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Rz, 2014), HUIGHg AR S EMZ L —ERE
R MR R X AR E U G T S S R (R
4, 2017; EAIEMDA, 2013), Hur, EA
SMF R 2EE CXRE Y R R R ER RS
BRSO IEAT T R BT . 42 BT 1Y) B 5 5L
Bilh, A R R e R T ) Bk R ] LA 8
MW (1) Gt ik, WFE GG ok e
M. BN, TnouedE (2012) #EHEFHARA
IF] R 35 25 F I BRAS AR b I 7o TS S0 5 Al CAST-3
MLEk AR, 3350 T R AR S 5 3R (E A —
S BB AL 1 1 — A A B FE ZU NDSI (Normalized
Difference Spectral Index) F1HC{EAEBE 5 ZL RSI (Ratio
Spectral Index) 57KFEE 2 AR & AHCHE, B
KR, ET—BFHM RS (D740, D522) J&
S CNC T fER VAR i . Lee 5% (2020) Xt Eb T2k
PRI, BEALARAMA S 3 1) S AL IR A T vk Al 8 0K
TERR R R, 25 RIS
BRI T LR MR RL . (2) S S A& s 78y vk
£ §5 PROSPECT #5% 1 Fil 4—scale f5 %Y 45 . 5] 4,
YangZ% (2015) Kf PROSPECT #5174 v (1 i 28 17 1A
FECE R E AW R EL, 57 T N-PROSPECT
B, ST AN R R R R G RO L
(2018) # N-PROSPECT 5 SATL A BI 45 4, 557
T N-PROSAIL BRI FE M |7 Fl ek )22 RUEE [ /A2 CNC
TR o

EFINEIAY Iy et Jra) ey NI D
EALWBE (MK 4, 2017), ) M0 T &5
TERE AT BN RS BN AR (AhNEZ
KRG R EARAE) ASRRE (P 4%, 2016), H
I AL 28 8 2 48 v DI T B3R s e DXl R R b e
BAER G R, TR X 2R AR A
RO E R AWM, o, RS
HREFAR A M FER AR (30 m), HP—§50F
Bk i ) E S e e, BRI T R, 5
£ 45 2 56 1% BPE A1 . (Landsat A1 MODIS 45 ) |
Sentinel-2 £ iF — 20 48 & T 18 B IR A B ) L 28
] ik, & EATE—EA 3L B
ZHCTEAL R, ER L S 00k A AG A E R
HE R (XieZE, 2019; Clevers 1 Gitelson,
2013) . KT, Sentinel-2 §¥ 1% rh % 4 9k {dt e
AR AR RO 2 W B S R B
20 m, HRBRS T B EAEDE W 97 ) (Zhang
45, 2019),

P 1588 73 Bt T A R AT Sentinel -2 £ 78 7
BB BARZS A 23 HEE (20 m) £ 75 % 10 m $2 1t
TTRE . A SCUATT AR A UL M LD A AR AR 4 X
J ), FIH =R AETE R FE . Sen2Res 1 SupReMe
SR A 10 m 23 [A] 53 HE R 1Y Sentinel -2 AR, F
ZIRAR CNC BCHERE R, 3E52 B CNC BT A ]
WF S LR T Ay X3 R 2 b e 2 i R PR 50 40K
240 W DN e AT 250 T i M NS S

2 WX SRR

2.1 AREHER

W ME 4T AR R 4 X (21°31'N—21°35'N,
109°45'E—109°48'E, & 1) J&) A4 VL 200
MERR ARE X LR Z—, T RAE
e PG, AEERIE RIS, A E R R E B
AR KILIR M (BRE, 2011) . ZHIfE
JE Y B S IR U T R R, AR E KR
25 C—27 °C, HAFEAE M 2R FREmAR L, X
R T LR AE R B etk R 2 —. 4—9 A W=
W2, 8 MERZE, 10—3 HWmEE D,

21°35'N

21°34'N [

21°33'N
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1 WFFE X PR B 5 R A A A5 ] 23 A

Fig. 1 Location of study area and sampling points
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H H 3  (Avicennia marina) . M % (Excoecaria
agallocha) F1 TG Z  (Sonneratia apetala) 25 ,
AT A B (Hibiscus tiliaceus) ZE21WAEY)
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CRMEE %, 2016), Hidg v EE B AR i R
AW, 34300 hm,

