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SRR, $Em T

W B 43 2% 0 18 AR M e B 55 0 2 W —Fh
e, Ho BEMLAR AR VA ARV Moy S0 T B —
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Fig. 1 Location of the study area
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Table 1 Satellite remote sensing data

Zﬁ (oA BRI %%%m)i;d
WIS 1S CUEBEEIL 2020-1-1%F2021-1-1 10 56
Mg IE2 %5 bl 2020-1-1F2021-1-1 10—60  #45
SRTM  C/X BRI 2005 30 —

2.3 HHEIEIRE

AW FE A FH 3 A 3 o s B A 3 NI b £k
Pt GE A R %l BB 4E . GlobeLand30 4= BR Ml 37 55
HCHE 2 R E R Y 30 mZS (] 43 PR 00 1 b B 55
B, A5 10 —2 KA, H i GlobeLand30
V2020 % 95 B4Rk B2 R 85.72%, Kappa & BUH
0.82. Esri Landcover J& Esri 2> 5 £ T 10 m [ Iy &=
BH ot PR 2 25 2] J7 iR AR B A R 1 b 2 55 Eidhe

A — 35y R 1025, Y B0 R A 1 S AORS
9 85%., ESA World Cover 1 1 7 55 %54 42 12 Wi M
T K Jmy BT 45 A T 5 1 B AN 2 5 A
B, B 1A 200, B 0 B B R
74.4%, 2EKHIMEHEIEE (GLWD) St 7 EH
AEYISE S (WWF) FIEE-RZERKFEHRER
SR O ESMOCAEES, BiRahK
KGR EFAN . B/ N KR DL Vg 3 4~ —2
Ao AERE R EPESE  (Global-Intertidal) &S
HL 22 R2EHET Landsat $088 42 %A 425K 0 ME 53 A7 £
i, AU UEEHR AN SRS BN 82.3% .. BRI
MEHEE (GMW) & H A 28 il K = 56 F ALOS
PALSAR . Landsat £k A1 HLARAR > 28 25 42 B0 2T
WK 2 BRI oA B, RS BE N 93.6%—94.5% . %%
P AR IR I3 2.

&2 WHHESE
Table 2 Auxiliary dataset

Bl AR PEHIIFE] 3% /m ETES 3 Z:7% 3CHik
GlobeLand30 20004 30 http : //globeland30.org/defaults.html?type=data&sre=/Scripts/map/defaults/ (Chen fil Chen,2018)
browse.html&head=browse&type=data
Fsri LandCover 20204F 10 https : //www.arcgis.com/apps/instant/media/index.html?appid= .
£c92d38533d440078f17678ebc20e8e2
ESA WorldCover 2020 4F 10 https : //esa—worldcover.org/en —
R https : //'www.worldwildlife.org/publications/global-lakes—and—wetlands—
%ﬂ?{ﬁﬂ{ﬁﬁﬁiﬂﬁ(;ﬂ%% 2004 4F 21900 ttps : //www.worldwildlite.org/publications/glo ('1 akes—and—wetlands (Lehner il Ds11,2004)
database—lakes—and—wetlands—grid-level-3
AEEEAT IR 20164F 30 https : //www.intertidal.app/ (Murray %,2019)
AERZMMEAREE  20164F 30 https : //data.unep—weme.org/datasets/45 (Bunting %% ,2018)

24 BHISEMEKER
2% (BN ) K HAAR O SCHR R (5K
W 2E, 2017), AR XIBHAEN, HHE
PUR 2RI R (3), IEARARBEE. BARHE.
R3 B RERERR

Table 3 Wetland classification system and description

KA Rz IR . R MEM . ARAREGHEN | BE
Moo M. AEOK I EER M . T 11 28, H
HRT 6 WU DS, A S TUNARIR IR

—%I T fifiidk
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FARME LR 30 ST MK T

