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Abstract: Functional near infrared spectroscopy (fNIRS) is a neuroimaging technique that allows to
monitor the functional hemoglobin oscillations related to cortical activity. One of the main issues
related to fNIRS applications is the motion artefact removal, since a corrupted physiological signal
is not correctly indicative of the underlying biological process. A novel procedure for motion
artifact correction for fNIRS signals based on wavelet transform and video tracking developed for
infrared thermography (IRT) is presented. In detail, fNIRS and IRT were concurrently recorded and
the optodes’ movement was estimated employing a video tracking procedure developed for IRT
recordings. The wavelet transform of the fNIRS signal and of the optodes’ movement, together with
their wavelet coherence, were computed. Then, the inverse wavelet transform was evaluated for
the fNIRS signal excluding the frequency content corresponding to the optdes’ movement and to
the coherence in the epochs where they were higher with respect to an established threshold. The
method was tested using simulated functional hemodynamic responses added to real resting-state
fNIRS recordings corrupted by movement artifacts. The results demonstrated the effectiveness of the
procedure in eliminating noise, producing results with higher signal to noise ratio with respect to
another validated method.

Keywords: motion artefacts; functional near infrared spectroscopy (fNIRS); infrared imaging; in-
frared thermography; wavelet transform; wavelet coherence; tracking algorithms

1. Introduction

fNIRS is a non-invasive optical methodology able to measure cortical oscillation of
oxygenated (O2Hb) and deoxygenated (HHb) hemoglobin related to neuronal activity
through the blood oxygen level dependent (BOLD) effect [1–3]. This technique is portable,
relatively cheap, lightweight and quite resilient to motion artifacts with a mechanical
structure resembling electroencephalography (EEG) [4,5], thus being suitable for ecological
measurements, such as the clinical practice and outdoor applications [6–9].

However, the subjects’ head movement could corrupt the signal because of the decou-
pling between the optodes and the scalp, producing an abrupt modification of the light
intensity. Improving the optodes–scalp coupling could reduce the motion artefacts entity,
but getting rid of these artifacts is quite a challenging issue.

Motion artifacts usually produce high-frequency noise overlapped to the functional
hemodynamic signal, but, when the optodes–scalp coupling is definitely compromised,
they could also provoke a lasting shift. Hence, movement artifacts may generate both
high- and low-frequency components that cannot be easily removed by frequency filtering.
Notably, motion artifacts can influence the statistical results, causing a non-reliable identifi-
cation of functional cortical activity (e.g., general linear model, GLM [10]). For this reason,
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several procedures for motion artefacts removal have been developed to be applied before
statistical inferences [11–13].

Two main typologies of motion artifacts correction algorithm have been proposed
so far. The first category comprises algorithms that identify large sources of variance in
the recording, which are identified as artifacts and then subtracted. These approaches are
generally based on principal component analysis (PCA) [14,15], splines [16] or wavelet
filtering [17].

The second typology requires the use of an added input signal sensitive to motion
artifacts, but not to the functional hemodynamic response, such as an accelerometer [18–21],
a multisensory integrated inertia measurement unit (IMU) [22,23] or an fNIRS channel
not sensitive to brain activity [24–26]. In order to decompose the data into artifacts and
signal, correlation methods and/or adaptive filtering are then generally applied. These
approaches exhibit some limitations. A first issue is related to the assumption that the
movement effects on the measurement channels is monotonically related to the reference
signal used to monitor the movements. However, some movements may corrupt only few
channels. Moreover, this approach may not predict the occurrence of permanent shifts in
light intensity after a movement.

In order to overcome some of the cited limitation of these algorithms, it could be
possible to use as reference signal the movement of each optode, evaluated in a contactless
manner, to ensure the absence of interference with the experimental design, to preserve the
lightweight and not to increase the encumbrance over the cap. To this aim, a video tracking
procedure could be highly suited. Video tracking algorithms based on visible cameras [27]
could be employed for this purpose. However, visible cameras do not properly work with
poor environmental light, hence alternative methods should be investigated. Infrared
thermography (IRT) is a contactless technique able to measure the superficial temperature
of an object [28]. IRT was demonstrated to be able to detect the physiological contamination
of the fNIRS signal [29], hence providing a tool for the correction of the physiological noise,
which is another relevant issue for the fNIRS measurements [30,31]. Thus, a video tracking
applied to IRT recordings could allow to improve the quality of the fNIRS data, removing
both physiological and motion artifacts.

Of note, tracking algorithms for IRT videos are usually developed for co-registered
and synchronous IRT-RGB optics. In fact, the visible video is used to track facial landmarks,
and, through a geometrical transformation, these anatomical points are projected onto the
IRT frames [32–35]. Conversely, the literature about tracking algorithms applied on thermal
videos is very sparse. The few publications on this theme are about tracking on thermal
videos registered on the corresponding visible video, i.e., the tracking is computed on the
visible frames and then brought back on the thermal video [36–39]. Concerning tracking
algorithms based on the only IR spectrum videos, in 2003, Eveland et al. [40] developed
a method based on a first skin segmentation for detection of faces and then applied the
CONDENSATION algorithm for tracking the head regions over time.

In 2007, Dowdall et al. [41] proposed a method that uses a network of independent
particle filter trackers whose interactions were modeled using coalitional game theory.
Memarian et al. [42], in 2009, realized an IR tracking on the mouth region, based on
optical flow, specifically on the Horn–Schunch method. In 2013, Zhou et al. [43] de-
veloped a particle filter tracker driven by a probabilistic template function with both
spatial and temporal smoothing components, capable of adapting to abrupt positional and
physiological changes.

In this paper, an innovative procedure for motion artifacts correction of fNIRS signal
is presented. In detail, the procedure is based on the evaluation of the continuous wavelet
transform (CWT) of the signal and of the optodes’ movement and on the wavelet coherence
(WCOH) between the fNIRS signal and the optodes’ movement. The movement of the
fNIRS optodes was detected through a video tracking for IRT recordings. The algorithm
performance was tested by employing synthesized hemodynamic response functions (HRF)
convolved with a boxcar simulating a functional signal evoked by a block paradigm. The
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simulated functional signal was added to fNIRS recordings collected from human subjects
obtained during resting-state with a controlled head’s movement.

