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Semi-supervised Dimensionality Reduction 0000000000000000000000000000000000000000
to Content-Based Image Retrieval oooooooo
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Recently, it has become usual that computer user who has no knowledge of digital image
collect and accumulate a large amount of image data by spreads such as digital cameras and 20000000000000000000000Relevance Feedback] 000000

mobile phones with cameras. Therefore, it is necessary to develop the system which can ninisisisisisininininlsisisininininininininininininininlnlnlininininininininininln

classify or retrieve requested image easily even for novice users. [fiuttito classify
images into correct categories automatically, because image databases of users have various puboooboooooooobdoooooodooaooubaoogooaoodd

categories of images. And, it is not easy to label images by hands as the number of images ooooooooo

increase. The goal of this study aims to achieve a highly accurate category classification

only by specifying the category of small number of images which will become supervi- .goobobobbooooobobobbbooooboobbooooooobboooon
sors. This study examines semi-supervised dimensionality reduction using small number of 0000000000000 DOO0DDDO0DODo0o0oo0oooDoooooooooon

images which will become supervisors used for content based image retrieval.
By the result of experiments, the classification rate of the proposed method was 5.1 points
better than that of the unsupervised method.
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2.2.1 PCA(Principal Component Analysis)
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2.3.1 FDA(Fisher Discriminant Analysis)
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2.3.2 LFDA(Local Fisher Discriminant Analysis)®
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Table 1 comparison of dimensionality reduction method
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Fig.1 experimental result for artificial data (left : monomodal data, right : multimodal data)
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Table 2 compare semi-supervised with unsupervised dimensionality reduction (ratio of between-class variance to within-
class variance)

oooo PCA =00 | =01 | =10 O
ooo 4 0.1218 | 0.2205 | 0.2410 | 0.2029 | 0.3215
ooo 8 0.2469 | 0.2405 | 0.2235

ooo 12 0.2384 | 0.2379 | 0.2243
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Table 3 compare semi-supervised with unsupervised dimensionality reduction (rate of classification)

oooo PCA a =00 a=01 a=10 O
ooo 701 | 738 | 756 | 788 | 758 | 79.6 | 78.8 | 80.0 | 89.5 | 92.1
4 68.3 71.7 71.0 77.1 83.3
ooao 756 | 79.1 | 817 | 833 | 813 | 833 | 815 | 829 | 92.7 | 93.3
8 74.2 78.8 80.0 78.3 91.7
ooo 788 | 81.7 | 80.7 | 86.3 | 828 | 875 | 818 | 85.0 | 92.1 | 93.3
12 73.8 75.4 80.0 78.8 90.4
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Table 4 compare-SFDA with a-LFDA (ratio of between-class variance to within-class variance)

oooo o -SFDA+PCA | o -SLFDA+PCA

ooo 4 0.2410 0.2076
ooo 8 0.2405 0.2188
ooo 12 0.2379 0.2248
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Table 5 compare-SFDA with a-LFDA (rate of classification)

oooo o -SFDA+PCA | a -SLFDA+PCA
ooo 75.8 79.6 77.2 82.1
4 71.0 69.6
ooo 81.3 83.3 80.9 83.3
8 80.0 79.2
ooao 82.8 87.5 82.5 85.8
12 80.0 76.3
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