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Abstract— Near Infrared Spectroscopy (NIRS)-based Brain
Computer Interfaces (NIRS-BCI) rely mainly on the mean
concentration changes and slope of the hemodynamic responses
in separate recording channels to detect the mental-task related
brain activity. Nevertheless, spatial patterns across the
measurement channels are also present and should be taken
into account for reliable evaluation of the aforementioned
detection. In this work the Dirichlet Energy of NIRS signals
over a graph is considered for the definition of a measure that
would take into account the spatial NIRS features and would
integrate the activity of multiple NIRS channels for robust
mental task related activity detection. The application of the
proposed measure on a real NIRS dataset demonstrates the
efficiency of the proposed measure.

I. INTRODUCTION
The last two decades significant advancements have been
accomplished in the research field of Brain-Computer
Interfaces [1]–[3]. A great volume of research has been
devoted in developing novel methodologies for deciphering
the brain activity for communication and rehabilitation
systems [4]. Among the brain-imaging techniques that have
been used for the realization of a BCI system, Near Infrared
Spectroscopy (NIRS) has lately attracted great attention due
to recent technological advancements on novel wireless and
wearable recording devices [5], [6] that allow for noninvasive, portable and efficient BCI systems.
NIRS facilitates light source-detector pairs in the nearinfrared-range (650-1000 nm wavelength) and recording
channels between the source-detector pairs. The recording
sites capture the metabolic response, i.e., the concentration
changes of the chromophores oxyhemoglobin (oxy-Hb) and
deoxyhemoglobin (deoxy-Hb) [7]–[9] with respect to
functional brain activity during cognitive, visual, or motor
tasks. Changes in concentration levels of oxy-Hb and deoxyHb during changes in activation levels of neuronal
populations can be related to mental task-specific responses
and, thus, used for the realization of BCI systems.
In the vast majority of the NIRS-BCI systems the taskrelated functional brain activity is detected by estimating the
mean concentration change (CC) values of the oxy-Hb and
deoxy-Hb signals or the respective slope (S) of the
aforementioned changes during task execution as compared
to relax stages of non-task execution [10]. Thus, dynamic
responses of certain NIRS channels are assessed individually
without taking into account spatial characteristics of the
NIRS signals as expressed throughout the NIRS channel
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montage. Moreover, it was recently shown that antagonistic
patterns of oxy- and deoxy-Hb signals appear in different
brain regions simultaneously during a mental arithmetic task
[11]–[13]. Hence new methodologies that would incorporate
the spatial divergence of mental task-related NIRS signals
should be introduced.
In this work we introduce a novel approach for detecting
mental arithmetic task-related brain activity from NIRS
signals by exploiting the notions of the emerging field of
Graph Signal Processing (GSP). GSP theory [14]–[16] aims
at analyzing high dimensional signals using graphs and
expand traditional signal processing techniques to the graphnetwork domain. Recently various studies have used graph
theory techniques for the analysis of brain activity [17]–[20].
In this study, the montage of NIRS channels is used to define
the corresponding graph for analysis, where measurement
channels correspond to graph vertices. The Dirichlet energy
of the graph [14], [21] is used to capture the spatial
divergence of the NIRS signals before and after a mental
arithmetic task cue onset. The contribution of the proposed
approach beyond the state of the art methodologies lies in the
determination of a measure that integrates the activity of all
NIRS channels and incorporates the spatial notion of NIRS
signal divergence across the different channels.
The following sections II-IV describe the materials and
methods used in this work, present the results and conclude
the work, respectively.
II. MATERIALS AND METHODS
A. NIRS dataset and preprocessing
The dataset used in this study is available online
(http://bnci-horizon-2020.eu/database/data-sets) [12]. The
dataset consists of eight subjects (three male and five female)
of age 26 ± 2.8 (mean±SD) that showed spatial, antagonistic
hemodynamic, mental arithmetic task-related patterns [12].
Subjects were instructed to perform a cue-guided mental
arithmetic task, i.e., subtract sequentially a one-digit number
from a two-digit one for 12 seconds after the cue onset. The
12-second, task-related period was followed by a 28-second
rest period (for details see online dataset documentation).
Thus, each trial lasted for 40 seconds. In this work each trial
is comprised of a 10 second period before cue onset (relax)
for task execution, a 12-sec period of task execution and a
18-sec non-task period (relax). Subjects 1-3 performed 18
trials whereas subjects 4-8 performed 24 trials of mental
arithmetic task.
The light source-detector pairs consisted of 16 light
detectors and 17 light sources resulting in a 52-channel grid
(see Fig. 1). The distance between light-source and light
detector was 3cm, whereas the lowest line of measurement

