of
MI task and lasted for 4 s. For the control group, the participants
were required to perform MI tasks without the activation of
st-SES. A total of 80 trials with 40 trials for each side were
completed by the subjects in four runs.

The third block (post-SES block for SES Group). The exper-
imental paradigm of each trial in the third block was identical
to the first block. Participants performed four runs of MI tasks
with 40 trials at each side.

During the experiment, participants were instructed to sit
in a relaxed position in front of the screen, with their elbows
flexed at 90° and their hands supinated in a comfortable position
under the table. The display was placed horizontally to the
table with a 15-degree slant (Fig. 1(a)) to guarantee that the
participant’s hands and the observed hands were anatomically
and perceptually identical. During task period, the participants
were required to restrict their movements, such as blinking or
swallowing, which may produce artifacts.

D. Time–Frequency Analysis

EEG signals were firstly band-pass filtered into 1 to 100 Hz,
then down sampled to 250 Hz. Noisy channels (detected by
visual inspection) were substituted by the mean of the orthogonal
neighboring channels [21]. Independent component analysis
(ICA) was then used to filter out ocular and electromyogram
artifacts from the EEG signals. The rank-deficiency problem
was accounted by reducing the number of ICs. Spherical spline
Laplacian, also referred to as current source density (CSD), was
then applied to transform EEG signals into estimates of radial
current flow at scalp. This was done according to Perrin et al.’s
method [26], as implemented in the CSD toolbox [27]. After
that, the artifacts on the EEG signals were manually removed
by using EEGLab toolbox [28]. Trials contaminated by artefacts
were marked as artifactual and then discarded in analysis. In each
block, at least 36 trials for both the LH MI task and the RH MI
task were reserved for further analysis.

In order to evaluate the effect of SES training on brain activity,
we compared event-related spectral perturbation (ERSP) among
three blocks in both SES group and control group. ERSP has
been widely used to describe power changes of EEG signals
in time-frequency domain. In a defined frequency band, the
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increase or decrease of power relative to baseline can be rep-
resented in the form of ERS or ERD. The calculation formula
of ERSP for n trials was defined as follow:

ERSP (f, t) =
1

n

n∑

k=1

Fk(f, t)
2 (1)

where Fk (f, t) represents the spectral estimation of kth trial at
frequency f and time t. The short-time Fourier transform (STFT)
with Hanning-tapered window from EEGLab was applied to
compute the ERSP (dB). The baseline period was set between
0.2 and 1 second before the appearance of model hands (from -1
to -0.2 s). The ERSP values were then normalized by subtracting
the mean power during baseline period.

The ERSP analysis were carried out by extracting the power
changes for time period from -2 to 8 s and frequency bands
of 3–35 Hz. This frequency band of interest overlapped with
sensorimotor rhythms. The values of ERSP at contralateral key
channel (i.e., C4 for LH task and C3 for RH task) were analyzed
for each task. In order to quantify the ERD patterns, the relative
ERD values were calculated as the average power spectrum at
baseline subtracted from average power spectrum during the task
period and divided by the average baseline power spectrum.
A statistical analysis was performed to evaluate the effect of
MI+st-SES based training on the relative ERD values in two
frequency bands separately (alpha: 8–13 Hz, beta: 14–30 Hz).

For topographical analysis, the ERSP values of each electrode
were averaged across task period and across alpha and beta fre-
quency bands to obtain spatial distribution of cortex activation.
The cluster-based permutation test was used to compare the
topographical patterns between the first and third blocks in each
group. The threshold used to determine significance electrode
clusters was set to 0.05 (p < 0.05). In order to identify possi-
ble anatomical regions of significant topographical differences
between pre-training block and post-training block, the ERSP
differences obtained in sensor space were projected to source
space. First, a boundary element head model was created based
on the Montreal Neurological Institute (MNI) brain template,
and EEG channels were overlaid onto the scalp surface of this
head model. The cortical mesh surface obtained from the MNI
template had 20173 voxels and was then used to construct a
source model. After that, leadfield matrix was calculated based
on the head model and source model. Exact low resolution brain
electromagnetic tomography (eLORETA) was used to generate
the spatial filter to correlate scalp-level and source-level activity.
This spatial filter was then used to project ERSP differences of
significant electrode clusters to the source space.