KUK R I T K K BRI R B35k b 5 AT, R Ak SOk
W SRR A K M T O T, B PRV U 0 SR R (R TR bk
BRZPIR it A = 1 R 2 B (ST 100% ) , 35 e FGUTIF ) FRL e 3T b B
MR AL IR RS R R I T 10%
S AR AR RN IR T AR £k T SR 0
TS, AR AR RSN 7 AT e L 2 A 30% 9 - A AT 6 L DA 2 0 T 30% 9 -4
B RO T 109 - M, GO R R R R I T AT M
PR RIHA A0 8, 64K G 5 76 5 S A R P LR R P T

e Bt SR S A B R AR R L, AR e bl S5 AR SR 2 S W R A
S AL N T HEBOE Y A A A 55 A Hb R (o5 2 300 B i T3 45 ) AR JERA A 35 | 11 SRR TR AR (B

B %)
T EEERS
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Fig. 3 Technical scheme
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ARWTFEI S Z B IRAE T 6 2840 4E, 2Lat
82MFFIEAE R (FR5). AR MIT 2 58l 2oLk
W BMZLI e Be g L3y, MEDGIERr S |
PR, KIRAEE. 20398 B ND VI 74 1E ;
BEXTUR S 15 TR Bl A A IR AR R AR A
B AR REAE A B K BE He A2 FE B GLCM. (Gray—Level
Co—occurrence Matrix) ZUFAHIE (https://developers.
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FIEAAE A PR T34 DT E 0 BEAR R A9 P R A
{6, AW S8 X A 77 = B ar A I 42

BN ] o3

R4 BRARRBEEHESIT

Table 4 Statistics of samples in each study area

R RAREE RAEE kiR dtzigm SR R ARMUEEMN H ks AR 5 /i
1 213/95 114/43  295/113  55/19 0/0 0/0 33/27 69/33 360/160 51/13 0/0 1693
2 89/48 82/39 124/59 13/5 0/0 20/7  230/90 72/38 151/59 104/46 00 1276
3 30/11 13/3 62/23 126/30  112/66  0/0 108/56 241/106 30/5 69/30 12/3 1137
4 187/86  105/46  224/101 12/2 0/0 0/0  260/101 25/6 0/0 0/0 0/0 1155

T B P REAR SR R T N /i
xr5 BHHERER
Table 5 Feature information
BB FRIEZ AR PRI A Va3 A 5 S 30k AR
Sk i B B2,B3,B4,B5,B6,B7,B8,B8A,B11,B12 Sk B —
NDVI (B8-B4)/(B8+B4) (Deering, 1978)
DS NDBI (B11-B8)/(B11+B8) (£ 5 %,2003)
FREUREE NDWI (B3-B8)/(B3+B8)  (McFeeters, 1996)
s Ji‘]{ﬁ(mcan) N
MNDWI (B3-B11)/(B3+B11)  (#xi#i#k,2005) i
NDVIrel (B8A-B5)/(B8A+B5)
" o (median)
N IT 2 43 ) - NDVIre2 (BSA-B6)/(B8A+B6)  (Dong%,2019;
FARUE =E 4
P NDVIre3 (B8A-B7)/(B8A+B7) Fernandez—Manso
I .
NDrel (B6-B5)/(B6+B5) %%,2016)
NDre2 (B7-B5)/(B7+B5)
NDVIHF NDVI 10—25 43 83 {H (NDVI_1025) .NDVI 25—50 43
- ALEHE (NDVI_2550) \NDVI 50-75 43 U4 (NDVI_ S BRI (Wuf,2021) —
FHE -
5075) .NDVI 75—90 4+ ZL (NDVI_7590)
., VV . VH AL 1] Y{E (mean) .
AT . — ,
. . ) U R F{H (median)
e 15 AR WAL 2 (8
- VV.VH SFAF
e Ladis o M (Haralick % ,1973) —
B K 3 A S R
SRTM B RHAE R — — —

