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Functional near-infrared spectroscopy (fNIRS) is a preferred neuroimaging technique for studies requiring high
ecological validity, allowing participants greater freedom of movement. Despite its relative robustness against
motion artifacts (MAs) compared to traditional neuroimaging methods, fNIRS still faces challenges in managing
and correcting these artifacts. Many existing MA correction algorithms notably lack validation on real data
with ground-truth movement information. In this work, we combine computer vision, ground-truth movement
data, and fNIRS signals to preliminarily characterize the association between specific head movements and
MAs. Fifteen participants (age = 22.27 + 2.62 years) took part in a whole-head fNIRS study, performing
controlled head movements along three main rotational axes. Movements were categorized by axis (vertical,
frontal, sagittal), speed (fast, slow), and type (half, full, repeated rotation). Experimental sessions were video
recorded and analyzed frame-by-frame using the SynergyNet deep neural network to compute head orientation
angles. Maximal movement amplitude and speed were extracted from head orientation data, while spikes
and baseline shifts were identified in the fNIRS signals. Results showed that head orientation and movement
metrics extracted via computer vision closely aligned with participant instructions. Additionally, repeated as
well as upward and downward movements tended to compromise fNIRS signal quality. The occipital and pre-
occipital regions were particularly susceptible to MAs following upwards or downwards movements, whereas
the temporal regions were most affected by bend left, bend right, left, and right movements. These findings
underscore the importance of cap adherence and fit in the relationship between movements and MAs. Overall,
the present work lays the foundation for an automated approach to developing and validating fNIRS MA
correction algorithms.
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1. Introduction Although fNIRS is less sensitive to movement than traditional neu-
roimaging methods, effectively managing MAs in fNIRS signals is cru-

Functional near-infrared spectroscopy (fNIRS) is an optical method cial for drawing reliable scientific conclusions [7]. This is particu-

for studying brain activity by measuring changes in blood oxygenation
levels. fNIRS leverages the near-infrared (NIR) optical window to trans-
mit NIR light from light sources to detectors through various biological
tissues [1,2].

In recent years, there has been a surge in fNIRS usage compared
to traditional neuroimaging methods, such as electroencephalography
and functional magnetic resonance imaging, due to its distinctive ad-
vantages [3,4]. Unlike other techniques, fNIRS allows participants to
remain mobile rather than confined to a scanner, and it is less sensi-
tive to motion artifacts (MAs). Additionally, its portability and cost-
effectiveness make it particularly suitable for conducting ecologically
valid and participant-friendly experiments (e.g., [5,6]).
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larly pertinent in naturalistic experimental paradigms, which often
involve significant movement components. Two primary approaches
have emerged in addressing this challenge: one advocates avoiding
corrections to the collected signals, while the other proposes correcting
them using specific criteria (e.g., changes in the amplitude and fre-
quency of the signal) [8]. Opting not to correct the collected signals
ensures the use of the original data without modifications. However,
this conservative approach demands a large number of experimental
trials and a minimum occurrence of MAs. Conversely, correcting signals
with MAs allows for retaining all the available neuroimaging data,
which are typically challenging and time-consuming to collect [8].
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However, this approach strongly depends on the reliability of the
methods used to objectively identify and correct MAs.

While identification and correction methods for MAs are pivotal
in fNIRS-based neuroimaging experiments, achieving a consensus on
the optimal approach to use remains challenging [9,10]. Currently,
two primary methods are widely regarded as the gold standard for
correcting MAs: spline interpolation [11] and wavelet filtering [12].
Spline interpolation is particularly effective in addressing shifts in
fNIRS signals, whereas wavelet filtering excels in mitigating spikes
within the signals.

The application of specific corrections for fNIRS signals is often
guided by intrinsic signal characteristics or external parameters, such as
accelerometer data [13]. However, uncertainty remains about whether
these methods effectively target MAs or unintentionally alter genuine
brain activity data. Additionally, even when the suggested criteria
are applied, some MAs may go undetected and remain uncorrected.
This challenge arises from the lack of a definitive ground truth on
how movements manifest in fNIRS-recorded brain signals. Instead,
most criteria and correction methods rely on assumptions about the
hemodynamic brain response or expected experimental outcomes for
their development and validation. Consequently, the evaluation of MAs
identification and correction methods largely relies on simulated or the-
oretically expected brain data (e.g., [14,15]), with limited assessment
on real neural signals.

To address the lack of ground truth, some studies have explored
the association between movements and artifacts in recorded signals.
However, these investigations are often constrained by a scarcity of
controlled movements and ground-truth information. In this regard, the
use of computer vision based on artificial intelligence holds promise
in annotating movements from videos and obtaining ground-truth data
to elucidate their impact on brain signals collected (e.g. [16,17]).
For example, [18] demonstrated the feasibility of real-time electroen-
cephalography artifact annotation by using computer vision to detect
blinks and head movements, reinforcing the value of visual data for
identifying motion-related artifacts.

