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Reconstruction / Localization

3D Indoor Scene Understanding



Scene Geometry via Humans [Fouhey et al., 2012]

D. F. Fouhey, V. Delaitre, A. Gupta A Eftros, |. Laptev, J. Sivic, People Watching: Human Actions as a Cue for Single
View Geometry, ECCV, 2012

@ Exploit human actions and location in time-lapse videos (or single
image) to infer functional room geometry (walkable, seatable and
reachable surfaces)

]

Sitting Reaching

Room A

Figure: In which room are these people?
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Scene Geometry via Humans [Fouhey et al., 2012]

D. F. Fouhey, V. Delaitre, A. Gupta A Eftros, |. Laptev, J. Sivic, People Watching: Human Actions as a Cue for Single
View Geometry, ECCV, 2012

@ Exploit human actions and location in time-lapse videos (or single
image) to infer functional room geometry (walkable, seatable and
reachable surfaces)

] T

Sitting Reaching 2 ¥
Room A

Figure: In which room are these people?

Answer: Room A
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Scene Geometry via Humans [Fouhey et al., 2012

Detect people and parse their pose
Infer room layout by imposing that humans are inside the room

Use layout and human pose to predict the interacting surfaces

Human pose used to predict contact points with the surfaces

- L
e
Sitting
Walkable

-
(a) Action and Pose Detections

Sittable surfaces
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Scene Geometry via Humans [Fouhey et al., 2012

Detect people and parse their pose
Infer room layout by imposing that humans are inside the room

Use layout and human pose to predict the interacting surfaces

Human pose used to predict contact points with the surfaces

Figure: Poses indicate contact points with the interacting surface.
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Scene Geometry via Humans [Fouhey et al., 2012

(b) Appearances + People (Our approach).

Location Appearance Only People Only Appearance + People
Lee et al. Hedau et al.

Overall  64.1% 70.4 % 74.9% 70.8% 82.5%

Figure: Time-lapse videos

Location Appearance Only Appearance + People
Lee et al. Hedau et al. Ours with Ground Truth Poses
Overall  66.4% 71.3% 77.0% 79.6% 80.8%

Figure: Single image prediction
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Scene Geometry via Humans [Fouhey et al., 2012]

Input Image Functional Regions Scene Geometry
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Normals from Single Image [Wang et al., 2014]

( Xiaolong Wang, David F. Fouhey, Abhinav Gupta, Designing Deep Networks or Surface Normal Estimation, Arxiv, Nov >
2014

@ Goal is to predict surface normals from a single image

@ For amazing performance use deep learning

Input Image Surface Normal (Output)
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Normals from Single Image [Wang et al., 2014]

@ Train three networks:
o Global: input full image, output coarse normals and layout
e Local: local image patches, output finer normals and edge classification
(concave, convex, occlusion)

o Fusion: take a result form both networks and feed it to another network

Top-Down

-m Fusion
Bottom-Up ' -
iy =

Input: Single Image

Output: Surface Normals
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Normals from Single Image

[Wang et al., 2014]

@ Train three networks:

e Global: input full image, output coarse normals and layout

o Local: local image patches, output finer normals and edge classification

(concave, convex, occlusion)

e Fusion: take a result form both networks and feed it to another network

3x3
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55x55x3 Image 64
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l Triangle
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Fully
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Fully:
Connected % Decoding
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Normals from Single Image [Wang et al., 2014]

@ Train three networks:
e Global: input full image, output coarse normals and layout
o Local: local image patches, output finer normals and edge

classification (concave, convex, occlusion)
o Fusion: take a result form both networks and feed it to another network

Fully Fully
Conriected Cunnccmd

4096
(b)

¢ - Conv
Layers
L Fully Fully /
c“mcmd Connected
4 Layers
195x260x3 Image 4096

(a)
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Normals from Single Image [Wang et al., 2014]

Ground Truth Output

Input Image Output Input Image Output Input Image Output
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Normals from Single Image [Wang et al., 2014]

Table 1: Results on NYU v2 for per-pixel surface normal
estimation, evaluated over valid pixels.

Summary Stats. (°) % Good Pixels

(Lower Better) (Higher Better)
Mean Median RMSE 11.25° 22.5° 30°

Our Network 25.0 13.8 359 442 63.2 70.3
UNFOLD [7] 35.1 192 487 37.6 53.3 589
Discr. [20] 325 224 433 274 502 60.2
3DP (MW) [6] 36.0 20.5 494 359 52.0 57.8
3DP [6] 342 300 414 186 38.6 499
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Inserting Objects [Karsch et al., 2011]

arsch, V. Hedau, D. Forsyth, D. Hoiem, Render ynthetic objects into legacy photographs, SIGGRAPH'11

link to video
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https://vimeo.com/28962540

How Many Times Have You Looked for Apartments?

