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A preliminary comparison with independent component analysis (ICA)
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Artifact Detection and Correction

Near-infrared spectroscopy (NIRS)
1. Semi-automatic Artifact Detection
I.

Algorithm based on the variation of the mean (Threshold: > 3 times the normal median
variance of the channel) as an indicator of abrupt changes in the signal.
ICA[11-13]
▪ NIRS-channels organized by time course and channel dimension
▪ ICA performs signal decomposition based on statistically independent
temporal components
▪ Under the assumption that artifacts are temporally independent and can
be subtracted from the data

Time

[3]

▪ Components represent linear combinations

of the variables (temporal a and channels s)
NIRS

𝐹

𝑥𝑖𝑗 =  𝑎𝑖𝑓 𝑠𝑗𝑓 + 𝑒𝑖𝑗

in EEG and never been applied for the
NIRS signal [5-8].

I.
II.

PARTICIPANTS
aged between 18 to 26 years.
▪ The signal of 480 channels from 10 different
blocks was included in the current analysis.

DATA ACQUISITION
▪ NIRS data acquisition: ISS system equipped

with 122 light emitters and 16 light detectors
▪ Task: Validated verbal fluency (VF) task with
11 categories [9]
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Preliminary Results
Method comparisons
Raw data

increasing the signal-to-noise ratio (SNR)
preserving the spectral integrity of the data.

ICA

𝜎𝑥2
𝜎𝑒2

where 𝜎 2𝑥 is the variance of the signal at rest
(without motion artifact), and 𝜎 2𝑒 is the variance
during the motion artifact [10].

Spectral integrity = Pearson correlation (r)
between the power spectrum of the corrected
signal (ICA and PARAFAC) and of the initial raw
signal
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Discussion

SNR increase
compared to raw data (dB)

The Friedman classification shows that PARAFAC
results in a higher increase of the SNR than ICA while
preserving the spectral integrity of the data.

PARAFAC was ranked as the method with
the highest SNR (rank: 2.5), followed by
ICA (rank: 2.1) and the data without
correction (rank: 1.3).
All differed significantly (p < .001).
▪ Friedman: χ2(2) = 313.5, p < .001
▪ M PARAFAC—RAW = 0.299 ± 0.319 dB
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Data decomposition with PARAFAC is adequate to identify
the artifact’s signature and disentangle it from the signal
if it respects the assumptions (e.g. multilinearity)..
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▪ M ICA—RAW = 0.221 ± 0.382 dB

PARAFAC

The spectral signature of the corrected
signal with PARAFAC (rank: 1.8) compared
to the one corrected with ICA (rank: 1.2)
was more correlated to the original
spectrum.
▪ Friedman: χ2(1) = 213.3, p < .001
▪ PARAFAC r = 0.954 ± 0.064
▪ ICA r = 0.898 ± 0.114
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▪

ICA is based on temporal independency in the data [11-13]. It allows good
correction when artifacts have the same temporal signature over the
timeframe (e.g. eye blinks or cardiac artifacts in MEG or EEG).

▪

PARAFAC is based on the multidimensional nature of the data and
assumes that temporal, channel and wavelength signature occur
simultaneously during the motion artifact [5-8].

PARAFAC ICA

Spectral integrity
Pearson’s correlation (r)

Friedman non-parametric test  to rank SNR and
spectral integrity of PARAFAC, ICA and raw signal
SNR = 10 𝑙𝑜𝑔10
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… AFTER PARAFAC
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STATISTICAL ANALYSES

▪ 8 French-speaking healthy adults (4 men)
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TIME COURSE

▪ So far, PARAFAC has mainly been used

PARAFAC will be an appropriate technique to
treat the multidimensional nature of fNIRS
data.
Compared to ICA, PARAFAC will improve
motion artifact correction in NIRS by
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BEFORE PARAFAC…

decomposition technique using the
multidimensionnel nature of fNIRS
signal (time, channel, wavelength) to
identify and correct artifacts [5-8].

Hypothesis
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Study Design
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▪ PARAFAC is a multidimensional data

Objective

VF

PARAFAC [5-8]
▪ Multidimensional (n > 2) decomposition of the signal, extending the Principal
Component Analysis (PCA)
▪ Assumes multilinear dimensions
▪ Allows more precise and local identification of the signal’s morphology, hence a
better correction of movement artifacts

PARAFAC Application

MOTION ARTIFACTS
▪ Head and facial movements induce
sudden changes in the
hemodynamic signal  Reduce the
quality and quantity of NIRS data [4]
▪ Several artifact correction
techniques use data
decomposition methods: wavelets,
PCA and ICA [4].

Evaluation of the potential
benefit of using PARAFAC for
motion artifact correction in
NIRS by comparing the efficacy
of PARAFAC and ICA to reduce
noise contamination across the
signal.

Manual interrater evaluation of periods with motion artifacts with viewing matched video
recording

2. Artifact Correction

Measures of oxy- (HbO) and deoxy-hemoglobin (HbR) variations based on
wavelength-specific (690 & 830 nm) absorption properties

MAIN CHARACTERISTICS [1-3]
▪ Measure of cortical activity excluding subcortical
activation excluding subcortical activation due to
shallow penetration of the light
▪ Non-invasive
▪ No complete immobilisation is required
 Relatively tolerant to movements
 Suitable for clinical populations and children

II.

Time (ai)

Concentration changes

Indirect measure of neuronal activity through neurovascular coupling
 Haemodynamic response [1,2]

Time (ai)

1

algorithm based on neuromimetic architecture. Signal Processing, 24(1), 1–10.
12 Comon, P. (1994). Independent component analysis, A new concept? Signal
Processing, 36(3), 287–314.
13 Zhang, H. et al. (2010). Functional connectivity as revealed by independent
component analysis of resting-state fNIRS measurements. NeuroImage, 51, 1150–
1161.

The main limitations
▪ PARAFAC was applied on specific time segments whereas ICA was
implemented on the whole signal.
▪ Artifact correction is not an ideal solution and optimization of data
acquisition conditions should be prioritize to promote data quality.
Subsequent analyses will include…
 Comparison of PARAFAC to other techniques currently used for
artifact correction in NIRS, such as PCA (can also be applied on
specific time segments)
 Extension of our sample and replication of the preliminary results
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