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Abstract; As the accuracy and stability of a blood glucose level model is affected by the noise in near
infrared non-invasive blood glucose detection process, an improved complete ensemble empirical mode
decomposition method with adaptive noise was proposed for denoising of near infrared spectroscopy
signals. Meanwhile, a mode selection method based on Frechet distance combining with the feature of
curve curvature was proposed for the selection of Intrinsic Mode Functions (IMFs). Firstly. the
complete ensemble empirical mode decomposition method with adaptive noise was introduced in the
denoising processing of near infrared spectroscopy, and the basic principles and concrete realization
processes of empirical mode decomposition, ensemble empirical mode decomposition, complementary

ensemble empirical mode decomposition and the complete ensemble empirical mode decomposition
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based on adaptive noise were described. Then, an improved complete ensemble empirical mode
decomposition method with adaptive noise based on curvature and discrete Frechet distance was
applied in denoising for simulation signals and spectral signals, and their standard deviation and the
Signal to Noise Ratio(SNR) were taken as the evaluation indexes. The simulation and experimental
results show that the standard deviation of the improved method based on curvature and discrete
Frechet distance in the near infrared spectral signal is 0. 179 4, and the SNR is 19. 117 5 dB, which
extracts useful information, realizes the separation of signal and noise, and improves the quality of
reconstructed signals. The proposed method has a good adaptability to effectively identify and separate
the signal and noise components,

Key words: non-invasive blood glucose detection; near infrared spectroscopy; signal denoising; Complete

Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN ); curvature;

discrete Frechet distance
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Tab.1 SD of ECG by four methods (SNRin=5 dB)
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SD 6.0657e¢-15 0. 366 1.611e-14 6.0811e-15
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Tab. 2 Effect of signal reconstruction by four EMD-based
methods(SNR;,=5 dB)

ALGORITHMS SD SNR/dB
EMD-CURVATURE-FD 0.127 4 16.417 7
EEMD-CURVATURE-FD 0.1231 17.166 4
CEEMD-CURVATURE-FD 0.116 2 19.306 7
CEEMDAN-CURVATURE-FD 0.096 4 21.170 0

B S 52 56 % W CEEMDAN 5 % 8 +
EMD.EEMD % CEEMD J7 ik, #iE & FIEfa
R, AEXHE S yCo L FH 22 Sk 20 ]
(CEEMDAN-MD #1[21] (CEEMDAN-NMHD)
g 0 2 M 5 AR SO 2T CEEMDAN (1)
WU SRR BEAT X L4 BT, Ze M A S (Y SD A M
SNR &0 % 3 frx. i 45 3 nl A, CEEMDAN-
CURVATURE-FD ) ¥ X B J5 & SD {H R
0.096 4,SNR 4 21.170 0 dB, 1k T %% k[ 20]
AL21] 4 oy 2 W sk b B ) SD R
(0.146 2, 0. 113 7) K& SNR (17. 083 6 dB,
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Tab. 3 Denoising effect of different methods(SNR;,=5 dB)
ALGORITHMS SD SNR/dB
CEEMDAN-MI 0.146 2 17.083 6

CEEMDAN-NMHD 0.1137 18.892 4
CEEMDAN-CURVATURE-FD 0.096 4 21.170 0
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Tab. 4 SD of spectra data for sample with different

concentrations by four methods (dB)
CON.

J(mg + dL) Method 1 Method 2 Method 3 Method 4
80 0.1217 0.1332 0.146 8 0.1794
100 0.1196 0.1391 0.1486 0.171 2
200 0.1279 0.136 6 0.146 2 0.170 3
300 0.1231 0.1408 0.1481 0.1696
400 0.1249 0.1344 0.1423 0.1755
500 0.1225 0.1331 0.1481 0.177 1
600 0.126 4 0.1384 0.1450 0.1697
700 0.1195 0.1348 0.1396 0.1714
800 0.1273 0.1346 0.1416 0.1728

1 000 0.1274 0.136 7 0.1492 0.173 3

xRS AEAREHAXTHBEBZIMAEILEENE
R Bk
Tab.5 SNR of spectra data for sample with different

concentrations by four methods (dB)
CON.

J(mg + dL) Method 1 Method 2 Method 3 Method 4
80 23.503 2 21.672 3 20.263 6 19.117 5
100 23.5711 21.140 2 20.139 9 19.808 7
200 23.079 1 21.447 2 20.343 5 19.838 8
300 23.426 6 21.079 6 20.193 7 19.877 7
400 23.338 5 21.667 9 20.703 5 19.367 2
500 23.485 2 21.907 8 20.193 7 19.1356
600 23.236 6 21.261 6 20.513 9 19.848 3
700 23.729 8 21.537 8 20.956 4 19.772 8
800 23.1515 21.547 3 20.736 1 19.488 3

1 000 23.084 9 21.408 4 20.136 8 19.468 5
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