25 % 12 e G TR Vol. 25 No. 12
2017 4E 12 A Optics and Precision Engineering Dec. 2017

XEHS 1004-924X(2017)12-3160-09

NEASEBENEEEEREEM MEMS [EIE{ES

wer . A
(TEBELAY e AIR5EF R MAFTERE.AH B 454000

FEE 0 R R 48 (MEMS) BESR (5 5 BEAT /1N 43 ik T AL B, T 5205 45 X0 7 114 /0 38 28 BT o B, oA S 4 o — il
S5 2 FL3E I UE e 38 Br B E (LAMP) K ff e iR 1a) B0, gl sy 1 3 e MEMS1355%13%431.3?/J\{&%ﬁﬁﬂﬁﬁzﬁlmm»ﬁﬂa
SNk R B L) A A AR S R B /N D R BOR B R A I . LA B A R B M B SR — R
LAMP B33 7645 B0 0T RE 1) /N it 2R 30L& rh Pk 43 28 B0 A0 B0 00 — 41, LUK T BR A% 5 P 9 B 75 /N D R 480, 3 T 2
) MEMS [R5 5. SC80 R0 . 42 A LAMP 553k (0 7 B 55 A SR A F Hofh sk R S 2E A 5505 35 F LAMP {5 576
B /N A 5 T LA A B MEMS BE MR ME 5 19 R i e 75 5 LM ) L 20 MEMS BE B8 B0 % 530 1 O 67 £ 7 2 B AR
221 10.060 2 (O /h IB/NE] 5,034 6 (O /h, PR TAEG8 /NG B{A T AL 38 B 22 8,596 8 (O /h, B T #4156 H
x # W:MEMSR¥;EZ5EM; I kEHh; 5 £ AERERSEI(LAMP) £ %

B2 %S TNI66; TP391. 4 XEEARIRAS ;A doi:10. 3788/OPE. 20172512. 3160

MEMS gyro signal reconstruction via layerwise and adaptive MP
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Abstract; When noisy signals from a Micro-electromechanical System(MEMS) gyro are reconstructed
by wavelet decomposes, it is difficult to choose the wavelet coefficients corresponding to the real sig-
nals. Therefore, a kind of Layerwise and Adaptive Matching Pursuit-based (LAMP-based) algorithm
was proposed to solve the problem mentioned above. A sparse extraction construction of wavelet coef-
ficients from the real MEMS gyro signal was established by recovering the sparsity of the wavelet co-
efficients of the noisy gyro signal. Then, the new LAMP algorithm was designed to pick out the most
sparse wavelet coefficients among all wavelet coefficients of the noisy MEMS gyro signal, and the cho-
sen wavelet coefficients were utilized to reconstruct the real MEMS gyro signal. Substantial experi-
ment results indicate that the proposed LAMP algorithm is superior to other iterative greedy recon-
struction algorithms. It effectively removes substantial MEMS gyro noise, and corresponding azimuth

average error reduces from 10, 060 2 (°)/h (before LAMP reconstruction) to 5. 034 6 (°)/h (after
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LLAMP reconstruction) , which shows its denoising performance to be better than that of the tradition-

al wavelet threshold reconstruction method with an azimuth average error of 8. 596 8 (°)/h (after

wavelet threshold reconstruction). It concludes that the proposed LAMP-based signal reconstruction

method for MEMS gyro has good application prospect.

Key words: MEMS gyro; signal reconstruction; wavelet transform; layerwise and adaptive MP algo-

rithm
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