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Artifact removal algorithm for fNIRS signals based on
improved Schrodinger filtering

Lyu Yi' Lan Xiaoyu'? Liang Mingshen'"

(1. School of Electronic Information Engineering, Shenyang Aerospace University, Shenyang 110136, China;

Su Long'
2. Liaoning Provincial Key Laboratory of Aerospace Information Perception and Intelligent Processing, Shenyang 110136, China)

Abstract: Functional near-infrared spectroscopy ({NIRS) is an emerging optical neuroimaging technology that offers a
non-invasive, portable, and cost-effective method for monitoring brain activity. Aiming at the motion artifacts caused
by the subjects’ head movement, an improved Schrédinger filter algorithm for removing motion artifacts from INIRS
signals was proposed in combination with mathematical morphology method. The algorithm was applied to the optical
density signals obtained from simulation and real experiments, reflecting the changes in hemoglobin concentration of
the subjects, and its performance was compared with artifact removal algorithms such as time derivative distribution
repair and kurtosis wavelet. The results show that the proposed algorithm can improve the signal-to-noise ratio of the
uncorrected signal by 28.66 dB, reduce the root mean square error to 0.06, increase the square of the Pearson
correlation coefficient to 0. 83, and reduce the peak-to-peak error to 0.05. Compared with other algorithms, it can
remove motion artifacts more effectively.
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The MASF-MM algorithm processes the waveform of the simulated OD signals
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Table 1 SNR.RMSE R’ and EP of the simulated signals
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Fig.5 The MASF-MM algorithm processes the waveform of the real OD signals
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Table 2 SNR.RMSE R’ and EP for real signals
Tk SNR RMSE R’ EP
Uncorrected —22.64+5.31 2.02+1.10 0.0340. 04 88.23+110.77
MARA —4.9042. 48 0.237+0.07 0.4740.21 24.18454. 60
tPCA —23.65%£5.32 2.2841.28 0.04+0.03 118. 95+155. 29
TDDR —17.01+£9.48 1.33£0. 96 0.3240.16 64.52499. 09
kWavelet —22.42+5.29 1.97£1.07 0.0440.04 44.67+33. 34
Spline-SG 1.15£3.23 0.1240.06 0.514£0. 26 30. 36 +50. 34
Spline-Wavelet —3.94+2.38 0.214+0.09 0.4940.13 15.01£7.21
DSMF —7.56+0.06 0.3140.01 0.0440.05 1. 80+£0. 08
MASF-MM 6.02+0. 82 0.06=40.01 0.8340.01 0.0540.02
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Comparison of evaluation indexes of real signals processed by different algorithms
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