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Abstract

Modern industrial machinery of various sizes typically contains rotating components, with bearings
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being one of the most common connection methods. However, current bearing fault diagnosis ap-
proaches remain limited and rely mainly on traditional model types. In light of the shortcomings of
conventional spectrum analysis and modal decomposition methods—which often fail to accurately
detect bearing faults-this paper proposes a TCN-based bearing fault feature diagnosis model opti-
mized by HO-VMD. Specifically, we leverage the novel HO (Hippopotamus Optimization) algorithm
to tackle the challenge of determining the number of decomposed modes and penalty factors in tra-
ditional VMD (Variational Mode Decomposition), thereby improving both the efficiency and accu-
racy of fault feature extraction. Furthermore, by utilizing the cutting-edge TCN (Temporal Convolu-
tional Network) to classify bearing fault types, the method significantly enhances fault diagnosis
accuracy and efficiency. Experimental results on Case Western Reserve University’s open-source
bearing fault dataset demonstrate that the HO-VMD-optimized TCN model achieves high prediction
accuracy, strong generalization performance, and excellent stability, providing an efficient, precise,
and reliable solution for bearing fault diagnosis.
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BT B AL AN AL K $ (Intrinsic Mode Function, IMF), 1 75 5l 74 #5212 W 4TS 21 32 =9 [5]-
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DOI: 10.12677/mo0s.2025.142155 329 e RSE TR


https://doi.org/10.12677/mos.2025.142155
http://creativecommons.org/licenses/by/4.0/

TOCH E

FERT B P A ER 2 RO &R . Nk, AWt 75K F B 8] 5 1 2% (Temporal Convolutional Network, TCN)
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ERAIE AR, FTEE X —A H bR s EE0E B R £
f(x):R” >R )
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T CABE AL A S & 207 WA — HEEAR {x, X, x, |, A N OAFREFRURR.
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Fmg, PR R RS RS R . HECEARTE R BRSNS B R GERTTH, AW &g
RNy

FELPRR A, HO FVERAW MRS FEAR S SCOLE g, (8T 5 A B AR (WR RS . A 55
TEHAE; TS Z R H R RBEA R K4 G, TSR i 5HAR TR kAE
VEAHEL, HO W] BEAESE S04 i I 1 HL A B PR g Wi St R sl o 0 () 8k HE RS S e A e 0, AR LR RE MR T
ERINERIE S e =

2.2. VMD(ZE S ES O R B EAIED
VMD HI4Z O e TE AT b5 8 T A AT Bl i, AR S BRSO VA 57, FRdE e Ao iR

o, (k AERL)RAFMMIR . VMD B2 5 T VEARBHERMLAL LT BARREL, LB A2 K%
JE OO AR R SR A o
1. 55F»
GE—NRIBES x(t) %tﬁ%ﬁﬁ%?‘jKﬁﬁﬁ{uk(g};, "
x(£) =D, (1) -

2. BESHIAH S O

VMD BN T i, (o) (ESFI) R o, FH], LR HIHAERE . WS, @
THH: i, (0+ o, ) BSTEH AU SR T B 5w R i

3. B4 R

VMD (&S i /ME LR H ARz o8 GB H FRVE 18 1 T A0 L0 R A AL 1) #50) ok 548 88 AR S o B0 8 A O TR
o[ (we ()™

2

. K
N 2 ©)

Horh o, TR AR SHOS S, e/ FORTEMIA BT K], 110 |||, 8 L, T80 2% H AR ok 2] i
T RS LRSS B RO IR BN I 2 BT e B U8 IR AR I G N S A% B 3R T LR A A R,
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2.3. TCN HBRE Y EAEiP

2.3.1. TCN EHPARE RS2

FEACER 7 5B (s B PP 5] 5578 15 S SCRSN, ESRTEFR ML R4 (RNN) KA
225 (LSTM) [ 1#E A BT (GRU) SRR I “ 7 SO AEI (8] 35 Z (Rl EAT 3 A S0 . IX K7k
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Figure 1. Basic architecture of TCN network
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x=[x(1),x(2),.x(T)] (10)
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3. ¥k (Dilated Convolution)
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ZEENE, B 5E
Rtotal ~ 1+(k _I)ZLH; di (18)
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BEXTEL & HO I S LA SR ) TON RlR B 2 Wit A, seae Bk 1 ok B oL ia i K2 B 05
BRSO, BOR) 10 AT R SRR I 1.

