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Contribution:

1. We propose Shading-SfM-Net, leveraging the benefits from both SfS and SfM networks simultaneously, to aid scene reconstruction

2. The network introduces an adaptive keypoint and layout-based consistency and a curved surface consistency between Albedo and
depths, which firmly constrain the learning process on low and non-textured regions

3. The 3D point clouds from SfM at different time are further optimized by registering with the point cloud from shape-from-shading
network, to build a 3D geometric registration loss, which exploits their mutual information and overcomes the spatial confusion of
SfM systems in low or no texture regions of challenging indoor images.

4. The unsupervised manner in which the entire framework is designed mitigates the training requirement while enhancing the robust
generalization capability.

Overview:
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We propose to train the shading network and structure-from-motion network simultaneously to overcome the potential failure on low-texture GeoNet [77] \ \ \ \ \ \
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Visual comparisons of 3D reconstruction on NYUv2 dataset. From left to P*Net [79](3-frame)

scenes. Blue arrows and lines represent the data flow and predictions; Green lines mark the loss constraints for guiding the learning process.

Methodology Details:

CCCcCcCcCcCccCcCCcCcCcCcCuuunnuunnununun

0.159 0.599 0.068 | 0.772 0942 0.984
. . . HR-Depth [54] 0.161 0.5396 0.069 | 0.762 0.944 (0.983
A. Shading Navigated Learning Scheme right: input (1st column); result from our method (2nd column), Lite-mono Lite-Mono [52] 0.158 0588 0068 | 0.766 0.945 0.984
RA-Depth [27] 0.152 0.576 0.063 | 0.775 0.949 (0.987
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shading map S, and Light resource L. reconstructed 3D scene is shown from two perspectives for comparison.
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« With the estimated Albedo A, the estimated surface normal N, the inferred shading S and light source L, the reconstructed image can be rendered by Methods Type o 'f{;gfs Cogl0 T3, f“;‘f 5
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 To mitigate the influence of dramatic image intensity variation between two consecutive images, we use two trainable parameters m and b based on the Visual comparisons of 3D reconstruction on ScanNet dataset. From left to Lite-Mono [52] | U | 0172 0434 0062 | 0729 0944 0.984
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« Apply keypoint and brightness based consistencies as supervisions to guide the Iearning. (3rd column), HR-depth (4th column), and RA-Depth (5th column). Quantitative depth comparison on ScanNet dataset.
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C. Layout Consistency Constraint _I(Kp(i, ) ~Di(Kp(i, )l

 Align the structural layout lines detected from the input image with those extracted from the back-projected image rendered from the reconstructed 3D scene.

« Encourage the reconstructed geometry and camera pose to faithfully preserve dominant layout structures such as wall-floor and wall-wall boundaries,
even in partially visible scenes.
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D. Joint Framework Optimization
« Surface shape consistency: Depth and normal vectors from the shading network and SfM should be consistent.
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