2. Materials and Methods
2.1. Participants

Sixteen participants were recruited to validate the motion artifacts correction algo-
rithm (mean age ± SD: 25.5 ± 8.5 years; 9 males/7 females). The study was approved
by the Research Ethics Board of the University of Chieti-Pescara, and it was conducted
according to the principles described in the Declaration of Helsinki. Before the experiment,
each participant signed the informed consent form and could withdraw from it at any
time. Before the measurement session, each subject was left in the experimental room for
20 min to allow the baseline skin temperature to stabilize. The recording room was set at
standardized temperature (23 ◦C) and humidity (50–60%) by a thermostat.

2.2. IRT Instrumentation

The digital thermal infrared camera FLIR SC660 (FLIR, Wilsonville, OR, USA) (640 × 480
bolometer FPA, sensitivity/noise equivalent temperature difference: <30 mK @ 30 ◦C,
field of view: 24◦ × 18◦) was used to track the detectors’ movement. The camera was
placed 60 cm from the participant and pointed toward the face of the subject. The sample
frequency was 10 Hz.

2.3. fNIRS Instrumentation

The fNIRS measurements were performed employing the Octamon fNIRS device
(Artinis Medical Systems, Einsteinweg, The Netherlands). This device covered the pre-
frontal cortex of the brain with 8 measurement channels resulting from 2 detectors and
8 bicolor Light Emitting Diodes (LED) at 760 and 850 nm of wavelengths. The sample
frequency was 10 Hz.

2.4. IRT Tracking Procedure

The IRT tracking procedure was implemented for the purpose to follow the movement
of the fNIRS detectors over time.

The method is based on the evaluation of the 2-D cross-correlation between a target
template (TT), chosen by the user in the initial frame of the thermal video, and the fol-
lowing frames. The whole interface and the code have been developed using the Matlab
R2013a® platform. The user is asked to select a rectangular ROI (master ROI-mROI) on the
initialization frame (Figure 1a), in order to define the TT reference region to be tracked.

Figure 1. (a) Rectangular master ROI (mROI) initialized by the user on the first frame of the thermal
video; (b) segmentation of thermal image through Otsu method.

Each frame of the video is segmented by Otsu’s method [44] to separate the soft-tissue
(i.e., the skin) from the background. This is done to ensure that the research for the best-
matching ROI is computed only on a meaningful portion of the whole frame to speed up
the computational process (Figure 1b).
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For each frame, both target template and image under test (IUT) are decomposed
through Gaussian pyramid decomposition [45]. Through this approach, the cross-correlation
could be computed over a smaller size region with respect to the template size. In fact,
Gaussian pyramid decomposition consists of a sequence of low-pass filters, whose order
depends on the chosen level of decomposition, allowing the under-sampling of image
pixel. The level of the Gaussian pyramid decomposition of the present tracker was 1, which
allows us to reduce a 240 × 320 pixels image to a 120 × 160 pixels size.

To speed up the tracking process, the cross-correlation between the template and the
target regions is calculated in the frequency domain and not in the spatial one, according
to the procedure developed by Lyon et al. [46]. The location of the maximum value
of the correlation coefficient frame by frame corresponds to the center location of the
mROI across time.

In the initialization phase, the user can decide to draw one or more elliptic ROIs (slave
ROIs, sROIs), that will follow the movement of the mROI, translating with it.

For the purpose of this study, the mROI was placed over the detector and slave sROIs
were placed on the sources of the fNIRS system, forming measurement channels (Figure 2).
Since the developed software allows to define only one mROI, this operation is repeated
for each detector.

Figure 2. Initialization of one detector mROI and the sources sROIs.

The whole procedure for the tracking process is summarized in Figure 3.

Figure 3. Flow chart for the tracking process.



Sensors 2021, 21, 5117 5 of 14

The correlation coefficient between the initialized TT and the best region found over
time provides the goodness index for the present tracking procedure. A threshold value
for correlation coefficient is set before starting with the tracking algorithm (γth). When the
algorithm fails to find the tracked ROI with γ ≤ γth (γth = 0.995), the relative frames are
discarded (a not a number—NaN—output is defined) and the algorithm re-starts to record
the thermal signal and the ROIs position only when the correlation γ exceeds the threshold
value. The correlation coefficient γ could decrease in case of out-of-the-plane rotational
movement of the head or when there is a spatial occlusion. A specific threshold value
of γth = 0.995 has been chosen on the basis of the performances of the IR tracker, which
showed good reliability when the correlation is higher than this specific value. The specific
threshold was set in a validation procedure, on thermal videos with spatial occlusions and
rotational movement of the head. The overall best accuracy of the IR tracker was reached
for the specific threshold reported (i.e., for γth ≥ 0.995).

The tracking procedure was developed to provide the temperature time course of
sROIs. For the purpose of this study, the tracking procedure delivered as output the
coordinates of the center of the optodes’ sROIs to be employed for the noise correction
algorithm. Specifically, the x and y components of the motion of the center of the sROIs
were combined to obtain the resultant motion. Of note, the algorithm did not fail to
track the sROIs during the experiment, since the subjects were always in the camera’s
field of view.

2.5. fNIRS Motion Artefacts Correction Algorithm

The motion correction algorithm takes as input the signal of the motion of a fNIRS de-
tector and the fNIRS signal (i.e., HbO2 and Hbb). The algorithm was developed in R2020a®

platform. The CWT is computed using the analytic Morse wavelet with the symmetry
parameter equal to 3 and the time-bandwidth product equal to 60. The generalized Morse
wavelets were preferred because of their time and frequency localization performance
and their capability in isolating and extracting features in the time–frequency domain [47].
Moreover, CWT was preferred with respect to DWT because of its more fine-grained resolu-
tion. In fact, in order to identify the motion artifacts and their frequency content, a detailed
time-frequency analysis and a precise localization of signal transients were necessary. The
WCOH is computed using the analytic Morlet wavelet. In the algorithm, the CWT of
the signal of the detector’s movement (named motion vector) and of the fNIRS signals
was computed together with the WCOH between the motion vector and the fNIRS signal.
A threshold of the coefficient of the CWT and WCOH were set in order to identify the
frequency components that could be related to the head movements for each time point.
Then, the functional signal was reconstructed by means of an inverse continuous wavelet
transform (ICWF) excluding the frequency components associated to the motion artifacts.
Figure 4 reports the algorithm developed for the motion correction.

