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Fault diagnosis for spiral bevel gearboxes based on GADF and
HWP-CBAM-ResNet
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Abstract: To address the issue of the currently popular residual network having low accuracy in identifying gearbox
faults in complex noise environments, and the slow convergence speed and poor global search capability of the
traditional whale optimization algorithm(WOA), this paper proposes an intelligent fault diagnosis method based on the
gramian angular difference field (GADF) and a hybrid whale-particle swarm optimization algorithm combined with a
CBAM attention mechanism residual network. First, the collected one-dimensional vibration signals are overlap-
sampled to obtain sufficient signal samples. Then. the gramian angular difference field encoding technique is used to
convert the one-dimensional data into two-dimensional image data, constructing a two-dimensional image dataset under
different faults. Artificial noise is added to expand the sample size and verify the impact of noise on the diagnostic
method. Next, a CBAM attention mechanism module is added to the traditional ResNet network to enhance useful
features and suppress irrelevant features, thus improving the model's representation capability. The image dataset is
then input into the HWP algorithm-optimized CBAM-ResNet model for training. Finally, the trained CBAM-ResNet
model is used to classify the spiral bevel gearbox fault dataset, outputting diagnostic results. Experimental results
show that this method can accurately identify spiral bevel gearbox faults without manual denoising, achieving an
accuracy rate of 100%, and maintaining 95.38% accuracy in complex noise environments. Compared to other
methods, it has higher accuracy, faster network convergence speed, and better robustness.
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(b) RIRLL
(b) Gear crack

() /MERLL

(e) Pinion crack

R TR, TS A WA BN TS PR T ALY
W3R P AR 35 ] A 256 R 7 o A A 11 25 1) 52 0 2R A7 N S
0 ST e A B AR A IR IR L R IR R R A g R
Al AT RAT 4 R 4R

(c) Kk BB

(c) Gear wear

(d) Kkt ik
(d) Gear lacks teeth

(f) MK EEB

(f) Pinion wear

(g) MABR
(g) Pinion lacks teeth

Bl 12 #rkEA GADF 455 &

Fig. 12 Partial sample GADF encoding chart
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Table 1 Dataset description
i KK 5 AN E MR REA b
H T IS 42 ] % U b 1 ¥
LG TR bR A Hy JE& et Ry 5 it St + 20 db 10 dB
B C D E F G
IR 896 896 896 896 896 896 896
HARE A . * 7 840 0% 0%
B E 4 224 224 224 224 224 224 224
V=S 896 896 896 896 896 896 896
AL B 7 840 100% 0%
M WirfgE 224 224 224 224 224 224 224 ! !
I[Ez 896 896 896 896 896 896 896
iR C f% 7 840 0% 100%
B IE 4k 224 224 224 224 224 224 224
IER 896 896 896 896 896 896 896
HHEE D * 7 840 20% 20%

R 4E 224 224 224 224

224 224 224

BIEE A2 RIRES.
BARAE B: 55 &3 A E WL 20 dB By & T e
B C.E 52 NEBRLE 10 dB M & i s
BIEE D EEE A P 6OWREAR KR E B 209K
A DL BB C i 20 W REARH TR S 545
TR EEARGE 12 Frs A MR S REAR IR 13 Fis .
& 12,13 A[ 1, 258 GADF 4 5 %5 1k 19 43 AE 845 20 380E
BT L 450 AiF BH I, 385 - SR A 20 ) 45 A 0 0 A7 I B, o A e
725 B AE R A7 78 BB 43 S0 FE A R i I A5 O
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3.2 Xt

DA [ e A B8 2 06 b 52 8

ST B AR SCHE O Ak Bk AR RE R AR SCHR B T
B5E5E PSO, WOA DL R B R 3 3t 15 B3k
(genetic algorithm,GA) , D -4k (Bayesian optimization,
BOYU Y AT L SE 86 . S50 A ) A BE S A iEAT I
S, I DR SR B KR S R . IR B Y
RN W SGE 17 ) 435 0 3% 2 s

M= 2 AT LA W IR R O T, WOA, HWP DL &
GA ¥ ik 3| T 100%, W % £ F PSO Hl BO, & %W
WOA, HWP FI GA 7E4 Ja) 8 Z R0k 4 =) 3 e 00 75 T B A



