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Abstract

In response to the challenges posed by traditional fault diagnosis methods in practical operating
conditions of rolling bearings, this paper presents a novel fault diagnosis model for rolling bearings,
namely the GAF-ICNN-based model. The core concept of this model involves transforming
one-dimensional vibration information into two-dimensional feature images with temporal rela-
tionships, using Gramian Angular Field (GAF) encoding. These feature images are fed into a Convolu-
tional Neural Network (CNN) for automatic feature extraction and fault diagnosis. Notably, we re-
place the conventional Batch Normalization (BN) algorithm for normalizing raw data with the Group
Normalization (GN) algorithm to enhance the diagnostic performance of the model. We classify data
from different fault types in the rolling bearing dataset from Case Western Reserve University and
employ this data to validate our model, confirming the effectiveness and superiority of the proposed
GAF-ICNN model. We conduct a generalization stability test on the GAF-ICNN model, designed to
control variations in Mini-batch Size and monitor different data set sizes. Additionally, we perform a
comparative analysis with traditional intelligent algorithms. The research results indicate that,
compared to other conventional fault detection methods, the proposed model demonstrates favora-
ble generalization stability and recognition effectiveness in scenarios with limited dataset size and
varying Mini-batch Size, highlighting its robustness in rolling bearing fault diagnosis.
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1. 518

FEVT AR SR 2 W ORI 92, VA 2% 21 (Deep Learning, DL) & — Rl 3z 48 HAT 2074 . ix e
JiEE AR ) — GRS E SN e EE, BIEA R AAG T2,  RRAESE T DA B R 4
LRRSZIIYIS, W sE AR s W . Bltn, — eSOkl XS IR ENE S 113 B -g, ARG
MEZ 1022 /¥ 2% (Probabilistic Neural Networks, PNN)#E{T 328, 1845 SCHR[2]45 F B AR #4145 X 2% (Convolutional
Neural Network, CNN)K 52 BRI F 3 B iy ab 22 i UG RRAEA AT ] B 702 ek, 3B R IR 4080 5
GG AR B B (5 M 4% (Convolutional Deep Belief Network, CDBN) 75 :[3]. LA K A5 FH i 125 &) sk 2
TRBNEE, SRR AN CNN AR EAT 85 425 o A£G MU 2R S 1 i W 0 vk 7 B T B S B e
fiE, TEMHN MG B EE 24, b L # B 2 A 2 5 802 W R AN HAR R Ab 1 8 R AR () ) &
[4]. FFEGTIEWAE S HNE, B, FrEREBMEH 7200 ool 250 /N B el 47 fl R S (1912
Wio {7585 [610AIE AL BE, Ak E il B R AT A SR 2 Wr . Saidi 55 [7] [81E@ I A IR ABAS Ab HE
WITRIE 5545 5 0 A0 A N A AE AR 2 B % (Intrinsic Mode Function, IMF) 47 #if12 1 .

ST 22 0 b R R B 2 W 2 A i DL B R S R, AR RN T — R AET v, R
GAF-ICNN #i#Y, 254 7 ¥4t ff13%(Gramian Angular Field, GAF)HIHGH AR #14: % 2 (Improved Con-
volutional Neural Network, ICNN). & el i —4E a6 9R 2N 8L 5185 GAF #EAT9mid, (0 HF o — 4Rk &
T H BB A, 2 5K 3R B (REE S T GAF-ICNN B, JEATHRRAESREL, 8l A 2e s B
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AR R R X A 2 T o FRATTIE I 0T 23 FF AT LI 6 i K 2 el AR s PR R AT 5056, SREGE AT B2 Hh 1)
GAF-ICNN A [ R, FHAEAS [FEHR LB AANE Mini-batch Size 2644 Nt — 2 o triaiE. tbah,
BAVE S AR MR 5 IUE 05— AT b . s IR, AT ) GAF-ICNN #5241 5
A = R ARE FEANZ AR RE . X — B SRR RS W AR A T — R BT SR MU, RS R
TN T AR RS T I B ARk

2. WHIHFRIA(GAF)

LA N 25 (CNN)IE D — R RS A7 R0 R EUR I 5%, 2 N Tl B2 W, ) S 35— Fbont
B — R BNE 5 m) ZE AR T i HLRE W R —4E(E 5 R HEE B mAs 7%, DASEI Al —4E
AL EE[9]. GAF EARFR 115 T IS HARHE,  BE88 A R 5 — 44 T I RHE (S B .

