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VIR R B R S RE MBS RGN
EPEHIA , TERGESAR . G XA A i
Y ZREVE S T R R HE RN . FR, U
TR RS2 4 F AR R S A SIS S A, 2
PR A S E 55 X, 2 [ R AR (0 i 2R
B2z — (RARBEMTEH, 2007). o i
TBUI b 1y 25 LA 2R A BT R AR AP R K 52 Ui Vg
MM TAEMIATEE (Yang 5§, 2016). iR HL IR
T, RARSY b DOME DL E A B8, 3 R4 R
VB B I T B, B WS A
W S 2 M, AR M fE BRI I &
THEZEN GUEA %, 2016).

e 258 Y T Y 1 A 2B B 3k K 22 R T 1) Xof

Fm HEE: 2021-10-21; FEDZAR: 2022-05-09

ROy FITEBAE FDETE 74T . SR U B0 2 R E
857 AT BN [R) Y 8 B )RR, ARSI
B (EL B AL Ge L 2 ) BB BEA T M5 BRI, npe sl
DT (Decision Tree) (& 45, 2014) . L
i L SVM  (Support Vector Machines) (Yang 4% ,
2016; Han%%, 2018). BHEHLAFMRF (Random Forest)
(KZAE 4, 2018; 5KdH &, 2019) %, EAELGEHL
frip AL SR AT B, ANBEA RERIB R AR
HWRIE (Wang4§, 2015).

PR, LIBFMZ M 4% CNN (Convolutional
Neural Networks) ARG EE 7 2] ik sz 3] 1 ik
KRR, SEGILAE I INEMIL, REY
YA 5 2 1 T 24 48 1 0 B 5 R ) R ik 27 > E
Bk W B 5 AR 4 i A D46 P45 v 2 JBUTR T2 A
HEHEREKZR)L, 20165 JA K3 55, 2017). TRJE

ELTH: HRARBAIRE (45 :62072287,42076189) ; IR A FARBIFAIE 4 (45 : ZR2020MD096,, ZR2020MD099 )
E—EE B BRI 10 = GRS SRR IR AR R BRI AL R . E-mail : cuibinge@sdust.edu.cn
BAEMEE BT B, 5T 7 o AR M5 AR B IR EMR 43 28 F0 B ARA . E-mail: luyan@sdust.edu.cn
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2] 4y K07 B E AR IR R L E B R O AR 3 TR
M. Hu%F (2019a, 2019b) SRAFGREEGRIZ
™ % DCNN (Deep Convolutional Neural Networks)
X B CHRIS WG R AR AT 1715 SR HLG
JEHEH T 2 H bR CNN A A FI SR Rl 7 V5 il e 2k
FNRIEIN S . Fengd (2019) #Et T —Fhl & Z 0}
AAAS Al SR G A 1) 2273 S DCNN, - X 2] = £ 9
M2 M 7Y Sentinel 52 AR #E 4T T 15 B4 HL . Liu 5%
(2021) £ T MRS O AR 2054
1Y 22 804 AL CNIN, - X 2 Y 11 34 8 760 6 Il 00 1 1) 75
73 15 Ml Sentinel AR AT T 15 BFEH, LRIk
iR E W NANERITS R IE /N EFSRI TN Y € g T8

SR, X V2 Vg V0 b A B 4 700G 4 A5 2 B2 AT
S HA PRERAERYAE 55 o T . M T KRR K B AR
AT T U b AR R S ) e, K
L, EIRE I M A e S R I T ) P il
TR YR, TR [ 0 3 4 0 A TV VI A
1 A 4 B 5 A 2 PR AR R XK 3R 45 1 1 A TR
PERER (R 4F, 2017), BXAEREEEHTM
fE B R P AR . NUE AR R, B
G R QIR AR ) W (B I DG TS AR A A AR B, ok
TAE G A AE DRI MEFE o AL, 7R T T M
JUZEAEIE b, SRR SR M EAEKE
FHWIR G AR, H RSN 5 i
B BB R, SECHARERESAR P E T8SE.
SR PR m B B, R PR IE B R
REFL AL F R W E R, WL JLATRIESE
(A AEBL, 2019), [RIHCAEBREE /IS HL 23 A i i 1) A
WAE R PR BB R A E2ER . H%
(] 73 B 48 10 14 0 S 2T b )2 1) 22 1R 1Y D 3 R A3
BIPERRAG, (A EiRIE MR BN H .

