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c ar b o n i n ti d al w etl a n d s i n c o m b ati n g cli m at e c h a n g e. I n t hi s st u d y, w e hi g hli g ht t h e u n c ert ai nt y a s s o ci at e d wit h 

l e af  ar e a  i n d e x  ( L AI)  e sti m ati o n s  i n  ti d al  w etl a n d s,  s p e ci fi c all y  s alt  m ar s h e s,  a  k e y  v e g et ati o n  p ar a m et er  f or 

pr o d u cti vit y m o d el s a n d E art h S y st e m M o d el s ( E S M). L AI, d eri v e d fr o m s at ellit e r e fl e ct a n c e d at a, i s li n k e d t o 

at m o s p h eri c  c ar b o n  e x c h a n g e  a n d  gr o s s  pri m ar y  pr o d u cti o n  ( G P P)  a cr o s s  v e g et ati v e  e c o s y st e m s.  H o w e v er, 

e sti m ati n g s alt m ar s h L AI i s c h all e n gi n g b e c a u s e c a n o p y h ei g ht a n d d e n sit y v ar y a cr o s s s h ort di st a n c e s, a n d ti d al 

fl o o di n g alt er s t h e at m o s p h er e- e x p o s e d l e af ar e a, h er e aft er c all e d e m er g e nt l e af ar e a i n d e x ( E L AI), at s h ort ti m e 

s c al e s. F urt h er, i n ti d al w etl a n d s d o mi n at e d b y s p e ci e s s u c h a s S p arti n a alt er ni fl or a , c a n o p y h ei g ht a n d d e n sit y 

v ar y a cr o s s s h ort di st a n c e s. W e pr e s e nt a n o v el a p pr o a c h f or m e a s uri n g s p ati ot e m p or al d y n a mi c s i n ti d al w etl a n d 

E L AI. W e m o d el e d E L AI fr o m v erti c al L AI pr o fil e s a n d cr e at e d s p ati al e sti m at e s a cr o s s ti d al p eri o d s. W e t h e n 

li n k e d E L AI wit h e d d y c o v ari a n c e c ar b o n ( C) fl u x e s t hr o u g h f o ot pri nt m o d eli n g a n d r e v e al e d c orr el ati o n s b e-

t w e e n e m er g e nt l e af ar e a a n d C fl u x e s. N e xt, w e d e m o n str at e d t h at E L AI c a n b e r e a dil y e sti m at e d a cr o s s 1 0- m 

s p ati al  s c al e s  u si n g  S e nti n el- 2  s at ellit e d at a,  e v e n  d uri n g hi g h  ti d e s  ( R 2 = 0. 8 9;  N R M S E = 1 0 %). Fi n all y, w e 

s h o w e d  a  c o m m o n  pr o d u ct,  M O DI S  M Y D 1 5 A 2 H,  u n d er e sti m at e d  ( 2 0 %)  L AI  d uri n g  dr y  c o n diti o n s  b ut  o v er -

e sti m at e d  ( 7 – 9 3 %)  d uri n g hi g h  fl o o di n g.  D y n a mi c  E L AI  c o ul d r e d u c e  u n c ert ai nti e s  i n  s at ellit e- d eri v e d  gl o b al 

G P P pr o d u ct s w h e n d e v el o pi n g bl u e c ar b o n b u d g et s f or e c o s y st e m s t hr e at e n e d b y a c c el er at e d s e a l e v el ri s e.   

1. I nt r o d u cti o n 

Ti d al s alt m ar s h e s ar e c o a st al w etl a n d s t h at c o n stit ut e a l ar g e p orti o n 

of  gl o b al  bl u e  c ar b o n  e c o s y st e m s  a n d  pl a y  a n  i m p ort a nt  r ol e  i n  t h e 

gl o b al  c ar b o n  c y cl e  ( N ell e m a n n  a n d  C or c or a n,  2 0 0 9 ).  Fr e q u e nt  ti d al 

fl o o di n g  tr a n s p ort s  n utri e nt s,  fl u s h e s  m et a b oli c  t o xi n s,  a n d  d e p o sit s 

s e di m e nt  f or  m ar s h  a c cr eti o n,  w hi c h  e n a bl e s  ti d al  w etl a n d s  t o  st or e 

2 0 – 2 5 % of t h e w orl d ’s s oil or g a ni c c ar b o n st o c k, w hil e c o v eri n g o nl y 

