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Abstract: Floating/emergent aquatic vegetation is an important aquatic vegetation group in lakes, and its
area/coverage is an important parameter for lake ecological health assessment and carbon sequestration potential accounting.
Accurately obtaining the area/coverage of floating/emergent aquatic vegetation over large lake areas and understanding their
changes is crucial for lake ecological restoration and carbon sink accounting. Satellite remote sensing is the most effective
means to obtain the area/cover of floating/emergent aquatic vegetation in lakes. However, traditional satellite monitoring
methods can only obtain the presence or absence of aquatic vegetation within satellite pixels, and cannot quantitatively estimate
the coverage of aquatic vegetation in the pixels Consequently, it is impossible to quantitatively and accurately obtain the
area/coverage of floating/emergent aquatic vegetation in lakes. To address this issue, we utilized UAV, Sentinel-2 MSI, and
Landsat 8 OLI remote sensing data. Using the XGBoost modeling method, we developed quantitative estimation models for
floating and emergent aquatic vegetation coverage at the Sentinel-2 MSI and Landsat 8 OLI pixel scales through a stepwise
upscaling approach, and successfully applied it to China’s four largest freshwater lakes. The results showed that the test sets of
the two estimation models based on Sentinel and Landsat images had R? of 0.95 and 0.97, RMSE of 7.85% and 4.80%, and MAE
of 5.35% and 3.35%, respectively. From 1990 to 2022, Lake Dongting and Lake Poyang showed highly significant increasing
trends (p < 0.01), Lake Taihu showed an increasing and then decreasing trend (p < 0.01), and Lake Hongze had a
non-significant increasing trend (p = 0.59). The long-term application of the model in the four largest freshwater lakes proved
the robustness and application potential of the model, which is expected to provide methodological and data support for the
accounting of carbon sinks in lake ecosystems and the assessment of carbon sequestration potential.
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Mk, AWFFIET AL, Sentinel-2 MSI Al Landsat 8 OLI %5, SKFHIZH TR EE M5, 4k
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1.2 BURREUR T

121 EAPEE FANL AT R AT (B 1 (A-C)), KATHE 25 2022 £ 6 A 22 H.
2023 4£ 6 H 16 HA1 2023 428 H 6 H (3% 2). JTLANLALS 4 DIl Phantom 4 RTK, Bl — & o mn]
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Fig.1 Location of four major freshwater lakes (a); False RGB Landsat images in Lake Taihu (b), Lake Poyang (c),

and Lake Dongting (d), Lake Hongze (e) with true RGB Landsat background images; Three true RGB unmanned
aerial vehicle (UAV) images in East Taihu Bay (A-C).
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Tab.1 Dominant species communities of floating/emergent aquatic vegetation in four major freshwater lakes
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122 PEEW AWFFEAH Sentinel-2 MSI 3K i K4 (COPERNICUS/S2_SR). Landsat-5 TM
3R ST R P55 (LANDSAT/LT05/C02/T1_L2) C(HdEn] AR [A]: 1990-2011) Al Landsat-8 OLI iK%
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Tab.2 Image data sources and acquisition time used for matching modeling
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Fig. 2 Workflow for developing models for estimating pixel-scale floating/emergent aquatic vegetation coverage
by stepwise upscaling method



1.31 FTANRBUFHAOKEREBEREIE W WG E 2 R 3184 (visible-band difference vegetation
index, VDVD) © Z AT ANKEEC T BG4, DHRBUES(E S, JFEIIL A R R R
LFRIE AR, RS T 3RS M m s A R E NG (3 cm) #1 VDVI BT B, SRR EE
(OTSU) 4ty H MR IR ECEIE (/K AR A RS, B, ARHE IR BRI RE 0 VDVI BRI T itk b
B, KR T BME BT RS R AR, N T B T R AR e R 2 S AR AR A 20
BRK, ] QGIS Desktop 8, FT-Jo AHLEMESR B A HHABE K HLHEEE R, ULAC Sentinel-2 MSI T/
BIo K/ (lomx10m) FHHATOIER], THEEAMEITH R AE KR . BAh, AR EAME T
FRVESE AT T VRN HARVRAG, IR T P BEAATERO R ZERIREAR, K352 52 B 467 UL I 5 3000 26
CERRHE MGG, T2, BT KR S EREASE (B2 (el

VDVI = 2 X PGreen — Pred — PBlue (1)
2 X PGreen + Pred + PBlue

KA Preds Pereens Priue M IINTEAUEIRL . G BRI #AE.