I 15 %3 F GADF #= HWP-CBAM-ResNet 4 R o5 4 35 55 4 ¥ &4

5 21 W

(a) NN P B A

(a) Sample with no noise

F

(b) /520 dBFEA
(b) SNR 20 dB sample
B 13 A M 75 B AR R

ig. 13 Examples of noisy sample addition

(c) {5tk 10 dBREA
(c) SNR 10 dB sample

®2 TREMALEE L

Table 2 Comparison of different optimization algorithms

(URIAGRES BT A/ s AR
PSO 27 636 99. 58
WOA 45 722 100
HWP 31 384 100
GA 16 187 100

BO 39 136 99. 87

M B, R4 PSO M BO BY MR 24238 100 % &4
it AR BB IS B 58 S B i, TR 2 i T FA A R S i i, &
SRt RE T 55 .

AN ] =7, PSO B3k 19 U1 Zhie ] & 3 Bl ARk
A, X R PSO Bk A S B 2 —E .
WOA B3k B AT DL B 05 41 A » (02 DI ZR B () B e L O
MR LR R K R AR . HWP Bl i
a4 T PSO il WOA Z i), iX E W HWP 7E{& Uk 2 & AL
fi BRI AR A T 3 B0 AT WOA 458 T I 25
WHEl. GA MB AT ]2 5 Fh 8k b SR 18 09 L 1 4R o o
K F] 100% , HE 5K 1932 17 s 0] o] 58 BR ) T 78 B ) sk
s R . BO iB817HTEISh 39 136 s, iR 31k B 3L
B [t i e R B T WOA L (HIK 22 F HWP,

25 ik, HWP A5 i e 0 36 1 R Ak 5, b B

A QYN 0.00 0.00 0.00 0.00 0.00 0.00
B 0.00 0.00 0.00 0.00 0.00
C |0.00 0.00 0.00 0.00

0.00 0.00

E [0.00 0.00

F |0.00 0.00

G [0.00 0.00 0.00 0.00

A B C D E F G
A
(a) BB FEA

(a) Confusion matrix A

AR 4 Ry 48 2R 0k Jm) 3 e 00 O I LA AR B, AR U sted
) L. HWP B BT WOA,GA, KiEH: i PSO, X W
HWP 75w s R A W i, 5l 53 45 4 PSO 1 WOA 1
PR S R4S A sl s B T Sk R R .

2) AN [ 4 8532 W vk % EE S5

AT FEAT B EA SCER BB R M B L B AR SO R S 0
AT 43 B AR 3R P I 14 8 5 B 92 W A R 0 A7 X L S
By, AN Z B AR N Sk P AR B B S R S R R S
5 e BRI STk v Al A B A7 5 A B O A RO SR A
SEAT IR, YN b S BOI 3 o i R e KA. A2 W7
B R MER R AR 3 FT7R , A R B8 48 1 I 2 ofis 1 % B
TR B R I 2 G TR VB HE B AN 1R 14 BT R, 7E R TR B0 4
Yt R A VEAf R AN B 15,16 JifR

3 TELHAEEREILL

Table 3 Comparison of accuracy rates for different

diagnostic methods %

4R RS A B C D
CooAtten-Resnet 100 98.56  96.98  94.57
GA-LSTM 99.12  97.56  94.32  92.31
SeResNet 99.43 98.10  95.28 93.357
HWP-CBAM-Resnet 100 100 97.21  95.38

A QNN 0.00 0.00

T

(b) RHEBEFFB

(b) Confusion matrix B
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T B A

A 0.00 0.00 0.00
B 0.00 0.00 0.00
C 0.00 0.00 0.00

o

# D . 00

K

E [0.00 0.00 0.00

F |0.00 0.00 0.00

G0.00 0.00 0.00

A B C D E F G
FdE
(c) RIBHEREC

(c¢) Confusion matrix C

BE

(d) R HEFED

(d) Confusion matrix D

B 14 4 Bl BCE SR T IR VA E G

Fig. 14  Confusion matrices for four datasets
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Fig. 15  Accuracy of the training process on data sets A and B
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Fig. 16  Accuracy of the training process on data sets C and D
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