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U-Net for urban green space classification in

Gaofen-2 remote sensing images

Xu Zhiyu'"?, Zhou Yi', Wang Shixin', Wang Litao' , Wang Zhenqing'*
1. Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China

Abstract: Objective High-precision monitoring of the spatial distribution of urban green space has important social, eco-
nomic, and ecological benefits for optimizing the spatial structure of such space, maintaining urban ecological balance, and
developing green city construction. As the first civilian optical satellite with high spatial resolution, Gaofen2 ( GF-2) exhib-

its the remarkable characteristics of sub-meter high spatial resolution and wide coverage. GF2 provides important data sup-
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port to multiple fields, such as urban environmental monitoring and urban green space information extraction. However, tra-
ditional classification methods still encounter many problems. For example, training a method to be an effective classifier
for massive data is difficult, and the accuracy of classification results is generally low. The use of massive high-resolution
remote sensing images to achieve large-scale rapid and accurate urban green space distribution extraction is an urgent task
for urban planning managers. With the rapid development of deep learning technology, full convolutional networks ( FCN)
provide novel creative possibilities for semantic segmentation and realize pixel-level classification of images in the field of
deep learning for the first time. Inspired by the U-Net network structure, we applied an improved U-Net to urban green
space classification for the first time and proposed an automatic classification technique for urban green space by using high-
resolution remote sensing images. Method First, we improved the U-Net model to obtain the U-Net + model. The main
structure of U-Net + is composed of an encoder and a decoder that can achieve end-to-end training. The encoding channel
realizes the multi-scale feature recognition of an image through four-time maximum pooling, and the decoding channel
restores the position and detailed information of an image through upsampling. The network uses skip connection to realize
the fusion of feature information with the same scale at different levels, overcoming accuracy loss caused by upsampling. In
addition, we improved the model by adding batch normalization ( BN) after each layer of network convolution operation,
effectively regulating the input of the network layer and improving model training speed and network generalization capabili-
ty. To solve the overfitting problem, which is easily produced by the limited sample training set, we added the dropout layer
with a 50% probability of dropping neurons after the convolution operation of the fourth and fifth layers of the network. Sec-
ond, deep learning requires a large amount of label data related to the classification objectives for training. However, exist-
ing open-source datasets cannot meet the requirements of the urban green space classification task. Manually establishing an
urban green space tag dataset is necessary. We selected three typical urban green space sample areas in Beijing ( urban
parks, residential areas, and golf courses) as study areas. By combining GF-2 images and Google Earth remote sensing im-
ages in summer and winter, we drew all types of urban green space in the study areas through visual interpretation by using
ArcGIS. The visual interpretation results are corrected with actual field investigation. Third, random cropping and data aug-
mentation techniques are adopted to expand the dataset, ensuring the randomness of the samples and enhancing the stability
of the model while fully utilizing image information. We adopt the Adam optimizer with an initial learning rate of 0. 000 1.
Result 1) The overall classification accuracy of the U-Net + model is improved by 1. 06% compared with that of the origi-
nal U-Net. After 40 training epochs, the accuracy of the U-Net + model reaches a high level, and the loss function realizes
rapid convergence. The U-Net + model effectively prevents overfitting and improves generalization capability. 2) To verify
the effectiveness of our method, the classification accuracy of the U-Net + results is compared with those of three traditional
classification methods, namely, maximum likelihood estimation (MLE) , neural networks (NNs) , and support vector ma-
chine (SVM) , and three semantic segmentation models, i. e. , U-Net, SegNet, and DeepLabv3 +. Among the seven clas-
sification methods, the U-Net + model achieves the highest overall classification accuracy for urban green space. The seven
classification methods are arranged in order of classification accuracy from large to small; U-Net + (92.73% ) > U-Net
(91.67% ) > SegNet (88.98% ) > Deeplabv3+ (87.41% ) > SVM (81.32% ) > NNs (79.92% ) > MLE
(77.21% ). 3) In the three types of urban green space, evergreen trees have the highest classification accuracy (F, =
93.65% ), followed by grassland (F, = 92.55% ) and deciduous trees (F, = 86.55% ) . 4) Deep learing exhibits
strong fault-tolerant capability for training samples. By training and learning a large number of label data, it can effectively
reduce the impact of errors and improve recognition capability, making it more suitable for urban green space information
extraction than traditional remote sensing classification methods. Conclusion Deep learning urban green space classification
methods can fully mine the spectral, textural, and potential feature information of data. Meanwhile, the U-Net + model
proposed in this study can also effectively reduce the salt-and-pepper noise the classification process and realize high-preci-
sion pixel-level classification of urban green space. The improved U-Net + can effectively improve the accuracy of automatic
classification of urban green space in high-resolution remote sensing images and provide a new intelligent interpretation

