FATHE F 12 H 3 b % #H
2021 & 12 H ACTA AUTOMATICA SINICA

Vol. 47, No. 12
December, 2021

BT S M EEE DAL S M R MR R

TrHE ' R AHE EE wE
B B DB RS kAR, S G5 T ik e L TR) R T AR 1 e R ) SR A ) R T — A
F 2By B = FTHLH ) 22 4% R 28 B AR ) B 1% 0 R T K S A2 4 4 X 2% A B T BIL ) PR 4 T 2 — it i 2 435 4
MRYE 2 28 S f A% R3S B0 22 1] A0 25 () AR 5 MR RIS 8] A S0 PR3k 4T 2 4% A8 PO B0 BA) . S I0A0E, %R NT 2 P2 28 1
R B R EIA 97.5%, A DA R s 5 i A R0 43288 1% 5 v mT DAAE AR R 1) H A b A% kg A e s A, B AR 5 T
FEN FHANME.
XA ZMBOEE I, KEWCIZMAE M, il as—id gy, £ 246K, s 5 )
SIAMN  FEWH, &, S, ik, 32T 25 BT E AL 0 2 Fh S e RSt iR B 7. B s bR, 2021,
47(12): 2784-2790
DOI 10.16383/j.aas.c190435

Multiple Navigation Sensor Fault Diagnose Research Based on

Multi-stage Attention Mechanism

WANG Ya-Zhao'! ZHAO Wei' XU Hai-Yang' LIU Jian-Ye'

Abstract Since navigation sensors may malfunction in use, a multi-sensor fault diagnosis algorithm based on multi-
stage attention mechanism is proposed to solve the problem of low diagnosis rate of intermittent defect and gradual
fault. An encoder-decoder structure based on the long short term memory (LSTM) neural network and attention
mechanism is adopted in the algorithm, and fault mutual diagnosis between multiple navigation sensors is based on
spatial and time correlation between the data of multiple navigation sensors. It is verified that the fault diagnosis
rate of the algorithm for multi-type sensors is as high as 97.5%. Besides, sensor faults can be detected and classified
effectively by this algorithm. This method which has a strong engineering application value can accurately identify
the fault sensor and fault type.
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Fig.1  Multi-stage attention structure
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Fig.2  Local attention mechanism
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