637 % B4 Ao % 4R
2011 4 4 A ACTA AUTOMATICA SINICA

— M AR B R RO AR RN 750K
WE ' HELTr M RF4

OB AR AL ST A T SRR, W TS SRR, O M A AG D T 10 A RE AT B AR P A DX ST AN BE RS A 2
REPARTL G ), AN SR Y — P E T TR BORFAE RO AR I Tk, 20538 8 SR I R AR 45 2 HoA 2 RBERS LI KT
R BRI 6T Pk P A5 4% SRR R rp il 2 R B M — B077 ik, iR TR BEB] AARADURE, JE IR B TR P B A% Ml ik
BETAR I BUAt v H AL v () 1 B S BN B B Z I (e £ o 45 FoA 4 SR 20 R KR Hough A8 Hk, K4 (A AGHI 1)
U ) Hough % [ 17 5 ARHE Hough 2% R SRAR H W) 1 b O B, I AR Y BURAIE, 75 20 SE b R se By B, 2
W HTRISER 8RR W], ASCRE T S R A R AR

KR DRI, Hough A8He, AR, AR T, TEIRHE T

DOI 10.3724/SP.J.1004.2011.00427

Vol. 37, No. 4
April, 2011

Object Detection Based on Shape Fragments

CHEN Guo-Dong! SUN Li-Ning"? DU Zhi-Jiang! JI Jun-Hong'

Abstract Most of the algorithms for object detection are sensitive to background clutter and occlusion, and cannot
localize the edge of the object. In this paper, the authors present an approach based on the local shape fragments. Firstly,
the model of the object is learnt from the training set. The model is composed of shape fragments and the model of the
object is in multi-scales. In this way, the method is invariant to scale changes. Then, shape fragments are extracted from
the test image, which is in the same way at the model shape fragments extracting method. According to the similarity
of the shape fragments, candidate shape fragments are got from the test image. After that, according to the rotation
relationship between the fragments on the model and the test image, rotation angle between the fragments are estimated.
Finally, the object detection problem is casted to the peak detection problem in Hough space by combining the probability
Hough transform. After peak positions are achieved in the Hough space, each candidate shape fragment is traced back to
verify whether it belongs to the object. Test results show that the proposed method is valid.

Key words Object detection, Hough transform, invariant, shape analyze, shape descriptor
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Fig. 2

Tllustration of framework: the pre-processing stage includes the model construction and local shape fragments

detection (see Section 1) ((a) After edge contour grouping, the edge contour is divided into local shape fragments. In

order to make the representation of the local shape fragments clear, we consider the points connected with the contour

fragment as the keypoints (see Section 1.1); (b) Object model based on the local shape fragments (see Section 1.3); (c)

Local shape fragments similarity (see Section 1.2 and Section 2.1); (d) Using local shape fragments similarity, we select

the candidate local shape fragments (see Section 2.1); (e) According to the relationship between the gradient of local

shape patches on the model and the test image, we estimate the rotation angle between the model and the object (see

Section 2.1.1); (f) According to the contribution of the candidate local shape fragments, we achieve Hough space voting

(see Section 2.2); (g) Using the Hough transform, we verify all the candidate fragments by the inverse Hough transform,

and select the best local shape fragments on the test image (see Section 2.2).)
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Fig.11 Part of the test results (the first column is the
original images, the second column is the Hough voting
space, the third column is the detection results by the
proposed method, and the fourth column is the detection

results by Hu moment invariants.)
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Fig. 13 Test results using the giraffe model and the horse
model, and the Hough probability maps (The first row is
the test result using giraffe model, the second row is the

test result using horse model.)
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Fig.14 Detection performance under the PASCAL

criterion and comparison
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Fig.15 Comparison of detection result in different Canny

parameters (From left to right, the Canny detector
parameters are from 0.1 to 0.5.)
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Table 1  The testing time in different situations
BB R AR B DR AR 7 Bt FEIESREU H] (s) VERCISH] (s) HT I (s) SARFTE] (s)
768 x 1024 15 129 4.27203 0.0156 1.154407 8.452067
305 x 483 15 61 0.873635 0.0156 1.076407 3.541222
576 X 768 15 31 2.180416 0.0156 1.391210 5.364841
480 x 640 15 52 1.786412 0.0156 1.014006 4.413235
216 x 357 15 7 0.395603 0.0156 0.764405 1.932818
480 x 640 15 6 1.310408 0.0156 1.326009 5.006038
375 x 500 15 28 0.951606 0.0156 0.592804 2.588023
1024 x 1600 15 11 7.122846 0.0156 2.012413 16.470518
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Fig.16 Detection result when existing multi-objects and

occlusion
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Fig.18 Analysis of the ratio ((a) template image; (b)
voting space distribution when the test image size is half
the template image size; (c) voting space distribution
when the test image size is the same as the template
image; (d) voting space distribution when the test image
size is twice the template image size.)
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