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Brain–computer interfaces (BCIs) allow users to control external devices by their intentions. Currently,
most BCI systems are synchronous. They rely on cues or tasks to which a subject has to react. In order to
design an asynchronous BCI one needs to be able to robustly detect an idle class. In this study, we
examine whether multi-modal neuroimaging, based on simultaneous EEG and near-infrared spectroscopy (NIRS) measurements, can assist in the robust detection of the idle class within a sensory motor
rhythm-based BCI paradigm. We propose two types of subject-dependent classiﬁcation strategies to
combine the information of both modalities. Our results demonstrate that not only idle-state decoding
can be signiﬁcantly improved by exploiting the complementary information of multi-modal recordings,
but also it is possible to minimize the delay of the system, caused by the slow inherent hemodynamic
response of the NIRS signal.
& 2015 Elsevier Ltd. All rights reserved.
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1. Introduction
Brain–computer interface (BCI) systems have been developed to
allow users to control computers or external devices using their intentions, which are decoded from their brain activity [2,3]. The majority
of sensory motor rhythm (SMR)-based BCIs require the subject to react
to a cue from the device, known as a cue-paced or synchronous BCI.
However, synchronous BCI systems are disadvantageous for a broad
range of applications outside the laboratory, such as wheel-chair operation [4] and various other rehabilitation devices [5]. Therefore, it is
necessary to design stable BCI systems with the capability of detecting
asynchronous (or self-paced) actions of a subject.
In asynchronous BCI paradigms the users' intentions are divided
into active and idle states. During the active state the user concentrates
on the speciﬁc mental tasks to operate the system. During the idle
state the subject is not required to interact with the system. The
robust detection of idle states is highly important for the successful
operation of asynchronous BCIs. To date, a number of classiﬁcation
strategies have been proposed for this purpose. Power et al. [6]
propose a one-vs-rest (OVR) classiﬁer, system-paced NIRS-BCI which
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detects an idle state as well as two active states, corresponding to
either mental arithmetic or mental singing. Zhang et al. [7] designed
an EEG-based, two-stage system of two binary classiﬁers, where the
ﬁrst stage binary classiﬁer decodes idle and active states. Once an active state is detected, the second binary classiﬁer is used to identify the
active class. Millán and Mouriño [8] propose an EEG-based, one direction wheelchair operation system, which activates with a foot
imagery task. The system activates when the bandpower of EEG signals exceed a subject-dependent threshold.
Enhancing the accuracy and universality of BCI decoding are
priorities of current BCI research. Therefore various types of optimization techniques [9,10] and paradigms [11] have been proposed to improve BCI performance and universality. One solution of stabilizing the
outcome of BCIs lies in using two or more modalities of neuroimaging
data, i.e., measurement devices forming a hybrid BCI [1,12,13].
Fazli et al. [14] proposed a hybrid sensory motor rhythm (SMR)based BCI paradigm combining NIRS and EEG. A meta-classiﬁer is
constructed to combine the classiﬁer outputs of the individual modalities. Classiﬁcation performances of unimodal EEG and NIRS as well as
multi-modal EEGþ NIRS are compared. Their results show that simultaneous measurements of NIRS and EEG can signiﬁcantly improve the
classiﬁcation accuracy of motor imagery in over 90% of considered
subjects and lead to performance increases of 5% on average.
While EEG, the most commonly used device in the context
of non-invasive BCIs, measures scalp voltage ﬂuctuations, which
result from ionic current ﬂows of the neuronal activity, NIRS
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(like fMRI) depends on focal changes in cerebral blood ﬂow, i.e. on
concentration changes of the chromophores deoxygenated and
oxygenated hemoglobin following neuronal activity [15]. Previous
NIRS and fMRI studies reported a peak of the hemodynamic response with a delay of approximately 6 s after stimulus onset [16].
Because of the temporal resolution of the hemodynamic response,
previous NIRS studies were designed as synchronous paradigms
with relatively long task periods of more than 10 s for motor [17],
cognitive [18] among others.
However, in a real-time asynchronous setting, it would be
inconvenient to wait for 6 s after a mental command. Furthermore,
Information Transfer Rates (ITRs) would be greatly impaired by
doing so. Therefore, the hemodynamic response delay is the primary limitation preventing NIRS from real-time BCI applications.
This limited responsiveness results in decreased usability of the
system and can therefore not be seen as a viable alternative to EEGbased BCI's, which can usually be operated in real-time. In summary, an EEG–NIRS hybrid system should not only improve the
classiﬁcation performance but should also maintain a reasonable
ITR for the purpose of real-world BCI applications.
In this study, we propose to leverage the temporal dynamics
of the output of a NIRS-based classiﬁer that distinguishes the idle
state from active states (formerly termed brain switch [19]). The
extremes of the classiﬁer output indicate the transitions of mental
states even before the peak of the hemodynamic response is reached; therefore, we are able to circumvent this time delay to some
degree.
Previous multi-modal studies have shown a high variability
between NIRS and EEG classiﬁcation accuracies for single subjects
[14]. This indicates that each modality is not contributing equally
to the classiﬁcation, even though the neuronal signals are extracted
simultaneously from same subject. Therefore, novel classiﬁcation
and data-fusion strategies of using EEG and NIRS signals are needed for hybrid EEG–NIRS systems. While a complete review of this
topic is beyond the scope of this paper (for further reading, refer to
[20]), here we will outline two recent developments, namely
temporal kernel Canonical Correlation Analysis (tkCCA) [21] and
multimodal source power correlation analysis (mSPoC) [22]. While
tkCCA is a multivariate extension of the crosscorrelogram between
data sources that have different dimensionalities and temporal resolutions, mSPoC maximizes the correlation of two raw multimodal
multivariate signals that are spatially and temporally sampled differently and are coupled through a nonlinear transformation. In this
paper we propose two distinct subject-dependent classiﬁcation
strategies based on unimodal EEG and NIRS classiﬁers.
The real-time feedback data in this study was originally recorded with a cue-based paradigm. However, this paradigm combines short task periods with long idle periods, such that it enabled
us to test whether our proposed method can be extended for an
asynchronous BCI setting in the future. Our results not only demonstrate that idle as well as active state decoding can be signiﬁcantly improved by exploiting the complementary information of
multi-modal recordings, but also that it is possible to somewhat
minimize the system response, caused by the inherent hemodynamic delay of the NIRS signal.

