5535 %45 3 ) H & & JH B &K Vol. 35, No. 3
2003 49 H REMOTE SENSING FOR NATURAL RESOURCES Sep. 12023

doi: 10. 6046/ zrzyyg. 2022305

SRR TR, AR, XSk, . LT U — Net U 27 20 B0 (10 5 0 7K 7 5 i 0 JR A5 L BRI [ 0 ) 1 4R 0 U0 8 Jk
2023,35(3) :17 =24. (Wang J Q,Zou Z H,Liu R B, et al. A method for extracting information on coastal aquacultural ponds from re-
mote sensing images based on a U> — Net deep learning model[ J]. Remote Sensing for Natural Resources,2023,35(3):17 —24.)

FF UP — Net VR B 24 > ORI Y if
IK 7= S 58 Y

RSN

FE®, SRHES x|, xER
(1. AKX T TRBHF AR, T 315012; 2. il EFAFEEILRE¥RK,
Al 316022 3. H T H T AR ARIFEAFE L LK E, A 261021)

FEEE . ST XS UTHFNY R S A D BRER A vp W) 3 S5 ) MO, 5 BUA% 8 7 VA AR IBOK 7 % B I 300 SR K E AT 4 ) At
PR T HET U - Net TRBES: I BURI VR K 7= 35 SO M5 BRI s o 1 06, X I AG HEAT LA 3, e 45
A P B ALy A X S FRGEIE A A 5 R i S H AR R TR AR R FF 5 SR05 R U — Net TR 2 2) 8
BN R PEIBOHT FREE I doe i, PP Ja ¥ doe A 12 0 S SR BRIV [l o S M 45 SRR I, %07 W 3 B MRS B2 3 31
95.50% , V¥4 Kappa Z %L A IR F G354 0.91,91.45% F1 91.01% 5 FEFRHIEA K S i BU-AR J7 167, 42 B
FAHIHIX 19 B, 3851 9.79 km® | USRI B T3 MR EE 4331 0 94. 06% F1 93.18% o AHF T BEAS PR | Mo
1 g ey DX SRR AR i P, RE A DAy oo B Y LA T ip 6 e SR P AR S0

KW U - Net; JRIRIEG; K- FRAAYE; AR
XS 2097 -034X(2023)03 0017 -08

FEESES: TP79 XEFRERM: A

0 7l

aill®

K7 FRFE S — PR G gl A 7= o = AR
B ERRE B AR AL 20 A T B, A BRoK ™ R4
M\ 20 42 90 4EALHY 1 500 J7 t, 34 & 2018 4R
8 200 J7 t, HEIERN A KA B, HoK = FREE A 4
BRAZE B B STk A F 16. 3% , K 7= A P
FEl N 20 B R 1 76. 5% 1 W IR OK T 3R B O
K 7= FRBE B ) T B Gy, R AT RA SRR
A 22 R R R AR S (B )V Y X 3R, 2020 4F3K
] th 5 A A DK T SR B AR Y 43% o FF
FaYE)E T o0 2B N, SRR 5 52 2 ARk
SR FRAA R B A R R ORI SRR 2 2550 A 1
255 AR (L AR ) Z REPEBE IR . A9 (2030
AN RRSE K R ) AT RS &R B AR 147 A R
AT HFL A FH v O R DA R AT e R T
SIS B 1 it O ARk 7 5 PR 4 R v M A S AT 4k
KB EEIRY I TBe. P, MEf R OK ™ F2 51
TEAE BTl BT IR R 2 A B i R A B IR HLEL

WimBHA: 2022 -07 -27; {&iTHEA: 2022 -08 -24

AEEE L,

WHOLT , WK SRR 195 B AR L 52
TR Y O AT 4 B v, F 2R 2k
1, 9 B e e A2 AN IR T @
PR LUS G EE P LI B SR B2 S8k
P TR AR I R, BN £ SR H
PRI EEFBS Y L SRR M SR
SARE I3 5 28 BIME R (XA R T
BOTM 2k (R R T ik SR TIREE R ) 17
%