1.3.2  Sentinel RICEEM/SEKBEAE S EAERRIME 8 TS 205k 5 17 A KR g A
FRAEDS), KA 5TLSE T 14 /> Sentinel-2 MSI 3 BHEAS &, AFEGIERBAEHIEE (R 3. HHHMH
Python i 5 1) “scikit-learn” Fg, SRFIEIHRFEEBRSLVL (Recursive Feature Elimination, RFE) XH4FAEAF
L. B, MR EEA SR AT H T, MRS BRI TAHE, EEU P RERR
BRI AFIET RA A . Bk P ESSIEREARITR T AN E R ERA (B2 (1) f (c2), m&R
NI A FEASE, 08 TO%IIZREERT 30% A4 . For, o AMLIEIHG #8178 o i 78 2023 4
8 H 6 HA 1117 MEA, 2023 46 H 16 HA 890 M4, 2022 4 6 H 22 HA 2002 MEA, 3t 4009
MR

AW FIEFRIZ L 2 0L ERIUA (multiple linear regressio, MLR) 291, sz A &[0])9 (support vector
regression, SVR) POk 7 (extreme gradient boosting, XGBoost) BUIHL %2 3] 75 ki by g s
B, FIH Python G5 1 “scikit-learn” FEHFATHERIA R, ISR DR BIRMS A S, Hir L i
E DAPP A A Y P i
1.33 Landsat RcEMH/EAKEFEESEEHEEUME AP RERT B FIEFR S B LM
Sentinel-2 MSI 1 Landsat 8 OLI T & §41%, 735y 2020 4£ 9 A 5 H (¥ Sentinel-2 MSI §41%41 2020 4£ 9 H 8
H ) Landsat 8 OLI #18, FIH Sentinel {4 7CiF A /K 15 78 7 FE Al BAR AL, A2 pR Sentinel-2 MSI AR 7o R
(ORI HE KA 25 P I (T 2 (hd)) o 32 R ok, WF AT EE T =i WL B8R 5 925 BRI 2% (nearest
neighbor interpolation). XU £k 4# (3% Cbilinear interpolation) A1 =k %% F4# €% (cubic convolution
interpolation). AR T ArcMap ¥ B RAE L, 44 Sentinel 1470 RS IR & K B o 55 ]
HRAEZE Landsat LEBIC KN (30 mX30 m), PLUCES Landsat 8 OLI #0402 [ 0 HF R o APEAEAS[F
SRAFETT 1200 7 5 BEAL S A SR s, AT Fidd nf AL AR AR A M e Fe A7 (R* . RMSE Al MAE) 4T
TR (BB T FIRRER T ) S5, A FE R ERT 4 R A MEUDN, BB MR E A R R
JE R, B, 52K AR A 1 BRI 8 T B AE v RS Landsat 8 OLI TLEZ TGS
W7 TR, MmE T Landsat T 24 0 R T I /K w78 75 FE R AR 2R .

FHEREEE R, [RIREAE A 38 VA RRAE T B SRR SR U F i ik 5t £ Landsat 8 OLI LEFHEEEHE, ¥
Landsat 8 OLI ERFFEFEA (B 2 (¢3)) HERIF/GEHHE i EREAILED, 525 AT AL, 3t
f 11146 MEEA, FEAREER N T0%IIZRSER 30%MNREE . BF 704k 2205 FH ML AR R BB £ ) XGBoost HL4%
) BOE IR . [RIE,  AHE Fi s A [ED e AL EUG A s KA SR (] 2 (e1) RIe
E Landsat 4 767 A& /K AR 3 7 56 B A SR T s v R G RSV A KR 7 T G R (B 2 (@5)).
1.34 EEETRAARRR  ASAUKE IR LR FRRRORIPA: HE REL (coefficient of determination, R?). 3577
FiRZ (root mean square error, RMSE) FISFH4%11% 7% (mean absolute error, MAE). R2{HilkE R H
RIVEREHAT, 1T RMSE Al MAE {8t /N 7~ 8 B T o

2 BGE—D 0i=y)’
20 - 0?20 9’

(2)
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Table 3 Feature variables of Sentinel 2 MSI satellite image

FHIEAS & A F AR iR
JERHRFAE Band 2 - Blue 490nm - (10m)
Band 3 - Green 560nm - (10m)
Band 4 - Red 665nm - (10m)
Band 5 - Red Edge 705nm - (20m)
Band 6 - Red Edge 740nm - (20m)
Band 7 - Red Edge 783nm - (20m)
Band 8 - NIR 842nm - (10m)
W e % NDVI (PniR = Prea)/ (PnIR + PRea )
GNDVI (pNIR - pGreen)/(leR + Pgreen )
NDAVI (Pnir = Prive) /(PNir + PBive )
NDWI (pGreen - pNIR)/(pGreen + Pnir )
DVI PNIR — PRed
2.5 X (Pnir — PreD)
EVI Pnir T 6 X prep — 7.5 X pgryp +1
RVI PNiR/ Pred
1 N
RMSE = |2 (v = x)? ®3)
i=1
N
1
MAE == Iy, - i &
i=1
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Fig.3 Extraction results of floating/emergent aquatic vegetation
2.2 Sentinel & 7T FM AR KIE 1 78 25 B BAR R 5100F

