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Abstract: Functional near-infrared spectroscopy (fNIRS) is an optical non-invasive neuroimaging
technique that allows participants to move relatively freely. However, head movements frequently
cause optode movements relative to the head, leading to motion artifacts (MA) in the measured signal.
Here, we propose an improved algorithmic approach for MA correction that combines wavelet and
correlation-based signal improvement (WCBSI). We compare its MA correction accuracy to multiple
established correction approaches (spline interpolation, spline-Savitzky–Golay filter, principal compo-
nent analysis, targeted principal component analysis, robust locally weighted regression smoothing
filter, wavelet filter, and correlation-based signal improvement) on real data. Therefore, we measured
brain activity in 20 participants performing a hand-tapping task and simultaneously moving their
head to produce MAs at different levels of severity. In order to obtain a “ground truth” brain ac-
tivation, we added a condition in which only the tapping task was performed. We compared the
MA correction performance among the algorithms on four predefined metrics (R, RMSE, MAPE, and
∆AUC) and ranked the performances. The suggested WCBSI algorithm was the only one exceeding
average performance (p < 0.001), and it had the highest probability to be the best ranked algorithm
(78.8% probability). Together, our results indicate that among all algorithms tested, our suggested
WCBSI approach performed consistently favorably across all measures.

Keywords: functional near-infrared spectroscopy (fNIRS); real fNIRS data; motion artifact;
motion correction

1. Introduction

Functional near-infrared spectroscopy (fNIRS) is a non-invasive neuroimaging tech-
nique that uses light in the near-infrared range to measure hemodynamic response changes
associated with neuronal activity in the brain [1,2]. It exploits the fact that the scalp and
skull are relatively transparent to light in the infrared range. For brain activation measure-
ments, infrared light with wavelengths (e.g., 760 and 850 nm) is emitted from a source
into the brain tissue. The light arriving at a detector placed several centimeters away is
measured and converted to concentration changes of oxyhemoglobin (HbO) and deoxy-
hemoglobin (HbR) using the modified Beer–Lambert law [3]. The concentration changes
are interpreted as neuronal activation changes in the superficial cortical layers because the
received light was scattered along a bent path through the superficial brain tissues. This
technique allows for more head movements than other imaging techniques, such as fMRI,
as the optodes (sensor detector pairs) are typically attached to the head. This makes it a
suitable method for brain research in relatively realistic or real-life settings, such as infant
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brain development [4,5], functional connectivity [6], cognitive science [7,8], psychiatry and
neurology [9,10], anesthesia [11], and driver monitoring [12].

However, although fNIRS allows for head movements, its signal quality is affected
by motion artifacts (MA). Any change in the orientation or distance of the sources and
detectors relative to the skull caused by movements can change the impedance and generate
changes in the fNIRS signal. For example, spikes occur when the optodes quickly move and
return to their original position. In addition, slow signal drifts happen when the optodes
are slowly moved, and baseline shifts occur when the optode location changes [13,14].

Because of the wide dynamic range of MAs, which overlaps with the dynamic range of
the hemodynamic responses of the brain, MAs cannot be removed by simple time domain
filtering without affecting the measured brain activation. Moreover, the MAs’ dynamics
vary between participants, requiring individual filter settings [15]. Therefore, the first step
in recording fNIRS is to reduce optode movement to avoid MAs as much as possible. For
example, this can be done by fixating the optodes firmly in a support structure attached
to the head (e.g., a cap) [16]. Once MAs are in the data, the rejection of measurements
with MAs would be the simplest approach to deal with the problem. However, in many
experiments, the total number of trials is rather small, and, therefore, data loss due to the
rejection of trials is undesirable and can reduce the reliability of the results [17]. In these
cases, correction of the MA contaminated signal is crucial to avoid data loss [3].

Several MA correction algorithms have been developed to prevent data loss. They
follow different rationales and have different strengths and weaknesses. In multi-sensor
recordings, principal component analysis (PCA) can be efficient. It exploits cross-correlations
between sensor signals caused by movements of the whole sensor array. It decomposes
the multi-sensor signal into a set of orthogonal spatial patterns of sensor activations, in
which, ideally, the MA segments are separated from the brain signal [17]. Unfortunately,
PCA applied to the whole measured signal often does not separate brain and MA signals
well and tends to over-correct the signal [18]. Targeted principal component analysis (tPCA)
is an extension of classic PCA designed to avoid over-correction. Therefore, it focuses
only on the segments with MA to obtain a better separation of MA and brain signal, and
to correct only those epochs with identified MAs. However, the method is complex to
use as its performance depends on a number of parameters the user has to set [19]. The
correlation-based signal improvement (CBSI) method assumes that brain-generated HbO
and HbR signals are always negatively correlated, whereas intervals with MAs are indicated
by positive correlations [20]. Consistent negative correlation is a strong assumption that
is needed to estimate the HbR from the HbO signal in CBSI. However, it may sometimes
not be met, for example in some pathophysiological conditions [21]. CBSI is known to
effectively remove large spikes and baseline shifts. Another advantage is that it can be
fully automated [20]. While the previously mentioned motion correction algorithms exploit
correlations between time series, other MA correction methods operate on single channels.
The movement artifact reduction algorithm (MARA) [14] combines MA detection with spline
fitting to subtract an estimate of the MA. Similar to tPCA, MARA depends on MA interval
detection. This complicates the application as many user parameters need to be selected.
Conversely, Savitzky–Golay (SG) filtering [22] locally fits a polynomial function to estimate
the signal without MA, and replaces the measured value with the estimate from the fitted
polynomial. Robust locally estimated scatterplot smoothing (RLOESS) [23] implements a
smoothing filter by initially fitting a locally weighted regression, which is iteratively refined
based on the size of the residuals. Both RLOESS and SG are denoising filters that can remove
high-frequency MAs but are relatively ineffective in removing slow drifts and baseline shifts.
In addition, RLOESS is computationally expensive [24]. In yet another approach, wavelet
filtering [25], the measured signal is first decomposed on a wavelet basis; then, the wavelet
coefficients considered to represent an artifact are zeroed. Finally, the signal is reconstructed
from the corrected set of coefficients. The advantages of wavelet filtering are in its simplicity
and performance: it eliminates the need for the detection of MAs, it can be fully automated,
and it significantly reduces spikes and drift noise [4].
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In this study, we present a new combined artifact correction approach, wavelet and
CBSI correction (WCBSI). We recorded extensive evoked fNIRS data from the motor cortex
while participants performed a tapping task, and distorted the measurements with head
movements of different extents. In parallel, we measured head movements with accelerom-
eters. The design of the experiment allowed us to empirically estimate the “ground truth”
hemodynamic response for HbO and HbR. We used this “ground truth” as a reference
signal to evaluate the performance of the proposed WCBSI and several other popular
MA corrections on four quality metrics and two levels of head movements. We compare
WCBSI performance to seven established MA correction approaches and demonstrate that
it has reliably superior performance in the cases examined here. The dataset is available
as a reference for future developments and comparisons of MA correction techniques
(https://www.doi.org/10.17605/OSF.IO/3A9Q6 (accessed on 24 March 2023)).

