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Gait recognition with low resolution images using inter-frame difference and CNN
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Gait-based person recognition has received an increasing amount of attentions for mon-
itoring and surveillance applications. One of issues in gait recognition is that it is difficult to
recognize people with high performance, in case that the resolution of captured images is too low.
To deal with this problem, this paper presents SFDEINet, which uses Singed Frame Difference
Energy Image (SFDEI) as input images. SFDEI has an advantage of explicit representation of
motion of walking people, by changing the size of frame difference. To take the size of frame
difference into account, SFDEINet is deigned to have convolution layers in parallel, followed
by fusing outputs of each layer. We will show the SFDEINet is more suitable for SFDEI than
GEINet in experiments.
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Table 1 Top-1 accuracy of combined features extracted by GEINet[%)]

%i& U7z SFDEI ® At DflAEGDHE

I~2 [ I~3 | I~4 | I~5 | 1n6 | I~7 | I~8 | 1~9 | 1~10

FRIE (128x88) [ 92.5 | 92.8 | 92.8 | 93.2 | 92.8 | 92.7 | 92.6 | 925 | 92.1

FRRIE (96 % 66) 925 1 92.8 | 929 [ 93.0 | 92.7 | 92.7 | 92.4 | 924 | 92.0

fRBIE (64x44) 925 [ 93.0 | 929 | 93.0 | 92.9 | 92.7 | 92.6 | 92.5 | 92.1

FRIRIE (32x22) 92.1 | 924 | 922 | 922 | 92.6 | 924 | 91.9 | 91.8 | 92.7

FRIRIE (16x11) 84.5 | 85.4 | 85.6 | 85.4 | 85.5 | 85.5 | 85.5 | 85.6 | 85.25

Table 2 Top-1 accuracy of features extracted by SEDEINet[%)]
AJiU7= SFDEI ® At OFi

1,2 I3 | 1,4 | 1,5 | 1,6 | 1,7 | 1,8 1,9 [ 1,10

R (128x88) || 93.8 | 92.9 [ 924 | 93.2 [ 929 [ 93.0 | 926 | 92.5 | 92.0

FRIRFE (96 x66) 93.9 [ 924 [ 927 [ 92.8 [ 93.0 | 93.2 | 926 | 92.3 | 91.9

FRIRIE (64x44) 93.5 [ 929 [ 925 [ 93.3 [ 932 | 929 | 925 | 92.4 | 91.8

FRIRIE (32x22) 93.5 [ 925 | 91.9 | 929 [ 925 | 93.2 | 91.9 | 921 | 91.5

FRIRIE (16x11) 85.5 | 86.9 | 85.0 | 87.7 | 86.1 | 86.7 | 86.5 | 88.1 | 86.9
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Fig.2 Difference of Identification method between

GEINet and SFDEINet
conv : Number of filter x (filter size) / stride [padding size]
pooling : (filter size) / stride
Fc : Number of output node
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Fig.3 Changing of image resolution
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