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Abstract

Bearing damage seriously affects the normal operation of the equipment and reduces the life of
the equipment. Effective identification of bearing damage can help equipment maintenance. For
this reason, this paper creatively proposes a deep learning model of Interference Neural Network
(IFNN) based on 1D convolution and feature fusion to realize bearing diagnosis. The model con-
sists of 7-layer large-size convolution kernel unit, traditional feature calculation unit, fusion unit
and Softmax classifier. In order to test the effectiveness of the proposed method, 10-fold
cross-validation, 4 numerical indicators and ROC curve area are used to evaluate the classification
results. The experimental results show that the accuracy rate of the IFNN model proposed in this
paper is 96.09%, the precision is 96.48%, the recall rate is 96.10%, the F1-score is 96.08%, and
the ROC value is 1. Through comparison with models such as random forest and support vector
machine, the performance of the IFNN model is significantly better than other models. Therefore,
the proposed IFNN model can effectively complete the task of bearing damage diagnosis.
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HZRAEDUAE RN, JEHR RBINUR AL s R4 h, #rissE e eiE s Rmm e, HTE
RAS BLHESE W I g B BANLES TR RE e 4 . TR A A Bl 7R e TR Re 8 1R AR, ST IR Tk e
WRAF IO E L,

HAET, KEMPLE S B 545 G BURHESS & 1 5N TR ez Wik, RIS 7 — SR
MRSt ZEME[1]55 48 LT EMD 1 Teager R T 1A, mohig H TG A flR i) isi2 . H
[2]5 42 T — FhUR AR FE R THE B (DeepGBM), H MBS WinEmi R iA %] 87%, JHAA RIFMZILEET].
5K S [ 3145 A 2 YR A 23 B IEAZ DT BC 550922 (HBW-OOMP) () v B i 12 AI1IZ S5 FE DA A, 4R HY T — it
T K-#F 518 53 i (K-SVD) - JiL Fl HBW-OOMP Sk (1 s Sl R 2 Wi 7. XIS [41 56585 —Fh 22 A0
i (Mkurt spectrum) Al MCKD AHZE: & (1) 77 - TR BN AR S 12 0, A 2800 SE LR B R R 2 . BR
IB[5]45 % FH I fi BL M- 5 462 (Graph  Fourier transformation, GFT)#EAT 45 AEFEEUR K-2518 38 K HEAT VR Bh il 2K
W2 W . SUCFER, He Cheng [6]55 25 & il i s X AR 2040 i (ESMD) & & 2 RUEE IR E #el# (CMWPE)
HIEET 2 H 1G24 S (MACGSA) AL 55/ — 3R SCRF IR B AL(LSSVM) IR EE 48 3R B0y, 42 7 —Hh
MACGSA-LSSVM R &AM 2 W77, &7 ERA S K2 Wik . Mohamad T. Ha [7]55 52 3]
BRGALNME BN ST AT IERRAE, R T —FFR A 25 (B4R (PST) B H T4l i2 i . Liu Chenyu [8]
SEPR T o Y A 2 B SRR A R AR (SVDD) 5 FURE AR (NSVDD) s B AS M 7778, FREUS — 2 R
Wang Gang [9]55 i — o B4 (1 B A TESEHE U A2 W 58 & O VR F TR Ras Wy, SRt 5 R %
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T — B R . RS0 TR RS2 W AT AR T AR KB, (HJ2 7 B AT AR e R A%
MIBETE, X0 TV ARE — B R . R 5 A B8 S 0 B ARG B A5 5 AT RFAE SR L, SRAE A
TE N 1 F B R UL B