2. Materials and Methods
2.1. Motion Artifact Correction Methods

All MA correction methods used in this study are integrated into the HOMER3 toolbox.
For brevity, we will only cover the CBSI and wavelet methods in more detail as they are
at the core of our improved MA correction approach. All other methods are only briefly
outlined, and we refer the reader to publications with more detailed explanations. Figure 1
depicts the data flow through the processing steps required for each different MA correction
approach [26]. Table 1 lists the user selectable parameters of each algorithm. Their total
number adds up when multiple algorithmic steps are combined, for example when MA
detection and correction are concatenated in spline, splineSG, and tPCA.
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Figure 1. The flow of data for all MA correction techniques tested here. The rounded rectangles
indicate the processing steps applied to the data. The data flow of each technique is indicated by
color-coded arrows: black for uncorrected data, blue for spline, cyan for spline SG, yellow for RLOESS,
gray for wavelet, brown for CBSI, green for PCA, purple for tPCA, and red for WCBSI correction.
The red dashed box indicates how processes are combined in the WCBSI correction. All parameters
used in the respective MA correction algorithms are listed in Table 1.
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Table 1. User parameter settings for every HOMER3 function used in the processing stream.

Name Function Parameters and Values

Channel rejection hmrR_PruneChannels dRange (1 × 10−4–1× 107), SNRthresh = 1,
Sdrange = (0.0–45.0)

Motion detection HmrMotionArtifactByChannel
tMotion = 0.5 Sec, tMask = 1.0 Sec,

SDEVThresh = 20,
AMPthresh = (0.05–0.5)

PCA hmrR_PCAFilter nSV = (0.96 ± 0.02)

tPCA hmrR_MotionCorrectPCArecurse
tMotion = 0.5 Sec, tMask = 1.0 Sec,

SDEVThresh = 20, AMPthresh = (0.1–0.5),
nSV = 0.97, maxlter = 5

Spline hmrR_MotionCorrectSpline p = 0.99
SplineSG hmrR_MotionCorrectionSplineSG p = 0.99, FrameSize_Sec = 10
RLOEES hmrR_MotionCorrectRLOEES span = 0.02
Wavelet hmrR_MotionCorrectWavelet iqr = 1.5

CBSI hmrR_MotionCorrectCBSI On
Band-pass filter hmrR_BandpassFilt hpf = 0.01 Hz, lpf = 0.1 Hz

OD change hmrR_OD2Conc 1.0 1.0 1.0
Average hmrR_BlockAvg −2.0 Sec 20.0 Sec

PCA takes the covariance between N sensors and generates N uncorrelated (orthog-
onal) components. The components are sorted by the amount of variance they account
for in the original data. Because MAs typically have larger amplitudes than brain signals,
they are expected to be captured in the larger components. MA correction is performed by
finding the first M components that represent MA variance and removing them from the
signal. A user-defined threshold specifies the minimal amount of variance MA components
explain. If the MAs are statistically independent of brain activation, they may end up in
separate components. However, this is not guaranteed. A critical factor that determines
PCA’s performance is the number of measurements available to estimate the covariances,
and the number of components to be removed [18].

TPCA is designed to prevent over-correction, which occurs for example when MA and
brain signals do not separate well in PCA [19]. In order to obtain a better representation
of Mas, the method confines PCA estimation to previously detected MAs. Therefore, MA
detection has to be performed before the PCA is applied and the movement intervals are
corrected. This method has five user parameters: four from the motion detection and one
from PCA.

In HOMER3, MARA is implemented in the correctSpline function, and we will denote it
as the function in the rest of the manuscript [14]. The algorithm initially finds intervals with
artifacts in each channel, fits a cubic spline to it, and subtracts the fitted spline function to
remove the artifact. Effectively, it has five user parameters: four for the motion detection and
one to control the smoothness of the spline (one for a cubic spline and zero for a linear fit).

Savitzky–Golay filtering [22,24] is implemented in the correctSplineSG function in
HOMER3, and we will denote it like this in the rest of the manuscript. As the name indicates,
the function combines the spline-based MARA algorithm [14] with Savitzky–Golay filtering
in a second step. The SG filtering step obtains a least squares fit of a third-order polynomial
to a data interval of a pre-specified length. It replaces the original value at the center of the
interval by the value of the fitted functions. This process is repeated until all data points are
smoothed. Effectively, this algorithm has six user parameters: four for motion detection,
one for spline interpolation, and one, the length of the fitting interval, for the SG filter.

RLOESS [23,24], as implemented in HOMER3, uses the MATLAB function ‘smooth’. In
the first step, this function fits the second-order polynomial to an interval of a pre-specified
length of the data, and replaces the original data with the smoothed data, similar to SG
filtering. However, one important difference is that the data pointing further away from
the current interval center are down weighted as a function of their distance. In a second
step, the residuals between the smoothed and the original data are calculated, and the
fitting procedure is repeated but now with an additional weight that down weights data
points that were not well fitted in the first step. Data points that are more than six standard
deviations from the fitted value are excluded as outliers, i.e., they receive the weight zero.
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This makes the fit robust against outliers. The two steps can be iteratively repeated to
increase the smoothness of the fit. This algorithm has one user parameter: the length of the
data interval used for fitting. All other parameters are fixed to standard values.

The wavelet transform (WT) is well suited to separate temporally localized signals
with different dynamics. It achieves that by tiling the time-frequency plane in a way that
optimizes the trade-off between frequency and time resolution, i.e., wavelets sensitive to
rapid signal variations are typically shorter than wavelets sensitive to slow variations. This
is in contrast to short time Fourier transform, which has constant temporal resolution over
all frequencies due to the fixed analysis interval for all sinusoids. Another advantage of WT
is that it allows for different basis functions, which can be chosen to approximate the spiky
shape of Mas. With an appropriately chosen wavelet, the WT is sensitive to the shape and
the dynamics of Mas, which helps to separate them from the brain-related fNIRS signal [25].
The HOMER3 wavelet-based motion correction uses the computationally efficient discrete
wavelet transform with the db2 wavelet, which has a spiky shape. The function applies
discrete WT to decompose the fNIRS signal of each channel at multiple scales. It then
calculates the distribution of the obtained wavelet coefficients, and zeroes coefficients with
extreme values (exceeding a pre-specified inter-quantile range) as they are assumed to
reflect artifacts. Finally, the correct time series of each channel is reconstructed by applying
the inverse discrete WT to the wavelet coefficients. The method has one user parameter:
the width of the inter-quantile range, which specifies the width of the central range of the
wavelet coefficients that are retained. All other parameters are fixed to standard values.

The HbO and HbR signals induced by brain activity are negatively correlated. Neu-
ronal activity triggers the increase in arterial, HbO-rich blood supply via neurovascular
coupling. As a consequence, the blood volume increases locally and the relative HbO
concentration increases while the relative HbR concentration decreases. Conversely, motion
changes the sensor signal for both IR wavelengths in a similar way. Therefore, motion
artifacts are characterized by positively correlated HbO and HbR signal changes. This
difference is the basis of the correlation-based signal improvement (CBSI) [20] implemented
in HOMER3. The algorithm requires additional assumptions for signal correction. In order
to make them transparent, we briefly review the approach implemented in HOMER3 based
on [20]. The correction assumes that the observed HbO and HbR signal time series X and
Y, respectively, are composed of contributions from three sources: (1) the true signals X0
and Y0 generated by HbO and HbR concentration changes in the brain, (2) movement-
related noise causing similar effects F on HbO and HbR but with different scaling captured
by a positive constant factor α, and (3) instrument noise. The observed HbO and HbR
measurements X and Y can then be written as

X = X0 + αF + Noise, and Y = Y0 + F + Noise (1)

It is further assumed that the movement-related noise F and the instrument noise are
independent of each other and the brain signal. The correction algorithm focuses on the
movement-related noise F and assumes that the instrument noise was removed by some
other approach such as filtering. This is why we suggest to apply wavelet denoising before
CBSI. With the assumption that the true X0 and Y0 are perfectly negatively correlated, we
can express one as a negatively scaled version of the other X0 = −βY0 with β as the scaling
factor. Based on empirical observations, the authors of [20] argue that the scaling α of the
movement-induced noise is similar to the scaling β of the true HbO/HbR signals, i.e., α = β.
With these assumptions, they derive the following equations:

X0 =
1
2
(X− αY), and Y0 =

−1
α

X0 (2)

for the estimation of the “true” motion corrected HbO/HbR signals observed. Impor-
tantly, setting α = β makes it possible to estimate α as the ratio between the standard
deviation of the observed HbO and HbR signals, i.e., α = std(X)/std(Y). The method has no
user parameters.
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The different MA corrections methods have a different number of free user parameters
which allow for adjustments. The parameter settings used in this study are listed in Table 1.
We chose typical standard parameters, and the same parameters were used for processing
steps implemented in different MA correction pipelines.

