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Tab.1 Advantages and disadvantages of object — oriented and in — depth learning methods
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Fig.3 Schematic diagram of multiscale segmentation
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Tab.2 The rule set of objects
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Tab.3 The training sample of typical objects
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Fig.4 Convolution neutral network structure
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Fig.5 Imagine convolution process diagram
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Fig.7 Typical class selection result of Longhuzhuang
township by Object — Oriented method

W A 0 ARt I KA R M e
8 HEREFIRBNREESABMYIRIERE
Fig.8 Typical class selection result of Longhuzhuang

township by deep learning method
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Tab.4 Confusion matrix of typical classification

by object — oriented method 1)
WA Y RAEY Mt KR dERE M 280K

AHY 32 1 3 1 4 1 42
FAEY 2 65 22 0 0 0 89
b 5 20 105 1 1 0 132
iGN 1 0 1 12 1 0 15
SH 5 1 2 9 0 18
Hofy 0 0 0 1 3 4
SeBRAE 45 87 132 16 16 4 300
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Tab.5 Commission and omission error, production and

user precision by object — oriented method ( % )

WEH HRE iR IR FAF RS
Y 23.81 28.89 71.11 76.19
S Vel 26.97 25.29 74.71 73.03
Mt 20.45 20.45 79.55 79.55
PN 20.00 25.00 75.00 80.00
% 50.00 43.75 56.25 50.00
At 25.00 25.00 75.00 75.00
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Tab.6 Confusion matrix of typical classification

by deep learning method (1)
M) JE RVEY M kIR TERE HA 2SR
Y 38 0 2 0 2 0 42
TAEY 0 69 5 1 1 0 76
HcHbL 5 18 125 0 1 1 150
KAk 1 0 0 13 0 0 14
S 1 1 12 0 14
HoAts 0 1 0 3 4
SeBREEC 45 87 132 16 16 4 300
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Tab.7 Commission and omission error, production and

user precision by deep learning method ( %)

W B iRz IR FA P RS B2
Y 9.52 15.56 84.44 90.48
RAEY 9.21 20. 69 79.31 90.79
st 16.67 5.30 94.70 83.33
IS 7.14 18.75 81.25 92.86
BER S 14.29 25.00 75.00 85.71
FiAt 25.00 25.00 75.00 75.00
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The typical object extraction method based on object — oriented and deep learning

JIN Yongtao'”, YANG Xiufeng'®, GAO Tao’, GUO Huimin®, LIU Shimeng'
(1. North China Institute of Aerospace Engineering, Langfang 065000, China; 2. Space Star Technology Co. , LTD,
Beijing 100086, China; 3. Collaborative Innovation Center of Aerospace Remote Sensing Information

Processing and Application of Hebei Province ,Langfang 065000, China )

Abstract; The object — oriented method solves the problem of segmentation of objects, divides different features
into different objects and to a great extent separates the cultivated land, forest land, water, roads, buildings and
other typical objects which are inseparable; nevertheless, the object oriented method for features such as shape,
texture description is not comprehensive, the amount of information is not enough to support the whole classification
and recognition. In this paper, a new method of combining object — oriented and deep learning is proposed, in
which the Caffe framework of convolution neural network is used to study the training sample data in depth and, by
grasping the texture of different objects and forming deep learning model, guides the classification of objects. The
experiment shows that the new method can effectively solve the problem of the low classification accuracy.

Keywords: object — oriented ; deep learning; convolution neural network ; object recognition
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