GAF 52—kt — 45 ) —4EWU 75 o 1TV BRI RFAE B 2 7 I [R) RIS 28 1) B 248 32 4k
JREANR: EAE, B4R X hBdE AR e [, 1)80E[O, 1A, an R
(% —max(X))+(x —min(X))

max (X )—min(X)

HR, ¥ CA8UE M 88E 79 hBUEVE I A R 544E D (F E— B 8ESTR -1, 1], WS ATEEA
[0, n]; # b—PEUE4A[0.1], WRMIEEN[O, n]), EEN RO r, 0 4ERR R AR R
ARG, N ONIENIMAR AR 22 45 A8 17 8] 1) H R

@ =arccos(% ), ~1< X <1, % € X )

X4 =

)

eN )

t
r=—.,t
N

B e, AT X A A AR ()% SNAE A BE 22 1K) 2 S R AN [ st 8] 5 0 B TR) AR DG P 3E 47 1R ), RIS dr
U1 FN1375 (GASF) ARG T 4 11 2237 (GADF)Z:, T R, | N EAiAT 1A & .

GASF:[COS((DiHD].)] @)
GASF= X" X — I - X2 - X% (5)
GADF:[sin(cDi -~ )] (6)
GADF=X - X7 X' 1-X? @

FEUCRFE x KEREWE T, G2 #n, 520[x, xIRREE, AR ocx RAFRIE . BRsRE, M
Tl 7 AR T e S AR Rt I 18] P 1) K e 4o BB 3K, (H 2 GADF 3 S0 2T I 8] F7 1 1) 3 A1
fit, 10 GASF M B2 T i e i (A AIIA A5 I o B 3R AR /5 925 308 3 Bk 2 FH 75 K BB X I TR e 31 it
15 L. GADF iERILE T GASF VEFENIA rh 3RS MHER R i, AL GADF % T8l A 2.

3. THYRmENWE
3.1 SHR¥IEE

AHIE 5 B A ) A 35 [ 9L 20 P4 4% K 2% (Case Western Reserve University, CWRU)#i1& i 56 B oo fir 24
AR Bl AR R BAE AL . FATER T 58 & LIRS SR KRR 2N (55, X5 5 R 12
Tihaz, RAERTECA 10 70, HAREAHE T W ARG RRME R BRSR ST, R BN 0.18 =
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KA10.36 22K, MAMNEAE T IERHK, BIHH

TEARSEIG R, SRAFRAE S 7802, @I AN = £ x60/n T, BRI RFHE )y 1772 1575,
X TR A R e R, TR EERATE 406 N AL A T B ORBEEREAS b RS S, FRATIERE
ALY 2048 RAF Lo XFEI B EAT BT R B AW (K45 2 DLRG b, R8I R S B R R AT
BEBLRI 70, DA DRI ZRECRE (78 0 PR AN 2 P . IXRR R AR 27 5 5 LR B B 2R Xt b AR B R I (9 R0
WARZALRES . BATRE 7 A B R GG— HEIRBNE S HACOIREARIRRE, S RAIEE 400 MEA, it
AT 2800 MFEA . BA LI 3:1 M ELBILREIX LR AN ZREEAITINIRSR . DR (& D)o 1 & Pl R i

BEAEA ) 73 A7 10 o

Table 1. Sample distribution of rolling bearings

® L OREhARE RS

i 7 AR SR

A B 0 0.18 0.36
n/(r-min ") iR el 51 wE Py 51 wEE
[t g 0 1 2 3 4 5 6
300 300 300 300 300 300 300
A 100 100 100 100 100 100 100
300 300 300 300 300 300 300
B 100 100 100 100 100 100 100
300 300 300 300 300 300 300
¢ 100 100 100 100 100 100 100