BEXF BRSO, ASSCHEM TR T ) 4
ARFEZEIOR CRRH 55, 2021) ASEsR 2 RUE
AR B E-MFE  (Enhanced Multi-scale Feature
Extraction) , Z5G MAM RS, 1T 1
HFGUAR TR EE 1 L7 #I M 2%5 MEVNet, 5041 T A
[Fi) F Bl OO (5 B AR U 2
2 Wik

i Bt o — FR i e A5 A Iz N T AR
FNSEA] 3 N P 265 b o G i g 328 20 D/ A TR 1 R

oF, IRl ERHEZET (Luo %, 2016) “7J 4l
GURE 5 A 250RE 20 A5 A5 A HH B/ RO AR AR L

RAE R ABURIRAT, SEE BRI, T
SRR SO IR 265 v, RS2 BT 16 DR/ N2 ) 367
Yrfe AE SR ROV R o R B RN, U R T
R 2 OR R S R AIE s i SRSz B R,
AN TR TR 3 I/ IN RUBE )RR o R A [ Rz B
B R R )RR R AT R, T DL g I 4%
Xof AN [) R Y 1A Yl b 1 R IR, s
T 7 [8] 4 5~ 3 Wi 4k ASPP (Atrous Spatial Pyramid
Pooling) (Chen %, 2018) . HEfF 4 73 M 4% FPN
(Feature Pyramid NetWork) (LinZE, 2017). ©&Fi&Y
e B 4% PSPNet (Pyramid Scene Parsing Network )
(Zhao %, 2017).

2.1 MFVNetZ2#3

AR S R MEV Net 248 4018 1 s, %%
& I, MFVNet 0] 43k 2 5 45 1 A 2% 1 4 B B
AN S G5 22 RUB RRAE 32 URBE R E-MFE F1
4N RAEIRAE Y, TERT 41> E-MFE S80S £
— AR, DIRBGZEY, BB EREAE T K
() 25 18] S B N AT R AR B . R A e i 5 A E-
MFE 3 | 44-3x3 5 . 24 FoRFEERAERT LA
Ix1 3R, T 41 E-MFE #5122 32 G i i [7] —
JZ UK E-MFE #E8uby H 1R e B 5 s s~ — 2k
FRFEE RRRAE L, HEAT 22 R L R AE SR
i — 1 E-MFE 4% 32 i 4 1> E-MFE U [F]
fi % RGBS B IE B, #E TN R 2 GE
SO AR B G . &a, M-S EBREEHE
ARSI . PG PR ECK Softmax BY 1x1 B LS
1t MFV Net f8 70 25 52

A S AT FH A8 SR 3 2k eR VR S X 8% 1 4 2
AL, HAX (1) FR.

loss = —%z 2 y,-lOg(Pi) (1)

[P, yFOREIAREAE, p RSB INIE, 3k
IRHIZEINEL, e (1, n), mFERBEREBEL

2.2 1838 % R E4SEIREE SR E-MFE (Enhanced

Multi-scale Feature Extraction)

VL T 0 b AT T B SR AR R PR AR R R
FUPE AR AL R 5, 3306 R 40 RS £ BRI M
TR . 2T & I A5 T R I HL
SR, ARSCETT T — s 4 22 RO R AE S U B
E-MFE, A [R]E 2 57 (1 b W F AE AT &, LA
AAFEIE IR H A B 22 ROBEARRAE, A5 E 2 FR .
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Fig.1  The overall architecture of the MFVNet
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Fig.2 Enhance multi-scale feature extraction module
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X' = Conv,,,(Cat(Convi,,(X'),Z)) 4)