Furthermore, we calculated coefficient of determination r2 to
evaluate the differences of EEG signal spectra between LH and
RH tasks for each block. The r2 value can be between 0 and 1,
with r2 value close to 1 indicating a good discrimination of both
MI tasks and r2 value close to 0 indicating that the MI tasks can be
distinguished very scarcely [29]. Here, r2 value of each channel
was calculated in the frequency band of [8, 30] Hz and timing
interval of [3, 7] s for each subject. In each channel, subjects with
the r2 values more than three scaled median absolute deviations
(MAD) away from the median were considered outliers and were

excluded from calculation of the mean r2 values. The function
isoutlier.m in Matlab R2020 (The MathWorks, Inc., Natick,
Massachusetts, United States) was applied to detect outliers.

E. Feature Extraction and Classification

Prior to the feature extraction, raw EEG data were band-pass
filtered between 8 and 30 Hz and down sampled to 250 Hz.
Then, the trials were epoched within the task period from 3 to
7s. After that, the common spatial pattern (CSP) algorithm was
applied to extract EEG features. The CSP is a supervised method
that maximizes the variance difference between two classes to
extract discriminative spatial features from EEG. The first and
last four log variance features were chosen as feature vectors.
These features were then used to train a linear support vector
machine (SVM) classifier to discriminate LH MI task from RH
MI task, with the regularization parameter C of classifier set
to the default value of 1. The performance of classifier was
evaluated through 10 × 10-fold cross-validation method for
each block. The 80 trials in each block were randomly divided
into forty sets, with each set including a LH MI sample and a
RH MI sample. At each round of 10-fold cross validation, forty
sets were randomly decomposed into ten equally sized distinct
partitions. At each fold, one partition was used for testing and
the remaining partitions were used to train the classifier. This
resulted in 10 different accuracies, which were then averaged.
In order to avoid possible severe overfitting, CSP filters were
calculated repeatedly on the training set within each fold [30].
The same round was repeated 10 times and the final classification
performance of each subject was evaluated with the average of
all round classification accuracies. Note that the real chance level
depends on the classifier and the number of trials. According to
the recommendation of Müller-Putz et al., the chance level of
accuracy was set as 0.60 [31].

F. Functional Connectivity Analysis

To understand the impact of MI+st-SES training at brain
network level, weighted pairwise phase consistency (wPPC) was
used to compute functional connectivity between brain areas.
wPPC is a method to estimate the consistency of phase angles
between trial pairs and it is independent of the number of trials,
making it unbiased even the trial pool is small [32]. Due to the
high-pass filtering may introduce dependencies among neigh-
boring data samples, it is not used for connectivity analysis. Prior
to the wPPC calculation, raw EEG were low-pass filtered below
100 Hz. The data trends were then remove by piecewise-linearly
detrending using a 330 ms window every 82.5 ms. As described
in the time-frequency analysis section, the pre-processing for
functional connectivity analysis also included artifacts removal
via visual inspection, ICA and surface Laplacian, etc.

EEG data of 30 channels, including F line channels (F1∼F6),
FC line channels (FC1∼FC6), C line channels (C1∼C6), CP
line channels (CP1∼CP6) and P line channels (P1∼P6), were
selected to construct wPPC functional network. These 30 chan-
nels are overlying motor related cortical areas. The wPPC was
then calculated using the function ft_connectivity_ppc.m imple-
mented in the Fieldtrip toolbox [33]. The larger the wPPC value,



760 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 70, NO. 2, FEBRUARY 2023

Fig. 2. Time-frequency analysis of contralateral key channel in the SES group and the control group. (a) Grand averaged time-frequency maps
of ERSP values for the three blocks in the SES group. The period [3, 7] s indicates the MI tasks. The time window [0, 2] s corresponds to prepare
phase and period [2, 3] s corresponds to cue phase. (b) Averaged ERD values over contralateral sensorimotor cortex in the SES group. The ERD
values were averaged in the time segment of [3, 7] s and in the frequency band of alpha (8–13 Hz) and beta (14–30 Hz). (c) Grand averaged
time-frequency maps of ERSP values for the three blocks in the control group. (d) Averaged ERD values over contralateral sensorimotor cortex in
the control group. Error bars represent the standard deviation. ‘∗∗’ indicates p < 0.01.

the greater the phase consistency between channels. Here, wPPC
values were calculated from EEG data within task period of [3,
7] s. After that, the wPPC values in each paired channels were
normalized by subtracting the mean wPPC value of baseline
period [-1, -0.2] s and divided by the standard deviation of wPPC
value during baseline period. Then, the statistical significance
of non-zero wPPC values was determined using a permutation
test based on the t-statistic (5000 permutations). The maximum
statistic test was applied to correct for multiple comparisons and
the statistical threshold was set at 0.05. Functional connectivity
analysis was performed across all subjects in the pre-SES and
the post-SES blocks respectively.

