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Abstract
fault prediction model accurately in general. Instead, to construct a suitable fuzzy model may be an effective alternative.

For a dynamic system with complexity, morbidity and nonlinearity, it is significant and difficult to establish a

In this paper, the inherent relationship between relevance vector machine (RVM) and fuzzy inference system (FIS) is
investigated firstly, then the uniformly approximating capability of FIS based on RVM is proved. Next, a fuzzy model
identification method based on RVM and gradient descent (GD) algorithm is presented as well. Finally, a new fault
prediction algorithm is given on the basis of the presented fuzzy model identification method. The simulation studies
illustrate that the presented fuzzy modeling method can generate a compacter model and achieve higher prediction

accuracy as well. Based on the new fault prediction algorithm, the system fault can be predicted correctly.
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(nisfE 577k (Genetic algorithm, GA) | Fi§#EL
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(YRR AR LS LSk [18 — 21].
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ISR 20H FIS thn] UEAT i g DU et i 45
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EZH. HE WG G, T ek F AT a0 R B
(23241,

2t) = f(@i1, @0, @) (19)

e, T es# f (1) HIFE T RVM AIRDEIRE (5)
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BT RVM B )t B LR ) B A JE B A
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5 KR5S

N 8 UE AR ST S LY AR AR AR TR VR K e
TR IR AT, 73R4T T CSTR MR 5
SR AR T R G0 DTG /) TRESEGIITA,
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51 HEMERRE
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o S 2500 R OE 2 WLk [25].
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B R F AN (BN KIRE T, Fvs
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KR AR E R, R T 200 N EHRAT I, J5
100 N EHESEA TR G, 160 UE AR TR (K TEURG B RN AT 2%
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TR 25500 AEAT S0 B B, FH PR TRT J  2%
TEE T JEATTION, 58805 Z8 T H 5 2= fis 47 it
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SR E R IRAR IR 1 PR,
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. 440
S 420
400 1 1 1 1 1
0 50 100 150 200 250 300
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100
= 9
£
= 80 |
<
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60 L L . . .
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1 i NV 70 S5 R HI5) it 2o it 2 ]
Fig.1 Graphs of imported cooling water and

refrigerant flow rate
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HEATT 100 ¥k Monte Carlo 1/ FLSE, 43 MIAEZEEL
W BIAE g9 b 0.03 F10.05 MIIEHL I, % R Gt
TR e R BEAT T A0, R TIER AR R ¢ T
o h A
R PRI AU 4 R LA
Table 1  Comparison of two fuzzy models’

predicting results

ik AN (%) MAPE RMSE e (s)
SVM-FIS 163 0.0134 0.1160 80.53
RVM-FIS 30 0.0122  0.1059 1.15

Training data
500 . =4 Testing data
—6—RVM-FIS output|
480 | ®  SVM-FIS output
¥ 460 -

8

s

2 420t

é 400 Training

L

g 380

;72 360 | Testing

340 +
320 1 1 1 1 1
0 50 100 150 200 250 300

Step

Bl 2 PORPBTRIRERY (I, I i 2 14
Fig.2 Training and testing graph of two fuzzy models

500 == Actual data

480 F ~E— RVM-FIS prediction
SVM-FIS prediction

460 [
440 [=
420
400 [
380
360 |
340 F
320
300

Reactor temperature /K

0 2IO 4IO 6IO 8I0 100
Step
B3 PRI BRI AR I ) F th 2k B
Fig.3 Predicting graph of two fuzzy models
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Table 2 Comparison of three fuzzy models’
predicting results
A7 I ZHRNEL (%) MAPE RMSE
SVM-FIS 4 0.0067 0.0165
FCM-FIS 3 0.0080 0.0233
RVM-FIS 3 0.0055 0.0105
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