Figure 1. Schematic diagram of overlapping sampling
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HIEARFE AR ORAER I . PRI, R SZ RIS OL T, &5 258 B i BB o vERe, v ReIE I 3L
Padhng . TR ) A AR FBERE AR A L . ASCRA 78R XV EE R ~ERWE 1
Fime BANRMGE S NELIENNES, TRELHEN MM 5 IR —MEARES . WX FE SR
77, JRIRE SRR E MEARE S, NN 7 ISGEER M EEM 2. XA B TS A
[FRFEFIRE R ) Be 77, (AR 3G90 7SR A B, o B BRIE B & PR BNE 5 12 1k
4. ERWEMLE

LA P25 (CNN)JE — PR BE 2 SRR, 1T H T A AR S5 AR N T &M s . BT
THENLAR S AU AS 22 N AE A AT B T A3 8] 7 20 e A B SR 5 AL BRI . X P R £ 45 A4 1
MRs 2 AE T HGBRE, XL 2R A SRR N N B PR R AE . T8 S 28 (NG A ), CNN
AT LIS U N B 1 SRR AE[10] o 1% R AR AE B 4 SR A B T RFE T, 3 T SR A N B R i O B
fiE. CNN #EHOFEEHRZ . Wb EMeERZE. BT CNN fEEGRA]. B PR FE SCor 5455+
R, © CRONTRE 7 ST % AR T 2 — o FLRENS B 3025 2SI R HURAIE, (L7 AL 2 &% 2k
R EHR AR S ERIEE G H .
4.1. ERE

ERERBHEART:

X',»=f[in”*w.',»+b}J @)

ieM;

fE B, RS RO T A FRIANT . REERFSICFER R T A M2 SRR AT R,
Horp B B2 B i B I S DUV i N AE AT A B, 0SB B 5 NAR it A e, e AT Lk
LMK MRS R MR HRR.

4.2. L=
AL 2 R SRR E TR
Yo = dOWﬂ(X, g)[n] =9 (X(n—l)m+1:nm ) (9)

E_EIR A, m BoRALA e T RAER BN down (+); S A FNEr H A AR G x ity 7R down (x,
o)t 158 n AN JeE A down (%, g) [NIREB R . ASCRAHRMAL, Kk, e rEr e OB Xt
M N BB ORAE, BRI g (x) = max ()R 3. IXFERT R ESTE AT T R BRAERS, B &
1A B S L A A B R, T SIS i N I P2 2 AR AE R B o
43. &EEER

EAEEET, LA ReLU MEUE NG AL B NBE AT e AR A R e Mg, 4%
A PSR BT SR R IE R s, S FiR& 21155 Rk, SEREEMNE N hiniE &S
FHEREZEM G, B ERERE AR 2R & R, s ANSIER 0 IF 55 . BARERAERN:

5 =f(ao, +b) (10)

4.4. Softmax 4y 328
Softmax ;RN TEERZEZ G, WRHBEREORITEA, H R IEMS BT A%, KA
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Softmax bR UM v am R H,  HI 0 B AREEAT 7096, Softmax bR i B3R ik 508

(11)

45, kR ENNSEMIE

51 9% bR BAE 5 AR A 22 X 25 (CNIN) 25 43 2 [0 8 F 7y Y 36 T T 0 A, 6 00 R 7Ry 00 A N
SERREE 2 A [FAR 2R HEAT I AR 4R, WA SR (280, AR RN R, 3@ 21 28 SORTE i ok
BRH, e 5 Softmax 43 JEeREas G, R A ()% 5 LSRR 2 T 0 2 57 o A8 SUR IS/,
BRI (TR R R, RN e R B S R S ORI A R R

