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Fig.10 Confuse matrix of different composition methods
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Fig.11 Feature visualization rendering before and after add-

ing Gaussian prototype module
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Fig.12 Comparative experimental results of different meth-

ods under different diagnosis tasks
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Tab.5 Summary of classification results of different methods under different diagnosis tasks %
ik 55 ?i@
A-D B-C B-D C-B C-D D-B D-C %
CHk[12] 91.27 93.66 91.21 88.54 94.11 90.24 88.64 91.10
CHk[13] 93.76 95.23 94.52 92.13 96.43 89.56 90.23 93.12
SCHik[14] 5-way 5-shot 97.56 99.45 98.75 95.78 99.36 94.85 95.50 97.32
CHk[14] 5-way 10-shot 98.69 99.58 98.88 96.61 99.40 93.22 95.64 97.43
CHk[15] 5-way 5-shot 97.98 97.95 96.21 96.80 95.24 87.65 92.38 94.89
SCHK[15] 5-way 10-shot 98.56 98.21 96.43 98.19 97.24 90.47 94.16 96.18
SCHk[17] 5-way 5-shot 95.23 95.64 97.03 93.21 97.85 90.55 93.46 94.71
ik[17] 5-way 10-shot 96.31 96.27 97.75 94.34 98.97 91.35 93.98 95.57
T4 7 i 5-way 5-shot 99.15 99.68 99.25 96.17 99.47 94.75 96.63 97.87
JIT $2 757 5-way 10-shot 99.44 99.63 99.37 97.62 99.78 97.47 97.97 98.75
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Tab.6 Representation of different operating conditions
in the experimental dataset
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Fig.13  The classification results of different methods JINBEAS T Bl S R b B A2 52 By A S B I AE 3-way
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Fig.14 Generalization experiment results under different
working conditions across datasets
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Tab.8 Summary of cross-dataset generalization classifica-

tion results under different working condition %

3-way 3-way 3-way
5%

10-shot 5-shot 3-shot
B-O 99.32 99.26 98.96
C-P 96.49 95.88 93.26
D-Q 97.84 97.11 96.06
R-F 94.32 93.65 91.69
O0-G 98.97 98.62 98.12
P-H 92.27 91.43 90.55
A-L 98.87 98.05 97.21
E-L 99.13 98.24 96.53
R-L 96.25 95.27 94.37
L-D 97.74 95.28 93.56
L-H 93.66 91.59 90.23
LR 96.28 96.14 95.63
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