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Abstract Classification performance of 3D object classification can be improved by multiple view points. Ker-
nel-based methods are often introduced to handle the nonlinearly distributed feature vectors obtained from multiple
view, by transforming the distribution to a higher dimensional space. However, this nonlinear mapping makes their
computation to be complex. We aim to construct a comparable method with the kernel-based methods without
using nonlinear mapping. Firstly we approximate a distribution of feature vectors with multiple local subspaces.
Secondly we consider these local subspaces as weak classifiers and apply ensemble classification algorithm. We will

evaluate the proposed method by classification experiments using a public data set.

Key words Ensemble Classification, Mutual Subspace Method, Averaged Learning Subspace Method, Object
Classification
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Nonlinearly distributed feature vectors

(a)A subspace (b)A set of local subspaces
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Fig.1 Comparison between approximation using a linear sub-

space and a set of local subspaces .
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Fig.2 The relation between the number of clusters and the di-

mension of the local subspaces.
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Fig.3 Concept of mutual subspace method .
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Fig.4 Concept of the proposed method .
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Fig.5 Modification of local subspace.
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Fig.6 Flow chart of classification process.
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Fig.8 Sample of images contained in the data set. These are im-

MATam

ages from 41 viewpoints of an object contained in the data

set.
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Table 1 Result of each method.

oo 000 (%) | 000 | EER(%)
MSM 69.5 0.34 20
KMSM 87.2 0.41 15
0ooo ooo 86.5 0.44 14
OO0 ooOo 91.0 0.51 10
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Table 2 Calculation time per input (10 images) of each method.

ood oooo (0)
MSM 0.1
ooo 0.4
KMSM 3.1
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Table 3 Performance comparison of weak classifiers and the pro-

posed method.

0oo k oo 000 (%) |000 | EER(%)
2 dim 1 69.5 0.37 15
2 dim 2 75.6 0.39 12
2 dim 3 70.6 0.43 14
3 dim 1 68.3 0.37 18
3 dim 2 72.1 0.37 15
3 dim 3 67.5 0.41 14
4 dim 1 74.6 0.40 15
4 dim 2 73.1 0.39 15
4 dim 3 76.2 0.43 13
5 dim 1 72.1 0.39 15
5 dim 2 74.6 0.40 13
5 dim 3 70.8 0.40 14
2~5 |diml ~dim3| 86.5 0.44 14
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