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Abstract
Purpose: Functional Near-Infrared Spectroscopy (fNIRS) is a non-invasive imaging technology with widespread
use in cognitive sciences and clinical studies. It indirectly measures neural activation by measuring alterations of
oxyhemoglobin (HbO2) and deoxyhemoglobin (Hb) in tissues. This study used mental arithmetic task for analyzing
the activation of the frontal cortex.
Materials and methods: The fNIRS instrument was used for measuring the alterations of HbO2 and Hb in healthy
subjects during the task. Then the recorded signals were filtered in the frequency range of 3 to 80 mHz. The
Continuous Wavelet Transform (CWT) of each of the HbO2 and Hb signals in each channel was calculated in the
intended frequency range, followed by the calculation of the energy of obtained coefficients. Finally, for the
performed tasks, the average energy of each channel in each region was obtained. Then the energies of spatially
symmetric channel pairs in the two hemispheres were compared using the t-test.
Results: Results demonstrated that the average energy of HbO2 signal for corresponding channels in the temporal,
Medial Prefrontal Cortex (MPFC), and Dorsolateral Prefrontal Cortex (DLPFC) regions had significant differences
(P<0.05). Also, a significant difference was observed in the temporal, medial prefrontal, and Ventrolateral Prefrontal
Cortex (VLPFC) regions for Hb signal.
Conclusion: The obtained results indicate activation in both HbO2 and Hb signals in the DLPFC, temporal, and
MPFC regions, considering the performance of memory and the frontal cortex under mental arithmetic tasks.
Therefore, it can be concluded that this technique is effective and appropriate for analyzing alterations of brain
oxygen levels during cognitive activity.
Keywords: Functional Near-Infrared Spectroscopy; Mental Arithmetic Task; Prefrontal Cortex; Continuous
Wavelet Transform.
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1. Introduction
Nowadays, many imaging techniques exist to measure
human brain activation, including Electroencephalogram
(EEG), Positron Emission Tomography (PET), functional
Magnetic Resonance Imaging (fMRI) [1], and Functional
Near-Infrared Spectroscopy (fNIRS). fNIRS, as an optic
tool based on the neurovascular coupling theory, was first
proposed more than 30 years ago in 1977 by Jobsis [2-4].
In this method, a few optodes are placed on the subject’s
forehead to send and receive infrared light, which passes
through the skull with a specific wavelength and gets
absorbed separately by the oxyhemoglobin (HbO2) and
deoxyhemoglobin (Hb) in the blood. Then, changes in the
concentration are calculated using the modified BeerLambert law [5-8].
This method indirectly measures the neural activity
of neurons [9-11]. The activity of these neurons increases
the consumption of oxygen for producing energy, decreases
HbO2, and increases Hb concentration. Then, in the
activated brain region, regional blood flow carrying oxygen
witnesses a rise, due to oxygen shortage, which causes
an increase in HbO2 and a decrease in Hb concentration
in that region [10, 12]. Readers are referred to [12-15]
for further explanations on fNIRS.
Compared to other conventional neurological methods,
fNIRS is known as an excellent noninvasive tool for
studying brain activation, considering its acceptable
spatial and temporal resolution, safety, low sensitivity to
electromagnetic fields, low cost, and low-amplitude
motion artifacts [12, 16-19]. This technique, however,
still has downsides such as low penetration depth because
of cortical layers, changing the blood flow in the scalp,
and systemic changes such as increasing heart rate [12].
The current study analyzes the activity of the Prefrontal
Cortex (PFC) using hemodynamic signals resulted from
fNIRS of subjects under mental arithmetic tasks. Previous
studies have investigated brain activation while doing this
task using alterations of hemodynamic concentration by
placing two-channel Near-Infrared Spectroscopy (NIRS)
[20] and 16-channel NIRS [21] on the PFC of subjects.
The results of the study [20] indicate the importance
of the PFC in performance skills such as calculation and
thinking. In research [22], different types of tasks are
classified into mental arithmetic, word generation, and
mental rotation categories. Then the effect of each category
on the hemodynamic response of the prefrontal cortex
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is examined. Using various tasks for identifying brain
activation, different patterns of hemodynamic responses
and brain activation are expected in different regions of the
PFC [23-25]. Also, Verner et al. analyzed the alteration
in the blood oxygen consumption using 52-channel fNIRS
under a mental arithmetic task [26].
An important aspect of this study is using a simple
processing algorithm for analyzing the PFC activation
applying a time-frequency analysis method based on
Continuous Wavelet Transfor (CWT). Then, significant
difference analysis between the symmetric channel pairs
on the left and right hemispheres is conducted using
the t-test.
The Complex Wavelet Transform method is used to
reduce the physiological noise of fNIRS signal generated
by heartbeat, respiration, blood pressure, and skin blood
flow [27]. By using Wavelet Transform Coherence (WTC)
[28], first, the temporal-frequency global noise was
detected and then the signal was decomposed based on
the wavelet transform, and noise was removed. Finally,
the signal was reconstructed again. In our study method,
in the first stage, Discrete Wavelet Transform (DWT)
was used to reduce physiological noise in the frequency
range of 0.003 to 0.08 Hz. In the next stage, by applying
CWT and calculating the average coefficients in the time
frame of 12 seconds, the hemodynamic brain activity was
obtained. DWT is used to filter fNIRS signals in the
frequency range of 3 to 80 mHz to better analyze the PFC
activation. This method has demonstrated desirable results
for removing physiological interferences in fNIRS signals
and enhancing Signal to Noise Ratio (SNR) in [16, 18, 2932]. Since fNIRS can be considered as an excellent tool
to understand neural correlations with cognitive activities,
the main goal of this study is to examine brain activation
in the PFC region under mental arithmetic tasks using
CWT analysis.

