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Compensation algorithm for UAV IMU multi-sensor
redundancy based on BP neural network
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Abstract: Aiming at the problems of insufficient data reliability and resource waste in the decision of redundant data of UAVs, a
compensation algorithm for UAV IMU multi-sensor redundancy based on BP neural networks is proposed. The low-precision IMU sensor
data is input to the BP neural network, and the non-linear fitting capability of the BP neural network is used to compensate for errors in
low-precision IMU data, then use data arbitration algorithm based on confidence to arbitrate multiple higher-precision data and output the
sensor data after data fusion. This process can also judge and locate sensor faults. The singularity problem can be solved by changing the
installation method of similar sensors. The experimental results prove that after neural network error compensation, the error is reduced
by 55.2%. Furthermore, the error after neural network error competition is 53. 9% smaller than the error after using the kalman filter
algorithm for error compensation. The algorithm takes full advantage of redundant sensor design, improves the reliability of the sensor
system.
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Fig. 1 Multi-sensor redundant hardware

composition of flight control system

FTAALITCAR B H HTIE AP b 52 ] SE Y
ARTBZ " T RGN A RE ) 3 R AL
PEAER IR PR TR RGN ), SRS BEAT U
Bl A I A B = e ABLICAR BT AR B
HARGE AR A A AR TOAR , DL
R ORI o Horh e E R G th T %
SRR A, = R G B MR FE O I F
T, MR A AR O RG FE TS B X N I Se 2, A% IR
wR RO AL et . SRJE  REE S AL Se gk
1o AP TR I | DIE ST e e ) A T s 25 2% sk
PP v i B AL AR ot | AR, b L3k IMU
ZALIEAR TUR KNS 1T LA, SRS A7 (e — LE AR it
R BA PEA TR R &, DURR 8 12 25 10 o SR e 6 ik —
I IRAVE I B R I, 5 R GEIE R I, TUR AL TR KL
PEBA BRI IR RE S A7 2= [, 24 IMU f%
JEES BRI N R I | REAS HEAT IE A Y A 58 H
T2 A A KA DR ) A% AR A2 B T ERUA, B
WA FE R LM R GO A RIS R 4 5%, JF HL 4k
SR A A , 1 RO AL AR R
Pt T P T AR [ HE A 22 45 (RBF) BT 5% 22 5 1E
J7 ik KR p A2 ) A2 S B i i RBF ) 465 45 31—
AT s 22 4 T A, 3 5 0 (L5 5 P =2 ] ) 3 2
HRAMET —ATIMEL, X Fh 75 vk 8 0L 52 2% 14 0 2% Fo 0 4%
AR N R BE A T RS I ESR  JF By
EABEA RO A T IR 2 AME . TR 9-10 ] 4R 1 T —Fh 2
TARIR S PR TR 22 AT, B R B B 10 A S At
SRR S IR AR AT IR AN I TT s AR BOR,
SCHRLTT R T — R 1R IR S U R E 4D g 0 A
L PID FEi A RMEET I B ST BE SR AR 220 R R
S URPAT LA IR R T T R S T

PP EAS R S A, Tl T AN B A TR 2E Mz, Hop
Wi PID 5 Bk AT BUE 3%, BT R iR R
7%, H PID S04 LI %%

BEXT R O AETE R [, A SCHR T —Fh 3 T &
ML [ TE AL IMU ZAE RS TU R P AMERL & T 2
IR B A AR AR | B 05 A 3 3l 2 I 405 X G B 4K
IR AL R AT 158 2 % | DT Ak A A 265 v ) £ Uk
i, (RS 118 AL 35 0 AN T2 A B R RS B P s ), DT
REAS AR A b g e -3 ] 5T

1 ETHEMNZRREEERFIREIME
g5

LG AL IMU 2468 E8 TUARE L K 2 B
R, ZAME R RS S EE A R S
SRIG A e I B | o B R B R AR S s e Y
R A E BAE e — BRI G BRAMIT RS, HTAE
TR SR B [ (1), A TR B Y AT SR N RE AR B AR 45 1Y
TR

[ Zi=8 | EIoE [ ZPER ]
s BRaRX R \
I ] I B
te B bRSE

B S I — IR AR Him s
I I I
l l l

MRS | | FEBRE | | BOHEREE

K2 (RGN IMU 2488 TR
Fig. 2 Traditionalmulti-sensor redundant algorithm for UAV IMU
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Fig. 3  Multi-sensor redundant algorithm for
UAV IMU based on neural network
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Fig. 6  Sensors are mounted orthogonally to eliminate singularities
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