332 L%

FEAE LB 7 15 AT Lhys /b AR AiE 223 (1] v AT i g g
ORI PERE (Schratz %5, 2021) ., i3 IAHFE
HBER (RFE) J2—MEEMR T, 45 GBI EHER
FBEHLRRAR 5 15 76 R AE 28 £ 10T DLk 2 448 1) v
i€ (Demarchi %, 2020)., FIEA TR 2 AE AL AR
ARRFAE R A S Al B RRAE AT HEY . AR
FRAIEAE A R 2 /N RRAE , B0 R ) 5
TESE ey (IR 45, 2015). fEdtid e, RA
I3 )2 38 U AR ARG A5 53 104y, BDERAN 4y
ISR 43 FE R R AT T H i O AR it . 140y
VE RS , 10 Y53 200G BE 0 AR iz R ik
LR FAEE, Bea X R [FRRAE AR R 153 208
FEE S AERRE AR R/ 55, 2021) . A5

1 o 5 T B AL AR AR 04 338 U RRAE T B R 2R AT RRAE
Pk o
333 BEMHRMS K

A5 2R B AL AR AT 7 64T 00 0 S A B
B ALAR AR (Random Forest) & DA by FEA 7
HRERH)—FhEE R~ 2] T (Breiman, 2001). FE#L
FMEN PR F S R 3, B MREREA T
2 A ] T N A REA S A TR
R, RIGE T FREARLE S N NERIGER, 76
PR AR R, R (4 B0 S AL B AL A
Bm ANFEE CREFESCH M, m<M), 48 Gini &
B/ N 0 R B — A fe B 43 2R 1B T R E A D
T N TR AT R0, e B A A TR SR A 4
B BL AR AR o 2 e, SR B 09 7 kA7 40 28
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(IR %, 2015; H & 5%, 2021). fEREHLARMK
AL R E R E DA SR R
HoiE: NN BB SRR m (5KE 48,
2019) o AT IE i SC R E DA AR Dy 245,
XTSI RHE R A BOA N 2 5 0 2K SRR RO H
IR

3.34 BEIFHN

W T ARG BE 56 T7 V5 M A S AR AR AR
WEHFE (Confusion Matrix) o AR F0K 70% M FEAR
BRI, 30% 9 REAEE 30 UE s
RV FE M T EARRE B OA (Overall Accuracy)
1 Kappa 2 %0, P RS UA (User’s Accuracy)
A=K PA (Producer’s Accuracy) , 43 7l %
YT RN AR BEATAT PP

4 TS

4.1 KWL AHFR

ARWFFEBET T 7 Fh 7 25 Lo 22 PR AR o X
A LU B 52, FLrb s 6 Fh oy R 4E X Lt
HE, TELWEERET R, §HEPHEE
1 SRR N AR A A SOARAE , WY T 2 B4R AR N
B bR 6T P B R AE L H R GIE TR BURAIE . 214
BURFAE AT NDVIE [R]FFIRFE ,  Hu I R ik 60 45 = A
FRIEFNME BERRIE, FPEAS i e it Lk 6.

xo6 BUEHAAAR

Table 6 Feature combination scheme
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Fig. 5 Feature selection results

AR IE T — 1k Gini 75 508 2 VE R IPAL £
BB FRAE AR 2 F 2R HEY (Nembrini %5, 2018) .
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Table 7 Accuracy statistics of each scheme in study area one

pE S TR~ THR= WESL WE SN WIE T TELE

S

AKRA TP 70.83 8947 8632 6891 7245 7474 6750 8526 6931 73.68 6585 8526 71.19 88.42
FEARTHEE 68.75 51.16  39.53 53.13 50.00 65.12 53.57 34.88 47.92 5349 3846 2326 63.89 53.49

KAk 96.30  92.04 9292 9545 9211 9292 93.86 9469 91.15 91.15 9375 9292 9633 92.92
L2 IR 70.00 73.68  68.42 7222 100.00 42.11 8571 63.16 100.00 31.58 7222 6842 83.33 7895
FRARAEI 72,73 29.63 2222 5455 7500 2222 7143 1852 50.00 14.81 60.00 11.11 70.00 25.93

it 50.00 3333 3333 5238 66.67 12.12 46.15 3636 40.00 606 4231 3333 60.00 36.36
Hit 86.93  95.63 9625 8652 7750 96.88 87.64 9750 73.81 96.88 85.88 9500 86.52 96.25
ABKEAREH  92.86  100.00  100.00 92.86 9231 9231 7500 9231 91.67 84.62 75.00 9231 92.86 100.00
SRR % 81.51 79.72 77.34 79.52 74.35 76.94 82.11
Kappa £ %k 0.7641 0.7408 0.7069 0.7377 0.6661 0.7048 0.7714