IEAESR, BRI S S T R, AR S WAL T8 R 7 RAESL . AL/ NGEEE[10]42
TR EET R B S A8 (synchrosqueezed S transform, SSST)FIVA JEE £ I8 5 AR 1 42 9 2% (deep curvelet
convolutional neural network, DCCNN) & B2 Wi 7k . FERTHESE[11]H8 H — FhJk T AT e 12 9 2%
{14 ity 1) ity A V2 WA R @2e-LSTM, S0 45 SRR W IZ A R 6 5 DAy 1) i AE X — V1 iy 12 W 22 Fof el 7
SN AR [12]38 5 T W B 2 S ) 25 e Bh 4w AL 2% (Denoising Auto-encoder, DAE)FFATERESREL, Si&4iH
RUMALL, ZJ7VETE AR 2 W U sE LR ) IE AR SR e v . TR/ DAE[13]42H T —Fl FFT + DBN +
SR I EG| RGNS W L, 8RR SR AR T, v LR RS TR T R Ty
%o M/NGEER[LA]38 H — Fh I T bR 2 /N D B G R 2% 10 b 2 R R i B2 W7 v o 1% VA RE S bt il 2K
HEAT 22 R b 28 700 22 Fh i P R B IR 59 . Shang, ZW 25 [15]13 Y 7 —Fh 3 T essk 5 A I 6] 41 #ff (Fast
DTW) I [ 3 57 85 37 - 41 5% F00% 15 7 09 2% (AGBDBN) 1 g 12 W7 77 vE H U4 T RIS W 80k . L
Xiang ZF[16]5E H T —FhIETIR BE 2% ST M UBR A B 12 W7 () ARG B v, 51N BU I DI Gk AT ia sk 7
HARZRTC W B AT B SE AN RN L A& BEIR 0 (19 2% 44 53 41 4§ 5% - Chen Xiaohan S#[17]3& H T —#h B Z%F
TR I I 2, MR 2 ) BIIAFAE, R KA HIHCIZ R IR B 28 . Wang Yu Z5[18]42H 7 —Fh
BT 55 B RURN 22 FRE 25 A (0030 2 5 2 I 4% (WM SCCIN) St it AT B 12 W . Xue Yan [19]42 H T —Fh%E T
TR EE R 22 X 45 (DCNIN) FI SRR [ = AHL(SVM) IR 12 W7 777 . Guo Chaozhong &5[20]42 H 7 —FhJE T
IRFEAS &P 45 (DBN) 1 S B AL R B Al B e iR 12 W 7 vk . W TIRBEZE I INE S, IR T VE B
SRER T ATE R AR 2 T AT st R R I, (U TR G IER S A K G e % E B
SECEAR R, O AV AS I 1 5 TS RERI G A7 M BE R — e I R .

AR T — Pl GURRAE PRI S TR S SRR R A1) IFNIN R 5 IR A o 12205 VIl o TR i 2 S
TESHE GURFEREATAE IE, LTS 2T & He e R, 10 ELiZ s R4k R 7 IR B 5 51 B 2 STRRE i s, [
I E T RHAE GURE AT TIEIE, B T AR RN A s S 80K T —3F, MmiiE—P
Pem 7B T UIZRRT [A].

2. IFNN #R8YF
2.1 INEEEHR

ANBASAF AL ERAEFARAE S (05, B AR IR - SR A R AR A S R RS
FOR AT 5 (0 R BB A5 AT RAL o XA R B0 M 7 i 0 A5 S AE AR (AN S A i 3t 2 1
PARA 1A R B . /B AR Rk R

i o 17 t-2'k
DW (27,2 Jk)z?:[of(t)y( o Jdt 1)
HANBOE AR A -
f()=AY ;ﬁ OW (2, 2Ky, 1, (1) @)
j=—ok=—0

ER@-2)H, (1) RIEHES, w(t) & B, 27 RN T, 27k 2 FBRET, A—15
FERIIHEEL.
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2.2. 1D EHRHEZE ML

GRRE P 2 2t TUE AR AL 2 M 2 M 2% . ISR Bt T AN T SEBURAAE, F B
TR BRUZMIAZ . TS B R R R R R .