G. Statistical Analysis

Furthermore, relative ERD values and classification accura-
cies were analyzed using mixed design 2 × 3 ANOVA with
group (SES group, control group) as a between-subjects fac-
tor and block (first block, second block and third block) as a
within-subjects factor. A significant interaction was followed
up by simple effects tests of block for each group to test for
significant changes in performance over blocks. Bonferroni cor-
rection based on multiple comparisons was used for post-hoc
tests when the simple effects of block were determined to be
significant.

III. RESULTS

A. Task-Related Desynchronization

As shown in Fig. 2(a) and (c), a clear ERD was observed in
alpha and beta rhythms for all three experiment blocks during MI

task period in both groups. The ERD was stronger during SES
training block compared to the initial block in the SES group.
Moreover, the MI+st-SES based training seems to be able to
improve subjects’ MI performance, demonstrated by stronger
ERD in the third block (post-SES) than the first block (pre-SES)
in SES group. However, this difference is not observed in the
control group.

Furthermore, a 2 × 3 (group × block) mixed design ANOVA
revealed a significant group by block interaction for relative
ERD values in alpha rhythm, regardless of LH (F(2,56) = 6.44,
p<0.01) or RH tasks (F(2,56) = 3.7, p = 0.031). Tests of simple
effects revealed that relative ERD values in alpha rhythm were
significantly different among three blocks in the SES group for
both LH (F(2,27) = 9.98, p<0.01) and RH tasks (F(2,27) =
10.43, p<0.01). Bonferroni post-hoc tests for alpha rhythm high-
lighted that the relative ERD values were significantly smaller
in post-SES block compared with pre-SES block in both LH
(p<0.01) and RH tasks (p<0.01) (Fig. 2(b)). In addition, relative
ERD values were also significantly smaller in SES training block
than in pre-SES block during the LH (p<0.01) and RH (p<0.01)
tasks. No significant changes were observed in the relative ERD
values of alpha band between SES training block and post-SES
block. In the control group, tests of simple effects indicated that
there was no significant change in relative ERD values of alpha
band, regardless of LH (F(2,27) = 0.65, p = 0.533) or RH tasks
(F(2,27) = 0.5, p = 0.612) (Fig. 2(d)). For relative ERD values
in beta rhythm, a 2 × 3 (group × block) mixed design ANOVA
revealed no significant interaction between group and block in
both LH (F(2,56) = 2.97, p = 0.059) and RH tasks (F(2,56)
= 2.69, p = 0.077). In addition, there was no significant main
effect of group (LH: F(1,28) = 0.48, p = 0.494; RH: F(1,28)
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Fig. 3. Comparison of topographical activation patterns between pre-
SES block and post-SES block. (a) Averaged spatial distributions of
ERSP values in the left-hand MI tasks. (b) Averaged spatial distributions
of ERSP values in the right-hand MI tasks. The depicted ERSP values
are averaged in the time segment of [3, 7] s and in the frequency band of
alpha (8–13 Hz) and beta (14–30 Hz). The pre-SES vs. post-SES maps
show the significant ERSP differences between pre-SES and post-SES
blocks.

= 0.36, p = 0.552) or block (LH: F(2,56) = 2.84, p = 0.067;
RH:F(2,56) = 1.58, p = 0.216) on relative ERD values of beta
band. The unpaired t-test confirmed that there was no significant
difference in relative ERD values in the first block between the
SES group and the control group, regardless of LH (alpha: t(28)
= 0.28, p = 0.783; beta: t(28) = 0.41, p = 0.683) or RH tasks
(alpha: t(28) = -0.3, p = 0.766; beta: t(28) = 0.33, p = 0.743).

The topographical distribution maps for pre-SES and post-
SES blocks in SES group are presented in Fig. 3. For the
LH tasks, the ERD was more pronounced on the right hemi-
sphere in both alpha and beta rhythms. Whereas, for the RH
tasks, the ERD was stronger on the left hemisphere. In al-
pha rhythm, the statistical analysis showed that the ERD pat-
tern in bilateral sensorimotor cortex was significantly stronger
in the post-SES block compared to the pre-SES block. In
beta rhythm, the topographical differences mainly appeared
in the contralateral sensorimotor cortex and ERD pattern was
stronger in the post-SES block compared to the pre-SES
block. No significant topographical difference was found be-
tween the ERD patterns of the first and the third blocks in
the control group, no matter which tasks (LH or RH) were
performed.

The source-localized maps of the SES group showed that the
significant differences of ERD pattern in alpha rhythm during
LH MI tasks were related to neural activity changes of several
brain regions, including bilateral primary motor cortex (M1),
bilateral primary somatosensory cortex (S1) and bilateral pre-
motor cortex (PMC) (Fig. 4(a)). Besides the above regions, the
st-SES application during the RH MI tasks also influenced the
left somatosensory association cortex and bilateral dorsolateral

Fig. 4. Source-localized brain maps of significant topographical dif-
ferences between pre-SES and post-SES blocks. (a) Source-localized
brain maps in left-hand MI tasks. (b) Source-localized brain maps in
right-hand MI tasks.

Fig. 5. Grand-averaged topography of r2 values across different blocks
and groups.

prefrontal cortex (DLPFC) (Fig. 4(b)). On the contrary, ERD in
beta band during LH tasks was pronounced in right M1, right
S1, right PMC and left DLPFC, and ERD in beta band during
RH tasks was significantly increased in left M1, left S1, left
PMC, left somatosensory association cortex and left DLPFC
regions.

Fig. 5 shows the spatial distribution of averaged r2 values
across different blocks and groups. For each block, no more
than four extreme outliers were excluded from each channel. The
topographies of the r2 values revealed the difference in discrim-
inative information distribution across experimental blocks. For
the SES group, the r2 values of post-SES block were greater than
those of pre-SES block. Moreover, the increase in r2 values for
post-SES block was mostly focused in the vicinity of channels
C3 and C4, implying that sensorimotor cortex was modulated
by the MI+st-SES training. For the control group, the r2 values
of the third block did not show consistent changes in both
hemispheres compared to the first block.



762 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 70, NO. 2, FEBRUARY 2023

Fig. 6. The classification accuracies for three blocks in SES Group
and Control Group. Error bars represent standard error of mean. ‘∗∗’
indicates p < 0.01.

B. Classification Accuracy

The accuracy of SVM classifier in different experimental
blocks are presented in Fig. 6. The classification accuracies
above chance level (60%) indicated the ability of distinguish-
ing MI patterns between LH and RH tasks. For classification
accuracies, a 2 × 3 (group × block) mixed design ANOVA
revealed a significant group by block interaction (F(2,56) =
3.32, p = 0.044). Simple effects analysis found that there was
a significant difference in accuracy among the three blocks
in SES group (F(2,27) = 6.46, p<0.01). Bonferroni post-hoc
comparison showed the average accuracy of post-SES block
was significantly improved after the MI+st-SES training com-
pared with the accuracy of pre-SES block (75.68±11.06% vs.
68.25±13.66%, p<0.01, Fig. 6). The average accuracy of SES
training block was higher than that of pre-SES block, yet this dif-
ference was not significant (71.66±14.63% vs. 68.25±13.66%,
p = 0.455). In addition, no significant difference in accuracy
was found between SES training block and post-SES block
(p = 0.289). For control group, tests of simple effects re-
vealed that there was no significant difference in the clas-
sification accuracy among the three block (71.69±10.978%,
72.58±13.27% and 71.18±13.21% for the three blocks, respec-
tively, F(2,27) = 0.18, p = 0.84). The unpaired t-test did not
find significant difference in average accuracy in the first block
between the SES group and the control group (t(28) =−0.76, p
= 0.453).

C. Functional Connectivity Results

At the brain network level, functional connectivity alterations
between MI and resting state could be observed in both pre-
SES and post-SES blocks (Fig. 7). These network connectivity
changes involved both intra-hemispheric and inter-hemispheric
interactions. In the alpha rhythm, the lateralization of the net-
work could be clearly observed in the contralateral hemisphere
when the subjects performed the MI tasks. Additionally, the
number of functional connections in post-SES block was much
higher than that in pre-SES block. Notably, we detected sig-
nificant decrements of phase consistency at alpha band during
the MI state compared to the resting state. For the beta rhythm,
there was no significant difference in the functional connectivity
between MI and resting state.

Fig. 7. Statistical contrast maps of functional connectivity between
motor imagery and resting states in pre-SES and post-SES blocks. The
line in maps represents the significant connectivity.

IV. DISCUSSION

In the present study, we investigate the effect of a training
strategy for MI performance improvement based on MI and st-
SES. The results showed that combining MI with st-SES can
enhance neural response patterns during MI tasks and improve
the accuracy of classifier.

