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Fault diagnosis of rotating machinery based on dilated
convolution and improved BKA-LSSVM
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Abstract: Bearings and gears are crucial components in mechanical transmission systems, and their fault diagnosis is of great
significance for ensuring the safe operation of equipment. To effectively extract the features of rotating machinery fault signals and solve
the problem of strong dependence of classifiers on feature extraction, this paper proposes a fault diagnosis model based on dilated
convolution and improved black winged kite optimized least squares support vector machine ( BKA-LSSVM ). Firstly, the one-
dimensional vibration signal is transformed into a two-dimensional time-frequency image with high-resolution time-frequency
representation using synchronous compression wavelet transform. Secondly, a multi-scale cascaded dilated convolution module is
constructed, and the dilation rate adjustment mechanism is used to achieve hierarchical and multi granularity extraction of fault features,
effectively capturing fault mode features at different scales. The results of the fully connected layer are used as inputs to the BKA-LSSVM
classification layer, and a nonlinear growth model is introduced to dynamically adjust the disturbance coefficient. A random search
mechanism is constructed to improve the BKA. Finally, the improved BKA is used to optimize the parameters of LSSVM to improve the
classification accuracy of the model. Validation was conducted on two datasets, and the experimental results showed that the proposed
model had an accuracy rate of over 87% when the sample size was 10, and an accuracy rate of over 95% when the signal-to-noise ratio
was —4. This validates that the proposed model has stronger noise resistance and generalization performance compared to the comparison
model.
Keywords : rotating machinery; fault diagnosis; hollow convolution; black winged kite optimization algorithm; least squares support

vector machine
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Fig. 1 Schematic diagram of dilated convolution

operation with different expansion rates

ZERESREEEREN RN XERZNAK (4)
iR,

Bo=k+ (k-1)(r-1) (4)
K BRI BRI KN b RoREEGFZ KA -
TRk 25,

25 1 2 FURAZ B 5 530 S BB AZ B i D R =X (5)
RN,

F.=(F_ - 1) xstride + k; (5)
[b: FFRRS RIS R P R -1 R
B stride R bk FREBERIEID,

F ARG RUG BB A= (6) s,

F.=(F_, - 1) Xsiride + k' =
(F_, = 1) Xstride +k+ (k-1)(r-1)
1.3 BKA fRIULEZ

BKA AL B2 —Fh 2 A 9K 3 &K M HE R e AL
5 H SUBOR VR T A 8 3 R 3h ) (0 A4 A2 s L BKA
AR BT ATV 57 SRS A0 A SR, R T R R 4R
KRRy S T RE R SIGH A AN

(6)

1) FhEERI IR 1L
T FRBEHLAAA L, 275 M5 L B 85 0 5
X, =BK,, + rand(BK,, - BK,)j (7)

A i O 1 BRI AR pop Z IR KL BK, A
BK,, 530l R 5 j SRS S T A B rand H[0,1]2
[ia] B ML B 11

TER AR A R BKA 843 7 8 L dc - 1) I A AR
VAR leaderX, , X B IA S 3L 35 19 e i for
B WIRSTSEE X, WECERR i (8) s (L ME
) .

frea = min(f(X;))

X, = X(find(fi. == f(X,)))

2) Wit ATh

TR A AT A AR e XU ) R I R L ) £
J& |, b ISR, SRR R rh Bt ORI
FEARFWBCEAT A, T2 RER MR, RESKE
13 BRI (9) F1X (10) FiR

yf‘j +n(1 +sin(r)) x yﬁ'j D < T

y =40 . i,J (9)
! y'+nx (2r—=1) xy” else

(8)

“2x(p)?

n=0.05Xe Tt (10)
o Y Y RS | R B ST AR (+1)
WEATEPRINE,; r N 0~1 Z A FEHLE p M 0.9
HOHEL T IRk Bk ¢ &3 HETY IEE 258 i
HARKEL,

3) AT R

BKA B4R T3 T S BT 0k A . A0 SR 4 i Al
043 07 BEARL/ N T B AL R 1 35 1 B L, OB 4 40 5 0
JBCFEAT T I I AGE BEFPRE , 3 2 BB ARE A 90U R B A
HE, KB, SR 2 Rl Pl e 14 35 17 (8K T AL R B Y 15
NEEE, W &5 FRBEERAH A, BESTHET NN
BeE RN (1) A C12) B,

y,) +€(0,1) x (y)) = I3) ,F, < F,

yilo =40 _ .
oy 4 €(0,1) x (L - m Xy else



164 - TR 5 %30 %
m =2 Xsin(r + w/2) (12) K _ | x - x, ||2 19
Ko 4R R I 1 PSS 2 R (x,%) = exp( = —— 5—) (19)

SRR ¢ o Ry, S BFT | R TES A
o+ 1) WA, P, For R S 4 1
L S
(TER B | BB MBI (1 € (0. 1) [
FITE5ES Ik (13) .

