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Abstract: Contour features are powerful cues for human vision system to analyze and identify objects. A new
method for automatic multi-categorical objects recognition using shape statistical models is proposed to improve
the disadvantages existing in most of the relative methods. This method defines firstly the shape base pairs as
feature descriptors, and extracts typical shape base pairs from sample images to build a feature codebook. Then,
unsupervised learning is performed to calculate the feature distribution and design class-specific shape models.
After detecting the regions and determining the categories quickly, segmentation could be applied to obtain the
precise outlines. Experimental results demonstrate that proposed method can achieve high efficiency and accuracy

in extracting manifold and complicated objects, and resolve the problems of noise disturbance, rotations at a

Vol.31No.11
Nov. 2009

certain extent.
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Airplanes 50 200 5.0 7.4 6.8 2.5 3.4
Cars(rear) 50 200 1.5 2.3 1.8 1.3 1.5
Motorbikes 50 200 0.3 4.4 0.3 0.3 0.4
Faces 50 100 3.3 3.6 2.8 2.3 2.4
Bikes(side) 45 53 17.0 28.0 32.1 9.4 13.2
Bikes(rear) 29 13 23.1 25.0 26.7 7.7 15.4
Bikes(front) 19 12 16.7 41.7 41.7 8.3 16.7
Cars(2/3rear) 32 14 7.1 12.5 30.0 7.1 20.9
Cars(front) 34 16 6.3 10.0 29.4 6.3 12.5
Bottles 54 64 4.7 9.0 9.4 3.1 7.8
Cows(side) 45 65 1.5 0.0 1.5 1.5 1.7
Horses(side) 55 96 7.3 8.2 6.3 5.2 6.3
Horses(font) 44 22 13.6 13.8 27.3 9.1 13.6
Cows(front) 34 16 12.5 18.0 18.8 6.3 6.3
People 39 18 38.4 47.4 47.6 11.1 16.7
Mugs 30 20 5.0 6.7 10.0 5.0 5.0
Cups 31 20 10.0 18.8 15.0 5.0 5.0
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