United States:

@ 11.7% per year

Craigslist:

@ 90,000 rental ads
per day only in
New York

@ 10 million people
B visit the website
per day

[From Rent3D slides]
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Example Rental Data

T 1
Reception |

oom
656 x3.48m
217x115

L

Bedreom
386x375m
1280124

A

Becroom =
382 x2.06m|

@ Plus some meta information e.g. wall height

[From Rent3D slides]
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Rent3D: View Rental Ads in 3D [Liu et al., 2015]

C. Liu, A. Schwing, K. Kundu, R. Urtasun, S. Fidler, Rent3D: Floor-Plan Priors for Monocular Layout Estimation,
CVPR'15 2015

Data: http://www.cs.utoronto.ca/~fidler/projects/rent3D.html
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http://www.cs.utoronto.ca/~fidler/projects/rent3D.html

Rent3D: View Rental Ads in 3D [Liu et al., 2015]

@ Camera localization within apartment
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Overview [Liu et al., 2015]

— ¥

Reception
Room
6.58 x 3.48m
27 x 115

Bedroom
386x3.75m

128 x 124 g

126x 69

|
‘
n
Bedroom ~
382x206mpf]
-
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[Liu et al., 2015]

reception

bathrm.
p kitchen

= &
B

bedroom

Accurate camera localization:

@ Scene cues
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Overview [Liu et al., 2015]

Reception
Room
6.58 x 3.48m
27 x 115

.

i

Bedroom
3.86x 3.75m

128 x 124 Q

windows
.

Accurate camera localization:

@ Scene cues

@ Semantic cues
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Overview [Liu et al., 2015]

# i 1
Reception

oom
6.58 x 3.48m
217 x 115

L

[

Bedroom
3.86% 3.75m

128x 124 Q

Accurate camera localization:
@ Scene cues
@ Semantic cues

@ Geometric cues by exploiting the dimension information
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

Reception

Room
6.56x3.48m
2A7x 115

Bedroom
386x3.75m

128x 124 m

T
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

Front wall is the plane defined by vpy and vp;

Room
6.58x 3.48m
2A7x 115

Bedroom
386x375m

128x 124 m

[
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

o ¢, €{1,...,|C/|} ... a discrete variable representing within room r which
wall the picture is facing (|C;| the number of walls in a room)

— 1
Reception
Room |
6.56x 3.48m | L=
2A7x115 | L1+
AT T
A
| .
moaEEEEE
VP2

i

Bedroom

386x375m
ss2x205m ]

128x 124 $
12669

--IJ mcr ) | B ]
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

o ¢, €{1,...,|C/|} ... a discrete variable representing within room r which
wall the picture is facing (|C;| the number of walls in a room)

q i 1
Reception

Room
6.5 x 3.48m
2A7x 115

T
L R
|
==

\,<:
N

L

i

Bedroom
386x375m

128x 124 $

382x2.06m I 5
| 126 %69 4 - e
1

S. Fidler, R. Urtasun 3D Indoor Scene Understanding



Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

o ¢, €{1,...,|C/|} ... a discrete variable representing within room r which
wall the picture is facing (|C;| the number of walls in a room)

— 1
Reception
Room |
6.56x 3.48m | L=
2A7x115 | L1+
AT T
A
| .
moaEEEEE
VP2

i

Bedroom

386x375m
ss2x205m ]

128x 124 $
12669

--IJ mcr ) | B ]
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

o ¢, €{1,...,|C/|} ... a discrete variable representing within room r which
wall the picture is facing (|C;| the number of walls in a room)

q i 1
Reception

Room
6.58 x 3.48m
2A7x115

L1
14
L
=<1

T
A
T
T
L R
|
==

\,<:
N

L

i

Bedroom
386x375m

128x 124 $

T
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

@ ¢, €{1,...,|C/|} ... a discrete variable representing within room r which
wall the picture is facing (|C,| the number of walls in a room)

@ y ... rays representing a room layout

Typical parametrization for room layout (Hedau et al.):

r; &
\ 2 3/ i
VP y“£ VP2
i
\ .