2. Materials and Methods
2.1. Subjects and Protocol
In this study, eight healthy subjects (three men and
five women with an average age of 26 years, standard
deviation of 2.8 years, all right-handed) participated, all
of whom were without any nervous disorders, cardiovascular
disease, and alcohol or drug use [33, 34] because these
factors can affect the HbO2 and Hb signals measurements.
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Subjects were asked to subtract several one-digit
numbers from two-digit numbers. Numbers were shown
to them in 12 seconds with a frequency of once every
two seconds. The experiment included three or four runs,
with each run, including six blocks of task and six blocks
of rest. The time required for doing the task in each block
was 12 seconds, and the time for each rest was set to 28
seconds. Each subject performed 18 or 24 tasks overall.
Figure 1 shows an example of the experiment protocol in
a single run.

2.2. Data Acquisition
In this study, a continuous-wave NIRS (ETG4000
Hitachi japan) system was used for measuring brain
activation under mental arithmetic tasks, and data were
recorded from the PFC using 16 detectors and 17 light
sources. In Figure 2, detectors are shown in blue and
light sources in red. Channels are defined as a region

between the source and the closest detectors. The distance
between each source and detector is equal to 3 cm, which
has led to acceptable accordance between SNR and depth
sensitivity [35]. A set of probes, including 52 channels
for recording Hb and HbO2 signals, was placed on the
forehead according to the international system of 10-20
[26]. Both ends of the set of probes are symmetrically
placed on T3 and T4, and the lowest row of channels is
placed on the frontal position centered on Fpz and parallel
with Fp1, Fp2, T3, and T4 anatomical lines from left
to right [33]. The channels represent one region of the
brain structure and measure the location of fNIRS signals
of the Pathway Signal Flow Calculator (PSFC), Dorsolateral
Prefrontal Cortex (DLPFC), temporal cortex, Ventrolateral
Prefrontal Cortex (VLPFC) of the right and left hemisphere,
and Medial Prefrontal Cortex (MPFC). The channel
number for each region is presented in Table 1. In recording
the signal, the sampling rate was set to 10 Hz.

Figure 1. The mental arithmetic task structure. A single run includes 6 blocks of task and 6 blocks of rest. The
duration of the task block and the rest block is 12 and 28 seconds, respectively

Figure 2. The distribution of the 52 channels and the placement of the light sources and detectors on the regions
of the forehead and the temple, according to the international system of 10-20. Red, blue, and other colored
points (orange, green, yellow, purple, dark blue) represent the position of sources, detectors, and channels along
with their numbers, respectively
FBT, Vol. 8, No. 4 (2021) 273-284
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Table 1. The placement of channels in different
regions of the forehead on the right and left
hemispheres
Region

