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Fault Diagnosis Based on Channel Splitting CLAHE and Adaptive Threshold Residual Network
Under Variable Operating Conditions

HUANG Xiao-ling and ZHANG De-ping

College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics,Nanjing 211000, China
Abstract Driven by the development of big data,fault diagnosis method based on deep learning has gradually become a research
hotspot in the field of fault diagnosis in recent years. However,in the real industrial field,deep learning fault diagnosis still has
two limitations: 1) Early fault features are weak and fault information extraction is insufficient. 2) The distribution of fault data
collected under variable conditions is inconsistent. The two points lead to the problems of low fault recognition rate and poor do-
main adaptability in deep learning fault diagnosis. In order to solve the problems above,a fault diagnosis method based on channel
splitting CLAHE and adaptive threshold residual network (FEResNet) under variable operating conditions is proposed, which
starts from the two perspectives of enhancing important features and deleting redundant features. Firstly, Morlet wavelet trans-
form is employed for excavating discriminative time-frequency information hidden in vibration signals under variable operation
conditions. Then, CLAHE with channel splitting is designed to improve the contrast and clarity of the time-frequency diagram to
enhance fault information. Finally, the time-frequency diagram after feature enhancement is input to the designed adaptive thres-
hold residual network to remove redundant features. Experimental results on CWRU dataset show that the prediction accuracy of
the proposed method under the same working condition is up to 100% ,the average prediction accuracy under different working

conditions is up to 99. 03% ,and the domain adaptability is strong.

Keywords Fault diagnosis, Wavelet transform, CLAHE, Residual network,Feature enhancement
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Table 1 Dataset description

Dataset  Speed /(r/min) Load /hp
A 1772 1
B 1750 2
C 1730 3

ARICLG LL 1200 4> 5 Ry — A B B R AR L R b R vk
600 MEEAS 4 Ml 2R T A 2400 DMREAR, X B EEAME
Morlet % SE /N A8 e 45 2 B35 A, &) 20 U1 25 45 | 46 E 46 L U
KRB Ry 8:1:1, ALYk S B BN E 2 Frsil,
*2 BHEE

Table 2 Parameter settings

Parameter name Parameter description

Epoch 400
Batch size 128
Optimizer Adam

Learning rate 0.001

Loss function Categorical_crossentropy

ALY AE Windows 10 64 745 A4E R G AT, 1817 N A7
Jg 16 GB, b B %8 K Intel(R) Core(TM) i7-9750H CPU, 523
FIr R 1 2 S HESL Sl TensorFlow fil Keras, 1% 5 & Python3. 6,
3.2 ETEERS CLAHE BB R S

2% Morlet /N A8 #4521 (14 i 451 181 . 8 Ak b 27 S it i)
HANLA s PR B SRR B R £/ Hz, S T T B
AT PR by G i A B0 ok 5 T 4%, 7E AR RIS A3 BT s B T e A
A bR I 25 B T MG R Y T S X, FOOR BR BRL A 1 B
58 . 5B B 5, % i 45 1 A5 F 38 38 35 43 19 CLAHE
FREAERGSR . A T UL B Tl E YR 4 89 CLAHE BYRCR , A3
WHET 4 A4 Lhp UL T A9 AS TR 28 B REAS 3 47 40 #7
LA — AN IEE RS WA A — A P9 B BB AR A — SR Bl
AR R — A~ A1 VL i B Y R AR

5 IWZE B A7 MR /R T R $AT CLAHE 1 i 3 141 1%
(no_CLAHE) /47 T 4 T B ¥ #: 19 CLAHE Ry I 45 14 4
(HSL_CLAHE) M # 47 T %k T i@ i& ¥% 4+ 1 CLAHE (CS _
CLAHE) iy i A5 S i 250 5R . &l 5 () — Bl 5 (o) J2 1R g ik ik
Wi i 451 1] 1] 5 () — &1 5 () S o BB i e s A4 1L 5 () —
5. S AR I AT L P 5 () — [ 5 (D)2 I IR A I AT

