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We analyze

Goal

* 6 sources of context (4 old, 2 new)
4 uses of context (3 old, 1 new)

» Effects on localization and recognition
across 20 object categories

 Most/least effective scenarios
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Scene Context Combination

Local Detector Improved Scores Confusion Matrices

Considerable gains for airplane, cat, person,

N / Uses of Context \ / Experimental Results \

Evaluation of context on the Cha||enging Application of context sources to detection (motivated Overall Results

PASCAL VOC 2008 dataset using
state-of-the-art object detectors
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Experimental Results \

Some Qualitative Results
Before

(Only detections above 0.5 precision are displayed)

Analysis of Context Sources & Uses

Obje

. Size Mean
USeS | presence | Location Avg. Uses AP
Sources A.P. A.P. | Prediction T
Error All 20.5%
Scene Gist 23.9% 3.0% 1.16 No
_ . 20.2%
Geometric 21.5% 2.5% | 1.18 Location
Geographic 15.1% - - i No 19 8%
Semantic 25.6% - - rese.nce
Photogrammetric - - 1.08 No Size | 19.2%
Al 31.2% | 6.5% | 1.08 None | 15 504
(Baseline)

Each source of context is useful; size Is the strongest
use of context while location is the weakest

Challenging Scenarios
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Conclusions

Context provides modest improvement on
average

Detection errors after context are more
reasonable

Each type of context helps /