Channel Number

DLPFC Right

3,4,13,14,15,24,25

DLPFC Left

7,8,17,18,19,28,29

PSFC Right

1,2,11,12

PSFC Left

9,10,20,21

Temporal Right

22,23,32,33,43,44

Temporal Left

30,31,41,42,51,52

VLPFC Right

34,35,45,46

VLPFC Left

39,40,49,50

MPFC Right

5, 26,36,47

MPFC Left

6,27,38, 48

2.3. Signal Processing Algorithm

2.3.1. Discrete Wavelet Transform-Based
Preprocessing
Wavelet Transforms are among the tools that have
many applications in signal and image processing. Wavelet
transform is the decomposition of a function based on
the mother wavelet functions [40, 41]. DWT is an effective
multilevel analysis tool in the time-frequency domain for
signal analysis [32, 36, 39, 42, 43]. Wavelet coefficients
are calculated by shifting and dilating the mother wavelet
on signal x(t). Then, by choosing appropriate coefficients
in the desired frequency ranges, the given signal will
be reconstructed in the time domain.
By repeatedly decomposing x(t) and passing it through
low-pass and high-pass filters, DWT creates a set of
approximation and detail coefficients, each of which has
a different frequency band [16, 18, 29]. DWT is obtained
in M points using Equation 1 [32].
𝑆[𝑛] =

Figure 3 summarizes the signal processing algorithm,
which uses DWT for filtering the fNIRS signals. This
method is seen in many studies for signal processing
[16, 18, 30, 31, 36, 37]. Therefore, DWT is used to reduce
physiological interference effects, better analyzing brain
performance, and assessing hemodynamic signals.
Signals obtained from fNIRS measure the alterations
in brain tissue blood flow based on alterations in light
absorption in tissues. These alterations represent brain
activities. Since the measured light must pass through
layers of the scalp, alterations in the blood flow of the
superficial layers lead to interferences in fNIRS
measurements. These interferences include physiological
alterations such as changes in heart rate, breathing, Mayer
wave, and very low oscillations in the frequency range
of 0.8 to 1.2, 0.1 to 0.5, 0.1, and 0.04 Hz, respectively
[12, 18, 38]. These physiological interferences may be
taken for brain activity by mistake, reducing the accuracy
of brain activity measurement. Among different filters
investigated in the literature, DWT was successful in
removing physiological interferences and improving
SNR [16, 18, 30, 32, 39].

1

∑ 𝐴𝜙 [𝑗0 , 𝑘]𝛷𝑗0 ,𝑘 [𝑛]

√𝑀

𝑘

+

1

(1)

∞

∑ ∑ 𝐷𝜓 [𝑗, 𝑘]𝛹𝑗,𝑘 [𝑛]

√𝑀 𝑗=𝑗

0

𝑘

Where Φ𝑗0 ,𝑘 [𝑛] and Ψ𝑗,𝑘 [𝑛] represent scaling and the
mother wavelet, respectively, and the latter is defined
using Equation 2:
1

𝛹𝑗,𝑘 [𝑛] =

√𝑗

𝜓(

𝑛−𝑘
)
𝑗

(2)

Where j is the scaling parameter and k is the
decomposition level. The inner product of these functions
yields approximation coefficients (in low frequencies)
and detail coefficients (in high frequencies) according
to Equation 3 and Equation 4:
𝐴𝜙 [𝑗0 , 𝑘] =

𝑎𝑗0 =

1
√𝑀

1
√𝑀

∑ 𝑆[𝑛] Φ𝑗0,𝑘 [𝑛]
𝑛

(3)

∑ 𝐴𝜙 [𝑗0 , 𝑘] Φ𝑗0,𝑘 [𝑛]

𝐷𝜓 [𝑗, 𝑘] =

𝑛

1
√𝑀

(4)
∑ 𝑆[𝑛] Ψ𝑗,𝑘 [𝑛]
𝑛

Figure 3. Steps of the signal processing method
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𝑑𝑗 =

1
√𝑀

∑ 𝐷𝜓 [𝑗, 𝑘] Ψ𝑗,𝑘 [𝑛]
𝑘

Therefore, Equation 1 can be rewritten using a set of
approximation and detail coefficients as Equation 5:
𝑆[𝑛] = 𝑎𝑗0 + ∑ 𝑑𝑗

(5)