In this study, we suggest to combine the wavelet-based correction with CBSI to further
improve artifact correction. In the combined wavelet CBSI (WCBSI) correction, we apply
wavelet correction first. The reason is that it reduces, among other noises, instrument noise
that would violate the assumptions of CBSI.

2.2. Experimental Procedure and fNIRS Data Recording

The general aim of the experimental procedure was to obtain data that (a) reflect the
situation in an experiment at (b) different levels of artifact severity, but at the same time
(c) allow for the estimation of a “ground truth” reference signal. Moreover, we wanted
to collect (d) a larger than usual amount of data in order to obtain (e) good estimates for
the MA correction performances at the single participant and at the group level with (f)
fNIRS-relevant variations across participants. Finally, we wanted to obtain (g) an estimate
of the relative strength of the head movements actually performed. Therefore, we recorded
an accelerometer attached to the participants’ heads.

2.2.1. Participants

Twenty healthy young adults (aged 22–37, thirteen females) participated in this study.
Nine had black hair, ten had variations of brown hair, and one had red hair. In addition,
their hair density differed from dense to medium. The participants had different ethnicities
(Asia, Africa, and Europe). All participants provided written informed consent. The IRB of
the Carl von Ossietzky Universität Oldenburg approved the experimental protocol under
the code Drs. EK/2020/021.

2.2.2. Experimental Setup and Procedure

Participants were seated in front of a 24′′ DELL (LCD) monitor (1920 × 1200 px
resolution and reduced brightness) at a viewing distance of approximately 70–80 cm in a
dimly lit and acoustically isolated room (see Figure 2b). The participants were asked to
put their hands on the table during the experiment. They were instructed to begin tapping
with both hands on the table, with approximately one to two taps per second, when the
word “tapping” appeared on the screen.

The experiment started and ended with a 120 s long baseline measurement (Figure 3).
Then, hand tapping was performed during 10 s long intervals followed by a rest interval
(20 s) to allow the slow hemodynamic response to settle to baseline between consecutive
tapping intervals. The fNIRS optodes were positioned according to the international
transcranial optode positioning system (10/10 and 10/20) [27], with 3 cm source–detector
distance. The detectors were on positions C3/C4, and the emitters on positions C1/C2,
C5/C6, FC3/FC4, and CP3/CP4, as shown in Figure 2a. This way they covered the
participants’ motor cortex. During the first tapping interval in a sequence, participants kept
their head steady, which we denote as being tapping “no head movement” (NHM). During
the second tapping interval, they performed small head movements (SHM, right-left flexion,
and head rotations with steady shoulders), and during the third interval they performed
large head movements (LHM), with movements of similar directions but larger amplitude.
This sequence was repeated 25 times resulting in 25 repetitions of each experimental
condition. The whole experiment took approximately 41.5 min. We made sure that neither
optode positions changed nor that the signal quality deteriorated during the experiment.
Each participant practiced the tasks for 5–10 min before starting the actual recordings. The
experimental procedure was controlled with Psychtoolbox 3 [28].
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CP3, CP4, C1, C2, C5, and C5 are marked in red. The black lines approximate the channels. The
accelerometer was located in the FCz position and is indicated by a black box. (b) The participant
is seated in front of the monitor with his/her hands on the table. Arrows indicate the approximate
directions of the head movements.
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Figure 3. The experimental procedure and sequence of the tasks. The participants first performed
hand tapping without head movements for 10 s (NHM), then, after a 20 s rest period, hand tapping
with small head movements (SHM) for 10 s, and, after a 20 s rest period, hand tapping with large
head movements (LHM) for 10 s, followed by a 20 s rest period. This sequence was repeated 25 times.
A baseline was recorded at the beginning and the end of the experiment.

2.2.3. fNIRS and IMU Data Recording and Processing

We used a portable Artinis Medical OctaMon 8-channel system. This system is designed
to measure fNIRS under free field conditions. It has eight light sources with standard wave-
lengths of 760 and 850 nm and two receivers, forming eight optodes in total. Each optode was
sampled at 10 Hz. We performed multiple quality checks before the recordings began. First,
we checked via the recording software (Oxysoft v3.0.103.3) that the light intensity was in the
recommended range. Then, we assessed potential contributions from environmental light by
measuring the amount of light in the detectors when the device’s light sources were turned
off. This contribution amounted to less than 1% of the total signal. Finally, we confirmed that
the wavelengths of each source were at 760 ± 5 nm and 850 ± 6 nm.

Furthermore, we used an MPU-6050 motion tracking sensor with a 3-axis accelerometer to
record the movement during each task by fixing it between CZ and FZ, as shown in Figure 1a.
We sampled the MPU-6050 sensor signals with an Arduino Uno board at 10 Hz, the same
sampling frequency as the fNIRS signal, and sent it via USB to the fNIRS recording PC.



Sensors 2023, 23, 3979 8 of 18

2.2.4. Data Processing and Movement Correction

The data processing was conducted with the HOMER3 MATLAB toolbox [29], with
MATLAB R2020a. The block diagram in Figure 1 depicts the sequence of processing steps
for all correction techniques applied in this study.

In the first step, we cut the optical density (OD) recordings into epochs around the
tapping signal shown on the screen (2 s before to 20 s after). Next, we performed an initial
head motion artifact detection step on the raw OD recordings for spline, splineSG, and
tPCA. We then applied seven motion correction techniques (PCA, tPCA, spline, spline SG,
RLOESS, wavelet, CBSI). Note that PCA, tPCA, spline, spline SG, RLOESS, and wavelet cor-
rections are performed on the optical density data. The clean epochs were then converted
to HbO/HBR concentration changes using the modified Beer–Lambert law. The manufac-
turer’s software (Oxysoft v3.0.103.3) implements the formula suggested by Scholkmann
and Wolf [30] for conversion that uses an age-dependent differential path length factor.
After entering the participant’ ages, this factor amounted on average to 6.28 ± 0.5 for the
wavelength 760 nm and 5.85 ± 0.3 for the wavelength 850 nm. CBSI assumes a negative
correlation between HBO and HbR. Therefore, it is necessary to apply the modified Beer–
Lambert law before movement correction. Then, the converted epochs were band-pass
filtered and averaged within the movement conditions (NHM, SHM, and LHM) [26,31].
All parameters of all algorithms and processing steps are summarized in Table 1.

3. Quality Metrics for Comparison among MA Correction Algorithms

In order to quantify the performance of the different motion correction algorithms,
we calculated four metrics on the averaged HbO and HbR signals that compared the
“ground truth” reference signal, recorded without head movements (NHM), to the signals
recorded with head movements (SHM and LHM) after MA correction. We used participant
averaged epochs for quality metric calculation because this mimics the standard situation in
event-related experiments where epochs are averaged over repetitions of an experimental
condition. The MA correction was applied on the single trial data.

