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Progressive occupancy network for 3D reconstruction
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Abstract

3D reconstruction means that reconstructing the 3D shape of the object in an image and a video. We proposed a progressive
occupancy network architecture that can recover not only the overall shape of the object but also the local details. Unlike the
original occupancy network, which uses a feature vector embedding information of the whole image, we extract and utilize the
different levels of image features depending on the receptive field size. We also propose a novel network architecture that applies
the image features sequentially to the decoder blocks in the decoder and improves the quality of the reconstructed 3D shape
progressively. In addition, we design a novel decoder block structure that combines the different levels of image features properly
and uses them for updating the input point feature. We trained our progressive occupancy network with ShapeNet. We compare
its representation power with two prior methods, including prior occupancy network(ONet) and the recent work(DISN) that used
different levels of image features like ours. From the perspective of evaluation metrics, our network shows better performance
than ONet for all the metrics, and it achieved a little better or a compatible score with DISN. For visualization results, we found
that our method successfully reconstructs the local details that ONet misses. Also, compare with DISN that fails to reconstruct
the thin parts or occluded parts of the object, our progressive occupancy network successfully catches the parts. These results

validate the usefulness of the proposed network architecture.
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Figure 1: 3D reconstruction results using ONet [11], DISN [13],
and our progressive occupancy network.
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Figure 5: The input image and the visualization of 3D reconstruction results using ONet [11], DISN [13], and our progressive occupnacy
network

DISN

Table 2: Result comparison of implicit function based network

Chamfer Distance () IoU (1) Normal Consistency (1)
ONet Disn  Ours | ONet Disn  Ours | ONet Disn Ours

category

airplane 0.147 0.130 0.134 | 0.571 0.570 0.578 | 0.840 0.829 0.831

bench 0.155 0.165 0.171 | 0.485 0.451 0.465 | 0.813 0.797 0.802

cabinet 0.167 0.164 0.163 | 0.733 0.742 0.741 | 0.879 0.883 0.880

car 0.159 0.173 0.169 | 0.737 0.728 0.734 | 0.852 0.846 0.847

chair 0.228 0.211 0.212 | 0.501 0.532 0.529 | 0.823 0.826 0.824

display 0.278 0.222 0.215 | 0471 0.555 0.552 | 0.854 0.874 0.864

lamp 0.479 0.268 0.261 | 0.371 0.445 0.449 | 0.731 0.757 0.751

loudspeaker 0.300 0.241 0.236 | 0.647 0.701 0.697 | 0.832 0.860 0.859

rifle 0.141 0.111 0.104 | 0.474 0.552 0.557 | 0.766 0.801 0.799

sofa,couch,lounge | 0.194 0.186 0.184 | 0.680 0.690 0.693 | 0.863 0.870 0.869

table 0.189 0.168 0.173 | 0.506 0.538 0.541 | 0.858 0.858 0.858

telephone 0.140 0.141 0.131 | 0.720 0.712 0.715 | 0935 0.930 0.929

vessel 0.218 0.194 0.191 | 053 0.558 0.562 | 0.794 0.789 0.783

mean 0.215 0.183 0.180 | 0.571 0.598 0.601 | 0.834 0.840 0.838
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Figure 6: Scores changes of three evaluation metrics according to the number of decoder blocks
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Figure 7: Reconstruction visual results that depend on the network’s iterations

Table 3: Results of for different network architectures

Chamfer distance ~ IoU  Normal consistency
ONet 0.215 0.571 0.834
CBNconcat 0.200 0.578 0.831
CBNsingle 0.198 0.582 0.832
Ours 0.180 0.601 0.838
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(a) ONet

(b) CBNconcat (C) CBNsingle

(d) Ours (e) Input

Figure 8: Visualization of reconstruction results using four different occupancy networks
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