Another line of research adopts a theoretical approach to character-
ize the statistical properties of MAs and, based on this characterization,
to define robust statistical models for estimating brain responses [19—
22]. The main advantage of this approach is that it minimizes the need
for extensive pre-processing of the fNIRS signal. In fact, the processing
can be limited to the conversion of raw data into changes in oxy- and
deoxyhemoglobin concentrations, as the statistical model is designed to
be resilient to MAs and other sources of noise.

To summarize, existing studies have primarily focused on charac-
terizing MAs, evaluating how MAs affect signal quality, often without
accounting for the specific characteristics of the underlying movements,
or developing algorithms for detecting and correcting MAs, frequently
without the support of ground-truth data regarding their presence and
magnitude. In the present study, we examine the relationship between
specific types of head movements and the resulting signal quality,
aiming to understand how different movement patterns impact signal
integrity.

The findings of this study can provide valuable insights for the
development of more effective MA detection and correction algorithms
by identifying when head movements are most likely to compromise
signal quality and which regions of the head are most sensitive to such
artifacts.

In a previous feasibility study [23], computer vision techniques
were shown to effectively annotate movements from head orienta-
tion signals extracted from videos. The current work aims to ex-
tend those findings by integrating neuroimaging data. Specifically,
the present study utilizes controlled movement in conjunction with
artificial intelligence-derived movement metrics to investigate their
manifestation in brain signals recorded via fNIRS. By integrating neu-
roimaging data with computer vision, this study aims to further
establish an artificial intelligence-guided approach to identify and
correct MAs.
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2. Methods
2.1. Study design

The study merges neuroimaging data with cutting-edge computer
vision algorithms to investigate the impact of controlled movements
on the fNIRS signal. Participants took part in an experimental ses-
sion where they were instructed to perform specific head movements,
recorded via a webcam while their brain activity was simultaneously
measured using fNIRS. Movements were annotated from the video
recording using computer vision, and objective measures of the mag-
nitude and speed of the movements were computed. The impact of
MA was quantified in terms of spike amplitude and baseline shift on
the portions of fNIRS signals affected by the movements. The relation
between types of movements, movement characteristics, and MA in
brain data was then investigated.

Data collection was approved by the University of Trento (2023-
054). The conduction of the experiment followed the guidelines pro-
vided by the Declaration of Helsinki. Informed consent was obtained
from all participants.

2.2. Participants

A total of 15 participants (n = 8 females, Mean age = 22.27, Standard
Deviation age = 2.62) were recruited for the study. The sample size
was chosen to be comparable to that of other preliminary studies on
MAs in fNIRS signals (e.g., [19,20]). Participants were recruited among
university students via convenience and snowball sampling facilitated
through social media sites and a dedicated recruiting platform. All
participants reported no known or diagnosed health or neurological
conditions.

2.3. Experimental procedure

During the experiment, participants were asked to mimic a series of
head movements displayed in videos on a monitor in front of them.
While they performed these movements, brain activity (NIRSport2,
NIRx; 10.2 Hz), physiological signals (AIM Physiological Monitor, CGX;
500 Hz), and a video recording (C310 Webcam, Logitech; 30 Hz) of the
participants were acquired. The data streams from the different devices
were synchronized using the Lab Streaming Layer (LSL). Physiological
signals are not considered in this study.

The experimental video began with an instructional segment,
prompting participants to “Please, imitate the movements represented
in the video”. An avatar then demonstrated the movements to be
replicated, accompanied by text descriptions of the actions at the
bottom of the screen (e.g., “Move your head backward slowly”). Each
movement example was followed by a 3-second countdown, after which
participants were given 7 s to perform the required movement.

In the experimental video, the avatar demonstrated two categories
of movements: head movements and facial expressions, but only the
former are considered in this study. Head movements involved head
rotations along the three main axes: vertical, frontal, and sagittal.
To facilitate the association between the axes and the types of head
movements, the following names will be used instead of the anatomical
names of the axes: “Left/Right” axis instead of “vertical” axis (yaw ro-
tations); “Up/Down” axis instead of “frontal” axis (pitch rotations); and
“bendLeft/bendRight” axis instead of “sagittal” axis (roll rotations).

