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Abstract The performance of data-based empirical models can be improved by removing variables or
features that are of low importance or strongly correlated with other features. Such a feature selection
has been used for various purposes, and it helps increase the discriminating power of classification
models between groups or classes. This study presents a classification scheme that combines a feature
selection technique based on support vector machines and preprocessing filtering of raw measurement
data. Before performing the feature selection task, raw data is filtered as a pre-processing step to
remove unwanted variation. In the next feature selection, important features with high contribution to
classification are extracted and used as classification training data instead of raw data. A case study on
three cases was conducted to verify the performance of the classification scheme. The classification
accuracy of the proposed scheme was compared with other schemes. As a result, the accuracy of the
proposed classification scheme improved significantly in the three cases. In addition, it showed relatively

higher classification performance when the Gaussian kernel was used in the three cases.
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olg B3to] ofgfet e WIATE T DJ(i)E L &
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Fig. 2. Variable plot for case 1
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Fig. 3. Variable plot for case 2 (upper) and case 3
(lower)

Table 12 Case 1°] Hjgt £57 Hge 21E A
H 549 ol wt Boja gtk HuEE HE
(‘compared”)# A%t WHE (“proposed”) 2zt
tisto] A © 7RAIQE gl ths) AX7F EAH
of St HolA HojFzo] AAARI i J5rolA
Hed 7RAIRE AL ARESHe Zlo] A% AdE AR
30 B} o o 0E Yk,

Table 1. Classification accuracy for case 1
Linear Kernel Gaussian Kernel
No- Compared Proposed Compared Proposed

1 0.69 0.69 0.71 0.66

2 0.74 0.74 0.66 0.66

3 0.71 0.84 0.66 0.73

4 0.73 0.82 0.65 0.74

5 0.73 0.73 0.66 0.76

10 0.73 0.73 0.71 0.76

49 0.76 0.76 0.85 0.87

68 0.77 0.77 0.84 0.90

92 0.81 0.81 0.82 0.89

100 0.81 0.81 0.84 0.89
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