The whole procedure developed for the motion artifacts correction is described in
Figure 5.

2.6. Validation of the fNIRS Motion Artifacts Removal Algorithm

The participants were asked to perform some movements that are the most common
source of artifacts for fNIRS signals (i.e., yawn, tilt of the head, frowning) in a random
manner for 5 min. It was preferred to not perform a controlled movement of the head in
order to replicate motion artifact as similar as possible to motion artifacts of the fNIRS
signals. fNIRs and IRT were simultaneously collected.

A boxcar simulating a block paradigm was convolved with HRF to simulate the
cortical activation in response to a block paradigm. The canonical GLM analysis used
for fNIRS data analysis [48,49] was employed to test the performance of the proposed
method and to compare its outcome with those of other motion correction algorithms (i.e.,
wavelet based [17], principal component analysis (PCA) based [14], spline based [16], and
correlation based signal improvement (cbsi) method [50]). The mean squared error (MSE)
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between the HRF and the ODs, and an estimated signal to noise (SNR) were computed.
Particularly, the SNR was evaluated by dividing the beta value (β) delivered by the GLM
when the HRF was used as regressor, for the standard deviation of the OD during the
resting periods (σrest).

SNR = β/σrest (1)

MSEs and SNRs were computed for each channel, subject, and correction method.
Moreover, the beta values and the associated t-scores obtained through the GLM analysis
were compared with those obtained from the non-corrected data and the signal corrected
using the reference procedures. This comparison allowed to test whether the proposed
algorithm could improve the capability to assess the cortical activation.

Of note, these metrics were employed to investigate the optimal threshold for the
CWT and WCOH to employ for the artifacts detection. Specifically, 5 thresholds (i.e., 0.4,
0.5, 0.6, 0.7, 0.8) were tested.

Figure 4. Flow chart of the motion correction algorithm.

Figure 5. Procedure for data processing and motion artifacts correction.
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3. Results
3.1. IR Tracking Performances

The time consumed to track each frame of the IR video was evaluated over time,
comparing the procedure considering or not considering the segmentation process. The
time consumed by the segmentation process was not relevant compared to the procedure
without segmentation. In fact, while the tracking procedure without Otsu’ segmentation
required 0.054 s per frame, the procedure with the segmentation needed 0.073 s per frames
to work. Thus, the difference in time was only 0.019 s/frames.

Regarding the comparison with other developed IR trackers, the present algorithm
showed good performances, reporting a processing frequency rate of 18 Hz/14 Hz
(with/without segmentation) on an Intel(R) Core(TM) i5 CPU computer with 8.00 GB
RAM. Previously developed IR tracking algorithms reported lower processing frame rate
of 1 Hz [40] or 6 Hz/12 Hz (single/multi-threading performance) of [41]. However, the
performance of the present algorithm is lower than that declared in [43], in which the
processing frame rate was higher than 25 Hz, but the system used was a PentiumIV 4-core
computer, with 4 GB memory, that is more performing with respect to the system used for
the present IR tracker.

3.2. Statistical Validation of the Motion Artifacts Removal Algorithm

Figure 6 reports the SNR and MSE (mean value and standard deviation) obtained
with the proposed method testing 5 thresholds for the acceptance of the CWT and WCOH
intensities. It was chosen to employ 0.6 as thresholds for further analysis.

Figure 6. Average and standard deviation of the metrics employed to test the performances of the
algorithm as a function of the chosen threshold.

For further analysis, the threshold of 0.6 was employed since it shows the highest
SNR. Figure 7 reports an example of the signals obtained by adding the synthesized HRF
to the real resting state fNIRS data, before (Figure 7a) and after (Figure 7b) the application
of the artifacts removal algorithm.

Figure 8 shows the MSE and SNR (average and standard deviation) obtained compar-
ing the proposed method, the wavelet-based validated procedure and the non-corrected signal.

Table 1 reports the results of the paired t-test related to the metrics evaluated to
investigate the method’s performance. The results are shown also in Figure 8 (in which
statistically significant comparisons are marked with an asterisk).
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Figure 7. Example of one signal obtained by adding the synthesized HRF in the experimental paradigm simulated to the
real resting state fNIRS data, before (a) and after (b) the application of the artifacts removal algorithm.

Figure 8. Average and standard deviation of the metrics employed to compare the motion artifacts correction. Statistically
significant comparisons of paired t-tests are marked with an asterisk.
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Table 1. Paired t-test results (method proposed vs. non-corrected signal) associated to the metrics
used to investigate the method’s performance, evaluated for the channels averaging all the subjects.

Metric t-Score Degrees of Freedom p-Value

Proposed Method
vs.

Non-
corrected

SNR 5.766 7 6.87 × 10−4

MSE −9.352 7 3.32 × 10−5

Beta-value 92.064 7 4.70 × 10−12

t-stat 6.339 7 3.89 × 10−4

Proposed Method
vs.

Wavelet

SNR 0.249 7 0.811
MSE −8.768 7 5.05 × 10−5

Beta-value 6.772 7 2.60 × 10−4

t-stat 6.04 7 5.21 × 10−4

Proposed Method
vs.

PCA

SNR 5.986 7 5.50 × 10−4

MSE −4.827 7 0.002
Beta-value 29.329 7 1.38 × 10−8

t-stat 7.055 7 2.02 × 10−4

Proposed Method
vs.

Spline

SNR 5.444 7 9.62 × 10−4

MSE 0.125 7 0.904
Beta-value 22.537 7 8.57 × 10−8

t-stat 6.937 7 2.23 × 10−4

Proposed Method
vs.

cbsi

SNR 4.571 7 0.003
MSE −6.445 7 3.51 × 10−4

Beta-value 37.351 7 2.56 × 10−9

t-stat 6.862 7 2.39 × 10−4

4. Discussion

The aim of the present study was to validate a method for the motion artifacts correc-
tion of fNIRS signals. The method is based on a video tracking procedure developed for
IRT recordings. The tracking procedure allowed us to estimate the motion of the optodes
and to evaluate, by means of CWT and WCOH, its influence on the fNIRS signals. Five
thresholds were tested to investigate the optimal value for the identification of the motion
artifacts. Good results were obtained for all the thresholds investigated, but 0.4 and 0.6
showed the lowest MSE and highest SNR, respectively. The choice of employing 0.6 in
this paper was dictated by the highest SNR obtained, but it is only indicative. In fact, it
should be investigated whether the optimal threshold depends on the kind of motion to be
corrected. Furthermore, the effect of defining different thresholds for the WCT and WCOH
coefficients on the algorithm performance should be also deepened.