(1) Pearson’s correlation coefficient R was calculated between the averaged HRF of the

reference signal HRF (NHM) and ĤRF of the movement-contaminated signals (SHM
and LHM). Pearson correlation measures the similarity of the shapes of two signals
and is scaled between −1 and 1.

(2) Rooted Mean Square Error (RMSE) measures the unscaled average deviation between
two signal time series. It was calculated with the following equation:

RMSE =

√√√√∑N
i=1

(
HRF(i)− ĤRF(i)

)2

N
(3)

Here, N is the number of samples in an epoch and i is the sample count.

(3) Mean Absolute Percentage Error (MAPE) measures the deviation in relation to the
momentary strength of the reference signal. It was obtained with the formula:

MAPE =
1
N

N

∑
i=1

∣∣∣∣∣HRF(i)− ĤRF(i)
HRF(i)

∣∣∣∣∣ (4)

(4) The area under the curve difference (∆AUC) is a global measure that compares the
overall deviation from the baseline of two curves. It was obtained with the formula:

∆AUC = AUCHRF − AUCĤRF (5)

We report for each quality measure the mean across participants, separately for
HbO/HbR and the movement condition. In order to derive summary statistics across
MA algorithms, we rank the mean MA correction performances on each measure sepa-
rately. We switch to ranks because they provide a robust new performance measure (e.g.,
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against non-linearities) that can be combined over quality measures that have different
scales and numerical ranges. One summary statistic we report is the mean rank of each MA
correction algorithm across quality measures, signal type, and movement condition, plus
the corresponding standard deviation. This provides a basic global performance statistic.
Other summary statistics include rank probabilities and a statistical significance test for the
observed rankings. Therefore, we fitted a Plackett–Luce model (PLM) to the 16 rankings
(2 fNIRS signals * 2 movement levels * 4 quality measures) obtained for each MA correction
algorithm using the R-package “Plackett–Luce” [32]. The Plackett–Luce framework models
the observed ranking as a sequence of choices among alternatives (the MA algorithms)
with different “worth”. Algorithms with higher worths can be expected to be better ranked.
The package provides probabilities for the first rank for each algorithm, as well as standard
errors and statistical significance of the worth of each algorithm.

4. Movement Analysis

Newton’s law linearly relates acceleration measured by the IMU to the force that
displaces the optodes on the head. We quantified the amount of acceleration in each epoch
by taking the geometric mean over the three accelerometer axes for each sample and then
averaged this over all samples using the equation:

M =
∑N

i=1

√
X2

i + Y2
i + Z2

i

n
(6)

This is the mean scalar acceleration per epoch. Here, i is the number of samples in
an epoch.

5. Results
5.1. Movement Analysis

The accelerometer data provide an estimate of the forces acting on the optodes in the
different movement conditions. Larger forces can displace optodes on the scalp by a larger
amount and thereby create larger MAs. In this acceleration analysis, we first calculated
the mean acceleration per epoch, averaged them within the conditions (NHM, SHM,
LHM), and then across participants. The results are shown in Figure 4. As expected, the
smallest acceleration was measured when the head was held steady (NHM) and the highest
with largest instructed movements (LHM). Intermediate movements (SHM) produced
intermediate accelerations.
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5.2. fNIRS Movement Artifacts

The instructed head movements introduced various types of MAs [26]. Figure 5a
shows, as an illustrative example, the time course of the raw HbO and HbR signals mea-
sured in one optode of one participant for the duration of a full experiment. The HbO
signal increases due to tapping are clearly visible as an oscillation with constant frequency
over the whole experiment, indicating the good signal-to-noise ratio of the recording. The
large spikes occurring approximately every third period reflect MAs caused by LHM. They
can have qualitatively different temporal fine structure such as spikes, signal drifts, or
signal shifts. Examples are shown as small insets. While the movement artifacts shown
in Figure 5a can be detrimental in time-resolved BCI-type analyses [12], they may even
deteriorate the signal after extensive averaging. Figure 5b shows the time courses of HbO
and HbR for all three conditions (NHM, SHM, and LHM). Each curve was calculated
by averaging over 25 movement epochs. The mean over the NHM epochs exhibits the
expected delayed responses with a single peak but high frequency ripples. The latter likely
reflect residual instrument and physiological noise. The LHM average clearly has residual
spikes that severely distort both the HbO and HBR averages. Shape distortions in the HbO
and HbR signals are even more obvious in the SHM averages.
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Figure 5. (a) An example raw time course of optical density signals of one participant (red: HbO, blue:
HbR). The small insets exemplify different types of MA (baseline shifts, spikes with high amplitude
and fast dynamics, and slow drifts with lower amplitude and slower dynamics) at a finer temporal
scale. (b) Corresponding average uncorrected epochs of the raw concentration change of HbO/HbR
for the three movement conditions. Different levels of movement artifacts distort the tapping related
response to different extents, even after averaging. Colors codes conditions: red for HbO in NHM
epochs, blue for HbR in NHM, black for HbO in LHM epochs, green for HbR in LHM, purple for
HbO in SHM, and cyan for HbR in SHM. Error bands indicate standard error across trials.

5.3. Comparison of Movement Correction Methods

We measured the quality of the different movement correction algorithms with respect
to a reference signal; the average of the NHM epochs represents the most “typical” empirical
brain signal expected in our experiment. Note that residual uncorrelated noise should
be largely averaged out in these repetitions. An ideal motion correction would result in
a response curve that is very similar to the reference signal. We computed four different
quality measures (R, RMS, MAPE, and ∆AUC; see methods), each capturing different types
of ‘similarity’ between the reference signal and the average movement corrected signal
from the two movement conditions SHM and LHM. The quality measures were computed
individually for each participant, and we report the average for the participants here. We
expressed noise reduction in amplitude decibels with the values of the measure obtained
with averaged uncorrected NHM data as a reference.

The first measure is Pearson correlation (R), which captures the overall similarity
of the shapes of the reference and the (corrected) head motion contaminated signals.
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R is a normalized value where one indicates that the shapes of two curves are perfect
reproductions of each other, whereas zero means they are unrelated. Note that R does not
capture amplitude differences. Figure 6 shows the correlation coefficients for the different
correction approaches for HbO and HbR separately. Panel (a) is for SHM and (b) is for LHM.
The highest correlations are obtained with the suggested WCBSI approach and, importantly,
the correlations are similar between the two levels of head movement (SHM: R = 0.85 for
HbO and HbR; LHM: R = 0.82 for HbO and HbR). These results suggest that the WCBSI
approach is remarkably robust over levels of head movements, and is particularly efficient
for the HbR signal.
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Figure 6. Average Pearson correlations of the MA corrected HbO and HbR signals with the reference
signals. These are shown in (a) for the SHM responses and in (b) for the LHM responses. The
correlations were calculated individually for each participant and then averaged. Correction types
are uncorrected, principal component analysis (PCA), spline interpolation, spline interpolation plus
Savitzky–Golay filtering (splineSG), correlation-based signal improvement (CBSI), wavelet trans-
form, targeted principal component analysis (tPCA), robust locally estimated scatter plot smoothing
(RLOESS), and our new combination of wavelet and CBSI correction (WCBSI). Error bars indicate
standard error across participants.

Except for CBSI and WCBSI, the corrected HbR signals have lower correlations with
the reference signal than the HbO signals after correction. This suggests that most correction
algorithms struggle to recover the shape of the HbR response. Moreover, the correction of
most other algorithms (including CBSI) is worse for the larger head movements, at least for
the HbR signal, and the obtained correlations remain at a similar level as the uncorrected
HbO signal.

