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Related Work

Database
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Context-based
two-layer Classifier

Over-segmented

Unrecognized

Contour Model

Lo

Recognized

Matched Objects "1 § w

Matched Parts

Primitive Fitted

Automatic Semantic Modeling of Indoor Scenes from Low-quality RGB-D Data using Contextual
Information, ACM Siggraph Asia 2013.




Related Work

Figure 10: Semantic modeling result: dining room
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Figure 11: Two example scenes reconstructed using RGB-D images from the NYU Depth Dataset.




A First Step — Scene Understanding




Pipeline

Input image with user

: _ Iteration of segmentation and model retrieval
interaction

Final models
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Fig. 1. The pipeline of our framework. The user first drags a few semantic boxes surrounding the objects of interest . We then conduct object
segmentation and 3D model retrieval iteratively, yielding the optimal models with rough poses. Finally, we estimate the layout of the scene and
refine the poses of all the objects under a unified framework. The 3D models are composed together to obtain the resulting scene.




Object Segmentation

> A Markov Random Field Multi-labeling Problem

The energy function:

P(U|F)P(F)

P(F|U) = P

Likelihood term: P(U|F) = 1_[ exp(—o(s, f;, U))

SES

Prior term: P(F) = 1_[ exp(—A(p(s, t) + ab(s,t)6(fs, i)

(s,t)eEN

solved by Graph Cut Algorithm



Object Segmentation with Model Images




Model Retrieval

> The matching score is calculated as:

—p(1 = Sy)?

So = (Sp + Sp)exp( (ST — 522 )

Sr: forward matching score
Sg:backward matching score
Sy: mask similarity
Sy maximum mask similarity

Sy: average mask similarity



Model Retrieval with Object Segmentation
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Results — Model Retrieval
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Fig. 14. Top five retrieved models obtained by [18] and our method.
Left: The input images with specified target objects. Right: The top five
retrieved models, in which for each group the first row is the results by
[18], and the second is ours.




Pose Refinement




Results — Scene Reconstruction

Fig. 13. Comparison of model retrieval and scene reconstruction. (a): Input images. (b): HOG results. (c): Results by [17]. (d): Our results without
pose refinement. (e): Our results with pose refinement. (f): Our final rendering results.



Results — Scene Reconstruction

Fig. 13. Comparison of model retrieval and scene reconstruction. (a): Input images. (b): HOG results. (c): Results by [17]. (d): Our results without
pose refinement. (e): Our results with pose refinement. (f): Our final rendering results.




Results — Segmentation

Fig. 18. Comparison of segmentation results. (a): Input images. (b): PSPNet [41]. (c): GrabCut [32]. (d): Our method. (e): Ground truth.
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Motivation

» Increasing needs for non-designers to decorate their
houses

» Assigning materials using 3D modeling software is time-
consuming and requires professional skills




Colorization Pipeline
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Image-guided Furniture Colorization




The

Database

Photo Name Number Texture
bedroom10013 jpg Bed frame 0 Wood
bedroom10013 jpg Bed pillow Fabric

Indoor bedroom10013 jpg Wall Fabric
bedroom10013 jpg Curtain 3 Fabric
| mages bedroom10013 jpg Bed clothes Fabric
bedroom10013 jpg Cabinet surface 5 Wood
bedroom10013 jpg Floor Fabric
bedroom10013 jpg Cabinet ] Wood
bedroom10013 jpg Bed 014
bedroom10013 jpg Cabinet handle Metal

bedroom10013 jpg Cabinet
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Furniture Colorization

» A classification problem

» Features:

° Local: Curvature, PCA, Shape Diameter Function (SDF), Average

Geodesic Distance (AGD), Shape Context and Spin Image

> Global: Histograms of the Gaussian curvature, AGD feature and

SDF feature

» Classifier: JointBoost
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Scene Colorization

» A Markov Random Field Framework

The energy function:
E:ED+aE5+ﬁEC

Data term: Ep = z log(G(Cpy,))
i
Smoothness term: Eg = Z log(G(Cy,, CMj))
ij

. 1 .
Constraint term: E, = —Eziz,izl min ||Cy, — CMin
j

solved by Markov Chain Monte Carlo Sampling



Colorization by Examples







Results
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» Large scale geometry can
be modeled easily, but
small scale geometry is the
key to PHOTOREALISTIC
RENDERING (T Mk &% v
R I LS RK)




= AR = 4E R RARTY

X mE IEX &0 =8
9iE/fs 8084Rk Normal Diffuse Specular Displacement Alpha #{{isH]

Normal m Diffuse Specular

SCRIRR pizi=2250n0
HE
Bias . ‘ '
EER 0 EEs 0
#BE
v diffuse v specular
v normal v alpha

v displacement

o)
RS0
wematm )
damas
SR INATHRE
BEREEes

100%

ZirEE  EREsl B




)\

ERGR=LEEIRMNER

"
it

Normal

—— U
7 : a
=@
XS
| el %

S N
R

v

[

& ,}‘.



ERGER=LEZZREFAERER
M BRIER B A0 S i il e




EAGR=4E
4 AR AR



wEAR

> ERIpE = HEEMR
o BT HRERNENGS S HRE
o BETFNEFSINEAGSEHEE
o IR R LA IR E M RIS IR

> IS () =% EE
> RBAMRIIENE




-,s.s o 47 % = > 4 " - 7 P
A By ave 5 - AP % b = . » M a v e SN .

II| I I"III 1] [ f SR Y g iel i =l 11 (i !"Ill i lﬁ!

.-l A GuN Nhaad RRam AN I‘ o R, ¥ 9 | S ; . o " Uinn

L RELE
L




=0 (W) KIpR=4ER




= (W) KIGR=4EER




wEAR

> ERR = HEERTEL
o BT BRERHENGHR=HEE
o BETNRFINENHRONES
o MRREH LR IR A A

> =I5 () == 4HER

> REMRITIENA




=30
ey
el

FEFAER SE

. F
5 B R B 1R TR ST
FHE S B

EZaTil T Al

V4



Rendering of Forests.avi
Rendering of Forests.avi
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