method for urban green space classification in the future.
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B, M ABHRB R B /N sigmoid PR S 5K
I T AFAEARARN , B8 S ) A4 49 B Be vl R 2
KA BR BETH 2R T BTCE S, ReLlU BRATE$2 1M
2R PE R R B/ T S ) A OB R LA
RO IE LT 2% | I bRdehs B8 B S J& AR S
H Y U-Net + BERIHT ] U-Net #58Y (1435075 bR EIOR I
K ReLU B0 pRECHE = BT AL I 0 32

HEAxR 1 1k (batch normalization, BN) #2& loffe £l
Szegedy (2015 ) & 1 1) — e 8 fif 28 I 45 P fig AR
TEMERY B K Eiodls 73 U HEEK (batch size) 3
FrRENUBEBE T RE  THSE LN AR A s R A7 12 IO B4t
B BB Ay 25 TR R A A TR 1] % s I X g
— JRPN 2 25 AR AT Bn AL A B i A X
H0 TR WA . ASCHE Y U-Net + BEAYTE
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®H=zF, BZ, T, EwmE, ERK
EE GF-2 BREFHKRAY U-Net iR N5 2

U-Net BHUREZ 25 6 BURAE R4 IN BN 402, n] LA
ARG Z 05 A ek TP 2% ZB0m iR
BOMELAUN R ) R, A7 Bl T8 BEAL 45

FEAIL S 15 ( dropout ) & 1 28 0 2% 1 W] 4k (g — e
J5 2 ( Srivastava 5% ,2014) , 76 YN 251 78 A3 of B
B RS A3 A S BEAILVA | BT A Rl A A
LA, T LU R e 0 2652 400 R B2 T 2K [
R, ASSCER Y U-Net + BERITE U-Net 2525 4 J2
S EEBREERB MBS R 0.5 19 dropout
J2 i F 5 50% Wk 0 R 28 T B o LG
A

BT RE B AR A bR 2 a0 B i A TR
TR, 24 SC M Y U-Net + #5571 3R BB AL %% 57
(random crop ) F1 [ AL %% #i& 3% 98 (vandom data aug-

mentation) A 77 A" FEREA B, BEALER Y w] LLid it
PR B B PR IE 3 MEA X 3 Rk Il e A 1
FBIART , RS R A R = eI e A i, S A0
& K BRI S0 B R Y AR L B AL AR 5 RE SR
Z 0 UG E G, HA S 1 et BE A BAE T0AY , PRIIERE
A B ALY A [R) s AT DU 2802 2D B B . BEDLEE
B85 A e — R R AT 00 B B A 0T 12, SR TR
LR AL R 7 2K XoF Do £ vt ity IR R AR 2R A T T
e EUGOK Vw2 B I F | 46 R K T B 25 B
PGSR AL XA 5 ARIIE T 48 I Zhd FE A FE
ARAGEAAANR] I 2545 3 088 B T4z 4k
AEJT, B I A

ASCHR ) U-Net + BRI E a8 3 s (H:
H,D A dropout) ,

|
Gt sy | RSy 128 64 64 4
|
|
= T
ellel s |
UL S I
b IDANDAN I
|
C I J—
o0 [oo o0 | X
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aaTAR 256 256 | — 512 =
3 [ 3 =) 3x3EHHFIBN
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Y — = = o g

= 0.5 FYLARTE

P13 U-Net + K2ty
Fig.3  Structure of U-Net + model

2.2 fREILIG

SZEHEE CPU M H4F/K Corei7-8700@ 3. 20 GHz,
GPU 5 NVIDIA GeForce RTX 2080 Ti 11 GB, %
TensorFlow J5 ¥ Y Keras T8 J& 2% > HE 22 52 ¥
U-Net + 57 [ 44 5 5000

MR b A 1500 1§ 256 x 256 182
Y ZRIEME 500 i 3 e 45 R XeE 1 A 28 iy AR
WA ] 324 0. 001, e KIEAUEL 100 W, Bl
GREFLBEIT .,