𝑗

The appropriate choice of mother wavelet plays a
pivotal role in the quality of the extraction and analysis of
fNIRS signals from background noise [16, 44], depending
on its similarity to the main signal, the shape of wavelet
in the time domain, and its length [16, 18, 39, 40, 42, 43].
Considering what is mentioned, db5 mother wavelet is
used for fNIRS signal decomposition in this study [16, 36].
The sampling rate is 10 Hz, and the frequency range for
analyzing brain activation signals is 3 to 80 mHz [31].
Considering the Nyquist rate and sampling rate, HbO2
and Hb signals are decomposed to 11 levels for brain
activation analysis. In order to remove physiological
interferences and considering their frequency bands,
detail coefficients at the first six levels are considered zero,
and for removing the DC, the 11th level approximation
coefficient is also considered zero. The signals, then,
are reconstructed in the time domain applying inverse
wavelet transform. The filtered signal has a frequency
content of 3 to 80 mHz.

2.3.2. Continuous Wavelet Transform

1

𝑊𝑗 = [𝑤1 , 𝑤2 , 𝑤3 , … , 𝑤𝑛 ],
𝑛 = 18 𝑜𝑟 24, 𝑗 = 1,2, . . . ,52

∞

𝑡−𝜏
= ⟨𝑥(𝑡), 𝜓𝑥,𝑡 (𝑡)⟩ =
∫ 𝑥(𝑡) 𝜓 (
) 𝑑𝑡
𝑠
√|𝑠| −∞
∗

(6)
Where 𝜓 ∗ (𝑡) represents the complex conjugate of
mother wavelet 𝜓(𝑡), and s and 𝜏 represent scaling and
translation parameters, respectively [36, 39, 46]. Presenting
a 2-D representation of the signal in the time-scale domain,
CWT represents x(t) using the mother wavelet in different
positions and scales. The wavelet transform coefficients
of the signals are calculated using Equation 6.

(7)

Where n and j represent the number of each task and
channel, respectively. Then, the energies of every
coefficient obtained in each task for HbO 2 and Hb
signals are calculated according to Equation 9.

2.3.3. Calculation of Wavelet Energy
In general, the energy of a time signal, x(t), is calculated
as Equation 8:
∞

2

𝐸 = ∫ |𝑥(𝑡)| 𝑑𝑡 = ‖𝑥(𝑡)‖2

(8)

−∞

Also, the energy density function of the 2-D wavelet
transform is used according to Equation 9 to calculate
the energy of wavelet transform coefficients in scale s
and location 𝜏 [47].
𝐸(𝑠, 𝜏) = |𝑤(𝑠, 𝜏)|2

As previously stated, wavelet transform is a useful
tool for signal analysis, and contrary to the Fourier
Transform (FT), has windows with variable widths
that can store time information of the signal [45]. According
to the algorithm presented in Figure 3, wavelet coefficients
are calculated using CWT, and the CWT of x(t) is defined
as the inner product in Equation 6.
𝜓
𝑊𝑥 (𝑠, 𝜏)

the CWT coefficients are calculated in 12-second timesteps (duration of doing the task) using this analysis.
The obtained coefficients, therefore, include a set of
task signal coefficients. In this study, the db5 mother
wavelet is used for calculating the CWT coefficients, and
considering these coefficients, the set of coefficients
for each channel is created as follows (Equation 7):

(9)

Hence, for each channel, there are 18 or 24 tasks, and
the energy of each task for each channel is calculated.
Next, the average energy of all tasks for each channel was
calculated, which yielded 52 indices, each representing the
average energy of a channel. Finally, they are normalized
using Equation 10.
⟨𝐸⟩𝑁,𝑗 =

⟨𝐸⟩𝑗
𝑚𝑎𝑥{ ⟨𝐸⟩1 , ⟨𝐸⟩2 , . . . , ⟨𝐸⟩52 }

(10)

Where ⟨𝐸⟩𝑁,𝑗 is the normalized average energy of each
channel, ⟨𝐸⟩𝑗 is the average energy of each channel, and
𝑚𝑎𝑥{ ⟨𝐸⟩1 , ⟨𝐸⟩2 , . . . , ⟨𝐸⟩52 } is the maximum channel
energy.
After normalizing the average energy of channels,
the t-test is used for identifying significant differences
between the energy of symmetric channel pairs in all
subjects for each HbO2 and Hb signal (P<0.05).

After filtering the signal in the frequency range of 3
to 80 mHz, CWT is applied to the filtered signal, and
FBT, Vol. 8, No. 4 (2021) 273-284
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First, wavelet coefficients of HbO2 and Hb signals
in eight subjects were calculated in the time-frequency
domain by applying CWT to task signals. Then, the
energy of each wavelet coefficient during each task,
along with the average energy of coefficients of all tasks
in each channel for each subject, was calculated, resulting
in a 52-element vector for each subject, with each element
corresponding to a channel. Overall, an 8×52 matrix was
obtained for 8 subjects, its rows representing subjects
and columns channels. Finally, the energy of all channels
in a subject was normalized to a number between zero
and one. The average energy matrix of HbO2 and Hb
signals in the time-frequency domain by applying CWT
are shown in Figure 5a and Figure 5b that red and blue
represent the maximum and minimum value of normalized
energy, respectively.

3. Results
fNIRS signals contain information on brain activation
in different regions of the brain under mental arithmetic
tasks. In this study, we applied CWT to fNIRS signals
to analyze these activities in different regions of the brain.
After removing physiological interferences from fNIRS
signals of the left and right hemispheres, filtered signals
were prepared for the following processes. The desirable
signal contains a set of task and rest signals. Figure 4
shows an example of HbO2 and Hb signal after removing
physiological interferences. Blue and white rectangles
represent task and rest blocks, respectively. It is shown
in Figure 4 that the desirable signal contains 18 task
and rest blocks.

Figure 4. HbO2 and Hb signal after filtering. Blue and white colors indicate task and rest blocks, respectively. The
signal includes three runs or 18 task blocks

(a)

(b)
Figure 5. The average energy of fNIRS signals in the time-frequency domain by applying CWT: (a) the average
energy of oxyhemoglobin signal among all subjects in each channel. (b) The average energy of deoxyhemoglobin
signal of all subjects in each channel. Rows and columns represent subjects and channels, respectively
278
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The t-test is applied to HbO2 signals between every
symmetric channel pairs on the two hemispheres for all
subjects, except for channels 16 and 37 which were omitted
because of their positioning on the corpus callosum.
As seen in Table 2, the following symmetric channel
pairs showed significant differences: the channel pair
corresponding to 7 on the left hemisphere and 4 on the
right hemisphere (P=0.04) in the DLPFC region; the
channel pair corresponding to 48 on the left hemisphere
and 47 on the right hemisphere (P=0.009) in the MPFC
region; the channel pair corresponding to 42 and 32
(P=0.003) in the temporal region.
Figure 5b shows the average energy matrix for Hb
signal. Also, the t-test was applied to Hb signals of
symmetric channel pairs on the two hemispheres of all
subjects. As seen in Table 3, the following symmetric
channel pairs also showed significant differences compared
to other channels in their regions: the channel pair
corresponding to 50 on the left hemisphere and 45 on
the right hemisphere (P=0.031) in the VLPFC; the
channel pair corresponding to 6 on the left hemisphere
and 5 on the right hemisphere (P=0.027) in the MPFC
region; the channel pair corresponding to 42 and 32
(P=0.007) on the temporal region. Therefore, the average
energy of signals was greater on the left hemisphere in the
DLPFC and MPFC regions in HbO2 signal and in the
VLPFC and MPFC regions in Hb signal, compared to the
temporal region on the right hemisphere. The average
and variance of HbO2 and Hb signals of each channel are

presented in Tables 2 and 3. The results indicate that the
temporal, DLPFC, VLPFC, and MPFC regions in the
frontal cortex play a crucial role in cognitive processes
during arithmetic tasks.

4. Discussion
The goal of this research is to study the activation of
different regions in the PFC under the mental arithmetic
tasks. fNIRS signal coefficients were calculated for
each subject and each task using CWT analysis which
can detect signal alterations in the time-frequency band.
After calculating the energy of CWT coefficients in the
time period of tasks and frequency range of 3 to 80 mHz,
the average energy of all tasks in each channel of each
subject was calculated. Next, the energy of symmetric
channels in the two hemispheres was compared using the
t-test, which yields the activation of different regions in
the PFC. The results showed a significant increase of the
PFC activation in both signals of a channel pair placed
in the temporal and MPFC regions.
HbO2 and Hb signals in the subjects were measured
simultaneously for assessing the PFC activation in
different channels. Studies have indicated alterations in
the concentration of Hb and HbO2 signals in the PFC
caused by brain activation and physiological performance
under cognitive tasks [7, 48, 49]. So, subjects were asked
to subtract one-digit numbers from two-digit numbers