A. Enhancement of Neural Activation

Previous studies have demonstrated that somatosensory stim-
ulation during MI increases sensorimotor cortical activation
intensity [21], [22]. The results of this study further validated that
the motor-related cortical excitability was consistently improved
following MI+st-SES training intervention. As demonstrated
in time-frequency analysis, alpha and beta desynchronization
in the contralateral sensorimotor cortex was similar among
three blocks in control group. By contrast, the ERD patterns
of alpha and beta rhythm were larger in the post-SES block
compared with the pre-SES block in the SES group. Specially,
desynchronization in alpha rhythm was significantly larger after
MI+st-SES training, even though st-SES was not provided in
the post-SES block. Therefore, the enhancement of ERD in
the post-SES block can only be explained by the MI+st-SES
training, not by subjects’ increased proficiency on the tasks over
time of participation. Additionally, in order to reduce the effect
of somatosensory stimulation itself on the sensorimotor cortex,
st-SES was used as a training tool to improve MI performance in
this study. Previous researches have showed that st-SES alone
does not induce detectable ERD over the sensorimotor cortex
[21], [22]. Thus, the changes in the brain patterns detected
after MI+st-SES training were due to an improvement in MI
performance rather than a carry-over effect of st-SES itself.

The enhancement of ERD patterns in SES training block
could be explained by the fact that the kinesthesia illusion
evoked by st-SES strengthened proprioceptive afference related
to MI tasks [34]. Recent evidence has shown that proprioceptive
afference may play an important role in the formation of body
representation and the improvement of neural activation [21].
Thus, by providing proprioceptive afference, st-SES may help
to promote the activation of sensorimotor cortex during MI. In
addition, we also observed an improvement of ERD patterns in
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post-SES block, even though st-SES is no longer present. One
possible interpretation of this result is that the memory related to
somatosensory sensations may still be preserved after the st-SES
intervention. Indeed, proprioceptive afference contributes to the
recall of motor memory, and the recruited motor memory is
beneficial to the maintenance of prior sensory information [35].
This could explain the similar ERD patterns we observed in SES
training and post-SES blocks.

Another potential reason for improvement of ERD patterns
in SES training block is neuroplasticity changes caused by
the MI combined with st-SES. Indeed, Stefan et al. have
shown that conjoint activities of motor cortical circuits and
somatosensory afferents could induce the changes in motor
cortical excitability [36]. Takahashi et al. have also suggested
that the combination of MI and electrical stimulation increases
corticospinal excitability [37]. Thus, the combination of in-
trinsic sensorimotor cortical activity during MI and ascending
sensory pathway activation produced by st-SES may induce
long-term potentiation in somatosensory cortex. According to
these findings, the enhancement of motor-related cortical ex-
citability in post-SES block may also be interpreted as the
neuroplasticity changes caused by MI+st-SES based training
intervention.

In the statistical analysis of relative ERD values, it was shown
that there was a significant interaction between group and block
on the ERD patterns only in the alpha band, but not in the
beta band. Although, a reduction in oscillatory power in both
alpha and beta bands corresponds to the disinhibition of the
sensorimotor cortex, alpha and beta rhythms may play distinct
roles during MI. The modulation of alpha band power reflects
general activation of motor systems with a widespread cortical
distribution, whereas beta band is associated with coherence
between the sensorimotor cortex and muscles [38], [39]. In the
present study, since st-SES was only applied to participants
during the SES training block, cortical-peripheral communica-
tion may not have changed significantly across three blocks.
Therefore, no significant group by block interaction be found in
ERD patterns of beta band. Nonetheless, there was a trend for
larger beta band ERD in the post-SES block compared with the
pre-SES block. It would be interesting to investigate changes
in corticospinal excitability following MI+st-SES training in
future studies.

The topographical distributions analysis showed that bilateral
ERD patterns in alpha band were greater in the post-SES block
than in the pre-SES block. However, the sensorimotor cortical
ERD differences between pre-SES and post-SES blocks in the
beta band were only identified in the contralateral hemisphere.
These results are consistent with the previously mentioned in-
terpretation that alpha and beta rhythms may play different roles
during MI. In contrast to the relatively widespread desynchro-
nization of alpha rhythm in sensorimotor related regions, the
beta rhythm modulation is more restricted to the corresponding
somatotopic representation areas [40]. Notably, the left DLPFC
was more activated in the post-SES block during both left- and
right-hand MI. Indeed, Foerster et al. have shown that transcra-
nial direct current stimulation over left DLPFC can increase the
neuroplastic effects of motor imagery on motor learning [41].