Rooted mean square error (RMSE) measures the unscaled average absolute deviation
between the reference signals and the (corrected) signals contaminated with head move-
ments. Note that smaller RMSE scores indicate better movement artifact correction. Figure 7
shows the RMSE for the different correction approaches for HbO and HbR separately. Panel
(a) is for SHM and (b) is for LHM. Similar to Pearson correlation, the highest errors are
observed with the uncorrected signals and the best results (lowest error) with the WCBSI
method (SHM: 1.8 × 10−5- for HbO and 1.2 × 10−5 for HbR; LHM: 2.4 × 10−5 for HbO
and 1.5 × 10−5 for HbR). In decibels, this corresponds to a noise reduction of −12.2 dB for
HbO and −10.6 dB for HbR with SHM and with LHM −15.1 dB for HbO and −13.9 dB for
HbR. For larger head movements, the RMSE is comparable between RLOESS and WCBSI,
but for smaller movements there is still a clear improvement in WCBSI over RLOESS (HbO:
53%, HbR: 17% improvement). Note that the generally lower RMSE for the HbR signals is
due to the generally lower signal variation compared to HbO.
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Figure 7. Average rooted mean square error (RMSE) between the MA corrected HbO and HbR signals
and their respective reference signal. This is shown in (a) for the SHM responses and in (b) for the
LHM responses. The RMSEs were calculated individually for each participant and then averaged.
Error bars indicate standard error across participants.

Mean absolute percentage error (MAPE) expresses the correction error as a percentage
of the current reference signal strength. Consequently, smaller numbers are better. Figure 8
shows the MAPEs for the different correction approaches for HbO and HbR separately.
Panel (a) is for SHM and (b) is for LHM. Note that for constant noise amplitudes, MAPE
will increase when the amplitude of the reference signal decreases (e.g., close to the in
the baseline signal). Again, WCBSI produces favorable results over the range of head
movements (SHM: 24% for HbO and 23% for HbR; LHM: 53% for HbO and HbR). Again,
the performance is very similar for HbO and HbR. This corresponds to a noise reduction of
−15.7 dB for HbO and −8.2 dB with SHM and with LHM −10 dB for HbO and −6.3 dB.
Only splineSG in the LHM condition produces a slightly better result for the HbR signal
with 37% MAPE. However, for HbO, splineSG correction is worse than WCBSI for both
SHM and LHM (59% and 74%).
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Figure 8. Mean absolute percentage error (MAPE) between the MA corrected HbO and HbR signals
and their respective reference signals. This is shown in (a) for the SHM responses and in (b) for the
LHM responses. The MAPEs were calculated individually for each participant and then averaged.
Error bars indicate standard error across participants.

Area under the curve difference (∆AUC) measures the difference between the integrals
of the reference signals and the (corrected) signals contaminated with head movements.
This is a global measure that can, for example, detect signal rescaling. Reported alone, it can
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be hard to interpret. Figure 9 shows the ∆AUCs for the different correction approaches for
HbO and HbR separately. Panel (a) is for SHM and (b) is for LHM. Note that the HbR signals
were multiplied by −1 to compensate for the sign flip. As with the other measures, WCBSI
produces favorable results over the range of head movements on ∆AUC (SHM: 3.3 × 10−4

for HbO and 1.1 × 10−4 for HbR; LHM: 1.0 × 10−4 for HbO and 1.4 × 10−4 for HbR). In
decibels, this corresponds to a noise reduction of −9.6 dB for HbO and −14.9 dB with SHM
and with LHM −21.4 dB for HbO and −13.7 dB for HbR. Note that for HbR, the ∆AUC
performance is very similar between movement conditions. For the combination SHM
and HbO, WCBSI is still in the middle field after wavelet, CBSI, and RLOESS. For all other
combinations of movement and fNIRS signal, WCBSI provides the best ∆AUC measures.
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Figure 9. Mean difference between areas under curve (∆AUC) of the MA corrected HbO and HbR
signals and their respective reference signals. This is shown in (a) for the SHM responses and in
(b) for the LHM responses. The ∆AUCs were calculated individually for each participant and then
averaged. Error bars indicate standard error across participants.

In order to summarize the results in a way that generates recommendations for users
of MA correction algorithms, we determined the MA correction rank for each algorithm
in each combination of signal type (two levels), movement (two levels), and evaluation
score (four levels). This resulted in 16 rank scores for each algorithm. We assume that most
researchers will be interested in an algorithm that exhibits good and reliable MA correction.
The first criterion can be assessed by sorting the algorithms according to their mean rank
over all scores (conditions). The results are shown in Table 2, with rows sorted by the
second column. WCBSI, the algorithm proposed here, clearly has the best mean rank. It is
followed by RLOESS and CBSI by some margin. The two worst approaches to deal with
MAs are “uncorrected” (doing nothing) and PCA. The second criterion, reliability, can be
measured by taking the standard deviation across rank scores. An algorithm that produces
a certain performance level consistently over the conditions will exhibit low rank standard
deviation. Table 3 again shows mean ranks and rank standard deviation, but the rows are
now sorted by rank standard deviation (column 3). Again, WCBSI exhibits the smallest
standard deviation, indicating that it provides most consistent results over all conditions.
For the remaining methods, an approximate pattern emerges where the better the mean
rank, the higher the standard deviation. This could indicate that the better algorithms
perform particularly well in some, but badly in other conditions. For example, RLOESS
produces very good RMSE scores (Figure 7), which is the criterion it optimizes. However,
the shape of the resulting signal may deviate considerably from the reference shape, as
indicated by the algorithm’s low correlation scores in Figure 6. Interestingly, the second
most reliable approach is ‘uncorrected’, where nothing is done to the signal. This approach
produces consistently bad results.
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Table 2. Correction methods sorted by mean rank.

Method Grand Mean Rank Rank std

WCBSI 1.25 0.77
RLOESS 4.00 2.48

CBSI 4.13 2.13
Wavelet 4.25 2.27

SplineSG 4.94 2.24
Spline 5.44 1.46
tPCA 5.63 1.59
PCA 6.31 1.78

Uncorrected 8.63 0.81

Table 3. Correction methods sorted by standard deviation of rank.

Method Rank Grand Mean Rank std

WCBSI 1.25 0.77
Uncorrected 8.63 0.81

Spline 5.44 1.46
tPCA 5.63 1.59
PCA 6.31 1.78
CBSI 4.13 2.13

SplineSG 4.94 2.24
Wavelet 4.25 2.27
RLOESS 4.00 2.48

In sum, the analysis of mean rank and rank standard deviation suggests the WCBSI
algorithm as the most favorable MA correction algorithm that can reliably produce excel-
lent results over different MA levels, for the HbO and the HbR-signal, and for different
correction quality measures. Not treating MAs consistently produces the worst results.

The Plackett–Luce modeling of rank data allows for the derivation of several statistics
of rankings [32]. In Figure 10, we plot the worths of the different MA correction algorithms
with reference to “uncorrected”, for which the mean worth was set to zero. Higher worths
indicate better performance rank. WCBSI has the highest worth and “uncorrected” the
lowest. The worth of all other algorithms is at an intermediate level. WCBSI clearly has the
highest probability of 78.8% to obtain the first rank in the MA correction quality ranking.
In contrast, the other algorithms have a probability between 0.2% and 3% to be found in
the first rank. Moreover, WCBSI was the only MA correction with a significantly higher
rank than the mean rank (p < 0.0001). From these results, we again conclude that WCBSI
produces systematically better results on the four quality measures than the seven other
algorithms tested here.
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WCBSI has the highest worth and “uncorrected” the lowest. All other correction algorithms have
similar worths varying around the mean. All worths are referenced to “uncorrected”, for which the
mean was set to zero. Error bars indicate standard errors of the mean.