@ Room is a 3D cuboid

Yal/ Y3
o y=(y1,¥2,)3,¥a)

@ 4 rays needed to define it
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Formulation [Liu et al., 2015]

@ re{l,...,R} ... discrete random variable representing the room

@ ¢, €{1,...,|C]} ... adiscrete variable representing within room r which
wall the picture is facing (| C,| the number of walls in a room)

@ y ... rays representing a room layout

@ The problem formulated as inference in a Conditional Random Field with the
following energy:

E(r; Cry Y) = Escene,type(r) + Elayout(ra Cr, Y) + Ewin(ra Cr, Y)
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Energy Terms: Scene Type [Liu et al., 2015]

E(r7 Cr, y) = Escene,type(r) + E/ayout(ry Cr, Y) + Ewin(r7 Cr, Y)

@ Potential: Score of a scene classifier predicting scene type (e.g., bedroom,
kitchen, reception)
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Energy Terms: Scene Type [Liu et al., 2015]

E(r7 Cr, y) = Escene,type(r) + E/ayout(ry Cr, Y) + Ewin(ry Cr, Y)

@ Potential: Score of a scene classifier predicting scene type (e.g., bedroom,
kitchen, reception)
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Energy Terms: Layout [Liu et al., 2015]

E(r, Cr, Y) = Escene.type(r) + E/ayout(r7 Cr, Y) + Ewin(ry Cr, Y)

Orientation Map (Lee et al.) Geometric Context (Hedau et al.)
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Energy Terms: Layout [Liu et al., 2015]

E(r, Cr, Y) = Escene.type(r) + E/ayout(r7 Cr, y) + Ewin(ry Cr, Y)

r r
\ 2 3/ S
VP y“£ Py
Y1
Y2\|/y3

Orientation Map (Lee et al.) VP1

@ Potentials: Counts of blue, red, etc, pixels inside and outside of each wall

@ Fast computation using integral geometry [Schwing et al., 2012]
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Energy Terms: Layout [Liu et al., 2015]

E(ry Cr, Y) = Escene,type(r) + Elayout(-, Y) + Ewin(r7 Cr, Y)

width ; \ rn r3/ r
¥ 14
t —_—
height i 1 VpO y45 sz
ﬂ 7
™
L '
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Energy Terms: Layout [Liu et al., 2015]

E(ry Cr, Y) = Escene,type(r) + Elayout(-, Y) + Ewin(r7 Cr, Y)

\ 2 1y

L — r4
VPg y4£ VP>
Y1
—

°oy=(y.y2,y3, %), Ya="f(r.ce,y1,y2,¥3)
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Energy Terms: Layout [Liu et al., 2015]

E(ry Cr, Y) = Escene,type(r) + Elayout(-, Y) + Ewin(r7 Cr, Y)

\ 2 1y

L — r4
VPg y4£ VP>
Y1
\ -

°oy=(y.y2,y3, %), Ya="f(r.ce,y1,y2,¥3)

@ Additional constraint on y:  Camera is inside the room
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Energy Terms: Windows [Liu et al., 2015]

E(I’, Cr, Y) = Escene_type(r) + E/ayout(r7 Cr,y y) + Ewin(ra Cr,y Y)

@ Window-background segmentation
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Energy Terms: Windows [Liu et al., 2015]

E(I’, Cra Y) = Escene-type(r) + E/ayout(r7 C,, y) + Ewin(7 y)

@ Window-background segmentation

@ Potential: count window pixels inside and outside the window area

6.58
M—p
091.04 2.7 1.040.9
DI

—

6.58
Cr——
0.91.04 2.7 1.040.9

0 1
\ '
v 1
1 '
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Learning and Inference [Liu et al., 2015]

@ We are minimizing the energy:

(r*, C;ka y*) = argmin (Escene,type(r) + Elayout(ra Cr, y) + Ewin(ra Cr, y))

rcr,y
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Learning and Inference [Liu et al., 2015]

@ We are minimizing the energy:

(r*, C;ka y*) = argmin (Escene,type(r) + Elayout(ra Cr, y) + Ewin(ra Cr, y))

rcr,y

@ Inference:
o Exhaustive enumeration of r and ¢,

o Exact branch and bound inference for y  [Schwing & Urtasun, 2012]
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Learning and Inference [Liu et al., 2015]

@ We are minimizing the energy:

(r*, C;ka y*) = argmin (Escene,type(r) + Elayout(ra Cr, y) + Ewin(ra Cr, y))

rcr,y

@ Inference:
o Exhaustive enumeration of r and ¢,

o Exact branch and bound inference for y  [Schwing & Urtasun, 2012]

@ S-SVM for training
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Dataset

[Liu et al., 2015]

