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Nonlinear System Modeling and Fault Diagnosis Method
based on PRB-SAE Algorithm
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Nanjing, China, Post Code ;210096 )

Abstract: This paper proposes a new fault diagnosis method of parallel reconstruction-based stacked au-
toencoder(PRB-SAE) . In order to suppress residual pollution, this method introduces preset fault direc-
tions on the basis of conventional stacked autoencoders. The gradient descent method is used to recon-
struct data in all possible preset fault directions, and the optimal fault direction and fault amplitude are
determined by comparing the square prediction error (SPE) after reconstruction. In view of the high-di-
mensional characteristics of large-scale complex systems, the parallel reconstruction method is further
used to improve the data correction efficiency, reduce the calculation time and meet the requirements of
online diagnosis. The effectiveness of the proposed method is evaluated on a numerical example and an in-
dustrial example. The results show that the method proposed in this paper has a good diagnostic affect
both on simple single-parameter faults and complex multi-parameter faults. Compared with the conven-
tional stacked autoencoders method, this method greatly reduces the fault diagnosis rate and improves the
diagnosis accuracy.
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3.2 IREH
NYIE PRB-SAE J7 3578 52 b T AR N H 1A
ROE AFERLT2R 1 HE2s v KUBLAE R 0 R A7 5451
ST RSN 1 PR,
x1 RBEE1HZRORNBEEZESHIFR
Tab. 1 Information of modeling parameters of

1* exhaust air cooler group of a power plant

75 28 RKRE  wME CFHE
1 1 HE T XL G S A I/ C 64.2 29.14  49.89
2 1 HE1 XL LR /A 221.6  85.82  158.34
3 1 HE 1 WALFLH/r + min ™! 1109  462.12 963
4 12 KWPLISFAsIRIE/°C 70.78  43.95  59.97
5 1 HE2 KALA L/ A 221.4  83.06 154.22
6 1 HE2 KL/ - min ™! 1105 457 957
7 1 HE3 RMLIGRAEIRIE/C 75.06  46.26  64.77
8 1 #E3 KALHLHLHL L/ A 221.43  86.91 158.14
9 1 HE3 KL 3 /v + min ™! 1 109 454 960
10 1 HE4 KMLGRAIRE/C 59.44  29.85  46.94
11 1 HE4 XL AL, A 206.45  81.09 149.17
12 1 HE4 XHLEEH /v + min ! 1 099 450 950
13 1 fE5 KMLIGRAIRE/C 68.89  41.35  57.92
14 1 HE5 XHLHLALHL 7L/ A 220.18  85.67 156.13
15 1 HES KHLEEE/ 1« min ™! 1 130 476 978
16 1 He6 KWLIGHATRE/C 72.05  44.14  61.73
17 1 #HE6 KALHLHLHL I/ A 217.73  85.26  156.37
18 14F6 XALHH/r - min ' 1106 455 955
19 1HE7 KMLIGRHIREE/C 73.45  44.82  63.65
20 1 HE7 XL AL A 233.15  84.08 155.42
21 1 HE7 KL 3 /v + min ™! 1123 474 977
22 1 Hefh B2 B R/ C 63.18  24.17  45.22
23 1 HEBESS KA R/ C 64.18  36.54  47.20
24 UL/ (°) 365 0 233.62
25 Rt /m - s 5.04 0 0.19
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M SIS RGEHRAE 7 KAz AT 80, HORE ] B
4300 s, EARHL 3 259 A RAEA, X AT IH—
TRAL P, BEHLEEH 2 000 A RLEEAE R gk
A HARREAANE D IIAREA

BEAL 4 DSEE AL, 73 B2R Al PRB-SAE [ SAE 2
T8 0 32 R 43 A ( Reconstruction-based
Principal Component Analysis, RB-PCA) M FE A5
Mri&'* (Principal Component Analysis, PCA) , %} 1%