2. Methods

synchronous manner, there were relatively long ‘no-task' periods,
which were used to estimate and validate our proposed method. In
this study 14 healthy, right-handed volunteers (aged 20–30) participated. The subjects were seated in a comfortable chair with armrests and were instructed to relax their arms. The experiment
considered here consisted of 2 sessions of motor imagery with
visual feedback. Each session consists of 50 trials of right hand and
50 trials of left hand imagery tasks (100 trials per session). For all
blocks the ﬁrst 2 s of each trial began with a black ﬁxation cross
that appeared at the center of the screen. Then, an arrow appeared
as a visual cue and pointing to the left or right. During the motor
imagery the ﬁxation cross started moving for 4 s, according to the
real-time classiﬁer output of the EEG signal. After 4 s the cross disappeared and the screen remained blank for 10.5 71.5 s. The online processing was based on the concept of co-adaptive calibration
[23] and details are described in the Data analysis section.

Fig. 1. Setup of NIRS sources and detectors and EEG electrodes.
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2.1. Experimental setup
2.1.1. Participants and experimental paradigm
In order to ﬁnd out whether the multi-modal setup can assist
in improving the accuracy of the idle-state detection we used
data from a previous study [14]. While this study was recorded in a

Fig. 2. The ﬂowchart of data analysis of simultaneous EEG and fNIRS brain signals
for the pseudo-online BCI system. The steps of pre-processing, feature extraction
and classiﬁers were separately applied to each signals. Also the classiﬁcation
accuracies were estimated in the validate data set to ﬁnd the optimal classiﬁer set
for each subjects. Finally, the test data set was used for estimation of the
performance.
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2.1.2. Data acquisition
During the experiment, simultaneous EEG and NIRS brain
signals were recorded. The NIRS-System (NIRScout 8-16, NIRx
Medizintechnik GmbH, Germany) was equipped with 24 optical
ﬁbers (8 sources with wavelength of 760 nm and 850 nm, 16
detectors convolving to 24 measurement channels) and ﬁxated
on the subject's head with inter-optode distances between 2 and
3 cm. The sampling frequency of the NIRS was f NIRS ¼ 6:25 Hz. EEG
signals were recorded with a multichannel EEG ampliﬁer (BrainAmp by Brain Products, Munich, Germany) using 37 Ag/AgCl
electrodes at a sampling frequency of f EEG ¼ 1 KHz and then down
sampled to 100 Hz. EEG electrodes and the optical probes (sources
and detectors) were located according to the international 10–20
system and covered frontal, motor and parietal areas of the head as
shown in Fig. 1. Most NIRS probes shared their position with electrodes, allowing us to extract neuronal and hemodynamic brain
signals from the same cortical areas.

2.2. Data analysis
Fig. 2 shows a ﬂow chart of EEG–NIRS data analysis. EEG and
NIRS signals were analyzed separately as part of preprocessing and
feature extraction. We then introduce two types of subject-dependent classiﬁer combinations and optimal type selection algorithm. The speciﬁc steps of data analysis are described below.
2.2.1. Preprocessing
Raw NIRS data (attenuation changes) was transformed to hemoglobin concentration (oxygenated (HbO) and deoxygenated (HbR) hemoglobin) changes with a modiﬁed Beer–Lambert law (differential path
length factors: 5.98 (for higher wavelength: 830 nm) and 7.15 (for
lower wavelength: 760 nm)) [24]. Then, NIRS data was low-pass ﬁltered
at 0.2 Hz using a one-directional digital ﬁlter, namely a 3rd order
Butterworth-ﬁlter.
From both EEG and NIRS, 50 trials of each task (right and left
hand imagery) and 100 trials of idle state data (i.e., data in between
the actual trials) were segmented within each of the 2 experimental

Table 1
Binary single-trial classiﬁcation accuracies (%) of uni-modal imaging, i.e. either EEG
or NIRS for the individual subjects, as well as their mean. For EEG all binary
combinations of one particular class versus all other classes are considered, as well
as ‘L vs. R’, where ‘L’ and ‘R’ stand for left and right hand imagery, respectively. For
NIRS only the classiﬁcation accuracy of the idle class versus all other classes is
considered for the individual chromophores as well as their combination.
Subject EEG