@ Crawled a London apartment rental site

# apartments
# of images
# of indoor images
# images without GT alignment
avg. # rooms per apt
avg. # walls per apt
avg. # windows per apt
avg. # doors per apt

215
1570
1259
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Results: Layout Estimation [Liu et al., 2015]

@ We assume we know which wall the camera is facing

@ Metrics: Pixel accuracy for predicting 5 walls

] | Layout error  Evaluations  Test time [s] |

Schwing'12 13.88 16012.4 0.0208
Rent3D 11.69 1271.5 0.0037
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Results: Layout Estimation

[Liu et al., 2015]

@ We assume we know which wall the camera is facing

@ Metrics: Pixel accuracy for predicting 5 walls

|

| Layout error | Evaluations

Test time [s] |

Schwing'12
Rent3D

13.88
11.69

16012.4
1271.5

0.0208
0.0037

@ 2% reduction in layout error
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Results: Layout Estimation

@ We assume we know which wall the camera is facing

@ Metrics: Pixel accuracy for predicting 5 walls

[Liu et al., 2015]

|

| Layout error | Evaluations | Test time [s] |

Schwing'12
Rent3D

13.88
11.69

16012.4
1271.5

0.0208
0.0037

@ 2% reduction in layout error

@ 10 times less branching operations
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Results: Layout Estimation

@ We assume we know which wall the camera is facing

@ Metrics: Pixel accuracy for predicting 5 walls

|

| Layout error  Evaluations [ Test time [s] |

Schwing'12
Rent3D

13.88 16012.4
11.69 1271.5

0.0208
0.0037

@ 2% reduction in layout error

@ 10 times less branching operations

@ 10x speedup

S. Fidler, R. Urtasun
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[Liu et al., 2015]




Results: Camera Local

ization

[Liu et al., 2015]

@ Metrics: % of correct assignments of front wall to the apartment wall

’ ‘ Aspect  +Scene  +Room
Random 0.0328 0.1138 0.1954

Rent3D (no windows) | 0.0686 0.1945 0.2654
Rent3D (windowGT) 0.2128 0.4737 0.5995
Rent3D (window) 0.1670 0.3982 0.5080

S. Fidler, R. Urtasun
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Results: Camera Localization [Liu et al., 2015]

@ Metrics: % of correct assignments of front wall to the apartment wall

’ ‘ Aspect ‘ +Scene  +Room

Random 0.0328 0.1138 0.1954
Rent3D (no windows) | 0.0686 0.1945 0.2654
Rent3D (windowGT) 0.2128 0.4737 0.5995

Rent3D (window) 0.1670 0.3982 0.5080

Aspect: Only aspect ratio information (and not scene) used
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Results: Camera Localization

[Liu et al., 2015]

@ Metrics: % of correct assignments of front wall to the apartment wall

‘ Aspect ‘ +Scene | +Room

Random 0.0328 0.1138 0.1954
Rent3D (no windows) | 0.0686 0.1945 0.2654
Rent3D (windowGT) 0.2128 0.4737 0.5995

Rent3D (window) 0.1670 0.3982 0.5080

+Scene: Aspect information and scene classifier are used
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Results: Camera Localization

[Liu et al., 2015]

@ Metrics: % of correct assignments of front wall to the apartment wall

’ ‘ Aspect  +Scene ‘ +Room ‘
Random 0.0328 0.1138 0.1954
Rent3D (no windows) | 0.0686 0.1945 0.2654
Rent3D (windowGT) 0.2128 0.4737 0.5995
Rent3D (window) 0.1670 0.3982 0.5080

+Room: We know which room the picture was taken in
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Results: Camera Local

ization

[Liu et al., 2015]

@ Metrics: % of correct assignments of front wall to the apartment wall

’ ‘ Aspect  +Scene  +Room
Random 0.0328 0.1138 0.1954

Rent3D (no windows) | 0.0686 0.1945 0.2654
Rent3D (windowGT) 0.2128 0.4737 0.5995
Rent3D (window) 0.1670 0.3982 0.5080
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Results: Camera Local

ization

[Liu et al., 2015]

@ Metrics: % of correct assignments of front wall to the apartment wall

’ ‘ Aspect  +Scene  +Room ‘
Random 0.0328 0.1138 0.1954
Rent3D (no windows) | 0.0686 0.1945 0.2654
Rent3D (windowGT) 0.2128 0.4737 0.5995
Rent3D (window) 0.1670 0.3982 0.5080
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Results: Joint Layout and Localization [Liu et al., 2015]