Table 2. The average and variance values of HbO2 signal in the right and left hemispheres
HbO2 Signal
Region

P-value

Left
Channel

Right
Channel

Left Channel
(Mean  Var)

Right Channel
(Mean  Var)

DLPFC

0.040

7

4

0.152  0.009

0.094  0.004

Temporal

0.003

42

32

0.180  0.008

0.598  0.085

MPFC

0.009

48

47

0.295  0.027

0.152  0.015

Table 3. The average and variance of Hb signal in the right and left hemispheres
Hb signal
Region

P-value

Left Channel

Right
Channel

Left Channel
(Mean  Var)

Right Channel
(Mean  Var)

MPFC

0.027

6

5

0.114  0.015

0.055  0.008

Temporal

0.007

42

32

0.154  0.027

0.523  0.047

VLPFC

0.031

50

45

0.312  0.058

0.068  0.005
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as a mental task. The role of the PFC, in solving mental
arithmetic tasks and its relationship with different active
brain cortices under this task, is among crucial subjects
in cognitive sciences [50]. The PFC is an important part
of the nervous system, playing a major role in solving
arithmetic problems and different cognitive functions
such as storing information, working memory, attention,
and other functions [50-53]. Therefore, this task is widely
used as a cognitive process for studying the arithmetic
ability of subjects, and it requires complex neural networks
for accurate calculations [54, 55]. This task also activates
neural networks in different cortical regions both locally
and spatially [55].
After filtering the signals and applying the CWT, the
energies of HbO2 and Hb signals were calculated, followed
by the extraction of 18 or 24 sets of coefficients for each
channel in every subject. These sets of coefficients include
the wavelet coefficients of task signals in the time period
of 12 seconds and frequency range of 3 to 80 mHz.
Following the calculation of the energy of these sets of
coefficients in every channel, their average values were
calculated. Finally, for demonstrating statistically
significant differences between symmetric channel pairs
in both hemispheres, the t-test was applied to both HbO2
and Hb signals. This study showed interesting results
regarding the effects of the cognitive task on brain
activation. The most significant activated regions in both
HbO2 and Hb signals include the medial region in the
left hemisphere and the temporal region in the right
hemisphere. The results indicate an activation pattern
between left and right regions in both HbO2 and Hb signals.
As presented in Tables 2 and 3, the left hemisphere is
significantly more active than the right hemisphere while
doing arithmetic operations. The channel pair corresponding
to channels 4 and 7 on the right and left hemispheres in
the DLPFC, respectively, showed significant activation
in HbO2 signal. Also, the channel pair corresponding
to channels 45 and 50 on the right and left hemispheres
in the VLPFC, respectively, showed significant activation
in Hb signal. Previous studies done by fMRI demonstrated
enhanced brain activation in different cortical regions
[56-59] such as the PFC, including the DLPFC and VLPFC
[60-62], under the mental arithmetic tasks, along with
increased activation in the anterior cingulate region [61].
These observations are in line with our results. Since
different strategies can be adopted for doing the
subtractions, a high level of activation can be observed
in this cognitive task. This study showed that the left
hemisphere is directly related to arithmetic operations.
280