1) ZEVNZrREE A BRI IR (batch size ) BEHLIHEL 2 20
YIGREAR x TR RIARES y , 2Bl 5 o i A R 45,
HRA T R i 43 SR B0 B A PR 2 y B A4S

2) YIZRAEA S A 46 I 647 11T 7] 1% 4% ( forward

pass) , TEZ 10 73 S IUHI A S AR AU REAE | 76 A 8 51
OIS IS [ B 5 o0 B A AEAR B KRR R 4 —

BERIATERI P EARAT 4 FhEBIME R 153 — 2 7
?Jr‘lljﬁ ypred o

3) SR FH A2 SR R B0 T3 T HE S B 45 K £,
TR y SHE BB

4) i3t Adam oAb as , T35 SR R AR X T 00 2%
SRR IE K S BGHAT I 144 (backward pass) ,
AT R AR AR R AF

IR FR D IR AR, 23t 100 YGEAR, 15
PLZZ LA T (9 S HOR B B AL, 451 % pR B 2]
0. 02, BEIFIIZRAT AL, K fof 0 2 R0 1R B A 199 465 10 AT
T, SRAF IR A5 A
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2.3 HEEHETH

VAL AR I SR BE , R AR V8 FE R (R
W 45,2006 ) X 43285 AR 2 AR T AT 5 4t
T, HKE B 5> 29K BE (overall accuracy, OA) kappa
FHH F1 73 B 485

OA FIR TG R 3 245 R SR BB X X
R SEPR R — BRI ME R . kappa REL(K) FR 7
R e RS AR R R LU, B

n x”
0A = 21 v (D
N2 x; - 2 (2,,2,;)
K — i=1 ”i:1 (2)
Nz - z (xi+x+i>
i=1

A, AR R ITIE W 7 KB« v, K
TRVBHEPEAAT A FZ AN R EUGR RO B,

F1 2340 F, ) 23273 K5 1 JEE ( precision ) 5 44 [1]
R (recall) FIZEEITFHITRIR | SRR X TE AR A (9
WU 73 RE

= 3)

o, P AR AR SRR RDRS BE 48 10 23 5
RANGITCE S IZ R B IS HE BB R R A
1R SRR PR BE , 48 I8 2 M 2R B ot M
Iy R INR T R BT S T
By B AU FREL, S WORE I A A [R5 By
B A B N1,

U-Net + BRI HARFRAEANIET 4 PR

3 H#RESH

3.1 HEEHIGER

¥ 1500 15 256 x 256 152 1Y EMG AN D R 2
DR AR U-Net FICHE J5 A9 U-Net + A5 51 o 32 X,
100 ¥, 75 51 P4 20 B 22 A Uk 50028 Ak 7 RS 1 32 ol 2
P L, K 5 FiE 6 frs, it & 5 fiK 6
Xif U-Net BHI e /i 10 I 25t DU AN #0045 B 4 F
115001, AT LA e U ZRid B v, U-Net Fil U-Net +
IR 311 25 6 6 SE A BXA 3 440 Bt A QYR B Ay 4 &2
St I, A0 40 WE B Wi Ea TR,
YRR AR AR 3 L #—30; U-Net Fil U-Net + #2513
SRAE P I (BB 326 A U B8 38 in S DRl T B AR

| I
| AR :
: U-Net-+H5 :
I ] '
I
| mEwEmk |
e HI
| e il !
g | e | C
I ’ N 5
L | : =
2 | :
: % I X i) ;
: IR I o
{
V| B | | soumms | )| i
BEEE A ki
|
|
|
|
|
|
|
|

P4 U-Net + BERLH AR AR
Fig.4 Technical process of U-Net + model

40 IR J5 B REAGE T T 05 U-Net 15574 36 5iF 45 (1 458
FAB SRR T, 21X 60 IRJS loss HHEE I TH
P IR ST LA AR ; U-Net + A5 80 56 31F 4
AR S B AE T 40 UOEICRT A 2 R BiJS # TF
% AURMETE 0. 16 ZE A7 3N, YRGS SRRW, Hm
T BN \dropout FEHEREHLIE R U-Net + 18I A] L)
AR IS IE IS, S T RRL Iz AL AR ) R
e, S BRI 250 40 Yk, SEARTERA R E 258
FNE K, 2 AR X0 B s PR/, 1 2 )
RUE RN AR 40 RS IR IS B, T A A
PRI AT TR REE