NIRS

R vs.
others

L vs.
others

Idle vs.
others

R vs. Idle vs.
L
others
(HbO)

Idle vs.
others
(HbR)

Idle vs.
others
(Comb)

a
b
c
d
e
f
g
h
i
j
k
l
m
n

65.9
97.5
70.2
80.4
79.9
70.9
91.4
88.1
66.0
81.2
90.6
95.5
67.9
96.9

71.5
98.2
77.0
88.1
74.0
73.0
88.0
92.0
65.3
87.6
90.2
97.0
71.0
97.4

72.6
94.0
72.9
97.9
95.8
69.3
93.8
88.9
60.8
77.0
77.6
91.0
85.5
95.0

47.6
99.0
69.3
78.3
86.0
64.5
85.6
92.4
57.4
91.0
98.0
98.2
63.3
98.6

91.1
80.1
59.7
88.9
87.1
72.6
91.1
84.3
65.2
86.4
95.8
96.6
81.1
94.9

91.9
78.0
64.6
87.5
90.9
60.6
90.0
87.1
71.9
74.6
91.5
99.2
72.0
90.5

93.9
87.4
72.1
87.2
90.3
79.7
91.3
92.5
78.6
87.7
93.0
97.8
81.9
95.7

Mean

81.6

83.6

83.7

80.7 83.9

82.2

87.8
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sessions (accumulating into 100 trials of imagery tasks and 100
trials of idle state per session). The whole ﬁrst session was used as
training data, while the second session was further split into two
equal parts: half of the data were used as the validation set and half
as the test set. The data of the ﬁrst session (i.e. the training data)
was used to estimate all classiﬁers for NIRS and EEG. The validation
set was used to ﬁnd the optimal classiﬁer type for each subject (as
will be explained in Section 2.2.5). Finally, the test data was employed for the ﬁnal performance evaluation.

2.2.2. Feature extraction and classiﬁcation
For the EEG data, we consider two different analysis methods. A
common approach in sensory-motor rhythm based BCI research is
to estimate subject-dependent band-pass ﬁlters from training data
with a established heuristic [25]. This heuristic depends on the
Laplacian spatial ﬁlter to reduce the volume conduction effects in
the EEG signals [26]. After applying the temporal ﬁlter to the data,
Common Spatial Patterns (CSP) were used as spatial ﬁlters [27].
Log-variances of the temporally and spatially ﬁltered data were
calculated as features. We also applied a novel Bayesian framework
for discriminative feature extraction, which was developed for
binary motor imagery classiﬁcation. Here the class-discriminative
frequency bands and the corresponding spatial ﬁlters are optimized by means of a probabilistic and information-theoretic approach. The method is termed Bayesian spatiospectral ﬁlter optimization (BSSFO) and has shown to outperform a number of competing algorithms, such as CSSP, FBCSP among others [9]. For further
details on the theory and implementation, refer to [28].
For the NIRS signal, a baseline correction was performed by subtracting the average from  2 s to 0 s before stimulus onset from
each trial. Then, features were calculated as mean amplitudes of
the hemodynamic changes of HbO as well as HbR, in the interval
between 4 s and 6 s with respect to stimulus onset.
Linear Discriminant Analysis (LDA) is a technique for pattern
recognition that ﬁnds linear combinations of features to separate
the classes by maximizing between-class variance, while minimizing within-class variance [29]. The projection matrix maximizes
the ratio of the determinant deﬁned by Eq. (1), where SB and SW
denote the between-class and within-class covariance matrices,
respectively and w the hyper-plane for separation of the classes,
which can be obtained by maximizing the Rayleigh coefﬁcient:
w ¼ arg max
w

wT SB w
wT SW w

ð1Þ

To separate the three classes (left hand imagery, right hand
imagery, and idle) two classiﬁcation strategies, namely One Versus
the Rest (OVR) and Within the Binary (IN) were considered (see
[30,31] for further details). The following OVR classiﬁers and CSP
ﬁlters were estimated for EEG: left vs. others, right vs. others and idle
vs. others. Only one IN LDA classiﬁer and CSP ﬁlter was estimated
for EEG: left vs. right (see Algorithm 1). Three OVR classiﬁers were
estimated for NIRS (Idle-state detector): idle vs. others (HbO), idle
vs. others (HbR) and idle vs. others (HbO and HbR, concatenated).


Therefore, four LDA parameters: wj ; bj j ¼ 1;2;3;4 and CSP spatial
ﬁlters were calculated for EEG signals, and three LDA parameters


were calculated for the NIRS signal: wj ; bj j ¼ 5;6;7 on the training
data. Binary single-trials classiﬁcation accuracies for all type of
classiﬁer were evaluated based on 10-fold cross validation. Results
of the NIRS classiﬁcation indicated best performance for the
combination of HbO and HbR features (see Table 1). Therefore,
the combination of HbO and HbR was chosen for the idle-state
detector in the further analysis.
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Algorithm 1. Subject-dependent classiﬁer algorithm.

