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Abstract: In order to address the scientific challenge of predicting the remaining useful life of
materials damaged by cavitation erosion, a life prediction method that integrates convolutional
neural network technology is introduced. Specifically, the residual network (ResNet) model is
utilized and enhanced with a coordinate attention mechanism (CA). Through optimization of the
convolution, channel number and down-sampling method in the model, an improved coordinate

residual network (CA-ResNet) model is developed to accurately predict the remaining useful life
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of 17-4PH material damaged by cavitation erosion. Initially, the cavitation characteristic curve is
obtained from ultrasonic cavitation tests. Then, the cavitation stages are quantitatively segmented using a
Logistic equation, defining the life coefficient . Meanwhile, with the assistance of a super-depth-of-field
microscope, microscopic images of the material at various post-damage time points are captured to
establish a microscopic image database correlated with the life coefficient . The results
demonstrate that the improved CA-ResNet network model achieves a verification accuracy of
92. 2% on the CIFAR10 public dataset and 93. 2% on the collected cavitation damage dataset of
17-4PH material. This represents a 1.5% and 3.5% accuracy improvement over the ResNet18
network model, respectively. By fine-tuning hyperparameters like learning rate and batch size,
the accuracy on the cavitation damage dataset is elevated to 95.0%. In this paper, an end-to-end

data-driven approach is adopted to achieve accurate prediction from cavitation damage morphology

to post-cavitation life.

Keywords: ResNet; coordinate attention mechanism; cavitation erosion; life prediction

TR — B H DL B 72 AR Bl 1 BR 5 v B B R
B8 LK R R G AR sh b 45—
Lot h e, fEis AT R, TR AR S
A WK, X e 2% DA o ke 0 B S O 1) 0 X
Bl b L 2 i 7= 2 oo L S R T A K R e 5 tR it
A0 SRR A0 AN AL 2 e S A IR 2 R 5
2 M IR B AR K fE R AE Y
AT S A A 0 IR i DRIk T B 0 9 o X O
SR B BEIR RS AR TR A3 5 Ay (RUL) B A
Shy E R 3 0 A4 1A T v R o 1 R

17-4PH(0Cr17Ni4CudNb) 5 [ A 3T i fifi 1k A
B LA R B it BB KR S ) F R L 7R K
1%k A% RE LT TE RN R S Tl SR A T2 B
2SR < B a1 1 = N N s P 1
P B2 = IR v VR R e L R I G B IR 2
W I % 4 ia T 5 IR F5 dr HoA 25,

JUAE VR b 77 i OO 2 B A 3l ) B K A IE AT
SCHEERY L (0 B An Xt T RUL /9 w5t e
ATH AR X A BR 5 58 48 HL B2 Y 70 5 2% 1 R UE . DA
A 5T K 22 2R FH ) 2200 38 T B 2 4 BH 1R ik 2 495 0
V%) ] 2% 77 i1 » 9] 0 0 i A3 95 O ) o o et
PR R A i AR B A S B R Sl
o 22 2 AT A SR A X A 5 o DTG 52 R VR ik 45 5
AR S, AFLYR ok & J ol AR v, A7 AR AR T
S S ANE AN S RN i i T E T Y
DA 55 AT PR AR 40532 W 1 P S Pk AN i, LA 28—
FE WAL AR A BE HEAT R A 5 b . B, Rk
T B — AL R T A o AT 5 1 B U kL DA
A b DA A 4 PR i g 45 R B O T L RUL,
Shy AH OG0 35 1) TR I B A R A T I S