Y=X+X (5)

A, XERREAFER, X Fmii—1 1x1 B

B AR R, XN IR — A Ix1 & B S B R E

K, Z3FRmimiad g e 2 RIEFHE, Y&

7N RRAE L, Conv, (1) 378 Ix1 & L #AE
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23 HEWIEEEE

V2 V1 M T W TR VR 40 25, ELTE A A
BERAR R AE R &, PR AR SC R AT LR A
FE BV S M AR E e o T Ko VA A
PQARRAE AN B S A 1), AR Sk T X AR Bl R S
BRI — B840 (NDVI) (Rouse %%, 1974)
MECfEAEHEIE % (RVI) (Pearson Fl Miller, 1972);
G o i Ve Y A B S R B RS e
Xof {5 B B Rt L i BB e Y ) R, AR SRR T
I ol 535 1 398 S S AR Ak A 46 1 - R IR Y B P AL
(MSAVID) (Qi%F, 1994) Fnzzfitiwetad (DVD (Li
%, 19955 KEFH, 2020),

DL AR RoE Lk 1 R, Hid, NIR#E
IREBGHAR P LA BRI R, RFTRLEI B
JiE

F1 EHESEY

Table 1 Definition of vegetation index

iR SR AR Eipu
NDVI (NIR-R)/(NIR+R) IH—AR AR 5L
RVI NIR/R BRI 2
NIR + 0.5 - & 1E L5
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Fig.3 Location of the study area and experimental images
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Fig.4 Remote sensing image and label image
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Fig.5 Training samples area selection
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Table 2 The number of pixels in the training samples

area and test data

HuA YIRS X 45 lEw €T
HEXZN 143698 298326
HAEKRL 701014 1682374
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P/ 1874400 22506202
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Table 3 Confusion matrix representation
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i=1 =1

A B n A EL

R 3K S HE R Precision (P) . 43 813 Recall
(R) FlF1 53504 R 53 2 25 5 vh 45 i 0 )oK B 37
Mragtr, HitE A=t (6) —L (8) ik,

Xy

p= (6)
x+i
R=1 (7)
Xy
P xR
Fl=2-— (8)
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Xii
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Fig.6 Results of extraction of wetland information in the Yellow River Estuary
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3.5 HRRSRIS

E-MFE #5224~ 2 7 46 B I 4l A [7]
JESZ BT I M Rk, 5 AR 8 T T S AL
X2 ROBEHFAEHEATHE SR B ], L4 HH X v
WA AR . 9 1 38k E-MFE S5 FIAE
AR B V-Index BIA RN, ASCHEAT TIHRES,

g6 im . WNR6HTTLIE W, A E-MFE
BEH S, o 45 455 70 f) B AOKE FE A Kappa 4351 #2 T+
1.58% #10.0238; A V-Index Jii, P £ 4555 ity i
MK FE FIl Kappa 23l $2 7+ 1.01% F110.0155 5 [R]AFJin
A E-MFE B e 1 V-Index J&57, W25 8575 (1) S 440k
JE F Kappa 43 511$2 7+ 2.43% F10.0372.