When comparing the performance of the proposed method with those of validated
procedures, the metrics considered as indicative of the quality of the signals (i.e., SNR,
MSE, beta values and t-stat) demonstrated statistically significant improvement of the
data recorded. Of note, the SNR of the proposed method and that of the Wavelet-based
procedure and the MSE obtained with the developed method and that of the spline-based
procedure did not show statistically significant difference.

Multimodal fNIRS-IRT could provide information regarding the cortical activation
and the psychophysiological state of the individual. In fact, it is known that some cortical
regions and the autonomic nervous system are concurrently activated [51], especially
during cognitive tests [52,53]. Furthermore, the IRT signal could be used also to assess
and correct autonomic contaminations in the fNIRS signal [29,54–56]. In fact, it should be
stressed that IRT recordings can provide information regarding the breathing rate [57,58]
and the superficial perfusion [59] that could influence the fNIRS recordings.

Notably, the employment of IRT to track the optodes provides good performances
also in poor lighting conditions. This feature could be fundamental for those system that
do not have the correction for environmental light and to prevent the detectors saturation.
However, it should be highlighted that with good lighting conditions, tracking procedures
developed for visible videos could be used to this aim as well. The advantage of employing
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RGB cameras with respect to IRT relies on their low cost and on the availability of several
validated tracking algorithms. However, the physiological information of the facial skin
temperature is lost.

The motion artifacts correction algorithm proposed was validated employing real
fNIRS data acquired at rest during the execution of random movements. By adding a
fic-tious experimental paradigm to the collected fNIRS data (i.e., by adding HRFs con-
volved with a boxcar function simulating a block paradigm), it was possible to evaluate the
improvements of the SNR and MSE related to the application of the algorithm. Moreover,
a GLM based analysis was performed employing as regressor the simulated cortical acti-
vation, evaluating the beta-values and the associated t-stat. The results demonstrated an
overall improvement of the quality of the signals after the administration of the algorithm,
and, consequently, a better investigation of the cortical activation by means of the GLM
analysis. It should be stressed that the proposed algorithm does not completely remove all
the motion artifacts (Figure 7). Generally, motion correction algorithm trade off sensitivity
with specificity, with algorithms heavily correcting for motion also affecting the underlying
functional activity. However, the importance of the motion artifact correction is to deliver
reliable statistical results of the cortical activation. The results demonstrated that the pro-
posed method increases the capability of the GLM based approach to assess the cortical
activation, demonstrating its effectiveness in improving the statistical analysis of the fNIRS
signal. The developed method allows us to overcome some limitations of previous methods
of motion artifacts correction based on the employment of an additional signal not sensitive
to the cortical activation. Firstly, these approaches accept the assumption that the move-
ment affect equally all the channels in a monotonic relation. However, some movements
may corrupt only few channels, and the corruption could be not monotonically related to
the movement. The developed method allows to investigate separately the movement of
each detector and source, highly improving the removal of the motion artifacts. It should
be highlighted that the proposed algorithm for the motion correction tracks the detectors’
movement (mROIs) and the movement of the sources (sROIs) is defined following the
master ROI. Hence, the correction is limited to the detectors’ movement, but it should be
possible that the sources move whereas the detectors are still. In this peculiar case, the
proposed algorithm is ineffective. To independently assess the motion of the light sources,
a master ROI should be defined for each source. It is worth to highlight that the developed
tracking algorithm allows to define only 1 mROI at a time, thus tracking independently
each source could be heavily time consuming. Indeed, further studies should be focused
on the improvement of the tracking algorithm (e.g., implementing the possibility to define
several master ROIs concurrently) in order to improve the motion artifact algorithm per-
formance, taking into account also the sources’ movement. With such an improvement,
it could be investigated if the residual motion artifacts observable on the signals after the
correction are due to the uncoupled movement of sources and detectors.

Secondly, this typology of motion artifacts correction algorithms may not identify
permanent shifts in light intensity after a movement. However, the results suggest that the
method is able also to reduce the shift due to a permanent displacement of the optodes
(Figure 7), but the experimental procedure proposed was not focused on this kind of
artifacts, hence it is not possible to reliably estimate the method’s performance in this case.
Further studies are needed on this topic.

One limitation of the proposed method relies on the difficulties to frame all the
optodes. In the described application, the fNIRS system was composed of two detectors
in the pre-frontal cortex, hence one IRT camera was sufficient to shoot all the helmet.
However, for whole-head systems it could be necessary to use more than one camera
and to provide a synchronization among them. In this situation, it could be desirable the
employment of one IRT camera to shoot the face of the participant, in order to preserve
the thermal physiological information, and other RGB cameras to frame the parietal and
occipital optodes. Another limitation is related to the employment of this method for
outdoor applications, where it is not possible to shoot the subject’s face and to properly
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track the optodes. This limitation could be overcome thanks to the improvement of IRT
technology that allowed to develop compact IRT cameras that could be installed in mobile
phones [60–62], on robots [63], and in very small environments, such as cars [64,65].

Finally, it is worth highlighting that IRT cameras are indeed more expensive with
respect to visible cameras. This issue could be solved enhancing the quality of videos
acquired through low cost IRT cameras [66], thus improving the tracking algorithms’
performance when applied to low resolutions IRT videos.

5. Conclusions

In the fNIRS research field, it is well known that the subjects’ head movement can
corrupt the fNIRS signals because of the decoupling between the optodes and the scalp, pro-
ducing an abrupt modification of the light intensity. Besides improving the optodes–scalp
coupling, the development of a motion artifacts correction algorithm is an essential point,
although revealing quite a challenging issue. This paper reports about the development
of a motion artifact correction algorithm for fNIRS signals based on wavelet transform,
wavelet coherence and video tracking for IRT recordings. The motion artifact correction
algorithm was validated on resting-state fNIRS signals with HRFs added simulating a
block paradigm. The results demonstrated good performances of both the IR tracking
and of the motion correction algorithm. It has been possible to improve the quality of the
fNIRS signal and the detection of the cortical functional activation with very promising
performances. This novel method can pave the way to multimodal fNIRS-IRT applications
to concurrently detect the central and autonomic nervous system activity.