S d) =

7Tx2+1

(13)

1.4 1SSVM &k
e /INZ e S — il 2o S5 /MR 22 57 RIOR R it I
PEAd A pRE I, sk (14) B,

minZef =min2 (Y, —)A’i)zei (14)
i=1 i=1

R, e, WA, v, MW ¥, R ShRl.

SVM (12 2] [al ] LB A & — AN 293 1 R FL
R QP ) IR b T 1™ R R ) B, SVML 14 )11 452
RECBAK, LSSVM S SVM 4 B | Xif 15 22 100k 17 XU
JURALBE B 2 A AR S R A N 25 5K B R 22
D5 AE] H A R E0T, I B AR Ak e R i R - R
BETAAT (KKT) AR A, 80T LA R ARG ) K i 1
38 2R BE I TN TR, LSSVM A4k sk Bt =X (15)
F(16) Fimm,

! 2

— + — ; 15
min ol *+ 23 (15)
sty (w'e(x) +b) —1+e =0

yi(@ ¢(x) +0b) i (16)
1=1,2,--,n

Ao R [y RSN,
K (16) IFT AR I H AR, AT 15

1 n
Liwbea)= ol +2 Ye -
. (17)
Y a(y(@'e(x) +b) - 1+e)
i=1

A b R EI; o ZRAEYIHNT; o, RITRmE,
W o b e KWL EENTH 0, SHATE T
RIBLNETTRERFH
R AR B R BN (18) R

f(x) = sign( iaile(x,xi) +b) (18)
s Ko ,x,) A% RRE, T T A 1) 2 AT 4 72 [1] sk
S5 3] e A =3 ], % R BT 43 SR 22 T KRR B, AR 1) B R
¥ (RBF) 1 Sigmoid e, HHh RBF HeA% o £0a HI 15
AEAL R ML S ARL MR, BAT R4 B SR i A, HL AR
BRI ZRI WS SIGH BE T, (AR AR 22 00 I3 B b 4 32 5 Bk
PRI A SC 4 S A S R 23 BB SR T RBF A% R 4K,
K (19) FioR,

gi LRk AL AL P2 4, B RBF 2
BRI SEL o FUEETTIN Ty

2 RIS HTRE

2.1 DCN &

T HER MU A IR BIME S, BB A e 1E (2
FEHAR A TAEES b5 30 LA R G A5
VR L S TR A S {5 5 A I I 8 R
B AR AR 5E 2 |, LA N BB Sk 191, HLA5 5 Tl RE R 4K
AN RS N A S R S 1 SR S ol (E R AL
G BRI 2 4 75 A BRI 2K M5 5 It R [ 3
% R e LA R0CH B2 25 TR0 0 19 R A DG B, 5 350328 W o Ay
RZMR, s S E A 5 AIKES L, EAEESER
FE 7 K I B 1 A SR VS, SE B P 8145
S LR SCE B A, DT RE % s b BE A KRR AR
R IR S HEAS, (RS SRR ETZ ST
KRR, F BB B R AL S RE R LA AN 1
BRI AN A 25 48 R AE A e 2 1, A fh K i s
{55 B FARRAE (a0 vh i 5 5 IO IR 5 45 AR 221 ) $ B
HR I X LAY 4 R 15 B AR 5 R A0 4R L
LA, 7 B2 TR 3 AU AN ) RO E R AE A4 il A B A7 B, e
DA [ st S50 297175 5 H A9 v A0 200 1 e SO e 1 o 55
Wt ) ST B (A A R G D gy ) o L, T
— P BET- i KRR SZ BT | 22 IR R AR 4 B T IR S5 A
25 ) B UGS FY , 2 S BT WL Bk 32 W ) B