III_I_I_II_I!I . " _‘

L}
BEDROOM |
Recton = |
s § oo wegmsemon ||
| |

sssxusm

il

382x2.06m|
12669 4

u’s 511
4imx2im

Red arrow: Groundtruth camera Green arrow: Predicted camera
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Results

[Liu et al., 2015]

Window+-Aspect

1 images out of 4
2 walls out of 8

BN
i.‘.
\

S. Fidler, R. Urtasun

+Scene +Room

4 images out of 4 4 images out of 4
8 walls out of 8 8 walls out of 8

3D Indoor Scene Understanding

Ground-truth




Reconstructing Museums [Xiao and Furukawa, 2014]

J. Xiao and Y. Furukawa, Reconstructing the Worlds Museums, V, 2014

@ Virtual tour of large indoor spaces (e.g., museums)

@ Uses a rig of cameras and three linear laser range sensors

The Metropolitan Museum of Art

Y 4 :
St V’"ﬁ?ﬂ"’

% il
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Reconstructing Museums [Xiao and Furukawa, 2014]

@ Virtual tour of large indoor spaces (e.g., museums)

@ Uses a rig of cameras and three linear laser range sensors

Figure: Red and blue points obtained with two different laser scanners
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Reconstructing Museums [Xiao and Furukawa, 2014]

3D CSG Model
| ~—
Construction of a Constructive Solid 3D Cuboid . w
isti | | |
Geometry (CSG) model consisting of 2D Rectangle -y &
[

volumetric primitives | I

2D Line /__/ __ L /

|

Point PR -;' — f.../

3D point cloud Segmented 2D slices Stacked 2D CSG models 3D CSG model Wall model Final textured model

_>._> @
et Eﬁ—j@» @

PRI S PSP,
iter #1: addition iter #2: addition iter #9: subtraction

Free space constraint Line extraction Iterative 2D CSG model reconstruction 2D CSG model

for each slice
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Reconstructing Museums [Xiao and Furukawa, 2014]

National Gallery
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http://vision.princeton.edu/projects/2012/museum/

Reconstructing Indoor Tourist Sites [Brualla et al., 2014]

R. Martin-Brualla, Y. He, B. C. Russell, S. M. Seitz, The 3D jigsaw puzzle: mapping large indoor spaces, ECCV, 2014
Project page: http://grail.cs.washington.edu/projects/jigsaw3d/

@ SfM using Internet photos of popular tourist sites

@ Place 3D models in a global reference frame (a floormap)

UPPER FLOOR
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http://grail.cs.washington.edu/projects/jigsaw3d/

Reconstructing Indoor ist Si [Brualla et al., 2014]

UPPER FLOOR

RAPHAEL >

—_
H
-1

RAPHAEL ->
ROOMS

Figure: Interactive visualization (link to video
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https://www.youtube.com/watch?v=CRRhyhaI7zY

Indoor Scene Understanding
with RGB-D Data

3D Indoor Scene Understanding



Difficult problem?

Noisy depth Missing depth
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R-CNN with Depth

[Gupta et al., 2014]

S. Gupta, R. Girshick, P. Arbelaez, J. Malik, Learning Rich Features from RGB-D Images for Object Detection and

Segmentation, ECCV'14

Code, data: https://github.com/s-gupta/rcnn-depth

@ Observation: The standard R-CNN pipeline doesn't work well for detection

on NYU-v2

@ Can we train a better network that includes depth?

bath| bed |book| box

tub shelf

mean

T
chair

count-|desk

-er

tele |toilet

vision

dress-|garba- monit-| night |pillow| sink | sofa [table

-er |-ge bin -or |stand

door lamp!

RGB DPM | 9.0| 0.9]27.6| 9.0| 0.1
RGBD-DPM|23.9(19.3|56.0{17.5| 0.6
RGB R-CNN|22.5|16.9|45.3|28.5| 0.7

7.8
23.5

7.3
24.0

25.9

30.4

0.7 25| 14| 6.6 [222| 10.0 | 9.2| 43| 59| 9.4| 55| 58 |34.4
6.2| 9.5|16.4 | 26.7 [26.7| 34.9 |32.6 | 20.7 |22.8(34.2|17.2| 19.5 | 45.1
9.7 [16.3| 18.9 | 15.7 |27.9| 32.5 | 17.0| 11.1 |16.6|29.4|12.7| 27.4 | 44.1
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https://github.com/s-gupta/rcnn-depth

R-CNN with Depth [Gupta et al., 2014]
@ Trick: Use network pre-trained on e.g. ImageNet and fine-tune it on a 3D
depth encoding “HHA”

