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BCI Monitor Enhances Electroencephalographic
and Cerebral Hemodynamic Activations
During Motor Training

Zhongpeng Wang", Yijie Zhou
Hongzhi Qi

Abstract—Motor imagery-based brain-computer inter-
face (MI-BCI) controlling functional electrical stimula-
tion (FES) is promising for disabled patients to restore
their motor functions. However, it remains unclear how
much the BCI part can contribute to the functional cou-
pling between the brain and muscle. Specifically, whether
it can enhance the cerebral activation for motor train-
ing? Here, we investigate the electroencephalographic and
cerebral hemodynamic responses for MI-BCI-FES training
and MI-FES training, respectively. Twelve healthy subjects
were recruited in the motor training study when concur-
rent electroencephalography (EEG) and functional near-
infrared spectroscopy (fNIRS) were recorded. Compared
with the MI-FES training conditions, the MI-BCI-FES could
induce significantly stronger event-related desynchroniza-
tion (ERD) and blood oxygen response, which demonstrates
that BCI indeed plays a functional role in the closed-loop
motor training. Therefore, this paper verifies the feasibility
of using BCI to train motor functions in a closed-loop
manner.

Index Terms— Brain-computer interfaces, motor training,
functional electrical stimulation, blood oxygen response,
event-related desynchronization.

I. INTRODUCTION

RAIN-COMPUTER interfaces (BCIs) provide users with
a direct communication pathway between the brain and
the outward environment, which are a promising approach for
disabled patients to replace or rehabilitate their motor func-
tions [1]. Specifically, motor imagery-based BCI (MI-BCI)
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detects the body movement intents and transfer them into
command orders to control outside devices [2], [3]. Recent
studies have shown that MI-BCI linked with functional electric
stimulation (FES) or assistive devices could couple the activ-
ities between the brain and muscle, thereby improving motor
training performance and even restoring the stroke patient’s
motor ability [4].

To our knowledge, MI could bring about similar neural
activations in sensorimotor cortical areas with real movement,
which could affect motor learning ability and functional
neuroplasticity [5]. Nakayashiki et al. [6] demonstrated both
MI training and real motor execution training could activate
specific motor areas and improve the behavior performance.
Additionally, MI combined assistive device could further
enhance brain activity patterns by reconstructing functional
pathway for the affected limb [7]. Qiu et al. [8] also proposed
a FES induced lower limb movement pattern and quantitatively
demonstrated its S band event-related desynchronization/ syn-
chronization (ERD/ERS) patterns were similar to active move-
ment. Compared to the baseline before training, patients with
stroke showed significant differences in sensorimotor cortex
after several sessions of MI based BCI-FES training [9], [10].
After MI-BCI training, patients with spinal cord injury (SCI)
had a comparable cortical activation in the motor area with
the healthy people [11].

To evaluate the brain functional activation, multichannel
functional near-infrared spectroscopy (fNIRS) and EEG have
been widely used in the neuroscience community [12]-[15].
As non-invasive brain imaging techniques, the two methods
could be easily combined and have the advantage of com-
plementing to each other with different brain signal pat-
terns [16]-[20]. Therefore, as a novel supplement of the
conventional EEG signals, the fNIRS could be quantified
by the oxygenated and deoxygenated hemoglobin ([oxy-Hb]/
[deoxy-Hb] or HbO/HbR) [21], [22]. Fazli et al. [12] have pre-
liminarily demonstrated the feasibility of a hybrid NIRS-EEG
approach to enhance BCI performance .