2.2.3. Pseudo-online emulation
To emulate a classiﬁcation in real-time, the classiﬁers were fed
with data from a moving window (width ¼1 s, step size ¼0.5 s).
This procedure emulates a pseudo-online asynchronous paradigm
[32]. Given a LDA hyper-plane formulation ðwT X þ bÞ, continuous
LDA outputs are obtained from EEG as well as from NIRS data. X
ðX A RNE T E Þ and Y ðY A RNN T N Þ denote continuous EEG and NIRS

data, respectively, with N E and N N denoting the number of
channels and T E and T N sample points for EEG and NIRS, respectively. Finally, j represents the selected classiﬁer and k the index of
the moving window:
 T
pkj ¼ wj X k þ bj ;

j ¼ 1; 2; 3; 4

ð2Þ

M.-H. Lee et al. / Pattern Recognition 48 (2015) 2725–2737
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Fig. 3. Upper rows show grand average NIRS and EEG LDA outputs for three OVR classiﬁers. The right panel shows the activation, derived from the ‘Idle vs. others’ NIRS
classiﬁer. The ﬁrst column of the lower panels depicts the combination of NIRS and EEG classiﬁer outputs, while the second column depicts the combination of EEG with the
NIRS activation function (type II). Highlighted areas indicate the onset and offset of an active trial (i.e. right or left hand imagery). The ﬁrst red highlighted area marks a right/
left (top/bottom) hand imagery trial while the second one marks the onset of the next motor imagery trial (which could be either left or right hand imagery). (For
interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

 T
pk5 ¼ wj Y k þ bj ;

j¼7

ð3Þ

2.2.4. Activation function
OVR-based LDA outputs are calculated using the time series of
EEG and NIRS data. The continuous LDA output is then segmented
by the stimulus onset of each class (right and left hand imagery
movements) and averaged. As can be seen in the top-middle part
of Fig. 3, the EEG classiﬁer outputs for the active classes (red and
green lines) show an immediate increase, shortly after stimulus
onset, while the blue line (idle class) decreases.
However, a delayed response can be observed (see left part of
Fig. 3) in the classes of the NIRS classiﬁer output. This delay is
caused by the slow hemodynamic response (see Section 1). Here
we propose a NIRS-based activation function (formerly termed
brain switch [19]) to distinguish between active and idle brain
states. The activation function consists of a binary (0 or 1) number,
signifying either an active or an idle mental state. It is derived from
the continuous ‘idle vs. others' NIRS-derived classiﬁer output ðpk7 Þ.

Inﬂection points on this curve, i.e., where the curvature changes its
sign from plus to minus (or from minus to plus), are considered a
change in the subject's current mental state (from idle to active, or
vice versa). The activation function is then set to 1 (or 0) as can be
seen in Fig. 4(a). The lower left columns of Fig. 3 depicts the sum of
NIRS and EEG classiﬁer outputs on a single-trial basis. The lower
right column depicts the combination of EEG and NIRS with the
help of an activation function. The details of how this is performed
are given in the next section.

2.2.5. Optimal combination of classiﬁers
To estimate the three mental states (right, left, and idle), we
propose and examine two distinct subject-dependent classiﬁcation
strategies for combining EEG and NIRS using EEG classiﬁers and
NIRS-based activation function. The ﬁrst approach (type I) is to use
the activation function to determine whether a subject is in an
active or idle mental state. If an active state is detected by the activation function, the binary right vs. left EEG classiﬁer output ðpk4 Þ is
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Fig. 4. (a) Activation function and the classiﬁcation outputs of the proposed two types of classiﬁer combinations for roughly 2 min of the experiment. (b) Type I – when the
activation function predicts an active state, a binary EEG classiﬁer (yellow line) is used to determine the active class (i.e. right or left hand imagery). (c) Type II – the activation
function is used for weighting the three EEG classiﬁer outputs. (d) Original EEG classiﬁer outputs are shown. The red and green patches indicate the true active classes (red:
right hand imagery, green: left hand imagery) as well as their duration. Square boxes indicate the systems outputs. Red boxes mark incorrect outputs, while black boxes
indicate correct outputs. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

employed to decode the direction of the imagery movement:
(
sgnðpk4 Þ if ψ k ¼ 1;
k
y ¼
ð4Þ
0;
if ψ k ¼ 0;
where ψ k denotes the activation function and yk A f  1; 0; þ 1g
the estimated classiﬁer output corresponding to right, idle and left
class, respectively (see Fig. 4(b)).
The second approach of combining the individual classiﬁers
estimates the current mental state (‘left’ or ‘right’ hand imagery or
‘idle’) on the basis of the three OVR-based EEG classiﬁers described
in Section 2.2.2. The activation function is used to weight the output of each of the three EEG classiﬁers. To further illustrate, when
the NIRS-based activation function is 1 (active state), the outputs of
the EEG-based classiﬁers containing an active classes (corresponding to EEGright vs: others and EEGleft vs: others ) are raised. Conversely,
when the activation function is 0 (idle state), the output of the
EEG-based classiﬁer containing the idle class (corresponding to
EEGidle vs: others ) is raised:
(
p0k
j;j A f1;2;3g