F4 FEREBRERBEILL

Table 4 Accuracy comparison of information extraction results

) SVM UNet MultiResUNet HRNet MFVNet
Pl% RI%  Fl1 Pl%  Rl% F1 Pl%  RI% F1 Pl%  RI% F1 Pl% RI%  F1

P 787 60.1 068 819 879 085 8.3 915 090 845 916 087 895 91.6 091
AR 61.1 460 053 807 742 077 80.6 857 083 863 819 084 859 881 0.87
BRMNRAX 260  63.0 037 56.1 709 063 81.8 717 076 79.8 564 066 835 80.1 082
TRE IR 214 675 033 629 536 057 589 633 061 61.8 690 065 831 705 0.76
A W 853 908 085 935 91.0 092 912 909 091 915 925 092 941 927 093
WM B 583 55.6  0.57 75.1 799 077 735 742 073 714 756 073 783 80.6 0.79
TR 995 899 095 986 980 098 985 978 098 986 970 098 983 985 0.98
HoAth 931 644 076 919 726 081 921 749 083 870 908 087 872 794 083

OA/% 81.42 92.01 92.19 92.05 93.89

Kappax100 73.38 87.90 88.16 87.95 90.72

T R PR F1BAEESADRBRRTER A R F1RG BEASRRS R

(a) BREGLR (b) Fr2EEIR (c) UNet

(a) Remole sensing image (b) Label image (¢) UNet

(d) MultiResUNet (e) HRNet (f) MFVNet
(d) MultiResUNet (e) HRNet (f) MFVNet
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Fig.7 Yellow River Estuary remote sensing image information extraction results in 2017
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Table 5 Accuracy comparison of information extraction results from remote sensing images in 2017
5 UNet MultiResUNet HRNet MFV Net
PI1% RI% F1 PI% RI% F1 PI% RI% F1 PI% RI% F1
P 88.7 96.4 0.92 94.0 96.1 0.95 94.5 96.0 0.95 96.6 94.1 0.95
G ALK 92.8 53.5 0.68 91.7 89.1 0.90 90.9 93.4 0.92 90.3 94.7 0.92
BEMINR A X 78.5 82.8 0.81 68.6 91.3 0.78 79.9 91.0 0.85 94.1 88.0 0.90
TR 83.2 88.1 0.86 97.8 83.5 0.90 94.3 86.9 0.90 95.3 81.3 0.88
A 94.9 62.6 0.76 87.0 87.6 0.87 91.1 87.6 0.89 92.4 92.8 0.92
WM AR 39.4 79.2 0.53 523 38.6 0.44 60.8 59.4 0.60 75.7 77.0 0.76
PRI 96.1 93.8 0.95 95.9 94.0 0.95 95.6 93.2 0.94 91.9 95.6 0.94
oAl 61.9 78.7 0.69 93.7 74.0 0.83 89.2 79.6 0.84 93.9 723 0.82
0A/% 82.78 88.04 90.06 92.18
Kappax100 78.13 84.65 87.27 89.98
TE: BRI R
F6 MFVNet HELIWAR TSI AN TR AR B 8 0O0) v Vi b A 2 B Y
Table 6 MFVNet ablation experiment results VEF, A SCTFR TS EOS /A Hras sy, 4558
Jrik E-MFE V-Index OA/% Kappa FTFR . N T I BRIRRE 3 > BRI 5 LR 22
Baseline ; OLAO T OSTO0 g  ASCOMHIEAT T 1008, HVET 100
e T SRR WE R,
Baseline+E-MFE+V-Index N 9389  0.9072 ANDVIZJ5 BRI S BE A Kappa 947 BT T,

1 : Baseline i FH T FPN 2244 (1) {8 fb X UNet (FEAIE T UNet & —
JZ)EIE ) , AR R = A B
3.6 HEEEHEZ WS
FEDE HEEROR AT o B S e 45 H R B AN [
18 TS I B A P AR R M AL A, Bl A
HRER b S A W T A ARSI 22 R R

{HIE R RIS R INAMSAVIZ G, &
ARG B2 Kappa 4@ FHE R, 7345 19 4 IR AR
A KRS HEREETHAL K IMARVIZ )G, FAEEHIE
TEK R RPRE TR AR TR K . AR DR AR
FEBE A BRI T K . INADVIZ G, SR
PR A= XA 9 Tl 2R | T A K VAR 55 R A RS o %
PEFHRER, DAL 4 FPRIBE Y F1 A BOSRTHR