211100122-4



WRE % AT B 72 CLAHE B 38 P79 (5% 22 190 255 B 28 11 00 4 R 12

HSI_CLAHE
(b) ball fault

no_CLAHE CS_CLAHE

(a)ball fault () ball fault

no_CLAHE HSI_CLAHE CS_CLAHE

(d)outer-race fault (e)outer-race fault (Douter-race fault

no_CLAHE HSI_CLAHE CS_CLAHE

(g)inner-race fault (h)inner-race fault (1) inner-race fault

no_CLAHE

HSI_CLAHE

CS_CLAHE

(j) normal (k)normal (Dnormal

Bl 5 [ G 08 0 4 v X L
Fig. 5 Comparison of different image enhancement algorithms
ME 5 LA EWE 5 R AT CLAHE T 5 F i@
R CLAHE Ay EMRA H, AR SCHR H (9 3% 38 38 97 2 19
CLAHE i EU& 8 0R () 52 B AT H B T AR KA T, B IR (%
AR 114 300 25 3B 43 74 A5 T BT BRGS0 ) A A OF T B
g T HE— L IR A SCHE Y 2 T E B R 4 9 CLAHE %
A R A AR 25 LR AE B LT I 4R AR IE AN
BRI TR, YE R T RG0S B, S 0 K, [R5 52 B b
o ARVEZE R T ERAR R AE S B Y B ORE BE L AR UE 2
K EMG R B, R R T BUR T35 B & 5 B
K EMGH W E RS . BEHLER Thp & 4 Bhi e 2 70 1Y
kA Pl A7 L A AR ORE 50 9k L 3R 200 k. R3S T
A Te) PR (5 344 3 0 1) 8 B AR ST B4
F# 3 ARIE G R A

Table 3 Evaluation of different image enhancement algorithms
Algorithm Mean j:?iﬁ Entropy  Clarity
no_CLAHE 74.41 35.56 2.94 168. 46
HSI_CLAHE 72.31 37.96 4.57 586. 68
CS_CLAHE 84.13 38.22 4.42 613.36
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BB B L N R IR B
3.3 B—/T TRk

HT R UE AR SCHE Y R R Bk K S WDC-
NN, TICNNE 1 LeNet-57 [ % 75 [7] — 52 86 B 88 F k47
T AE T LA AT, % 4 50 T AR R R e i — T
BT B HERN R X L,

a4 A THLGEEM

Table 4 Comparison of results under single working condition

G fiz . 950
Algorithm Dataset A Dataset B Dataset C Average
WDCNN 100 95.42 97.08 97.5
TICNN 97.92 97.08 94.99 96. 66
LeNet-5 100 100 99.58 99. 86
FEResNet 100 100 100 100

M A TTLLE M, o — T 0 &4 T, WDCNN, TICNN A
LeNet-5 MR8 E] 95% DL L BER R, AKX EBRE T
100 % R MEFE R, Lk WDCNN #7557 2. 50% , It TICNN £ &
T 3.34% .t LeNet-5 #8/5 T 0. 14% . SEH &5 R B0 T A SC
P BT PR B T AT R A

5 AR TN BUGE N U 58U B HARR AR, b, R
BARAT B ARZ B U ZRBds B ARl AR AT A 2 0 i A .
M AS R R A LA 6 Fhielad i o R .

#£5 WEMTREE

Table 5 Scheme setting for domain adaptation

Source domian Targrt domian

Training set A Testing set B Testing set C

Training set B Testing set A Testing set C

Training setC Testing set A Testing set B

FOHITATHT BRI AELIEE A.B.C K 6 Fpifid
;7 Ze b X R B b AR B 4 2 E R R A XS L
F6 AT

Table 6 Comparison of results under variable working conditions
CHRAL 20D

Scenario .

setting WDCNN TICNN LeNet-5 FEResNet
A—B 97.92 95. 83 92.50 100
A—>C 97.50 94.99 73.33 99.58
B—A 97.50 97.50 95.42 100
B—C 93.75 94.17 100 100
C—>A 94,58 93.33 97.5 99.58
C—>B 91.67 95.42 100 100

Average 95.49 95.21 93.12 99. 86

M 6 ATLLE Y, 75 R R A9 T4E %& 14 T » WDCNN, TIC-
NN 1 LeNet-5 [ 4 19 P ¥ ff %538 T 90 % L I, (A4
AR RS RS2 HORS 2 51 81— 00 S AR LA B T B
AR SCHR O v T B R R RE IS B 09 % L L H WDCNN #2
BT 4.37% .t TICNN #8& T 4.65% . b LeNet-5 #& T
6. 74 % AEAT A TAE ST JRBUH T 38 K A9 38k 3 Ry 1

h T B B AE AR S0y ¥k A S e B AR T AR R
FRTZAUE R R AR B R A R . &1 6 LUV sh ik ek
B ZE B KRB R T 5138 1 hp.2hp.3hp X 3 F A [
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BT 8 A AR ST vk A B e

(a)lhp

(b)2 hp (c)3hp

Bl 6 3 FpASIR T 00T ¥R sl A e i 45 1
Fig. 6 Time-frequency diagram of ball fault under three working

conditions

AR BRARBLEE J5 1o TB] e A9 R i % Ak Sy e 4 2 [A) B 1]
TR Z B AR R, RXEBREL T 1, Uk A
FEARARL . X E 6 Hh 3 AR 00T VR Bl s i 9 g B A P T
TEEARLARBLE G5 2Rk 7 751 .