L 73 5005 e 5 0 95 265 1 R L0 PR R4 7
AR TS B FRR 43 FT IR 1
RO IESLBUR . RN 8205k R T R
P B R TR e . KR Kk Rl
SR A AR S BT PR AR LA (5 3R A s 1 X
JCH R KR 43 0 ik o I IR TR o,
THIA S B B ERCR . HFREA
MR R, o B G R R G R BT
RICHY 73 T RS R 2y e R S R L R Bl
FEAE R BORIUR 4 288 AR AR AR A3 525

ELWBE: FRA AP H AIGE SRR T RS DX e 4 2 S AL A (945 42171311) 28,

F—1EE:

TSR (1982 - ), 53, 4, TR, WFFE 7 1) A 7K SCHLT A7 . Email ; joson@ bolts — nut. com,

BISMESE: ARRANE (1998 - ) , 55 WA, RS 5 10 R R E 2 ) R IR B B AR, Email ; zouzh_tab@ 163. com,



- 18 - Q QQ E’Z'S 3/\

SEHATRABYERI 4y . BT Bk BAA T HE
ORGSR T % B A S R [ S S
ORI, T A0 R 7 Y4 % 18 T OGS G4
TR RN SRR AT 56 RN 2, 73 I 4h R
FELLBAAMG Z N FE R, TR TR R R B 1g o 4
7 AU A 1 A 555 L ) AR R,
BB D 7] 1 S0 3 A L B Ay TR . LK
T7HR IR 432205 LB PR 5 43 B R A0 388 I i 32 71, HL %
S RUBE RS BB o T B R A, TR
2 5 (7 A L A ) 3 AL s o 225 0 4% ok 3
Fo WRBESESINEJ—Fh BB M A L8 RERT S LA,
TR TG S AR o A 78 S BOAS T B kA, BT
2 5 FBFRERAE , TR H bR 5. 307
FRAE , % [ T4 25 Hopb S D R T D,
WERGZ AL RE S &, ) B T UL | A 44
T A Ry T R A B S

IFL T, S0 9 VA K 7 % 0 R ) 405 SR 1 2 B
ZALT 2 M. BREBE e 2 THI, « A
S BGE  K RS E LR A R I S
W TR 5 K 7 R B ' 1 AT 5 A KA, 7 T A
G5 77 1 IR PR3 i AR B Al B, WK™ 5
RGN RAE o 7EIB RIES b, R A7 By
B SR B8 0 22 B A A 5], 40 20 I R R SR R B B
R TR A KT SR LI A O R AE R A
SE R R — , LTI S R E . IE4E
ok, IR Z 2 A TR 2 >0 B 7E BRI 8
NI R B 0y U T
TFRCR

PRI , A% SO Yo A5 e 0 1 /K 7 5 9 B I A
SRIBOT e AR AE (9 IR, B T U — Net Y i 2 ) 4
TUTFREWRSE , LASE WAL 55 5 T 1 S 2 o BRFR 55 T 42
W FRHYE 5 BAFTE I AT EE . A SCHFSE RS it
Fre s [A) R R A Y TR IR A A B A AT
R JE B P T B A RO S AN R

1 R K R EEE R

1.1 #SHRXE

M9 X 7S 5 Ak A3 LLBE 5 R, 4 0 TR
140 km?® , JESFIIER =K B0, ERAL BN 1 iR .
AP K B 20K, v T3 3 25, I 3 A T A
JEFHL B, &S LR A KT SR S
O ARFT IR LA A, A I e 7 L e T
BB RS s DT IG5 A 3 e i DU R
(/278 S

1 HREREATEE
Fig.1 Location of the study area

1.2 HiEE

Landsat ¢ 3¢ [E fii 25 fiii X J5) ( National Aeronau-
tics and Space Administration, NASA ) & 5 % it # T2
BRI N 1972 FELORC &R T 9 A, Hr,
Landsat6 TR &5t < M, Landsat 2251 TL & ¥ i
W R BH )AL 038, DA R]— by s ] — i) ot )
—Hb g, PR AIE G SO0 4% 7 BE AR — 3, Landsat] —
Landsat3 L& B R 18 d, KA T AE K 16 d,
HH, Landsat 3 %1 TR T 283 2 X LI 50 a, 1
R T RTEH A 8]y 51 14 3 25 18 B AR B, i
2 S X I S

