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Tab.2 Classification accuracy of classifiers with a kind

of imbalanced training samples at 2 600 r/min %}

s ATHE
G B N N4 Z
ELM 87.5 84.1 84.1 90.5 80.0
BPNN 83.8 89.5 91.0 72.5 84.0
KNN 59.0 71.0 79.0 79.0 65.0

&3 3 000 r/min By —EREEIN GRS L[N EHEE
Tab.3 Classification accuracy of classifiers with a kind

of imbalanced training samples at 3 000 r/min  %;

e NP1t 28 T

G B N w Z
ELM 83.7 85.2 90.5 85.0 80.0
BPNN 86.0 86.0 87.2 75.0 77.6
KNN 66.7 83.0 89.0 78.0 62.0

F4 2600 r/minff —ERTENGHARD LB EBE
Tab.4 Classification accuracy of classifiers with two kinds

of imbalanced training samples at 2 600 r/min %

e T

GB GN GW BN BW
ELM 79.0 87.0 86.0 84.0 83.0
BPNN 88.1 81.0 61.0 82.0 71.3
KNN 35.0 46.0 75.0 48.0 77.0
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Tab.5 Classification accuracy of classifiers with two kinds
of imbalanced training samples at 3000 r/min %
\ T 5
e
GB GN GW BN BW
ELM 80.4 89.0 82.3 82.2 81.5
BPNN 82.0 85.6 69.0 81.8 68.6
KNN 37.0 47.0 80.0 52.0 83.0
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Tab.6 The learning ability of classifiers trained after
training samples supplemented by regeneration

technology at 3 000 r/min %
e AN Al A
G B N W Z
ELM 92.4 915 93.0 92.5 93.1
BPNN  89.0  87.0 85.0 91.0 88.6
KNN 91.0  98.0 100.0 98.0 100.0
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Tab.7 The learning ability of classifiers trained after

training samples supplemented by regeneration

technology at 3 200 r/min %
AR
et
G B N W Z
ELM 90.0 90.5 92.8 93.6 91.3

BPNN 83.6 87.4 87.0 91.1 92.4
KNN 89.0 95.0 100.0 98.0 99.0
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Tab.8 The combined method on the learning situation of

the one type of unbalanced data under different

working conditions %
3 /(remin ') NUES .
G B N w Z
3200 100.0 97.6  100.0  100.0 99.85
3000 99.7 99.8 99.8  100.0 99.70
2 800 99.4 99.8 99.9 99.8 99.30
2600 100.0  100.0  100.0  100.0 100.00
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Tab.9 The combined method on the learning situation
of the two types of unbalanced data under dif-

ferent working conditions %
Y/ AN A Y
(remin ') GB GN GW BN BW

3200 97.25 100.0 99.90 98.20 97.60
3000 100.00 99.8 99.85 99.95  100.00
2 800 99.10 99.2 99.25 99.85 99.45
2600 100.00  100.0 ~ 100.00  100.00  100.00
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