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Grid-based salient object detection
Avoid image segmentation
Combine multiple grids in multiple resolutions

Grids are selected to adapt to the training data to
approximate object boundary

Feature hierarchy and boosting for classifier
training
Exploit high-dimensional feature space

Avoid curse of dimensionality problem by feature
selection



II#

Image segmentation vs. Grid-based approximation




Whole Image







Big pool of complementary features to support a
large variety of object classes

90 dimensional multi-modal heterogeneous feature
space
R, G, B average + variance + joint variance
Gabor filter bank
Tamura texture
Color histogram
Center location of the grid



Each subspace is homogeneous and complementary
Reduce training sample size on weak classifier training
Feature select using traditional methods (filter/wrapper)
Easier to select suitable kernel function for SVM training
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Binary classifier training
— Standard SVM

— Feature selection process
 PCA to rank the feature dimensions based on ergéres
Measure the goodness of the SVM classifier
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Bagging 20 times to measure the goodness of feapace

Starts from the full subspace, and iteratively sgenfeatures with the
lowest eigen-values

Select the best subspace/classifier with the dpmstiness score
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The optimal feature set is Iinitialized as empty se.,
Spropose — Cb
Rank feature subspaces by average out-of-bag error

Select the current best subspagi& has the lowest
estimated error

Combine the corresponding classifier on this sabsp
with the current ensemble classifiers using bogstin

Repeat until all weak classifiers on different
homogeneous subspaces are combined

The best ensemble combination is the one with sdwe
combined training error (estimated by bagging)
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Final SVM concept detector is based on
different combination of:

Feature subsets at different levels of the feature
hierarchy

Training samples (sample selection)
Grid sizes (representation selection)

A very adaptive framework



SeaWater
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Image Concept. Beach Image Concept: Garden
Salient Objects: Sky; Building; SeaWater; SandField; Salient Objects: Tree; Grass; YellowFlower;
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30,000 Google images, 3,800 Corel images
15 image concepts and 29 object classes
50 positive training samples for each class

Performance comparison:
Training algorithm:
Linear SVM
AdaBoosting

Hierarchical Boosting with feature selection
Segmentation-based vs. nhon-segmentation
Metric: precision / recall
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object classes

grass

purple flower

red flower

grid-based
region-based

95% /94.8%
83.8% /84.2%

88.8% /90.2%
76.9% /75.8%

92.4% /93.6%
78.5% /80.2%

object classes

rock

sand field

sky

grid-based
region-based

86.2% /90.3%
75.1% /74.8%

93.5% /95.6%
83.2% /78.9%

94.2% /93.6%
81.2% /82.6%

object classes

SNOwW

water

sunset

grid-based
region-based

85.2% /80.5%
72.8% /70.2%

96.8% /95.7%
80.5% /83.6%

92.4% /93.6%
80.2% /81.5%

object classes

building

road

car

grid-based
region-based

84.6% /83.8%
73.2% /74.5%

90.4% /91.5%
79.8% /81.3%

93.2% /93.8%
81.4% /82.8%

object classes

human

fish

street

grid-based
region-based

80.2% /81.2%
76.3% /77.2%

82.5% /81.8%
72.4% /71.6%

90.5% /92.6%
80.8% /81.5%

object classes

traffic light

traffic sign

parking

grid-based
region-based

93.8% /93.6%
80.8% /84.2%

94.6% /95.2%
82.5% /81.8%

92.5% /93.2%
80.6% /81.3%




Salient Objects: Redrlower; Leaf; Trae;

salient Objscts: Sky; Ruck; Tres:

(a)







Image content representation

Salient objects as middle level semantics
representation

Grid-based detection without image segmentation
Combining multiple grids in multiple resolutions for
rough object localization

Classifier training
Feature hierarchy and multi-level boosting
Exploit high-dimensional feature space
Avoid curse of dimensionality by feature selection
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