@ HHA: horizontal disparity, height above ground, and the angle between
pixel’s normal and the inferred gravity direction

Output

Geocentric Encoding

SVM ! )
of Depth Classifier \ Object Detection

Disparity Height Angle Depth CNN
L Iy Features Extraction

3

RGB CNN Features
Extraction

Color and Depth
Image Pair

Region Proposal "
Generation 8

Instance Segm  Semantic Si
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R-CNN with Depth [Gupta et al., 2014]

@ Fine-tune network on synthetic views generated with Guo & Hoiem's models
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R-CNN with Depth [Gupta et al., 2014]

A B C D E F G H I J K L
DPM DPM |[CNN CNN| CNN CNN |CNN|CNN CNN|CNN CNN CNN
finetuned? no yes no yes yes | yes yes | yes yes yes
input channels| RGB RGBD|RGB RGB |disparity disparity| HHA |[HHA HHA|HHA HHA RGB+HHA
synthetic data? 2x  15x | 2x 2x 2x
CNN layer fc6  fc6 fc6 fc6 fc6 | fc6  fc6 |pools fc7 fc6
bathtub| 0.1 12.2 49 5.5 3.5 6.1 20.4120.7 20.7|11.1 19.9 22.9

bed| 21.2 56.6 |44.4 52.6 | 46.5 63.2 |60.6 672 67.8|61.0 62.2 66.5
bookshelf| 3.4 6.3 |13.8 19.5| 14.2 16.3 [20.7|18.6 16.5|20.6 18.1 21.8
box| 0.1 05 | 1.3 1.0 0.4 0.4 09| 14 10| 1.0 1.1 3.0
chair| 6.6 22.5 [21.4 24.6| 238 36.1 |38.7|38.2 35.2|32.6 374 40.8
counter| 2.7 14.9 |20.7 20.3| 18.5 32.8 324336 36.3|24.1 35.0 37.6

desk| 0.7 23 | 28 6.7 1.8 3.1 50| 51 7.8| 42 54 10.2
door| 1.0 4.7 |10.6 14.1 0.9 2.3 38| 3.7 34| 28 33 20.5
dresser| 1.9 232 |11.2 16.2 3.7 5.7 |18.4 (189 26.3|13.1 24.7 26.2

garbage-bin| 8.0 26.6 |17.4 17.8 24 12.7 26.929.1 16.4|21.4 25.3 37.6
lamp| 16.7 25.9 |13.1 12.0| 10.5 21.3 |24.5(26.5 23.6|22.3 232 29.3
monitor| 27.4 27.6 |24.8 32.6 0.4 50 |11.5|14.0 12.3|17.7 13.5 43.4
night-stand| 7.9 16.5 | 9.0 18.1 3.9 19.1 [25.2 273 221|259 27.8 39.5
pillow| 2.6 21.1 | 6.6 10.7 3.8 23.4 |35.0(32.2 30.7|31.1 312 37.4

sink| 7.9 36.1 |19.1 6.8| 20.0 28.5 [30.2122.7 249|189 23.0 24.2

sofa| 4.3 284 |15.5 21.6 7.6 17.3 |36.3|37.5 39.0|30.2 34.3 42.8

table| 5.3 14.2 | 6.9 10.0| 12.0 18.0 |18.8|22.0 22.6 |21.0 22.8 24.3
television| 16.2 23.5 |29.1 31.6 9.7 147 |18.4123.4 26.3|18.9 229 37.2
toilet| 25.1 48.3 |39.6 52.0| 31.2 55.7 |51.4|542 52.6|38.4 48.8 53.0
mean| 84 21.7 |16.4 19.7| 11.3 20.1 |25.2]26.1 25.6|21.9 25.3 32.5
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R-CNN with Depth [Gupta et al., 2014]
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Aligning CAD Models in RGB-D [Gupta et al., 2015]

S. Gupta, P. Arbelaez, R. Girshick, J. Malik , Aligning 3D Models to RGB-D Images of Cluttered Scenes, CVPR’'15

@ Goal: Align CAD models in RGB-D scenes
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Aligning CAD Models in RGB-D [Gupta et al., 2015]

@ Generate object candidates using previous approach
@ A deep net that predicts coarse pose (trained with model net)

@ A modified ICP to match a small number of category CAD models

| [Gupta et

. al. ++]

Instance Estimate

Input Segmentation Coarse Pose Align to data
3 layer CNN on normal Search over scale, rotation,
images frained on synthetic  translation and CAD model to
data minimize re-projection error
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Aligning CAD Models in RGB-D [Gupta et al., 2015]