Previous studies also showed a novel method to simul-
taneously acquire the fNIRS and EEG signals from the
sensorimotor area [12], [23]. V. Kaiser et al. demon-
strated BCI based motor neurofeedback training for several
sessions could change brain network patterns and signifi-
cantly enhance the motor cortical excitability. These effects
could be effectively quantified by multiband ERD patterns
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in EEG and hemodynamic responds in fNIRS [23], [24].
Biasiucci et al. [9] proposed a BCl-actuated FES training
approach eliciting remarkable effects of lasting arm motor
recovery after stroke. However, it still short of comprehensive
investigation to evaluate how much the BCI part can contribute
to the functional coupling between the brain and muscle during
motor training [25]. The correlations between the EEG and
fNIRS features for BCI based motor training have not been
quantitatively discussed a lot.

This work aims to evaluate the effects of BCI based motor
training and how the cortical activations of sensorimotor
cortex changes over different motor training conditions. To this
end, a scalp EEG and fNIRS based experimental paradigm
was conducted. It contained four different training conditions
(i.e. MI-BCI-FES, MI-FES, MI and FES). The results of
twelve healthy participants showed the MI-BCI combined
FES could induce significantly stronger cortical activations
than others according to the overall ERD patterns of EEG
and the hemodynamic responses of fNIRS. Additionally, there
were significant correlations between the ERD patterns and
hemodynamic responses. These results could quantitatively
evaluate electroencephalographic and cerebral hemodynamic
activations and verify the feasibility of closed-loop BCI mon-
itor during motor neurofeedback training.

Il. METHODS
A. Participants

Twelve right-handed healthy volunteers (five females, mean
age 21.5 = 1.5, range 20 to 25 years old) participated in
this study. All participants stated that they have no history of
neurological or psychiatric disorders. The experimental proce-
dure was clearly explained to each participant and a written
informed consent was also obtained before data recording.
This study was approved by the ethical committee of Tianjin
University before the experiments.

B. Design of the Experimental Paradigm

To probe the effects of BCI monitor during motor training,
ten sessions in total were conducted, including two calibration
sessions, and two sessions for each motor training conditions
(MI-BCI-FES, MI-FES, MI and FES). The interval between
these different training conditions were 1-3 days. In each
session, participants were seated comfortably in an armchair
in front of a 27-inch screen with 1 meter distance. The first
two sessions were used to calibrate the BCI system and get
the participants familiar with MI. After that, the four different
training conditions were conducted in a random order.

Fig. 1(a) illustrates the experimental paradigm for cal-
ibration sessions. The participants were asked to imagine
kinesthetic grasping movement of the right hand (RH MI) or
keep relaxed. Each session consisted of 40 trials (20 for RH
MI, 20 for Relax). One trial lasted 5 s. At the beginning of
a trial, a white circle appeared in the middle of the screen
and stayed for the preparation of the trial. After 1s, a cue in
the form of a white cross with or without arrow appeared for
4 s, indicating the participants should perform RH MI or keep
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Fig. 1. Experimental paradigm. (a) The calibration trial structure. Each
trial started with a white circle, followed by a white cross with or without
arrow appeared for 4 s. The arrow cued the participants to perform the
indicated task for 4 s. (b) Trial structure for four tasks. At the beginning
of each session, ‘Relax’ indicated a 30 s relaxation for the baseline.
Each trial started with a white circle, followed by a white cross with arrow
appeared for 4 s. ‘Rest’ indicates an 8~10 s random rest before the
next trial. (c) FES started 0 second to 2.5 second as one FES feedback.
Sl indicates stimulation intensity individually determined.

relaxed as long as the fixation cross was on the screen. Then
the fixation cross disappeared and the screen became blank for
a random interval between 3 and 4 s. Participants were asked
to avoid electromyogram artifacts by restricting movements
like eye blinking or swallowing during the task period.