6. Discussion

The central aim of our study was to assess and compare the performance of the
newly proposed WCBSI MA correction approach to other popular approaches, with a
realistic amount of fNIRS data that were recorded in a realistic experiment. In sum, over
all evaluation measures tested, WCBSI provided the best and most reliable MA correction
performance over all levels of head movement strengths for both fNIRS signal types
(HbO/HbR). WCBSI provided the highest correlations in combination with the lowest
RMSE. This suggests that it is highly capable of recovering not only the shape but also
the amplitude of the brain responses in both the HbO and the HbR signals. If no specific
preference for a particular MA correction type can be a priori specified, our results suggest
that WCBSI should be used to obtain consistently good correction results over magnitudes
of movement and signal types. Notably, the WCBSI method consistently produced the best
correction results for the HbR signal. However, our analysis also showed that the worst
thing to do with MA contaminated recordings is to leave the data uncorrected. This holds
even when a considerable number of trials can be averaged.

The suggested WCBSI approach for MA correction has several advantages over pre-
vious approaches. One advantage is the good performance with different levels of MA
artifacts, evaluation measures, and, importantly, with HbO and HbR signals. Moreover,
the WCBSI MA correction was performed on the HbR and HbO signals comparably. This
indicates that the assumption that HbO and HbR are negatively correlated holds for our
data. This is important because the other algorithms tested here had problems with recov-
ering the shape of the HbR signal (Figure 6). Another advantage is its simplicity. It has
only one user parameter, the wavelet threshold. This parameter can be estimated from
the data, or the standard parameter of HOMER3 (1.5) can be used. The performance of
the wavelet algorithm appears to be relatively robust against its variations [33]. Therefore,
the proposed WCBSI algorithm has the potential to be automated. Yet another important
advantage is that implementations of the wavelet [25] and CBSI [20] algorithms are already
available in software, for example in HOMER3.

The runtime of WCBSI is mostly determined by the wavelet part of the combined
algorithm (Supplementary Table S1). With 65 s for more than 40 min of recordings in
8 channels (8 HbO and 8 HbR signals), it is not the fastest approach, but it is in a similar
order of magnitude as most other algorithms (range 16–690 s) and is considerably faster than
RLOESS which required 690 s on the same data. Since the algorithm is applied separately on
channels, the runtime scales linearly with their number. Moreover, the separate processing of
channels allows parallelization for further acceleration of processing. These considerations
suggest that WCBSI will have an acceptable runtime on data from a typical whole head
fNIRS system, with about 10 times as many channels than our study used.

MA correction algorithms are frequently evaluated on synthetic data [34–37] or hy-
brid data with a synthetic ground truth signal [14,17,20,24,33]. This is, on the one hand,
understandable because not all methods developers may have access to fNIRS recordings.
Moreover, knowing the ground truth of the to-be-recovered signal has advantages for the
evaluation of the performance of the MA correction algorithm. On the other hand, using
synthetic or semi-synthetic data has limitations. First, the signal statistics may differ from
signals recorded in real experiments. For example, artifacts other than MAs (e.g., heartbeat
and other physiological artifacts) will be likely missing and the variability of brain re-
sponses is underestimated. This could lead to biased performance estimates. Second, fNIRS
measures two types of signals (HbO and HbR), but the simulations may not reproduce
both signal types equally well and enforce theoretical assumptions that require empirical
support during method evaluation (e.g., negative correlation between HbO and HbR). This
may not only introduce a bias towards one type of signal (often HbO) but may reduce the
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usefulness of the evaluation of MA correction methods combining HbO and HbR, such as
the CBSI method which is part of our proposed WCBSI approach. Moreover, studies using
recorded brain data tend to use rather small datasets with only few participants and/or
very little data per participant [25,33,38]. This bears the risk of biased results that are hard
to reproduce [39]. Our dataset attempts to avoid such pitfalls by including a relatively
MA-free condition without instructed head movements, plus two additional levels of head
movements. The experimental task is simple, and each condition is repeated 25 times
leading to 41 min of data per participant. These data are enough to estimate individual
‘ground truth’ average hemodynamic brain responses that can be used as a reference signal
for MA correction algorithm comparison. With 20 participants, the dataset should be large
enough to discover relevant performance differences among MA correction algorithms.
In addition, the dataset will include IMU recordings from the head, synchronized with
the fNIRS recordings. We think that our dataset could be helpful for other researchers as a
reference dataset to evaluate and develop MA correction algorithms with other measures and
approaches implemented here. Therefore, we will make it available to the research community
(https://www.doi.org/10.17605/OSF.IO/3A9Q6 (accessed on 24 March 2023)). We encourage
other researchers to release rich fNIRS datasets with different tasks to make a variety of fNIRS
measurement scenarios available. This will help to improve the comparison of MA correction
algorithms in different types of experimental settings.

When comparing MA correction algorithms over multiple experimental conditions
and quality measures, it is important to span a range of scenarios. The downside of this
approach is that it can produce complex and hard to interpret results because the ranking
among MA algorithms can strongly depend on the particular variant of data and quality
measure, e.g., comparing Figure 6, Figure 7, Figure 8, Figure 9, [4,17,24]. In order to
reduce this complexity, we presented for each algorithm a rank order statistic that was
calculated over the ranks and obtained in every single combination of fNIRS signal/head
movements and level/quality measures that were tested. This is an easily interpretable
and non-parametric summary of the results. We find that the proposed WCBSI algorithm
performs favorably in many combinations. The mean ranking we obtained is in broad
correspondence with previous studies. For example, RLOESS, CBSI, wavelet, and splineSG
are often reported among the more favorable algorithms, whereas spline and PCA as
less favorable and dependent on the data [4,17,24,35]. Importantly, our analysis is, to
our knowledge, the first to explicitly quantify the reliability of the tested MA correction
algorithms by introducing rank standard deviation. This measure is independent of mean
rank, easy to interpret as reliability of performance, and provides important insights. First,
the new WCBSI has best mean rank and also has low rank standard deviation, meaning it
performs reliably well. Another approach with low rank standard deviation is to leave the
data uncorrected. This approach produces reliably bad results. For the other established
approaches tested here, our results suggest an approximate negative relationship between
mean rank and rank standard deviation. The better the mean rank of an algorithm, the
less reliable its level of performance is when tested over different movement levels, quality
measures, or fNIRS data types. This variability in quality measures may also explain why
most MA correction algorithms had similar worths in the Plackett–Luce model; good results
on one measure may average out with less favorable results on another. The proposed
WCBSI is the notable exception of this pattern with a favorable mean rank and a low rank
standard deviation.

7. Conclusions

In this study, we proposed WCBSI as a new approach to motion correction in fNIRS
signals, which combines two existing MA correction methods to handle many types and
magnitudes of motion artifacts on four commonly used quality metrics (R, MAPE, RMSE,
and ∆AUC) with consistently favorable performance. When compared to a range of popular
MA correction techniques, WCBSI outperformed them in the quality and the reliability of
the MA correction.

https://www.doi.org/10.17605/OSF.IO/3A9Q6


Sensors 2023, 23, 3979 17 of 18

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/s23083979/s1.

Author Contributions: Conceptualization, H.R.A.-O., A.H., S.F. and J.W.R.; methodology, H.R.A.-O.,
J.W.R., S.F. and A.H.; software, H.R.A.-O.; validation, H.R.A.-O., J.W.R., S.F. and A.H.; data analysis,
H.R.A.-O. and J.W.R.; resources, J.W.R., S.F. and A.H.; data curation, A.H.; writing—original draft prepara-
tion, H.R.A.-O. and J.W.R.; writing—review and editing, H.R.A.-O., J.W.R., S.F. and A.H.; visualization,
H.R.A.-O.; supervision, J.W.R., S.F. and A.H.; project administration, H.R.A.-O.; funding acquisition,
H.R.A.-O. and J.W.R. All authors have read and agreed to the published version of the manuscript.

