RNSHBIFHRE

55, 022802(2018) Laser & Optoelectronics Progress ©2018 (H E WL ) A ki it

S5O AL TR 20 H 5 A s B ph 22 I 45 11

o o PR SR o 2R

FRbr, TAE ALA ANERT, BLR
VR E T R E IR Sk B, VLR AR 2211165
L F M2 A BB TR L N . dEEE 100048
SR A 2 fE BECRABRAE, JbaT 100048

TEE  EFxF B ATE BSR4 R T E T R E DL 2 S Sk O VR R Y A B B R B R T A R
R T] A, 38 7 — ol 2 45 FR b 22 ) 45 1o 38 B AR 4 28 1 T 15 5 O 1 08D s AR R AE 1R 7E Ak i AR v 3 B R AE
FEJ B2 5 R B TR RGO T 82 = Al A 0 Rl RE L 3 RO AR 360 2 5 O T AR A5 BTRE A1 1 30 2 oy 5 A
R AR R Z TR 2 [R]AE S, SR H B (A B A% 2R 8 43 B A BUIR 3R I 5 ) OC 2R L 3 e 490 1 2R 288 X a5 3R R 3% 1) R e
K7 2 B /N B T G R A2 X 3R G 4 2 1) 5 5 ECL Y b X B S AR AR AT A B IR T IR IR I A BT 5 &5
P2 2 SR AL O TR R S I EAT XS L. S5 R TR A A S r I RS I B T AR S LA
TR B

KR B BBOE 2ETMAENE,; GoRRE e WHEERSR RERME

FESES 0436 XuktRiRE A doi: 10.3788/L0P55.022802

High Resolution Remote Sensing Image Classification Combining with
Mean-Shift Segmentation and Fully Convolution Neural Network

Fang Xu"?, Wang Guanghui"?, Yang Huachao', Liu Huijie’, Yan Libo’
"' School of Environment Science and Spatial Informatics, China University of Mining and Technology,
Xuzhow, Jiangsu 221116, China;
? Satellite Surveying and Mapping Application Center, National Administration of Surveying,
Mapping and Geoinformation, Beijing 100048, China ;
¥ Beijing SatImage Information Technology Co., Ltd., Beijing 100048, China

Abstract Aiming at the problem that the shallow machine learning algorithm commonly used in remote sensing
image classification application cannot satisfy the classification accuracy in the current mass remote sensing image
data environment, we propose a method to apply the fully convolution neural network to the remote sensing image
classification. To reduce the loss of image feature map in the pooling process, we add the fusion of the pool layer
and the deconvolution layer. To improve the reliability of fusion, we add the scale layer. To obtain finer edge
classification results, considering the spatial correlation between pixels mean-shift clustering is used to obtain the
spatial relationship of pixels. Classes of regional objects are determined by the maximum sum and the minimum
variance of the regional pixel probabilities. Images of typical regions are chosen to carry out the classification
experiments, and the classification method proposed in this paper is compared with those of the fully convolution

neural network, support vector machine, and artificial neural network. The results show that the accuracy of the
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classification method proposed in this paper is obviously higher than that of the traditional machine learning

methods.

Key words remote sensing; image classification; fully convolution neural network; high resolution image; mean-

shift segmentation; deconvolution layer fusion
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Fig. 6 Classification results of different methods. (a) Original image; (b) segmentation result of mean-shift @ ;

(¢) segmentation result of mean-shift @; (d) segmentation result of mean-shift @; (e) true classification image;

() classification result of SVM ; (g) classification result of ANN; (h) classification result of FCN-16; (i) classification
result of FCN-8; (j) classification result of proposed FCN; (k) classification result of proposed FCN adding
segmentation result of mean-shift M ; (1) classification result of proposed FCN adding segmentation result of

mean-shift @; (m) classification result of proposed FCN adding segmentation result of mean-shift @

F 1 SVM Zr 207 ik i IR IA FE I 5 8 HORS 1 # 3 FCN-16 73287 ik BT VA A 15 B A0S 2
Table 1 Confusion matrice and overall Table 3 Confusion matrice and overall accuracy of
accuracy of SVM classification method % FCN-16 classification method %