zkxb. xjtu. edu. cn

Bifi 5 TR B 2 > B VAR R R EARRU S R E AR
Z AT R G et . He 88U 4R S 8% 25
2% (ResNet) [0 28 155 U (1) 2 B2 F 2 3, 32 o A9 4% 22 1)
2% B SRR IEH BE 1, B i ] T 2 R
f£% ., Zhang % ResNet18 M 2545 Y i F T3
TR A5 43 i 1 2 00 B DT B B 0 1 e LR 9
R K A 1 05 B R A A 8 BRI R
AN e AT BARE o PR ot AR v ™ A 1) 45 A ) R R
ML BB N R T A MR AT L
53 AT X A A 9 ok A 4 R B AT o A T, S R
RAEAE LA I TRl B, R BB 4R S &2 BF A 46, B T
ResNet18 [ 4545 74 17 FH T 00 73 ik 458 40 0 55 11 1) 1R
TR RN AT A AR AR A S U S e A A
PLE— D4 m R R 32 . R AR SCHR T — Al
E B4 A b T T AL 5% 22 A% (CA-ResNet) [ 45 45
RIS TR 0 OU 58 4 SE B 17-4PH #4 8}
TR 3 5 SOE B0 21 7Rk RUL g 21 35t (049 065 B T2 00
W25 I R, 5 e 45 W 28 A Lb . 20k A9 CA-ResNet
PO 245 A5 70 7 M B 258 R 2 T X 0K B o Wk 3 A P
2 BIE 1 HAE PR s T Sl A A R

1 2Ry CA-ResNet X 2% 45 71

L1 EAMEEBLH

ResNet [0 £ 4687102220 2 3 2 o] v JE 1 45 T)
18 SR 2 I 4, TR T R 5k 25 oK B0 D T IR R 4
O 245 F 388 TR B 17 A 1 e B 2K 1)

VR 7L 7 42 T i 22 ) 4% 458 7 1 g
T 7 4 R S A T 2 o ek B Y T 9
i A B AR S A AT R B ROA
m A c AERFIE R RN R e = 1,2,

+ 71 ) 1)




PN

208 W % oz M
B om ASRRAE 1) 5 0 REE A5 S 3E A B B A3

PEAT BB RS AT B R N AR 2 B

m

2l = Zw,»z“,» [@D)

AP w, ROATERE I HLE S0 & HACE . Wik,
NI 3 0 T AL AT LA S A b B IO SRR AE
ARSCRA M CA TE R JIHLE ™ Bk 7 & 15 B
A B IEEAF B b JE AR AR R, DT HE B
23 () 77 [a] 47l 25 28 R AR G 2% L O (8 B ORG Af E‘Jﬂﬁﬁ
BT B T 8 0 4 T A b 7 R R R X 4
AT Fi i 190 2 1 R
1.2 Rt
iy CA-ResNet PIZEAEAY DL ResNetl8 B 2%
BRI S F2 B CA FERE AL, IF X W 45
Fh A A R R R AT A A R, T Bk 22 4
AR ) 2 25 40 ZE 00 L AN 1,38 1 IR

N

[

xR, Wk |
!

| 1 ReLUBG A |

l

3X3HR, HiEK
HABRI=IE R

l

IX1ER, J@EH X2 |

|

| ReLUBG B A

CABIR, Wii%x2
[ X

AL
lx%mjzﬂ;w‘”
3IX3HB, BKA2 u
e ReLU i i 5

k1 M %M A KT

Table 1 Comparison of network structure parameters

5

Eofs

P ik (0 % 22 M 445 2 4

Fig. 1 Improved residual structure
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Table 2 Training parameters for the CIFAR10 dataset
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Fig. 2 Accuracy and loss curves of the six models on the

CIFARI10 dataset
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Fig. 3 Cavitation characteristic curve of smooth specimen
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Fig. 4 Training results of the improved CA-ResNet network

model on the cavitation damage dataset
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Fig. 6 Accuracy and loss curves of the six models on the cavitation damage dataset
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Table 6 Impact of model hyperparameters on accuracy
and loss
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ELIRT G R MRS ik
16  0.01000 Adam 0. 889 0.418
16  0.001 00 Adam 0.937 0. 304
16 0.000 10 Adam 0. 946 0.239
16  0.00001 Adam 0.593 1. 290
16 0.000 10 SGD
16 0.00010 RMSprop 0. 950 0.204
4 0.000 10 RMSprop 0.908~0.932 0.419~0.715
8 0.000 10 RMSprop 0. 946 0.221
32 0.00010 RMSprop 0.925 0.322
64 0.00010 RMSprop 0.901 0.339
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