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Fig.1 Study area and key experimental regions
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A11 Bk KA Table 2 Comparison of overall accuracy and Kappa
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SVM Fl CNN B8 | b8 4 43 28 5 v 1Y S ARG 32 N
Kappa & 4. #£ S1 555 X, MLC . MLP #1 SVM A}
PRIy JERG FE #2300  Be 3R B 700 LA b o MLP 9 &
A 53 5K BE A Kappa & 8 i , 43 90 o 74.19 % i
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h0.85, L 2R 15 8 R BE 1 MILP B34 & 29 12.38%
014, 7E S2 58 X, HA M RIAY 43 245 5L, CNN
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between different classification methods

- ST IX S25 4 IX
OA/% Kappa % 5 OA/% Kappa % 5
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MLP 74.19 0.71 79.42 0.77
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Hy 35 3, I BT A U 3% 4 AiE Il 25 MLC . MLP .
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Table 3 Comparison of produce’s accuracy between different classification methods

P S195 X PA/% P S25: X PA/ %
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B 77.56 78.88 75.25 86.80 4 67.77 73.42 66.11 91.03
= 62.14 51.46 54.05 72.49 KAk 84.21 90.13 92.43 92.76
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Table 4 Confusion matrix of CNN model in S1 zone

S19:86 X RETRET &RED R0 MR WHaksm Rk Pl Tl At Pyl UA/%
JREE R T 469 12 18 0 53 12 20 0 13 597 78.56
@ R T 0 488 0 0 0 0 0 0 0 488 100
B ETH 12 0 328 3 0 0 0 0 0 343 95.63
2y 3] 0 0 1 241 17 0 0 0 25 284 84.86
W7 % T 26 1 0 1 335 2 0 1 27 393 85.24

R % 16 0 12 0 19 194 0 0 14 255 76.08

b 0 0 0 0 3 2 493 39 6 543 90.79

B4 0 0 0 23 2 0 0 263 0 288 91.32

= 18 0 12 41 9 11 0 0 224 315 71.11

¥l 541 501 371 309 438 221 513 303 309 3506

PA/% 86.69 97.41 88.41 77.99 76.48 87.78 96.1 86.8 72.49

OA/% 86.57

Kappa 0.847 4
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Table 5 Confusion matrix of CNN model in S2 zone
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NILLLAME B T2 & T M RN A R J5, T3H T MLP Jr kB iR HOK , s il #2 71 3.05 %,
ERTFSVM LR RO, BARKE Bl Kappa &7 SVM F I A THm s 27+ 0.26 %0,

Bl m T 7.5%
e, RN B B fE

0.09. H ¥k MLP #1 MLC 77 MLC Fl CNN B9 AR B 32 B 520, WS A T % .
4T 5% LA b CNN A 1 4.2.2 RE XU B ER 5> LK E WY RN

Jin i R 0N, VARG FE e $E T 2.43 %0 DAL B ] 4 2 7n P 1S REAE AR JE O ) A 7l 2 A
90
S1 SMLC EMLP BSVM SCNN 0.90 -
851 0.85- /—\_
- 80 0.801
ﬁﬁ“& 751 " 0751
Figy g
. %
! L $ommnaneie
r“’ .......... an I
651 0.651 S wwe MLP
-~ — SVM
60 D &= N = 0.60 . ———CNN
Tl T2 T3 Tl T2 T3
SLI SIS
(a) SISEERIX 43 SRS (b) S15EH6 X Kappa R4
95 0.95
S2 SMLC EMLP EBSVM N CNN 9
P_’—.—-
8
B
o
% P :‘.‘ﬂ:“rﬁ.‘“
pic ’ /,*
v -#=MLC
#-. MLP
— SVM
—n— CNN
Tl T2 T3
SCER
(c) S2ILBHIK 5 FA AN L (d) S2528 X Kappa 4L

B3 FAEKIEHEGHNEEEEN Kappa R LLE

Fig.3 Comparison of overall accuracy and Kappa between different groups
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Fig.5 Urban land cover classification maps achieved using different methods
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Evaluating the Potential of JL.1 Remote Sensing Data in Urban

Land Cover Classification Using Convolutional Neural Networks

Li Dongmei',Ma Yue”’,Li Huapeng’
(1.School of Electrical and Computer Engineering ,Jilin Jianzhu University, Changchun 130118, China;
2.School of Geomatics and Prospecting Engineering, Jilin Jianzhu University, Changchun 130118, China;
3.Northeast Institute of Geography and Agroecology, CAS, Changchun 130102, China)

Abstract: This research classified urban land cover using the Convolutional Neural Network (CNN) model
based on the fine spatial resolution remotely sensed imagery from recently launched JI.1 07B satellite. We ap-
plied CNN to classify imagery using different combinations of spectral feature variables, and compared the per-
formance of CNN with three other methods, namely maximum likelihood classification algorithm, multi-layer
perceptron algorithm and support vector machine algorithm. The experimental results demonstrated that CNN
consistently achieved the highest overall accuracy (=>90% ), larger than that of other methods by above 12%,
and reduced significantly the “salt—and—-pepper” noise. The contribution of red—edge band to the classification ac-
curacy was slight, while the near-infrared (NIR) band could increase the OA prominently. Overall, the effect
of red—edge and near-infrared bands exerted a slightly impact on the OA of CNN, demonstrating the robustness
and generalization of the CNN model. The high accuracy urban land cover classification map achieved using
CNN based on JL.1 satellite imagery can support the decision makings for land resource allocation, urban plan-
ning and regional administration.

Key words: JL.1 satellite; Convolutional neural network; LLand cover; Deep learning; Fine spatial resolution im-

agery



