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Semantics are great for...
» Abnormal event detection.
» Event prediction.

» Security and Surveillance
» Achieving semantic objectives.

» Robotics - performing tasks.
» Database search - offering suggestions.
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» Pose detection begins with the person detector from
Yang and Ramanan [2011].

3 Models, 3 detectors, merged into 1.
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» Joint-region overlaps are determined.
» Overlaps are aggregated.
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Relative Object Location

» Joint-region overlaps are determined.
» Overlaps are aggregated.
» Histograms are weighted by pose likelihood.

Pose histogram hf.(R) Intersect cell c with region R
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D is the detections.

Sy is the score of the detection.

q,‘(’ is the pose assignment coefficient for pose k.
7 is the intersection.
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Object Appearance Model

Object appearances are modeled with bag-of-words.
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Fy is the SIFT features.
Sk is the window size.
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Z(B', R) is region-box intersection.
q’ is the soft bag-of-words assignment.
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» hh(R) is the proportion of pixels in cell i falling into region
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» Video frames are over-segmented into super-pixels.
» “Background” frame is defined.
» Repeat to reduce noise.
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Learning Object Model

» An SVM is trained for each object class:

» Interactive - Bed, Sofa/Armchair, Coffee Table, Chair, Table,
Wardrobe/Cupboard, Christmas tree, Other
» Background - Wall, Ceiling, Floor

» Each classifier is binary.
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Objective: Choose a likely pose for a given area.
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Choose a pose cluster to maximize:
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wy, (K, j, c) is the learned SVM weights for k, j, ¢ in EP(R).
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Semantic Labeling

Labelings are evaluated with AP score.

DPM' | Alternate2 | (A+L) | (P) | (A+P) | (A+L+P)
Wall - 75 76 76 82 81
Ceiling - 47 53 52 69 69
Floor - 59 64 65 76 76
Bed 31 12 14 21 27 26
Sofa/Armchar 26 26 34 32 44 43
Coffee Table 11 11 11 12 17 17
Chair 9.5 6.3 8.3 5.8 11 12
Table 15 18 17 16 22 22
Wardrobe/Cupboard 27 27 28 22 36 36
Christmas Tree 50 55 72 20 76 77
Other Object 12 11 7.9 13 16 16
Average [ 23 ] 31 [ 3 J3 ] 48 ] 43

'Felzenszwalb et al. [2010]
2Hedau et al. [2009]
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Semantic Labeling

Labelings are evaluated with AP score.
» Measured against two competing methods.
» (A+P), (A + L + P) outperform in all cases except for bed

detection.
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Functional Surface Estimation

» Measured with AP on functional labels
» Walkable: 76%
» Sittable: 25%
» Reachable: 44%

» Average gain of 13% above baseline competitor: Fouhey
et al. [2012]



Pose-Region Relationships

B TR LS




Pose-Region Relationships

T REN PR

Bed 1 ] \

1 N |
—-_ﬂ- L o F ] .

Sofa/

Armechair




Pose-Region Relationships

e T
- i e 45




PRl
B
e
- WM R

Sofa/

Armechair




Pose-Region Relationships

T AN PR
Sofa/
Armechair

e e P 1 A

G G |
N U

L
2

L
5



Pose-Region Relatlonshlps

L L O AR

-ﬁw a4
- AR L
W w ﬂ .?.M
BRI o

( hristmas




Pose Prediction




Pose Prediction




Pose Prediction




Pose Prediction




Pose Prediction




Pose Prediction




Pose Prediction




Pose Prediction




Discussion and Conclusion
Extensions
Criticisms
Conclusion



Extensions

» Using semantics as probabilistic information



Extensions

» Using semantics as probabilistic information
» Learning new objects from observation



Criticisms



Criticisms

» Lots of frames to learn a scene



Criticisms

» Lots of frames to learn a scene
» Weak precision rates



Criticisms

» Lots of frames to learn a scene
» Weak precision rates
» Manual annotations required



Conclusion

» Use observations to learn semantics.



Conclusion

» Use observations to learn semantics.
» Classify by semantic value.



Conclusion

» Use observations to learn semantics.
» Classify by semantic value.
» General enhancement to common detection systems.
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