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Abstract — We provide an open access dataset for hybrid
brain–computer interfaces (BCIs) using electroencephalography (EEG) and near-infrared spectroscopy (NIRS). For
this, we conducted two BCI experiments (left versus right
hand motor imagery; mental arithmetic versus resting
state). The dataset was validated using baseline signal
analysis methods, with which classification performance
was evaluated for each modality and a combination of both
modalities. As already shown in previous literature, the
capability of discriminating different mental states can be
enhanced by using a hybrid approach, when comparing
to single modality analyses. This makes the provided data
highly suitable for hybrid BCI investigations. Since our
open access dataset also comprises motion artifacts and
physiological data, we expect that it can be used in a wide
range of future validation approaches in multimodal BCI
research.
Index Terms — Brain–computer interface (BCI), electroencephalography (EEG), hybrid BCI, mental arithmetic, motor
imagery, near-infrared spectroscopy (NIRS), open access
dataset.

I. I NTRODUCTION
RAIN–computer interface (BCI) technology has increasingly been receiving attention as an alternative communication option for severely paralyzed patients in the last decades
[1]–[3]. Over the last years, BCIs have also been used as an
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augmentative tool for rehabilitation [4]–[6]. Commercial and
non-medical BCI applications were developed [7]–[13], and
novel analysis algorithms and signal processing techniques
were introduced for developing practical BCIs [14]–[18].
However, whenever investigating new BCI methods, many
experiments have to be conducted for each independent investigation. This consumes much time and results in a lack of
reproducibility because the measured dataset exploited for
each study is usually not shared or available to the public
for reusable purposes. Thus, we identified a growing need to
publish an open access dataset for BCI research. So far, several
electroencephalography (EEG)-based BCI datasets have been
published [19]–[23]. These datasets were used to evaluate
the state-of-the-art of signal processing and classification
methods [24]–[30].
Recent studies verified the superior performance of hybrid
BCIs based on EEG and near-infrared spectroscopy (NIRS)
compared to that of single modality solutions [31]–[36], and
new customized instrumentation approaches for hybrid BCI
have recently been presented [37]. Despite this ongoing trend
towards hybrid BCI technology, there is no open access
dataset for hybrid BCIs available so far. Thus, our paper aims
to provide an open access brain signal dataset suitable for
investigating hybrid BCI research. For the sake of generality,
we chose two sorts of mental tasks to build the dataset:
motor imagery (MI) whose practicability and usefulness were
repeatedly demonstrated by numerous studies of both EEG
and NIRS-based BCI studies [38], [39] and mental arithmetic (MA) which is one of the most widely used paradigms
in NIRS-based BCI research [40], [41].
In addition, representative motion artifacts induced by ocular and head movements were separately recorded and included
in the dataset, but not intensively analyzed in this study. The
motion artifact data can be potentially used to develop new
algorithms that can improve the signal quality and robustness
[42], [43], or explore methods for artifact rejection depending
on the research purpose.
There are many challenges and opportunities in the signal
analysis of multimodal data for hybrid BCIs. The purpose
of this study was the demonstration of the suitability of the
open access data. We performed basic decoding procedures
and provide the results along with the data. Accuracies can be
improved by applying more sophisticated and state-of-the-art
methods.
In Section II, we describe details of each dataset,
including experimental paradigms, recording methods and
analysis methods. The baseline analysis results are presented in
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Section III, and related discussions are provided in Section IV.
The conclusion of this study is given in Section V.
II. M ATERIALS AND M ETHODS
A. Subjects
Twenty-nine right-handed and one left-handed healthy subjects participated in this study [14 males and 15 females,
average age (years) 28.5 ± 3.7 (mean ± standard deviation)].
None of them reported neurological, psychiatric or other
brain-related diseases. All volunteers were informed about the
experimental procedure and written consent was obtained from
all participants. They were financially reimbursed after the
experiment. This study was conducted according to the declaration of Helsinki and was approved by the Ethics Committee
of the Institute of Psychology and Ergonomics, Technical
University of Berlin (approval number: SH_01_20150330).