The two calibration sessions’ EEG data (40 trials of Relax
and 40 trials of MI) in the epoch from 0.5 to 3.5 s after task cue
onset were extracted and used to construct the common spatial
pattern (CSP) and a radial basis function (RBF) kernel support
vector machine (SVM) classifier, which had been proved with
a relatively high classification performance using the LIBSVM
toolbox [26]. Fig. 1(b) illustrates the experimental paradigm
for task sessions of the four different conditions, in which
the participants were given different feedback. Each session
consisted of 20 trials. And each trial lasted 5 s. At the
beginning of each trial, a white circle appeared in the middle
of the screen and stayed for preparation of the trial. After 1s,
a task cue in the form of a white cross with arrow appeared
for 4 s. Then the cue cross disappeared and the screen became
blank for a random time interval between 8 and 10 s.

For the MI-BCI-FES sessions, the participants were asked
to imagine kinesthetic grasping movement of the right hand
as they did in the calibration sessions. The FES would be
triggered to realize the hand grasping movement if the BCI
classifier recognized a motor imagery of right hand during
the task period of each trial. The FES was performed using
VitalStim therapy (Chattanooga Group, TN, USA), which
could deliver a constant current. The stimulation waveform
was 30 Hz with a series of 300us biphasic pulses. The FES
parameters and electrodes were setup as shown in Fig. 1(c)
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Fig. 2. 15 electrodes positions (shaded in blue dots) were used for EEG
recording. The red triangles denote the source probes, the green squares
denote the detectors probes, and the gray dashed lines denote the fNIRS
optical channels for continuous 12-channel hemodynamic responses
recording. The standard FES electrodes were about 10cm apart placed
at the right wrist and middle position of the forearm.

and Fig. 2. The MI-FES sessions had the same paradigm
with MI-BCI-FES sessions but had no BCI controls. FES
feedback was applied randomly in MI period. For MI sessions,
the participants were asked to imagine kinesthetic grasping
movement of the right hand like the calibration sessions. There
was no BCI control and FES feedback. For FES sessions, the
participants were asked to relax. A FES feedback was applied
randomly during the task period of each trial.

C. EEG Recording and Processing

EEG data were acquired by a SynAmps2 system (Neu-
roscan, Australia) with standard Ag/AgCl electrodes placed
on the scalp according to the international 10/20 system. For
the EEG based BCI control, 15 selected electrodes (labeling
F3, FZ, F4, FC3, FC4, C5, C3, CZ, C4, C6, CP3, CP4, P3,
PZ, P4 as shown in Fig. 2) were mounted in both horizontal
and vertical directions covering the sensorimotor cortex. The
reference electrode was placed on the nose and the ground
electrode was placed on the forehead. EEG signals were
band-pass filtered between 0.5 and 100 Hz and sampled at
1000 Hz. A notch filter with 50 Hz was used during the
data acquisition. For the preprocessing, the EEG raw data
were downsampled at 200 Hz, then processed by the common
average reference (CAR).

The averaged event-related power changes in a
time-frequency domain could be visualized by the
event-related spectral perturbation (ERSP), which provides
detailed information for ERD/ERS patterns of different tasks.
An ERSP of n trials was calculated according to equation
defined as follows:

n

1
ERSP(f,1) = = > (F(£,1)°) ()
k=1
where Fi(f,t) indicates the spectral estimation at frequency
fand timetfor the kth trial. The ERSP (dB) was com-
puted through short-time Fourier transform (STFT) with

a 256 points Hanning-tapered window from EEGLAB [26].

For the baseline-normalized ERSP, the mean power changes
in a baseline period (the 1 s epoch before task cue) were
subtracted from each spectral estimation. In this work, the
ERSP from two key electrodes C3 and C4 were displayed from
—1 to 6 s between 5 and 35 Hz. Additionally, we calculated
the absolute a —ERD (8-13 Hz) and f—ERD (14-29 Hz) of all
EEG channels with its topographical distributions according to
the method of baseline-normalized ERSP, which could indicate
the cortical electrophysiological activations.