2.2 SCIGHEE

2.2.1 FFAMLIGZT Rt E AR &

AN TAET 202048 H 6 HE 12 H AP ), 52
AT T 64 MR, SREE 143 NREAR S . 7R
FE XN BERE AR AR . . R a0
BRI 5 R AR VERER S BIBT BE Mt . 5
#] Sentinel -2 & G 25 0] 7 PER e i o0 10 m,
FRHEVRICE 15 mx15 m UFEHL . 7EREDFEHBIN, i
PEo—3 bk, [ 5—10 m BUZT REAREE AR, I FHF
GPSits H SN R E . TERMRFEARLL, RAETHRAE
ARk, B RADTREERGEARE R, RA
HemiView A8 ) 5 J22 73 B 22 4 4 BUeE )22 - T AR
FEH. FIF = BB SR AR R R AR 2 7 10 AR
AR, I R R A B KR R 4% P A ]
THE ., EEEN, RAUIKE AL (F¥E,
2006) e i R A AR EE

2.2.2 Sentinel-2 &1&

Sentinel—2 T35 J& WM =5 [8] J=y & 5100 8 — A
B2 0 B R TR, f145 Sentinel-2 A/B 1 i L& ,
YR Lotk e ey, AT R o arast
SRR LA 132 R s 28 R PR 0 1@
BESZAR (R 1) o ARG R HI M ESA scihub B ¥l
(https://scihub.copernicus.eu/[ 2021-07-01] ) 4 3%
T #1 Senitnel-2 TAFZAR (202049 H 4 H3KHL)
L1CHRAIZ B2 i, 120" ih B & fa b e
FRAULASIE o FFH SNAP 5114 () Sen2Cor 3 14 1
FIRAKIE, AR KT IS 5 40 il et )2
JE S R T R AR 5y BESRAR T LD AR CNC
RN T Ty, RAREIERE, 435085 25 18] 73 B
RUEE K10 m M 20 mo HR4fE Sen2Cor 57, 1EHE
1710 m REAKIERS, B10 W BEwe A%, Hofth i B
PREEARAE, B 1200 B 7EEFT 20 m R IE
i, 34 60mJEEt (B1, BOFIBIO) FI14 10 mik
Bt (BS) #ims, fRF T OMEE. BIERNS I
XTAEBE R B R X, R T AR A I B
BAMREENG R, KRB BL. B9, BI0
MBS IL 4B, R =R BRI R IE
J5 19 20 m 43 HEA 1% B FE R A 10 mo

#&1 Sentinel-2 DEFEER

Table 1 Bands information of Sentinel-2 satellite

Bt finid LK mm BT /mm ARSI /m
Bl Coastal aerosol 443 20 60
B2 Blue 490 65 10
B3 Green 560 35 10
B4 Red 665 30 10
B5 Red-edgel 705 15 20
B6 Red-edge2 740 15 20
B7 Red-edge3 783 20 20
B8 NIR 842 115 10
B8a  Narrow NIR 865 20 20
B9  Water Vapor 945 20 60

B10 Cirrus 1380 30 60
B11 SWIR1 1610 90 20
B12 SWIR2 2190 180 20

3 B

3.1 Sentinle-2 ZEEB D PHREE

AMFFE Sen2Res Fl SupReMe 5245 73 1R 5
AP SNAP -5 1955 = 7 i {4 Sen2Res FlI
MATLAB -5 528 o AR S A1 2 466 1
SR EREN RSN, B TRASH &S5
PEREAR, MRS RS R AR R T
KA 6 — 3t (Zhang %, 2019), Wk, A&
W54 Sen2Res F1 SupReMe P 816 5 HE 5 3215
5 HRAE IS W AR BT G35 AR O 2 K DEAL 2
Boig—3k .

3.1.1 Sen2Res &%

Sen2Res i {f: & Brodu (2017) %X} Sentinel-2
TR A —FP R AR SRR R Z | 2Lz L
R PR ZEZ IR R EA I
VR TE I T — MG 2 X3 B AT AR TR o 4 7
e U5 E) 2GR RN, Sk
ToOE, T Y S AR o B B mi A2 4k s R T
PR P BAU S BRSO, U SRR R ]
038 PSS BAE IS T RO R R R m e,
U gt AERFRETE R EAZZ Y[R I, K
JURHE B T RHRAR D PR R SR Bk
B oy pe d o M #27E SNAP P 5 B9 Sen2Res
EAFRSER, SR W Brodu (2017).