T I B ARHAE Y PR BV R S B, AT 0 i NS B R AIE A 43 1) & Band3. Band4. Band8.
NDVI. GNDVI. NDAVI. NDWI. 7353 MLR. SVR F1 XGBoost M%7 =) S5k A4 i - /K W 1 78
AL EAA, PEREVN S5 R INR 4 P . XGBoost BRI F B4, IIZRAEMMAREER R2 2351 0.98 F1
0.95, RMSE 437~ 5.41%01 7.85%, MAE 435 3.75%#1 5.35% (/& 4a). [, & XGBoost #E
Sentinel {376V M HE /K R 1 78 25 P A SRR U AN SR X ORI ATV M KA 25 T s i (B 4
(b-d)). ZEREIR, FHMEKER BRI AR R X, 5ot if A g5 AR . AL 2
BRIIR G T 7 5 I 20%1% 0, ASFESER Y 2022 4 6 H 27 HI7E 51 s 4s Bag kT 2023 4E 6

H12H, A48 H6 HNESEREERIKT 6 H 12 H, [FEWFEAKNE.

= 4 TENRBEEITME

Table 4 Accuracy evaluation of different models

UEES URRRS
S TE L RERE BIRRE CPHgRREE e RBl BRIRE SRS R

R? RMSE MAE R? RMSE MAE

Sentinel-2 MLR 0.93 9.07% 7.08% 0.93 9.18% 6.80%
MSI

SVR 0.92 9.80% 7.47% 0.92 9.82% 7.28%

XGBoost  0.98 5.41% 3.75% 0.95 7.85% 5.35%

Landsat 8 MLR 0.96 5.70% 4.35% 0.95 5.86% 4.43%
OLI

SVR 0.94 6.83% 4.90% 0.93 6.91% 5.00%

XGBoost  0.98 3.90% 2.77% 0.97 4.80% 3.35%

3.3 Landsat & ITi R ARKIER B EE A BEAER S18E

I I VR AE T R R SE BRAFHE IR 3R, AT AU R S N R R AE AR &40 I /2 Band3. Band4. Band5.
NDVI. GNDVI. FJH XGBoost %% =) SiEA 2 Landsat 15 701 HHE K W 78 o JE A SRR, MEREVRAN
RN 4 P, XGBoost FERLYI &AM R R2 4354 0.98 #1 0.97, RMSE 43514 3.90%41 4.80%,
MAE 758 2.77%F1 3.35%. 7EZS (A b, {8 AR AR B 2020 4 9 A 8 H ARV M HE /KA B S T 45
TR IR T 78 2 B 30061 7T . ST Sentinel 15 7T IR M HE KR B 78 25 FE AL BRI 2020 49 1 5
HIE R4 Sentinel-2 MSI 8445 AR SR 177 M-I K A B 7B s FEAR L, R RIFH 28— 20 (B 5 (ab)).
AWFFEHAT T AR RS B BT . 5 45, TR 9L T Sentinel-2 MSI T2 545 5978 2 18 508 35 R RE 3 30 m,
L Landsat 8 OLI P 2GR, {RIUE T &5 EHR 2SR E FiG— 2o, R8T 7 35 15 Y6 B AN IS RC
M. R BN, (EARE AR, Landsat 18 IGIF M AE /K AR B 78 o5 B Al R U AFAE =i iy, 70 = 78 o FE R
AL, EEAT S, BRMRRKRAS —ERMERME (R2=0.57, RMSE =11.36%, MAE =8.59%)
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model (a); maps of floating/lemergent aquatic vegetation coverage derived from the Sentinel-pixel coverage estimation model (b-d).
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Fig.5 Floating/emergent aquatic vegetation coverage map derived from Sentinel-pixel coverage estimation model and Landsat-pixel
coverage estimation model; validation of floating/femergent aquatic vegetation coverage between Sentinel-pixel and Landsat-pixel
coverage estimation models based on all samples in Lake Taihu (c); validation of floating/femergent aquatic vegetation coverage by

Landsat- pixel coverage estimation model using UAV floating/emergent aquatic vegetation coverage (d)

(B 5Ce)) . Hk, T 2022 426 A 18 HAN 2023 £ 6 H 21 HIRAMIFES T ANLE G — S IAE Landsat
BICIF I IBE KA 7S 2 B A R B A s . 5 R, TEARE S RT, Landsat {4 GV /A /K HE 4 7
TEMEEAAE SN, EEERE (> 80%) MZETEMLMt. R, B AMEEEREE —EM
&3P (R2=0.49, RMSE =15.66%, MAE =13.20%) (&5 (d)).

2.3 BRBFEEIKH KA/ R A
HTF Landsat R515215, FIA Landsat {5 035 HHHE KR 1Y 728 55 B Al AR A, ACHIF 90 i BV VAU DO K
WRATAVE R TN &, o0 M VR A KA T AR KB P A8 4k . 76 1990 4E 31 2022 £EH1A], ¥KEFE 6 &
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Fig.6 Change trend of floating/emergent aquatic vegetation area in Lake Taihu (a), Lake Poyang (b), Lake Dongting (c), and Lake Hongze
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Attached Fig I False RGB Sentinel-2 MSI satellite image on September 5, 2020 (a); maps coverage and zoom
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interpolation, bilinear interpolation and cubic convolution interpolation resampling (d-e)
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