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Object detection in cluttered background based on contour matching
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Abstract; To effectively reduce the effects of cluttered background on traditional shape-based object detection
methods, a novel object detection algorithm based on contour matching was introduced, which combines the
methods of saliency detection and template matching. First, the input image was preprocessed at the super pixel
level to obtain the saliency region map without background by saliency feature detection. Then, the edge detection
algorithm was applied to get the edge image in the saliency region, and the shape descriptor was used for contour
matching after optimizing the edge image. Finally, a depth-first search strategy was applied to identify the
hypothetical location of the object and perform hypothesis verification to determine the final location of the object.
The experimental result in the ETHZ shape dataset proved the feasibility of this algorithm. Compared with other
shape-based methods under the 50% -IoU and 20% -loU evaluation criteria, according to the data results, the
average detection rate of different categories was 96% when the false positive per image ( FPPI) was 0.3. The
detection rate was 99% when the FPPl was 0.4, and the detection rate would reach 100% if higher FPPI is
accepted, which were all higher than the other algorithms. The experimental and comparative analysis results show
that the proposed method could improve the detection accuracy and had obvious performance advantages, providing
a new solution for object detection in cluttered background.
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Fig. 1 Flow chart of the proposed algorithm
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Fig.2 Results of saliency region detection and comparison of edge images



-+ 124 - MR U

T

e

A

n

g,
¥

= S 952 %

1.2 #EILAD

ST BRVCEC A% B ARAS I 5 7 2 X 3k ]
G E AT ALFE X 10 2 RIS A 38R = 2 1Y) e JET DT
Pl .
1.2.1 hz KGR

ARSORE N 2 DX I A T 4 B IS 3 ) [ 45
TE SRR S R o R AT i e Ak b B 35 i
SRR R AR BTk B k.

SUES SR ORI E S AR AR EAIOBUIES 3ivalllK=RFS
I o A 2 R e S A [R) B 1 55 T IS AE B
A UG G MG 58 B 2 Be AR e 3, IR 75 B iR A T30
G A SO F) Kovesi' ™ JF % 14 1 G5 5 12 3 1F
P 2 v el e DX A 20 ) i 2 RS 2 1ok i 2%

AR B i
(1) T e e B :

o .

2
2

pher

HIdhia % B

i 10 % EE

RN 0 G AR A 3

B Rk B G « 0 25 XSRS oK e 4l H
B Z SNAER o355 , DAL b 320 G A IO B30 96t 2 7 A —
255 HFRIC R BIRR Rk BL. Sk L AR LR BLay S
IR N GHHE R AT R B R e B L B, AR
HATERIM IR BE ST, T L B g (BRI BR 5 55— 2%
JE AL L BE, 2 BE KB (B S AR L
B AR BR BRI G A R B SV E e T IR A
Bl N HATR IR B8 Ty, 7210 G RIR A0 B AR v
don] DU ER. 4b B AN P 3 B, DL R #8304
PG 191, foe 2845 3 A9 3140 2% PR 45 n] B 45 25 47 48 B
PCRC.

¢ .l’ Q R B ik « .
s

(2) MR ANAL £2 Bra

W5 EE

E3 hZEGLE

Fig.3 Contour processing for edge image
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Fig.4  Schematic diagram of the shape descriptor of contour
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Fig.5 Flow chart of contour matching
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