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Static model identification of quartz flexible accelerometer based on PSO-BP
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Abstract: To improve the identification accuracy of the static model of quartz flexible accelerometer, this study pro-
poses a static model parameter identification method based on a Particle Swarm Optimization-Back Propagation (PSO-BP)
neural network. This approach addresses the local optima susceptibility of Back Propagation (BP) neural networks through
Particle Swarm Optimization (PSO) integration. The neural architecture is configured according to accelerometer input-out-
put dimensions, where the PSO’s global exploration capability optimizes the initial weight for the BP network. Precision
centrifuge -based calibration experiments were conducted to validate the proposed method. Experimental results demon-
strate that the PSO-BP neural network exhibits significantly enhanced capability in resolving nonlinear coefficients com-
pared to the standard BP network, achieving a reduction of the mean squared error (MSE) by two orders of magnitude,
which provides technical support for advancing the development of high-precision navigation technologies in airborne iner-
tial navigation systems.
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Fig.1  BP neural network structure with three layers

3 PSO-BPHZE MK EE

PSO-BP 1 25 [ 45 #7538 13 PSO {14k BP 41 22 [
25 (O AS R R R v R ) I 8 R R T A
JE, PSO AT TAMA T LA 4R S, A s
FRREO S . BREE(E . 15N B (E X BP M N 45 E 1T
etk B 1k H AR i A o i PSO #4 4 PSO
-BP B EE N . OMIEH A S H FRAE A 2 BP #h &2
P28 4% J2 10 5B, K0 U BB RN B VR S b 7
B SH QWA R TR, 3 i 9 4 I 2k
THRDRL 38 N7 B PR i SR 4 Ry e A i
B YRR AR R AR A8 42 Jeg o P it B AR 3 AT
@3k BN B S AR Zab Ak, 4 e A X IO 119 A
(BT (T BP o 28 R 285

ENT MGG, R )28 s
TCHBE S A AL PERE AUAX O 23R o AR Kolmogo-
rov AE B, ELAT BARRCEZ A0 3 2 A N 45 20 by B &
FSE VT LA A, TR S B R R R )2
SEKY . B2 A2 0T R BORT T o 2 56 20 O
&, AN (4) R

n,=.Jn +n, +a (4)
X o, WEE BTG 0 WA ZEMZTT
NG n, R Z TR o IR
BUAE M1 ~ 100 AR EZET5 B0 g ik
2R R NER R,

21 RRBASEN EHGINGERFRLEIT AR
Tab.1

training set with different number of hidden layer nodes

Mean square error calculation results of the
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Fig.2 Flowchart of PSO-BP neural network
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Tab.2  Static model coefficients identified by three

algorithms

S LSM GMDH PSO-BP

K, 22745%x10° 1.34662x10° 130617 %107
K, 1 0.999 98 0.999 979

K, 6.953x 107  6.869 24 x 107
K, 5.986 84 x 10°  5.32093 x 10°°
K,  25322x10° 253635x10° 2.58444x 107
K, 59115x10° 6.00217x10°  6.0903x 107
K, 7.14591 x 107
K,  4.8254x10° 4.86735x10° 4.81709% 107
K,  3.6539%x10° 42656x10° 3.41139x10°
K, 35839x10° 3.98623x10° 4.5615x10°
K,  47127x10° 4.78686%10° 540849 x 107
K,, 4.02296 x 10°®
K, 1.730 53 x 107
K, 6.581 32 x 107
K, 7.88169 x 107
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Fig.4 Mean square error of BP neural network fitting

10° — IR
A -~ WiksE
E
Z10?
H
ok
] -4 |
g 10

10 b

o 1 2 3 4 5 6 7 8 9 10

Fig.5 Mean square error of PSO-BP neural network fitting
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