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• This paper examines the problem of predicting the 3D shape of an object from a single image.
• We perform a systematic evaluation of design choices such as shape representation and 

coordinate frame.
• Is it better to represent shape volumetrically or as multiple 2.5D surfaces observed from 

varying viewpoints? What effect does the coordinate system have on prediction? 

• Viewer-centered : Object shape is predicted relative to the viewpoint of the input image, which 
requires encoding both shape and pose.

• Object-centered: Shape is predicted in a canonical pose specified by the dataset, which is 
standardized across training and prediction evaluation. The focus of most previous studies.

• Multi-surface: Shape is modeled as silhouettes, depth, or normal maps from multiple different 
viewpoints.

• Voxels: Shape is modeled as a set of filled 3D voxels. The focus of most previous studies.
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What effect does object representation have on prediction?

CNN predicts depth and silhouette for each view Create surface from all 3D points (FSSR: Floating 
Scale Surface Reconstruction) [2]
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• Three difficulty settings:
    - Novel view: new view of model that is in training set
    - Novel model: new model from a category that is in training set
    - Novel category: new model from a category that is not in the training set • Same procedure applied in all cases.

• Evaluation metrics:
    - Voxel intersection-over-union, surface distance, silhouette IoU, depth error.
    - Surface distance tends to correspond better to qualitative judgments of
      accuracy when there are thin structures.

• Tasks:
    - 3D shape from single depth
    - 3D shape from real-world RGB images

• Object representation
    - Coordinate system: Viewer-centered and object-centered.
    - Shape: Voxels and surfaces.
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• Viewer-centered coordinates is advantageous for novel objects, while 
object-centered representations are better for more familiar objects.

• Surface-based methods outperform voxel representations for objects from 
novel classes and produce higher resolution outputs.
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Surface reconstruction methods are used to resolve noise in predictions generated by neural networks 
rather than sensor observations.

Synthetic Training Data

Top: RGB training images generated using RenderForCNN [3]. Our 
RGB dataset consists of 2.4M renderings of 34,000 3D CAD 
models from 12 object categories in ShapeNet.

Left: Viewpoints from which the multi-surface ground truth depth 
images were generated.

• For 3D reconstruction, it is important to be able to see 
the object from certain viewpoints – e.g. the cup 
category needs at least one view from the top to cover 
the concavity.

• This viewer-centered approach does not require 
alignment between the 3D models and allows learning in 
an unsupervised manner on synthetic data.

Multi-surface Prediction Network

We use an encoder-decoder network to predict a set of silhouettes and depth maps from a single 
depth or RGB image. We compare this with a volumetric prediction network by replacing the 
decoder with a 3D up-convolutional voxel decoder.

Findings:


