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Depth Image Super-Resolution Reconstruction Network Based on
Dual Feature Fusion Guidance

Geng Haowen, Wang Yu ', Xin Yanling
College of Information Science and Engineering, Changchun University of Science and Technology,
Changchun 130012, Jilin, China

Abstract A depth image super-resolution reconstruction network (DF-Net) based on dual feature fusion guidance is
proposed to address the issues of texture transfer and depth loss in color image guided deep image super-resolution
reconstruction algorithms. To fully utilize the correlation between depth and intensity features, a dual channel fusion
module (DCM) and a dual feature guided reconstruction module (DGM) are used to perform deep recovery and
reconstruction in the network model. The multi-scale features of depth and intensity information are extracted using a input
pyramid structure: DCM performs feature fusion and enhancement between channels based on a channel attention
mechanism for depth and intensity features; DGM provides dual feature guidance for reconstruction by adaptively selecting
and fusing depth and intensity features, increasing the guidance effect of depth features, and overcoming the issues of
texture transfer and depth loss. The experimental results show that the peak signal-to-noise ratio (PSNR) and root mean
square error (RMSE) of the proposed method are superior to those of methods such as RMRF, JBU, and Depth Net.
Compared to the other methods, the PSNR value of the 4X super-resolution reconstruction results increased by an average
of 6.79 dB, and the RMSE decreased by an average of 0.94, thus achieving good depth image super-resolution
reconstruction results.
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Fig.2 Structure diagram of depth feature extraction branch
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Fig. 7 Super-resolution results of Art depth images processed by different algorithms(4<). (a) Original drawings; (b) partial true
picture; (¢) TGV algorithm; (d) RMRF algorithm; (e) GF algorithm; (f) JBU algorithm; (g) MSG-Net algorithm; (h) FDKN
algorithm; (i) RCAN algorithm; (g) DepthSRNet algorithm; (k) proposed algorithm
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Fig.8 Super-resolution results of Laundry depth images processed by different algorithms(4X ). (a) Original drawings; (b) Partial true
picture; (¢) TGV algorithm; (d) RMRF algorithm; (e) GF algorithm; (f) JBU algorithm; (g) MSG-Net algorithm; (h) FDKN
algorithm; (i) RCAN algorithm; (g) Depth-SR algorithm; (k) proposed algorithm

#1 HES PR ERF RMSE/PSNR(dB)#8 bk
Table 1 RMSE/PSNR(dB) index results after super-resolution reconstruction

Method Scale Art Books Dolls Laundry Moebius Reindeer Average
2X  3.16/38.14  1.33/45.62  1.17/46.77 1.87/42.69 1.14/46.99 2.40/40.53 1.85/43.46
TGV 4 3.73/36.70 1.67/43.68 1.42/45.09  2.25/41.09 1.45/44.90  2.65/39.67 2.20/41.86
8X  7.12/31.08 2.27/41.01 2.05/41.90 4.05/35.98 2.41/40.49 4.33/35.40 3.71/37.64
16> 12.08/26.49 4.89/34.34 4.44/35.18 8.01/30.06 5.41/33.47 9.05/29.00 7.31/31.42
2X  2.31/40.85 1.24/46.24 1.24/46.29 1.55/44.31 1.23/46.34 1.80/43.01 1.56/44.51
RMRE™ 4X 3.50/37.25 1.81/42.96 1.64/43.84 2.32/40.82 1.74/43.30 2.62/39.76  2.27/41.32
8X  4.79/34.52 2.46/40.32  2.15/41.47  3.05/38.43  2.49/40.20  3.24/37.93  3.03/38.81
16> 7.18/31.01 3.32/37.71 2.97/38.67 4.46/35.14 3.28/37.80 4.51/35.03  4.29/35.89
2X  3.15/38.16  1.43/44.99  1.22/46.40 2.01/42.09 1.23/46.33 2.25/41.11 1.88/43.18
GFY 4x 3.90/36.30 1.76/43.21 1.64/43.83 2.47/40.29 1.73/43.37 2.82/39.14  2.38/41.02
8% 5.43/33.44  2.38/40.59  2.26/41.05 3.44/37.41 2.46/40.31 3.95/36.20  3.49/38.17
16X 8.15/29.90  3.34/37.65 3.45/37.37 5.03/34.10 4.16/35.75 5.83/32.81 4.99/34.60
2X2.69/39.53  1.11/47.22  1.02/47.96  1.60/44.05 0.91/48.95 1.87/42.69 1.53/45.07
IBULS 4X 4.04/36.00 1.88/42.65 1.49/44.67 2.64/39.70 1.52/44.49  2.86/39.00  2.41/41.09
8X  5.23/33.76  2.49/40.21 1.85/42.79  3.44/37.40 2.18/41.36  3.60/37.00  3.13/38.75
16> 7.13/31.07 3.96/36.18 2.52/40.10 5.96/32.63 3.08/38.36 4.38/35.30 4.51/35.61
2X  0.66/51.74 0.37/56.77 0.37/56.77 0.79/50.18 0.31/58.30  0.42/55.67 0.49/54.91
. 4 1.47/44.78 0.67/51.61  0.73/50.86  0.79/50.18 0.58/52.86  0.98/48.31  0.87/49.77