Author Contributions: Conceptualization, D.P., D.C. and A.M.; methodology, D.P., D.C., C.F. and
A.M.C.; software, D.P., D.C., C.F. and A.M.C.; validation, D.P, D.C., C.F. and A.M.C.; formal analysis,
D.P. and D.C.; investigation, D.P., D.C., and C.F.; resources, A.M.; data curation, D.P. and D.C.;
writing—original draft preparation, D.P. and D.C.; writing—review and editing, D.P. and D.C.;
visualization, D.P. and D.C.; supervision, A.M.; project administration, A.M. All authors have read
and agreed to the published version of the manuscript.

Funding: This work was conducted under the framework of the Departments of Excellence 2018–
2022 initiative of the Italian Ministry of Education, University and Research for the Department of
Neuroscience, Imaging and Clinical Sciences (DNISC) of the University of Chieti-Pescara.

Institutional Review Board Statement: The study was conducted according to the guidelines of the
Declaration of Helsinki and approved by the Research Ethics Board of the University G. D’Annunzio
of Chieti-Pescara, Italy (approval number: 1479, date of approval: 3 May 2017).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to privacy issues.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Pinti, P.; Tachtsidis, I.; Hamilton, A.; Hirsch, J.; Aichelburg, C.; Gilbert, S.; Burgess, P.W. The Present and Future Use of Functional

Near-infrared Spectroscopy (FNIRS) for Cognitive Neuroscience. Ann. N.Y. Acad. Sci. 2020, 1464, 5. [CrossRef]
2. Ferrari, M.; Quaresima, V. A Brief Review on the History of Human Functional Near-Infrared Spectroscopy (FNIRS) Development

and Fields of Application. Neuroimage 2012, 63, 921–935. [CrossRef] [PubMed]
3. Quaresima, V.; Ferrari, M. A Mini-Review on Functional Near-Infrared Spectroscopy (FNIRS): Where Do We Stand, and Where

Should We Go? Photonics 2019, 6, 87. [CrossRef]
4. Chiarelli, A.M.; Perpetuini, D.; Croce, P.; Greco, G.; Mistretta, L.; Rizzo, R.; Vinciguerra, V.; Romeo, M.F.; Zappasodi, F.; Merla, A.

Fiberless, Multi-Channel FNIRS-EEG System Based on Silicon Photomultipliers: Towards Sensitive and Ecological Mapping of
Brain Activity and Neurovascular Coupling. Sensors 2020, 20, 2831. [CrossRef]

5. Sawangjai, P.; Hompoonsup, S.; Leelaarporn, P.; Kongwudhikunakorn, S.; Wilaiprasitporn, T. Consumer Grade EEG Measuring
Sensors as Research Tools: A Review. IEEE Sens. J. 2019, 20, 3996–4024. [CrossRef]

6. Pinti, P.; Aichelburg, C.; Gilbert, S.; Hamilton, A.; Hirsch, J.; Burgess, P.; Tachtsidis, I. A Review on the Use of Wearable Functional
Near-infrared Spectroscopy in Naturalistic Environments. Jpn. Psychol. Res. 2018, 60, 347–373. [CrossRef]

http://doi.org/10.1111/nyas.13948
http://doi.org/10.1016/j.neuroimage.2012.03.049
http://www.ncbi.nlm.nih.gov/pubmed/22510258
http://doi.org/10.3390/photonics6030087
http://doi.org/10.3390/s20102831
http://doi.org/10.1109/JSEN.2019.2962874
http://doi.org/10.1111/jpr.12206


Sensors 2021, 21, 5117 12 of 14

7. Perpetuini, D.; Chiarelli, A.M.; Filippini, C.; Cardone, D.; Croce, P.; Rotunno, L.; Anzoletti, N.; Zito, M.; Zappasodi, F.; Merla, A.
Working Memory Decline in Alzheimer’s Disease Is Detected by Complexity Analysis of Multimodal EEG-FNIRS. Entropy 2020,
22, 1380. [CrossRef]

8. Ward, J.A.; Pinti, P. Wearables and the Brain. IEEE Pervasive Comput. 2019, 18, 94–100. [CrossRef]
9. Thomas, L.; Nam, C.S. Functional Near-Infrared Spectroscopy (fNIRS) in Neuroergonomics. In Neuroergonomics; Springer:

Berlin/Heidelberg, Germany, 2020; pp. 53–76.
10. Monti, M.M. Statistical Analysis of FMRI Time-Series: A Critical Review of the GLM Approach. Front. Hum. Neurosci. 2011, 5, 28.

[CrossRef] [PubMed]
11. Brigadoi, S.; Ceccherini, L.; Cutini, S.; Scarpa, F.; Scatturin, P.; Selb, J.; Gagnon, L.; Boas, D.A.; Cooper, R.J. Motion Artifacts

in Functional Near-Infrared Spectroscopy: A Comparison of Motion Correction Techniques Applied to Real Cognitive Data.
Neuroimage 2014, 85, 181–191. [CrossRef] [PubMed]

12. Cooper, R.; Selb, J.; Gagnon, L.; Phillip, D.; Schytz, H.W.; Iversen, H.K.; Ashina, M.; Boas, D.A. A Systematic Comparison of
Motion Artifact Correction Techniques for Functional Near-Infrared Spectroscopy. Front. Neurosci. 2012, 6, 147. [CrossRef]

13. Wang, M.; Seghouane, A.-K. Motion Artefact Removal in Functional Near-Infrared Spectroscopy Signals Based on Robust
Estimation. In Proceedings of the ICASSP 2019—2019 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Brighton, UK, 12–17 May 2019; pp. 1145–1149.