In accordance with study [63], the left hemisphere of
the PFC showed more activation than the right hemisphere,
which may indicate that accurate and detailed calculations
are processed in the left hemisphere since the left
hemisphere is responsible for mathematics and logical
and analytical data processing while the right hemisphere
does general and comprehensive processing [64].
Furthermore, some studies have shown that different
factors such as the difficulty of the task, the recognition
of mathematical operations, and the solving method can
lead to significantly different activation patterns in different
brain regions such as the PFC [65, 66].
As mentioned earlier, the increased concentration of
oxygen under the cognitive task indicates an increase
in the activation level in all parts of the PFC. Our results
illustrate that the DLPFC is constantly activated with
mental calculations, which is supported by the findings
of Vassena et al. [35]. Also, assessing time patterns of
the hemodynamic response of HbO2 and Hb signals in
different brain regions under mental arithmetic task
using fNIRS, in study [33], has shown a rise in HbO2
signal in the DLPFC along with a drop in the medial area
of the Anterior Prefrontal Cortex (APFC). Considering
the DLPFC activation features, this region is a member
of the nervous system responsible for synchronizing
mental processes [26, 67], and performing subtractions
and storing numbers, cognitive control, and selection
processes trigger its activation. The DLPFC plays a
pivotal role in preparation for a cognitive task such as a
mental arithmetic task and memorizing abstract information
on rules governing the tasks [35], while also playing a
role in cognitive functions such as working memory,
strategic organization during encoding, and response
selection [57, 68]. Furthermore, the VLPFC’s role is
also in cognitive functions of the working memory such
as encoding and restoring while the DLPFC has a more
distinct role such as supervision or modification in the
content of the working memory [60].
In addition to the DLPFC activation, brain activation
was observed in other regions including the temporal
region where (32, 42) channel pair is located and the
medial region where (47, 48) channel pair is located.
The temporal lobe has a vital role in memory storage
and processing data [69]. Considering the capability of
fMRI in detecting the activation of the temporal regions
in some subjects, findings [57-59] are in line with our
findings. Furthermore, Vassena et al. [35] suggest that
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the MPFC activation, which occurs due to reward
expectation, is controlled by the DLPFC.
In the study [33], the temporal-spatial patterns of HbO2
and Hb responses in a specific period of two seconds
(10 to 12 seconds) were investigated during a simple
mental arithmetic task in prefrontal brain regions. In
the preprocessing, they used a bandpass Butterworth
filter in the frequency range from 0.01 Hz to 0.09 Hz
to reduce artifacts and remove baseline drifts. Then,
averaging methods were used to analyze the signals in
the focal points of the brain in the prefrontal cortex.
Then, the mean task-related concentration changes of
HbO2 and Hb were calculated for focal frontal HbO2
and Hb responses. In the present study, the aim is to
investigate and compare the time-frequency behavior
of the hemodynamic response of symmetric spatial
activity on two cerebral hemispheres by using CWT.
Initially, DWT was used to reduce physiological noise
in the frequency range of 0.003 to 0.08 Hz. Then,
CWT was applied to analyze concentration changes of
Hb and HbO2 signals in symmetrical channels on the
two hemispheres. Finally, the mean of the wavelet
coefficients as energy at the 12-second interval of the
task was calculated. In the mentioned studies, brain
activation levels were analyzed using HbO2 signals because
Hb signal is weaker than HbO2 and has a smaller signal
to noise ratio. In [33], due to the small amplitude of Hb
signal, the analysis of Hb signal did not show significant
results. However, the current study analyzed both signals,
demonstrating that Hb signals also provide useful
information on brain activation. As a result, significant
results were observed in Hb data using CWT method.
Also, HbO2 and Hb show similar results in the two
regions (See Tables 2 and 3).
Generally, frontal cortex activation can be attributed
to several cognitive functions such as attention, encoding
and restoring memory, decision-making, and storing
numbers in the working memory, each of which is related
to a specific region in the brain, such as the temporal region
or the DLPFC [50-53]. Despite presenting significant
results associated with alterations in HbO2 and Hb signals
under mental arithmetic tasks, this study also has some
limitations. For instance, slow neuronal activity leads
to changes in hemodynamic patterns. Also, the PFC has
a complex structure, so it is possible for some channels
not to function distinctively and represent other functions
as well [33]. Finally, another limitation is the number
of subjects. Due to personal differences, different brain
FBT, Vol. 8, No. 4 (2021) 273-284

function activation patterns occur in different subjects,
which means that a larger number of subjects is needed
for more precise analyses. However, despite such
limitations, activated regions in this study were observable
by both fMRI and fNIRS. Therefore, this technique can
be known as an effective method for analyzing active
brain regions, especially in the frontal cortex, under mental
arithmetic tasks, considering the features of fNIRS.
Furthermore, the acceptable temporal and spatial precision
of this imaging technique enables us to better detect and
understand active regions in cognitive functions.

5. Conclusion
This paper studied the frontal cortex activation of
healthy subjects under the mental arithmetic tasks using
fNIRS. We analyzed the energy of the signal in different
regions of the frontal cortex in both HbO2 and Hb signals,
and the location of channels with significant differences,
in both HbO2 and Hb signals, were determined. The
results show that cognitive processes are directly associated
with and play an important role in the activation of the
frontal cortex. Also, brain activation was more significant
in the frontal cortex, especially in the left hemisphere,
where extensive activation was observed in attention,
performance, and working memory functions. This
region was also activated with working memory and
logical thinking. Therefore, it can be concluded from
this study that fNIRS was successfully able to scrutinize
the activation of different brain regions.
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