Four types of rotations were considered: half rotation (both di-
rections, i.e., left, right), full rotation, and repeated rotation (three
times). Participants were instructed to end each movement with their
head facing forward in a neutral position (with no residual rotations).
Additionally, head movements along the Left/Right and Up/Down axes
were performed at two speeds: fast and slow. Consequently, the entire
experiment encompassed a total of 20 head movements: 4 types of
rotations and two speeds for the Left/Right and Up/Down axes (4
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Fig. 1. Functional near-infrared spectroscopy (fNIRS) cap setup used in the study. Light sources are indicated in red, while detectors are shown in blue. The blue circles around
the light sources represent short-distance channels. Channels are grouped by color to represent the regions of interest used in the analysis of the study.

types X2 speeds X2 axes = 16 movements), and 4 types of rotations
(only slow) for the bendLeft/bendRight axis. The sequence of head
movements was the same for all participants. The administration of
the videos depicting the movements to mimic was controlled with

PsychoPy.
2.4. Data acquisition and pre-processing

Brain activity was monitored using fNIRS. Each fNIRS cap was
equipped with 16 LED sources emitting NIR light at wavelengths of
760 nm and 850 nm, along with 16 light detectors. Among these,
one detector collected signals from 8 short-distance channels. The
placement of optodes followed the standard international 10-20 elec-
troencephalography layout, aiming to achieve comprehensive coverage
of the participant’s brain activity. This arrangement resulted in a total
of 32 channels (see Fig. 1).

Optode stabilizers were employed to maintain a consistent distance
between sources and detectors, ensuring that it never exceeded 3 cm.
This setup was crucial for achieving a robust signal-to-noise ratio [24].
Participants’ head circumference was measured prior to the experiment,
and the appropriate fNIRS cap was selected accordingly. The fNIRS data
were acquired using a NIRSport2 device (NIRx Medical Technologies
LLC), operating at a sampling rate of 10.17 Hz.

The raw fNIRS signals were then converted to relative densities
of oxygenated and deoxygenated hemoglobin, based on the modified
Beer-Lambert Law [25], and resampled to 10 Hz. Then, the 32 channels
were grouped into seven regions of interest: Left, Right, Pre-frontal,
Frontal, Top, Pre-occipital, and Occipital (Fig. 1). For each region of
interest, a unique brain activity signal was computed by averaging the
individual region channels.

The video recording was processed frame-by-frame (Fig. 2A) by the
SynergyNet deep neural network model to compute the head orien-
tation angles [23,26] on the three axes: Yx» ¥y ¥z SynergyNet is a
convolutional neural network designed for face orientation estimation

and was among the top-performing models on the benchmark dataset
Annotated Facial Landmarks in the Wild [27].

The detected head orientation angles from all video frames were
concatenated to obtain the head orientation signal, which was then
resampled at 10 Hz. Subsequently, manual annotation of each move-
ment onset and offset was performed based on the head orienta-
tion signal. The data processing was based on the pyphysio [28], and
opency-python [29] Python packages.

2.5. Movement and motion artifact metrics

The objective of this study was to characterize how different head
movements impact the quality of the fNIRS data. To this aim, two types
of quantitative metrics were computed (Fig. 2B): movement metrics to
characterize the head movement, and MA metrics to describe the effect
of the movement on the fNIRS signal.

The movement metrics were the maximal speed (Max Speed) of the
head rotation and the maximal amplitude (Max Amplitude) of the head
rotation, both computed based on the value of the norm of the head
orientation vector at each frame:

OOl =7/r @02 + 7,02 + 7,0 &

where n is the sample, and y,(n),y,(n),7,(n) are the three compo-
nents of the orientation vector that are computed frame-by-frame by
SynergyNet.

Specifically, the Max Speed was computed as the maximal value of
the norm of the orientation vector:
dy(n)
Ton

(2)

Nop<n<hyf g '

The Max Amplitude was computed as the maximal value of the norm
between the onset (n,,) and offset (n, ) of the movement:

Nop<n<n,

max |ly(m]l. 3
1
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The MA metrics focused on two different types of MAs: spikes and
baseline shifts. The Spike metric was computed as the range of the
fNIRS signal, considering the portion between the onset and offset of
the movement:
rn B s(n) — . s(n); €]
where s(n) is the fNIRS signal.

The Shift metric was computed as the difference in the average
fNIRS signal value between the 1-second portion before the movement
onset and the 1-second portion after the movement offset:

'u"un—ls'lsnon - M”offs"s”uffﬂ ; (5)

where Hny<nsn, is the average of the fNIRS signal between samples n;
and n;.

To allow for comparing the MA metrics from different regions,
which differ in terms of baseline values and range of variation of
the signals, the MA metrics were normalized based on the 5-second
portion before the movement onset. The Spike metric was divided by
the standard deviation of the signal in that portion, and the Shift metric
was divided by the average of the absolute value of the signal in that
portion.

For all metrics, the average across the three-movement repetitions
was finally computed.

2.6. Data analysis

The data analysis aimed to highlight the effects of different types of
movements on MAs by comparing the previously described movement
and MA metrics. The following steps were performed:

(a) Validation of the video-based measurement of head orientation
and movement metrics;

(b) Investigation of the characteristics of MAs across different types
of movements;

(c) Analysis of the relationship between movement metrics and MA
metrics.

The study focused on providing a descriptive and statistical char-
acterization of the relationship between head movement and MAs.
Specifically, we addressed the following research questions:

1. Are certain types of head movements more prone to causing MAs
than others?

2. Are MAs more prevalent in specific brain regions? If so, which
regions are most sensitive, and which head movements have the
greatest impact?

3. Does the magnitude of MAs vary based on the speed or ampli-
tude of the movement?

4. Can practical recommendations be derived to experimentally
reduce the occurrence of MAs?

Linear mixed models were employed to account for both fixed and
random effects in the data [30]. In each model, the inclusion of random
effects — such as participant ID or movement axis — allowed us to
model variability associated with these factors, thereby accounting for
participant-specific and context-specific differences.

The dataset and the analytical scripts are available at https://gitlab.
com/a.bizzego/computer-vision-fnirs.

3. Results
3.1. Movement specificity

In the first step of our analysis, we implemented two linear mixed
models with movement metrics (i.e., Max Speed and Max Amplitude) as

the dependent variables. Both models included the target axis (i.e., tar-
get vs. non-target), speed (i.e., slow vs. fast), and movement type

Biomedical Signal Processing and Control 110 (2025) 108256

(i.e., half vs. complete vs. repeated) as fixed effects. Participant ID and
movement axis were included as random effects. Overall, the results
demonstrate that the movement metrics obtained using the Synergy-
Net model closely matched the ground-truth movement information
provided by the experimental instructions. Specifically, we observed
that participants’ movements primarily impacted the main rotational
axis specified in the instructions. Significantly higher Max Speed was
observed along the target axis — the axis along which the movement
was intended — compared to the other two axes (f = 8.25, Standard
Error (SE) = 0.49, t(653.99) = 16.72, p <.001; Fig. 3A). Similarly,
Max Amplitude was significantly greater on the target axis compared
to the other axes (f = 36.51, SE = 0.94, t(654.00) = 38.94, p <.001;
Fig. 3B).

Moreover, participants executed movements at two distinct speeds
as instructed. Fig. 3C shows that increased speed along the target
axis occurred only in accordance with the experimental instructions.
Specifically, Max Speed on the target axis was significantly lower when
participants were instructed to move slowly, compared to when they
were instructed to move fast (f = —4.39, SE = 0.52, t(655.74) = —8.46,
p <.001). However, instructing participants to perform movements at
both fast and slow speeds had no effect on the amplitude of their
movements on the target axis (f = —1.81, SE = 0.99, t(655.97) = —1.83,
p = .067; Fig. 3D).

The type of movement (half, complete, or repeated) also influ-
enced movement speed (Fig. 3E). Specifically, Max Speed was signifi-
cantly lower during half movements compared to complete movements
(B = —-1.96, SE = 0.57, t(653.99) = —3.45, p <.001). Conversely, Max
Speed was significantly higher during repeated movements compared
to complete movements (f = 2.14, SE = 0.57, t(653.99) = 3.76, p
<.001). Therefore, faster movements were observed when participants
performed repeated movements, followed by complete movements,
and then half movements. The type of movement also influenced
movement amplitude (Fig. 3F), although the effects were less pro-
nounced than those observed for speed. Specifically, Max Amplitude
was significantly lower during half movements compared to complete
movements (f = —3.07, SE = 1.08, t(654.00) = —2.83, p = .005). No
significant difference in Max Amplitude was observed between repeated
and complete movements (f = 1.47, SE = 1.08, t(654.00) = 1.36,
p = .174). Therefore, reduced movement amplitude was primarily asso-
ciated with half movements, while repeated and complete movements
showed comparable amplitude values.

Finally, a positive association between movement amplitude and
speed along the target axis is observed, for both movement speeds
(Fig. 4). To assess the overall relationship between Max Speed and
Max Amplitude, we performed a linear mixed model with Max Am-
plitude as the dependent variable, and Max Speed, target speed, and
their interaction as fixed effects. Participant ID, movement axis, and
movement type were included as random effects. The analysis revealed
a statistically significant positive relationship between Max Amplitude
and Max Speed (§ = 1.03, SE = 0.10, t(186.66) = 9.84, p <.001).
Although no significant main effect of target speed on Max Amplitude
was found, a significant interaction emerged: the relationship between
Max Speed and Max Amplitude was more strongly positive during
slow movements compared to fast movements (f = 0.39, SE = 0.14,
t(207.67) = 2.79, p = .006).

Overall, patterns observed in the movement metrics and obtained
through the SynergyNet model are consistent with the type of con-
trolled movements that participants were asked to perform during the
experiment. This supports the idea that the video-based detection of the
head orientation is a promising approach that can help identify MAs
during experiments with fNIRS.