HRAE H T84k I5CR 00 A BF 5% o R, 18 B
Landsat8 [iti #b 1% 1% 1% ( operational land imager, OLI)
JIT AR TR 18 BEARTT AR G o P e it
BARMERI R 1o HiT 4 SO24 M TER 2R,
J& 4 SR TR

x1 AXERAEBREEER
Tab.1 Landsat image data
PR ORBEE LS BUREE AE PR m
2018.07.26
2019.07.29
2020.12.22
2021.04.29
Landsat8 2013.02.11 OLI 30

2022.01.03
2022.02.27
2022.03.15
2022.04.09

v
o

oIS e Y R SR

2 R

2.1 U? - Net ;REFSJHER

AR, 2 )2 R fiE B 5 SRS RN 22 RUBE P ik S X
JETREE 3 H AR 28 55030k el gy 1 . 2
JEFFIERE A SR R IR 4t —Fh B 22 A O i, i
125G R N 48 B — 2 G PR U AR AIE DA 5 D 2831
SEE SR RO A S IO B 3 R 0 4



553 19

ERR, A FET U - Net YR S BRI 1K™ FR BRI A BRI <19 -

FaRSE sl IR B E B SUE B R
FERIPERE Y XSOk BRI AL T B R
A (EULAR 1 BE R N T PRI IT Y o
Ronneberger 25 41 1 T —Fift 514 45 1 I 4
FEU 22 D) 28 A5 TR AN T IR A BR 254 5 AN [) P T
2E R ——U — Net P27 . U — Net W) 45 A5 71
it SEAS AR IE RS 3 A . TE b ik
L R 2 )2 T RS HOCE 20 A RHIE ;. 76 1Y
AR FIHZ 2 ORI RIS S 72 RRAE il
BB BE, A A o AR o 7 A B R 2 A R
BEVEMERE, Qin 4 7E U - Net W4 IHER 2 I
P —Fh G U BIEE e R ——U® - Net [
LA, U — Net PIZEAR AU AE K T U — Net [0 45 45
U G i At ) SEUREL , E 7 B R A ) AN Pl P B — 1Y)
GRZECE RBRZE, T2 Wik— 15080 U #lgE
ZEH sty (18 2) IR — i B R B . U gk 22
Hegbpgfi o 7 LAAE (/N 6 B U S 808k 32 B 2o
78 AR HUR T A0 T BB o[RBT T R A
TSN R R I, U - Net [ 2446

R B ) LR HE SR, B AT 2 4R i U
FHAE , AT R RCR

\ ARG y i AAE
I Y _ A
| B — M2

L] A
LR

|

|

: |
ERREERE
|

|

|

|

| B

L%#:%iﬁE
J:ﬂ%ﬁéﬁr%ﬂl%'
| J:%#:féﬂﬁ
%é)%
B )—1
2 UBRERGHTER
Fig.2 Residual U - blocks

2.2 EF U -Net REZSIERMNIBEK=FE
VEE B S RIREL
AR T —FEET U — Net TR S BEAL Y
IR SR A 8 IR B IRIOT i, R EOR B4R
Wi 3 fs .

OF catis:] @V kA @A)
Y = e e e e
I vy 7
PREE AR R UP-Nethi 1|2
T
B AES . U-NetBi 1R
S <A
briE Gl L / awmmmrE
P g B {5
% REEE ) { A ) Sl
@RSV
PEREWA
SR
B3 AL

Fig.3 Workflow of the study

2.2.1 HIFERAAE

Z I RAG SR I B PEIOR & AR 28 A R
S U T B G A0, R R B4 SR B AR
AN, Landsat8 & B ARKE B A 11 D RBUE
B G R B, RE AL AN BE (SWIR 1) G £L4h
PB(NIR) ZLYEH B (Red) HETEATT KSR 51
PETERE R R AR IR IE s o W R . PR, AR S
£ SWIR 1(R) ,NIR(G) ,Red (B) BB E @415
AATIE SR .l B AR, N TR A /Y
KT FRBEYE DA 2 58 B AR v I AR TE RN
581 14 & x581 1% %,