ERUZ RN I B X385 I A 1) 2 AN WAZEEAT B AR, 285 s S oo A et RFAE . DE B A
FIASR (8 POAZ RS- BN & B8 DR AN R SR AR . — BB B8 T AR IR, T A% K 2 /bR
IR AR/ . BATH KL, b 3 BIZR 2 V8 | A S W IOBUE R W E, X () Rn)E | i
BRI, B, HRUE R ATHR R

yil+1(j):KiI*Xl(j)+bil (3)

X BN RIS e AR N OBUE GRS, v (§) RnE | + 128 i NI j A
EAYT LT TN

FEEPIEHEG, SR EUE L AT DI B KRN A S S ARk Rk, _REmT %
INREDD, A BIRHERE IR A T o k. AR, BB T (Relu) i) 2 FIMEBGS 5T,  Lonik
CNN CSIGHE B o 4 F S IR 2 2D DR S50, relu (3R 2 FIAE T4 51k, RELU AR
Wy

all" (j)="f (yi(Hl) ( J)) = max{O, y' ( J)} @

byt () REFUZEOMIL ™ () £y () Mo,

BB SR, R TERIR 2 SRR . Ay — M FRBEAE, T T %R
R R AE 2 LA N RIS B A VLR R BRI, FOO AR ST R 3 kB, DA
W B HOE IS BRI, BB

P ()= max () )

o gl (t) 35 RS | MERARI0 ST, te[(i-)W, W], W RIS, p*(])
FOR M ARAE R IO ET O

2.3. IFNN #&I59= H

CNN 58K H S HURIE I BE ) o AR I 1 S Tl 2 Wi 43, (F2 FURE R B2 R FH 1)/ B 5 A
¥, BAR/INEIE AL BRI 75 12 S B R4 L, (B2 E1 R 5 B R REE B Bllnfs 5 R IEFRkES,
KA T BRI BOR R S 22 2], T S BRI ZRiE sUNRRE B . tboth, N 52 B4k
TRIAEE R WL BRI 7S (R sg e . (R, R 70 ARG 2 08 R 13U DA RIS 5 1A G &
W REH 2 R B A S B e FRATDHE BN P AZ A R 22 X 248 0 AT S0, 3l oK A% R 20 (A
BB AR, [5G0 5K B AR A 5 IR I SR AR AT SR E, A5 7 AN A1 o (R R ALE
BATAHEAER, MMz AR AR — 4 & . AR TR — NNz BRI LR
FUZB BRI/ N CNN B X R REAAS B SE M IR, 2% S B RFIE B BRI . 5 — NN RS 5
MIEAHIE, ARG X BAFRHEIAT RS RE, HERERINAERZ, HIhe &l 2K
it 24, RBP4 E B [ HT DNN WA RACKIE R RE D) . IXFERISS A BB 1 1 Re 1 gk —
AL T

AR 2% (Interference neural network). EJASCHEM 7 —Ff &R IFNN AR, 44N 10
YR JERELE N T RS 4 IR
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2.3.1. IFNN &8

W 1R, CNN N RFRIZWE S . B— DGR 2 ABEER I R A6 (S 5 Th S HURRAE, A
ITATA A4 . AN ZATE T, ARSCR A K W AZ L3R U SCRRIE(S 2. I8 I 8 2% 21 177 305 bR &
58,

EAFERIESE I BRI > B B o RRIESR I BEAN R Z A PE T, e B AN AN R B N, o —
AN 7 )2 CNN FISEARLER), (H2 28 KIS B TR E SR BGRAE . 10 55— M 3
JZ DNN (ARG . Folid A 8 1) 07 OB AL SR IEREAT I T SRJ5 73 B AP AN 4E B R IERE TR &
RER R H &R TS BACR . I Ry A AT AR B R AR FLF R, AT T e i AH ELAE R 1)
WU, DA 2 ) BRI R A IR E R

HOr K B — A E, HARIH Softmax R 3 MNMPE LTI AR W, 2 FFA AR A
THIMEZE S A . 1 softmax BB TR RN :

Zj

t(z) =<

> (6)
Zk:le ‘

Hor 7, R 5 | AN AR A TT I E

——— | Do the dot product
Fusion between the output of the
convolution unit and the
output of the fully
connected layer unit
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Figure 1. The proposed IFNN model structure
1. #2HHY IFNN R BILEH

