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Abstract:  With the development of video acquisition and transmission technologies, and the widespread applications of mobile terminal
devices, more and more set-based images are available. The key issue of image set classification is how to measure the distance between
two sets over the complexity of inner structure of the set. To address this problem, this paper presents a framework, called double sparse
regularizations for image set distance learning (DSRID). In DSRID, the distance between two sets is calculated by the distance between
two prominent sub-structures in each set, which enhances the robustness and discrimination of the measure. According to different set
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Fig.2 Examples of Honda, Mobo and YTC datasets
2 Honda,Mobo YTC

Table 1 Results for set-based face recognition

1
Honda Mobo YTC
AHISD 93.8142.97 | 97.70+1.43 | 73.42+2.78
CHISD 94.62+2.54 | 96.76+1.30 | 73.73+3.90
SANP 91.79+3.37 | 97.92+1.18 | 73.61+3.36
RNP 96.92+2.64 | 98.06+1.87 | 74.08+3.87
DCC 92.0143.21 | 91.25+1.61 | 69.12+3.81
MMD 90.25+2.35 | 92.50+3.53 | 71.13+3.14
MDA 92.82+4.80 | 96.66+1.63 | 75.82+3.95
PD CDL 99.49+1.08 | 88.86+3.10 | 66.04+3.89
RSR 99.74+0.81 | 94.10+2.38 | 63.09+3.26
HERML 98.97+1.32 | 97.31+2.33 | 76.50+3.34
DARG 99.23+1.05 | 97.62+0.87 | 76.98+3.05
DSRID-E 96.92+2.02 | 98.19+1.14 | 77.23+3.82
DSRID-G 99.74+0.81 | 97.50+1.43 | 72.66+3.88
DSRID-S 100.00+0.00 | 98.06+1.17 | 71.33+3.41
DSRID-(E+G+S) | 100.00£0.00 | 98.75+1.22 | 80.21%3.65
6.2
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Fig.3 Examples of UCF11 dataset
3 UCF11

Table 2 Results for set-based action recognition

2
UCF11
AHISD 61.3746.18
CHISD 64.51+6.64
SANP 54.84+6.41
RNP 68.32+5.82
DCC 70.9445.78
MMD 65.4645.29
MDA 72.74+6.47
CDL 83.1445.04
SPD RSR 81.5846.20
HERML 85.01+5.69
DARG 85.99+7.02
DSRID-E 78.3346.67
DSRID-G 82.36+5.23
DSRID-S 86.92+4.42
DSRID-(E+G+S) 88.43+4.50
6.3
, ‘ETH-80C81  RGB-DEY.
e ETH-80 8 : 10 . 41 32x32
; LBP . , , 5
4 5
e RGB-D 51 , , ,
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Fig.4 Examples of ETH-80, RGB-D datasets
4 ETH-80,RGB-D
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Table 3 Results for set-based object categorization
3
ETH RGB-D
AHISD 79.50+6.06 62.41+1.70
CHISD 84.17+4.78 64.84+2.25
SANP 83.50+3.48 44.90+2.15
RNP 88.50+4.89 65.90+2.89
DCC 88.00+4.83 71.16+2.94
MMD 84.85+4.93 52.52+1.00
MDA 86.75+4.57 62.51+3.04
sPD CcDL 94.75+3.47 80.54+3.24
RSR 92.25+4.05 78.91+2.03
HERML 94.88+3.97 79.59+3.82
DARG 95.75+3.53 81.08+2.72
DSRID-E 87.28+4.28 67.35+3.87
DSRID-G 91.63+4.08 79.93+2.40
DSRID-S 96.37+2.36 83.61+2.39
DSRID-(E+G+S) 96.88+2.79 83.88+2.87
, SPD : (8]
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Fig.5 Effect of number of sub-structures to accuracy on Mobo dataset
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DSRID-S , CDL RSR.

Table 4 Comparison of algorithms on running time for Mobo dataset

4 Mobo
() (s)
AHISD N/A 462.72
CHISD N/A 1700.85
SANP N/A 1844.45
RNP 1.76 25.96
DCC 2.46 6.57
MMD 51.76 234.02
MDA 78.35 235.05
CDL 20.22 29.46
SPD RSR 19.40 27.31
HERML 89.93 233.16
DARG 35.66 116.34
DSRID-E 13.54 23.63
DSRID-G 12.12 24.12
DSRID-S 38.64 99.47
DSRID-(E+G+S) 64.42 159.43
7
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