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Figure 2 Image comparison of experimental results
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Figure 4 The output images of the algorithm
1 BPR
Table 1 BPR comparison of experimental output results
TGV ¢ 2 PCJBF " AR ’
Art 0.157 6 0.147 6 0.117 6 0.123 1 0.0931
Books 0.120 0 0.111 2 0.090 0 0.103 4 0.081 4
5 Dolls 0.115 4 0.100 1 0.093 7 0.109 5 0.090 6
Laundry 0.1159 0.115 7 0.102 8 0.108 6 0.090 4
Moebius 0.114 1 0.107 1 0.094 1 0.106 3 0.011 9
Reindeer 0.143 7 0.121 2 0.113 7 0.110 4 0.103 6
Art 0.184 6 0.171 8 0.124 6 0.146 1 0.119 8
Books 0.154 8 0.148 2 0.110 1 0.115 1 0.104 9
4 Dolls 0.147 6 0.130 6 0.117 6 0.119 7 0.115 3
Laundry 0.1319 0.124 4 0.121 9 0.1215 0.120 6
Moebius 0.144 5 0.131 7 0.118 2 0.120 9 0.041 6
Reindeer 0.177 4 0.162 6 0.147 4 0.132 4 0.1283
Art 0.239 5 0.201 2 0.149 5 0.173 1 0.140 9
Books 0.189 3 0.171 1 0.139 3 0.139 7 0.125 8
g Dolls 0.194 0 0.169 2 0.144 0 0.150 6 0.139 6
Laundry 0.163 9 0.152 3 0.150 8 0.168 0 0.142 2
Moebius 0.190 6 0.159 8 0.135 8 0.155 1 0.103 4
Reindeer 0.202 4 0.193 8 0.170 4 0.167 8 0.156 8
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Figure 5 Algorithm experiment output image
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Figure 6 Algorithm experiment error image
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Adaptive Parameters and Edge Point Guided Depth Image Super-esolution

WAN Wenbo' ZU Lanjing’ XUE Zeying® WANG Chunxing’

( 1.College of Information Science and Engineering Shandong Normal University Jinan 250358 China; 2.College of Physics
and Electronic Science Shandong Normal University Jinan 250358 China)

Abstract: Depth cameras such as TOF can obtain low-—resolution depth images only and cannot meet the
needs of 3D vision systems. High—<esolution depth images can be obtained by the super—resolution algorithm of
depth images but with problems such as artifacts in local areas of the image and unclear edge structures due to
texture replication. Based on the HR depth pseudo-matrix an algorithm of depth value reconstruction guided
by adaptive parameters and edge points is proposed. In this paper the pixels in the edge area of the low—reso—
lution depth image are used to find the pixels with the wrong depth value in the correction image: and cluste—
ring is performed to obtain the reconstructed depth image. By introducing an autoregressive model guided by
adaptive parameters the depth value of pixels in the edge area is predicted. The experimental results prove
that the algorithm can effectively reduce the ambiguity of the depth discontinuous area and obtain higher quality
high—esolution depth images. Compared with the existing algorithms when the upsampling factors are 2 4
and 8 the average dead pixel rate of the output results of this algorithm is lower than 0. 1 which can effec—
tively verify the advantages of the algorithm in this paper.

Key words: depth image; super—esolution reconstruction, adaptive parameters; edge point detection;

depth correction