T IR L RS B 2 BT
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Table 8 Accuracy statistics of each scheme in study area two

£5] E S FE VE = J&EN FER WE A HEE
UA/% PA/% UA/% PA/% UA/% PA/% UA/% PAI% UA/% PA/% UA/% PAI% UAI%  PAI%
KRATBE 96.77 6250 9333 5833 81.58 6458 9697 66.67 6333 39.58 8824 6250 9459 7292
FRTA 7021  84.62 7209 79.49 5897 5897 66.67 87.18 5217 30.77 64.58 79.49 7347 9231
P/ 93.55 9831 9206 9831 8507 9661 9831 9831 78.08 96.61 9500 96.61 98.33 100.00
7 1 66.67 80.00 42.86 60.00 10000 20.00 66.67 40.00 0.00 000 50.00 20.00 75.00  60.00
7S 100.00 57.14 100.00 42.86 75.00 42.86 66.67 8571 0.00 0.0 75.00 8571 75.00 85.71
FRMSHEIN 7810 9111 7593 91.11 6098 8333 81.19 91.11 51.06 8000 7596 87.78 8039 91.11
Rl 8750 5526 84.00 5526 7143 13.16 6970 60.53 2308 7.89 67.74 5526 84.62 57.89
Bt 7692 8475 73.13  83.05 73.13 83.05 6479 7797 68.66 7797 6197 7458 7500 86.44
RBEKA/AEH 8298 8478  80.00 7826 7778  76.09 83.87 5652 7442 6957 81.82 5870 91.89 7391
ARG 1% 82.10 79.54 71.36 79.03 61.64 75.70 83.89
Kappa %% 0.7886 0.7581 0.6584 0.7530 0.5386 0.7132 0.8101

T IR L RS B 2 BLECAT

I IX 3R I, S XS B IE RSO ERRE X 1 b i) B A 5Tk, BERS A2
XFHFEME (F9) WEL, FREEMFRZHMSE  FHIERME RGN 5 A DKOITE TR LDt
SIREBE R e 2, AW T R R IR FE A 25 SRR AR SRR 320, 5 R WG KRR AR fE
BN, 7 FRe—ARATR R N7 0 RS R IR AT ok 424, 5 B A A1 Hb IS RS R B RLE IR
FRECEIEE RN . FREM SRR ER HERIMET RN, S35 OGS R A H
M, R L BARKE T 5 0.3%, Kappa 75X TR HLZE R 28, [A] i i B R AR A 3% T e T
5 0.004, TR R LG HREME DX BEAAERREIUAR, SRR E T 20 B A5 i
FEF I E L B SARWALRRE A i B AR Rp IR 2R ARSI . WFSTIX 3 5 58 DU G AORS i e B de i,
PR SCERAFAE , ELXGE U 2 b R TV 20 b 1 SAKEE 9 86.49% , Kappa Z2%0M 0.8322,
IYRAEEEE TR, UL SAR A B A B Ak 4