Moreover, to quantitatively investigate the ERD patterns for
different motor training conditions, we calculated the relative
ERD power (RPprp) across all participants using the P,
according to equation defined as follows [7]:

1
Prejax = Z Py, (2)
Trelax €T otan
1
Pisk = T Py, (3)
task € ok
Piask — P,
RPrrp = task relax % 100 (4)

Prelax

where Pyejqx and Pr,gr are the average power spectra during
the rest period (7yeiqx) and the task period (Tyusk). RPERD
was averaged across trials within a participant. The salient
o—ERD (8-13 Hz) and wide f—ERD (14-29 Hz) were also
selected respectively. The relative o/ —ERD power of each
single participant were also proposed to indicate the relatively
consistent trend across all participants.

D. fNIRS Recording and Processing

A multi-channel oxygenation monitor (NirScan, Danyang
Huichuang Medical Equipment Co. Ltd.) was used to record
the hemodynamic responses of the participants over the four
different training conditions. The probes were positioned over
left sensorimotor cortex area (SMA) as shown in Fig. 2.
The distance between sources and detectors was 3 cm. The
sampling rate was set to 20 Hz.

The anti-correlation between [oxy-Hb] and [deoxy-Hb]
based method was utilized to evaluate and improve the fNIRS
raw data quality [27]. The oxy- and deoxy-Hb are negatively
correlated when noise level is low. When noise level increases,
their correlation becomes more and more positive. Assume
the measured signal has four components: Let x, y, xo and yg
be measured [oxy-Hb], [deoxy-Hb], true [oxy-Hb], and true
[deoxy-Hb], then

x = xo0 + pF + Noise
y = yo + F + Noise 5

where F is noise which has identical effects on [oxy-Hb]
and [deoxy-Hb] to a positive constant factor p. The “Noise”
term in the equation is usually high frequency white noise
introduced by the fNIRS device. The goal is to find x¢ and yg
subject to two assumptions: 1) xo and yo should be maximally
negatively correlated (close to —1). 2) xo and F should be
minimally correlated (close to 0). Assume assumption 1) is
satisfied, we can express the relationship between



xo and yg as

X0 = —¢Yo (6)

where ¢ is a free parameter accounting for the amplitude
difference between [oxy-Hb] and [deoxy-Hb]. By inserting
eq.(6) to eq. (5), then

F=x+qy)/(p+q)
xo =qx—py)/(p+q) @)

Then we apply the second assumption that F' and xo should
be minimally correlated. If we set the correlation between
Fand xgto zero, then we get

D+ @—p) D xy—pg D,y =0 ®)
t t t

The assumption is justified by the fact that the resultant
method is efficient at removing head motion induced noise.
With p = ¢, Thus we reach a very simple result,

x0 = (x — py)/2
Yo = —xo/p Q)

where pis the ratio of the standard deviation of measured
[oxy-Hb] and [deoxy-Hb] signal. We used a window of 100 s
to calculate pcoefficient. According to this principle, none
or not more than two bad-channels data was removed over
all participants. And then during the preprocessing, the raw
data were band-pass filtered between 0.01 and 0.2 Hz. The
moving average methods was used to remove the outlier
terms in the fNIRS data. The averaged task-related changes of
[oxy-Hb], [deoxy-Hb] and [total-Hb] referred to a 2 s baseline
interval prior to the task trial were calculated for each fNIRS
channel. Additionally, the hemodynamic responses of the four
motor training conditions across all participants were also
averaged at the regions of interest (ROI) channels around the
C3 [23], [28].

Moreover, we calculated the topographical distributions of
hemodynamic responses according to the averaged task-related
changes of [oxy-Hb], [deoxy-Hb] and [total-Hb], which could
indicates the cortical hemodynamic activations. To quantita-
tively investigate the task-related changes of the averaged
[oxy-Hb] and [deoxy-Hb] hemodynamic responses over the
four conditions, three parameters were calculated including
peak amplitude, peak latency and integral area according to
the averaged hemodynamic curves.

E. Statistical and Correlations Analysis

In view of the overall electroencephalographic and cerebral
hemodynamic responses during different motor training condi-
tions, The relative ERD powers and fNIRS feature parameters
(i.e. peak amplitude, peak latency and integral area) between
different conditions were analyzed by one-way repeated mea-
sures analysis of variance (ANOVA), a widely used statistical
test method in EEG and fNIRS parameters [24], [26], [28],
with the motor training conditions as an independent factor and
relative ERD or hemodynamic parameters as a within-subject

factor. These tests were performed with SPSS 22.0 (IBM SPSS
Inc., Chicago, IL, USA) in this work.

Additionally, in view of the relatively consistent spatial
distributions over left SMA around the C3 channel, correla-
tion analysis of the relative ERD powers and fNIRS feature
parameters was tested by a 2-tailed Pearson correlation test
based on twelve participants by four conditions (i.e. forty-
eight values) in order to obtain the relationships between
electrophysiological and hemodynamic responses.

[1l. RESULTS AND ANALYSIS
A. Event-Related Spectral Perturbation (ERSP)

Fig. 3(a) shows the averaged ERSP at electrodes C3 and
C4 for MI-BCI-FES, MI-FES, MI and FES task conditions.
The topographical distribution maps are also shown across all
participants. The time-frequency maps present a long-lasting
o—ERD (8-13 Hz) and f—ERD (14-29 Hz) from task
onset for all four conditions, especially clear for MI-BCI-FES.
The averaged topographical spatial distributions of absolute
o/p—ERDs were also proposed obtaining a consistent phe-
nomenon. Laterality of cortical activations was clearer for the
MI-BCI-FES conditions.

To quantitatively verify the effectiveness of BCI mon-
itor in the closed-loop motor training, the wide a—band
from 8 to 13 Hz and f—band from 14 to 29 Hz were
selected respectively to compare their relative ERD powers
over all conditions. Fig. 3(b) shows the averaged relative
o./ B—ERD powers across all participants of C3 channel. One-
way repeated measures ANOVA yielded significant differences
of a—ERD (F(2.426,26.690) = 5.402, p = 0.008 < 0.01)
and f—ERD (F(1.791,19.698) = 24.104, p = 0.000 <
0.001) with Huynh-Feldt correction across the four different
training conditions. Besides, the Bonferroni post hoc test
yielded significant differences of a —ERD (MI-BCI-FES vs.
FES: p = 0.012, MI-FES vs. FES: p = 0.037) and f—ERD
(MI-BCI-FES vs. MI: p = 0.000, MI-BCI-FES vs. FES:
p = 0.000, MI-FES vs. MI: p = 0.003, MI-FES vs. FES: p =
0.006) with pairwise comparisons. The relative a/f—ERDs
of each single participant were also proposed, which could
indicate the relatively consistent trend, especially significant
for MI-BCI-FES at the relative f—ERD power, so that BCI
indeed plays a crucial role in the closed-loop motor training.

B. EEG Based Classification Performance

As aforesaid, the common spatial pattern (CSP) and support
vector machine (SVM) algorithm were applied to calculate the
classification accuracies of the calibration and motor training
conditions (i.e. MI-BCI-FES, MI-FES and MI, as FES con-
dition had no motor imagery involved). Classification results
of the calibration sessions (40 trials) were estimated using
a leave-one-out paradigm. And the other conditions (40 trials
each) except the FES were calculated using an online paradigm
based on the calibration sessions’ classifier. As shown in
TABLE I, The averaged classification performance of all the
motor training conditions is over 80%. Except calibration
sessions, the MI-BCI-FES achieves a relatively higher online
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Fig. 3. ERSP results of the four different task conditions. (a) Averaged time-frequency maps across all participants. The red dashed lines indicate
the onset and the black dashed lines offset of the task-related period. C3 and C4 are the key EEG channels for laterality analysis. Averaged
topographical distributions of absolute alpha-ERD (8—13 Hz) and beta-ERD (14—29 Hz) were also proposed to indicate cortical activation differences
over the different conditions. (b) Averaged relative alpha/beta-ERD power of C3 EEG channel. And the relative alpha/beta-ERD power of each single
participant were also proposed to indicate the relatively consistent trend across all participants.