Fig. 1. Source-detector configuration. Red cycles represent light source
whereas empty cycles represent light detectors. Source-detector distance is
3 cm. X symbol represents a measurement channel (Fp1 association with
the measurement channels is illustrated).

channels was aligned with the Fp1-Fp2 line (Fp1 channel
alignment is shown in Fig. 1). The sampling rate was 10 Hz.
(a)

An IIR bandpass filter of order 20 with cut off
frequencies of 0.01Hz and 0.09Hz was used to remove the
baseline drift and Mayer waves (~0.1Hz) [11]–[13]. Finally,
the trial-related signal of all channels was referred to the 10second baseline interval prior to the task.
B. Graph and Graph Laplacian
Throughout this paper, a graph is defined as the pair 𝒢 =
(𝒱, 𝑊) where 𝒱 = {𝓋1 , … , 𝓋𝑛 } is the set of 𝑛 vertices and
𝑊 ∈ ℝ𝑛×𝑛 is the adjacency matrix of the graph and 𝑤𝑖𝑗 ≥ 0
denoting the weight of the edge (𝑖, 𝑗) ∈ ℰ (set of edges)
between the vertices 𝓋𝑖 , 𝓋𝑗 ∈ 𝒱. Graph 𝒢 is also considered
to be symmetric, i.e., ∀(𝑖, 𝑗), 𝑤𝑖𝑗 = 𝑤𝑗𝑖 . The degree matrix
𝐷 ∈ ℝ𝑛×𝑛 of a graph is a diagonal matrix with diagonal
elements 𝐷𝑖𝑖 = ∑𝑛𝑗=1 𝑤𝑖𝑗 , 𝑖 = 1, … , 𝑛. Finally, the Laplacian
matrix 𝐿 ∈ ℝ𝑛×𝑛 of a graph 𝒢 is defined as 𝐿 = 𝐷 − 𝑊. The
Laplacian of a graph is a real, symmetric, positive
semidefinite matrix.
C. Graph Construction
For the estimation of the 𝑊 matrix, the Semilocal (SL)
approach was adopted as it was proved to be the most
efficient among other approaches of 𝑊 estimation for brain
signals [19].
In a SL graph, only close NIRS measurement channels
are connected (with the Euclidian notion of proximity)
whereas the weights used correspond to the absolute value of
covariance between the measurements of the two channels,
i.e.,
|𝑐𝑜𝑣(𝒙𝒊 , 𝒙𝒋 )| 𝑖𝑓 𝑑(𝓋𝒊 , 𝓋𝒋 ) ≤ 𝑇𝑤
𝑊𝑖𝑗𝑐𝑜𝑣 = {
(1)
0
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
where 𝒙𝒊 , 𝒙𝒋 are the graph signals that correspond to NIRS
channels (vertices of the graph) for a specific trial of the task.
A signal over a graph 𝒢 of the NIRS channels is a vector 𝒙 ∈
ℝ𝑛 that is interpreted as scalar values observed in each
vertex-channel 𝓋𝑖 ∈ 𝒱, 𝑖 = 1, … , 𝑛. 𝑑(𝓋𝒊 , 𝓋𝒋 ) is the
Euclidean distance between the NIRS measurement
channels-vertices (Fig. 1). Finally, 𝑇𝑤 is the distance
threshold that was used to determine the proximity threshold
criterion.

(b)
Fig. 2. (a) Concentration changes of oxy-Hb of trial=11 of subject 2 of each
one of the 52 channels vs. time. (b) The estimated Dirichet Energy
(normalized in the range [0,1]) for the respective trial. Red vertical line
corresponds to the cue onset.

After experimentation, we set 𝑇𝑤 = 4.5 cm. Furthermore,
for the 𝑊 𝑐𝑜𝑣 estimation the first two trials (approximately
10% of the trials) from each subject were used. The final
𝑊 𝑐𝑜𝑣 resulted from the mean between the two trial-referred
matrices. Finally, weights were normalized in the range
[0, 1].
D. Dirichlet Energy
In GSP theory the notion of smoothness of a graph signal
𝒙 is expressed via the 𝑝-Dirichlet form of 𝒙 which is defined
as [14], [21]:
1

𝑝
𝐸𝑝 (𝒙) = ∑𝑖∈𝒱 ‖∇𝑖 𝒙‖2 .
𝑝

(2)

When 𝑝 = 2 then:
2

𝐸2 (𝒙) = ∑(𝑖,𝑗)∈ ℰ 𝑤𝑖𝑗 (𝑥𝒊 − 𝑥𝒋 ) = 𝒙𝑇 𝐿𝒙,

(3)

that is, the graph laplacian quadratic form, which, thoughout
this work, will be denoted as the Dirichlet energy (𝐸) of 𝒙. If

(a)

Fig. 3. The estimated Dirichet Energy (normalized in the range [0,1])
measure for oxy-Hb for trials 3-18 of subject 2. Red vertical line
corresponds to cue onset.

