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Abstract: Aiming at the problem of fault detection and fault isolation in the multi-thruster system, a fault diagnosis
model of thruster system in deep-sea human occupied vehicle based on principal component analysis (PCA) and credit
assignment-based fuzzy cerebellar model articulation controller neural network (FCA—-CMAC) is proposed. Firstly, the
forecasting electric current values of thrusters are computed by using historical data measured under fault-free conditions
and the PCA model. Secondly, the squared prediction error (SPE) is calculated to characterize the operational status of the
thruster system. A fault can be detected when the SPE increases suddenly. Current values are reconstructed respectively
to newly calculate the SPE to locate the faulty thruster. Finally, compared to BP and conventional CMAC, the method
proposed is proved feasible and effective by the simulation of the actual sea trial data.
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(vertical view)
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Fig. 3 Basic structure diagram of fuzzy CMAC
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Fig. 4 Signal forecasting model based on PCA and FCA—-CMAC network
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73 SPEE P4 2 s 1 E02 = 0.35 LR, H& Ik al LAWY
JETRAERE AR I . X RIS LR TRHEdE 2R
L FELE A A A T B LU SR &, i — 28

K FHIFCA-CMACH#H £ /A 48 F A1 35, 37 b 3k sk
B 1 e BT, TofE NI GREER, 178
K4 f 7 FIPCAAE 5 FU A AL 1, 53 51 2R FIBP. &
FICMACHIFCA-CMAC3F 1 28 [0 4 %ot #F A H 3
HBEAT 5 20, 0338 0% o kg B A S0 AT L
AR oo BT T R, H HICMAC
5 S (IFCA-CMACSK FH [RIFE R 45 25440, 344
NN EITCH ETIAE(E — 3, — 2,1 — 1) ZIK)
{8, % H At Z0 A TS, T BPRY 48 R 32 4544,
IR AIN3, 5, 1, BRUE A R4 e T
RE BRI 25073 1) v Sigmoid bR BRI 2R R 2L, 3N 43
BN ETCHRBTIIE(E — 3,t — 2.t — 1) ZI1E, %
ORI 2 R TG, [FFE, X E 0 BTt AT I 4
22 3] Rt R P R ¥ 5 1% 2 (mean square error,
MSE)/E N REFaAR, MSEE AN T :

1 N 9
(}/;imuk - Y:cargk) ) (14)

MSE = —
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T Yaimun /9 P 2% 52 Br a0 B, Yiarge N 2 1H,

NFEARZL.
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Fig. 15 MSE decline curve in the training course of predicting

the principal component 17
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Fig. 16 MSE decline curve in the training course of predicting
the principal component T
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Table 1 MSE values by using different networks to
train principal component 7

VIZRE BP CMAC  FCA-CMAC
0 2716 2716 2716
1 8.074e—02 9.863e—04  4.960e—04
2 3.671e—02 2.823e—04  1.839e—04
3 7.345e—03 8.494e—05  6.730e—05
4 5.480e—03 4.664e—05  1.269¢—05
5 4.812e—03 1.198e—05  1.329e—06

% 2 TRAY 2R &SI T 52 THH)
MSE/&
Table 2 MSE values by using different networks to
train principal component 75

IZREI BP CMAC FCA-CMAC
0 1.991 1.991 1.991
1 1.14e—02  7.18e—05 2.61e—05
2 7.51e—03  4.36e—05 1.72e—05
3 2.34e—03  2.27e—05 5.33e—06
4 2.48e—03 1.184e—05  2.39¢—06
5 221e—03  6.22e—06 8.91e—07

Hh P 2% Bl il & Y, FCA-CMAC YR Si0E &
PR A HORE B S T, S TR s B R Gt iR
ZEMIELR.

BP & 4 Jey 8 T X 4%, A — S \ i R 7R
928 ) T T e AL 3R A7 VA, UM T BT R R
A T TR ARS8 W 28 WAL IG5 e 18 EL AR AE )
B /IME 1] 8. CMAC A J5) BB 3E 3 W 4%, 75 1
o A7 B TRUE, AUE NS AR R A o5k,

WSSO FiE L BP I 28 BRI AN 7E JR) S5 B/ IMEL i) 8,
TEH RS BEAN S S o) B B ARE. Mgl N T
15 43 i 35 I BRI CMAC AN AECMAC ) A7
BTG S M BeE 25 1 2 44 HhashingZwiY
S E, 0 HAEAUE 2 > R BRI 5 05 77 1
BTG B BUE v AE FE (5 3 IRE) A B iR 22, AU
SVURBETE NG BRAT AL, 1 — 204 ) 26 2 > el FE AN
IR,

AN T BPH S W 4% 5% FH ) & Sigmoid iR £k
S WA 22 0 IR R R P, e D A 2R M R 2, A S
BP W 2 S ST AN [\] A3, 38 B i 45 AR €. T
FCA-CMAC W 4% 1] L U= 040 5 R £ ) 2 4 25
ARG, i R S5 R IRIE R 2 1
H . B L AFCA-CMAC, CMACHIBPAHZ: X 4%
1) 257 1 PE R, PRI IS SR A% 8 Hin tH FJFCA-CMAC
PR X258 BEE T N TR I BN T K ds kit 28 R 4t
MRS W
7 45iE(Conclusions)

A K FH B T FCA-CMACH! 28 X 2% (1) 3 78 4%
MBS “ gl s TR K S HEE 2% RS AT R
Wi B, B OAGIN H 2R G0 A I R s Ao 2 e s
it A%, 18 i B HBP. i SICMACHIFCA-CMACH
NS IR REA ) 5 S PR, 3D AESE T Frde i
A 5512 Wi R R A TR P H A 2
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