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e Qur main Goals
G1 — Speed

G2 — Quality
G3 — Low-labor labeling
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QMAS — Feature Extraction

e Step 2: Features
— Wavelets, Mean, Variance, Texture, etc.
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QMAS - Low-labor Labeling 1
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Attention routing:
ask the user for label

Low-labor labeling
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» Application on Satellite Imagery
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» Public Data (geoeye.com)
— GeoEye: ~17MB, ~14k tiles

Venice, Italy Athens, Greece

_Annapolis, USA
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* Proprietary Data
— SAT1.5GB: ~1.5GB, ~700k tiles
— SATLARGE: ~2.25GB, ~2.5 million tiles

ESP Carnegie Mellon
Fe SAIC.

From Science to Solutions

4/19/2011

27



Experiments

55

e System Configuration
— Linux + 2.8 GHz core + 4GB RAM

« Compared Related Works
— GCap (Pan, J. -Y. et al., CVPRW 2004) with 7NN
— GCap-ANN with 7NN

o All methods:
— RWR: power iteration method, ¢ = 0.15
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G2 - Quality and G3 - Low-labor labeling

(GeoEye)

a) Annapolis-USA + 4 labels
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G2 - Quality and G3 - Low-labor labeling

(GeoEye) Ouﬂiers

b) automatic labeling result

a) Annapolis-USA + 4 labels
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G2 - Quality and G3 - Low-labor labeling
gldeal (SAT1.5GB)
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* Queries (SATLARGE)
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Conclusions

vG1- Speed
* > 40x faster than others
VG2 - Quality
* Better or equal quality compared to top related
works

|/GS — Low-labor labeling

* Less than five examples still leads to accurate
results
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* Spots outliers
— tiles that may need new label-types
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a) Annapolis-USA + 4 labels : b) automatic labeling result
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