2.3.2. IFNN B9iIZ:

IFNN BEAL ) 250 2 NN 5 0 —4E P S B TR T, 5% IFNN 25 M R PEGEAE ROk TR 38 = o
. RS 4E CNN Fl—4E CNN [ 32 BE55 0 22 FAE T2 Rh B AU (0 4B 2, 1 —4E CNIN i —4E
A —YERERUS . Ji4h, TERMEFRLERRES, 5 4EGFCETR 2D) R ) ek (Ief 180) AN H 2, 2@
ot — 4 BRSBTS AR IR (. FEIX — 8000, FRATTRE VEGH I IR R B R a1 A AR S0t IFNIN R4
R FE o

AT IFNN A FR45 26 SR 02 Softmax i IIRESRE 43 A5 55 F AR S IR 0 A 2 ) 922 S0l i y©)
TR AN BRME T B AR, YV RRH | B T TN o AT %512 B S Rk A
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J(W,b):L(V ):——Z( Iog( )) (1—y(i))log(1—7(”) 7

SEAEREN RS BP R R 58 AR BLiA R, B ) A UK I 78 |+ 1 RN | R AR IR
Forfr (W, b) XS RT3 1+ 1 ZHBUERMRE . F)5 LR RIRZRE AN

2= ((W('))T z('”)) £(2") ®)

FFEE B T B SRE X S HOEAE B, AT

Wij(l) :Wij(l) _aaw_ij(') ©)
M) _ ) _ g
bil —bil —aw (10)
NS T
TR T ER G, BT HEAE S, A ARERTEUETER, PR RENHmAR T, HE
LS WE
og _JL ifx = max (X) 1)
o% 0, HoAth
' a9
gp=r—— (12)
aX(n—l)mérlznm
Hordr g) o5 n MR
x a0y, 0d
X(nil)ml:nm Zn gn ayn % (n-1)m+Lnm aX (n-1)m+L:nm (13)
e, AT UER AR AR, BATR GRS, JFREERZRRE, RIERIEA .
oa _
A= (aa'lj 7' = 7'rot180(W' )+ f (a) (14)

Horr rot180 KNI R N A% I ¥ 180 J .
3. BRI ESESHE ST
3.1. ¥R

ZSEIGHAE K A T KAT HiE oG v i 5 TR 30 A1 R 2 AL FRLIAAE 5 FRPRAS I I (C M) S 56 il R B 45
2B R T R (40 Hz) REER . iZ5dE 72 M4 Creative Commons Attribution-Non Commercial 4.0
FE BR VP AR A . nT T HERDE AR T . SEER A E T R @R ISR s NN, % 1 h
Fe o I EL 5 ZHAg Rl AR B SR AN S bR BRI H 4 4l 5 Hras XA e 7 AT
WZEANEEAE . HH A 1 A TR HA R — 415 80 ME S HEAR, 1ZSLXnis f/ME SR AIE T 2048
MRS . B E RO ZR 5 RAEFEAS 119,454 4>, AR 29834 4.

3.2. {SSHIREIK T
AN FRRSCIRZS B bR A5 -5 N an ) 2 B
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Table 1. Experimental data
=1 LR
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E E 1 1
s y s f
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gL : : : : g1 : : : :
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£ é 17
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=]
g ny g -1 L . : . .
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Sampling points Sampling points
(b)
1 | £ -
g £ 1
o] o
£0; ENE W
e L ; . . 1
< 0 500 1000 1500 2000 < 0 500 1000 1500 2000
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()

Figure 2. Time-domain waveforms of bearing signals in different states. (a) Healthy bearing; (b) Accelerated damage to the
bearing; (c) Man-made damage to the bearing

B 2. FEMRASHEFKIESHAERET. () REMNE; () MRRTHE; ©) ARSI
A FIRZS MRS B IR T — X ), ER IR X BRI AT, MR A T T 40k

Ao BRIER T SRR A S R, TF 50 5 T B 25 ST AR 1) 1 5 R ARHE AR AL R0 U 0 7 9

4. SCHISEIE

H SRR AT RE AR 7, 3 /AR AT I S R SRR R T AR DR AR RS AL, SRR
BRI AR GURS AL 5 08 W2 () AR FE AR 7 BN R4 . IRIESR AN EE, Ha R SRR IIZREMmAS] IFNN
BERBEAT SR, LI R RE R, f)a AR PPAL IFNN IOTERE, O 1 X ELR 3R 07 2 i Dk
P, {15 IDCNN H [FIS5 IR BE 22 ST AN Z B R A e I AR XS LE A . BARSEIRRAE AN 3 Fir
No

