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Study on Algorithm of Depth Image Super-resolution Guided by High-frequency Information of
Color Images

LI Jiaying' , LTANG Yudong'*,LI Shaoji' ,ZHANG Kunpeng' and ZHANG Chao'**
1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

2 Key Laboratory of Ministry of Education for Computation Intelligence and Chinese Information Processing, Shanxi University, Taiyuan 030006,

China

Abstract Depth image information is an important part of 3D scene information. However, due to the limitations of acquisition
equipment and the diversity of imaging environments,the depth images acquired by depth sensors often have low resolution and
less high-frequency information, which limits their further applications in various computer vision tasks. Depth image super-reso-
lution attempts to improve the resolution of depth images and is a practical and valuable task. The RGB image in the same scene
has high resolution and rich texture information,and some depth image super-resolution algorithms achieve significant improve-
ment in algorithm performance by introducing RGB images from the same scene to provide guidance information. However, due to
the structural inconsistency between RGB images and depth maps,how to utilize RGB information fully and effectively is still ex-
tremely challenging. To this end,this paper proposes a depth image super-resolution guided by high-frequency information of co-
lor images. Specifically,a high-frequency feature extraction module is designed to adaptively learn high-frequency information of
color images to guide the reconstruction of depth map edges. In addition,a feature self-attention module is designed to capture the

global dependencies between features,extract deeper features to help recover details in the depth image. After cross-modal fusion,
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the depth image features and color image-guided features are reconstructed,and the proposed multi-scale feature fusion module is

used to fuse the spatial structure information between different scale features to obtain reconstruction information including

multi-level receptive fields. Finally, through the depth reconstruction module, the corresponding high-resolution depth map is re-

covered. Comprehensive qualitative and quantitative experimental results on public datasets have demonstrated that the proposed

method outperforms comparative methods,which verifies its effectiveness.
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Fig. 4 Architecture of multi-scale feature fusion module(MFFM)
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Table 1 Quantitative comparison with state-of-the-art approaches on four pubic datasets

Middlebury NYU V2 Lu RGBDD
Methods X4 X8  X16 X4 X8  X16 X4 X8  X16 X4 X8  X16
DJF!2t] 1.68 3.24 5.62 2.80 5.33 9.46 1.65 3.96 6.75 3.41 5.57 8.15
DJFR!25] 1.32 3.19 5.57 2.38 4.94 9.18 1.15 3.57 6.77 3.35 5.57 7.99
PACL26] 1.32 2.62 4.58 1.89 3.33 6.78 1.20 2.33 5.19 1.25 1.98 3.49
CUNetl32]) 1,10 2.17  4.33 1.92 3.70 6.78 0.91 2.23 4,99 1.18 1.95 3.45
DKNL2%] 1.23 2,12 4.24 1.62 3.26 6.51 0.96 2.16 5.11 1.30 1.96 3.42
FDKNC{29] 1.08 2,17 4,50 1.86 3.58 6.96 0.82 2,10 505 1.18 1.91 3.41
FDSRL30] 1.13 2,08 4.39 1.61 3.18 5.86 1.29 2.19 5.00 1.16 1.82 3.06
CTK T - - — 1.49  2.73  5.11 — - — - — —
DCTNet®]  1.10 2.05 4.19 1.59 3.16 5.84 0.88 1.85 39 1.08 1.74 3.05
LAGJ34] 1.07 1,86 3.57 1.34 2,71 539 0.89 1.73 4 — — -
SVLRM®] 1,11 2.13  4.34 1.51 3.21 6.98 0.93 2.19 5.44 — — —
DAGFL36] 1.15 1.80 3.70 1.36 2.87 6.06 0.83 1.93 4.80 1.22 1.97 3.00
PMBANet-"] — — — 1.06 2.28 4.98 — — — — — —
ours 1.0s 1.8 342 1.31 2.67 505 0,80 1.74 405 1.14 1.77 281
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4.3.3 HaREI branch aggregation network for scene depth super-resolution
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Table 2 Effects of different modules on model performance
NYU v2
Methods
X4 X8 X16
w/o HFEM 1.52 2.75 5.17
w/o FSM 1.54 2.88 5.22
w/0o MFFM 1.41 2.71 5.18
Ours 1.31 2.67 5.05
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