4 – 6 % of t h e w orl d ’s l a n d ar e a ( Y u et al., 2 0 1 2 ). W hil e, at s h ort ti m e -

s c al e s, ti d al fl o o di n g s u b m er g e s pl a nt s a n d r e d u c e s at m o s p h eri c c ar b o n 

( C) a s si mil ati o n ( K at hil a n k al et al., 2 0 0 8 ), t hi s r e d u cti o n i s s m all r el a -

ti v e t o a n n u al b u d g et s (F or bri c h a n d Gi bli n, 2 0 1 5 ). H o w e v er, t h e b e n-

e fit s  of  ti d al  fl o o di n g  c a n  b e c o m e  d e fi cit s  w h e n  fl o o di n g  i s  d e e p  or 

pr ol o n g e d,  r e s ulti n g  i n  a n o xi c  c o n diti o n s  a n d  r e d u c e d  s oil s  t h at 

di mi ni s h n utri e nt u pt a k e ( M e n d el s s o h n a n d M orri s, 2 0 0 2 ) c a u si n g pl a nt 

d e at h,  c h a n n el  c oll a p s e,  a n d  m ar s h  dr o w ni n g  ( Cr o s b y  et  al.,  2 0 1 6 ; 

M ari otti, 2 0 2 0 ; S mit h a n d L e e, 2 0 1 5 ; V o s s et al., 2 0 1 3 ). A s s e a-l e v el ri s e 

a c c el er at e s, t h e c o n s er v ati o n of m ar s h e c o s y st e m b e n e fit s i s u n c ert ai n 

(I P C C, 2 0 1 9; S c h u er c h et al., 2 0 1 8 ) a n d d e p e n d s o n b ot h t h eir a bilit y t o 

a c cr et e  v erti c all y  a s  a  c o n s e q u e n c e  of  s e di m e nt  s u p pl y  a n d  el e v ati o n 

c a pit al  ( L a n g st o n  et  al.,  2 0 2 1 ),  a n d  t h e  a v ail a bl e  s p a c e  f or  l a n d w ar d 

mi gr ati o n ( Kir w a n et al., 2 0 1 6 ). Ti d al s alt m ar s h c a n o pi e s ar e e x p e ct e d 

t o b e i n u n d at e d m or e fr e q u e ntl y wit h i n cr e a si n g s e a l e v el s, r e s ulti n g i n 

s hift s i n v e g et ati o n d y n a mi c s ( L a n g st o n et al., 2 0 2 0 ) a n d at m o s p h eri c C 

a s si mil ati o n. T h er ef or e, it i s vit al t h at w e u n d er st a n d t h e n at ur e of l e af 

ar e a i n ti d al s alt m ar s h e s t o b ett er m o d el C d y n a mi c s a n d a s s e s s m ar s h 

v ul n er a bilit y t o cli m at e c h a n g e. I n t hi s st u d y, w e pr e s e nt a s ol uti o n f or 

m o d eli n g c a n o p y l e af ar e a e x p o s e d t o t h e at m o s p h er e d uri n g fl o o di n g, 

h er e k n o w n a s e m er g e nt l e af ar e a, a n d li n k it t o at m o s p h eri c C a s si mi -

l ati o n.  O ur  eff ort s  ai m  t o  b ett er  i nf or m  l ar g e- s c al e  pr o d u cti vit y  a n d 

E art h  s y st e m  m o d el s  ( E S M),  w hi c h  r el y  o n  a c c ur at e  l e af  ar e a 

e sti m ati o n s. 

C a n o p y l e af ar e a, t h e ar e a o v er w hi c h c hl or o p h yll, p h ot o s y nt h eti c 

a n d  ot h er  l e af  p h y si ol o gi c al  r e a cti o n s  ar e  arr a y e d,  h el p s  d et er mi n e 
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atmospheric gas exchange during photosynthesis (Nobel, 1983) and is 
an important component to quantify gross primary production (GPP) 
(Guo et al., 2009), ecosystem phenology (Running and Hunt, 1993), and 
responses to climate change (Cleland et al., 2007). Leaf area is a key 
variable in vegetation productivity and land-surface models (Cowling 
and Field, 2003) and an important input for ESMs (Park and Jeong, 
2021). Leaf area index (LAI), the one-sided leaf area per unit ground 
area (m2 m 2), is the common metric for quantifying leaf area and is 
often used in GPP models (Running et al., 1999). LAI is estimated 
through satellite remote sensing vegetation indices (Boresjoe Bronge, 
2004; Huete et al., 2002; Xie et al., 2019). 