3.2. Shifts and spikes in fNIRS signals

To investigate the distribution MAs across movements, we imple-
mented two linear mixed models with MA metrics (i.e., Shift and Spike)
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Fig. 2. Representation of the main signal processing procedures applied. (A) Extraction of movement signals from the video. The video frames were processed by the SynergyNet
network to obtain the three components of the head orientation: y, (red), y, (green), and y, (blue). The components obtained from each frame were concatenated to obtain the
three components of the orientation signal, from which the norm of the orientation vector and the angular speed (norm of the gradient) were computed. (B) Computation of the
metrics to characterize the movement characteristics from the movement signals (orientation and speed; a) and the MAs from the fNIRS signal (b).

as the dependent variables. Both models included the rotational axis
(i.e., Left/Right vs. Up/Down vs. bendLeft/bendRight), speed (i.e., slow
vs. fast), and movement type (i.e., half vs. complete vs. repeated) as
fixed effects. Participant ID and region of interest were included as
random effects. Overall, significantly higher Shift values were observed
during Up-Down movements compared to movements along the other
two rotational axes (f = 0.09, SE = 0.01, t(1549.00) = 6.21, p <.001;
Fig. 5A). Similarly, Spike values were significantly higher during Up-
Down movements compared to the other axes (f = 1.02, SE = 0.07,
t(1549.00) = 14.17, p <.001; Fig. 5B).

Moreover, no statistically significant differences in Shift or Spike
values were observed across different movement speeds. In particular,
slow movements did not generate a significantly different amount of
Shift (§ = —0.01, SE = 0.01, t(1549.00) = —0.68, p = .498; Fig. 5C) or
Spike (f = —0.08, SE = 0.07, t(1549.00) = —1.17, p = .244; Fig. 5D)
compared to fast movements.

Generally, the type of movement (i.e., half, complete, or repeated)
had a slight impact on Shift and Spike values detected in the signals.
Specifically, repeated movements generated significantly higher Shift

values as compared to other movement type (8 = 0.04, SE = 0.02,
t(1549.00) = 2.23, p = .026; Fig. 5E), while half movements produced
significantly lower Spike values (f = —0.34, SE = 0.08, t(1549.00) =
—4.24, p <.001; Fig. 5F).

In summary, movements along the Up/Down axis appear to have the
greatest impact in terms of shifts and spikes, especially for repeated
movements. Interestingly, movement speed does not seem to influence
the MA metrics.

To investigate the relationship between movements and MAs in
individual regions of interest, we performed eight linear mixed models.
Two models were run with one MA metric (i.e., Shift or Spike) as
the dependent variable and region of interest as the only fixed effect.
In these models, movement axis, participant ID, target speed, and
movement type were included as random effects. The remaining six
models were computed on data from individual regions of interest.
Three of these models, one for each movement axis, used Shift values
as the dependent variable, while the other three models used Spike
values as the dependent variable. All of these models included the
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region of interest as the fixed effect, and participant ID, target speed,
and movement type as random effects.

Overall, the results indicated that, across movement axes, signif-
icantly higher Shift values were observed in the right (§ = 0.05,
SE = 0.02, t(1550.00) = 2.28, p = .023), top (# = 0.05, SE = 0.02,
t(1550.00) = 2.07, p = .039), pre-occipital (# = 0.37, SE = 0.02,
t(1550.00) = 15.22, p <.001), and occipital brain regions (§ = 0.20,
SE = 0.02, t(1550.00) = 8.22, p <.001). Similarly, significantly higher
Spike values were found in the top (f = 0.61, SE = 0.12, t(1548.91) =
5.04, p <.001), pre-occipital (f = 2.04, SE=0.12, t(1548.91) =16.91,p
<.001), and occipital regions (f = 1.39, SE = 0.12, t(1548.91) = 11.51,
p <.001).

The models conducted on individual regions of interest revealed
distinct patterns of MAs depending on the movement performed. Specif-
ically, the pre-occipital and occipital brain regions showed significantly
higher Shift values compared to other regions during Left/Right (pre-
occipital: f = 0.24, SE = 0.04, t(292.00) = 5.87, p <.001; occip-
ital: p = 0.15, SE = 0.04, t(292.00) = 3.65, p <.001), Up/Down

(pre-occipital: g = 0.50, SE = 0.04, t(606.00) = 11.86, p <.001;
occipital: § = 0.31, SE = 0.04, t(606.00) = 7.32, p <.001), and
bendLeft/bendRight movements (pre-occipital: § = 0.24, SE = 0.04,
t(292.00) = 5.87, p <.001; occipital: # = 0.15, SE = 0.04, t(292.00) =
3.65, p <.001). Significantly higher Shift values were observed in brain
regions at the top of the brain during Up/Down movements (8 = 0.09,
SE = 0.04, t(606.00) = 2.16, p = .032).

