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Introduction

Input:
RGB-D 1mmages

Output: 360° panorama
with 3D structure & semantics

3D Scene + Virtual Camera
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Whole room panorama representation: We use a sky-box-like multi-
channel panorama to represent 3D scenes. The views are circularly con-
nected, hence, observing the inner two views is equivalent to observing
the outer two views of its shifted panorama.

Training Data
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Output: Semantlc Structure View Extrapolatlon

In this paper, we explore the task of semantic-structure view extrapola-
tion. Given a partial observation of the room in the form of an RGB-D image,
the goal for this task is to predict both 3D structure and semantics for a full
panoramic view of the same scene.
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Synthetic Houses (SUNCG):
58,866 panoramas

Key Idea

Indoor environments are often highly structured. By learning over the
statistics of many typical scenes, the model should be able to leverage
strong contextual cues inside the image to predict what is beyond the
field of view.

Real Houses (Matterport3D):
5,315 panoramas

Prior Work: Color Only
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G: generator

Network architecture. The network uses a multi-stream
autoencoder structure. A PN-layer is used to ensure con-
sistency between normal and plane distance predictions.
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Data Representation

L]
(x, v, 2) (Xg» Yo o)

>

Observatiol d ;
(A) Depth encoding (B) Plane equatlon encoding (C) Plane fitting on (B)

X

ax +bx+cy-p=0

Surface normal 3D structure represeptat.ion: We propqse to repre—
sent the 3D surface using its plane equation, which
n (a,b,c) N
. decomposes the 3D surface into its surface normal
Plane distance (a,b,c) and plane distance to the origin (p). Top
to origin (p) shows predictions with different encodings.

Im2Pano3D Network

scene classification
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Network losses. To provide meaningful supervision
we use multiple loss functions which consider pixel
level accuracy and global contextual consistency.
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Input Camera Configuration

(a) middlel (5.3%) (b) middle3 (16%) (¢) middle6 (32%) (d) t0p6 (40%) (e) one rgbd+motion (14%) (f) rgbpano (100%) (g) rgbpano+1(100%)
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For different input camera configurations, Im2Pano3D provides a unified framework to effi-
ciently fill in missing 3D structure and semantics of the unobserved scene. The observation

coverage is shown in parentheses. The data for [RGB-D+motion] comes from NYUv2.

Example Results
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highest probability classes
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floor @) window (  bed ¢  door @ cabinet @ chair @ sofa @ tv ( table @) object

Left shows probability distribution of semantics. Right shows semantic labels with the high-
est predicted class probability for each pixel, and reconstructed 3D point clouds.
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ceiling @ wall furniture

Observation Completion Ground truth

Human Completion

First column shows the input observa-
tions. Columns 2 to 5 are completion re-
sults from different users overlaid on the
observations. Sixth column shows ground
truth and our prediction.

Code & Data
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