Tidal salt marsh leaf area, and wetland leaf area in general, is 
spatially and temporally dynamic, but not well studied (Asner et al., 
2003). Canopy density and height vary across the salt marsh surface due 
to interactions between nutrient availability, elevation, salinity, and 
tidal flooding (Chaisson et al., 2022; Mendelssohn and Morris, 2002; 
Pennings et al., 2005). In tidal salt marshes, where vegetation is often 
dominated by monocultures of habitat specialists such as Spartina 
alterniflora, environmental gradients create distinct zones (Pennings 
et al., 2005). For S. alterniflora marshes, low elevation edges adjacent to 
water bodies can have frequent and moderate flooding that flushes soils, 
resulting in high nutrient availability, lower salinity, higher soil oxygen, 
and taller canopies ( 1 m). In higher elevation mid-marsh to interior 
areas, canopy heights become shorter ( 1 m) due to physiological 
stresses related to temperature, high evapotranspiration, salinity, and 
redox potential (Mendelssohn and Morris, 2002). In addition to the 
spatial heterogeneity of canopy structure, frequent tidal flooding 
changes the amount of emergent leaf area exposed to the atmosphere 
and available for C exchange at various timescales (hours to months). 
Further, patterns in canopy structure can shift if flooding becomes 
prolonged and stagnate, for example, when sea level rise overwhelms 
vertical accretion. Deep prolonged flooding deprives plants of oxygen 
and results in plant death. Thus, even small changes in elevation (0.1 m) 
can result in differences in plant morphology and dynamics across both 
space and time. 

The transient nature of tidal waters on the marsh surface also poses 
challenges for remote sensing studies aimed at productivity modeling, a 
common method to estimate blue carbon storage regionally and globally 
(Feagin et al., 2020; Najjar et al., 2018). Tidal flooding alters the 
reflectance characteristics of submerged and partially submerged 
vegetation (Cho et al., 2008; Kearney et al., 2009; Mishra and Ghosh, 
2015), resulting in noisy time-series data (Narron et al., 2022; O Connell 
et al., 2017). This causes uncertainty in productivity estimates (Feagin 
et al., 2020; Tao et al., 2018) and aboveground biomass modeling 
(Kearney et al., 2009). Studies often flag and remove tidally impacted 
data (Dechant et al., 2022; Sun et al., 2021; Tao et al., 2018), find 
nonsignificant impacts (Feagin et al., 2020), or do not account for 
flooding in their analyses (Ge et al., 2016; Kang et al., 2018; Wu et al., 
2015; Yan et al., 2008, 2010). Moderate resolution LAI products, such as 
NASA s MODIS LAI 8-day product (MYD15A2H) (Myneni et al., 2015), 
are not parameterized for wetlands but are frequently used in carbon 
studies assuming dry substrate conditions during satellite overpass 
(Kang et al., 2018; Wu et al., 2015, p. 201; Yan et al., 2010). The 
resulting uncertainties in LAI estimations, therefore, have the potential 
to propagate through productivity models and ESMs (Park and Jeong, 
2021). 

Dynamic emergent leaf area, i.e., highly variable leaf area caused by 
frequent tidal flooding, poses challenges to modeling C fluxes. Through 
the Eddy Covariance (EC) method, which measures surface-atmosphere 
CO2 fluxes, past studies have observed the suppression of C assimilation 
during tidal flooding (Forbrich and Giblin, 2015; Kathilankal et al., 
2008; Moffett et al., 2010; Nahrawi et al., 2020). However, the reported 
reductions varied depending on species and hydrology, and this varia
tion can impact broader assessments of coastal wetland productivity 
(Feagin et al., 2020; Tao et al., 2018) and blue carbon estimates (Chapin 
et al., 2006; Nellemann and Corcoran, 2009; Troxler et al., 2013). So far, 

the link between emergent leaf area and atmospheric C fluxes has not 
been made and understanding it could provide insight into ecosystem 
carbon budgets, particularly related to impacts surface waters have on C 
fluxes (Cai et al., 1999). 

