Silhouette Image Classification using Bag of Local Features
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Shape Is an important feature to identify an object in the
Image. Classifying objects by using their shape has been an
Interesting and Important area in computer vision. It has
Improved a lot in the last decades.
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 Shape feature is undoubtedly transcending landmark in its
ability to produce a complete description of an object
where texture or color cannot be used as a cue for
recognition.

* Shape representation methods can be classified into two | g

HOG, PHOG, CENTRIST descriptors are extracted
from each of selected window.

Codebook Construction: K-means is run K =50, 100,
150, 200, 300, 500 and found the best K to be at 100.

Linear OVA-SVM s used to determine the category of
test image.

Testing Results

* Proposed method which integrates the use of the HOG,

\_, SVM Model _I
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Figure 1: Global representation of image Figure 2. Local representation of image

main categories: Contour-based methods and Region-

based methods.

= Contour-based shape technigues use shape boundary
Information.

= Region based techniques use all the pixels within a
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Interest from the original image.

v Local features can improve the computational speed
and may focus on the object rather than the
background.

Tablel: Classification performance for
Global representation of image

Table2: Classification performance for
Local representation of image

Table3: Performance comparison of the proposed

method with state-of-the-art methods
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