Bk e 5 WSRO R A T2 Wi e b, e TAESEPRAR
7P UL e — AN AU BA7 8 AR TELIE S XUBIL
P LS A S KB S, DRGSO i 3 2R 28K
AT REHLZE PRI IR N 0 ~ 10 38 Fl N A T B i, 2
J 2 BB AL PR S ROl B, BRSO 3
KSR E—S 8 SRl I i 3 5280
REHLIEI 2 DSBS R, AR
5 S HE RS IBER LR 2 % 3 Fis

%2 AE#FEEET,PRB-SAE . SAE RB-PCA #1 PCA BB SHHEISH & RELB (%)
Tab.2 A comparison result between PRB-SAE,SAE,RB-PCA and PCA for single variable faults under different
fault ranges( % )

PRB-SAE SAE RB-PCA PCA
54 o I 0
RS WS RS WIZR RS WIZR RS WRIZH
0~0.1 0.20 0.18 1.53 0.60 0.3 0.13 0.3 0.11
0.1~0.2 9.20 0.28 11.17 1.89 0.2 0.10 0.1 0.06
0.2~0.3 71.3 0.33 73.54 8.89 2.6 0.2 1.8 0.10
0.3~0.4 99.4 0.17 96.96 14.35 5.2 0.27 4.2 0.11
0.4~0.5 100 0.16 97.36 18.61 15.7 0.2 3.8 0.10
0.5~0.6 100 0.16 98.37 23.59 57.9 0.14 17.3 0.09
0.6~0.7 100 0.16 98.07 28.82 93.4 0.12 70.1 0.11
0.7~0.8 100 0.15 98.07 33.47 98.4 0.15 88 0.12
0.8~0.9 100 0.16 98.43 38.48 99.2 0.08 98.2 0.05
0.9~1.0 100 0.16 99.26 41.98 99.2 0.1 99 0.09
1.0~2.0 100 0.16 99.94 56.31 100 0.1 99.8 0.25
2.0~3.0 100 0.14 100 73.11 100 0.13 100 1.2
3.0~5.0 100 0.16 100 82.49 100 0.13 100 3.39
5.0~10.0 100 0.15 100 86.29 100 0.13 100 23.32

%3 ATREMEEET,PRB-SAE . SAE . RB-PCA 1 PCA HIW SIS BT & RILE (%)
Tab.3 A comparison result between PRB-SAE,SAE,RB-PCA and PCA for double variables faults under different
fault ranges( % )

PRB-SAE SAE RB-PCA PCA
T3 {31
i HES Wiz RS Wiz RS Wiz i HES RIZHR
0~0.1 0.78 0.19 2.08 0.71 0 0.11 0 0.08
0.1~0.2 19.31 0.49 40.99 5.71 0.46 0.14 0.20 0.08
0.2~0.3 77.04 0.19 96.67 16.62 3.25 0.18 0.46 0.08
0.3~0.4 99.74 0.16 98.55 24.54 12.48 0.40 3.67 0.12
0.4~0.5 100 0.14 98.87 32.45 46.80 0.27 4.17 0.10
0.5~0.6 100 0.14 99.22 39.96 66.70 0.16 14.10 0.11
0.6~0.7 100 0.16 99.19 46.28 92.04 0.16 59.05 0.12
0.7~0.8 100 0.15 98.74 52.04 98.68 0.14 82.02 0.12
0.8~0.9 100 0.14 98.98 56.05 99.08 0.13 91.31 0.09
0.9~1.0 100 0.17 99.77 58.98 99.24 0.10 97.61 0.08
1.0~2.0 100 0.16 100 71.79 99.90 0.11 99.49 0.48
2.0~3.0 100 0.14 100 82.04 100 0.12 99.90 3.47
3.0~5.0 100 0.15 100 86.45 100 0.14 100 14.78
5.0~10.0 100 0.14 100 89.29 100 0.08 100 45.37
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