In this study, we used in situ LAI measurements collected in a 
S. alterniflora tidal salt marsh within the Georgia Coastal Ecosystems 
Long Term Ecological Research (GCE-LTER) site located on Sapelo Is
land, Georgia, USA. We used canopy LAI vertical profiles to model 
emergent LAI (ELAI), capturing tidal flooding across the marsh surface, 
and linked it through EC flux tower footprint predictions (FFP) (Kljun 
et al., 2015), representing the C flux source areas, to measured net 
ecosystem exchange (NEE). We then scaled ELAI estimations to 10-m 
Sentinel-2 surface reflectance data (5-day returns) to show that emer
gent leaf area could be modeled from satellite data at the needed spatial 
and temporal scale using reflectance only. Finally, we compared ELAI 
estimations to the commonly used MODIS 500-m 8-day LAI product 
(MYD15A2H) to highlight uncertainties in LAI products for tidal wet
lands. To our knowledge, this is the first time emergent LAI has been 
measured and estimated for salt marshes, which may have significant 
implications for future regional blue carbon studies that rely on satellite 
datasets. 

2. Materials and methods 

2.1. Study area 

We conducted our study in the Georgia Coastal Ecosystems Long 
Term Ecological Research (GCE-LTER) site located on Sapelo Island, 
Georgia, USA (Fig. 1). Tidal salt marshes there were dominated by 
S. alterniflora and experienced semi-diurnal flooding with average tidal 
ranges of approximately 1.2 m. S. alterniflora canopy heights typically 
ranged from 0.5 to 1.0 m (Hladik et al., 2013) with minimum and 
maximum canopy heights of 0.3 and 1.6 m, respectively. Most of the 
marsh canopies were considered mid-marsh and interior areas with 
canopies 0.6 m in height (Fig. 1c). Salinity levels in the adjacent tidal 
river averaged 25.68 ppt (sd 4.57). Mean marsh platform elevations 
around the sampling locations were 0.71 (sd 0.2) m NAVD 88. Further 
information on study location and climate characteristics can be found 
in Hawman et al. (2021). 

2.2. In situ vegetation sampling 

Our first objective was to measure in situ leaf area within our study 
site, its variation across marsh zones (edge, mid-marsh, and interior), 
and its vertical profile through the canopy height to determine the 
amount of ELAI under varying water levels. We measured leaf area index 
monthly for 5 months (June October 2021) via a ceptometer (AccuPAR 
LP-80, Decagon Devices, Inc., Pullman, WA, USA) at 18 permanent 1-m2 

vegetation plots located approximately 650 m north of the GCE-LTER 
flux tower (Fig. 1c). Plots represented three S. alterniflora canopy 
types across an elevation gradient (short plants in the marsh interior: n 

6, medium height plants in the mid-marsh: n 6, and taller plants at 
the marsh edges: n 6). We measured LAI at intervals of 10 cm (interior 
and mid-marsh) and 20 cm (marsh edges) through the canopy height at 
each plot (Ramsey et al., 2004). 

Stem heights and stem densities were measured once a month for 
each vegetation plot (Pennings, 2022). Stem heights for all stems within 
a quadrat (interior & mid-marsh: 0.25 0.25 m; marsh edges: 0.5 0.5 
m) were measured to the nearest 1 cm and stems were counted. Quadrat 
size was increased at the marsh edge where stems are not as dense to 
sample representative areas. We then approximated stem densities to a 
meter squared area by dividing the number of stems measured within 
the quadrat by the quadrat area. 

P.A. Hawman et al.                                                                                                                                                                                                                            
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2. 3.  C a n o p y L AI pr o fil e m o d eli n g 

T o  e sti m at e  E L AI  f or  e a c h  m ar s h  z o n e  at  a  gi v e n  w at er  l e v el  a n d 

u n d er st a n d t h e di stri b uti o n of L AI wit hi n t h e c a n o p y pr o fll e, w e u s e d 

n o n-li n e ar r e gr e s si o n t o flt m o d el s t h at d e s cri b e t h e c u m ul ati v e L AI wit h 

c a n o p y h ei g ht. W e ori e nt e d o ur pr o fll e s b e gi n ni n g at t h e t o p of c a n o p y 

a n d pr o gr e s si n g d o w n w ar d. W e di d s o t o a p pr o xi m at e t h e a m o u nt of L AI 

a b o v e a gi v e n h ei g ht wit hi n c a n o p y, mi mi c ki n g t h e e m er g e nt l e af ar e a 

d uri n g ti d al fi o o di n g. W e t e st e d l o g- b a s e d si g m oi d al f u n cti o n s, s u c h a s 

t h e W ei b ull c u m ul ati v e di stri b uti o n f u n cti o n (W ei b ull, 1 9 5 1 ), a s t h eir 

s h a p e cl o s el y a p pr o xi m at e s t h e L AI c a n o p y pr o fll e s a n d h a s b e e n u s e d 

s u c c e s sf ull y i n f or e st c a n o p y m o d eli n g ( T e s k e a n d T hi stl e, 2 0 0 4 ; Y a n g 

et al., 1 9 9 3 ). 