B. Data Acquisition
EEG and NIRS data were collected in an ordinary bright
room. EEG data was recorded by a multichannel BrainAmp
EEG amplifier with thirty active electrodes (Brain Products
GmbH, Gilching, Germany) with linked mastoids reference
at 1000 Hz sampling rate. The EEG amplifier was also
used to measure the electrooculogram (EOG), electrocardiogram (ECG) and respiration with a piezo based breathing belt.
Thirty EEG electrodes were placed on a custom-made stretchy
fabric cap (EASYCAP GmbH, Herrsching am Ammersee,
Germany) and placed according to the international 10-5
system (AFp1, AFp2, AFF1h, AFF2h, AFF5h, AFF6h, F3, F4,
F7, F8, FCC3h, FCC4h, FCC5h, FCC6h, T7, T8, Cz, CCP3h,
CCP4h, CCP5h, CCP6h, Pz, P3, P4, P7, P8, PPO1h, PPO2h,
POO1, POO2 and Fz for ground electrode) [19]. NIRS data
was collected by NIRScout (NIRx GmbH, Berlin, Germany)
at 12.5 Hz sampling rate. Each adjacent source-detector pair
creates one physiological NIRS channel. Fourteen sources and
sixteen detectors resulting in thirty-six physiological channels
were placed at frontal (nine channels around Fp1, Fp2, and
Fpz), motor (twelve channels around C3 and C4, respectively)
and visual areas (three channels around Oz). The inter-optode
distance was 30 mm. NIRS optodes were fixed on the same
cap as the EEG electrodes. Ambient light was blocked by
a firm contact between NIRS optodes and scalp and use of
an additional opaque cap over the stretchy fabric cap. Fig. 1
shows the placement of the EEG electrodes and NIRS optodes.
EOG was recorded using two vertical (above and below left
eye) and two horizontal (outer canthus of each eye) electrodes.
ECG was recorded based on Einthoven triangle derivations I
and II, and respiration was measured using a respiration belt
on the lower chest. EOG, ECG and respiration were sampled at
the same sampling rate of the EEG. ECG and respiration data
were not analyzed in this study, but are provided along with
the other signals. All signals were recorded simultaneously.
In order to synchronize the signals, triggers were sent to each
instrument at the same time via parallel port using MATLAB.
C. Experimental Paradigm
The subjects sat on a comfortable armchair in front of a
50-in white screen. The distance between their heads and the

Fig. 1. Placement of EEG electrodes (blue and black (ground) circles)
and NIRS sources (red squares) and detectors (green squares). Black
solid lines denote NIRS channels.

Fig. 2. Schematic sequence diagram of the experimental paradigm.
Each session comprised a 1 min pre-experiment resting period, 20 repetitions of the given task and a 1 min post-experiment resting period. The
task started with 2 s of a visual introduction of the task, followed by 10 s
of a task period and resting period which was given randomly from 15 to
17 s. At the beginning and end of the task period, a short beep (250 ms)
was played.