N FDR LR ) B, A SCET T — AR A A T G LR
He Hasman i 2 Fros, 8 ok DR AL L AL 23 T 5 R
N

D HLEH 1 2405 8 AL

PRI e 24 B B I vy 52 R 1, BRAERK
bR UEB BURAE . X — Bl PR N 46 5 )2 AR 1B Y B
1R i, ] SE R I 2 R AE RS2 B N Y 45 B
FERIRIR SIS Ab B b, JRC 2 RRAF A B e v o 11 S At
A 221 R A0 R AR AL 5 FE AN, A0 AR I R
I, P RE B0 S5 st , 1 1T 52 i J5 SR R RAE 4 B 1
Wk, PG FRERAE I (20) s,

Yir = 2 W FenpgaT (20)
s« HEARER; y A% R AR w 45 B AL
i (i) AR EAER s (m,n) BB AR,

2) AL 2 22 ROEERFAE D R 42 BUHL I

KRR IEIEICRIES r = [r,,ry, - ,r, ] BRACBA—
MR, e P A e RS NEKRR (I 1.2) 5



%118 T2 B 5 I BKA-LSSVM (e AL 12 Wt - 165 -
KR (I 3.5) , XA ESAFRBEKENEES o8B EE A X, flm, r=[1,3,5] i, HEA

I, S 2 NOBE AR 1) R B L

INEMCRER r e {1,2) B, BRWCREE S, AT
RS PEAR S5 5 P A S A T 5 Rl s A 5 8. i) 4
TEARR R R2 b, /I 3R 38 BUBE A AR B
Il (5 BRI 3R AL Al R B SR

KRG r e {3,5] W, BRZEZE BEY
R, ] AR I ] P81, SR U 5 14 7% L 3445 T S0
A, A AR B S AT

5 A2 AT AR A A U A BT T Bl 2l
B DAL EIHURLEE ORI, ik G 1904 2500 5 B0 320 A8
BARIEE, [RI S AT 7 1 A0 4 U7 Sy o8 DX A
FEIRARR PRFAEAEA, 5450 52 2 5 S E M i v

3) Bl 3 AR SR AL

ok — AP I R RS2 B B AN KL R R
METCAY, B3R K R e 9 6 2 e R 9 B2 R,

PO L M r=[2,4,6] ST REAL )2 IYRHE
X3k, A5 T R R IR S 5 5 A RR AR B2 B

R4 bR, vk r=1,2,3,1,2,3],
[1,2,5,1,2,5].[1,3,5,1,3,5]3 FAREZAKRAIR S
25 A BV 38 1 52 00 R R [ B Bk R T A A Y 32
WA, 52 10 RESEI O YA, S a5 R an sk 1 iR,
ALY r=[1,2,5,1,2,5 ] IFASSCT AR R AK SR A 4, SF-
BIER R R 99. 85% , YN R A1 B S, PR A SC BT 445
RLERE r=[1,2,5,1,2,5 ] WIRA 2 TG, niE 2
Frs B 2SS B GER an 8] 3 B IR RS T A5 R
HUJa A ARJZ T DL BRI 4R 55 v A M 75 X R AIE 1) 5%
W), SRR AE SR ISR AT ) I PR

R1 TRBKEIBER

Table 1 Experimental results of different expansion rates

) “ AR HER%/ % YIZrHstA] /s
#(21) Fios [1,2,3,1,2,3] 98.25 162
ged(r,,ry, ) <1 (21) [1,2,5,1,2,5] 99. 85 186
LY SR A5 LR RE SRR AE 1 1 9 53 A KL T i [1,3,5,1,3,5] 9. 12 173
| =] | s | — | — | — | —
| | 4 | | |
i | | | | | [
_” _"‘ _"‘ -":’ _"’ _”
MK =1 Rk F=2 J MK =5 R F=1 J Rk =2 J K =5
Bl 2 TRA %GR
Fig.2  Mixed hollow convolution module
r-r—-r———"FF"F>"®""""™"">"™"""™"""™""""""7/""7/ " s T T T I
[ |
| (65085 00c0098) ReLU ReLU I
| 2B » BNE > gﬁa » ZHER »  BNE > af‘ua I
= Rk FE=i
: Wik i EL EL |
|
I I

B3z (i=1,2,5)
Fig.3 Hollow convolutional blocks (i=1,2,5)