L o g- b a s e d  si g m oi d al  f u n cti o n s  h a v e  4  p ar a m et er s  d e s cri bi n g  t h e 

u p p er li mit ( c), l o w er li mit ( d), sl o p e ( b), a n d i n fl e cti o n p oi nt ( e) of t h e 

c ur v e s. T h e W ei b ull T y p e- 1 f u n cti o n h a s a n a s y m m etri c i n fl e cti o n p oi nt 

p ar a m et er  ( e),  all o wi n g  t h e  f u n cti o n  t o  a c c o m m o d at e  a n  a s y m m etri c 

c ur v e ( C hri st e n s e n a n d N y h ol m, 1 9 8 4 ): 

L AI = c + ( d − c )e x p (  − e x p (b (l o g(h x )  − l o g(e ) ) ) ) ( 1)  

w h er e h x i s t h e h ei g ht wit hi n t h e c a n o p y a n d b , c , d , a n d e ar e fltt e d 

p ar a m et er s  r e pr e s e nti n g  t h e  sl o p e,  u p p er  li mit,  l o w er  li mit,  a n d  mi d- 

p oi nt. I n t h e 3- p ar a m et er f or m of t h e W ei b ull T y p e- 1 f u n cti o n, w e s et 

t h e u p p er li mit ( c) t o 0 si n c e L AI i s 0 a b o v e t h e c a n o p y. 

W e  al s o  t e st e d  li n e ar  r e gr e s si o n  m o d el s  (li n e ar,  q u a dr ati c,  a n d 

c u bi c).  R e gr e s si o n  a n al y si s  of  l o g- b a s e d  si g m oi d al  f u n cti o n s  w a s  c o n -

d u ct e d u si n g t h e dr c p a c k a g e ( Rit z et al., 2 0 1 5 ) i n R v er si o n 3. 6. 3 (R 

C or e T e a m, 2 0 2 0 ). M o d el s el e cti o n w a s b a s e d o n A k ai k e ’s I nf or m ati o n 

Crit eri o n  ( AI C) a n d  r e si d u al  st a n d ar d err or.  R e gr e s si o n  m o d el p erf or -

m a n c e m etri c s ar e a v ail a bl e i n T a bl e S 2. 

Fi n all y, t o d e s cri b e t h e di stri b uti o n of L AI, w e m e a s ur e d t h e p er c e nt 

c o ntri b uti o n b et w e e n m e a s ur e m e nt h ei g ht s wit hi n t h e c a n o p y h ei g ht. 

T hi s  pr o vi d e d  a  pr o fll e  d e s cri bi n g  w h er e  m o st  of  t h e  l e af  ar e a  i s 

p o siti o n e d wit hi n c a n o pi e s. 

2. 4. E m er g e nt l e af ar e a ( E L AI ) s p ati al pr e di cti o ns 

O ur o bj e cti v e w a s t o m o d el E L AI a cr o s s t h e m ar s h u si n g L AI v erti c al 

pr o fll e s  ( S e cti o n  2. 3 )  a n d  m a p s  of  m ar s h  v e g et ati o n,  el e v ati o n,  a n d 

m e a s ur e d w at er h ei g ht. T h e s e s p ati al pr e di cti o n s w o ul d t h e n b e u s e d t o 

c orr el at e e sti m at e d E L AI wit h m e a s ur e d N E E fr o m t h e fi u x t o w er ( S e c -

ti o n 2. 6) a n d s at ellit e r e fl e ct a n c e d at a ( S e cti o n 2. 7 ). T hi s m a p pi n g e x-

er ci s e n e e d e d t o a c c o u nt f or c h a n g e s i n el e v ati o n a n d a s s o ci at e d w at er 

l e v el s r el ati v e t o t h e s oil s urf a c e a n d t h e m ar s h z o n e c a n o p y t y p e at e a c h 

p oi nt. T h er ef or e, w e fir st m a p p e d o ur pr o fll e s t o t h e m ar s h l a n d s c a p e b y 

a s si g ni n g e a c h c a n o p y pr o fil e ( E q. 1 ; T a bl e S 3) t o it s r e s p e cti v e m ar s h 

z o n e  u si n g  a n  e xi sti n g  h a bit at  m a p  wit h  a  s p ati al  r e s ol uti o n  of  1  m 2 

