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Ren et al., CVPR12, RGB-(D) scene labeling:
Features and algorithms [UW, Intel]

Using Kernel descriptor features and Tree path
context for semantic segmentation

Silberman et al., ECCV12, Indoor
segmentation and support inference
from RGBD images [NYU]

Boffom-up and semantic
segmentation, and inference of
support relations in RGBD Scenes

- Also infroduced a RGBD dataset
(NYUD2) with semantic segmentation
labels (~1500 images, ~?00 classes)

- Looked at a 4 class semantic
segmentation (floor, structure, furniture,

props)
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Results

window
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Semantic Segmentation

PerfOer NCE (/U= Pascal Segmentation Metric)

stoemen] fenetel | ou

walll 61 60 68
floor /8 79 81
cabinet 33 37 48
bed 40 42 55
chair 32 33 40
sofa 25 28 44
table 21 17 30
door 5.9 13 3.3
window 30 28 33
bookshelf 23 17 20

ECov 12 | CupR12 | OV

picture 36 32 40
counter 33 39 47
blinds 40 27 44
desk 4.6 10 10
shelves 3.3 6.1 5.1
curtain 27 28 34
dresser 13 / 22
pillow 19 20 28
mirror 4.4 18 19
floormat| 7.2 20 22

Silberman et al., ECCV 12, Indoor segmentation and support inference from RGBD images.

Ren et al., CVPR12, RGB-(D) scene labeling: Features and algorithms




Semantic Segmentation

Aggregate Performance (frequency weighted I/u)

Silberman et al. Ren et al. Our
ECCV 12 CVPR 12 v
4 class task
(Floor, Structure, 56.3] 59.19 64.9
Furniture, Props)
40 class task
(Walls, Floor, Cabinet,
Bed, Chair, Sofa, 38.23 3/7.64 45.29
Table, ....)

Silberman et al., ECCV 12, Indoor segmentation and support inference from RGBD images.
Ren et al., CVPR12, RGB-(D) scene labeling: Features and algorithms
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26



Scene Classification

Task
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bedroom
kitchen
living room
bathroom
dining room
office
home office
classroom
bookstore
others
c Z 25293588
g = 8 S = Q -
S23833838%2
) o « @ = O (7))
© 35 3 & = o 9 &
3 © 3 Q = 8 =
3 o

Mean Diagonal = .47
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Scene Classification

Task

Classity the given scene into -

bedroom, living room, kitchen, ...

Approach

Use the inferred semantic class
labels to predict the scene class

Scene Context

Performance

bedroom
kitchen
living room
bathroom
dining room
office

home office
classroom
bookstore
others

o X == T Q 0 T O T O

@ F = 8 5 X Q9 o Q F

@ 2 3T 59 3 2 Q0

© ® _‘(QCD(qua

s § s g ¢ o o 2

3 830 E..."'OQ
3 ®

Mean Diagonal = .47

Using this inferred scene as additional features improves semantic

segmentation accuracy by ~1%



Semantic Segmentation with RGB-D

Semantic
Segmentation

INnput Reorganization

RGB Bo’r’rom—Up
Segmentation

Amodal Dense Pixel Labeling
Completion 27



Thank You

Code, benchmarks and results will be available on our group’s website soon

hitp.//www.eecs.berkeley.edu/Research/Projects/CS/vision/
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