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An intelligent diagnosis method of switch machine based on
deep belief network
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Abstract: The traditional fault diagnosis method often relies on the complex signal processing procedures and
experts’ rich experience. It requires precise signal segmentation, which is a tedious process and is not conducive
to the field use. In this paper, the deep belief network (DBN) method optimized by particle swarm optimization
(PSO) is used to directly extract features from the original power data, and the restricted Boltzmann machine
(RBM) is employed to fit the data features layer by layer, achieving the data dimension reduction at the same time.
Then, extreme learning machine (ELM) is used to classify each state, thereby improving the diagnosis speed. The
results show the accuracy reaches 96%, which is a 4% improvement, and the required time is significantly
reduced, when compared to support vector machine (SVM) optimized by PSO.
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Fig. 1 Normal power curve of S700K switch machine
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Fig.2 Power curve of eight common faults
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REJZ BB S AE[L, 15T ST, © 2 eIk B A 0 0%, a0 2R Ak 224 K48 330 [, R0 R 01 A B
PETFE L AEE WS FE A IS ] 23 BH B R . AE[1, 25PN AR I A o B R 5K B 100% , (FZ A EL[L, 1SR [E] 35 1 3
50% , % 1 31 2 B Y B0 B AR A K L B S A ) A e A BROHE XTI [, 1STRY AR &5 2R . B E o4~
AL R F VR, Kb H  H,, H AR PSO ALY 3 )2 RBM MY B2 % J2 W e 1 i 8k, 110 3% PSO B335 B
], trainAce F1 testAcc 43 5% 3 311 2k 4 F1 0 328 42 A0 A R .
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Table 1 The relationship between the number of neurons in the hidden layer and the accuracy

He A IX. 1] H, H, H, t trainAcc/% testAcc/%
1~5 5 3 5 5.63s 57.5 62
1~10 8 4 10 5.81s 76.5 74
1~15 10 6 14 8.31s 98.0 96
1~20 15 15 17 8.54s 98.5 96
1~25 22 23 21 12.4s 99.0 100
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HOHE AR ok B ROPL M T R A Y LSRN L 3k 250 45, U IE RS 50 4% 8 B AR A A 25 A5, B R A
I 20% 1B R L 4L , )R A0 2545 . STO0K AU FE AL B VE — IR K 24075 22 6.5 s B [a], T A L W 0 28 452 1) LA
40 ms Hy RAFATRBEAT RAE , P UG DR B S 162 4 . Rds 4 A i 58 2 B s .

Ze3) 3 )2 RBM W RFAE L B BP B33 14 I 1) S ] 2 J 38 40 ) 3R s 2504 48 55F DBN A $2 B I 15
BNy 14 4EFFAE , D JEUIG B 09 B SRS h I B — R AR R IE SR A R A3 3 s . ID &4 1HIRAS Y
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Table 2 Composition of data set
Bt LT NAN
JE A Al 250%162
I Zi4E 200%162
WA 50x162
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Table 3 Feature extraction results of DBN network

ID FRAE 1 FEAE 2 FEAIE 3 FEAE 4 FEAE S FRE 6 FEAE 7 e KRR 14
1 0.602 929 0.570 384 0.619 140 0.554 068 0.526 342 0.530 688 0.589 821 0.565 637
2 0.594 544 0.556 673 0.603 014 0.538 962 0.524 628 0.519 579 0.583 409 0.554 929
3 0.553 400 0.509 959 0.537 609 0.491 562 0.514 099 0.484 331 0.548 390 0.514 437
4 0.601 131 0.565 632 0.614 530 0.548 556 0.526 070 0.526 847 0.588 407 0.562 459
5 0.587 817 0.540 709 0.584 230 0.517 950 0.523 726 0.504 030 0.577 866 0.542 230
6 0.586 026 0.537 923 0.580 529 0.514 465 0.523 365 0.501 547 0.576 291 0.539 890
7 0.595 655 0.554 530 0.601 728 0.535074 0.525 144 0.516 961 0.584 093 0.553 897
8 0.583 090 0.529 033 0.570 751 0.503 417 0.523 032 0.492 806 0.574 328 0.533 364
9 0.602 111 0.571 302 0.618 996 0.555 321 0.526 038 0.531 526 0.589 072 0.565 876
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Fig. 6 Three dimensional distribution of original data
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Fig.7 3D feature visualization
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Fig.8 Effect of L on the accuracy of test set
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Fig. 9 Classification results of training set Fig. 10 Classification results of test set