H4 U-Net + BRI FIN (4303 5245 53 28 T A TR
WHEMGE SR s 2 frs, 24 1 888 818 M4
L SIRE TR 1 751 518 MEIT/H 2 IEH
kappa REHN 0. 89, B/ IHE R 92. 73% AL
U-Net BRI = T 1. 06% , 7EJS4E Rp, # 5
M AE R (F, = 93.65% ), B ML (F, =
92.55% ) FIFEMH4 (F, = 86.55% )IRZ, FELET
B SR R GRS SO ARRAIE 2E S
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Fig.5 Curve of accuracy with epochs

((a) training and validation accuracy of U-Net; (b) training and validation accuracy of U-Net + )
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Fig. 6 Curve of loss with epochs ( (a) training and validation loss of U-Net; (b) training and validation loss of U-Net + )

F2 U-Net+RESERERBEHEESITNEE

Table 2 Confusion matrix and evaluation accuracies of classification results with U-Net + model

bR TIM A 5 K A T TR
. . . - ” . ISNUSEN "
KAy Bk MR EER R HMb HPREE/% RIEEE/% Fi/% ¥igE v, Kappa EN 4
)./ 70
VR 345565 311496 4 347 2011 27711 83.23 90. 14 86. 55
W LR 341 859 11 552 316 866 824 12617 94. 64 92. 69 93.65
92.73 0.89
HH, 173 243 8269 1029 158587 5358 93.58 91.54 92.55
HoAh, 1028 151 42957 12574 8051 964 569 95.48 93. 82 94. 64
VE IR A A 25 51 T 1E A Y Kkt
RERCF X 7). HEMB T ARTE AT T DC AR LU BN, BROBIEARIE LIS B 2002 1 SURRAIE , BEAS AT A%

RS O LA AT A, B ARORE T
U-Net + 15 R 22 [0 26 A58 50 ) 28 J% 00 28 T 06 i
SEIN T AR YT S M o 2R ATE 55,3 Mgk
B TR 3T 0, 73 FAG PR, e TR = R 2 )

R R A - R R A, e — e R JEE b DK
DG ICIR 7> BRGE | Xob o3 A1 - B EL AR 114 % -
WRER SR MBI ok | UE W 3% 7 ¥ R 92 L ims 20
PR BRI e M S0 F A 7R AR I
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3.2 IS RERXTE

HEAEA SC T ¥R WA M, 5 MLE ((maximum
likelihood estimation) ( 4 7% %%,2014) . NNs ( neural
networks ) ( Pacifici 5§, 2009 ) . SVM ( support vector
maohine) ( Liu %F,2017 ) 451% 5t 5325 J7 1 Al SegNet
( Badrinarayanan 4§ ,2017) . DeepLabv3 + ( Chen %,
2018) .U-Net ( Ronneberger 45,2015 ) %51 X 43 #
RUPEFTHF 5298, MLE \NNs 1 SVM 1 432 52 565 3
TE ENVI ( environment for visualizing images ) X {4 /1
FEL,

7 A SCOTIE R 6 Filt LU v X6 3T 4 Pl i
G R AR I, FTLAFR ) SVM MLE F1 NNs
ARG AT A IR A G T, S LR 3
P 1) XA B A AU ) AR v ) S R ) SRR g
T, 0F V4 B A T R DX P 3 A 5 Ry 2 HR R 7 PR R
PG ;2 ) AR 3 b 2 i 2 R b i AR Y L A

N, G TERRAE 5 V5 TR AL, 20 SRS B R 22, Hep
NNs AR AERIN ML, 3) MLE 1 5 20 9ER 18 5
BN 225 K AR R S R Rl S B4, v i
W5 BHIR W PG B T A TE I Y AR R
P 54) SVM T 8 43 AR ST 3 3 28 vh R R AR
P, 3 Fhdg 1 S UBOCR — e, MHEEZT, Seg-
Net . DeepLabv3 + Fll U-Net & IR B 5% > 5 R 78 /5 53
AR 2 3 o3 S v S B H 3 PO I RE AT AL
MR 2> B FERAR T o3 285 A v i B A < B
MR A EE SegNet 1 DeepLabv3 + #2711 4325
Z5R, U-Net A5 BT 3ol 11 2 3 1) 4039 15 2 2235 B K
B, 0 FH S B W& AT PIRP LIRSS Sk
L RBHIS DX I3, 191 0 HE 51 8 5 1) By b T Bt v 11 5 3
WHEAE SCIUA AR I, 12 7 Fh 728076 b AR S
A U-Net + BRI 73 20 K5 BE e, 7 U-Net BEELR
Hfh FRMAR R T 0.85% .