F 7 ORIF BT EE A A % AR AR
Table 7 Cosine similarity of time-frequency diagram under different

working conditions

1hp and 2 hp 1hp and 3 hp 2hp and 3 hp
0.991 0. 989 0. 986

B 7 B TR FEAR R A0, 0 T [ i 2 2 9 3 gl 1R
WIS S v R AT PR 22 T Y A SR DL BRI T 1
M7 AT LUEWLA 38 i AR SCOT VAT R (A T 00 AR A
PP A3 1 AT 45 e AR B2 S e R A S 52 B 2 ) L 30 T AR SC
P A 07 5 BE AT AR RIS 5 [ A 0 N B ARAE L ST T IR RE 1R L A
RSB TS WA S PR Y HP PR B S BORR AL 22 S DR T TS
HERBII IR
3.4 HRAKIEX LS

AT R T i S 36 R R 20 M 2k T OE B P 20 B9 CLAHE Al
L3 O I 6L 5 22 9 2% 445 A8 X 3G I 12 TR G RE i O 1 TR L 3K 8
BRI X L %

#8 MHFE
Table 8 Comparison schemes
Scheme CS_CLAHE THrResNet
Scheme 1 Ni X
Scheme 2 X N,
Scheme 3 N N

Horbr, 5% 1R800 B U B A0 3B 9% 43 19 CLAHE, 5
282 FRIR AN B AR R SR B TS I R AR 25 W s AR, TR 3
B SC4R 1 T % I 41 1 A 3 5 43 19 CLAHE Jf- iy A 2|
FIOE N R 22 M2, 9 MK 10 0B T HE LR
2.5 % 3 AE A — T OLANAE T80 F B4R R e 18 Wi 40 2 45

F9 BT LR

Table 9 Comparison of results under single working condition

CHAT 2 %)
Scheme Dataset A Dataset B Dataset C Average
1 100 100 99.58 99. 86
2 99.2 100 100 99.73
3 100 100 100 100

MEOTH ER-TH T, FE 1 MFE2HW LK
99 %6 LA Iy 43 FORE HE L B JE: 7 48 3 T LA fi A AU 4 v 31 100 %6
B 43 ZAE FE UE I T 38 38 BF 4 CLAHE Fl A 36 [ B {8 3% 25 W)
UGG AR,

F 10 A TG RN

Table 10 Comparison of results under variable working conditions

CRAT - 95)
Scenario setting  Scheme 1 Scheme 2 Scheme 3
A—B 94.99 96. 67 100
A—>C 96.97 98. 33 99.58
B—>A 89.99 96.67 100
B—~>C 100 98.75 100
C—>A 100 98.75 99.58
C—>B 97.92 100 100
Average 96.59 98.19 99. 86

H1 28 10 AT, AEBGE N 2P 48 3 ISP 3 43 2R
SIS 1 T 2 3 4 R B 3. 27 M 1. 67,
HEEGEN I E B>A M A>BHR . T EIHBETHE L MTE
2O BNEERTTH B RRIR TSR X 10,01 %,

gi b TE R4 CLAHE A 38 B B 18 5% 25 1 45 4 45
B 77 B A A 3B 4% 43 CLAHE FIAY SR HT A 3 1 19 (8 5% 2% ™)
L5 TE B — T RN 00 B B AT 1 43 2 M RE R 0 B g
J. ASCHE H R E PR 4> CLAHE F [ 3 07 5 17 5% 22 I 48 %)
P i AR [R) 00 9 4 SRS B RIAE T80 (W 3Rl Ry e LA

HWRIE AR 7ML T E YR 2 CLAHE FF

DN 18 5% 22 090 4% 1) A% T D0 I 12 T A B (FEResNet) . %45
T X B AT 4 02 T 4SS TR G 326 35 8 52 B Tl i FH R A Ak G T
VB G 3 Y ) B, B 45 G TE AR T 00 N B3 A A TR AE L 8 S ) —
AR 3 {5 5 S /1N I 8 4, 25 4 AR O R s A 1 A AR
JFRRAE AT i sk A PR 5 AR S X A s AR PR PRAT S G R 4
CLAHE #:4E , f FE5 /9 405 . 50 38 25 35 43 55 i W1 g 0 385 ol
WA T R0 I R AE  B3E T IR R A X B BE A A 4% 48 it
R R PR B S BT T — b A A R (A 2 45 2 A
A I 1 1 77 3N B3 TC AR AT L 4R 05 2% B e 4 26 BE . il
T A B DI GR35 2 05 FE — 22 A B IE), R O, A o ok A
H R R Tk 10 R KA ) 245 5 A i T R R A S8
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