H(xi):—i p(xi)log(q(xi)) (12)
4.6. Eff CNN {EEIEE

LeNet-5 /& —Fh & L IF S B2 I 26 (CNN)AE L, e 132 N T ok G 2 2 ) . JRATTIE R A
R AT VR B b AR W 1 2 AT 5 o

RSB AR ARG B RS W R, BEALLE IR 1Y) LeNet-5 BAY KA k4T 1 2508 B R 4 1A
A, B2, MNEBRBERNGRZRST TR E. BFZEE CNN R TRAERBUER, BRI/
5y FERFEIRBUR e 4, G RUR RT Id KUASF TR 3R e 3R, MO BB R N 5 x 5. K,
EFANEBRIZZJGHRINT BN 2, XA BAREATH—1,  CRIEREIA 2 P A S 785 i ) T4t
FHIMRM LR Fefa, N T RGBT = A U, 7E40% 822 51\ Dropout FENLGTERIA, FEHUE N 0.5.
FALE A ReLU VENIBUE R, BRI AR LR Rk . TERIAMEIRIT B, FRATRA Adam EE AL 25
SRR ZH o X IR TATVE ] Adam PR Ak SRk R BE i 22 I 2% o (R B R A 22, hBe /MR R eR 8L
MR (e . BB 22> N 1e-4, Mini-batch Size 4 10 DL B AL (SR [11]

5. GAF FBUiEETR1HE MLE RIS IS BT 77 5%

H RTE RS R eh, 0 TR E0E H — A B, 2538 R T BN 5%, ZEEAEARIE
B oA 1 — BT A BRI, El T BN BT T RS B9 K/ RD Mini-batch Size, [R5
M2 WL RE R R EVEA fr it — PR .

BExf BRI, SR T MR T HOE CNN RER SRR SRS W A BT LeNet-5 A B rpiy
BN ##:05 GN, GN Kr@iEn a4, IFEar Wit 5 - Ay 2 DOt AT I — k. #hxh Bk, 42
H 7 — AP TG CNNRTR BNl AR SR 2 WS ALK 152 LeNet-5 B2 () BN £ty GN, GN ¥
WIE S AT, FEAER LA TE ST EME RS 2 DO AT 0 A, BATEAT TR A, DRI T AEAN R AR
PR FBLANANH] Mini-batch Size 25 T TR I iR HIRSE EAZ AL PERE . FRATTHEFE 1 AN [ RUASE (A it 45
LARANF] 9 Mini-batch Size BLE, VLR 1T E2 EE A RN T HIRI.

5.1. GAF-ICNN t&&I 42 H

AN HIERIR L A AL ESCTHR LeNet-5 B JEAY b, R A8 — L5837k BN il GN,
HARGMA, FRHNBHEE AR (CNN). JFEL GAF FHEE{EJY ICNN HIfi A, $2H GAF-ICNN
RN HRS SRR, HIEARZ M 2 fos.
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Figure 2. Basic structure diagram of the GAF-ICNN model
[ 2. GAF-ICNN &I A L5 ]

5.2. ETF GAF-ICNN BRzhiHABRE I SHT 7 iE

R FREE R

v

R THEN DB

Y

KRAGAFRIS S U ERAFEENR

NI SR
[
v v

g Mg

!

2 7ICNN#ER
FHZBIEXESE
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Figure 3. Flow chart of rolling bearing fault diagnosis method based on GAF-ICNN
[& 3. T GAF-ICNN BIREN A RIS 77 A RIZE
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FATRIBE T 2H7 09 GAF-ICNN RN SIRZW ik, Crai& 7 GAF ikt 7 w0 I [Hl A
AL PR B RE AR I 2% (CNN)FE IR S ARHAE SR O I AOPE RS, BUS 1 SEIRCR . AEEnIA 3 pr
e FENZRIERET, FRATIZM Adam Ak deASEis i A2 I 24 (AU AN i 72, DL MESR R BB S8R
BARSHILI . RN B AR 2 (s 2 i e S N\ 2 5B I ZRIF OB R 22 0 4 (CNIN) A
b, BEJE, BATFI Softmax 7 K@ it AT IRBIA 26, ISR ER R 4 R . XS REA )
TRATPFAFERAE B S L ROPERE, B DR IFCAE SEBR B P BENS HEBR AR R AN 70 AR SR e . AR
A RATE:

PR L B ICNN B RS FEAT U 2R B 5 2 R B R IR B 5 5 AT U AR 5

AR 2: BN BIEERENIRIGE 5T, LR BUEROE MRS, BATRENLYI 7

PR 3. KRG REBAE SR GAF gafid 7y U —4ERFAEEIE

AR A YIGRERATNER AR 5y, LAY SC AP A i 7 3 B #a s dal 3 U SR A 2

ABRS: FEEE ICNN PIZEER, WIaGe 24

B 6 BHATIER TG, WD IIZRAER N ICNN SR, 38 SR (1 A0 SR AN T R B A 240
ERPBRESH BT HES, —HEREIERESH, FRERERA,

APRT: A CLIZREFR) ICNN B, RIS, BEATIRSI ARSI W, 245 K
HICRER P 70 A5 SR LA R AT L R IR B R

5.3. ETARE—LF 5 ERSBEIS TS R4

ICNN P28 £/ S B0 B N 2 Fis, Br T 3B — DN ERZ NSRS — A2 R EE 2 4,
HAEMZHS b ATl LeNet-5 A RUAH [A] . 7E 45 i%E 82 )2 51\ Dropout FENLRIEF A, F-HUE N 0.5,
i Adam H &AL B AL RSV, W E 2% > %N 1e-4, Mini-batch Size iy 10.

Table 2. ICNN model structure parameter settings
7% 2. ICNN REGE S HIRE

b ot R 1 Atk
1 LN
2 ERE1 5x5 32 ReLu
3 wRALZ 1 2x2 32
4 EBRE 2 5x5 32 ReLu
5 wKIALZ 2 2x2 32
6 EERE 100 1 ReLu
7 v 2 - - Softmax

5.3.1. #HBRHESH

25t 30 FXTERLE A MYIZR, GAF-ICNN BERITE 4 v 2L SRR . 0TI 4 RET, %48
TR R R =34 99.97%, A HERA R ik 8] 1 99.71%. AE 25t 15 511455 , I 2R 45 5 3 1 B& 45 0.0067,
R R E R X 45 RI0E T GAF-ICNN KR R Bl K 5 12 7 T 2 90 €
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Figure 4. Accuracy vs. loss curve after model training

B 4. BmENGEERESRKIZ
5.32. NEHEEMRTHEIEISEHRE LR

MR 1R EEEEE B TR SRR, AT R T AN R R H T, BAE AN

H—AE, GBI YRR — 7505, DLRAE S EE 4R 1 100%. 60%. 30%F1 1006 DU A [FI MU 4
BT XL AT o X8 CNN B 45 S50 B S ICNN MR . BRATIE R 7 F0FP 75300 4 e () i b 3 4
FERATI, SRS THERL T LRSI R ME, 3R 3 NSRIR A R .

Table 3. Model recognition accuracy at different dataset sizes

3. FRIBIEENERE TREIR A EHER

IA—10 5% None BN IN FRN GN
o SR PURHER %1%
100% 99.43 99.83 99.94 99.94 99.97
60% 98.38 99.67 99.71 99.71 99.81
30% 93.52 98.76 99.38 99.05 99.59
10% 86.29 96.00 86.28 93.43 97.43

M 3 FRIBHE T LIS E H, AFEANERIZET GN ) ICNN AL A [F B AR R R0 H B
A 7 ¥2: B8 v (KT B R IR R . 4B IR 100%0, ICNN R A HERA R =ik 99.97%, B BT Rk
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BIE A6 7V A %Y (99.43%) . T BN £574(99.83%) . FE-T- IN HiAUAIFE T FRN #5%4(99.94%). 4R,
LA DY b T 32 R VR R Bt B R R N AR N o U — ATV AENREAR S B R Ty LB, 44
PR RN A BB EEN 10%0], AR A — 4 7 & PR B HERR 2 [ 22 86.29%, #HEL 100%%HE4E T T %
T 13.14%. 3T FRN FIRERIAERG R T RE$] 93.43%, RPN 73— 530 IR B e R A AR, H
bt 100%%#5 5 T T F% T 6.51%. 5T BN A1 IN (ORI HERG 265 ) T F% T 3.83%FH 3.66%. #HxHh, HT
GN (1) ICNN R LE Rt A2 BTN, RS (R RF 97.43% 3R A3, (Xt 100%FH ik 2.54% . X st Fiik
WTHL B, Bl SR SRR RIS, AT B H B O VAR T A 7 vE A B s R R R