(Fi g. 1 c) ( Hl a di k et al., 2 0 1 3 ). Ar e a s of t h e m ar s h c o v er e d b y e x p o s e d 

m u d or p er m a n e nt w at er w er e n ot a s si g n e d a pr o fll e a n d w er e gi v e n a n 

E L AI v al u e of 0. Cl a s s e s u s e d w er e m u d, p er m a n e nt w at er, m ar s h i nt e -

ri or, mi d- m ar s h, a n d m ar s h e d g e s ( Fi g. 1 c). 

W e  m e a s ur e d  w at er  l e v el  u si n g  t w o  pr e s s ur e  tr a n s d u c er s  ( C S 4 5 6, 

C a m p b ell S ci e nti fi c I n c., L o g a n, U T, U S A) l o c at e d n e ar t h e fl u x t o w er. 

O n e  pr e s s ur e  tr a n s d u c er  w a s  l o c at e d  o n  t h e  m ar s h  pl atf or m  at  a n 

el e v ati o n of 0. 8 8 m N A V D 8 8 a p pr o xi m at el y 4 8 m n ort h e a st of t h e t o w er, 

a n d a s e c o n d i n a ti d al cr e e k at a n el e v ati o n of − 0. 2 0 m N A V D 8 8 5 0 m 

s o ut h w e st of t h e t o w er. W at er l e v el el e v ati o n s w er e r ef er e n c e d t o t h e 

v erti c al d at u m N A V D 8 8 i n u nit s of m et er s. T h e pr e s s ur e tr a n s d u c er o n 

t h e m ar s h pl atf or m di d n ot c a pt ur e t h e f ull ti d al r a n g e o n t h e m ar s h d u e 

t o it s s h all o w i n st all ati o n wit hi n t h e w ell. H o w e v er, t h e m ar s h pl atf or m 

di d  pr o vi d e  a  m or e  a c c ur at e  m e a s ur e m e nt  of  m ar s h  s urf a c e  ti d al 

fl o o di n g c o m p ar e d t o t h e s e n s or i n t h e cr e e k ( O ’C o n n ell et al., 2 0 1 7 ). 

T h er ef or e, w e c o m bi n e d t h e t w o m e a s ur e m e nt s t o c a pt ur e t h e f ull ti d al 

r a n g e a n d pr o vi d e a b ett er e sti m ati o n of m ar s h fl o o di n g ( Fi g. S 1). W h e n 

t h e m ar s h pr e s s ur e tr a n s d u c er m e a s ur e m e nt w a s < 0. 8 4 m, w e r e pl a c e d 

t h e v al u e s wit h t h o s e fr o m t h e cr e e k pr e s s ur e tr a n s d u c er. 

Fi g. 1. a) S a p el o I sl a n d, G e or gi a o n t h e b) e a st er n U nit e d St at e s Atl a nti c C o a st. c) M a p s h o wi n g t h e l o c ati o n s of t h e G C E- L T E R fl u x t o w er a n d t h e v e g et ati o n pl ot s. 

C ol or e d ar e a s s h o w t h e S p arti n a alt er ni fl or a m ar s h z o n e s ( Hl a di k et al., 2 0 1 3 ). B a c k gr o u n d i m a g e s ar e a) L a n d s at 8 a n d c) S e nti n el- 2. 
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The next step was to estimate tidal flooding across the marsh surface 
at any given time for any location within our study area. To do so, we 
used surface elevations from a digital elevation model (DEM) derived 
from light detection and ranging (LIDAR) with a 1-m2 horizontal reso
lution and a vertical accuracy of 0.1 m NAVD88 (Hladik and Alber, 
2012) and water level from the pressure transducers. We used a bathtub- 
type modeling approach to estimate the water level relative to the soil 
surface based on the DEM and the measured timeseries of water level. 
For example, a DEM elevation of 0.75 m NAVD88 and a water level 
elevation of 1 m NAVD88 would give a relative water depth of 0.25 m 
above the soil surface. This provided a continuous estimate of surface 
flooding across the marsh. Finally, we used the estimated water level 
above the soil surface as hx in Eq. 1 and used the profile model param
eters (Table S3) matching the 1-m2 area marsh zone (Fig. 1c) to predict 
ELAI for each location. The results were spatial maps of ELAI for each 
30-min measure of water level. 