Table 1. Fault categories

= 1. HEEER

el Hl e 175 5,

85 1 IEHRA

ES ) H1Z0.007 5E~f, #5384 1797 RPM, 1 Bk
e 3 HA% 0.007 3&~F, #1797 RPM, IR B KM
e 4 HA% 0.007 3&~F, #1797 RPM, 41 Rl
i 5 HA% 0.014 9i~), #1797 RPM, 1A Bl A i
25 6 B2 0.014 JE~f, #3H4 1797 RPM, R Bh{RM =
F5 7 H#0.014 ZE~F, $3808 1797 RPM, A1 i
5 8 B 0.021 JE~f, #3584 1797 RPM, 1 [ Hhs
9 FA% 0.021 9i~), #1797 RPM, IR B A
&1 10 FAE 0.021 a5, ¥ 1797 RPM, Al il i

S HE BEARR AT 1797 Bl R RFEAIE N 12 K IR AR S 5, BCEIFEIE H 2 1000,
ANBCE R R A RUH s O 2048, BENIFRSE Y IREAS S m Ty 10.

3.2. EESBSHMLRFHERN
VMD S HIEFIE T He& o A5 5 TR U SRR R IR 2, O 1 U i S 5L & R ik 3
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Table 2. Results of HO parameter optimization

= 2.HO S HMUER

bR K a AL IMF 4> &
5 1 9 2049 IMF 4
252 3 543 IMF 2
25 3 10 2287 IMF 3
5 4 8 400 IMF 1
K55 4 1423 IMF 3
251 6 10 897 IMF 6
F5 7 10 2500 IMF 3
255 8 7 465 IMF 1
25 9 6 100 IMF 2
2551 10 5 301 IMF 1

it HO Aifk VMD 24k, 53] 17 B4R S A K& #iR(E B IMF 20 8155, O 12X IMF /)&
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3.3. TCN M HIH9E SHrEiS whipI L& 4 sE

Temporal Convolutional Network

Figure 2. TCN network architecture
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Figure 3. TCN network training target learning rate
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Figure 4. TCN network training loss function
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FTUUA L, AR 55 = SRMEE N SRR AL IR AR, BHR R B, 28, SRLISMR iR U
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Figure 5. Diagnosis results of training set
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Figure 6. Test set diagnostic results
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Confusion Matrix for Train Data

1 A 3 2 1
2 8 100.0%
3 9 2 3
4 8 2 1
5 8 100.0%
6| 6 3 4 1
I
k7)1 1 6 6
%
8 84 100.0%)
9 14 5 6
10 100.0%)

91.8% 100.0% 814%  954% 100.0% 902% 89.4% 97.7% 942% 100.0%

SbIES

Figure 7. Confusion matrix of training set

7. NEERBER

Confusion Matrix for Train Data

1 2 2

2

3 1 1

4 4 1 1 94.4% BEI

5 6 100.0%
E 6| 4 1 1 0 83.3%
% 7 4 5 75.0%

8 1 97.2%

9 11 1 2

10 100.0%

88.9% 100.0% 65.4% 97.1% 3% 76.92%  100.0% 97.2%

23.16%

TS

Figure 8. Test set confusion matrix
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ASCHEH T FIH HO (Hippopotamus Optimization) 574X} VMD (Variational Mode Decomposition) ] 5&
BEHHEAT BE NI, FFE RS IMF (Intrinsic Mode Function) R HEHUAH & # A4S AE, %
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