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2. Overview

1. Introduction

» Single Image 3D Shape Reconstruction

« Reason about the 3D geometry of objects from a
monocular image

 Motivation
* To better utilize the monocular cue, i.e., surface normal

« Contributions
« A novel optimization layer surface snapping Layer
* Improve 3D reconstruction qualit
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3. Surface Snapping Layer

* Input: shape M! = (V’, F‘) and normal estimate N
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4. Experimental Results

Quantitative Results Pix3D Split 2

Snapped Mesh

* Problem definition
« Given: an image
« (Goal: predict the object shape

characterized by a triangular mesh
M= (V,F)

 Approach overview

 lteratively update the initial mesh
using the refinement module and the
proposed surface snapping layer

« Surface snapping optimizes the
vertices of the mesh to match to the
estimated normal

* Failure cases of our approach
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* Np:the number of faces

e N;: normal of the it" face AP™" Normal Normal™® AP™® Normal Normal"™
F.: th . . _
+ Fiithe it face + X: optimization variable R T
+ Solve by using an efficient conjugate gradient I N

solver, use the sparsity pattern
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 Quantitative Results Pix3D Split 1
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