With regard to Spike values, the right (§ = 0.20, SE = 0.09,
t(606.00) = 2.38, p = .018), pre-occipital (8 = 0.89, SE = 0.09,
t(606.00) = 10.41, p <.001), and occipital brain regions ( = 0.36,
SE = 0.09, t(606.00) = 4.23, p <.001) were the most significantly
affected regions of interest during Left/Right movements. Similarly,
top (f = 1.17, SE = 0.24, t(606.00) = 4.98, p <.001), pre-occipital
(p = 3.73, SE = 0.24, t(606.00) = 15.84, p <.001), and occipital
brain regions (f = 2.81, SE = 0.24, t(606.00) = 11.95, p <.001) were
the most significantly affected regions of interest during Up/Down
movements. Finally, during bendLeft/bendRight movements, we ob-
served significantly higher Spike values in left (§ = 0.38, SE = 0.14,
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t(292.00) = 2.75, p = .006), right (# = 0.51, SE = 0.14, t(292.00) =
3.70, p <.001), top (B = 0.39, SE = 0.14, t(292.00) = 2.80, p = .006),
pre-occipital (8 = 0.99, SE = 0.14, t(292.00) = 7.12, p <.001), and
occipital (f = 0.61, SE = 0.14, t(292.00) = 4.40, p <.001) brain regions
of interest.

Overall, channels situated in the occipital and pre-occipital regions
of the cap exhibited greater sensitivity to MAs, both in terms of Shift
and Spike values, particularly during Up/Down movements (Figs. 6A
and 6B). Additionally, after bendLeft/bendRight and Left/Right move-
ments, we noted a difference in Shift and Spike values between the left
and right regions of interest (Figs. 6A and 6B).

These patterns suggest that changes in the shape and adherence of
the fNIRS cap to the participant’s head might play a significant role in
generating MAs, rather than just the movement itself. In fact, during
Up/Down movements, the occipital and pre-occipital parts of the cap
are the most affected and are compressed between the head and neck.
Similarly, during bendLeft/bendRight movements, the lateral parts of
the cap, on the left and right sides, respectively, experience the most
stress. These findings will be discussed in more detail in the Discussion
section.

Finally, we estimated the relationship between MA metrics using
a linear mixed model. In the model, Spike values were used as the
dependent variable while Shift values, target speed, and their interac-
tion were used as fixed effects. In the model, participant ID, movement
axis, movement type, and region of interest were included as random
effects. Overall, a statistically significant positive correlation between
shifts and spikes across movements was observed in the experiment

(B = 2.99, SE = 0.13, t(1547.41) = 23.92, p <.001; Fig. 7). Con-
versely, no significant main effect of speed (§ = 0.02, SE = 0.07,
t(1546.51) = 0.22, p = .828) and no interaction effect (§ = —0.33,
SE = 0.18, t(1549.58) = —1.85, p = .064) were observed.

3.3. Movements and motion artifacts

The analysis of the relation between movement and MA metrics
across movements reveals no consistent pattern. In particular, we
computed four linear mixed models to test the association between
individual movement (i.e., Max Speed and Max Amplitude) and MA
(i.e., Shift and Spike) metrics. Each model included one of the two
MA metrics as the dependent variable and one of the two movement
metrics as the fixed effect. All models included target speed, participant
ID, movement axis, movement type, and region of interest as random
effects.

No statistically significant effect was observed between Max Speed
and Shift values (f = 0.001, SE = 0.001, t(483.80) = 0.681, p = .497;
Fig. 8). Conversely, we observed a statistically significant negative rela-
tionship between Max Speed and Spike values (f = —0.015, SE = 0.007,
t(117.63) = —-2.099, p = .038; Fig. 9).

Concerning the maximum amplitude of movements and MA met-
rics, no statistically significant pattern emerged. In particular, the
relationship between Max Amplitude and Shift values (see Fig. 10) was
not statistically significant across movements (f = 0.001, SE = 0.001,
t(911.30) = 1.545, p = .123). Moreover, there is no discernible trend
regarding the relation between Max Amplitude of movements and Spike



A. Bizzego et al. Biomedical Signal Processing and Control 110 (2025) 108256

Left-
Right

o
Up-
Down }—-—{ o }—.——{ [ee}

>
o

Target Axis

bendLeft-
bendRight

Left- B Fast [ Fast
Right

o o
Up-
Down
o

bendLeft-
bendRight

A B T
C t —— Dr ——

Target Axis

Left-
Right

I Half F I Half
° [ Complete [ Complete
o B Repeated o Bl Repeated
o
o o
bendLeft-
bendRight e N o
o o

00 0.1 02 03 04 05 06 07 08 00 05 10 15 20 25 30 35 40

Target Axis
g
55
o
o
o
o
o
o

Shift Spike

Fig. 5. Motion artifact metrics (i.e., Shift and Spike values) across movements. (A) Shift values after movements on the three main rotational axes. (B) Spike values after movements
on the three main rotational axes. (C) Shift values after movements on the target axis across fast and slow movements. (D) Spike values after movements on the target axis across
fast and slow movements. (E) Shift values after movements on the target axis across types of movement (i.e., half, complete, repeated). (F) Spike values after movements on the
target axis across types of movement (i.e., half, complete, repeated).

A 225 B 14
o o

200
[¢] 12
175 o S
10
150 o Left
Right
125 o B Pre-frontal
= < o
F o = ° Frontal
P 100 LN ° ° Top
5 ° Pre-occipital
075 5 Occipital
o 4
o
050 5 5
2 o oo
025 = o
o 8
[P e
0.00 0
Left- Up- bendLeft- Left- Up- bendLeft-
Right Down bendRight Right Down bendRight
Target Axis Target Axis

Fig. 6. Motion artifact metrics (i.e., Shift and Spike values) across movements and regions of interest. (A) Shift values across regions of interest depending on the target axis. (B)
Spike values across regions of interest depending on the target axis.



A. Bizzego et al.

Target Axis = Left-Right | Movement Type = Half

Spike

° T _/e;./'(/
0 o =

Target Axis = Up-Down | Movement Type = Half

Spike

Target Axis = bendLeft-bendRight | Movement Type = Half

Spike

Target Axis = Left-Right | Movement Type = Complete

Target Axis = Up-Down | Movement Type = Complete

Biomedical Signal Processing and Control 110 (2025) 108256

Target Axis = Left-Right | Movement Type = Repeated

Target Axis = Up-Down | Movement Type = Repeated

Movement Speed
e Fast
Slow

Target Axis = bendLeft-bendRight | Movement Type = Complete Target Axis = bendLeft-bendRight | Movement Type = Repeated

Fig. 7. Relationship between motion artifact metrics (Shift and Spike values) across all movements performed in the experiment.

values (8 = —0.002, SE = 0.004, t(1224.00) = —0.471, p = .638; Fig.
11).

4. Discussion

Despite fNIRS being reportedly less sensitive to participants’ move-
ments, reaching a consensus on the treatment of MAs remains piv-
otal [7]. One key challenge in evaluating the performance of available
MAs correction strategies is the lack of ground-truth movement infor-
mation. In the current study, we combined ground-truth movement
data with computer vision techniques to evaluate MAs in fNIRS signals.
Participants performed controlled movements while their brain activity
was monitored using fNIRS. Computer vision was utilized to extract
essential movement metrics from session videos [23].

Our results show a high correlation between movement metrics
(i.e., Max Speed and Amplitude) extracted using computer vision and
ground-truth movement data (provided by experimental instructions).
This result serves a dual function: confirming participants’ compli-
ance with task instructions and validating the precision of metrics
generated by artificial intelligence models in representing experimental
movements. As shown in our feasibility study [23], the latter aspect
is particularly significant as it illustrates how artificial intelligence
models can aid in annotating movements in neuroimaging experiments
and potentially leverage this information when correcting for MAs in
the signals. Video-based motion detection carries several advantages
over traditional manual annotations or the use of external sensors
(e.g., accelerometer) [23]. Firstly, it is minimally invasive, allowing for
the collection of movement data without requiring participants to wear

additional devices that might interfere with their natural behavior. Sec-
ondly, runtime algorithms can be adopted to preserve the anonymity of
participants, ensuring that personal identification is not compromised
during the data collection process. In its current state, this approach
requires validation using ground-truth data, such as data collected from
inertial sensors (e.g., [31]), to ensure accuracy and reliability.

Unlike existing methods that primarily focus on the statistical prop-
erties of MAs (e.g., [19-22]), our study establishes a direct connection
between the occurrence of MAs and specific, identifiable head move-
ment patterns. By combining computer vision with neuroimaging data,
we uncovered an association between MAs (such as Shift and Spike
values) and specific head movements. Notably, complete and repetitive
Up/Down movements resulted in higher Shift and Spike values, par-
ticularly in the occipital and pre-occipital brain regions. Additionally,
Left/Right movements predominantly affected the corresponding Left
and Right regions of interest, with the amplitude and speed of these
movements being related to Shift values. These patterns suggest that
a degradation of the cap fit, rather than the movement alone, might
play a significant role in corrupting the fNIRS signals [13,32]. Our
findings therefore indicate that in order to collect high-quality data, the
fNIRS cap must adhere well to the participant’s head. During Up/Down
movements, the occipital part of the cap gets compressed between the
head and the neck. Similarly, during Left/Right movements, the inertia
of the participant’s hair might cause the cap to move, reducing its
adherence to the head. These shifts in cap positioning can result in
unreliable readings, ultimately undermining the accuracy of the data.
Thus, we recommend that researchers carefully assess the fit of the
fNIRS cap before each experimental session to ensure that it remains
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secure throughout the course of an experiment. Doing so can potentially
minimize the risk of artifacts caused by cap displacement, thereby
improving the overall quality of the collected data.

