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Abstract

Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) are commonly used
in machine learning. In this paper, we extend PCA and LDA to 2DPCA and 2DLDA, 2DPCA and
2DLDA are directly to reduce the dimension on the original matrix data structure, overcoming the
problem of the curse of dimensionality. Empirical research suggests that 2DLDA is a better dimen-
sionality reduction classification method than 2DPCA compared with the effect of dimension re-
duction and the error rate of classification.
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Table 1. Data set description summary

F 1 BEEEmALE

Wafer AUSLAN
A RA 6 2
BAFARKE 198 95
RUMEA K 104 i
HEAM 2 25
PEA R 327 675
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3.2.1. Wafer $iB& _FRYSLIOHR

Table 2. Error rate results and dimension reduction results of 2DPCA and 2DLDA on Wafer dataset
2 2. 2DPCA #1 2DLDA 7£ Wafer HIEE L RSEIREERFIPEHELER

Szig Fatia 2DPCA 2DLDA

RE Yex HHRR Y3 HHR R Yy
1 0.1523 [8, 4] 0.0457 [12,5]
2 0.1421 [9, 5] 0.0660 [27, 5]
3 [104, 6] 0.1624 [8, 4] 0.0660 [28, 5]
4 0.1777 [9, 5] 0.0508 [1,6]
5 0.1066 [14, 6] 0.0457 [4, 5]
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Figure 1. Error rates of 2DPCA and 2DLDA on wafer datasets
[ 1. 2DPCA #0 2DLDA 7 wafer ##RE FROTEIRE

3.2.2. AUSLAN #iE 8 FRSCIO MR

Table 3. Error rate results and dimensionality reduction results of 2DPCA and 2DLDA on the AUSLAN dataset
% 3. 2DPCA #1 2DLDA 7£ AUSLAN $E& E R IRREERFELHELER

S WG 2DPCA 2DLDA
et AH AT U %y T i
1 0.0500 [1,21] 0.0300 [1,21]
2 0.0733 [1,20] 0.0233 [1,22]
3 [47,22] 0.0500 [1,20] 0.0300 [2,20]
4 0.0500 [1,20] 0.0233 [1,20]
5 0.0633 [1,21] 0.0233 [1,21]
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Figure 2. Error rates of 2DPCA and 2DLDA on the AUSLAN dataset
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Table 4. Average classification error rate results and dimensionality reduction results of 2DPCA and 2DLDA on 3 datasets

%% 4. 2DPCA #1 2DLDA 7£ 3 MUEE EMFH 5 R IRREREHELE R

. 2DPCA 2DLDA

HER A i HER A i
wafer 0.1534 [9, 6] 0.0670 12, 5]
Auslan 0.0653 [1,20] 0.0320 [2,20]

HI7< 4 A1 2DLDA [P35 00 R EHRF /N T 2DPCA . 3X 35 B 500 43 BT ¥ 23 R BUR B4R T £ Loy
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