¼

pk1;2 þ αk

if ψ k ¼ 1

pk3 þ αk

if ψ k ¼ 0

ð5Þ

where j ðj A f1; 2; 3gÞ denotes the classiﬁer index as described in
Section 2.2.3 and ψ k denotes the kth value of the activation

function. α denotes the weight value by considering the distribution of three classiﬁers output with optimal parameter θ.
The maximum output of the three OVR classiﬁers is determined
as the current predicted mental state. In order to ﬁnd the optimal
weighting parameter for each subject, a grid search was performed
on the validation data set using Area under the Receiver Operating
Curve (AUC) as a loss function:
 
yk ¼ arg max p0k
j

ð6Þ

j





θn ¼ arg max AUCðyk ; Y k Þ

ð7Þ

θ

where yk denotes the estimated label, Y k the true label and θ the
optimal weighting parameter. The parameters of θ were varied
between 0.1 and 3 on a linear scale. The optimal parameter θ which
has shown the peak of AUC score is selected across all subjects as
can be seen in Fig. 7.
To determine which of the proposed classiﬁer combinations
(i.e., type I–II) is optimal for a given subject, type with the
maximum AUC score is selected. Finally, the optimal type is applied
to the test data of the individual subjects. The exact algorithm is
presented in Algorithm 2.
n
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Algorithm 2. Subject-dependent classiﬁer algorithm (cont.)

Fig. 4 shows a sketch of how the proposed classiﬁer combinations are applied practically. On the top of Fig. 4(a), the LDA output,
based on the NIRS signal through time, is depicted. As mentioned
earlier, a change in curvature implies a change of the mental state
(i.e., from active to idle or from idle to active). The blue patches
indicate an active state, estimated from the NIRS data. In the lower
part of Fig. 4(a), the estimated mental states are depicted as binary
numbers (activation function).
Fig. 4(b) explains how the type I is working. The yellow line is
continuous EEG classiﬁer output (pk4 : discriminating between the
two classes: left vs. right). When the activation function indicates

an active state, the EEG classiﬁer ðpk4 Þ is decided to the current class.
Whereas, when the activation function indicates an inactive state,
the current state is decided to the idle class. All the small squares
depict the outcomes of the classiﬁcation result by each type of
classiﬁer ensemble (½ 1; 0; 1, corresponding to right, idle, and left
class). Correctly classiﬁed boxes are colored in black, while red
boxes indicate misclassiﬁcation. The red and green patches indicate
the label of true active classes (red: right hand imagery, green: left
hand imagery) as well as their duration.
Fig. 4(d) shows the OVR-outputs of the three EEG-based classiﬁers ðpk1;2;3 Þ. The classiﬁer with the maximum output determines
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the current mental state. Fig. 4(c) shows the same three EEG-based
OVR classiﬁer outputs as in Fig. 4(d), with the following difference:
when an active state was detected by the NIRS-based activation
function, the outputs of the active classes (red line: left vs. others,
green line: right vs. others) received increased weight ðp0k
1;2 Þ. Similarly, when an idle state was detected, the idle state EEG-based
classiﬁer (blue line) received increased weight ðp0k
3 Þ. The original
EEG-based OVR classiﬁer outputs are also plotted as a dotted line
for easy comparison.
2.2.6. Performance evaluation
The pseudo-online evaluation was validated by 4-fold chronological cross-validation. In the ﬁrst fold the ﬁrst half of the data
was used as the training set, while the second half of the data was
further split into equal halves, being validation and test set. The
further folds of the cross-validation scheme were such that the test
set covered the whole range of the data once.
For the performance evaluation of an asynchronous BCIs [33],
the accuracy, sensitivity, speciﬁcity, and AUC scores, which is the
area under the ROC (Receiver operator Characteristics) curve were
calculated. The correct estimation of right and left hand movement
imagery classes was considered the true positive, and the correct
estimate of the idle state was considered the true negative. The
Wilcoxon rank-sum test (signiﬁcant level: p o 0:05) was computed
to examine the performance improvement between uni-modal
EEG and proposed multi-modal EEG–NIRS system for all evaluation
parameters of accuracy, sensitivity, speciﬁcity and AUC score.
For the successful control of a BCI system, a minimum accuracy
of 70% has previously been proposed [34]. Subjects with less than
70% are commonly referred to as ‘illiteracy’ and this group of
subjects is a non-negligible portion of users (estimated 15–30%)
[35]. In our study, to examine the effects of our multi-modal setup
on this illiterate group of subjects, we thresholded the performance at 0.7 AUC on a subject level and thus created an ‘illiteracy
group’ as well as a ‘normal group’.

Table 2
Classiﬁcation accuracy (Acc), sensitivity (Sen), speciﬁcity (Spec) and AUC (all in %)
for individual subjects as well as their mean, comparing uni-modal EEG as well as
multi-modal EEG þNIRS. Two different spatio-temporal analysis methods are
compared: classical CSP and a more recent method, BSSFO. T indicates type.
Subj