(e) Deeplabv3+

(f) SegNet

K7 A7 R A el T8 AR 3 SR 45 RN 1Y
Fig.7 Comparison of classification results of urban parks remote sensing images among different methods

((a) label image; (b) MLE; (c¢) NNs; (d) SVM; (e) Deeplabv3+ ; (f) SegNet; (g) U-Net; (h) U-Net + (ours) )

3 NARSCIT N 6 i LA 7 % 4 i 2 el i
SR KOG EXT L, T RAE h #5 EAR 53 2ok
FE(OA) HEF , 3 AR N U-Net + (93.80% )
U-Net (92.95% ) . SegNet ( 87.31% ) . DeepLabv3+
(84.51% ) SVM (77.94% ) MLE(76.25% ) #11 NNs
(75.85% ), WK, A SCHE Y U-Net + BRI 532
KR B Al o

(& 8 A SCIT VAR 6 Bl LLER 5 i %) i /R K3k )
SRR A RIE R Rk EEE LA

THRH S 3 IR AE 3 B i S A v i) B R B
ey, P RRE BERAI ; W M T 3 T S R b b
T AR/ S 0 o R4 ™ 8, AL 8 (b) T LU Hh
L T AR S 4 22 5 v Bl DX (S R 2 B )
OM A VE 2 A0 B0V R BE B, A B2 0 26 07 TR RN
DeepLabv3 + BIAAEAT BN, SegNet FE 71 fii 5 1]
HE AR P 2t PRI B, AL SFURISCRAR T U-Net B8
17 B o207 v AR SCHE Y U-Net + BRI =
IR RIRG B IS AR I Jeh R B A 5, AN [R) 2850 i
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Table 3 Comparison of classification accuracies of urban parks remote sensing images among different methods

F./%
Ik 0A/% kappa 241
AR e L FAth Ty

MLE 57.22 83.21 36. 74 76. 04 63.3 76.25 0. 61
NNs 61.89 83.53 0. 00 72.81 54.56 75. 85 0. 60
SVM 62.77 82. 81 23.54 78.71 61.96 77.94 0.63
Deeplabv3 + 75. 65 89. 40 59.33 81.73 76. 53 84.51 0.74
SegNet 84. 54 90. 88 67.32 84. 68 81. 86 87.31 0.79
U-Net 85.72 95. 89 73.18 92.53 86. 83 92.95 0. 88
U-Net + (430) 88. 40 96. 21 81.25 93. 08 89.73 93. 80 0.90

L AR R 25 S L4 28

SR LI B, REMLY F) R 93.64% , IR B
5 FL g 83.40% |, H v B 42 9% bR G R

R EE

BRCRAE TR 7 AR 2R O REAS

(a) P EI%
T

(f) SegNet

(e) Deeplabv3+

FIRFESY, FEF, AUA 44.02% , 5 U-Net f7Y
AL, AR SCHR Y U-Net + 155780 84 K 23 20k B 42 25
T1.71% .

(g) U-Net

K8 ARy % e IR R BRI G A8 7 JE A R T
Fig. 8 Comparison of classification results of golf courses remote sensing images among different methods

((a) label image; (b) MLE; (c¢) NNs; (d) SVM; (e) Deeplabv3 +; () SegNet; (g) U-Net; (h) U-Net + (ours) )

4 MR 6 F LA R R KRBk
GG IR EEXT T LR e R gy 2
KB (OA) HEFP, /2 FE R MK IR B U-Net +
(87.15% ) . U-Net ( 85.44% ) . SegNet ( 84.60% ) .
DeepLabv3 + ( 83.14% ), NNs ( 77.21% )., SVM
(76.72% ) Fl MLE (70.64% ), B4K, 7 SCH2 i Y
U-Net + B 1) 43I0 BEAR SR e o

