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Depth image super-resolution reconstruction based
on convolution neural network

Li Wei Zhang Xudong

(School of Computer Science and Information, Hefei University of Technology, Hefei 230009, China)

Abstract:In order to improve theresolution of depth imagemore effectively, a deeper convolution neural network is constructed in this
paper. The network directly adapts the low-resolution depth image as the initial input of the network, and learns the high-order
representation of depth image through the convolution neural network to obtain the features with more expressive ability. At the same
time, the sub-pixel convolution layer is introduced at the output layer of the network. Based on the extracted features, a set of sampling
filter is learned to achieve the amplification operation. For a better performance of the convergence, the residual network is added to our
network. The experimentsare conducted on four commonly used datasets, and the results show that our network is faster than other
advanced ones at the convergence rate. The proposed method can effectively protect the edge structure of the depth image, solve the
artifact problem,and reachesgreat performance both in qualitative and quantitative aspects.
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Fig. 1 The frameworkof typical convolution neural network
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Fig.2 The frameworkof theconvolution neural network
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Fig.3 Thestructure of a typical N-layer residual network
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Fig.5 Thereconstruction results with/without the residual network on the Middlebury dataset at a magnification of 3
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Table 2 Quantitative analysis of the reconstruction results with/without the residual network on the Middlebury dataset
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Fig.6  The reconstruction results with the different methods on the Middlebury dataset at a magnification of 4
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Fig.7 The reconstruction resultswith the different methods on the Laser Scan dataset at a magnification of 4
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Table 3 Quantitative analysis of the reconstruction results with the different methods on the Middlebury dataset ( RMSE)

#3 AREFETE Middlebury #iE&E FEE L RMWEE 54 (RMSE)

Cones Teddy Venus
X2 X4 X2 X4 X2 X4
Nearest 4.130 6 5.918 0 3.213 8 4.4772 2.1122 2.882 4
Aodhal'?! 4.2622 5.7399 3.2332 4.030 4 2.175 3 2.597 3
Xie! 4] 3.264 4 5.020 5 2.5055 4.043 4 1.454 0 2.502 7
Bicubic 2.5263 3.846 7 1.957 6 2.861 1 1.3393 1.939 7
Ferstl[ 3] 2.1850 3.497 7 1.694 1 2.5953 1.107 7 1.7419
Yang %! 2.0959 3.440 9 1.609 0 2.546 6 1.035 4 1.627 4
SRCNN!'7J 1.658 1 3.3253 1.313 3 2.108 9 0.582 1 1.003 4
Song! '8 1.435 6 2.978 9 1.197 4 1.800 6 0.559 2 0.879 6
RH B 1.204 1 2.6237 0.9818 1.745 2 0.428 8 0.6372

Table 4 Quantitative analysis of the reconstruction results with the different methods on the Middlebury dataset ( SSIM)

&4 AREFIETE Middlebury HiE&E FE2 &R EE 547 (SSIM)

Cones Teddy Venus
X2 X4 X2 X4 X2 X4

Nearest 0.954 4 0.918 1 0.960 1 0.928 0 0.985 4 0.973 9
Aodhal'?! 0.947 2 0.917 2 0.957 7 0.9314 0.982 7 0.975 6
Xiel'*] 0.969 6 0.937 3 0.973 0 0.938 5 0.992 2 0.980 3
Bicubic 0.9745 0.944 2 0.977 9 0.952 4 0.989 8 0.978 7
Ferstl[ 3] 0.980 2 0.952 6 0.9829 0.958 3 0.992 3 0.9819
Yangrﬂ] 0.982 0 0.954 1 0.984 1 0.961 9 0.995 1 0.986 0
SRCNN!'7J 0.986 5 0.957 6 0.987 1 0.964 4 0.998 0 0.9922
Song[m] 0.988 1 0.959 4 0.989 2 0.979 3 0.998 2 0.9953
VN iR 0.9913 0.966 2 0.9919 0.981 2 0.998 5 0.997 0

£ 5 AEFETE Laser Scan #{IE&E FEEERNEE S

Table 5 Quantitative analysis of the reconstruction results with the different methods on the Laser Scan dataset

RMSE SSIM

Scan21 Scan30 Scan42 Scan21 Scan30 Scan42

Nearest 10.386 6 8.1857 10.526 0 0.947 1 0.951 1 0.949 8
Xiel 4] 9.193 5 7.414 8 8.909 3 0.949 8 0.952 1 0.950 3
Bicubic 6.474 3 5.208 5 6.402 8 0.954 4 0.961 1 0.9527
Yangizz] 5.363 2 4.443 7 5.2772 0.950 3 0.959 2 0.949 6
SRCNN!'7J 4.6823 3.756 9 2.5182 0.958 8 0.966 8 0.968 2
AR 3.1794 2.850 0 2.856 3 0.967 2 0.976 5 0.980 6

(b) Bicubic

(c) Xie

[CORENT

(e) SRCNN

K8 A[FJrikAE RGBZ Kdla4E A1 RGBD Hflide Ly B 45 R OO RO 4)

Fig.8 The reconstruction resultswith the different methods on the RGBD and RGBZ dataset at a magnification of 4

(f) Our method
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Table 6 Quantitative analysis of the reconstruction results with the different methods on the RGBZ dataset

RMSE SSIM
01 05 09 01 05 09
Nearest 13.890 6 11.442 0 14.609 6 0.900 4 0.944 6 0.926 8
Xiel14) 12.796 3 10.614 2 14.932 0 0.914 5 0.954 8 0.928 6
Bicubic 8.805 2 7.201 0 8.657 6 0.916 1 0.9457 0.940 8
yang[ ] 7.399 4 6.092 4 7.0155 0.919 5 0.941 6 0.934 5
SRCNN!7] 5.378 7 3.839 6 6.274 2 0.9459 0.964 1 0.942 6
AT 4.294 0 3.3531 4.149 6 0.962 4 0.978 7 0.996 0
x7 AEFEERGBD HIEE FERERNEE S
Table 7 Quantitative analysis of the reconstruction results with the different methods on the RGBD dataset
RMSE SSIM
01 02 06 01 02 06
Nearest 3.706 2 6.245 3 4.305 5 0.957 6 0.956 3 0.9712
Xiel14] 3.680 9 5.923 4 3.895 6 0.9710 0.966 8 0.979 8
Bicubic 2.2150 3.5750 2.3550 0.979 6 0.974 5 0.9812
Yang %! 1.733 7 2.6850 1.7619 0.981 6 0.9752 0.9815
SRCNN!7] 1.741 8 3.013 4 1.5933 0.984 3 0.975 8 0.987 8
A 1.3919 2.097 6 1.145 4 0.985 6 0.979 0 0.988 6
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Table 8 Training time-consuming comparison

of different networks

1x10%/ 3x10%/ 4x10%/ 6x10°/ 8x10°%/

s h h h h
SRCNN[17J 7.97 6.64 8.86 13.28  17.11
3333 20.88  17.40  23.20  34.80  46.40
3-3(no residual) 12,53 10.44  13.92  20.88 -
33 13.53  11.28  15.03 - -
13-1 12.67  10.56 - - -
3 & i

T AR R TR B R 0 43 R TR I 3R AT A 1Y
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