14. Zhang, Y.; Brooks, D.H.; Franceschini, M.A.; Boas, D.A. Eigenvector-Based Spatial Filtering for Reduction of Physiological
Interference in Diffuse Optical Imaging. J. Biomed. Opt. 2005, 10, 011014. [CrossRef]

15. Yücel, M.A.; Selb, J.; Cooper, R.J.; Boas, D.A. Targeted Principle Component Analysis: A New Motion Artifact Correction
Approach for near-Infrared Spectroscopy. J. Innov. Opt. Health Sci. 2014, 7, 1350066. [CrossRef]

16. Scholkmann, F.; Spichtig, S.; Muehlemann, T.; Wolf, M. How to Detect and Reduce Movement Artifacts in Near-Infrared Imaging
Using Moving Standard Deviation and Spline Interpolation. Physiol. Meas. 2010, 31, 649. [CrossRef]

17. Molavi, B.; Dumont, G.A. Wavelet-Based Motion Artifact Removal for Functional Near-Infrared Spectroscopy. Physiol. Meas.
2012, 33, 259. [CrossRef] [PubMed]

18. Blasi, A.; Phillips, D.; Lloyd-Fox, S.; Koh, P.H.; Elwell, C.E. Automatic detection of motion artifacts in infant functional optical
topography studies. In Oxygen Transport to Tissue XXXI; Springer: Berlin/Heidelberg, Germany, 2010; pp. 279–284.

19. Virtanen, J.; Kotilahti, K.M.; Ilmoniemi, R.; Noponen, T.E.; Virtanen, J. Accelerometer-Based Method for Correcting Signal
Baseline Changes Caused by Motion Artifacts in Medical Near-Infrared Spectroscopy. J. Biomed. Opt. 2011, 16, 087005. [CrossRef]
[PubMed]

20. Metz, A.J.; Wolf, M.; Achermann, P.; Scholkmann, F. A New Approach for Automatic Removal of Movement Artifacts in
Near-Infrared Spectroscopy Time Series by Means of Acceleration Data. Algorithms 2015, 8, 1052–1075. [CrossRef]

21. Cui, X.; Baker, J.M.; Liu, N.; Reiss, A.L. Sensitivity of FNIRS Measurement to Head Motion: An Applied Use of Smartphones in
the Lab. J. Neurosci. Methods 2015, 245, 37–43. [CrossRef]

22. Siddiquee, M.R.; Marquez, J.S.; Atri, R.; Ramon, R.; Mayrand, R.P.; Bai, O. Movement Artefact Removal from NIRS Signal Using
Multi-Channel IMU Data. Biomed. Eng. Online 2018, 17, 120. [CrossRef]

23. Siddiquee, M.R.; Xue, T.; Marquez, J.S.; Atri, R.; Ramon, R.; Mayrand, R.P.; Leung, C.; Bai, O. Sensor Fusion in Human Cyber
Sensor System for Motion Artifact Removal from Nirs Signal. In Proceedings of the 2019 12th International Conference on Human
System Interaction (HSI), Richmond, VA, USA, 25–27 June 2019.

24. Izzetoglu, M.; Chitrapu, P.; Bunce, S.; Onaral, B. Motion Artifact Cancellation in NIR Spectroscopy Using Discrete Kalman
Filtering. Biomed. Eng. Online 2010, 9, 16. [CrossRef]

25. Robertson, F.C.; Douglas, T.S.; Meintjes, E.M. Motion Artifact Removal for Functional near Infrared Spectroscopy: A Comparison
of Methods. IEEE Trans. Biomed. Eng. 2010, 57, 1377–1387. [CrossRef]

26. Gagnon, L.; Yücel, M.A.; Boas, D.A.; Cooper, R.J. Further Improvement in Reducing Superficial Contamination in NIRS Using
Double Short Separation Measurements. Neuroimage 2014, 85, 127–135. [CrossRef]

27. Baltrušaitis, T.; Robinson, P.; Morency, L.-P. OpenFace: An Open Source Facial Behavior Analysis Toolkit. In Proceedings of the
2016 IEEE Winter Conference on Applications of Computer Vision (WACV), Richmond, VA, USA, 25–27 June 2019; pp. 1–10.

28. Vardasca, R.; Magalhaes, C.; Mendes, J. Biomedical Applications of Infrared Thermal Imaging: Current State of Machine Learning
Classification. In Proceedings of the Multidisciplinary Digital Publishing Institute Proceedings, Firenze, Italy, 17–19 September
2019.

29. Pinti, P.; Cardone, D.; Merla, A. Simultaneous FNIRS and Thermal Infrared Imaging during Cognitive Task Reveal Autonomic
Correlates of Prefrontal Cortex Activity. Sci. Rep. 2015, 5, 17471. [CrossRef] [PubMed]

30. Galli, A.; Brigadoi, S.; Giorgi, G.; Sparacino, G.; Narduzzi, C. Accurate Hemodynamic Response Estimation by Removal of
Stimulus-Evoked Superficial Response in FNIRS Signals. J. Neural Eng. 2021, 18, 036019. [CrossRef] [PubMed]

31. von Lühmann, A.; Li, X.; Müller, K.-R.; Boas, D.A.; Yücel, M.A. Improved Physiological Noise Regression in FNIRS: A Multimodal
Extension of the General Linear Model Using Temporally Embedded Canonical Correlation Analysis. NeuroImage 2020, 208,
116472. [CrossRef]

32. Ma, J.; Ma, Y.; Li, C. Infrared and Visible Image Fusion Methods and Applications: A Survey. Inf. Fusion 2019, 45, 153–178.
[CrossRef]

http://doi.org/10.3390/e22121380
http://doi.org/10.1109/MPRV.2019.2898536
http://doi.org/10.3389/fnhum.2011.00028
http://www.ncbi.nlm.nih.gov/pubmed/21442013
http://doi.org/10.1016/j.neuroimage.2013.04.082
http://www.ncbi.nlm.nih.gov/pubmed/23639260
http://doi.org/10.3389/fnins.2012.00147
http://doi.org/10.1117/1.1852552
http://doi.org/10.1142/S1793545813500661
http://doi.org/10.1088/0967-3334/31/5/004
http://doi.org/10.1088/0967-3334/33/2/259
http://www.ncbi.nlm.nih.gov/pubmed/22273765
http://doi.org/10.1117/1.3606576
http://www.ncbi.nlm.nih.gov/pubmed/21895332
http://doi.org/10.3390/a8041052
http://doi.org/10.1016/j.jneumeth.2015.02.006
http://doi.org/10.1186/s12938-018-0554-9
http://doi.org/10.1186/1475-925X-9-16
http://doi.org/10.1109/TBME.2009.2038667
http://doi.org/10.1016/j.neuroimage.2013.01.073
http://doi.org/10.1038/srep17471
http://www.ncbi.nlm.nih.gov/pubmed/26632763
http://doi.org/10.1088/1741-2552/abdb3a
http://www.ncbi.nlm.nih.gov/pubmed/33440365
http://doi.org/10.1016/j.neuroimage.2019.116472
http://doi.org/10.1016/j.inffus.2018.02.004