*9 WRRISHEBESIT

Table 9 Accuracy statistics of each scheme in study area three

- WE = TR I EIL WS WZETAN WE S

UA/%  PAI% UA/% PAI% UA/% PA/% UA/% PA/% UA/% PAI/% UA/% PA/% UA/%  PA/%

ARATRE 66.67 72773  66.67 72773 47.06 7273 66.67 7273 3333 4545 6154 7273 5385 63.64

FUAEVE 60.00 100.00 60.00 100.00 0.00 0.00 60.00 100.00 0.0 0.0 60.00 100.00 60.00 100.00
P/ 82.61 8261 8261 8261 7500 6522 82.61 8261 63.64 6087 8261 82.61 8261 8261
ISP 1 8333 8333 7353 8333 6098 8333 7576 8333 3947 50.00 6471 7333 80.65 83.33
EhH 9545 9844 9265 9844 8261 8636 9403 9844 80.00 78.79 9130 9844  94.12  100.00
FRR/HE N 92.86  69.64 9286 69.64 81.40 6250 9524 7143 8500 60.71 9512  69.64 92.86  69.64
i 83.47 9528 8279 9528 7295 8396 8559 9528 6231 7642 8487 9528 84.87 9528
B 66.67 40.00 5000 20.00 66.67 40.00 80.00 80.00 0.00 0.00 100.00 60.00 100.00 60.00
RFEK /A 81.48 7333 9048 6333 47.06 2667 87.50 70.00 2857 20.00 8333 66.67 88.00 73.33
ES 100.00  80.00 100.00 80.00 100.00 60.00 100.00 80.00 100.00 40.00 100.00 40.00 100.00  80.00
SAORS 1% 85.89 84.68 72.24 86.49 62.39 84.08 86.19
Kappa £ %X 0.8243 0.8090 0.6535 0.8322 0.5281 0.8019 0.8282

T IR RS B 2 BT
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WHEIX 4 2T o, IR RERME (3 10)
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Table 10 Accuracy statistics of each scheme in study area four
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Table 11 Overall accuracy statistics of program seven in four study areas
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Wetlands mapping in typical regions of South America with multi—source
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Abstract: Wetlands play an important role in maintaining ecological balance, conserving water resources, recharging groundwater, and

controlling soil erosion. They are often called the “kidneys of the earth” because they help purify water by filtering out pollutants and

sediments. South America has a vast area of wetlands, as well as a variety of wetlands types. While most of these wetlands were conserved
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in a relatively good condition until a few decades ago, pressures brought about by land use and climate change have threatened their
integrity in recent years. However, no complete and uniform wetland map has provided adequate information on the location, distribution,
size, and changing status of wetlands in South America. Remote sensing has been an effective tool for characterizing, mapping, and
monitoring the complexity and dynamics of large areas of wetlands. Although fine wetland mapping may be done by combining data from
many sources, the following two issues persist. On the one hand, given the complicated temporal dynamics and spectral heterogeneity of
wetlands, large-scale wetland mapping remains a challenging task. On the other hand, supervised classification is a widely used technique
for multi-category wetland mapping. However, selecting training samples is time consuming and labor intensive. Moreover, finer and more
precise wetland information is currently unavailable for reference. In the study, we selected four study areas of typical wetlands in South
America. First, an effective wetland sample collection process was proposed by using the existing land cover dataset to ensure the sample
quality. Second, a multi-source feature set was constructed by combining Sentinel-1, Sentinel-2, and SRTM data. Then, feature selection is
carried out on the basis of the random forest recursive feature elimination method (RF_RFE). We constructed a multi-feature combination
scheme to compare the influence of multi-source features on wetlands classification. Finally, the random forest algorithm is used to classify
wetlands in the study area. The research results show that the process facilitates the sample collection and improves the sample quality. The
combination of Sentinel-1 and Sentinel-2 data can improve the accuracy of land cover mapping, and terrain features help greatly improve the
overall classification accuracy and the accuracy of various types of objects. For wetland categories, the addition of multi-source data features
can improve the separability of wetland categories. The feature selection based on RF_RFE can reduce the feature redundancy and improve
the classification accuracy. The feature optimization results show that SAR polarization features and derived texture features can be used as
an effective supplement to optical features. However, the dominant features account for less. The overall classification accuracy of the study
area was 85.62%, and the Kappa coefficient was 0.8333. The study proposed an effective classification process and sample collection
scheme to large-scale wetlands in South America. This study integrated Sentinel-1 synthetic aperture radar data, Sentinel-2 optical data, and
terrain data to explore their importance to the extraction of different wetlands at a large scale. This work also verified the feasibility of
feature selection based on random forest recursive feature elimination method. The research results reveal that the sample collection process
facilitates sample collection and improves sample quality. The combination of Sentinel-1 and Sentinel-2 data can improve the accuracy of
land cover mapping, and terrain features help greatly improve the overall classification accuracy and the accuracy of various types of
objects. For wetland categories, the addition of multi-source data features can improve the separability of wetland categories. The feature
selection based on RF_RFE can reduce the feature redundancy and improve the classification accuracy.
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