2.2 HHMBRBERUEE
BKA 152 —Fhooja K U5k, HAR LA — 2
JEBRYE . EIRARHERR A A BB FRS 2 05 3R] BE

FURRTT 0B W b TR T A DX, X LG 2 X
KRR 2 0], Hik = A0 2RI R G| T %
W ol A5 T T e i il I R A R L i S0 )



- 166 - LSRR R e o

539 &

TR PRARAR N B R, M DL AR T ) 25 2 B0 L v A ) B
(AP G B B Y 1PN T 1 N i

1) oA 7 A& 43 vl ik

BKA FE I AT R 3 o0 A7 A4 8 R B = 3h 5386
N PE R Tl R A 2 RO Ty 2R B HE LUK B A
PRBCRRIE R AC B BE R I IR 5 | SIS R Gy Be il /3 Lk
5 B SR me O 5 0 B BB R R, BRI TR B 515
BAIA, AR SCH T 3T Gompertz A5 75 3t 3 28 54
AR sk (22) iR,

n=A-200" (22)
KL A B YT SE, AR, T BN, n
FHXF A /N, B3kt G DR PG 2y 2o ol 4R 7 5 5 Iz 25
FESARSRIX IR, Bl AR BOS I, @it A B Y ZH1
CEAPER, v RIG AL n A, SRR I RE S AR SR H
i RS 03 7 48 28 3 R el R A 8 OGS
BN A TR AR IR TS AR &, B[R Y
SHAA RENSIE N 2 A AN R RpbE (2 i Pl i 4
) 1 BhReREL,

2) IR AT s A ik

BKA Bk BB R R B — |, i = A S B ok
M R A i BR a6 48 F R v AR A 3 0y
X [, X LR AS ] (48 2R Xt A7 R % 4, S 80nt
R RINEREAE 0, A5 AR R R 5, 5
FE T XA 2% H AR PR, J0 72 MR 40 oA B3R Pk 2 25 IR 4 AT
MR 57 1) 38 N A2 . B AZIN L, AEAE AT N
oy Rl A NGO H ke E ol AREHLAE & 117, 1 (23)
BN,

1, 1<1+R< 1.5
= { (23)
2, .L5<S1+R<2

K RIE—DMRI S 504 U(0,1) MBEHLAS &,

HEFERAT IO E E R AT 1R RIBE SRS T
AN SR A7 B ( XLeader) 50 [ B o7 & 22 [A] 1Y A
XHFR, M I=2 B M 1= 1 S8R A5
el £5 HC A s R A5 X B ST T — R B HLEY AT
PIH 48 2R 7 BE VR AT AL, B 76 X 24 BT f 00 X 4k % B 4
P (1=1 0)) HRAAB R E T X (1=2 B ) Z 3] R
TEUI TR T [ 1 R B AR, 3R T AN A X HE
FRA3 [A)ANR] DX 3ok g R 2% 7 o Y 1, o A L B Ao o Jn 4 i
78 T A R A ) $R T TN A A R S ) R R AR

o T RAESGHE BKA 5k 1 HERE , 275 S0k 24 ] 19
KPR T IEAL  Jorh TR A TF, Sy Sl i pe 45,
FIMG AT S Re AR e M5 TF, M TF, &
WA PR VAR, FH T BPA e A B8 1k B9 4 JR 4 2R i g Rkt 47
B AR e L i BE 11 o 1 P RE IR 30, e Rk AR
WA 500 WX,

IR R B S5t 46 % Fe 8] 4 TR, i TF, TF, 2R
HOUCSi il 26 & m] 0 A A T SRl BKA BE, MG R Y
BKA HL75 5 & 0 I SIS B, 500 B8 ) K 38 55 1l
TF, . TF, PREICE I ZE T 0, S SIOKS B AR R s, etk s
) BKA RG22k AR BBk BE 08 3K 15 e L i, b
IR 22 Bk Y SRk B R A W S e AN R
[

2.3 WESHERSRE

FT 23R B AR AL LSSVM (14 1 12 i 5 751 %
WA S PR, RS ERIT

1) A —ZE IR S5 5 1 e 4 /N IR 2 TR 46 A8 46
(SWT) A7 AbBE, 7543 i st 72 P, SWT [ 3 Ly M 4 #1215
S R TRTUR B o0 RN GRS AR AE B — IR S 5 5 40 i
R A HAT R B AR 5, R X L
SR B TR A, F A Y S PR [ B = 4 A Y e
AL