TABLE |
CLASSIFICATION PERFORMANCE OF DIFFERENT CONDITIONS

Classification Accuracy (%)

Subject
Calibration MI-BCI-FES MI-FES MI

S1 80.00 80.00 75.00 80.00
S2 75.00 82.50 72.50 82.50
S3 87.50 82.50 77.50 77.50
S4 75.00 65.00 80.00 85.00
S5 80.00 87.50 82.50 87.50
S6 97.50 92.50 87.50 90.00
S7 72.50 72.50 85.00 70.00
S8 97.50 95.00 90.00 87.50
Y 82.50 90.00 82.50 72.50
810 90.00 75.00 85.00 75.00
S11 90.00 82.50 80.00 82.50
S12 85.00 75.00 75.00 72.50
Mean 84.38 81.67 81.04 80.21
Std. 8.40 8.81 5.38 6.70

classification performance than the other conditions although
there is no significant difference.

C. Cerebral Hemodynamic Responses of the fNIRS

For the overall cortical effects analysis. Fig. 4(a) shows the
averaged cerebral hemodynamic responses of MI-BCI-FES,
MI-FES, MI and FES conditions at the ROI channels around
the C3 across all participants. The wave curves present a
relatively consistent trend which first ascends during the task
period and then descends to the baseline during the rest period.
We can see that the MI-BCI-FES condition could induce the
clearest hemodynamic responses relatively to the other three
conditions.

As shown in Fig. 4(b), the peak amplitude, peak latency and
integral area were calculated according to the averaged cere-
bral hemodynamic curves. For statistical difference analysis,
ANOVA was also conducted in the [oxy-Hb], which is the key
parameter of hemodynamic responses reflecting the cortical
activations. The results yielded significant differences in the
peak amplitude (F(2.030,22.328) = 6.636, p = 0.005 <
0.01), peak latency (F(3,33) = 4.533, p = 0.009 < 0.01)
and integral area (F(1.772,19.489) = 10.529, p = 0.001 <
0.01) with Huynh-Feldt correction across the four different
training conditions. Besides, the Bonferroni post hoc test
yielded significant differences between conditions in the peak
amplitude (MI-BCI-FES vs. FES: p = 0.034), peak latency
(MI-BCI-FES vs. FES: p = 0.014) and integral area (MI-BCI-
FES vs. MI-FES: p = 0.043, MI-BCI-FES vs. MI: p = 0.023,
MI-BCI-FES vs. FES: p = 0.016) with pairwise comparisons,
which indicates the BCI in closed-loop motor training could
produce stronger cerebral hemodynamic activations than the
other three conditions.

In addition, Fig. 5 shows the averaged topographical dis-
tributions of cerebral hemodynamic activations over different
conditions, including the [oxy-Hb], [deoxy-Hb] and [total-Hb]
responses of the ROI around the C3 across all participants.
The topographical maps of hemodynamic responses could
obviously reflect cortical activation over the ROI. The results
indicate it is similar for spatial distributions of hemody-
namic patterns with circumscribed right hand motor cortical
activations for these four task conditions. Especially, the
MI-BCI-FES condition produces the clearest hemodynamic
responses relatively to the other three conditions, which
demonstrates that BCI control plays a functional role in the
motor training.