2.2.2 DGR EME

B R I SRR 32 BN Gk AR i i i AR
AR E I 2R A o R T R BT ) A R AR AT 0
VeI R 3 26 AR R SR — AT AR K
TR 5 AR F AT AR R OK PR R I %1%
FOS AT AR R BRI K SR . R 2 AR
PEF TR, 3 3R R /DS E R TN B S A
BEREALEY 5K F] 1 600 5K
2.2.3 B FRIAYEEBAZ BIIR

U” - Net MZSAERIH 6 24015)2 .5 J2 i 2 A
VIR 3 WA 4) L R R —



20 - (S A S S 1 2023 4
AU BSRESH TR ROERE . AR R, 2155 6 5Kk JFUR-5 IZRFEAS Al — R i fe i

Gt — A A2 AR 2 1] N AL R AR S A I ZREEAR,
[l I X — SR U GRS 2R AL 18 45 [7] — ] (g it =5
TR R R 2538 Dy 52 BT A 14 2 5 J2= A A ) )2

VRV
VIR

i

—

R WR e TR IR I RHIE S R T R S
(GRS AV AR S P NSRS FU R N [BEN AD
BB R AL, A IR e A TR SRR R

o BN
T Mk
BRUG LRFE
1 TR

219

E 4 U’ -Net M&EHTREE
Fig.4 Construction of U* — Net

AHF ST FC B A Quadro P2200 GPU , I Jif %
M HEZZL Ky Pytorch 1. 10. 0, #:4/E & 4t 25 Windows 10,
G eI = O Python 3.9, i ] Adam 4TS,
Batch_size 2 4, 3240 EH 10 000, Batch_size 4 4,
PR R BCH —AE 32 SR L, IR 4 22 B Sk p

H,W

1= |

A MORERG il B LG 5330S m RN ES
O R R EE 5 @y T Lo 20900 0y 42 3 12 22 UG
SRR e EUELs H AW 23530 R G RISE 5 e
AANG R RIS Po, o IPREAE; Py, N B
L
2.2.4 HEFN

K LV e 2 A S AR DU T BRI T 2228
TR, ADURERE Al T3 45 SR A HERR PE AN AT 5E 1k, 18 2
DAL R BE S RO E 2R . AW SR HERf
H(P) AR (R) M F A 3 RGBSR bR AT IR A
SEPEIAE RAAG BE VAN, AR A X0 -

PG(r,c)lb PS(r,c) + [1

FN = Zlabellh(x) - map, (x) , (3)

FP = zmaplh(x) - label, (x) , (4)

TP = Y map,(x) - FN , (5)
TP

P=1piFp (6)

FAR R BG L BAARHRA 000 -

M
L = Z wi!’(’lle) li!’(’lle) + Wiyse lfuse ’ (1)
m=1
_P(}(r,c):llbl:l _Ps(m)“ ) (2)
TP
R=7p sy (7)
2PR
" P+R” (8)

e FN,FP AL TP 5350 0 RBGR ) SR IR R
B AR A IR YR (R 2 AR U ) SR TR
BFRUL label,, () g —AHACKR I BT PR R R (E;
map, (x) 3 “AHAC SR B P AR R AW E 4
label,,(x) - map, (x) > 0 M, LRZFRRZH,
HapRERAE, ZBEAET WA ". 4
mapy, (x) = label, (x) > 0 I, FRZBR R RZMR,
HPREE RN LG R AR T 5

3 ZRE
HEF U - Net YRFESE: T B0 XF 2022 4F 4 4R

(e IS AR SRR AR A8 T T 7™ SR B A T S I, 1533
WSS XK )™ FR A I B B HR AR



3

EAHR, S FETF U - Net TR AR AV iae K ™= F5 A SR I 5 B4R 21 -

3.1 REERETMN

MRPEBRLR 25 R 22 6 ROC i A PR Hi £k,
ROC ek 1B 73 24 R v, ECBH R R AB
PERZIAIH KR . ROC HIZ T J7 BT AFR O AUC,
HAUC > 0.5 i, FoR R BA R 170 R A5 R