MSG-Net
8X  2.46/40.31 1.03/47.87 1.10/47.30 1.51/44.55 0.94/48.67 1.76/43.22  1.47/45.32
16X 4.57/34.93 1.63/43.88 1.63/43.89 2.63/39.73 1.69/43.57 2.92/38.79 2.51/40.80
2X  1.53/44.44  0.50/54.15 0.70/51.23 0.88/49.24  0.60/52.57 1.09/47.38 0.88/49.84
FDKN! 4 2.10/41.67 0.73/50.86  0.93/48.76 1.26/46.12 0.79/50.18 1.50/44.61 1.22/47.03
8X  3.16/38.14 1.21/46.48 1.30/45.85 2.00/42.11 1.24/46.26 2.27/41.01 1.86/43.31
16> 9.46/28.61  3.93/36.24  3.21/38.00 5.95/32.64 4.26/35.54 6.53/31.83 5.56/33.81
2X  1.01/48.04 0.37/56.77 0.47/54.69  0.55/53.32  0.43/55.46 0.72/50.98 0.57/53.21
RCANU 4>x  1.51/44.55 0.56/53.17 0.70/51.23 0.86/49.44 0.60/52.57 1.08/47.46  0.89/49.74
8X  2.20/41.28 0.85/49.54  1.02/47.96  1.33/45.65 0.88/49.24 1.57/44.21 1.31/46.31
16X
2X  0.53/53.63 0.42/55.66  0.49/54.33  0.44/55.25 0.44/55.26  0.51/53.88  0.47/54.67
o 4X 1.20/46.55 0.60/52.49  0.81/49.96  0.78/50.26  0.68/51.48 0.96/48.51  0.84/49.88
Depth-SRNet
8X  2.22/41.22 0.89/49.12 1.11/47.22 1.31/45.81 0.96/48.49 1.57/44.21 1.34/46.01
16X 3.90/36.30  1.51/44.54  1.54/44.38 2.26/41.06 1.56/44.27 2.47/40.29 2.21/41.81
2X  0.41/55.87 0.30/58.59  0.35/57.25  0.33/57.76  0.32/58.03 0.38/56.54 0.35/57.34
4X  0.95/48.57  0.42/55.67 0.61/52.42  0.59/52.71 0.50/54.15 0.79/50.18  0.64/52.28
proposed method

8X  2.15/41.48 0.76/50.51 0.97/48.39 1.15/46.91 0.73/50.86  1.48/44.73 1.21/47.15
16> 3.72/36.72  1.45/44.90  1.45/44.90  2.25/41.09  1.34/45.59  2.32/40.82 2.09/42.34
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