screen was 1.6 m. They were asked not to move any part of
the body during the data recording. The experiment consisted
of three sessions of left and right hand MI (dataset A) and
MA and baseline tasks (taking a rest without any thought)
(dataset B) each. Each session comprised a 1 min preexperiment resting period, 20 repetitions of the given task and
a 1 min post-experiment resting period. The task started with 2
s of a visual introduction of the task, followed by 10 s of a task
period and resting period which was given randomly from 15
to 17 s. At the beginning and end of the task period, a short
beep (250 ms) was played. All instructions were displayed
on the white screen by a video projector. MI and MA tasks
were performed in separate sessions but in alternating order
[i.e., sessions 1, 3 and 5 for MI (dataset A) and sessions 2,
4, and 6 for MA (dataset B)]. Fig. 2 shows the schematic
diagram of the experimental paradigm. Five sorts of motion
artifacts induced by eye and head movements (dataset C) were
measured. The motion artifacts were recorded after all MI and
MA task recordings. The experiment did not include the preand post-experiment resting state periods.
1) Dataset A: Left Hand MI versus Right Hand MI: For MI,
subjects were instructed to perform kinesthetic MI (i.e., to
imagine the opening and closing their hands as they were
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grabbing a ball) to ensure that actual MI, not visual MI, was
performed. All subjects were naive to the MI experiment.
For the visual instruction, a black arrow pointing to either
the left or right side appeared at the center of the screen
for 2 s. The arrow disappeared with a short beep sound and
then a black fixation cross was displayed during the task
period. The subjects were asked to imagine hand gripping
(opening and closing their hands) with a 1 Hz pace. Because
there was no exact way to check it during the recording, we
repeatedly showed a real hand gripping with a speed of 1
Hz before the recording, thereby leading to performing motor
imagery with a constant speed of about 1 Hz as much as
possible. MI was performed continuously over the task period.
The task period was finished with a short beep sound and a
‘STOP’ displayed for 1 s on the screen. The fixation cross
was displayed again during the rest period and the subjects
were asked to gaze at it to minimize their eye movements.
This process was repeated twenty times in a single session
(10 trials for each left and right hand MI in a single session;
30 trials for each one in the whole three sessions). In a
single session, MI tasks were performed on the basis of
ten subsequent blocks randomly consisting of one of two
conditions: Either first left and then right hand MI or vice
versa.
2) Dataset B: MA Versus Baseline Task: For the visual
instruction of the MA task, an initial subtraction such as
“three-digit number minus one-digit number” (e.g., 384-8)
appeared at the center of the screen for 2 s. The subjects
were instructed to memorize the numbers while the initial
subtraction was displayed on the screen. The initial subtraction
disappeared with a short beep sound and a black fixation cross
was displayed during the task period in which the subjects
were asked to repeatedly perform to subtract the one-digit
number from the result of the previous subtraction. For the
baseline task, no specific sign but the black fixation cross was
displayed on the screen, and the subjects were instructed to
take a rest. Note that there were further rest periods between
the MA and baseline condition, in the same way as in the
MI paradigm. Both task periods were finished with a short
beep sound and a “STOP” displayed for 1 s on the screen.
The fixation cross was displayed again during the rest period.
MA and baseline trials were randomized in the same way
as MI.
3) Dataset C: Motion Artifacts: We measured five types of
motion artifacts. Please refer to a similar study for more details
on the experimental set-up [44]. Fig. 3 shows the set-up for
the motion artifact measurements in which the characters, “C”,
“L”, “R”, “U”, and “D”, denote center, left, right, up and
down, respectively, and the numbers, 1 and 2, are assigned
according to the distance from the center. Distances between
C and L1/R1 and C and L2/R2 markers were 0.8 and 1.6 m,
respectively (a visual angle of 45 ◦ for L2 and R2 from the
center) and distances between C and U1 /D1 and C and U2/D2
markers were 0.6 and 1.2 m, respectively (a visual angle of
36◦ for U2 and D2 from the center).
a) Blinking eyes (BLK): The subjects were asked to blink
their eyes once whenever they heard a short beep sound.
It was repeated twenty times in 1 s intervals.
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Fig. 3. Set-up for the motion artifact measurements. The characters, “C”,
“L”, “R”, “U”, and “D”, denote center, left, right, up, and down, respectively,
and the numbers, 1 and 2, are assigned according to the distance from
the center.

b) Moving eyes (MVE): The subjects were instructed to
move their eyes at 2 s intervals following the arrow
indicating the directions to markers on the wall while
not moving their head:
• Moving up and down (UD): C → U1 → U2 →
U1 → C
• Moving down and up (DU): C → D1 → D2 →
D1 → C
• Moving left and right (LR): C → L1 → L2 →
L1 → C
• Moving right and left (RL): C → R1 → R2 →
R1 → C
This was repeated five times for each direction after
a 5 s break.
c) Moving head (MVH): The subjects moved their heads
but without moving their eyes. This was repeated in the
same way as MVE.
d) Clenching teeth (CLT): The subjects clenched their teeth
strongly for 2 s whenever they heard a short beep sound.
This was repeated ten times at 5 s intervals.
e) Opening mouth (OPM): The subjects opened their
mouth widely for 2 s whenever they heard a short beep
sound. This was repeated ten times at 5 s intervals.