TifET 45 P Sentinel-2 5EARM 43 W5 5 4 A0 2T MRS 2 B f S i 1209

3.1.2 SupReMe &%

SupReMe  (Super-resolution for multispectral
multiresolution estimation) & Y X} B — & [ 4% 78
AN TR 3 BN SR IBCAS ] 25 ] 73 B 3 1) 22 1% 52
B, SR o B il B o3 PR B sy 20 HE R A
Bk (Lanaras 5%, 2017) . iZARUKASE AR RO FI
TORFERFRALEEAEAY 353 e 4 P AR i Be
AOSCRRAE B, 350 iR o PR AN S S R R AT D
T I 36k 2 A0 7 W 30 e Bt s IR 2% . R4 € —
UCEUE A — OE AT i — A A IR
RIS LA Y, 4 Y — A R R K A
F#E (Lanaras %%, 2017),

32 AMMEEREAEME

321 MM BEREZSERE

Sentinel—2 5215 R B J2: 2104 AR5 )2 RBE 1) Je
PRI, de e AR BURAY G TR AR B9 8 e
HERRSE. Hik, AFRES% WudE (2010)
B, AR E R R & I RUE SO LA

LNC /3L, B
CNC = LNC - LAI (1)

A, LNCAM R REESE, LAY TS
322 #EHIEHITE

B T BT RT ACH 3T A R U LIS FE 5L,
A 7% I 2238 DL 2T 71 3 B mT LG 21 9 B Al
HFEE, M 7843 F) H Sentinel—2 SR 19 2130 1z
B, IRV T a2 R R A T
J1o WFF TP IR R R R BOOTR AR R 2,

3.23 $HET=IEEL

SVM-RFE J& — it 5k T~ 3¢ 1] e B e oK 1) i it
B 38 AR AR Bk o 120 ) R AR AR R
SVM B3 T A7 R AE 1] B AT R, IR IPAL B4
FROEIT) SRR, SRR RS 1 AR S 8 —
S ERA B A R, B30 RO A rh ) T B
FRIEFERMIE GREMEBESC, 2009), AAFFEH
FFRAEAR 5 —3A7 494>, FH P 4245 9 Sentinel -2
TR RSB BOFN 40 1 HH AR Bl B B

R2 AHREAHERIEL

Table 2 Vegetation indices used in this study

iERI TR AR E= BTN
SR N/R Sims 1 Gamon(2002)
Clg N/G -1 Gitelson %:(2003)
Clrel N/RE1 - 1
Clre2 N/RE2 - 1 Gitelson %%(2005)
Clre3 N/RE3 - 1
NDVI (N=R)/(N +R) Rouse %:(1974)
5 3 B AR AR R NDVIrel (N - RE1)/(N + RE1)
NDVIre2 (N - RE2)/(N + RE2) Gitelson il Merzlyak (1994)
NDVIre3 (N - RE3)/(N + RE3)
GNDVI (N-G)(N+G) Daughtry %5(2000)
RDVI (N -R)/J(N+R) Roujean Fil Breon(1995)
EVI2 25(N-R)/(N+24R + 1) Jiang %5 (2008)
CVI NR/G? Vineini 55 (2008)
1.5(12(N - 6) - 25(R - G))
MTVI2 ’V,'/(ZN P17 (6N s ﬁ) os Haboudane % (2004 )
=k B R AR
0SAVI 1.16(N = R)/(N + R + 0.16) Rondeaux % (1996)
TClrel 12(RE1 - G) - 1.5(R - ¢)/REV/R
Haboudane % (2008)
TClre2 12(RE2 - G) - 1.5(R - ) /RE2/R
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iERIEiEE 1 AN E= BTN
TClre3 1.2(RE3 - G) - 1.5(R - ) JRE3/R
TCARIrel 3((RE1 - R) - 0.2(RE1 - G)RE1/R)
TCARIre2 3((RE2 - R) - 0.2(RE2 - G)RE2/R) Haboudane %:(2002)
TCARIre3 3((RE3 - R) - 0.2(RE3 - G)RE3/R)
MCARTrel ((RE1 - R) - 0.2(RE1 - G))RE1/R
MCARIre2 ((RE2 - R) - 0.2(RE2 - G))RE2/R Daughtry % (2000)
MCARIre3 ((RE3 = R) - 0.2(RE3 - G))RE3/R
MSRrel (N/RET - 1)/ [(N/REY + 1)
MSRre2 (N/RE2 - 1)/ (N/RE2 + 1) Chen(1996)
MSRre3 (N/RE3 - 1)/ [(N/RE3 + 1)
PSRIrel (R - G)/RE1
PSRIre2 (R - G)/RE2 Merzlyak 2£(1999)
PSRIre3 (R - G)/RE3
RSSI N/(G+RE1) Zhen%5(2021)
TCARIrel/OSAVI 3 Haboudane %£(2002)
TCARIre2/0SAVI M Haboudane %(2002)
TCARIre3/0SAVI s Haboudane % (2002)
MCARIrel1/OSAVI I8 Haboudane % (2002)
MCARTre2/0SAVI 3 Haboudane %(2002)
MCARIre3/0SAVI 3 Haboudane %(2002)
MCARIrel/MTVI2 M Haboudane %(2002)
MCARIre2/MTVI2 3 Haboudane % (2002)
MCARIre3/MTVI2 8 Haboudane % (2002)
3.2.4 #U4[EY)3 KRR(Kernel Ridge Regression) HH, X=[o(x,), o(x,), -, o(x,) | HEEAE I,