Funding: H.R.A.-O. was supported by the University of Technology—Iraq fellowship development
program. J.W.R was funded by a DFG Device Center Grant INST 184/216-1“Tools and infrastructure
for open and reproducible, neuroimaging”, DFG-grant RI 1511/3-1, and the Deutsche Forschungs-
gemeinschaft (DFG, German Research Foundation) under Germany’s Excellence Strategy—EXC
2177/1—Project ID 390895286.

Institutional Review Board Statement: The study protocol was approved by the IRB of the Carl von
Ossietzky Universität Oldenburg under the code (Drs. EK/2020/021).

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

Data Availability Statement: The data is available in (https://www.doi.org/10.17605/OSF.IO/3A9Q6
(accessed on 24 March 2023)).

Acknowledgments: We thank Jooris Mettler for technical support, Aaron Reer for help with data
curation, and Arkan Al-Zubaidi and Meryem A. Yücel for productive discussions.

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

References
1. Villringer, A.; Chance, B. Non-Invasive Optical Spectroscopy and Imaging of Human Brain Function. Trends Neurosci. 1997,

20, 435–442. [CrossRef] [PubMed]
2. Jöbsis, F.F. Noninvasive, Infrared Monitoring of Cerebral and Myocardial Oxygen Sufficiency and Circulatory Parameters. Science

1977, 198, 1264–1266. [CrossRef] [PubMed]
3. Huppert, T.; Angela Franceschini, M.; Boas, D. Noninvasive Imaging of Cerebral Activation with Diffuse Optical Tomography.

Vivo Opt. Imaging Brain Funct. 2009, 393–433. [CrossRef]
4. Hu, X.-S.; Arredondo, M.M.; Gomba, M.; Confer, N.; DaSilva, A.F.; Johnson, T.D.; Shalinsky, M.; Kovelman, I. Comparison of

Motion Correction Techniques Applied to Functional Near-Infrared Spectroscopy Data from Children. J. Biomed. Opt. 2015,
20, 126003. [CrossRef]

5. Roche-Labarbe, N.; Fenoglio, A.; Radhakrishnan, H.; Kocienski-Filip, M.; Carp, S.A.; Dubb, J.; Boas, D.A.; Grant, P.E.;
Franceschini, M.A. Somatosensory Evoked Changes in Cerebral Oxygen Consumption Measured Non-Invasively in Premature
Neonates. Neuroimage 2014, 85, 279–286. [CrossRef]

6. Xu, S.Y.; Lu, F.M.; Wang, M.Y.; Hu, Z.S.; Zhang, J.; Chen, Z.Y.; Armada-da-Silva, P.A.S.; Yuan, Z. Altered Functional Connectivity
in the Motor and Prefrontal Cortex for Children with Down’s Syndrome: An FNIRS Study. Front. Hum. Neurosci. 2020, 14, 6.
[CrossRef] [PubMed]

7. Medvedev, A.V. Does the Resting State Connectivity Have Hemispheric Asymmetry? A near-Infrared Spectroscopy Study.
Neuroimage 2014, 85, 400–407. [CrossRef]

8. Lin, X.A.; Wang, C.; Zhou, J.; Sai, L.; Fu, G. Neural Correlates of Spontaneous Deception in a Non-Competitive Interpersonal
Scenario: A Functional near-Infrared Spectroscopy (FNIRS) Study. Brain Cogn. 2021, 150, 105704. [CrossRef]

9. Wei, Y.Y.; Chen, Q.; Curtin, A.; Tu, L.; Tang, X.; Tang, Y.Y.; Xu, L.H.; Qian, Z.Y.; Zhou, J.; Zhu, C.Z.; et al. Functional Near-Infrared
Spectroscopy (FNIRS) as a Tool to Assist the Diagnosis of Major Psychiatric Disorders in a Chinese Population. Eur. Arch.
Psychiatry Clin. Neurosci. 2021, 271, 745–757. [CrossRef]

10. Mihara, M.; Fujimoto, H.; Hattori, N.; Otomune, H.; Kajiyama, Y.; Konaka, K.; Watanabe, Y.; Hiramatsu, Y.; Sunada, Y.;
Miyai, I.; et al. Effect of Neurofeedback Facilitation on Poststroke Gait and Balance Recovery: A Randomized Controlled Trial.
Neurology 2021, 96, e2587–e2598. [CrossRef]

11. Rahman, M.A.; Siddik, A.B.; Ghosh, T.K.; Khanam, F.; Ahmad, M. A Narrative Review on Clinical Applications of FNIRS. J. Digit.
Imaging 2020, 33, 1167–1184. [CrossRef] [PubMed]

12. Unni, A.; Ihme, K.; Jipp, M.; Rieger, J.W. Assessing the Driver’s Current Level of Working Memory Load with High Density
Functional near-Infrared Spectroscopy: A Realistic Driving Simulator Study. Front. Hum. Neurosci. 2017, 11, 167. [CrossRef]
[PubMed]

13. Zhou, X.; Sobczak, G.; Colette, M.M.; Litovsky, R.Y. Comparing FNIRS Signal Qualities between Approaches with and without
Short Channels. PLoS ONE 2021, 15, e0244186. [CrossRef] [PubMed]

https://www.mdpi.com/article/10.3390/s23083979/s1
https://www.mdpi.com/article/10.3390/s23083979/s1
https://www.doi.org/10.17605/OSF.IO/3A9Q6
https://doi.org/10.1016/S0166-2236(97)01132-6
https://www.ncbi.nlm.nih.gov/pubmed/9347608
https://doi.org/10.1126/science.929199
https://www.ncbi.nlm.nih.gov/pubmed/929199
https://doi.org/10.1201/9781420076851.ch14
https://doi.org/10.1117/1.JBO.20.12.126003
https://doi.org/10.1016/j.neuroimage.2013.01.035
https://doi.org/10.3389/fnhum.2020.00006
https://www.ncbi.nlm.nih.gov/pubmed/32116599
https://doi.org/10.1016/j.neuroimage.2013.05.092
https://doi.org/10.1016/j.bandc.2021.105704
https://doi.org/10.1007/s00406-020-01125-y
https://doi.org/10.1212/WNL.0000000000011989
https://doi.org/10.1007/s10278-020-00387-1
https://www.ncbi.nlm.nih.gov/pubmed/32989620
https://doi.org/10.3389/fnhum.2017.00167
https://www.ncbi.nlm.nih.gov/pubmed/28424602
https://doi.org/10.1371/journal.pone.0244186
https://www.ncbi.nlm.nih.gov/pubmed/33362260


Sensors 2023, 23, 3979 18 of 18

14. 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, 649–662. [CrossRef]

15. Nozawa, T.; Kondo, T. A Comparison of Artifact Reduction Methods for Real-Time Analysis of FNIRS Data. In Lecture Notes
in Computer Science (Including Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics); Salvendy, G.,
Smith, M.J., Eds.; Springer: Berlin/Heidelberg, Germany, 2009; Volume 5618 LNCS, pp. 413–422, ISBN 3642025587.

16. Vanegas, M.; Dementyev, A.; Mireles, M.; Carp, S.; Fang, Q. A Modular, Fiberless, 3-d Aware, Flexible-Circuit-Based Wearable FNIRS
System. In Proceedings of the Optics InfoBase Conference Papers, Beijing, China, 24–27 October 2020; Volume Part F176-, p. BM3C.3.

