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Abstract; To overcome the difficulty of nonlinear correction of pressure sensors and to solve the problem
of low accuracy of correction results. A back propagation ( BP) neural network model was established
based on wavelet function, and the Levenberg-Marquardt algorithm was used to update network
parameters to realize the nonlinear correction of pressure sensors. Results show that the traditional BP
network reduces the mean square error ( MSE) of the pressure sensor from 2. 10 to 0. 68, and reduces the
measurement error by 67. 6% . The wavelet BP network is reduced to 0. 28, which further reduces the
measurement error by 19% . It can better meet the precision requirements of high altitude detection and
has good generalization ability, which can be extended to the nonlinear correction of similar sensors.

Key words: pressure sensor; temperature drift; nonlinearity correction; wavelet transform; Levenberg-

Marquardt (LM) algorithm; neural network

W& A ER AL AL, s R S B i R AR IR I RS 2 PR R B B A RN 2 R A
KBEE, IERMEPBOR VB ERNEZE T ARMES R, URE AR Z IR 2 3%
B femaE i b, URE R EEN Sz —, AR, HIEEA L2 m: 1) b T2

WeE H 9T 2019-11-12

R H . FERE LA R B H (2018 YFFO1010100) 5 [ 5 H ARl L4 W B30 H (61672064 )

YEF A Bt (1962—) , B, B, LA, FENFZEAE BAAE S AR A B E AL By BT,
E-mail ; kebinj@ bjut. edu. cn



514

POV, A BT 28 ) U R AR R AR AL IE 41

H B bt Bt 07 58 VR AR A AR M BR A, ARk
PERFIEANRESE THBR 52) GRS bR AT
o, AL IR R Ve AU AR A I 5 R A A 22,
PN E S R

1R IR BT PR 1 Y AR L PR R 22 L T I
C&AE e, TEHAT I, PR, BREE T4 5w f%
SRS HEAE E () E R R 38 ok AR SR AR AT AR AL
S RAE TR ZOR AT IR ZEAME | AL AL
IER R E RS

RS RS TAEVERE , SEIARZR PR IE A G
FHIF ST 1 R 1Y S50 3l 2ok ) 1% 2% i R 42 1Y
BT /3 0T R BT A I A AMEE AL, DA S5 B A%
JEAR IR IE. SCHR( 4 ] R AL AE R S AT A AL
RIE, S 1l RGERRRE I 5 SCHR[ 5 ] R #R T
K P L P00 28 % PR A SRR R AT ARSI ol iR B 1 R
SRS S 2 R T, SR, T S R BRI AT AR R
JRAS R RS BE AR B A A%, AN R T S PR A
BT BEE TR AL AR I KR il 2 FR Sk A
AR AT IR 22 AMER S AR VA TE WLy FZE R F
FITUE. M 2 AR5, 3
BR[ 8 ] 3l i A Rkt 4y 2 5 BIGOI 551k K<t AT
RIE iR 2= AR E 0. 8% 5 STk [ 9 ]38 2o fe /N —5fe
X AR AT ROE IR B TR m R B, A
VLM T HRRE R B9 R 2% U0 E 5 KB R e f%
SRR AT LA B RO i 0 A% S g R A
BR80T, AN RETHG A2 S22 D0 T RYARZ UG

P28 I 25 P AR TEAL R AR L PR AR E )y T 2 A
— 5 WL SCHR [ 10 ] 2R B 1) A& 4% ( back
propagation , BP) il £& % £% v X £ FE A% J&% 4% HE 47 A
KA R > T I R 2 B T Y
SCHR[ 11 ]335 F BP 125 0 28 X6 B 60 A2 Jake gt i4E 4 7
PRsE , S Th TR ISR IBORT . (HR (458 BP #li &
PO 28 A R vl i/ ML AT SRR 0 SR e s AT 2 E
— PO LI B AR B A AR R APEAL .

A SCUNA AR S R TR SRR S g
6584 B U R A S DO R WA LS h S WS & TP
SIS, XHESE BP MM 4L B
VL PRI S ol 28 T 24 U2 1) 00 eR A, O 5T A
Levenberg-Marquardt( LM ) 5 5 X% 44 2 S 54700
B AR AR AR R R IE AR, SEEG IR
W, i3 L0 A8 5 P A AR A E W BIGE E J5 R LT
14t BP M R4 al LU e R i 58 iUt
R IR AR AR i 2 T R s R ) 75 2 HAr
BRI E.

1 EREFIFEERIERE

SRR AR AR Lk 1R 25 o FL) BRI AR I3
TR P HE R A R 0 Y AR Ty
GETE R, AL I AT i P AR, S 5 o A R
for (0 T AR L A FR R i A, (A2 B R P 4
X R T B R, 7 A R R 22T R
R IR RGN 1 R

L] ]

I
P} P

K1 RURAL RS RG AR A

Fig.1 Nonlinear model of pressure sensor system
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Fig.2 Calibration principle of pressure sensor
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Fig.5 Comparison of the u value and the Morlet function
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Table 1 Data collected by pressure sensor

MR, WEAE,  FRERE, EiRE/
C hPa hPa hPa
35 1103.20 1100 3.20
35 906. 27 900 6.27
35 702. 44 700 2.44
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35 302. 58 300 2.58
35 103. 78 100 3.78
35 10. 55 50 5.55
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Fig.6  Distribution of sensor measurement error at

different temperatures
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Table 2 Network training parameter setting
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Table 3 Amount of neurons and MSE
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Fig.7 Amount of neurons and MSE
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Table 4 Comparison of convergence rate performance

Fe BRI TRk LM %
1 3825 5
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Table 5 Relationship between u value and MSE

u o u o
1 0.59 6 0.38
2 0.53 7 0.33
3 0.52 8 0.28
4 0.46 9 0.35
5 0.42 10 0. 40
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Table 6 Comparison of calibration accuracy

hPa
PIAL R SR

FRESE AT SR
Sigmoid FREL /NI EREL
1100 1103.20  1098.81  1100.55
1000 1 002. 50 999.26  1000.24
900 906. 27 899. 07 900. 46
800 806. 23 799. 40 800. 17
700 702. 44 699. 59 700. 03
600 601. 61 599. 66 600. 18
500 501.35 499. 74 500. 10
300 302. 58 299.37 299. 96
200 204.23 199. 11 199. 97
100 103.78 99.07 100. 08
5 10. 55 4.88 5.13
o 2.10 0. 68 0.28
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Table 7 Comparison of calibration accuracy

of the test set hPa
PRI AR
PRfEUE AT U
Sigmoid PREL /NI REL
1100 1101.58 1099. 87 1100. 19
1000 1 003. 03 999. 95 999. 42
900 901.71 900. 00 900. 26
800 804. 46 800. 17 800. 46
700 701. 29 700. 35 700. 35
600 602. 02 600. 24 600. 21
500 500. 47 500. 13 499. 96
400 400. 46 399.95 400. 24
300 301.28 299.74 300. 35
200 200. 75 199. 45 200. 49
100 101. 76 98.91 99. 41
5 10. 67 5.21 5.52
o 2.10 0. 69 0.30
5 #it
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