4.1. $FAEHREN

FAAESR AL IR V) A5 5 o RIS ) L 03 I ARUSRARFAE o MABTUAMG IR A D g e 7 o SR 45
SHEERARTRN, XEWE S S MR B (] AR . B, SRS SRS AL 2 2. fE
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A TAE, /NS fE(WPD)H T HE U SIRFAE . BRAR1E 5 /2 5 Jt. 3K 1 B 5 I TE4H RECFIE AL
BHOF N TN RSB ) PR e B AR e (P T) N D 22 34 3% B (PSD) B USSR E . MBGAME 5L
PEHL 44 ANMFHAE . SRS ZRFAESE AU BLY) A5 5 5 N B IFNN AR b T REAE SR . S T 204 IFNN )
ZEXPRFERIFINGE ST, i EAE VIR B S SRIURFEATE T IFNN BB SRAS HRAE A t-SNE BOREEAT
ATRRAL LLE o STHR[AS]VEAN I A 4R T t-SNE B8 aT Ak 25 S a5 4 oo, [ 4(a) IR EG Y] A (55 40 t-SNE
JEIEC R, IWEF R LEH, 3 MERRBUUIRS A B2 AE S XM ES, 2SI 7 %A 0 R
RE, X UHERREER SR MR AETUR, SEU AR TR ZERERERS. Bl 40)
TESRELIRFE LS +-SNE JG HIHGRE, MBI RTRAIE 1, 3 P RITER 52 M Rt T — & MU )
R, Bk LOER, KRB R, (R AMES S, X2 ZRFEE IFNN
RT3 IDCNN B B (2 3R F IR A - 14 4(c) A IFNIN RSB 22 3] BT {3 IR RRAIE 48 3 t-SNE S5 R AL
Z R A A FE B AR /N, R EE B B K, Ak, 5 RAFETE A XA E & R U FAFAE,
M, BRI TR PE. XL IFNN BEEU R AR RHIE Y 2% 2 BE U H5E, 7R IR B SR AR R I N
FESEHIRIN, I BRIE AR Z TR, X RAARHEST R RS, A aE S 24k, AT
A7 v R Rl 7 1) 3 GRS W AR 45 BE A AL
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Figure 3. Block diagram of the experimental process
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Figure 4. Visual analysis of features. (a) Scatter plot of original
signal characteristics; (b) Feature scatter plot for feature extrac-
tion; (c) IFNN optimized feature scatter plot

4. FHERTALLSI M. () RIGIESHHERURE; (b) HFE

RERIFHERUR

42. BESY

[&; (c) IFNN {43 Es S &

IFNN AR i — N AE SR R T — A S8 e R LA e, Fa & — k)R-
LA ARSI ISR 2, i RSN &) 1 B . BT Z5 K S JORAE T T VR I

XT =M ERRHESR R T, |7

JEBETA A NS AR BT . X T 58 A IR IE AL BT,

H1 3 2 FEOBUR (A M Al SRR P ST AR R EAT Rl & R0 o SRR A 2R
HIG. BASHINE 2. FR, 25U Dropout #:4E, HSHCh 0.2, DUREBALZEE)). [FIR

HrpiE I SGD itk s, %2315 0.01.

Table 2. Parameter settings of IFNN model
= 2. IFNN R SHIRE

EH SRR EHBRIZHH UL S b SRR AT i Y
1 B 1 32 128'1/2'1 relu same [None, 2048, 32]
2 A 1 2121 [None, 1024, 32]
3 BIE 2 64 128111 relu same [None, 1024, 64]
4 Wik )= 2 2'1/2'1 [None, 512, 64]
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Continued
5 B 3 32 64'1/1'1 relu same [None, 512, 32]
6 AL 3 21/21 [None, 256, 32]
7 BHE 4 64 64'1/1'1 relu same [None, 256, 64]
8 WALE 4 2'1/2'1 [None, 128, 64]
9 HLRES 32 32'1/1'1 relu same [None, 128, 32]
10 Wik 5 2'1/2'1 [None, 64, 32]
11 B 6 64 16'1/1'1 relu same [None, 64, 64]
12 HAL)Z 6 21/21 [None, 32, 64]
13 BRET 128 16'1/16'1 relu same [None, 32, 128]
14 Wiz 7 2'1/2'1 [None, 16, 128]
15 EEEE L relu [None, 128]
16 ERZ 2 relu [None, 512]
17 LR 3 relu [None, 128]
18 G = [None, 16]
19 RE Softmax [None, 3]