Sensors 2021, 21, 5117 13 of 14

33. Tian, T.; Mei, X.; Yu, Y.; Zhang, C.; Zhang, X. Automatic Visible and Infrared Face Registration Based on Silhouette Matching and
Robust Transformation Estimation. Infrared Phys. Technol. 2015, 69, 145–154. [CrossRef]

34. Ma, J.; Zhao, J.; Ma, Y.; Tian, J. Non-Rigid Visible and Infrared Face Registration via Regularized Gaussian Fields Criterion.
Pattern Recognit. 2015, 48, 772–784. [CrossRef]

35. Chen, C.; Ross, A. Matching Thermal to Visible Face Images Using Hidden Factor Analysis in a Cascaded Subspace Learning
Framework. Pattern Recognit. Lett. 2016, 72, 25–32. [CrossRef]

36. Leykin, A.; Ran, Y.; Hammoud, R. Thermal-Visible Video Fusion for Moving Target Tracking and Pedestrian Classification. In
Proceedings of the 2007 IEEE Conference on Computer Vision and Pattern Recognition, Minneapolis, MN, USA, 17–22 June 2007.

37. Wang, J.; Chen, D.; Chen, H.; Yang, J. On Pedestrian Detection and Tracking in Infrared Videos. Pattern Recognit. Lett. 2012, 33,
775–785. [CrossRef]

38. Lee, J.H.; Choi, J.-S.; Jeon, E.S.; Kim, Y.G.; Le, T.T.; Shin, K.Y.; Lee, H.C.; Park, K.R. Robust Pedestrian Detection by Combining
Visible and Thermal Infrared Cameras. Sensors 2015, 15, 10580–10615. [CrossRef] [PubMed]

39. Cardone, D.; Spadolini, E.; Perpetuini, D.; Filippini, C.; Chiarelli, A.M.; Merla, A. Automated Warping Procedure for Facial
Thermal Imaging Based on Features Identification in the Visible Domain. Infrared Phys. Technol. 2020, 112, 103595.

40. Eveland, C.K.; Socolinsky, D.A.; Wolff, L.B. Tracking Human Faces in Infrared Video. Image Vis. Comput. 2003, 21, 579–590.
[CrossRef]

41. Dowdall, J.; Pavlidis, I.T.; Tsiamyrtzis, P. Coalitional Tracking. Comput. Vis. Image Underst. 2007, 106, 205–219. [CrossRef]
42. Memarian, N.; Venetsanopoulos, A.N.; Chau, T. Infrared Thermography as an Access Pathway for Individuals with Severe Motor

Impairments. J. Neuroeng. Rehabil. 2009, 6, 11. [CrossRef]
43. Zhou, Y.; Tsiamyrtzis, P.; Lindner, P.; Timofeyev, I.; Pavlidis, I. Spatiotemporal Smoothing as a Basis for Facial Tissue Tracking in

Thermal Imaging. IEEE Trans. Biomed. Eng. 2012, 60, 1280–1289. [CrossRef]
44. Otsu, N. A Threshold Selection Method from Gray-Level Histograms. IEEE Trans. Syst. Man Cybern. 1979, 9, 62–66. [CrossRef]
45. Burt, P.J. Fast Filter Transform for Image Processing. Comput. Graph. Image Process. 1981, 16, 20–51. [CrossRef]
46. Lyon, D. The Discrete Fourier Transform, Part 6: Cross-Correlation. J. Object Technol. 2010, 9, 17–22. [CrossRef]
47. Wachowiak, M.P.; Wachowiak-Smolíková, R.; Johnson, M.J.; Hay, D.C.; Power, K.E.; Williams-Bell, F.M. Quantitative Feature

Analysis of Continuous Analytic Wavelet Transforms of Electrocardiography and Electromyography. Philos. Trans. R. Soc. A Math.
Phys. Eng. Sci. 2018, 376, 20170250. [CrossRef]

48. Friston, K.J.; Holmes, A.P.; Worsley, K.J.; Poline, J.-P.; Frith, C.D.; Frackowiak, R.S. Statistical Parametric Maps in Functional
Imaging: A General Linear Approach. Hum. Brain Mapp. 1994, 2, 189–210. [CrossRef]

49. Ye, J.C.; Tak, S.; Jang, K.E.; Jung, J.; Jang, J. NIRS-SPM: Statistical Parametric Mapping for near-Infrared Spectroscopy. Neuroimage
2009, 44, 428–447. [CrossRef]

50. Cui, X.; Bray, S.; Reiss, A.L. Functional near Infrared Spectroscopy (NIRS) Signal Improvement Based on Negative Correlation
between Oxygenated and Deoxygenated Hemoglobin Dynamics. Neuroimage 2010, 49, 3039–3046. [CrossRef]

51. Hagemann, D.; Waldstein, S.R.; Thayer, J.F. Central and Autonomic Nervous System Integration in Emotion. Brain Cogn. 2003, 52,
79–87. [CrossRef]

52. Perpetuini, D.; Cardone, D.; Bucco, R.; Zito, M.; Merla, A. Assessment of the Autonomic Response in Alzheimer’s Patients
During the Execution of Memory Tasks: A Functional Thermal Imaging Study. Curr. Alzheimer Res. 2018, 15, 951–958. [CrossRef]
[PubMed]

53. Eysenck, M.W.; Derakshan, N.; Santos, R.; Calvo, M.G. Anxiety and Cognitive Performance: Attentional Control Theory. Emotion
2007, 7, 336. [CrossRef]

54. Tachtsidis, I.; Scholkmann, F. False Positives and False Negatives in Functional Near-Infrared Spectroscopy: Issues, Challenges,
and the Way Forward. Neurophotonics 2016, 3, 031405. [CrossRef] [PubMed]