This study introduces a quantitative computer vision approach for
extracting movement patterns, in contrast to traditional methods that
often rely on accelerometers (e.g., [13]). While accelerometers provide
information on the magnitude of movement, they lack the detailed
spatial and kinematic data that our vision-based system is able to
capture. This study highlights the potential of computer vision to
enhance the pre-processing of fNIRS signals for MA correction. Existing
correcting methods frequently rely on simulated and expected brain
responses [14,15], and often lack evaluation against ground-truth
movement information regarding actual movements. By accurately
capturing and analyzing head movements, computer vision techniques
offer a valuable tool to identify and mitigate the impact of MAs,
ultimately improving the reliability and accuracy of neuroimaging data.

A key strength of our study lies in the use of ground-truth infor-
mation regarding the specific types of head movements performed by
participants. This represents a major improvement over prior stud-
ies, which often depend on theory-driven assumptions or simulated
data to infer how MAs affect signal quality. By leveraging empirically
validated movement data, our approach enables a more robust and
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realistic analysis of the relationship between head motion and signal
quality. This paves the way for the development of more accurate
artifact identification methods and potentially more effective correction
strategies.

This manuscript provides initial insights into which movements gen-
erate more significant MAs and which brain regions are most suscepti-
ble to such artifacts under specific movement conditions. These findings
can guide experiment design by helping researchers identify move-
ments that participants should avoid to optimize signal quality in the
regions of interest. For example, greater movement control is essential
when assessing brain activity in the occipital and pre-occipital regions.
Similarly, although to a lesser extent, limiting Left/Right head move-
ments is important when evaluating temporal Left and Right regions.
To mitigate movement-related artifacts, researchers can consider incor-
porating visual cues or gentle reminders throughout the experimental
procedure to encourage participants to maintain a stable head position.
These cues can be strategically integrated into the setup to promote
minimal and controlled movement, thereby reducing the likelihood
of MAs. By incorporating these insights into experimental protocols,
researchers can design experiments that minimize movement-induced
artifacts, thereby improving the quality and reliability of {NIRS data.
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4.1. limitations of the study

The limited sample size in this study may constrain the general-
izability of the findings. However, it is important to note that the
computer vision-based approach we adopted is highly scalable and can
be readily applied to larger samples, as it only requires video recordings
of participants’ movements. Future studies could leverage this method
to investigate movement and MAs in experimental settings involving
more participants and potentially less controlled movement conditions.

Another limitation of the study is the potential for biases in the com-
puter vision-based movement detection, which may have influenced
the results. Although the model employed achieved state-of-the-art
performance in head pose estimation on a benchmark dataset [27],
further research is needed to assess its reliability and accuracy in other
experimental research settings. That said, computer vision is a rapidly
evolving field, driven by advancements in artificial intelligence, and
it is likely that newer and more efficient models will soon become
available for use in similar applications.

Finally, although cap sizes were selected to properly fit each partici-
pant’s head, our interpretation of the differences in MAs characteristics
across head regions, particularly the greater susceptibility observed
in occipital areas, requires further investigation. Future studies could
benefit from incorporating photogrammetry-based monitoring of op-
tode positioning to better understand and control for these regional
differences [17].
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5. Conclusion

In this work, we introduced an artificial intelligence-guided ap-
proach to characterize the impact of specific head movements on
fNIRS signals. Building on our previous study [23], we demonstrated
that state-of-the-art computer vision algorithms can effectively ex-
tract real-time head orientation and movement information from video
recordings of neuroimaging sessions. Our findings indicate that certain
head movements — particularly repeated movements and Up/Down
movements — significantly compromise the quality of fNIRS signals,
largely independent of the movement speed. The occipital and pre-
occipital brain regions are particularly susceptible to MAs following
Up/Down movements, while the temporal regions are most affected by
bendLeft/bendRight and Left/Right movements. These results suggest
that the primary source of MAs may be related to alterations in the
cap’s adherence or shape, rather than the movement itself, emphasizing
the importance of addressing cap fit and stability to minimize MAs in
fNIRS studies [13,32]. By integrating state-of-the-art computer vision
techniques with neuroimaging data, this work lays the groundwork for
an artificial intelligence-driven development, evaluation, and applica-
tion of MA correction algorithms for fNIRS signals. We argue that the
adoption of automated methods in fNIRS pre-processing and processing
pipelines can enhance the reproducibility and cross-comparability of
fNIRS data and results [33].
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