% W 8] U9 35 1% i Cristianini Al Shawe—Taylor
(2000) AR, &R TR INERAEL PRI
3%:72%, GG TSI I, N E B B

TETEFNZALRE T, I RERE AT S5 b fifp T vy 4 22 T
/\jéfiltﬂ o U Il A BEAS LB Ny R B —

2 n DMEEAFI T — %R B, 2 e (x),
Hﬂ%ﬁi?ﬁﬂ%éﬁ SAEZS ) F R, R 7 v 2 A ) A R AR
SRR 5y, ARG N ATk, X e
HEE VEA T AR EE . [RHE TR

y=w-p(x)+e (2)
Kb,y RIONE, wRAUESE, « WA,
& NHRZE
AR AN BREC KR IR R
Liw)=2dww" +(y - wX)(y - wX)" (3)

w = (wov LTI wn)yﬂﬂ%ﬁﬁﬂ%, /\%ﬂEJﬂ”JﬂCi‘ﬁo
X (3) PHISE w RS, JFAHAET O,
AfGw=(X"X + A1) X"y (IHHAERE), S a=
(K+ M)y, BREK=K(X,X)=e(x)e(x)", W
w=X"a= iaiX[ (4)
w H SR A FEAR I — A3, e LB
FEAS () T {8y

zaXTx —zaK(x X) (5

A, 3B REA R A, & BT A
A 5 K e EF AU A5 (4 £1 4% AR LNC AT LATEL
PEIT ) CNCAE AR R AE &, 3 Ff Sentinel -2 T

HEGPRONI B (B2, B3, B4, B5. B6.
B7. B8a. BI11F1B12) H140 #4553t 494
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FRIESHOCh H 28 &, FIH Python H A9 sklearn fi
17 SVM-RFEAFAEESE, FHFIH] KRR A EE 37 274
PRCNC HIFEFAREAY
3.3 BEWIE

A BESE R B — ik 5 UK IE % LOOCY
(Leave—One—Out Cross—Validation) XJ % U f 17 46
WEo PEO ARSI GE Sy B FE bRy . BERIE R AL
R* (coefficient of determination) . 75 H3 %22 RMSE
(Root Mean Square Errors) FIAH X152 RE (Relative
Error) o R* Sz e S 38 {855 S IMEL =22 [] B e P 405 1
O, RMSE J e 5z 18 i 5 S5 I /0 22 8] ) ANl o e
RE e TS 45 R m v 5 B

4 HER5 0

41 AMHMHRIMBEERZSESN
52 S u SRR, BF AP SR K R AR

HENRREAS) . NRIFTLUFEL, AFEF
Kyt h A XS & (LNC) ., EREARE
i (CNC) FintmfRfs % (LAD fFPE25S. 5Fh
S1 WA M LCN 43 15 78 7.2—19.3, “F3#4{E K 10.6,
Ho B LNC Iy, SFIMEIR 16.4, AL
BJLNC £k, 79.5. SFRLLAHEY LAL A5 B A
0.9—4.2, HAARMIM LATFER K (2.5), Hik
MRS . LD, Ee N B TS R
LI AEY) CNCAE 2 A 7E 8.4—52.6; M54 Fh CNC
FHMHEE, UMK (26.3), HREWAER . 20
TG . RO A SAPZIA RS LNC. LALAN
CNC )22 5 R 8057 9 0 3.2%—17.2% . 15.8%—
29.5% 1 16.7%—26.3%, H: 15 S A MG FI 21 v H
A8 S RECE K . SOk UL, ARIZIR R CNC
HINCHBE2ZES, HMHCNCERFEE .