&7 MFVNet{ERAAREERIBHER
Table 7 The results of using different vegetation indices to MFVNet

. NDVI MSAVI RVI DVI JERAL
Pl%  RI% F1 Pl%  RI% F1 Pl%  RI% Fl Pl%  RI% Fl Pl%  RI% Fl
P 870 914 089 887 924 091 893 894 089 880 912 090 866 87.0 0.87
HARKE 830 889 0.8, 845 857 085 8.9 8.1 08 87 899 087 775 905 083
BEMRAIX 826 747 079 897 726 080 813 798 081 844 722 078 826 638 0.72
HEXEAZN 876 600 071 842 585 069 857 663 075 8.0 697 077 780 669  0.72
A 919 905 091 923 923 092 924 929 093 922 916 092 924 933 093
WM LAY 749 749 075 767 760 076 784 774 078 772 742 076 808 738  0.76
PN 980 983 098 980 986 098 980 986 098 979 987 098 981 988 0.8
HoAh 81.1 898 085 817 849 083 8.5 764 082 873 780 084 863 804 0.83
0A/% 92.88+0.22 93.40 + 0.07 93.29+0.09 93.09+0.13 93.01+0.09
Kappax100 89.16+0.32 89.95 +0.10 89.79+0.13 89.47+0.19 89.35+0.11
1 : OA Fll Kappa 73147 10 RS20 25 R p 3 (H e hnifis 22 , BT s i B
R T AR E A A IR A BRI, A TR G TR 2 R KRS b A b R AL

TR T LSS R BT T 5 R R BB 7
%. FEZNDVI, MSAVI, RVIRIDVIIL: 4Rt

I MSAVIL, DVIFIRVIFIAHE; L3 MSAVIFI
DVIIIAHE; R4 EMSAVIFIRVIEAH S ; HES
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S DVIFMRVIH G . AR 98 B & 7 22 AED
WRBHE Fgs g s s, ME SR LIEH,
T2 AE A R E AR SRS R RS B, R

AR B Rl Kappa 15 2 7 FROIA S — A B R K0 4521
FHEARTHER . I, ASSCHERTTEE 2 MSA VI, DVI
FIRVIAS 3 FHL B4R i) 2145 19 S AR BRI 2

&8 MFVNet3gMAEEKIEHASHTRNER
Table 8 The results of MFVNet adds different vegetation index combinations

Sl ES! YE Y E X VEL EN
Pl% RI%  F1 Pl%  RI%  F1 Pl% RI%  F1 Pl%  RI%  F1 Pl% RI%  F1

P 893 914 090 895 91.6 091 849 895 087 891 894 089 871 900  0.89
HARK 856 8.8 08 89 8.1 087 869 8.0 08 788 892 084 81.6 879 085
BMNREAEX 823 773 080 835 8.1 08 791 748 077 8.7 717 080 734 739 0.74
{EAZI7N 67.0 603 064 831 705 076 731 768 075 809 651 072 741 704 0.72
PR 914 893 093 941 927 093 923 930 093 930 928 093 903 943 092
WM. 800 738 076 783 806 079 806 767 078 805 760 078 80.1 675 0.3
PiZN 985 984 098 983 985 098 984 985 098 981 986 098 986 981 0.8
HAlb 893 794 084 872 794 083 8.0 843 085 8.0 8.7 085 900 742 081