4.3. SEWEERSHR

AT B TR 2 S A S BRI A TRE I 7%, AR ERERE, @i seitst R 25,
AL AL B e . AR —: WA batch_size K/NFEATHRALSLLG . i & E B M)
batch_size 2% >J L H . 9256 . KA IFNN A8 () IDCNN 4 J3 27 SRR R HURN 22 5 2 p 48 W 28 A 1 Ay
Xof EE S5 43 BT

Sz —rh 7 B T batch_size N[32, 64, 128, 256, 512, 1024], -8 ] SGD 4k 2%, Hi2: =1 %5 0.01,
A B R T A58 IGHIE - 14 5 [4] 6 43 7 /N AE XS 8L batch_size T FIHERA 26 158 SR 0 R AB A3 A BB
MBI ELLE H, AFR batch_size ik BRI RCRIFAAHIE, L batch_size Jy 128, 256 I i 2k B N %
GEL, TRANLE N . 64, 512 #RERZRSL, HRAEWSIOIRE PAEEA R /MBI Ot i 32, 1024
AR B XHINRE S BT, 85 R a5E 3 Fis.

batch_size32 Model accuracy

batch_size64 Model accuracy
1.00 4 T e e —
0.98
0.95
0.96
>
2 5 0.90 1
5 3
g 0.94 - 3
< 0.85
0.92 1 !
===Train 0.80 1 i ! == Train
o0 { il i - valid
0 5 10 15 20 25 0 5 10 15 20 25
Epoch Epoch
(a) batch_size = 32 (b) batch_size = 64
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batch_size128 Model accuracy batch_size256 Model accuracy
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Figure 5. Changes in accuracy under different batch_size
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Figure 6. Changes in cross entropy loss under different batch_size
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Table 3. Accuracy of IFNN model in different batch_size
7= 3. IFNN fREUZE A [E] batch_size BIERBER

Batch PRI HER 2 (%) B i HE RS R (%) BRARHER 2 (%)
32 86.904 94.93 77.16
64 90.152 91.88 86.82
128 89.132 93.41 83.38
256 88.332 92.77 78.56
512 91.916 93.42 89.23
1024 83.738 96.10 67.80
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Figure 8. Confusion matrix diagram of diagnosis results of comparative experiments. (a) Confusion
matrix diagram of DNN diagnosis results; (b) LDCNN diagnosis result confusion matrix diagram
E 8. 3tELSRIGHIISHRLE RIBEFEMEE . (2) DNN 24 RIBESEFER; (b) IDCNN iSHrLER

RIBREMEE
Model comparison results
120
B train: %
B valid: %
N test: %
100 A

fraction

8023 80.31
20 80238

60 A

FF SVM KNN LR GNB IFNN

Figure 9. Confusion matrix diagram of diagnosis results of comparative experiments

9. MFFIRES IFNN REAETRIRIEE LERE

Table 4. Comparison results of various indicators of different models
4 TPEEEZMEIFHIXT SR

it HER (%) FEH1 % (%) 181 2R (%) f1-score (%) LERINE S NN YN G5t ]

IFNN 96.09 96.48 96.10 96.08 0.6 M 125

DNN 84.25 86.53 84.26 83.83 2M 47s

IDCNN 87.11 90.40 87.12 86.65 7™ 243's
BEALAR IR SE 85.78 88.47 85.79 85.33 - -
SRR AL 72.93 78.33 72.95 69.43 - -
K 54l 80.26 84.44 80.27 78.84 - -
bz AR 58.83 56.87 58.85 56.69 - -
b2 DU 70.54 74.15 70.57 66.56 - -
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