D. Posterior Questionnaire
After completing the experiment, each participant answered
a simple posterior questionnaire regarding their impressions
and feelings. They rated each question on a 5-point scale
(1 point: very low, 5 point: very high) separately for MI and
MA. The questionnaire included the following four items:
1) Concentration: level of concentration during the task
2) Fatigue: level of fatigue after the task
3) Sleepiness: level of sleepiness or boredom during the
task
4) Difficulty: level of difficulty of the task
E. Data Processing
1) MI and MA: All data processing was done using
MATLAB R2013b (MathWorks, Natick, MA, USA).
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The measured EEG data was first re-referenced using a
common average reference [45] and filtered (fourth-order of
Chebyshev type II filter) with a passband of 0.5–50 Hz before
EOG rejection. Independent component analysis (ICA)-based
EOG rejection was performed using the automatic artifact
rejection toolbox in EEGLAB [46].
The preprocessed EEG signals were downsampled to
200 Hz. All channels were used for further EEG data
processing. Spatial filters were determined by common spatial
patterns (CSPs) analysis [14], [47], [48] using the BBCI
toolbox [49]. For CSPs of MA data, subject-specific band-pass
filter coefficients were estimated by means of the heuristic
procedure which estimates a frequency band showing the
highest absolute signed squared point biserial correlation coefficient (signed r 2 ) value [14]. For MI, a subject-independent
pass-band from 8 to 25 Hz including μ- and low β-band
was selected [50]. For MA, subject-specific pass-bands were
selected in the range of 4–35 Hz showing the best separability
based on the signed r 2 . For more details on these bands,
please refer to the supporting material. All data processing
(i.e., feature extraction and classification) was performed separately on each time window using a moving time window
method (window size: 3 s, step size: 1 s). Features were
extracted using the log-variance of the first and last three CSP
components containing the most discriminative information
over each time period of the moving window. The moving
time window was shifted from −5 s to 20 s based on the task
onset. These features were used for constructing the feature
vectors of each analysis time period. The dimension of each
feature vector was six for discriminating left and right hand
MI tasks (dataset A), and MA and baseline tasks (dataset B).
For the NIRS data analysis, concentration changes of deoxyand oxy-hemoglobin (HbR and HbO) were first calculated
by the modified Beer–Lambert law, [34], [51]. The HbO
and HbR data were band-pass filtered (sixth-order zero-phase
Butterworth filter with passband of 0.01–0.1 Hz). Baseline
correction was performed by subtracting the average value
between −5 and −2 s. All channels were used for further
NIRS data processing. The average values of time courses
of HbR and HbO and the average slope over the moving time
window which is identical with the EEG analysis were used for
creating feature vectors [52]. A shrinkage linear discriminant
analysis (shrinkage LDA) was used as a classifier [49], [53].
A 10 × 5-fold cross-validation was performed to evaluate
the classification performance for each analysis time window
of the both data sets. Note that the CSP filters were built
only based on training data, and then applied to test data
of a classifier [17]. The same classifier and cross-validation
approaches were applied to both EEG and NIRS data.
To figure out the potential merit of the hybrid BCI, EEG
and NIRS-integrated data was evaluated based on a metaclassifier. After the estimation of the three individual classifiers
(one for the EEG and two for the both chromophores of
NIRS), we explored the classification performance of all
possible combinations of EEG and both NIRS chromophores
(i.e., EEG+HbR, EEG+HbO and EEG+both chromophores).
The outputs of individual classifiers were combined to comprise feature vectors for the meta-classifier. We used the same

shrinkage LDA as a meta-classifier. The cross-validation of the
meta-classifier followed the same procedure as for the EEG
and NIRS data analyses. For more details, please refer to [34].

F. Motion Artifacts
No data processing was applied to EEG and NIRS (HbO)
data measured during motion artifacts to show their original
patterns in the time domain.
G. Statistical Test
The statistical tests employed in this study are always
performed using the Wilcoxon signed rank sum test.
III. R ESULTS