Acc

Sen

Spec

AUC

Acc

Sen

Spec

AUC

T

CSP
a
b
c
d
e
f
g
h
i
j
k
l
m
n

54.1
69.3
40.0
59.1
61.1
43.1
68.7
63.4
42.4
53.7
36.3
56.3
50.5
64.8

40.0
70.3
65.1
63.5
67.4
58.2
62.7
57.8
38.8
46.5
67.0
49.3
52.1
52.4

60.3
69.2
33.7
58.4
59.7
39.8
70.4
65.5
43.9
57.7
28.4
60.0
49.8
70.2

0.63
0.76
0.57
0.69
0.74
0.59
0.76
0.68
0.51
0.58
0.54
0.62
0.63
0.65

59.8
69.0
44.7
67.3
59.7
43.5
68.0
63.9
50.5
57.6
62.0
56.1
57.1
71.3

78.2
70.8
59.2
64.9
75.3
59.0
73.9
63.8
50.5
62.6
85.0
67.7
62.0
73.3

55.8
68.6
41.2
68.3
55.7
40.0
66.3
63.8
50.5
55.9
55.9
52.8
55.7
70.5

0.79
0.76
0.59
0.75
0.75
0.59
0.79
0.71
0.60
0.66
0.78
0.68
0.71
0.78

I
II
II
II
II
II
II
II
I
I
I
I
II
II

Mean

54.5

56.5

54.8

0.64

59.3a

67.6b

57.2

0.71b

BSSFO
a
b
c
d
e
f
g
h
i
j
k
l
m
n

72.9
68.6
61.6
65.1
61.8
48.3
68.7
66.5
39.5
41.0
33.5
56.0
63.8
61.4

54.4
69.5
56.0
52.9
71.3
64.9
62.7
68.4
49.7
68.2
73.6
47.1
51.9
58.3

78.7
68.6
63.4
69.3
59.3
44.6
70.4
65.8
37.2
33.6
24.8
60.2
67.2
62.5

0.80
0.75
0.72
0.70
0.75
0.64
0.76
0.74
0.55
0.54
0.54
0.62
0.73
0.65

65.2
68.6
61.6
67.0
60.9
48.7
68.0
66.0
48.1
54.3
61.7
56.2
61.8
70.4

78.2
70.3
58.1
64.4
76.9
66.3
73.9
71.8
44.6
64.7
84.3
66.7
62.9
71.9

62.2
68.2
62.7
68.0
56.9
44.8
66.3
63.9
49.1
50.9
55.9
53.2
61.6
69.8

0.81
0.75
0.73
0.75
0.76
0.65
0.79
0.75
0.60
0.64
0.78
0.69
0.75
0.77

Mean

57.7

60.6

57.7

0.68

61.3

68.2b

59.5

0.73b

a

3. Results
Our ﬁrst goal is to show that the proposed subject-dependent
classiﬁer strategies improve the classiﬁcation accuracy of the idlestate detection for BCI systems.
All binary, uni-modal classiﬁers that are necessary for the
ensemble learning were ﬁrst evaluated in a synchronous fashion
and their classiﬁcation accuracies (%) can be obtained from Table 1.
The left part of the table shows results for EEG, while the right part
for NIRS. Individual NIRS chromophores (HbO and HbR) were
considered individually as well as their combination by simple concatenation of features. Results of the concatenated features outperformed individual ones. While this result was not signiﬁcant,
for future analysis only the combination of features was used.
Table 2 shows classiﬁcation accuracies for EEG as well as the
combination of EEG and NIRS, based on a pseudo-online approach
(see Section 2.2.3). The left part of the ﬁgure considers uni-modal
EEG, while the right part shows results for the proposed EEGþ NIRS
ensemble classiﬁer. As explained in Section 2.2.2 two analysis methods for the validation of EEG features were used, termed ‘CSP’ and
‘BSSFO’. As can be seen in the averages, the BSSFO approach outperforms the CSP method for uni-modal EEG-based classiﬁcation.
The performance of the two types of ensemble classiﬁers
(introduced in Section 2.2.5) was evaluated on the validation data
and then applied to the test data. The selected type is given in the
last column of the table. The proposed hybrid pseudo-online BCI
outperformed the EEG stand-alone system, regardless of which
EEG analysis method was chosen. All performance parameters
(accuracy, sensitivity, speciﬁcity, and AUC score) are evaluated

EEG þNIRS

EEG

b

I
II
II
I
II
II
II
II
II
II
I
II
II
II

Indicates p o 0:05.
Indicates p o 0:01.

across all subjects for CSP as well as BSSFO. Wilcoxon signed rank
tests yield signiﬁcant performance increases for the accuracy, sensitivity and AUC scores for CSP (p¼ 0.013, p ¼0.0009 and p ¼
0.0002, respectively) as well as sensitivity and AUC scores for
BSSFO (p ¼0.029 and p¼ 0.0004, respectively). However, speciﬁcity
of CSP (p ¼0.062) as well as accuracy and speciﬁcity of BSSFO
(p ¼0.35 and p¼ 0.85, respectively) did not reach signiﬁcant levels.
Performance of uni-modal NIRS was also evaluated in pseudoonline fashion and the results can be seen in Table 3. NIRS performs poorly in the pseudo-online setting. All considered performance measures are signiﬁcantly worse, when compared to unimodal EEG p ¼0.003, p ¼0.013, p¼ 0.041 and p ¼0.0001) as well as
to the multi-modal EEGþ NIRS (p¼ 0.0001, p ¼0.002, p ¼0.011 and
p ¼ 0.0001) setup.
The scatter plots in Fig. 5 compare AUC scores for uni-modal
EEG (x-axis) with the two proposed types of multi-modal classiﬁer
combinations (y-axis). Dots above the green line indicate that a
subject's performance has increased because of the additional
information provided by the NIRS signal as compared to the EEG
signal alone. The percentage of the subjects for whom the combination led to an equal or improved decoding is shown on the top
left of each plot. Furthermore, p-values resulting from a Wilcoxon
signed rank test are shown at the bottom right. Illiterate subjects
( r 0:7 AUC on the validation set) are marked with a star (also see
Fig. 7). Type I combination shows high variability of performance,
i.e. adding the NIRS information can be both helpful and harmful
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Table 3
Shows classiﬁcation accuracy (Acc), sensitivity (Sen), speciﬁcity (Spec) and AUC
scores for uni-modal NIRS.
Subject

