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Robust person identification to apperance changes
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This paper presents a novel method for gait-based person identification robust to changes in appearance.
Gait is sensitive to appearance changes, such as variations of clothes and carrying conditions, so the correct
classification rate is reduced in case target’s appearance condition is different from that in the database. So
we propose a new part-based person identification method, where the discrimination capability at each part is
directly controlled based on gait features between gallery datasets and probe dataset. Experiments using a gait
database CASIA show the effectiveness of the proposed method.
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Fig.1 (a) An example of gallery datasets, (b) a probe

dataset (carrying a shoulder bag).
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Fig.2 The first affine moment invariant I; at each frame.
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Fig.3 Examples of images with noise and holes.
Table 1 The correct classification rate with CASIA-
NM by the proposed method [%].

J
K 6 8 10 12 14 16 18
1 | 80.5 | 84.6 | 87.8 | 85.4 | 86.2 | 83.7 | 82.9
2 | 874 | 89.4 | 91.5 | 91.5 | 89.4 | 89.0 | 87.8
3 1915|911 | 915 | 92.3 | 93.1 | 91.9 | 91.9
4 1919923 | 931|923 | 923 | 923 | 93.5
5 [ 91.1 | 93.1 | 92.7 | 93.1 | 93.1 | 93.9 | 93.5
6 | 91.1 | 93.9 | 93.1 | 93.9 | 93,5 | 935 | 94.3
7 1902 | 927 | 93,5 | 93.5 | 94.3 | 93.1 | 94.7
8 | 91.1 | 923 | 93.1 | 94.3 | 93.1 | 93.1 | 94.3
9 1919 | 91.9 | 935 | 94.7 | 93.1 | 935 | 93.5
10 | 92.7 | 92.3 | 93.5 | 95.1 | 93.1 | 95.5 | 93.9
11 | 919 | 91.9 | 93.1 | 94.7 | 92.3 | 94.7 | 93.5
12 | 90.7 | 91.9 | 93.9 | 943 | 91.9 | 94.3 | 94.7

Table 2 The correct classification rate with CASIA-
NM by the conventional method [4] [%)].

J
6 8 10 12 14 16 18
86.2 | 87.4 | 84.6 | 85.0 | 83.7 | 79.7 | 79.7
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Table 3 The correct classification rate with CASIA-
BG with respect to 4 groups [%].

The proposed | The conventional
method method [4]
(i) handbag 57.9 21.1
(ii) shoulder bag 71.2 20.0
(iii) backpack 86.7 63.3
(iv) others 75.0 37.5
Total 71.1 26.0
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