A. Grand Average of Log(p) Significance Based on
Signed Squared Point-Wise Biserial Correlation
Coefficient
The scalp topographies of the grand averages of log( p)
significance based on signed r 2 over 15 subjects (top 50%
performers in decoding accuracy) are shown at specific time
points for MI and MA in Figs. 4 and 5, respectively. A higher
absolute value of log( p) means a better separability with
higher significance between different conditions. During the
MI task, EEG and HbR generally show good separability
around the motor areas (Fig. 4). Note that the EEG is the
best separable at a time interval of 0–5 s while HbR needs
more time to reach the best separable time interval due to
its inherent delayed responses (neurovascular coupling). HbO
also shows significant separability around motor areas, but
not as strong as EEG and HbR. This might be caused by
unclassifiable MI-related subject-dependent activations. For
the MA task in Fig. 5, EEG, HbR, and HbO show high
separability around frontal and parietal areas, and the delayed
responses for NIRS is also observed in terms of separability.
This result corresponds to a well-known neurophysiological
behavior [54]. In HbR of Fig. 5, significant log( p) is observed
particularly on motor areas. As the rest interval of a preceding
trial is not long enough to make the hemodynamic changes
return to baseline state, HbR might be separable before the
task onset at t = [−10 − 5] s.
B. Classification Accuracy: EEG, NIRS, and Hybrid
Figs. 6 and 7 show EEG, NIRS, and EEG+NIRS classification accuracies for the 3 s moving time window for MI
and MA, respectively. The maximum values of the average
EEG, HbR and HbO classification accuracies over time for
MI are 65.6 %, 66.5 %, and 63.5 %, respectively, while they
reach to 75.9 %, 80.7 %, and 83.6 % for MA. The MA-related
activations were classifiable in more subjects than MI-related
activations. For MI, only fourteen, nineteen and fifteen out
of twenty-nine subjects achieved an acceptable classification
accuracy for EEG, HbR, and HbO, respectively, exceeding a
theoretical chance level with statistical significance (67.5 %,
p = 0.05) [55] while, for MA, 25 and 29 subjects exceeded
the chance level for EEG and both chromophores, respectively.
Performance improvements in the form of a scatter plot are
shown in Fig. 8(a) and (b). The unimodal EEG classification

SHIN et al.: OPEN ACCESS DATASET FOR EEG+NIRS SINGLE-TRIAL CLASSIFICATION

1739

Fig. 4. Scalp evolution of grand average of log (p) based on signed r2 for motor imagery in EEG and NIRS using the data of 15 subjects
showing the best classification performance for better representation. Blue and Red colors denote higher separability of left motor and right imagery,
respectively. The numbers displayed denote the time from the task onset. R, I, and T denotes rest, instruction and task period, respectively. For better
understanding, baseline correction was performed by subtracting the average value between −5 and −2 s. The p-value have not been corrected for
multiple testing.

Fig. 5. Scalp evolution of grand average of log(p) based on signed r2 for mental arithmetic in EEG and NIRS using the data of 15 subjects
showing the best classification performance for better representation. Blue and Red colors denote higher separability of mental arithmetic and rest,
respectively. The numbers displayed denote the time from the task onset. R, I, and T denotes rest, instruction and task period, respectively. For better
understanding, baseline correction was performed by subtracting the average value between −5 and −2 s. The p-value have not been corrected for
multiple testing.

accuracies are plotted against those of EEG+HbR+HbO.
The classification accuracies were selected at 10 s (end of
task), a time point where the delayed NIRS signal is fully

developed and the EEG signal is still active. More than 75.9 %
and 86.2 % of the subjects showed improved performance
by the hybrid approach for MI and MA tasks, respectively.
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Fig. 6. EEG, NIRS, and EEG+NIRS classification accuracies for 3 s moving time window for motor imagery (MI). The x-axis indicates the right
edge of the moving time window. Gray lines show the individual classification accuracies while thick black lines show the average ones over whole
subjects. The task starts at 0 s and finishes at 10 s. Gray shaded areas indicate task periods.

Fig. 7. EEG, NIRS, and EEG+NIRS classification accuracies for 3 s moving time window for mental arithmetic (MA). The x-axis indicates the right
edge of the moving time window. Gray lines show the individual classification accuracies while thick black lines show the average ones over whole
subjects. The task starts at 0 s and finishes at 10 s. Gray shaded areas indicate task periods.

The hybrid approach showed statistically significant improvement with respect to classification accuracy ( p < 0.001).
When comparing EEG classification accuracies with hybrid
classification accuracies (EEG+HbR+HbO), the average

performance using hybrid measures was increased in MI tasks
by 8.6 % and MA tasks 12.2 %. The results underline that the
hybrid approach in BCI is capable of enhancing the system
performance.
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Fig. 9. Average scores of post-experiment survey regarding motor
imagery (MI) and mental arithmetic (MA) with degree of significance
(∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001). CNC, FTG, SLP, and DFC
denote concentration, fatigue, sleepiness and difficulty, respectively.

