201542 A Z?ﬂ[im‘ *jﬂﬁ%iﬂi 5546 % 55 2 1

doi:10.6041/j. issn. 1000-1298.2015. 02. 002

ETXUHENSHNHEZSBEGRSETIE

B R A4 EIRE

(1. B RURAE R 2 VL9548 B REAR L e 46 AR 9090 &, I A0 2100315 2. 7 TR A Be LA T AR 24 B, T % 315016)

AR — P T 2 P BB B8 i B 37 57 00 80 D 3, 26 AR R BIL 7 68 00 T 0 20 1 A B9 S M A 6, A
P52 ) BRSO S (A A5 PR B LS AL T DUAR o SRS 0 1) 20 81 25 2R o CARIC I 7 5 IR 2 1R %,
18 2 A HSAL 1) i AR TC 9 28 AR o 2 ST REAS B 5 B 20 30 M0 26 o 5 6 o b i 3 3t PR 300 o0 D AR 3%, M) T 2% 1 i
LS 028 1) B AT 1 X 2R T AR A 3R 9 R A 1) 0 2 () G 2R b AT Al A 5 DI R A5 A 2 2 8, ) T e K e 30 2%
HEDI X AAR DB R R IEAT I IME I . SC A5 R R M, 5 ot ) K-dee 3 40 5 12 AR Bb 2% 0 3 T LA S of ot ot 3 4 2 [l
Yt ordl.

X AR KGR KPR BEBR SEETX

HhE4E S TP242.6 XERARIRAD : A X E%HS : 1000-1298(2015)02-0008-06

Pear Orchard Scene Segmentation Based on Conditional Random Fields

Zhou Jun' Zhu Jinrong' Wang Mingjun’
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2. School of Mechanical Engineering, Ningbo University of Technology, Ningbo 315016, China)

Abstract: A pear orchard scene segmentation based on conditional random fields ( CRFs) was proposed.
The CRFs modeled posterior probabilities directly, and had an ability to fuse context information of
images. Therefore, it was a suitable method to solve images segmentation of the pear orchard scene whose
structures are often very complicated. Firstly, labeled images of the pear orchard scene were segmented
into superpixels, and feature vectors of the superpixels and their corresponding labels were integrated into
a label database as training samples. Secondly, unlabeled images of the pear orchard scene were also
segmented into the superpixels, and their features and spatial relationships between these unlabeled
superpixels were modeled by using the CRFs. Moreover, parameters of the CRFs model were obtained by
taking the label database as the training samples. Finally, labels of the unlabeled superpixels were
inferred through the maximum posterior marginal (MPM) algorithm. The experimental results showed that
the proposed algorithm could provide more accurate segmentation results of the pear orchard scene
compared with the mutual K-nearest neighbor method (MKNN).
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Fig.1 Superpixel segmentation
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Tab.1 Index labels of superpixels for pixels at

some locations

BZRSS

7%
30 31 32 33 34
13 1 1 1 1 1
14 1 1 1 1 1
15 1 1 1 1 1
16 1 1 1 20 1
17 1 1 20 20 23
18 20 20 20 20 23
19 20 20 20 23 23
20 20 20 23 23 23
21 20 20 23 23 23
22 23 23 23 23 23
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Fig.2  Flow chart for model training
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