F3 MRERAELHPFLNC.CNC I LAMES T4
Table 3 Statistical analysis of LNC, CNC and LAI values of each species of mangroves in the study area

- AR AR (mg-g™) ERRE T E (mg-g ") A T AR SR 4L

g F/ME EBKRME PHE TRAB% FB/ME BRKE CPHE TRFEH% BME BERME CFHE TRREU%
M 132 19.3 16.4 13.1 12.0 24.6 16.7 25.4 0.9 1.3 1.0 15.8
FAR(Z ) X 12.6 10.3 15.7 8.4 323 225 40.0 1.1 2.7 2.1 29.5
AHE 7.2 13.9 10.3 17.2 11.7 52.6 26.3 36.9 12 3.8 2.5 26.9
i 10.5 11.3 10.8 3.2 13.8 21.3 18.0 17.3 12 2.0 1.7 20.1
AR 8.1 11.7 9.5 8.8 14.9 43.9 23.1 29.4 1.5 4.2 2.4 26.0
FEREN 7.2 19.3 10.6 22.6 8.4 52.6 233 36.2 0.9 42 22 33.6

42 HEERREITM

A58 PAAE 15 5 S PN 5 T 3 ) % 3 e i 4
#1477 (Resampled, Sen2Res #l SupReMe)
PPl o XFHUIR R 20 m 23 HERAUSEAR, HALAT I,
FIH 3R R AN 10 m /- HRREAR L, LI
15 R A5 M ) T T RT DL, SO A T B
i (E12). F4Jm 7K Sentinel-2 5248 M\ 20 m 53
PERERE R 10 m P PERE, RIS BRAF- 1
T BE R PR AR E AR O o X e EE SR AR W] LA
Aih, Sen2Res HILE AL B5. BI1FIBI2 i
B fr S 43 3 W 30T B 0,201, 0.008 10.093,
fib 30 B 4 BT # 5 SupReMe B8 32 5 2 Ji5 5 15 B
B5 I B A EURE B30T [ 0.083,  HiAth 4% I BE ¥4 r
. TR, Sen2Res F1 SupReMe 55

A R P BT R B A TR L, H
th B8a 11 14 A iR B B K o ML Ah, H Sen2Res Al
SupReMe H # 5 5215 5 1R FE 2 AZ GG AH G E 43
Br (BI3FE4) AIE S, MAMEREEEY S
AR ROREE TR AR OCHE (RPI350.96 L ). DA
AT, Rl Sen2Res 1 SupReMe P 1 7 72 X5}
Sentinel-2 LR H A, ANUMRHE TI6I%—8:, &
PE1R TSR I T B AN A Al AT

43 HEREHSIHMEERREZLIENEXE

Bl 5 R TET 424 (RE20 m A3 10m
FAFZAR) DTG SR A HE Y 40 /B 4E £S5 %
NAEAR CNC Z BN AH M BT 4 S . BEF 42
180 R B 45 205 CNC 1 AH S 19 o0 A SEA A AL
30 AN AE 4R B A S PE X IR B T B E KO (P<
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0.05) . 38 i E B AR AR DG 34 5 T I 4R 20 m
PR, BARHL, 25 MBS SRS CNC 2 IF
MK FR, 4FEA4AY MCARI3/MTVI2, MCARI3/
MTVI2, SR} SRA&E3 0 5 CNCAH M de sy, Al
KB/ 0.635, 0.733, 0.727 #10.732; 54

Sen2Cor

Resampled

MY E S CNC 2R AHKE X R, 4FEZBM
TCARI3/OSAVI 18 %5 CNC ¥y H A fic i 1 AH 56 1
AHIE BB -0.602 . -0.725. —0.716 F1-0.734,
AR fﬁ%}i&. B LL AR CNC AR BURS, J24T
R 2 AR T oA R T A

Sen2Res

SupReMe

(a) GRS 3P ELE AR R B 67700 (R:B8a, G B6, B: BS)
(a) The original image and reconstructed images by three algorithms with the band combination of R : B8a, G:B6, B:B5