MA: 2.21 ± 0.20, p < 0.01).

Fig. 8. Scatter plot of EEG classification accuracies (x-axis) against
hybrid classification accuracies (y-axis) for (a) MI and (b) MA. Blue circles
above the red diagonal line depict performance improvement by means of
combinations of EEG and NIRS. The percentage values indicate the ratio
of the number of subjects showing improved results to the whole subjects
by means of the combinations. The p-values denote the significance of
the improvement.

C. Posterior Questionnaire
Fig. 9 shows the average scores of the posterior questionnaire. Subjects reported that they could focus better on MA
(MI: 3.24 ± 0.14, MA: 3.97 ± 0.15 (mean ± standard error),
Wilcoxon signed rank sum test, p < 0.001). They got more
tired (MI: 2.90 ± 0.18, MA: 2.45 ± 0.15, p < 0.05) and
sleepy (MI: 2.93 ± 0.21, MA: 1.32 ± 0.16, p < 0.001)
during MI than MA. They experienced more difficulty
while performing MI, compared to MA (MI: 2.86 ± 0.21,

D. Motion Artifact
Fig. 10(a) and (b) shows the grand averages of EEG and
NIRS (HbR and HbO) motion artifacts, respectively. The
representative channels of each artifact type were selected
by visual inspection. For NIRS, since the relevant BLK and
MVE were not visible, the related figures were not included.
The EEG blink pattern averaged over all subjects is presented
in the first panel of Fig. 10(a). Contrary to a typical blink
pattern showing a large negative potential followed by its
corresponding positive potential, an initial negative potential is
relatively small. This is because the subjects blinked their eyes
at a slightly different timing, thereby cancelling out an initial
negative potential. However, the initial negative potential is
clearly observed in the individual data (not shown here). When
performing UD of MVE, position-specific vertical EOG is
clearly detected at F7 showing three different levels for C,
U1 and U2 positions [second panel in Fig. 10(a)]. When
performing UD of MVH, a similar pattern to UD of MVE is
observed at F8 [third panel in Fig. 10(a)]. Noisy oscillations
are observed at T7 and T8 for CLT and OPM, respectively
[fourth and fifth panels in Fig. 10(a)]. For NIRS [Fig. 10(b)],
HbO shows a larger motion artifact-related fluctuation than
HbR, which indicates that HbO is more susceptible to motion
artifacts than HbR [56].
IV. D ISCUSSION

A. Summary of the Results
As indicated by the signed r 2 values, MI- and
MA-related activations were classifiable over motor areas and
fronto-parietal areas, respectively. For EEG, the classification
rates rose without much delay, while for NIRS the classification accuracies reached the maximum after the delay of
several seconds. MI-related activations of many subjects were
not classifiable while classification of MA-related activations
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future approaches, we provide more details about our dataset
such as statistics on the NIRS and EEG channel qualities and
(individual) classification accuracies, also using the whole 10 s
trials, in the supplementary material.

B. Particularity of the Data Set

Fig. 10. Grand averages of (a) EEG and (b) NIRS motion artifacts
(red: HbR, blue: HbO). For EEG, {BLK, MVE, MVH, CLT, and OPM}
are displayed from top to bottom. For NIRS, {MVH, CLT, and OPM}
are presented from top to bottom. EEG and NIRS channel names are
shown on the top of each subplot. NIRS channel names are set as a
concatenation of source and detector position. The near EEG and NIRS
channels are selected to compare the signals for the same condition.