5 5 B 5 .
2 g e = g ™ 5 2 2 o E =3 2 o o % g
E 5 : ] H 2 2 s 3
E 85|52 3 525 % 2 % % E 5z B P Z P § 3 3% 3
131 train 359395 694 328 13 419 443 133 21.2 314 358 358 50.1 314 390 424 50.1 235 333 464
APY [13] + Region Features train 39.3 1500 70.6 349 3.0 452 48.7 152 235 326 483 349 502 322 442 431 549 234 415 499
[13] trainval | 38.8 | 36.4 70.8 35.1 3.6 473 468 149 233 386 439 376 527 40.7 424 435 516 220 380 47.7

[13] + Region Features | trainval | 41.2 | 39.4 73.6 384 59 50.1 473 146 244 429 515 362 521 415 429 426 546 254 48.6 50.2
[13] (Random Forests) | train |32.1 | 189 661 102 15 355 328 102 228 337 383 355 533 427 315 344 407 143 374 503
AP” | [13] + Region Features | train | 34.0 | 338 644 9.8 23 36.6 413 9.7 204 309 474 266 516 27.5 421 37.1 448 147 427 626
[13] + Region Features | trainval | 37.5 | 420 651 127 51 420 421 95 205 380 503 328 545 382 420 394 466 148 48.0 684

Figure: Detection and instance segmentation

3Dall 3D clean
mean bed chair  sofa  table  toilet mean bed chair  sofa  table toilet
Our (3D Box on instance segm. from [13]) 48.4 747 18.6 50.3 28,6 69.7 66.1 90.9 459 682 255 100.0
Our (3D Box around estimated model) 585 734 442 572 334 84.5 71.1 82.9 5 753 24.6 100.0
Song and Xiao [34] 39.6 335 29.0 34.5 338 67.3 64.6 712 78.7 41.0 42.8 89.1
Our [no RGB!] (3D Box on instance segm. from [13]) 46.5 71.0 182 49.6 30.4 63.4 62.3 86.9 43.6 574 26.6 96.7
Our [no RGB!] (3D Box around estimated model) 57.6 72.7 415 54.6 40.6 72.7 70.7 84.9 75.7 62.8 33.7 96.7

Figure: 3D detection
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Aligning CAD Models in RGB-D [Gupta et al., 2015]
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Holistic Scene Understanding

@ Reasoning jointly about multiple related tasks may help

bathroom
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Holistic Scene Understanding [Lin et al., 2013]

( D. Lin, S. Fidler, R. Urtasun, Holistic Scene Understanding for 3D Object Detection with RGBD cameras, ICCV'13 )

Code, data: http://www.cs.utoronto.ca/~fidler/projects/scenes3D.html

@ Exploit RGBD imagery for category-level 3D object detection
@ Holistic approach: jointly reason about scene, objects, and context

point cloud with cuboids around objects
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http://www.cs.utoronto.ca/~fidler/projects/scenes3D.html

Cuboid Candidates [Lin et al., 2013]

@ Get candidate “objectness” regions with CPMC [Carreira et al., PAMI 2012]
extended to 3D

Take top K candidates ranked by objectness score
@ Project each region to 3D
@ Fit a minimal cube that contains 95% of the 3D points

@ Enforce the gravity vector of each cube to be orthogonal to the floor

example regions regions in 3D fit cuboids
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Holistic 3D Scene Model [Lin et al., 2013]

K K
p(y,s) o« exp W!¢s(5) + W;- Z ¢y(yi) + W;:ry Z ‘byy(yiayj) + W;ry Z ¢sy(57yi)

i=1 (7,)) i=1
cuboid class:
yi€{0,...,C} scene
(e.g. “living room”) . sofa
scene class: . bed
cuboids cabinet
sef{l,...,S} %, g,
%, o, o,
Yeeg | Pgeo Mteeg Yaeo

@ appearance
@ geometry
Pairwise:

@ spatial relations

@ semantic relations
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Unary Potentials

[Lin et al., 2013]

@ Scene appearance: Clas

sifier on RGB-D features

@ Ranking potential: Predicts amount of overlap of object candidate with
ground-truth  [CPMC-02p, Carreira et al., 2012]

@ Segmentation potential: Classifier on superpixels using RGB-D kernel

descriptors

@ Object geometry: Classifier on geometric features

RGB-D features:

Geometry features:

@ RGB: gradient, color,
LBP, self-similarity, SIFT

@ Depth: depth gradient,
spin/surface normal

radian

height
‘short width

long width

dist. to floor

[—

.
.

wall

Other features:

horiz. aspect = long width / short width
vert. aspect = height / long width

area = long width * short width

volume = area * height

close to wall = exp(dist to wall / 0.1)
parallel to wall = exp(radian / 0.1)
close to ground = exp(dist to floor / 0.1)
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Pairwise Potentials [Lin et al., 2013]

Semantic context:
@ scene-object potential:

¢sy(s = k,y = I) = scene-object co-occurrence stats

@ object-object potential

dyy(y =1,y = 1) = object-object co-occurrence stats

Geometric relations:

@ close-to: Two objects are close to each other if their distance is less than
0.5 meters.

@ on-top-of: Object A is on top of B if A'is higher than B and (at least) 80%
of A's bottom face is contained within the top face of B.
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Learning and Inference [Lin et al., 2013]

@ Loss: how far from GT is each hypothesis
o Object: 0/1 loss based on IOU with GT
o Scene: 0/1 loss

@ Learning: Primal dual method blending learning and inference [Hazan and
Urtasun, NIPS 2010]

@ Inference: Distributed message passing [Schwing et al., CVPR 2011]

@ Timings:

o learning takes 2 minutes (~ 800 images)
o inference takes 15 ms per image (15 cuboids per image)

On Intel i7 quad-core CPU (4 threads)
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Results [Lin et al., 2013]

@ NYUv2 [Silberman et al, 2012]: 1449 scenes, 6680 objects, 21 object classes
+ background

@ Ground truth: Fit 3D cuboids around GT regions and correct bad fits

@ Standard split: 60% of images used for training and 40% for test

chest sofa monitor sink
balhlub mantel | cabinet toilet
] board L shell
microwave

oven prmter’

—
chair ﬁ
countar g
headboard
table curtain blinds
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Results on GT Cuboids [Lin et al., 2013]

@ Performance of scene measured in classification accuracy

@ Performance evaluated on GT cuboids, measured as classification accuracy

configuration object  scene
scene appearance only - 55.20
segmentation only 54.46 -
geometry only 42.85 -
all unaries 59.02  55.20
unaries + scene-obj 60.00 57.65
full model 60.49 58.72
l Object M Scene

70

60

50

40

30

seg.only + scene  geo. only + scene U + scene-obj All

S. Fidler, R. Urtasun 3D Indoor Scene Understanding



Full Detection Pipeline [Lin et al., 2013]

@ Performance measured as average of per-class F-measures
@ DPM: [Felzenswalb et al., TPAMI, 2010]
@ Jiang'13: Cuboids from [H. Jiang and J. Xiao, CVPR, 2013]

DPM | seg. |seg.+geo. |all unaries | +scene-object | full model
[Jiang'13] - 11.11 21.13 21.90 22.19 22.3
K=8 8.01 [28.98| 30.22 35.17 35.18 35.23
K =15 6.54 [28.33| 29.44 34.92 34.95 35.56
K =30 4.96 (24.81| 25.58 32.54 32.57 33.10

B K=8 M K=15 il K=30
40
30
20
10
0
DPM seg.+geo. U+scene-object All
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Example Detections [Lin et al., 2013]

—
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Predicting Complete 3D Models

[Guo et al.

, 2015]

( R. Guo, C. Zou, D. Hoiem, Predicting Complete 3D Models of Indoor Scenes , arXiv:1504.02437, 2015

@ Generates layout and object candidates, and re-reasons about the

best configuration in a holistic way

RGB-D Input h

Layout Proposals

Composing k

=

Object Proposals h

Exemplar Region Retrieval L

3D Model Fitting L @

)

Retrieved Region Source 3D Model

-

Retrieved Region Source 3D Model

)

Transferred Model

Transferred Model
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Predicting Complete 3D Models [Guo et al., 2015]

Input Image Automatic 3D Model (two views)
link to video
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http://web.engr.illinois.edu/~dhoiem/publications/guo_3dscene_arxiv2015.mp4

Indoor RGB-D Datasets

@ NYUv2 dataset:
http://cs.nyu.edu/~silberman/datasets/nyu_depth_v2.html

@ RMRC challenge:
http://cs.nyu.edu/~silberman/rmrc2014/indoor . php

@ B3DO: Berkeley 3-D Object Dataset:
http://kinectdata.com/

@ SUN RGB-D:
http://rgbd.cs.princeton.edu/
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Discussion

@ What is missing?

@ What are the next steps?
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