10 A] LLAE H, B0 4 R R 5 22 [0) A 3040 S 8 4R |, AR 12 W1 At 25 B9 HE 3R 43 9 Ry 0.2, o Ath 3 5 A9
2 W TR R 100% , 4325 45 52 F1 3.3 K DBN 412 B R AE nf A4k 45 SR AR AT .
4.2 5 PSO-Zit45{E-SVMiZ W FixxT Lt

1 5E X PSO-DBN-ELM \PSO-4t i1 F#1il:-S VM 3 2 Fift J5 v {455 U311 5 i (] 1 5 2 4% BIr FH IR [ 480 1 X B
WM APR . J5 i — R HI DBN $2& U5 B0 19 57 AF g 37 R B . ik R I SCHR 4170 19 125 K 38 72 2
R i BB 1 o AR Ay 4 B, R BB IO AE T 25 O BE A 10 R S8 TR AR £ SRR A AE B L SR ) fE ] PSO-
SVM J5 1 #E 47 70 25, 78 2640 B maxgen=100, 2% > [ 1 ¢,=1.5, ¢,=1.7 ,v=3, pop=20 I ¥ th 5 11 7 ,PSO S %
A4 B BTN T ¢, =7.563 , B i B 2 8 g,..=0.286.

F4 FHFIEEET A B E XY EE
Table 4 Time used by the two models

i 2 B RS W7 i RN G5 B kT #/s G324 B L 1] #/s
PSO-DBN-ELM 10.31 0.29
PSO-SVM 30.33 0.80

M 47T LU ), DBN-ELM 75 12 (4 Y1l 2 ][] AR 0 HAt 2 R 07 3, A8 R0 )1 2 59 38 38 R R 2 7, AR LR T 48
07 5 52 BCRY IR SRR A A1) T DBN 0 25 75 457 AiF $:2 J 0[] Ip 0 e AiE 047 1 R4, DYt B R R T . JF HL
ELM 1E R 43 26 8%  TEEIE R AR AR K A5 00 N AT5AR L SVM 43 845 1 0.61 s, IE B T ELM 4325 & (i PR B %

SR SO 2 7 35 B 0 R A RO B o FL AR R 5 BT o
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Table 5 Test set accuracy of the two models

i 7 RS W T DA AR B /%
PSO-DBN-ELM 96
PSO-SVM 92

M S LLF 1, 3T DBN J7 i A9 e 1 %6 A1 Lk PSO-SVM J5 3 e R $E 7+ T 4%, i — W T DBN /Y
FRAESR R T

Z¢ 1Al A1, PSO-DBN-ELM #2 #I fft T PSO-Z8 145 fiF -SVM B AU | 7 % A4 5 [H 78 T 5 AF 38 B0 RIOR | /i %
SR A S DBN 42 B4 V% B2l G2 P AiE L J 4 SR A 2 A T8 BB B SRR AIE RS AR B UROR 22 57 3 B0 2 MR ALY
SRR 2R

5 & &

1)DBN FFAE 42 7 1 40 17 R A £ IR B o 0 48 BRORI B9 % = R AE 4T P RR AL T R, B T ke 4
BCRE 5 A7 /0t T A, A A ORI A B T A X 20 O, BB T DB i IR0 R AR 9 5 B S5 T A KO Y
FFAE o

2) T DBN Y #5127 1 S 30T AR SR IS B 4k ) — A& fk . DBN I HI RBM ZH B 14 ¢ 5K 25 4 , 76 4)
J06s 50 2 A7 o A ¢ (] P S B0 X B AR R ) R A, E— 2D T Ak T AR SR A S R
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