NIRS
Acc

Sen

Spec

AUC

a
b
c
d
e
f
g
h
i
j
k
l
m
n

36.2
39.3
37.2
40.6
31.0
21.6
39.3
25.4
45.8
21.2
38.7
45.1
55.1
35.9

38.2
37.2
49.8
21.3
56.6
74.8
12.2
67.9
19.1
69.4
35.2
15.7
3.8
25.0

37.9
44.1
40.0
49.4
23.6
7.4
50.3
14.4
60.2
10.6
44.0
59.8
77.3
39.7

0.45
0.47
0.50
0.43
0.49
0.46
0.44
0.48
0.46
0.47
0.46
0.45
0.48
0.45

Mean

36.6

37.6

39.9

0.46
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depending on the subject. For subjects with low EEG performance
adding NIRS generally increases the performance. For the type I
combination only half of the subjects show increased AUC scores.
In contrast, type II shows an overall increased performance for all
of subjects (EEG-CSP), and for 13 out of 14 subjects (EEG-BSSFO).
These increases are highly signiﬁcant (p ¼0.0001 and p¼ 0.0004,
respectively).
Fig. 6 shows the delays of idle state detection for various
considered methods. The upper part of the ﬁgure shows averaged
LDA classiﬁer outputs for NIRS, while the lower part shows
averaged EEG classiﬁer outputs. The blue lines indicate binary
classiﬁer outputs of idle vs. active classes. The red lines indicate an
average of classiﬁers, decoding active classes: given the active class
label of the cue, ‘left vs. others’ or ‘right vs. others’ classiﬁer outputs were considered for the average. At time 0 s an active state is
cued, which lasts for 4 s, followed by an idle state of 10.5 71.5 s,
which can be obtained from the ﬁrst line of blue (A) and gray boxes
(I) in the center, the true label. NIRS-AF, NIRS-OVR and EEG-OVR
indicate the average predictions of active and idle states for these
three considered methods. While NIRS-AF considers the inﬂection

Fig. 5. Scatter plot comparing AUC scores and signiﬁcant values of various combination of NIRS and EEG. The x-axis depicts the EEG-AUC score. The y-axis depicts the AUC
scores of the EEG þNIRS combination. (For interpretation of the references to color in the text, the reader is referred to the web version of this paper.)
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Fig. 6. Shows average LDA outputs for two NIRS classiﬁers (top) as well as two EEG classiﬁers (bottom). Red lines indicate active classes (left and right hand imagery) versus
idle states. At time 0 s an active state is cued, which lasts for 4 s, followed by an idle state of 10.5 7 1.5 s, which can be obtained from the ﬁrst line of blue (A) and gray boxes
(I) in the center. NIRS-AF, NIRS-OVR and EEG-OVR indicate the average predictions of active and idle state for these three methods. ΔA and ΔI indicate the delays of active and
idle state detection, respectively. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

points of the ‘idle vs. active’ classiﬁer (see Section 2.2.4), NIRS-OVR
and EEG-OVR are based on a winner-takes-all approach. The average time delay for the detection of idle-state onset across subjects
is 1.25 (7 0.82) for NIRS-AF, 4.07 (70.97) for NIRS-OVR and 1.39
(70.28) for EEG-OVR. The offset values are 4.45 (71.13) for NIRSAF, 8.44 ( 70.81) for NIRS-OVR and 3.18 (7(0.79) for EEG-OVR. The
delay of the idle state detection with the NIRS-AF method is
signiﬁcantly shortened, when compared to NIRS-OVR (p ¼0.0003).
Fig. 7 shows the classiﬁcation performances of individual subjects with respect to changing the weight-parameter θ. While for
the earlier analysis the optimal θ was chosen with the help of the
validation set (as explained in Section 2.2.5), here we examine the
performance changes, with respect to varying θ. When the weightparameter θ is 0, three OVR-based stand-alone EEG classiﬁers are
used to decode. By increasing the weight-parameter θ the contribution of NIRS is also increased. Therefore, the weight-parameter θ decides how heavily the hybrid system depends on the
NIRS signal. Here, we divide the 14 subjects into two groups, based
on their EEG performance. Subjects with an AUC score of above
0.70 belong to the normal group, while subjects with a lower BCI
performance ðAUC score r 0:70Þ belong to the illiteracy group. The
illiteracy group shows an overall increased performance, when adding the NIRS information. However, the normal group shows a decrease in their performance after increasing the weight of the NIRS

signal (i.e. by increasing θ). This trend can be seen for both considered EEG analysis methods (CSP and BSSFO).
To further examine the effects of the multi-modal combination
on the illiterate and normal groups, the performance changes of
these two groups are shown in Fig. 8. While the normal group
shows similar accuracy, the illiteracy group shows an increase for
all considered performance measures. Sensitivity and AUC scores
are signiﬁcantly enhanced (p ¼ 0.011 and p ¼0.003, respectively) for
the multi-modal setup.