5.3.3. A&[E Mini-batch Size THIHFEISETZ LM RELL B

TEIEFH BN BRIP4 N 48 A A rp o8 3 — 10 5 kR, BT BN [ TH B2 55— HE 23 B Mini-batch
iH—1k, KX Mini-batch Size #EA8URK. 1M IN. FRN 579k 0] AR YLIX AN [ B, A 7 564E GN 78
PR RIXAN 1] 3 AR, 43 B S5 AN IR I — AR 23 A I 3 AR [R] B4 U — b T ¥ ) 2 R Ao 46 ) 24 A 7
1E 100U HAE AL T AT XS LA, A EE 1 A R A B AR RN GREEAINASE, JATHEAT T 5 dhar
BATISRY, HBEGSAT IR EE AT 788 IXREM LA B TN Seat i BEdLE S, $R e ah
RAPTEEME . BN 5 IRSEIREE RECEIME, 2R 4 Bk,

Table 4. Model recognition accuracy at different Mini-batch Size

F 4. F[E Mini-batch Size THIHEELRRERRER

IH—Ak 5 i None BN IN FRN GN

Mini-batch Size PUNHERR 1%
2 91.72 95.71 96.00 80.86 97.71
4 91.72 96.28 95.71 78.86 96.37
8 93.43 97.14 96.85 91.72 98.00
16 92.00 96.00 97.43 93.43 96.86
32 78.29 93.14 92.86 90.00 96.57
64 74.00 84.86 91.14 79.14 95.43

M 4 FTLAEH, ARZFTHEEET GN Y ICNN BAL7E Mini-batch Size Jy 8 B R IR i fd, kil
HEWIRIA T 08%, T H A 4 MR IR BIERR, 20 AR —1k ik 457%. 3T BN
FIAE A = 0.86%. FET IN [ AL = 0.57%F13E T FRN FRE RS & 4.57%. [E# Mini-batch Size 7481k, %
R (RO HER R I — 2 B s, HoPJEF GN ) ICNN #5452 Mini-batch Size E 4k 152/,
Mini-batch Size 24 64 B R A HER R 5%, 4 95.43%, 1YLt Mini-batch Size 4 8 I ik 2.57%; fEFTH 5 Ff
RS A, RERINE —A6 5 5K CNN 525152 Mini-batch Size 284k 205 K, £ Mini-batch Size 4 64 I}
WANER RN 74%, AR BIER K 19.43%; M7E 4 Fidin 7Lkl b, 3EF FRN
Y] CNN #2752 Mini-batch Size LR ME K, 7E Mini-batch Size b 4 B iR A HERZRAUA 78.86%, b
RN AR FAR 13.57%. LA 45 RN 73T GN 9 ICNN A AT DU I 18tk B 42 o 45 5%
Mini-batch Size AR AL ECABUR I )8, 7E 10% AU E YL T ICNN RS [ ks 0 Sl 35 R B 4

6. Lit5RE

AR AH T — M3 T St BRI L S HETR A, FON GAF-ICNN. ZA5 AR H GAF 3R 13HIW)
EIRENE S TG, 455 AR 4R NS ICNN BH T . DUR 2 AH5es 18
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1) GAF ZfS DM : Gl KA GAF X 3RAG IR IR AN (5 5 #EAT A%, IR B 1A fE 5
I oG R, A B TR OAE S il 5 B 5 BRI R R 129 hS 5 RN T2 Bk 1Y) LeNet-5 &
R 2R, SEEL T SEMER KR B Bl A R 2 W, TXE T 99.97% AR AIHER A .
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