Zﬁj B F W R S G Zﬁﬁi B F W R s G

B 81.7 8.1 2.1 45.2  64.1 45.8 B 86.3 2.6 0 18.86  34.53  0.38

F 3.8 70.0 15.1 8.8 7.2 6.9 F 4.1 82.7 5.84 20.93 28.52 51.52

W 0.5 0.4 79.6 0 0.1 0 w 1.7 1.7 92.56  3.81 2.88 11.69

R 11.6 14.4 2.5  43.6  13.3 4.5 R 2.7 5.6 0.14 34.56 1.70  0.14

S 0.7 0.1 0.1 0.2 6.7 0.8 S 3.8 1.9 0.30 1.32 19.80 13.37

G 1.7 7.1 0.7 2.1 8.6 42.0 G 1.4 5.6 1.16 20.51 12.57 22.91

OA 66.08 OA 71.6
# 2 ANN ZF277 B (RER B FE B 5 SRR # 4 FCN-8 4p 277 i IR 1R B 5 S B2
Table 2 Confusion matrice and overall accuracy of Table 4 Confusion matrice and overall accuracy of
ANN classification method % FCN-8 classification method %
Zﬁj B F W R S G Zjif B F W R S G
B 82.0 11.2 2.5 51.1 72.5 53.0 B 83.54 3.68 0.14  21.24 35.77  8.49
F 4.4  68.3 12.0 7.4 8.1 32.5 F 8.13 89.59 8.93 38.10 28.27 36.16
W 0.4 3.7 83.4 0.6 1.9 2.8 w 1.91 0.57 89.92 2.16 2.90  2.18

R 13.2 16.8 2.2 40.9 17.5 11.7 R 2.46 3.25 0.46  22.96 5.54  2.40

S 0 0 0 0 0 0 S 1.06 0.19 0.01 1.67 9.77 1.61

G 0 0 0 0 0 0 G 2.90 2.72 0.54 13.87 17.75 49.16

OA 64.79 OA 68.8
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Table 5 Confusion matrice and overall accuracy of
proposed FCN classification method %
Type of F w R S G
ground
B 86.2 0.83 0 10.61  14.3 1.8
F 1.97 82.41 2.34 11.15 19.4  26.2
W 0.23 0.30 96.77  3.96 2.7 0
R 4.59 13.39 0.55 69.51 10.4 1.1
S 6.36 1.81 0.32  3.36  52.7 4.7
G 0.62 1.26 0.02 1.42 0.4 66.3

OA 80.90
6 IMAHEEBEO»FLRN FCN
ST R IR T M S B AORE

Table 6 Confusion matrice and overall accuracy of proposed

FCN adding segmentation result of mean-shift D %

Type of
B F w R S G
ground
B 86.7 0.8 0 14.1 18.5 7.4
F 1.2 84.7 2.6 9.9 17.3 10.0
A\ 0 0.6 96.2 2.9 1.7 0
R 4.5 11.5 1.0 68.9 9.3 4.5
S 5.3 2.0 0.2 4.1 53.1 9.6
G 0.3 0.4 0 0.1 0.1 68.6
OA 82.1

T OMABEERE D5 HI 4R M FCN 4328
J7 V5 VR VB A M S SO
Table 7 Confusion matrice and overall accuracy of proposed

FCN adding segmentation result of mean-shift @ %

Type of F A R S G

ground
B 91.0 1.8 0 17.9 16.5 8.9
F 1.0 82.6 2.9 8.7 14.3  14.3
Y 0 0.8  95.0 2.1 1.6 0
R 5.4 13.1 1.6 69.5 9.0 0.3
S 2.1 1.7 0.6 1.8 58.5 0
G 0.5 0.1 0 0 0.1 76.5
OA 83.5

®8 MABEER I FIGROM FCN 433
J7 1 B TR VA R B R RN
Table 8 Confusion matrice and overall accuracy of proposed

FCN adding segmentation result of mean-shift @ %

Z:jnz[ B F W R S G
B 8.5 1.0 0 182 189 12.8
F 0.0 791 2.0 82 129 0
W 0 06 945 25 12 0
R 8.7 17.8 3.2 680 153 5.7
S 39 1.3 03 23 5110
G 10 01 0 0.8 0.7 815
OA 79.4
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Fig. 7 Marked images of some details
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