17. 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]

18. 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]

19. 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]

20. 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]

21. Obrig, H.; Steinbrink, J. Non-Invasive Optical Imaging of Stroke. Philos. Trans. R. Soc. Math. Phys. Eng. Sci. 2011, 369, 4470–4494.
[CrossRef]

22. Savitzky, A.; Golay, M.J.E. Smoothing and Differentiation of Data by Simplified Least Squares Procedures. Anal. Chem. 1964,
36, 1627–1639. [CrossRef]

23. Cleveland, W.S. Robust Locally Weighted Regression and Smoothing Scatterplots. J. Am. Stat. Assoc. 1979, 74, 829–836. [CrossRef]
24. Jahani, S.; Setarehdan, S.K.; Boas, D.A.; Yücel, M.A. Motion Artifact Detection and Correction in Functional Near-Infrared Spectroscopy:

A New Hybrid Method Based on Spline Interpolation Method and Savitzky–Golay Filtering. Neurophotonics 2018, 5, 1. [CrossRef]
[PubMed]

25. Molavi, B.; Dumont, G.A. Wavelet-Based Motion Artifact Removal for Functional near-Infrared Spectroscopy. Physiol. Meas. 2012,
33, 259–270. [CrossRef] [PubMed]

26. Yücel, M.A.; Lühmann, A.v.; Scholkmann, F.; Gervain, J.; Dan, I.; Ayaz, H.; Boas, D.; Cooper, R.J.; Culver, J.; Elwell, C.E.; et al. Best
Practices for FNIRS Publications. Neurophotonics 2021, 8, 12101. [CrossRef] [PubMed]

27. Jurcak, V.; Tsuzuki, D.; Dan, I. 10/20, 10/10, and 10/5 Systems Revisited: Their Validity as Relative Head-Surface-Based
Positioning Systems. Neuroimage 2007, 34, 1600–1611. [CrossRef]

28. Brainard, D.H. The Psychophysics Toolbox. Spat. Vis. 1997, 10, 433–436. [CrossRef] [PubMed]
29. Huppert, T.J.; Diamond, S.G.; Franceschini, M.A.; Boas, D.A. HomER: A Review of Time-Series Analysis Methods for near-Infrared

Spectroscopy of the Brain. Appl. Opt. 2009, 48, D280–D298. [CrossRef] [PubMed]
30. Scholkmann, F.; Wolf, M. General Equation for the Differential Pathlength Factor of the Frontal Human Head Depending on

Wavelength and Age. J. Biomed. Opt. 2013, 18, 105004. [CrossRef]
31. Bonilauri, A.; Sangiuliano Intra, F.; Baselli, G.; Baglio, F. Assessment of Fnirs Signal Processing Pipelines: Towards Clinical

Applications. Appl. Sci. 2021, 12, 316. [CrossRef]
32. Turner, H.L.; van Etten, J.; Firth, D.; Kosmidis, I. Modelling Rankings in R: The PlackettLuce Package. Comput. Stat. 2020,

35, 1027–1057. [CrossRef]
33. Di Lorenzo, R.; Pirazzoli, L.; Blasi, A.; Bulgarelli, C.; Hakuno, Y.; Minagawa, Y.; Brigadoi, S. Recommendations for Motion

Correction of Infant FNIRS Data Applicable to Multiple Data Sets and Acquisition Systems. Neuroimage 2019, 200, 511–527.
[CrossRef] [PubMed]

34. Hossain, M.S.; Chowdhury, M.E.H.; Reaz, M.B.I.; Ali, S.H.M.; Bakar, A.A.A.; Kiranyaz, S.; Khandakar, A.; Alhatou, M.;
Habib, R.; Hossain, M.M. Motion Artifacts Correction from Single-Channel EEG and FNIRS Signals Using Novel Wavelet Packet
Decomposition in Combination with Canonical Correlation Analysis. Sensors 2022, 22, 3169. [CrossRef] [PubMed]

35. Cooper, R.J.; 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] [PubMed]

36. Fishburn, F.A.; Ludlum, R.S.; Vaidya, C.J.; Medvedev, A.V. Temporal Derivative Distribution Repair (TDDR): A Motion Correction
Method for FNIRS. Neuroimage 2019, 184, 171–179. [CrossRef]

37. Croce, P.; Zappasodi, F.; Merla, A.; Chiarelli, A.M. Exploiting Neurovascular Coupling: A Bayesian Sequential Monte Carlo
Approach Applied to Simulated EEG FNIRS Data. J. Neural Eng. 2017, 14, 46029. [CrossRef] [PubMed]

38. Lawoyin, S.A.; Fei, D.-Y.; Bai, O. A Novel Application of Inertial Measurement Units (IMUs) as Vehicular Technologies for Drowsy
Driving Detection via Steering Wheel Movement. Open J. Saf. Sci. Technol. 2014, 4, 166–177. [CrossRef]

39. Munafò, M.R.; Nosek, B.A.; Bishop, D.V.M.; Button, K.S.; Chambers, C.D.; Percie du Sert, N.; Simonsohn, U.; Wagenmakers, E.-J.;
Ware, J.J.; Ioannidis, J.P.A. A Manifesto for Reproducible Science. Nat. Hum. Behav. 2017, 1, 21. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1088/0967-3334/31/5/004
https://doi.org/10.1016/j.neuroimage.2013.04.082
https://doi.org/10.1117/1.1852552
https://doi.org/10.1142/S1793545813500661
https://doi.org/10.1016/j.neuroimage.2009.11.050
https://doi.org/10.1098/rsta.2011.0252
https://doi.org/10.1021/ac60214a047
https://doi.org/10.1080/01621459.1979.10481038
https://doi.org/10.1117/1.NPh.5.1.015003
https://www.ncbi.nlm.nih.gov/pubmed/29430471
https://doi.org/10.1088/0967-3334/33/2/259
https://www.ncbi.nlm.nih.gov/pubmed/22273765
https://doi.org/10.1117/1.NPh.8.1.012101
https://www.ncbi.nlm.nih.gov/pubmed/33442557
https://doi.org/10.1016/j.neuroimage.2006.09.024
https://doi.org/10.1163/156856897X00357
https://www.ncbi.nlm.nih.gov/pubmed/9176952
https://doi.org/10.1364/AO.48.00D280
https://www.ncbi.nlm.nih.gov/pubmed/19340120
https://doi.org/10.1117/1.JBO.18.10.105004
https://doi.org/10.3390/app12010316
https://doi.org/10.1007/s00180-020-00959-3
https://doi.org/10.1016/j.neuroimage.2019.06.056
https://www.ncbi.nlm.nih.gov/pubmed/31247300
https://doi.org/10.3390/s22093169
https://www.ncbi.nlm.nih.gov/pubmed/35590859
https://doi.org/10.3389/fnins.2012.00147
https://www.ncbi.nlm.nih.gov/pubmed/23087603
https://doi.org/10.1016/j.neuroimage.2018.09.025
https://doi.org/10.1088/1741-2552/aa7321
https://www.ncbi.nlm.nih.gov/pubmed/28504643
https://doi.org/10.4236/ojsst.2014.44018
https://doi.org/10.1038/s41562-016-0021

	Introduction 
	Materials and Methods 
	Motion Artifact Correction Methods 
	Experimental Procedure and fNIRS Data Recording 
	Participants 
	Experimental Setup and Procedure 
	fNIRS and IMU Data Recording and Processing 
	Data Processing and Movement Correction 


	Quality Metrics for Comparison among MA Correction Algorithms 
	Movement Analysis 
	Results 
	Movement Analysis 
	fNIRS Movement Artifacts 
	Comparison of Movement Correction Methods 

	Discussion 
	Conclusions 
	References