P9 SHARSCIT LN 6 B L5 5 %A1 52 DX 2 %
AR RMEIRIA A X e AR E /DX
JEE [t 2k L A D] 2t 3l 1190k T 3 B A% S 3 as i o
(R 2k Ml , 7 AT RS R i, 2 B LLVE MR O
AR O, B SRR > NI 9 BT LA Y, MLE
ESAE LIRSS UHTE DN ¢ 0 TSGR 25 Wy
REFRIE I Fy KT 80% ;4 BhIRSE S~ #
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RUSIRE S I i 40 AR B KR B i 4R 1, 5
SegNet Fl DeepLabv3 + AH L., U-Net Tl 45 5 5 F.5
MO SN W) 5 A SCHE Y U-Net + F508Y i) 2 UK

Refpf, H U-Net BERL SR NG AR 1 0. 64% ,
M BOF, N 90.57% , I U-Net R 4E &
T2.05% .

R4 FRFENSRRIKGEBRZG S EBEILL

Table 4 Comparison of classification accuracies of golf courses remote sensing images among different methods

F\/%
ik OA/% kappa %L
) (Eei) i) Hofs K8y
MLE 65. 64 17.22 79.09 82.18 61.03 70. 64 0.59
NNs 69. 11 9.46 78.50 86. 74 60. 95 77.21 0. 66
SVM 68. 64 12.02 76. 80 86. 89 61.09 76.72 0. 65
DeepLabv3 + 78.91 24.43 90. 08 85.11 69. 63 83. 14 0.75
SegNet 81.48 31.65 91.22 86. 21 72. 64 84. 60 0.77
U-Net 81.04 38.00 92. 06 87.84 74.73 85.44 0.78
U-Net + (&30) 83.40 4. 02 93. 64 88.52 77.39 87.15 0.81

TE I PR R B SR E R

B3 pEYEH oo ;g 2

L3 e

(a) P E1E (b) MLE

1 BT 155 AT a3

E

X3

(e) Deeplabv3+ (f) SegNet

(@ U-Net (h) U-Net+(ﬁ@'ﬁ)

K19 AIRITT i XGE BGAR R AR [
Fig.9 Comparison of classification results of residential areas remote sensing images among different methods

((a) label image; (b) MLE; (c¢) NNs; (d) SVM; (e) Deeplabv3 +; (f) SegNet; (g) U-Net; (h) U-Net + (ours) )

TS ONARTCT AN 6 Fh LR o X 3 Ik
AR ISMRE BEXT L, AT AR Y, e AR S SOk i
(OA) Y, 43 BRI A U-Net + (96.92% ) |
U-Net (96.28% ) . SegNet (94.79% ) . DeepLabv3 +
(94.34% ) SVM (89.04% ) .NNs(86.55% )l MLE
(84.36% ), WK, ASCHR A U-Net + BRI 532K
KA

it FARXE E AT, 15 LR S5E G E 4E

FRIRGR BT 7 > HOR R R 207 M
UABGERL AR 25 > 5902 REAS 1) B 00 57 A 0l T gt o JR
RIS, MLE NNs #1 SVM %5078 THLAR
Y RORIZEN A ) Lk R ORI, TTE Y R
FIR BB R M RIS S 2R B 3 2105 1M U-Net +
U-Net .SegNet Fll DeepLabv3 + 25 TR B 2 2] [ 26 A5 7Y
AT T 2 iy e S (R A T B B0 0 26 A T e
% B 5503 A7 AV e B A TR 2 A5 B, A AT
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R5 ARAENEEREBRZEDLBELL

Table 5 Comparison of classification accuracies of residential areas remote sensing images among different methods

F./%
Ik 0A/% kappa 241
AR e L8 FAth Ty
MLE 77.31 - - 90. 23 83.77 84. 36 0.59
NNs 70. 00 - - 91.34 80. 67 86. 55 0. 62
SVM 73.93 - - 93.07 83.50 89. 04 0. 67
Deeplabv3 + 82.79 - - 96. 64 89.72 94. 34 0.79
SegNet 82. 00 - - 96. 96 89. 48 94.79 0.79
U-Net 88. 52 - - 97. 81 93. 16 96. 28 0. 86
U-Net + (430) 90. 57 - - 98.18 94. 38 96. 92 0.89