AUC fEMHEI 1, 73 RO B S s T AR
AT ERAL Y ROC L, BT A IS AR Y AUC {H#S
T 1, BULABT @M T U - Net 9K
FRIAIE IR RACR A o

1 F//
0.8
0.95
5 0.6 s
= Z 090
g4 !
— I AH—
B 085
0.2 A=
— IFAHPY /
0 0.2 04 0.6 08 080, 0.005 0.01 0.015 0.02
s BH 2 B2
(a) ROC ZiR (b) ROC 7& LA Rk
5 ROC %

Fig.5 Receiver operating characteristic

PR OHZHIA 1 AR 45 2R e R 5 4 Ja]
ALK FR o PR AP ER) 555 T 5L 5% T
R RUPR R i, 2 AR A B (R A 7 AR
IRAERBIE R . M PR 2R (1 6) S i T U3k
() B SPGB S R o e TKIE BOE M PR
50 A HREAS RUR SO AR REA L RS
b E 200 AN 7K SR GE B8 REAS IR B 20 2K 182
A>3 200 AR IR S IEREAS 5 IR B 43 2 200 A,
K7 R T 4 AR BENUEAS R 7 2REE R . R
200K T 4 DIAR A EOR L H PR BE LB AR
JEEFN Kappa R BRI ISR 045 R K 6—
7RI 2 AL AT SO R AT A 4 S A

%
B
i
s
o
= _QQ:
£
&
J A AEFEIE PR
1% FLAEAEA
(a) HHHI—
¥ .
ﬁ .
i
4
=3 H
;st
i
Ji FEIE AT
1% PLEAEA

(c) MHAH=

8 S R AT 3 T RT3 A A T2 B A
4 95.50% , -4 Kappa &% H 0.91,

1 P
08 X

0.6
= e
04 — A \
I =
02 bk |
) . ST A
0 0.2 0.4 0.6 0.8 1
R
6 PR gz

Fig.6 Precision recall curve

0

YIRS
Rk HRT BB S

FRIYE ARFRAEE TR
FAEFEA

i AH =

UL
IEIE R BEE SEW

FRILYE ARFRAEE PR
TAEREA

(d) mA

© - SHES @ FRIE-SHE @ AR
7 REBEEESHEIEAISRER

Fig.7 Error matrix and random sample point classification results



.20 H & ¥

2023 4§

*2 FEEEREERIVERIEITM(HEEAR)
Tab.2 Accuracy assessment of aquaculture ponds
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A method for extracting information on coastal aquacultural ponds from
remote sensing images based on a U’ — Net deep learning model

WANG Jiangiang' , ZOU Zhaohui®, LIU Rongbo’, LIU Zhisong’
(1. Zhejiang Institute of Hydrogeology and Engineering Geology, Ningbo 315012, China; 2. School of Information
Engineering, Zhejiang Ocean University, Zhoushan 316022, China; 3. Weifang Key Laboratory of Coastal
Groundwater and Geological Environmental Protection and Restoration, Weifang 261021, China)

Abstract: Conventional information extraction methods for aquacultural ponds frequently yield blurred boundaries
and low accuracy due to the effect of different objects with the same spectrum in complex geographical environments
of offshore and coastal areas. This study proposed a method for extracting information on coastal aquacultural ponds
from remote sensing images based on the U’ — Net deep learning model. First, an appropriate band combination
method was selected to distinguish aquacultural ponds from other surface features through preprocessing of remote
sensing images. Samples were then prepared through visual interpretation. Subsequently, the U? — Net model was
trained, and information on coastal aquacultural ponds extracted. Finally, the scopes of aquacultural ponds were
determined using the local optimum method. The experimental results show that the method proposed in this study
yielded the average overall accuracy of 95. 50% , with the average Kappa coefficient, recall, and F - value of
0.91, 91.45% , and 91. 01% , respectively. Furthermore, 19 ponds were extracted, with a total area of 9. 79
km®.

respectively. The method proposed in this study allows for quick and accurate mapping of coastal aquacultural

The average accuracies of the number and area of aquacultural ponds were 94. 06% and 93. 18% ,

ponds, thus providing technical support for marine resource management and sustainable development.

Keywords: U> — Net; remote sensing image; aquaculture pond; complex marine environment
(EERE: B 2)





