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Abstract

Data through meteorological radar includes ground echo, sea—clutter echo, anomalous propagation echo, clear echo and so on.
Each echo is a kind of non-precipitation echoes and the characteristic of individual echoes is analyzed in order to identify
with non-precipitation. Meteorological radar data is analyzed through pre-processing procedure because the data is given as
big data. In this study, echo pattern classifier is designed to distinguish non-precipitation echoes from precipitation echo in
meteorological radar data using RBFNNs and echo judgement module. Output performance is compared and analyzed by us-
ing both HCM clustering-based RBFNNs and FCM clustering-based RBFNNs.

Key Words : RBFNNs, Echo Judgement module, Fuzzy C-mean Clustering, Hard C-mean Clustering.
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Fig. 2. Calculation of additional input data
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Table 3. Classification rate

Predictive QC
Value Yes(1) No(0)
Yes(1) Correct Error
No(0) Error Correct
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Table 4. Parameters of designed pattern classifiers.

Clustering—based
RBEFNNs HCM FCM
No. of Inputs 5
No. of Clusters [2 4]
Fuzzification Coefficient - | [1.1 3]

Typel. Constant

Polynomial Type Type2. Linear
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Table 5. Performance Index of classifier by selected

parameters
Pattern Classification Rate
PI for PI for
HCM TI;aIlirfl?; Testing Testing
€| (PREGRD) | (N PRD
85.16 34.32 77.25
PI for PI for
FCM Tillirf?; Testing Testing
€| (PREGRD) | (N FRD
1.1 90.65 90.27 87.98
Fuzzificati 15 91.24 91.04 88.43
SZZ;;C?‘ K;n 2 | 9135 91.29 89.23
octieent o 51 91,08 80.50 88.75
3 90.51 89.88 38.21
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Table 6. Selected parameters of pattern classifiers.

Clustering-based
RBFNNs
No. of Inputs 5

HCM FCM

No. of Clusters 4

Fuzzification Coefficient - | 2

Polynomial Type Type2. Linear
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Table 7. Performance index of PRE/GRE in spring

Date PI for testing

HCM FCM
2012.04.03 00:30 92.13 93.44
2012.04.03 00:40 92.90 93.80
2012.04.03 00:50 92.25 93.83
2012.04.03 01:00 91.31 94.8
2012.04.03 01:10 90.61 94.59
2012.04.03 01:20 90.49 94.39
2012.04.03 01:30 91.71 94.24
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Fig. 4 Classification result of PRE/GRE in spring
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Table 8. Performance index of PRE/GRE in summer

PI for testing

Date HCM FCM
2012.08.10 07:00 90.11 92.41
2012.08.10 07:10 90.27 92.41
2012.08.10 07:20 90,34 92.10
2012.08.10 07:30 91.05 91.78
2012.08.10 07:40 90.73 91.68
2012.08.10 07:50 91.75 90.97
2012.08.10 08:00 92.10 90.91
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Fig. 5. Classification result of PRE/GRE in summer
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Table 9. Performance index of sea-clutter+AP/GRE

Date PI for testing
HCM FCM
2012.05.21 00:00 99.99 99.99
2012.05.21 00:10 99.99 99.99
2012.05.21 00:20 99.99 99.99
2012.05.21 00:30 99.99 99.99
2012.05.21 00:40 99.97 99.99
2012.05.21 00:50 99.99 99.99
2012.05.21 01:00 99.98 99.99
B e R S T T i
(a)Before ‘ ‘ (b)After
Classification(DZ) Classification(QC)
Ddde k2098 2a[0a na
T S TR 7 T TR i
(c)After ‘ ‘ (d)After
Classification(-HICM) Classification(FCM)
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Fig. 6. Classification result of sea-clutter+AP/GRE
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Table 10. Performance index of clear echotGRE

PI for testing

Date HCM FCM
2012.10.07 20:00 99.92 99.83
2012.10.07 20:10 99.89 99.85
2012.10.07 20:20 99.75 99.68
2012.10.07 20:30 99.85 99.80
2012.10.07 20:40 99.80 99.74
2012.10.07 20:50 99.60 99.47
2012.10.07 21:00 99.66 99.53
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Fig. 7. Classification result of sea—clutter+tAP/GRE
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