D. Correlation Analysis Between ERD Patterns and
fNIRS Features

Due to the similarity of relative ERD powers and fNIRS
features during the four different motor training conditions,
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Fig. 4. Averaged hemodynamic responses. (a) Averaged changes in the [oxy-Hb], [deoxy-Hb] and [total-Hb] responses of the ROI fNIRS channels
around the C3. The black lines indicate the onset and offset of the task period. (b) Averaged three parameters including peak amplitude, peak latency

and integral area for the different task conditions.
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Fig. 5. Averaged topographical distributions of hemodynamic responses over different conditions, including the [oxy-Hb], [deoxy-Hb] and [total-Hb]
responses of the ROl around the C3. The red and blue colors indicate high and low hemodynamic activations respectively.

correlation analysis was employed to verify whether there
are significant relationships or consistent trends between elec-
troencephalographic and cerebral hemodynamic activations of
the ROI around the C3. As shown in Fig. 6, The correla-
tion analysis yielded significant relationships between ERD
patterns and fNIRS features: a—ERD and peak amplitude
(r = —0.4386,p = 0.0018), a—ERD and integral area
(r = —0.4594, p = 0.0010), f—ERD and peak amplitude
(r = —0.4392,p = 0.0018), J—ERD and integral area
(r = —0.4473, p = 0.0014), while there is no significant
relationship between the other two pairs (i.e. a—ERD and
peak latency:r = 0.2207, p = 0.1318, f—ERD and peak
latency: r = 0.2379, p = 0.1035). These results indicate
that the relationships between ERD patterns and cerebral
hemodynamic features which present a relatively consistent
trend might be quantified through above method and it is a
promising approach combining electrophysiology and hemo-
dynamic responses to evaluate the effectiveness of motor
training.

V. DISCUSSION

In previous researches, Khan et al. [29] and Fu et al. [30]
have showed the hybrid NIRS-EEG technology could achieved
a high classification performance for complex motor imagery

patterns, i.e. different directions of limb movement or different
imagined hand clenching force and speed. In this work, the
simple motor imagery based 2-class BCI task have no difficult
for all the participants to achieve a relatively high classification
performance, which also could be proved by the topographical
distributions of ERD as shown in Fig. 3(a) and hemodynamic
responses as shown in Fig. 5. The averaged classification
performance of all the motor training conditions is over
80%. Except calibration sessions, the MI-BCI-FES achieves
a relatively higher online classification performance relative
to the other conditions and there is no significant difference.
However, the performance is not a crucial discussion point but
the effectiveness of closed-loop BCI based motor training in
our study.

Therefore, at the beginning of this study, we would like to
investigate whether BCI monitor could effectively enhances
electroencephalographic and cerebral hemodynamic activa-
tions during motor training? We have considered there should
be significant increases in ERD patterns and cerebral hemo-
dynamic responses for MI-BCI-FES relative to the other
conditions. The significant differences were obviously visible
between MI-BCI-FES and MI or FES conditions. Specifically,
It was significant in cerebral hemodynamic responses between
MI-BCI-FES training and MI-FES training but not significant
in ERD patterns. A possible explanation was that the dif-
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Fig. 6. Correlation analysis between relative alpha-, beta-ERD power of
EEG features and peak amplitude, peak latency, integral area of fNIRS
features for all the participants.

ferent motor training conditions could elicit a relatively high
performance as shown in TABLE I and consistent electroen-
cephalographic effects but different cerebral hemodynamic
activations as shown in Fig. 3 ~ 5. Therefore, some more
complex patterns of motor imagery should be involved for
further research [29].