As can be seen in Fig. 7, decoding of the mental state,
especially MA, using NIRS signals is still well possible at
20 s after task onset. As the signals do not completely return
to baseline, this makes decoding more challenging. Longer
resting periods, for instance 28 s [57] up to 40 s [58] can
prevent this phenomenon. However, to limit an extensive
experimental runtime of >3 h, we intentionally used a relatively short relaxation time. This should enable users of the
dataset to tackle the well-known challenge in NIRS-based
BCIs to achieve higher information transfer rate with tolerable
trial lengths while using slow and typically up to 10 s delayed
NIRS signals.
Moreover, the distribution of the task transitions is biased.
Due to the way the task sequence was randomized, see
Section II-C1, there are (on average) 25% of repetitions
(a trial has the same task as the previous one) and 75 %
of alternations. Therefore, a classifier trained in the pre-task
interval could in principle identify the type of the previous
trial from its carry-over effect and predict the opposite class
for the subsequent trial, which would lead in the extreme case
to a classification accuracy of 75%. In a weak way, we see
this effect reflected in Fig. 7 for HbR and HbO where the
classification accuracy is at about 55% already at −2 s. In the
EEG, we see a different effect that might be surprising at
first sight: a rise of classification accuracy from 50% already
starting around −1 s relative to task onset. This is due to
the fact that the task instruction was given 2 s before “task
onset”, i.e., at −2 s. It is very likely that the subjects got ready
to start as soon as they recognized the task, thereby producing
detectable task-relevant activations before the task onset. Due
to the same reason, some previous studies used data epoched
prior to the task onset [59]–[61].

C. Benefit of Hybrid BCI
was better. During MA, the subjects could focus on the task
more easily, which is presumably because the MA task was
familiar to them. Also, classification performance significantly
increased when simultaneously using EEG and NIRS signals,
compared to that of each single modality.
Please note that this study did not aim to benchmark
machine learning algorithms. It is very likely that the decoding accuracies achieved with our baseline signal processing
approach could be outperformed by more sophisticated and
state-of-the art methods, for instance those documented in
[14], [15], [17], [43], [44]. Being aware that our approach
led to rather poorer decoding accuracies, the results obtained
from time segmented data can provide additional time-related
information on the dataset. For a similar reason, we did not
perform any channel or subject selection based on signal
quality or decoding accuracy in the analysis, except for the
illustration of log( p)-based scalp plots. However, to facilitate

Given that complementary information is measured by EEG
and NIRS, their combination is capable of compensating the
low performance of either and we can effectively improve the
single-trial performance as presented in Fig. 7. In addition,
in Fig. 6, HbR and HbO classification accuracies reached
the threshold performance of a binary BCI (70% accuracy
[62], [63]) at 10 s and 8 s, respectively, while both EEG+HbR
and EEG+HbO classification accuracies reached the threshold
at 2 s. It is clear from these results that the hybrid BCI can
compensate the inferior temporal responsiveness of NIRS and
improve the performance in light of information transfer rate
as well as classification accuracy as shown in [34].

D. Practical Difficulty of Hybrid BCI
Recent research reported that feedback training is helpful
to enhance the performance of MI-based BCI [64]. However,
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subjects have to train for about one hour with a visual feedback
indicating whether their performances work well or not. Also,
a long preparation time is necessary to set up both EEG
and NIRS systems, which is a main practical drawback to
use MI-based hybrid BCIs. Therefore, it is difficult to finish
feedback training and actual data recording in one day under
time constraints and also difficult for subjects to maintain
their concentration and good condition over the experiment.
Even though the use of dry electrodes may reduce the EEG
preparation time [65], [66], it is unavoidable to brush aside the
subject’s hair for the NIRS set-up. Also, signal quality is usually worse for dry electrodes than wet electrodes. Therefore,
the development of a hybrid BCI based on prefrontal cortex
signals could lead into a promising direction.

E. Advantages of an Open Access Dataset for Hybrid
BCI
So far, because no EEG-NIRS hybrid dataset has been
available to public, many researchers recorded and built
new datasets to validate their proposed methods and algorithms. However, establishing a new dataset is usually timeconsuming. Our open access dataset can save that time for
acquiring a hybrid BCI dataset and thus help BCI researchers
to more easily validate their novel BCI analysis methods.
V. C ONCLUSION
We have provided baseline analysis results validating our
open access dataset using standard signal processing methods
as a reference guidance for a hybrid BCI. The dataset was
established based on MATLAB as it is an analysis platform
widely used in BCI research field. The signal processing was
done using the BBCI toolbox [49] and EEGLAB [67]. We have
managed the data as clearly as possible to facilitate it for
research purposes. Both, the raw datasets are available for free
download via: http://doc.ml.tu-berlin.de/hBCI.
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