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Abstract

In this paper, we propose an optimizing feature extraction method for multiclass problems
assuming normal distributions. Initially, We start with an arbitrary feature vector. Assuming that
the feature vector is used for classification, we compute the classification error. Then we move the
feature vector slightly in the direction so that classification error decreases most rapidly. This can
be done by taking gradient. We propose two search methods, sequential search and global search.
In the sequential search, an additional feature vector is selected so that it provides the best accuracy
along with the already chosen feature vectors. In the global search, we are not constrained to use
the chosen feature vectors. Experimental results show that the proposed algorithm provides a
favorable performance.
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Table 1. Information of 8 classes.
No. . No.
Species Date
class of sample
1 OATS 780602 259
2 GRAIN SORGHUM | 770308 279
3 WINTER WHEAT 780921 292
4 WINTER WHEAT 770920 292
5 WINTER WHEAT 781026 393
6 |SUMMER FALLOW/{ 760928 411
7 SPRING WHEAT 781026 441
3 SPRING WHEAT 780709 454
A
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Fig. 5. Example of global search ( N=3,M=2).
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Table 2. Information of 10 classes.
No. Species Date No.
class of sample
1 WINTER WHEAT 780515 223
2 OATS 780602 259
3 GRAIN SORGHUM 770308 279
4 WINTER WHEAT 780921 292
5 WINTER WHEAT 770920 292
6 SPRING WHEAT 771018 313
7 WINTER WHEAT 781026 393
8 |SUMMER FALLOW| 760928 411
9 SPRING WHEAT 781026 441
10 SPRING WHEAT 780709 454
E 3. 128l T3 AR
Table 3. Information of 12 classes.
No. Species Date No.
class of sample
1 WINTER WHEAT | 770308 691
2 WINTER WHEAT 770626 677
3 WINTER WHEAT | 771018 660
4 WINTER WHEAT | 770503 657
5 SUMMER FALLOW | 770626 643
6 SPRING WHEAT 780726 515
7 SPRING WHEAT 780602 515
8 SPRING WHEAT 780515 474
9 SPRING WHEAT 780921 469
10 SPRING WHEAT 780816 464
11 SPRING WHEAT 780709 454
12 | SPRING WHEAT | 781026 441 )
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1 2 3 4 5 1 2 3 4 5
AAGH (D9 9e) 6328 7896 8420 8608 8744 | 6249 7886 8405 856 8717
AAGH(CA) 66.73 8046 85 8713 8744 | 6656 80.02 8459 8662 8717

Canonical analysis 6123 7649 8281 8525 8744 | 6181 7654 8238 8481 8717

Principal Component
analysis 5411 6797 7971 8421 8744 | 5576 6987 8086 8379 8717
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Table 5. Performance analysis of initial vectors(average classification accuracies of 40 sets of 5
classes generated with normal distribution).
F4 dolg Ay dolH
a 4
1 2 3 4 5 1 2 3 4 5

AANGHA (g9 AE) 6198 7987 8661 8971 91.13 | 62.01 7953 867 89.07 91.04
AAGAM(CA) 6463 8036 8727 9005 91.13 | 6467 7973 853 8333 91.04
Canonical analysis 6046 7689 8456 8834 9113 | 6067 7702 8405 878 91.04
Principal Component | o365 7033 @367 8847 9113 | 5437 7009 8334 8802 9104
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Fig. 12. Performance comparison of different initial vectors.
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