(b)
Fig. 5. Boxplots of the Dirichet Energy measure (normalized in the range
[0,1]) for all trials of all eight subjects averaged within eight 5-second
segments for (a) oxy-Hb and (b) deoxy-Hb.concentrations

Fig. 4. The estimated mean Dirichet Energy (normalized in the range [0,1])
measure for all trials of all eight subjects (upper left:subject 1, lower
right:subject 8). Red vertical lines corresponds to cue onset.

𝒙 is constant across all vertices of the graph then 𝐸 = 0. In
general 𝐸 is small when the signal 𝒙 has similar values in
neighboring vertices, i.e., the signal 𝒙 is smooth. In essence 𝐸
is a measure of how much a graph signal changes with
respect to the network. In the NIRS case it is a measure of
how much a NIRS signal changes with respect to the channel
montage. Thus, it is expected that 𝐸 will be approximately
zero when no mental-task is executed, thus no oxy-Hb or
deoxy-Hb concentration changes are detected across NIRS
channels. In the other hand 𝐸 is expected to maximize within
the task execution period.
III. RESULTS
Figure 2 shows the concentrations changes of oxy-Hb for
all NIRS channels across time (Fig. 2a) and the

corresponding 𝐸 measure (Fig. 2b) for the respective mental
arithmetic task trial of subject 2 of the dataset. Despite the
fact that the graph NIRS signal 𝒙 is smooth during the pretask period (10-sec period before red line) concentration
changes start to vary after cue onset, leading to a more
diverge texture of the graph signal. As expected, this spatial
channel-oriented divergence is captured by the Dirichlet
Energy measure which start to increase after the cue onset
and decreases later on. It is noteworthy that despite the fact
that the task execution period last for 12 seconds after cue
onset, the spatial divergence last even after that time frame,
entering the subsequent 18-second relax stage.
Figure 3 depicts the 𝐸 measure for all task execution trials
3 to 18 (the first two trials are excluded as they were reserved
for the estimation of graph weights, see Section II) of subject
2. Despite the fact that the Dirichlet Energy is maximized in
different time bins during the mental task execution (or even
after that) it is consistently very low during relax, pre-task
period.

Figure 4 illustrates the mean Dirichlet Energy across all
trials (3-18 for subjects 1-3 and 3-24 for subjects 4-8) for the
oxy-Hb concentrations. Again, for all subjects the mean 𝐸
measure across trials expresses the divergence of the NIRS
signal that is exhibited during the mental task execution.
Furthermore, it is noteworthy that during the pre-task 10-sec
period, the 𝐸 measure seem to decrease and increase,
exhibiting a convex shape. The decrease part is due to the
sequential realization of the trials resulting in having mental
task execution before relax period and vice versa. Moreover,
the part that 𝐸 starts to escalate is shown to begin slightly
before the cue onset. Probably, this is due to the fact that in
each trial, before the cue onset for task execution there was
an initial sign for trial initialization that would
subconsciously lead to mental triggering. This may result in
subsequent oxy-Hb concentration changes and thus escalation
of the Dirichlet Energy.
In order to investigate if the mean 𝐸 values differ
significantly before and after the mental task cue onset, the
whole trial duration was segmented in 8 parts and for each
part the mean 𝐸 value was estimated. Figure 5 illustrates the
boxplots of these mean values for all trials of all subjects for
oxy-Hb (Fig. 5a) and deoxy-Hb (Fig.5b). The 1-way anova
analysis between all eight segments confirms that even within
the first five seconds after onset (3rd time segment), the 𝐸
values differ significantly from the corresponding segments
before onset both for oxy-Hb and deoxy-Hb (𝑝 ≪ 0.05).
It should be stressed out that similar behavior of 𝐸
measure as depicted in figures 2-4 is exhibited for
concentration changes of deoxy-Hb. Thus, 𝐸 measure seems
to comprise a valuable tool for mental task related brain
activity detection that integrates information from multiple
channels in one measure and could be potentially used for the
realization of NIRS-BCI systems. Further experimentation
with the proposed measure is needed with more NIRS
datasets and real BCI experimental settings.
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IV. CONCLUSION
In this work a novel measure for the detection of the mental
task related activity is presented. The proposed measure is
based on the emerging field of GSP theory and exploits the
Dirichlet Energy notion to capture the spatial divergence of
the NIRS signal during mental task execution. The
efficiency of the proposed measure is illustrated in real
NIRS signals where it is shown to discriminate relax from
task related periods even within a time frame of the first five
seconds after onset. Nevertheless, the efficacy of the
proposed approach should be further tested on more datasets
for NIRS-BCI systems.
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