2.5. Flux and environmental measurements 

To analyze the correlation between carbon fluxes and estimations of 
emergent leaf area, we measured atmospheric CO2 fluxes from an Eddy 
Covariance (EC) flux tower (31.444 , 81.283 ) at a height of 5 m above 
the soil surface located 250 m east of the Duplin River (Fig. 1c) using an 
enclosed-path CO2/H2O gas analyzer (LI-7200, LI-COR Biosciences, 
Lincoln, NE, USA) and a 3D sonic anemometer (CSAT3, Campbell Sci
entific Inc., Logan, UT, USA). EC 10 Hz data were processed in EddyPro 
7 (LI-COR Biosciences, Lincoln, NE, USA) to 30-min CO2 fluxes repre
senting net ecosystem exchange (NEE). During processing, we con
ducted double rotation and linear detrending (Wilczak et al., 2001), 
Webb-Pearman-Leuning correction (Webb et al., 1980), quality control 
checks (Mauder and Foken, 2006), spectral analysis (Vickers and Mahrt, 
1997), high and low frequency spectral corrections (Moncrieff et al., 
1997, 2005), and friction velocity filtering and spike removal (Papale 
et al., 2006). We used data from June October 2020. We conducted our 
analyses on data that were not gap-filled to reduce any uncertainty 
related to gap-filling model predictions. Finally, we divided NEE into 
daytime and nighttime measurements by filtering data according to the 
modeled solar elevation angle (nighttime 20 ; daytime 30 ) using 
the R package maptools (Bivand and Lewin-Koh, 2022). Further, for 
daytime measurements, we filtered data to include those with photo
synthetically active radiation (PAR) 500 mol CO2 m 2 s 1 using a 
quantum sensor (LI-190R, LI-COR Biosciences, Lincoln, NE, USA). We 
did this to reduce NEE variability caused by shoulder periods around 
morning and evening times and large changes in radiation intensity from 
cloud cover. Additional environmental variables were collected at the 
tower including air temperature and relative humidity (HMP45C, 
Campbell Scientific Inc., Logan, UT, USA) and soil temperature (TCAV-L, 
Campbell Scientific Inc., Logan, UT, USA). We used air temperature and 
relative humidity to calculate vapor pressure deficit (VPD) following 
Bolton (1980). 

2.6. Footprint analysis 

We used EC based footprint analysis to generate spatial predictions of 
flux source areas every 30 min to match the NEE measurements (Kljun 
et al., 2015). We used these spatial predictions to link measured NEE 
from the flux tower with marsh surface characteristics including emer
gent leaf area during tidal flooding. Flux footprint predictions (FFP), the 
spatial predictions of flux source areas, were generated in R version 
3.6.3 (R Core Team, 2020) (Kljun et al., 2015). For FFP generation, input 
variables needed were sensor height, wind speed, wind direction, fric
tion velocity (u*), Obukhov length, and the standard deviation of the 
lateral velocity fluctuations. These were obtained from EddyPro 7 pro
cessed fluxes all at the timescale of 30 min. An additional variable, 
boundary layer height (BLH), was retrieved from the Modern-Era 
Retrospective analysis for Research and Applications version 2 

(MERRA-2) hourly time-averaged 2-dimensional data single-level 
dataset (MERRA-2 tavg1_2d_slv_Nx) (Global Modeling and Assimila
tion Office (GMAO), 2015). A single pixel covering our study site, with a 
spatial resolution of 0.5 x 0.625 , was chosen. The hourly data from this 
pixel, spanning our study period, was extracted, and an hourly time 
series of BLH was produced. We linearly interpolated the hourly time 
series into 30-min intervals to match our flux data resulting in each FFP 
having a corresponding BLH measurement. We generated FFPs (n 
2559; day 1823; night 736) with 90% source areas and their foot
print function values (FFV), the estimated contribution of each 1 m2 area 
within the FFP to the NEE measurement (Fig. S2). FFPs were filtered to 
those with lengths between 75 and 600 m and a circularity 0.3. Lastly, 
we excluded any measurements where FFPs intersected with the nearby 
Duplin River. These filtering criteria were used to remove generated 
FFPs with implausible shapes and to restrict the analysis to a defined 
area. We also generated a yearly climatology (Fig. S3) to select satellite 
pixels for comparing LAI to satellite reflectance. 