2) 4 e A R G A A BR A A T A B H |
P (5 — 2B U2 TF LG X ER T 025 R AE 4 B, 2
BB Jmy #0430 SR AP 5 I PP A e A e v 1
Bl AN )28 TR F 1) B AR YO BUG A T AL 3, 23 T SR 44
KA R HE A R A ) A0 R AR 6 2R, 1] 25 T SR
NS FUZ I SRR AT A TRAAE R I, I Z BB T
IH—4L (BN J2) LA RS sk 502 (ReLU) | BEHLZ Wi 4
TR EL A 3 3 S0 P ) e B AR A X SRR AR AN AL T
ANTRIAR R AT Y RE B 0 A, I B HG T 400 B B[] 7 A8 Ak
PEFER

3) KR A 23 R BT H G ) 1 A 452 2 45 SR
AZE BKA- LSSVM #ATBI AN 5, FEINZRid 72, Y125
el 2ead LSSVM 1943 81 g i A 128 R 4, e 115
P BRECR AR 1) 4y 25 MR, AR HE 0 ) BKA 57
P RIE MG AW LSSVM AU B4, 1 BRI R 81
KB AR

4) 44 DA B 326 AN S5 P A AR S A 7 8 1 12
FEH RIS W2 AR

AR SCAR G 7 T 4 AU 45 45 A S S 4k 1LSSVM
LSRG S E 1 iR, ERES R
BB 5 R ST A R S 800 5 o e RE S
EIZ

3 RIS SLIR I IE

3.1 KWigE

AR TIPS AR SCRT $ R 4 ] A5 PR R 25k, et
T3 TP EA RN B e WU R 2 i B ATE 55 75, LA
PRAS TR A 22 S B IO FH A9 07 A4 AR R S, o)



%113 FTF 2 IR BUG M BKA-LSSVM 1 Jie 4 LA e 2 e - 167 -
102 1010
100 i L & 100 — A T
IO 20 IO 10
ig 1040 ig 1020
= i
2 2l
‘}H IO 60 @ IO 30
IO 80 IO 40
1010 | —®—GWO(0) —4— BKA(d) 0| —®—GWO(0) —4— BKA(d)
~@ RIME(s) ~# PSO(p) ~@— RIME(s) ~# PSO(p)
—— WOA() BHEBKA(h) —i— WOA() BEBKA(h)
10 120 J IO 60
0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
IR IRARRBL
(a) T, R B St 2% (b) TF R Bl St £
(a) 7F, Function convergence curve (b) 7F, Function convergence curve
10° 10
—8— GWO(0) —#— BKA(d)
@ RIME(s) “# PSO(p) —
—a&— WOA() BEBKA(h)
10° @
—— s e o
g 10° B 10°
2l ]
IO 10
—®—GWO({o) —#—BKA(d) |
—®—RIME (s) —#—PS0 (p) sk
107 ) 107" | —de— oA (! L"(L’lﬂKA(h)j‘ . . . . ,
0 50 100 150 200 250 300 350 400 450 50 100 150 200 250 300 350 400 450 500 550
EARKBL EARKBL
() TF BB St 2% (d) TF BBt 2%
(¢) TF Function convergence curve (d) 7F, Function convergence curve
&l 4 IR A St 2t L
Fig. 4 Comparison of convergence curves of test functions
*2 MEEBSH
Table 2 Network structure parameters
E RS B3 LR K T R J K ¥ i B AR Eie
HAZ — — — — [64,64,3] —
HBRZE1 16 1 ReLu 1 [64,64,16] 432
WAL 1 — 2 — — [32,32,16] —
BRE2 32 1 ReLu 2 [32,32,32] 4 602
HLRZE3 32 1 ReLu 4 [32,32,32] 9216
WAkE 2 — 2 — — [16,16,32] —
HRZ 4 64 1 ReLu 1 [16,16,64] 18 432
HBRIES 64 1 ReLu 2 [16,16,64] 36 864
BIRZE 6 64 1 Relu 4 [16,16,64] 36 864
L2 — — — — 5 160
Softmax JZ — — — — 5 —
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Table 5 Diagnosis results of different
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