For correlations analysis, V. V. Nikulin et al. have inves-
tigated Monochromatic Ultra-Slow (~ 0.1 Hz) Oscilla-
tions (MUSO) in the human electroencephalogram and their
correlations with hemodynamic responds. The results showed
a coherence between MUSO and NIRS features. Moreover,
different electrode sites demonstrated the coherence was not
reducible to volume conduction. MUSO were unlikely to be
generated by one source. They suggested that these oscillations
might be of a rather extra neuronal origin reflecting cerebral
vasomotion [31]. While there is no more research for the
correlations between cerebral hemodynamic responses and
aor B—ERD patterns [32]. E. Visani et al. focused on the
functionally activated area maximizing the useful information
instead of preselected structural areas. This work found not
only the typical EEG pattern distinguishing patients with
cortical myoclonus from controls (almost absent f—ERS),
but also significant differences in the BOLD and fNIRS fea-
tures, both of which were significantly reduced. The cerebral
hemodynamic activations revealed by fMRI and fNIRS were
consistent in the patients and controls, thus indicating that both
methods were similarly capable to identify the neurovascular
changes occurring during a motor task under physiological
and pathological conditions [15]. The cortical effects of motor
training in a MI-BCI proposed by Kaiser et al. [23] showed
an [oxy-Hb] increase in fNIRS and a stronger upper f—ERD
in the EEG especially in users with low BCI performance.
Ml-related operant learning of brain self-regulation is facili-
tated by proprioceptive feedback and mediated in the sensori-
motor f—band [33].

Differing from previous studies [15], [23], [31], [32], the
primary goal of this study was to investigate and compare the
cortical activations during different motor training conditions
measured by fNIRS and EEG. The correlations between EEG
and fNIRS features were also discussed. There were significant
relationships between ERD patterns and fNIRS features (i.e.
o—ERD and peak amplitude, « —ERD and integral area,
F—ERD and peak amplitude, f—ERD and integral area),
while there is no significant relationship between the other
two pairs (i.e. a—ERD and peak latency, f—ERD and peak
latency) as shown in Fig. 6. These results indicated that the
relationships between ERD patterns and cerebral hemody-
namic features might be quantified through above method and
it might be a promising approach combining electrophysiology
and hemodynamic responses to evaluate the effectiveness of
motor training. The features in EEG and fNIRS have relatively
consistent trend in a statistical level.

Furthermore, previous studies for the motor neurofeedback
training technology have proved it is available for motor
ability or functional neuroplasticity improvement to combine
BCI with some outside devices [34]-[36]. Boe et al. [37]
found that MI-related brain activations increased in contralat-
eral sensorimotor cortex after the imagined movement across
sessions in the neurofeedback group, but not in control group.
During neurofeedback training, fNIRS combined with EEG
had advantages to classify different brain states by benefiting
from the complementary information [12], [29]. Additionally,
Miller et al. [38] demonstrated MI induced cortical activations
were significantly augmented, even exceeding that of overt
movement focusing on oscillation powers in high frequency
(76-100 Hz) and low frequency (8-32 Hz) bands . Some
promising feature extraction algorithms and visual stimuli par-
adigms were also proposed to optimize BCI manner [39], [40].
Nevertheless, more kinesthetic devices such as FES have
been involved in the close-loop BCI based motor training
nowadays. Therefore, this work aims to compare these motor
training conditions according to the electroencephalographic
and cerebral hemodynamic activations. It also demonstrated
the presence of the coherence between EEG oscillations at
wide a and f frequency band and cerebral hemodynamic
patterns of fNIRS. The overall results provided a promising
relatively portable measurement to quantitatively evaluate the
effectiveness of BCI training and verify the MI-BCI-FES
framework could contribute a foundation for motor neural
rehabilitation system. For the future research, in view of the
limitation of EEG and fNIRS channels, there should be more
probes with origin source analysis through the whole brain
measurement.

V. CONCLUSION

This work investigated the effectiveness of closed-loop
BCI monitor during motor training from the view of EEG
and cerebral hemodynamic activations. All these findings
obtained in this study indicated that MI-BCI combined FES
achieved a larger cortical activation relative to the other
conditions according to the electrophysiology and hemody-
namic responses. Besides, the significant correlations between
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relative ERDs and hemodynamic responses for these motor
training conditions were also discussed, which might be an
available evaluation method for motor rehabilitation applica-
tions. Therefore, closed-loop BCI based motor training mea-
sured by fNIRS and EEG prospectively provides an available
approach for motor rehabilitation and neurofeedback training
research.
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