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Analog circuit incipient fault diagnosis method based on DBN feature extraction

Zhang Chaolong'*, He Yigang', Du Bolun'

(1.School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, China;
2.School of Physics and Electronic Engineering, Anging Normal University, Anqing 246011, China)

Abstract: Aiming at the deficiency of current feature extraction methods of analog circuit incipient fault diagnosis, the feature extraction
method applying deep belief network (DBN) technology is presented. Chaos particle swarm optimization ( CPSO) algorithm is employed
to optimize the learning rates of the restricted Boltzmann machines in DBN and further improve the feature extraction performance.
Compared with other commonly used feature extraction methods, the proposed DBN feature extraction method can extract the deep and
essential features of incipient faults. The proposed method also has the features, such as the same high fault aggregation degree and
obvious different fault separation capacity. Two-stage four-op-amp biquad lowpass filter simulation circuit and Sallen-Key bandpass filter
circuit board were used to carried out incipient fault diagnosis experiments, and the obtained fault diagnosis accuracies are 98. 13% and
100% , respectively.
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Fig.1 The diagnosis flow chart proposed in the paper
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Fig.2 Two-stage four-op-amp biquad lowpass filter
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Table 1 The parameters of the test components

in lowpass filter

RS REGRION ARAR(E TR
FO NF - -
F1 R4 1 15700 1648.5~1962 Q
F2 R4 | 15700  1176~1491.5Q
F3 R6 1 10 kQ 10.5~12.5 kQ
F4 R6 | 10 kQ 7.5~9.5 kQ
F5 R71 10 kQ 10.5~12.5 kQ
F6 R7 10 kQ 7.5~9.5 kQ
F7 R9 1 2 640 Q 2772~3 300 Q
F8 R9 | 2 640 Q 1980~2 508 Q
F9 RI18 1 10 kQ 10.5~12.5 kQ
F10 RI8 | 10 kQ) 7.5~9.5 kO
F11 21 0.01 nF  0.010 5~0.012 5 nF
F12 c2l 0.01 nF  0.007 5~0.009 5 nF
FI3 c4t 0.01 nF  0.010 5~0.012 5 nF
Fl14 c4l 0.01 nF  0.007 5~0.009 5 nF
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Fig.3 The principal component distribution of the

features extracted using the first RBM
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Fig.4 The principal component distribution of the

features extracted using the DBN
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Fig.5 The principal component distribution of the

features extracted using wavelet transform
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FiR e HRTA TUAT I B 0T DL 2676 2% 1 )N
] f, DBN [ A4~ 2% 2 10 B Ak B 46 2% 19 I ] e 4,
JE R 7EF DBN 1 RBM (A& 22 BE R, FE IRk
J&i , A ST 1) DBN HRAE 2B 35 Al GMKL-SVM g i
TR IR, I B 1) 4 50k (2.0£0.1) s
(1.60.1) s, fFEHBRIZ B ZR
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Table 2 The diagnosis results of the lowpass filter

B A LS A eS| LWL A/ %
FO NF 90
Fl R4 1 100
F2 R4 | 92
F3 R6 1 100
F4 R6 | 100
F5 R7 1 100
F6 R7 | 100
F7 R9 1 94
F8 R9 | 100
F9 RIS 1 100
F10 RIS | 100
F11 c21 96
F12 2l 100
FI3 c41 100
F14 C4 100

R3I BEBEHRITRIE

Table 3 The execution time of various operations (s)

gllESeR it 72
(RIS IS i s | FEAFHRIR 0
23.6+0.8 9.2+0.4 2.0+0. 1 1.6+0. 1

4.2 XFLESEIE
LI DBN Hr2g 3 B — R 4 907815 08, 0 T 1
N CPSO J7ifiifk DBN rh2f > SR e it , 3 R A7 4

PS5l R Y 28 56 25 vh W H Y 0..01,0.02,0.03,
0.05.0.1 #11 0.2 f£5 DBN t RBM f2¢ 2 %, T4
AR R AR Y 2 Y 3 O A T D g L S ) IO A
AL, B R AR SCRY 75125 30 1 25 0 i 1K
i, IR ASCH Y GMKL-SVM J7 i 4T L), 3% 4
IR X SR g6 B 45 5, AT LA FE 2% 2 %0 0.01 il
0. 02 B AT DAFRAGH 2 B2 W IE A0 238, SR 1T I A 27 > 32475
RIKFNRAR , ARSCHER H T CPSO Jrikffifb 2 21 R s , 3k
A5 FLIR AR A T A BT 5 (992 W E A 3, B UE B TR
CPSO Jrisfifss > SR AL Ge 2 90 2 i e ik o
F4 AEZIREHSEERHIIEE
Table 4 Diagnosis result comparison for different

learning rates

F3H IR %
0.01 96.8
0.02 96. 4
0.03 96. 13
0.05 95.33
0.1 94.93
0.2 94.27

P2, TR IEA SR B T DBN B AR
WOT I TERE , BURAS SCH A9 S U075 12 5 H B il e 12
e PR O o O AT H SR, SCHR 3]
PN AR e 7 AR O N R A D AR, SRR L 6 ] 4 i
A AU BE AR S AR AR, SCHRL 8 ] b i /NI 73 B
IR AT BREARAAE A S I, I AR 3mSR A ) A1 e 18 5
FEL A2 TP A 24 ) ) K iy R4 5, 2 i) 2 P /N i
o5k SEHUE 50 BB 7 12 N e M O vk R R
CBREARFAE , Bl I 2 AR ST 75125 R 23 I 2 830 A 1K 5
36, IR A S GMKL-SVM J5 gk AT i il . 3 5 7
AN SR AR SRR AR TG 3 BRI $R I
Jriderp BRI RE ARG 0 77 3k T AR AS-d s A 3 A2 T IE
B, ARSI AYEE T DBN AYFFIESR IS P 7E Tk
BEEAZ T HH IE 0 25 i T4 IO B R Y D7 %, W] DBN 7
VT LU BRI T ST A e 4 A B R TR B A, S 200
FIR T RIS BVRFIE 22 ] A AR LA g PEREDL T oAt
W IR RO 5 A7 ) TSR s v Ui

xS BARLCEERBXILL

Table 5 Diagnosis result comparison of various approaches

ok A5 R/ %
TN A 96.53
i R 97.07
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Fig.6 The experiment scheme of the Sallen-Key

bandpass filter circuit
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Fig.7 The principal component distribution of the

features of the experiment circuit
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Table 6 The parameters of the test components in the

experiment circuit

RS RS BRRRE/kQ R /kQ

FO NF - -

F1 R1 1 1 1.05~1.25
F2 R1 | 1 0.95~0.75
F3 R21 3 3.15~3.75
F4 R2 | 3 2.85~2.25
F5 R31 2 2.1~2.5
F6 R3 | 2 1.9~1.5
F7 R4 1 4 4.2~5
F8 R4 | 4 3.8~3
Fo RS 1 4 4.2~5
F10 R5 | 4 3.8~3
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