55. Zohdi, H.; Egli, R.; Guthruf, D.; Scholkmann, F.; Wolf, U. Color-Dependent Changes in Humans during a Verbal Fluency Task
under Colored Light Exposure Assessed by SPA-FNIRS. Sci. Rep. 2021, 11, 9654. [CrossRef]

56. Zohdi, H.; Scholkmann, F.; Wolf, U. Individual Differences in Hemodynamic Responses Measured on the Head Due to a
Long-Term Stimulation Involving Colored Light Exposure and a Cognitive Task: A SPA-FNIRS Study. Brain Sci. 2021, 11, 54.
[CrossRef]

57. Jagadev, P.; Giri, L.I. Non-Contact Monitoring of Human Respiration Using Infrared Thermography and Machine Learning.
Infrared Phys. Technol. 2020, 104, 103117. [CrossRef]

58. Jagadev, P.; Giri, L.I. Human Respiration Monitoring Using Infrared Thermography and Artificial Intelligence. Biomed. Phys. Eng.
Express 2020, 6, 035007. [CrossRef]

59. Jorge, J.; Harford, M.; Villarroel, M.; Chaichulee, S.; Davidson, S.; Finnegan, E.; Clark, S.H.; Young, J.D.; Watkinson, P.J.; Tarassenko,
L. Non-Contact Assessment of Peripheral Artery Haemodynamics Using Infrared Video Thermography. IEEE Trans. Biomed. Eng.
2020, 68, 276–288. [CrossRef]

60. Sandi, S.; Yusuf, S.; Kaelan, C.; Mukhtar, M. Evaluation Risk of Diabetic Foot Ulcers (DFUs) Using Infrared Thermography Based
on Mobile Phone as Advanced Risk Assessment Tool in the Community Setting: A Multisite Cross-Sectional Study. Enfermería
Clínica 2020, 30, 453–457. [CrossRef]

61. Jiang, Z.; Hu, M.; Gao, Z.; Fan, L.; Dai, R.; Pan, Y.; Tang, W.; Zhai, G.; Lu, Y. Detection of Respiratory Infections Using RGB-Infrared
Sensors on Portable Device. IEEE Sens. J. 2020, 20, 13674–13681. [CrossRef]

http://doi.org/10.1016/j.infrared.2014.12.011
http://doi.org/10.1016/j.patcog.2014.09.005
http://doi.org/10.1016/j.patrec.2015.06.021
http://doi.org/10.1016/j.patrec.2011.12.011
http://doi.org/10.3390/s150510580
http://www.ncbi.nlm.nih.gov/pubmed/25951341
http://doi.org/10.1016/S0262-8856(03)00056-8
http://doi.org/10.1016/j.cviu.2006.08.011
http://doi.org/10.1186/1743-0003-6-11
http://doi.org/10.1109/TBME.2012.2232927
http://doi.org/10.1109/TSMC.1979.4310076
http://doi.org/10.1016/0146-664X(81)90092-7
http://doi.org/10.5381/jot.2010.9.2.c2
http://doi.org/10.1098/rsta.2017.0250
http://doi.org/10.1002/hbm.460020402
http://doi.org/10.1016/j.neuroimage.2008.08.036
http://doi.org/10.1016/j.neuroimage.2009.11.050
http://doi.org/10.1016/S0278-2626(03)00011-3
http://doi.org/10.2174/1871529X18666180503125428
http://www.ncbi.nlm.nih.gov/pubmed/29848276
http://doi.org/10.1037/1528-3542.7.2.336
http://doi.org/10.1117/1.NPh.3.3.031405
http://www.ncbi.nlm.nih.gov/pubmed/27054143
http://doi.org/10.1038/s41598-021-88059-0
http://doi.org/10.3390/brainsci11010054
http://doi.org/10.1016/j.infrared.2019.103117
http://doi.org/10.1088/2057-1976/ab7a54
http://doi.org/10.1109/TBME.2020.2999539
http://doi.org/10.1016/j.enfcli.2019.07.136
http://doi.org/10.1109/JSEN.2020.3004568


Sensors 2021, 21, 5117 14 of 14

62. Jiang, Z.; Hu, M.; Zhai, G. Portable Health Screening Device of Respiratory Infections. In Proceedings of the 2020 IEEE
International Conference on Multimedia & Expo Workshops (ICMEW), London, UK, 6–10 July 2020.

63. Rane, K.P. Design and Development of Low Cost Humanoid Robot with Thermal Temperature Scanner for COVID-19 Virus
Preliminary Identification. Int. J. Adv. Trends Comput. Sci. Eng. 2020, 9, 3485–3493. [CrossRef]

64. Cardone, D.; Perpetuini, D.; Filippini, C.; Spadolini, E.; Mancini, L.; Chiarelli, A.M.; Merla, A. Driver Stress State Evaluation by
Means of Thermal Imaging: A Supervised Machine Learning Approach Based on ECG Signal. Appl. Sci. 2020, 10, 5673. [CrossRef]

65. Perpetuini, D.; Cardone, D.; Filippini, C.; Spadolini, E.; Mancini, L.; Chiarelli, A.M.; Merla, A. Can Functional Infrared Thermal
Imaging Estimate Mental Workload in Drivers as Evaluated by Sample Entropy of the FNIRS Signal? In Proceedings of the 8th
European Medical and Biological Engineering Conference, Portorož, Slovenia, 29 November–3 December 2020.

66. Burgholzer, P.; Mayr, G.; Thummerer, G.; Haltmeier, M. Linking Information Theory and Thermodynamics to Spatial Resolution
in Photothermal and Photoacoustic Imaging. J. Appl. Phys. 2020, 128, 171102. [CrossRef]

http://doi.org/10.30534/ijatcse/2020/153932020
http://doi.org/10.3390/app10165673
http://doi.org/10.1063/5.0023986

	Introduction 
	Materials and Methods 
	Participants 
	IRT Instrumentation 
	fNIRS Instrumentation 
	IRT Tracking Procedure 
	fNIRS Motion Artefacts Correction Algorithm 
	Validation of the fNIRS Motion Artifacts Removal Algorithm 

	Results 
	IR Tracking Performances 
	Statistical Validation of the Motion Artifacts Removal Algorithm 

	Discussion 
	Conclusions 
	References