Sen2Cor Resampled

Sen2Res SupReMe

(b) JFIAFZAR S 3 M S S8, DB 25 77 (R: B12,G: B7,B: BS)
(b) The original image and reconstructed images by three algorithms with the band combination of R:B12, G:B7, B:B5

K2 GEERER

Fig. 2 The results of image reconstruction

3*4 Sentinel-2 R EEE T EIEN

Table 4 Evaluation results by three methods of Sentinel-2 images reconstruction

PEM bR EHR B5 B6 B7 B8a B11 B12
Resampled 3.119 3.591 3.548 3.532 3.219 3.242

5 B Sen2Res 2918 3.622 4.060 4.062 3.211 3.149
SupReMe 3.036 3.759 3.951 4.007 3.541 3.511
Resampled 51.292 85.308 105.670 109.822 76.835 69.029
STY R Sen2Res 61.625 100.006 123.634 128.864 88.085 78.452
SupReMe 70.097 111.622 141.544 152.049 112.522 96.064

44 AWM BEERRLIERESER

FIFH SVM-RFE ¥ 43 51 %} 4 Ff A% 904778 B ik
P, FT KRR FiktE CNC AR, 7EfR 8
1—49 MRFAEAS T IE 0 T AR AU A B RN 3 RS
FEAE 6 s o X F IR 20 m 242 F Resampled J7
REEREAR, TR EREAE R BCE S BN T 13
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Abstract: Nitrogen content is an essential element in the whole life cycle of vegetation. The estimation of mangrove Canopy Nitrogen
Content (CNC) by remote sensing is greatly important for mangrove health monitoring. At present, studies that use satellite hyperspectral
data to retrieve CNC of forest at regional scales, especially for mangroves, are few. In addition, the low spatial resolution of most satellite
hyperspectral images and the difficulty of measuring the average leaf nitrogen content of a single image pixel in real time limit the inversion
accuracy. In this study, the super-resolution reconstruction of Sentinel-2 image and in-site measurement data was used for retrieving
mangrove CNC to explore the application potential of enhanced Sentinel-2 image in mangrove monitoring.

Taking Zhanjiang Gaoqiao Mangrove National Nature Reserve, China as the study area, the red edge bands, near-infrared, and short
wave bands of Sentinel-2 were reconstructed from 20 m to 10 m by resampling, Sen2Res, and SupReMe algorithms, respectively. The
reconstructed images are used to build 40 vegetation indices and analyze their correlation with CNC. Then, the SVM-RFE iterative feature
deletion method was used to determine the optimal variable combination of mangrove CNC estimation, and the Kernel Ridge Regression
(KRR) model was used to construct the prediction model of mangrove CNC. Finally, the optimal model was used to map CNC spatial
distribution of mangrove forests.

Significant differences in canopy nitrogen content and leaf nitrogen content were found among different mangrove species, and the
variation of intraspecific CNC was abundant. The reconstructed images based on Sen2Res and supreme super resolution algorithm not only
had high spectral consistency (the R* values of all bands are above 0.96) with the resampled image, but also significantly improved the
clarity and spatial detail of the image compared with the 20 m resolution image. The bands sensitive to mangrove CNC are mainly
concentrated in the red band (B4), red-edge band (BS5), near-infrared band (B8a), and short-wave infrared band (B11 and B12). Vegetation
indices related to red-edge band (RSSI and TCARIrel/OSAVI) are also effective variables to predict mangrove CNC. The inversion
accuracy (R*val>0.579) of the reconstructed 10 m image based on the three methods is better than that of the original 20 m image (R*val=
0.504). The fitting accuracy of the inversion model based on the reconstructed Sen2Res image (R*val=0.630, RMSE_val=5.133, RE_val=
0.179) is almost the same as the resampled (R*val=0.640, RMSE_val=5.064, RE_val=0.179), and its model validation accuracy (R*cv=
0.497, RMSE cv=5.985, RE cv=0.214) is higher. In addition, the variable number of Sen2Res is the most reasonable.

Based on the spectral details and model accuracy of reconstructed images, Sentinel-2 images constructed by Sen2Res algorithm have
good application potential in mangrove canopy nitrogen content estimation and can provide effective method reference and data support for
fine monitoring of mangrove canopy health status at regional scale. Compared with vegetation, such as crops and grasslands, the factors
influencing CNC inversion of mangroves are more complex. Although the influence of the main canopy structure factor (LAI) was
considered in this study, other factors, such as species, community structure, leaf inclination, and synergistic changes, in other biochemical
components should be further investigated.
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