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Remote sensing image of GF-1 classification using object-oriented method
and convolutional neural network
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Abstract: [Objective] In recent years, more and more satellites with high temporal resolution and high spatial resolution have
appeared one after another, which provides a lot of convenience for our lives. How to make good use of these huge amounts of data and
information-rich remote sensing images has always been a hot issue for domestic and foreign research. Among them, the classification
of remote sensing images is the basis for applying a large number of remote sensing images to various fields. Aiming at the difficulty of
improving the classification accuracy of high-resolution images by traditional methods, an object-oriented remote sensing classification
method combined with convolutional neural network is proposed. [ Method] First, the optimal segmentation scale was determined by
constructing a two-dimensional space of moran’s I index and geographic detector q statistics. Theweight of the homogeneous factorswas
determined by the maximum area method. After segmenting the preproccessed image, the characteristics of the segmented objects were
used as input variables of the classification model to establish a one-dimensional convolutional neural network (1D-CNN) classification
model. And pixel-based support vector machine, object-oriented support vector machine classification model were built for comparison.

[Result] Using the object-oriented one-dimensional convolutional neural network method for classification, the overall accuracy of the
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classification result is 93.10%, and the Kappa coefficient is 0.9167. Compared with the pixel-based support vector machine , the overall

accuracy is improved by 24.35%, and the Kappa coefficient is increased by 0.2923.Compared with the object-oriented support vector

machine, the overall accuracy is improved by 6.2%, and the Kappa coefficient is increased by 0.0746. [Conclusion] Using the two-

dimensional space of moran’s I index and geographic detector q statistics and maximum area method to determine the optimal segmentation

parameters ,a 1D-CNN combined oriented-objected approach was built to classify the remote sensing image, whose accuracy is higher

comparing with the results of traditional models.It can be seen thatthis methodis a fast and effective classification method.

Keywords: remote sensing classification; object-oriented method; optimal segmentation parameters; convolutional neural network
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Fig. 1 The location of study area
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Table 2 Variation of the maximum area under different shape factors

R JEARIFF Factor of shape
Area setting 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
BRI Maximum area /pxl 5744 22629 33417 22328 40913 31066 36291 31881 53357
M AAE %€ Constant area TH & H & E &

®3 TREHETRAEREMLES

Table 3 Variation of the maximum area under different compactness

TR E ¥ Compactness
Area setting 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
KT A Maximum area/px1 33 080 47222 45061 43 191 36291 34 561 31193 27578 31243
HAMEE Constant area HE H 2 H ¢
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4 1D-CNN MBS
Table 4 Parameters of 1D-CNN

JZ Layer

ik Distribution

N Input
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256 MpIZE T, LA 1X256 11
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6 ML G, 1X6
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5 3MORERE (Ea ETHITH SVM SERER , B b HEXRE SVM KT HKEER . E ¢ ID-CNN 53HER)
Fig. 5 The Maps of classification result by three method ( Map a classification result of SVM based on pixels, Map b
classification result of object-oriented SVM, Map c classification of 1D-CNN)
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Table 5 The classification accuracy of SVM based on pixel

T4 Z %4 Evaluation coefficients

FH TEEERE NPHRE  BRE Kappa REC

Categories Producer User Total Kappa
accuracy  accuracy  accuracy  coefficient
A M o N
Construction land 29.33% 42.31%
Bith Farmland ~ 88.00% 73.33%
Mt Forest land ~ 76.00% 87.69%
2368 FH H ) X 68.75% 0.624 4
Traffic land 46.92% 62.89%
7K Water 91.33% 69.89%
FF
ARG 78.00% 68.42%

Un-utilized land

RO HENROIIFEENTEEE
Table 6 The classification accuracy of objected-oriented SVM

P Z %4 Evaluation coefficients

3’37”7”_ HEEERSEE HPRERE SVAORSEE Kappa R
Categories Producer User Total Kappa

accuracy accuracy  accuracy coefficient
EHI , ,
Construction land 70.86% 81.57%
Hih Farmland ~ 88.89% 96.20%
MM Forestland ~ 96.99% 94.16%
3 ) Hb ) . 86.90% 0.842 1
Traffic land 88.76% 71.17%
7K Water 85.40% 82.39%
]

AR 95.56% 92.14%

Un-utilized land

7 EEXRA ID-CNN 5 HEE
Table 7 The classification accuracy of 1D-CNN

P % %L Evaluation coefficients
el KEEEAEE RIS MARSIE Kappa R

Categories Producer User Total Kappa
accuracy ~ accuracy  accuracy  coefficient

S . ,

Construction land 8% 3.84%

BHih Farmland ~ 99.27%  90.13%

M Forestland ~ 96.36% 98.15%
23 ) Hb ) . 93.10% 09167
Traffic land 93.90% 80.77%
7K1, Water 97.22% 97.23%
e H
AT 86.27% 97.06%

Un-utilized land

#*8 GF-1 BREEIERFE
Table 8 The classification accuracy of GF-1 remote
sensing image

bt AR Kappa 73
Models Total accuracy ~ Kappa coefficient
BB ITHI SRR IR RAL 0
Pixel-based SVM 68.75% 0.6244
T 7] %o 5 P S AR ) AL N
Object-orientedSVM 86.90% 0.8421
T [ % 5] 1D-CNN 93.10% 0.916 7

Object-oriented1 D-CNN
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