TR AR S B R AL R . -7 FOR A P %L

FRIE T REAR AL, X 2 52 2% [ LR 7 R R i, Hod
RERAMA AN E] TR R B TR 57 A )
PER MRS ] HLAE — € AR B Ll T s WS OCIR
MR, R SRR, A SCR A Y U-Net + £
BUAE 3 YUY 7 Bl 75 35 A A 2 S T e A
FHLEE U-Net B8 3SR AT — E T2 BE R 4R 51, B W]
ZITIERES A LT R 73 BRI T SR MR I R 0
FBE R L , D94 J 3ol i 2o b i R 1 3 26 4R 1 T
— T B REAR T I

(RIS, SER4 SR A B, TR o > ik A3 T 2
RSB Il fErh B —E N RFERE ) . AR
Kea s, i TN R Bt 3% 7 XS Ar e
AR, BEAS B9 1 O BE PR AIE B 2> 2 1 IE
K10 /R TIRBEE 2 IR AR . rTRAR I 26
1 A2 B0 B v AR TR AL R R SR VA 130T,
U-Net + FPEINESRHRER 13X #0485 15 5., B 45
REINET B ; 55 2 AT R h i T8 B A I %
B AT B0 SR 7 H AL AR P R R 4R {H U-Net +
BRI PN A R A 3 T A RS, BT~
BRI SRR A B AT B0 ) 22 5 RE T, 3l aed X R
PRI 2o ) RERG IR NI —FE = LW TF H”
ARk 1R 25 S B U RE D

4 % i
AR SO 2 3 e 28 R 2% 17 FH T 15 40 PR

SRt ER R R R . T N TR 2 ) b
RSB R | S fif R /SRR AR B gl B A A2 T B R

: Y o " a “‘:
(a) MRIEGAL (b) brZEI% (¢) U-Net+53 2455

FE10  IREE# I REAR MY A48 1
Fig. 10  Fault tolerance of deep learning samples
((a) remote sensing images; (b) label images;

(¢) classification results of U-Net + )

B Y 3ok $0L A () AL, A SCXTF U-Net [ 28 2844 i 47 2k
] U-Net + B8 78 L FERE - 2 Bk 5 i 3k
A A XA R R BRI SE 3 A~ SR Ik i 28 1
FEAR AT 7 HANE] S AR (R 52X b, 230 45
SRR, 780 BN 2 dropout JZ F1 ALK B 144 5 Ak R
AT A7 IR G B e T AR A RE T
FEFEME, AR SO IE M BRI 2 B R 92.73% |
kappa 220K 0. 89 SF F1 43%0H 91.85% , 7 Flt
G35 B R o3 s BE R B/ INE AR Ty
U-Net + (92.73% ). U-Net ( 91.67% ). SegNet
( 88.98% ). Deeplabv3+ ( 87.41% ). SVM
(81.32% ) \NNs(79.92% ) Fl MLE (77.21% ), 7&
SO R AROR B3R F MLE NNs F1 SVM 453 2
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MLaw2 2 o R AL T DeepLabv3 + il SegNet
SRS IR 5 U-Net SERVH LE SR 53 208G B
RIFT 1.06% o A S kA R T 15265
PR ARG, SEL T T Skt 8 SES AR =
KRR . JOAb, TR BE 2 ) BRI XTI Gk A
AR AR RE ) AR08 TIRZERIREN 425
TR R b 3 B AR B RN RE ) o B A X EL S
SRR, U-Net + 5 AU 28 00 268 7045 200 4 1) 30 11T 4
TEIEGAR o ZE PRI rp HA B 1 m AT PR R
R4 I TT ST it T JESAR AR R A R AL T — b
R R

DRI 2] Ik I~ M e ) FIZ AL RE T 5t | RES
NI R 73 B a RO AR P2 i o b T A
OB RSFTE R RAEDS B, H S d AR TR,
YT i 43 BRI T Gk TR SRS AR 43 2 Th i S Bk
RN ZE A — R AR, SR, 73 28 BCR U IR
i 32 BRI TR R SZ R, ol T e 0 R SO 1R
B IR e R B BRI TR R 2 T IR R
TER ST B2 i 221 3 1 R b 78 2 TR
B, G iR B A ok B i A TR 4 o G ;)
I, A SO Y Jo T RIS Y | 5 30 T A AR f
DR A0 % R BCAS T7 TT E— AR R R R R RE
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