4. Discussion and conclusion
To stabilize the performance of pseudo-online BCIs, we introduced a multi-modal hybrid BCI. It shows that for some subjects a
single modality is not capable of estimating mental states reliably
enough for the robust control of BCIs. Nevertheless, the use of NIRS
as one of the modalities suffers from a temporal lag because of the
hemodynamic peak between 4 s and 7 s after stimulus onset.
Therefore, we proposed an activation function (active vs. idle state
detection), which uses the curvature of NIRS classiﬁer outputs. The
experimental results indicate that the binary activation function is
fairly synchronized with stimulus onset time points (Fig. 4(a)).
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Fig. 7. Performance evaluation by change of weight-parameter θ in the validation procedure. The x-axis depicts the weight-parameter θ. The y-axis depicts the AUC score.
Bold blue and red lines depict the mean performance of normal and illiteracy groups with variance (bounded line). (For interpretation of the references to color in this ﬁgure
caption, the reader is referred to the web version of this paper.)

Fig. 8. Compares performance measures for illiteracy and normal groups. The blue (illiteracy group) and red (normal group) bars indicate the mean of accuracy, sensitivity,
speciﬁcity and AUC score. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

Pfurtscheller et al. introduced the concept of a brain-switch [12],
which relies on a hybrid BCI. Here one of the modalities (e.g. NIRS)
is responsible for activating the BCI, while another modality is
responsible for active-state decoding. This asynchronous hybrid
BCI combines a NIRS BCI with EEG-based SSVEP orthosis control.
The SSVEP is activated when the relative oxyhemoglobin concentration change exceeds a subject-speciﬁc threshold. Khan et al.
suggest a hybrid EEG–NIRS setup to decode four movement directions [36]. NIRS optodes are positioned over the prefrontal cortex,
while EEG electrodes are positioned over the left and right motor
cortical regions. Two movement directions are controlled by NIRS
and the two remaining ones by EEG. Unimodal classiﬁcation is

performed by LDA, and evaluated individually. Fazli et al. employed
a meta-classiﬁer to combine classiﬁer outputs from NIRS and EEG
[14]. In our approach we propose two types of classiﬁcation strategies. For both types we estimate a NIRS-based classiﬁer, which
detects the idle/active state, and is based on the derivative of the
NIRS classiﬁer output. Depending on this output an active-state
EEG-based classiﬁer is weighted accordingly.
We observe that in our study several subjects failed to perform
in either one of the modalities. Therefore, two alternative approaches of subject-dependent classiﬁcation strategies are suggested
that use complementary information content inferred from each of
the modalities. The ﬁrst approach (type I) shows the signiﬁcantly
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enhanced performance for some subjects by reducing the classiﬁcation problem from three classes (idle, left, and right motor imagery)
to two steps of binary decisions. The second approach (type II) is to
weigh the EEG-classiﬁer outputs using the NIRS activation function.
The weight-parameter θ thereby determines the dependence
between the EEG and NIRS modalities. When the NIRS-based activation function does not classify the active and the idle mental state
correctly, only a small weight-parameter θ is chosen, which sparsely
affects the EEG classiﬁer output. Therefore, classiﬁcation performance
of the second approach will rarely exhibit major drops in performance as compared to uni-modal EEG classiﬁcation (Fig. 5). Therefore
the second approach is more ﬂexible in its capability to reduce the
risk of one modality not functioning properly.
Tomita et al. [37] proposed an SSVEP paradigm using simultaneous recordings of EEG and NIRS. The idle-state is decoded by the
NIRS and derivatives of NIRS signals are used to reduce the hemodynamic delay. They ﬁnd that derivatives are positive in most regions
during the “ON-period”, and vice versa for the “OFF-period”. Their
approach is similar to ours in the sense that they ﬁnd NIRS signals to
be valuable for idle-state detection and that derivatives are useful for
reducing the latency of the hemodynamic response. Here we considered an SMR-based paradigm and investigate which multi-modal
combination is superior for idle-state detection. Our results for uniand multimodal feature combinations indicate that combining NIRS
with EEG leads to increased accuracy (see Tables 2 and 3). Furthermore, we also show that NIRS signals are not only useful for on–off
control (i.e., active/idle state detection), but can also contribute to the
classiﬁcation of active classes, conﬁrming earlier results [14].
While some previous hybrid BCI approaches relied on two paradigms [12,37], here we consider only a single paradigm, which is
evaluated within a multi-modal setup. This approach may simplify the
operation of the BCI on the user side. By employing a hybrid-BCI
approach, the overall performance was signiﬁcantly enhanced and
some subjects showed remarkably improved accuracies. However, the
analyzing routines presented here have been solely validated in an
ofﬂine fashion using pseudo-online technique. Our future work will
extend our research to a real-time asynchronous hybrid BCI with visual
feedback.
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