0A/% 93.20+0.05 93.78+0.17 93.28+0.17 93.410.14 93.2020.19

Kappax100 89.63+0.06 90.66+0.30 89.75+0.27 90.06+0.37 89.64+0.31

4 : OA 1 Kappa 433114 10 YR SE 5025 R i (e hnifis 22 , BRI IR s 1

4 %5 i

ARSCHE T —Fp 4 5 VR I 2 > FIAT 1 48 20
WIS R BN 4% MFVNet, 22 1 1% 5 Bk
TR T2 IR, 255410 ARG B AT Kappa 43 51lik
£ 93.89% F10.9072, J T A3 & A [ N A9 Hb
PIRFE,, AR SCHEETF 25 RS BURITE R ALHI 4R s T 0
o 22 RO AR IE SR ORI, A3 85082 & 1 U T R b {5
SPRBORERE . BB S pR B 2, B
B3 AE RS /N G AT R - BUFE 18 G AR L R
AR S IR, AR SCH AT LR B HR B A B S A
AR, FF 5T MFVNet 5250 T AN [RAH B 48 00
BARBU S, SCUR B, (A I i 4& 1E 1 A
T HE B AL MSAVI, 2= A8 Bk 45 %X DV AN H (B A
PR B RV A] X T A B U TRk K

ARSCH IS UE I, R R T S 401 I 2 rhon
AR FE B T 2 v V2 0 10 b A 1 £ S 4R
KEEE, ARA SCAHIAE G T AN [ S A Bl K000 e
TR AR B AR HUAVE T, AR VD SO (] B A A 9 4
B2 bt T — 1R A Z 0 iR B R
TF 5% A [] B AH T 0 A B 48 5005 TR 2 ) 25 B 0 ek
S VS T D b R 8 £ 5 B BBORS B8 1 5
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Combination of deep learning and vegetation index for coastal wetland
mapping using GF-2 remote sensing images

CUI Binge',WU Jing',LI Xinhui',REN Guangbo’,LU Yan'

1.College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590, China;
2.First Institute of Oceanography, Ministry of Natural Resources, Qingdao 266061, China

Abstract: The biomass and growth of coastal wetland vegetation vary greatly due to different water and salt conditions in the growing area,
and the spectral features of certain vegetation at the peak biomass are highly similar, making it easy for coastal wetland vegetation to be
misclassified. In response to this problem, this study proposes a new semantic segmentation network called MFVNet to be combined with
vegetation index for the fine mapping of coastal wetlands.

In the proposed MFVNet, an Enhanced Multiscale Feature Extraction (E-MFE) module was first constructed on the basis of atrous
convolution and attention mechanism to capture features of different scales adaptively. Then, the E-MFE module was used to replace the
double convolution operations in traditional encoder-decoder network architecture, such as UNet. It was also used to merge the semantic
features and detailed features of different resolutions to enhance feature representation. Finally, some typical vegetation indices were
selected and input into the proposed MFVNet to improve the ability of coastal wetland fine mapping.

The experiments of this study were conducted using GF-2 remote sensing images to study the coastal wetlands of the Yellow River
Estuary. Experimental results indicated that the proposed MFVNet achieved good performance with an overall accuracy of 93.89% and a
Kappa coefficient of 0.9072. On typical vegetation, such as reeds, spartina alterniflora, tamarix mixed area, and seagrass beds in the Yellow
River Estuary, the F1 scores of MFVNet were 0.91, 0.87, 0.82, and 0.76, respectively, which were better than that of other methods.
Moreover, ablation experiments showed that the combination of the E-MFE module and the vegetation index can increase the overall
accuracy from 91.46% to 93.89%.

(1) Compared with deep semantic segmentation networks, such as HRNet, MFVNet can more effectively extract vegetation information
of coastal wetlands. (2) The proposed EMFE module can adaptively capture features of different scales and improve the overall accuracy,
which justified its effectiveness in coastal wetland mapping. (3) The inclusion of vegetation index can enhance the spectral features of
coastal wetland vegetation and improve the accuracy of vegetation information extraction, indicating the importance of vegetation index in
coastal wetland mapping. (4) Simultaneously splicing modified soil adjusted vegetation index, difference vegetation index, and ratio
vegetation index in remote sensing images contributed the most to the extraction of coastal wetland information.

Key words: remote sensing, coastal wetland information extraction, GF-2, deep convolutional neural network, MFVNet model, vegetation
index
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