Therefore, the increased cortical activation may be an indirect
reflection of the enhanced MI performance.

B. Improvement of Classification Performance

The classification accuracy is critical in guaranteeing the
effective application of BCI. Therefore, many studies have been
devoted to improving the classification performance of MI-BCI.
Zhang et al. showed that alpha frequency electrical stimulation
is an effective training strategy to enhance MI-BCI performance
by regulating the mu-rhythm [23]. Unlike Zhang et al., who
used electrical stimulation on the contralateral hand relative to
the imagined hand to modulate the pattern of mu-rhythm power,
we applied st-SES to the subject’s corresponding imagined hand
to guide subject during MI. Moreover, we set the frequency of
st-SES to 40 Hz in this study to prevent the interference from
the carry-over effect of st-SES on subsequent neural response
analysis.

In the current study, the classification accuracy was improved
by 7.4% after the MI+st-SES training in the SES group. In
contrast, there was no significant difference in classification
performance between the first and third blocks in the control
group. The superior classification accuracy obtained in post-SES
block might be attributed to the greater differences in brain
activation patterns of MI tasks induced by training intervention
based on st-SES and MI. This interpretation is consistent with
the results that the r2 values over the sensorimotor areas were
larger in post-SES block than in pre-SES block. The difference
in r2 values indicated that the electrophysiological features of
different MI tasks in the post-SES block could be more easily dis-
tinguished, which was beneficial to classification performance.
However, we also observed that the decoding accuracy of SES
training block was not significantly higher than that of pre-SES
block. This finding is inconsistent with previous studies in which
the MI-BCI performance can be improved by guidance modality
based on sensory stimulation [20], [21]. The deviation of the
results may be due to the difference in the neural patterns utilized
to train the BCI classifier. Previous studies built classifiers to
discriminate MI from resting state, whereas the classifiers in
this work were trained to distinguish between the left-hand MI
and right-hand MI. Indeed, Vidaurre et al. also demonstrated
that sensory stimulation guidance have no significant effect on
the performance of a classifier used to distinguish between left-
and right-hand MI tasks [22].

C. Decrements of Functional Connectivity

Functional connectivity reflects synchronized brain activity,
allowing us to investigate the neural mechanisms involved in
brain task-processing. The functional connectivity across elec-
trodes has been suggested as a marker for communication be-
tween distant neuronal populations. At the beginning of this
study, we expected the frontal-parietal connectivity during MI
to be increased compared to that during resting period. However,
the phase consistency across electrodes was significantly re-
duced during MI period compared with resting period, especially
in the alpha band in the contralateral frontal-parietal network.
The possible explanation of these results is that the decrements



764 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 70, NO. 2, FEBRUARY 2023

of phase consistency might be associated with the cognitive load
required in MI. Indeed, Leeuwis et al. found that functional con-
nectivity during resting state is greater than that during MI [42].
Mylonas et al. demonstrated that phase consistency decrements
at the alpha band are connected to sensorimotor integration and
contribute to the improvement of motor performance [43]. More-
over, the results of this study showed that the number of alpha
decoupling connectivity in post-SES block was more than that
in pre-SES block. Therefore, our findings suggest that decreased
phase consistency may facilitate the completion of MI tasks.

D. Limitations of Current Study

Some limitations of current study need to be mentioned.
First, this study was conducted on healthy subjects. In further
research, some stroke patients should be recruited to verify the
generality of training based on MI+st-SES. In particular, some
post-stroke patients suffer from somatosensory disorders, which
may affect the effectiveness of training strategy [44]. Second,
the effect of st-SES frequency was not investigated in this study.
The sensations produced by the st-SES may vary depending
on the stimulation frequency. Thus, further research is required
to determine a more appropriate stimulation parameter. Third,
only the short-term training effect was evaluated in this study.
Motor-related brain patterns may be affected by the subjects’
proficiency in performing MI tasks. Thus, the long-term training
effect should be explored in future studies.

V. CONCLUSION

In this study, a training strategy combining MI and st-SES
was proposed to improve the performance of MI. Our findings
demonstrated that both ERD patterns and the accuracy of SVM
classifiers were significantly improved following the training
based on MI+st-SES. We also found that phase consistency
in the frontal-parietal network decreased during MI compared
to rest, and this reduction may be beneficial for performance
of MI tasks. Therefore, the proposed training strategy based
on MI+st-SES might be promising to optimize subject training
manner and improve MI performance.
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