To explore the relationship between spatial estimations of ELAI 
(Section 2.4) and NEE, we overlayed the FFP corresponding to each 30- 
min NEE measurement on to our spatially explicit ELAI maps that 
represent flooding conditions during the same 30-min period. However, 
within each FFP, areas closer to the flux tower had higher influence on 
measured NEE and this proportion of influence was represented by the 
FFV (Kljun et al., 2015). The sum of the FFVs within an FFP equals the 
source area contribution (90%). An example of an FFP with its FFVs is 
provided in Fig. S2. We therefore summarized the ELAI within each FFP 
by calculating the weighted sum of ELAI using the FFVs as weights, 
which was then normalized by the area of the FFP to derive emergent 
leaf area index per unit FFP (ELAIFFP). The ELAIFFP can be summarized 
as follows, for each j FFP with an area of Aj: 

(2)  

where i is each unit area within the FFP with an ELAI value xi and a 
corresponding FFV weight wi. 

We estimated the amount of tidal flooding within each FFP by 
measuring the weighted mean of water level relative to the soil surface 
using the FFV as weights. This allowed us to determine when the marsh 
was flooded within each FFP. In summary, for each FFP which repre
sented the source area for each 30-min NEE measurement, we modeled 
the amount of ELAI within the FFP area (ELAIFFP) using our marsh zone 
specific profiles, DEM, and pressure transducer water level. 

2.7. Satellite remote sensing reflectance 

Our last objective was to relate satellite surface reflectance with our 
modeled ELAI. We acquired Sentinel-2 Level-2A surface reflectance 
from Google Earth Engine (Gorelick et al., 2017) for the study period 
(June October 2020). We retained ten scenes for use (Table S4) after 
filtering for clouds via the Copernicus Cloud Probability band. We 
selected pixels from within the yearly climatology (Fig. S3) (n 2097). 
For each pixel and scene, we calculated vegetation indices listed in 
Table S5. 

To compare Sentinel-2 vegetation indices with our modeled ELAI, we 
scaled ELAI estimations from the original 1-m to the 10-m resolution to 
match Sentinel pixels. To do this, we overlayed the Sentinel pixel grid 
(Fig. S2) on the habitat map and used the number of pixels per habitat 
class that fell in each Sentinel pixel as weights. We then calculated the 
weighted mean of ELAI within each pixel based on our modeling 
approach found in Section 2.6 but substituting the proportion of habitat 
class and its calculated ELAI within each Sentinel pixel in place of the 
FFV. We measured the mean elevation within each pixel to derive per- 
pixel elevation values. We then classified each Sentinel-2 pixel based 
on its LAImax (3 classes) and the water level height as predicted by our 
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bathtub model (5 classes in 0.1-m intervals). We then grouped similarly 
classified pixels and measured their mean LAImax, ELAI, and vegetation 
index values. 

We used linear regression to estimate both ELAI and LAImax for each 
vegetation index listed in Table S5. This allowed us to compare whether 
vegetation indices could predict reduced leaf area due to tidal flooding. 
To select the best linear models, we split the data into training (75%) 
and testing (25%) datasets, where we relied on a stratified sampling of 
Sentinel-2 scene dates to derive the split. Within the training data, for 
each index, we performed 3-fold cross-validation and selected the best 
performing model based on root mean square error (RMSE) from the 
three folds. We then tested each of the selected vegetation index models 
on the testing data to determine which index was the best predictor of 
ELAI and LAImax. We measured model performance by regressing pre
dicted values on observed values and using the coefficient of determi
nation (R2), normalized RMSE (NRMSE) (Eq. 2), and the slope and 
intercept coefficients as goodness-of-fit metrics. NRMSE was calculated 
as follows: 

(3)  

where xmax and xmin are the maximum and minimum of the observed 
values, representing the range. For training linear models, we used the 
Tidymodels suite of packages (Kuhn and Wickham, 2020) in R version 
3.6.3 (R Core Team, 2020). 

Finally, we compared our spatial ELAI estimations to MODIS 8-day 
LAI products (MYD15A2H). We retrieved MYD15A2H and the 8-day 
reflectance product (MYD09A1) from Google Earth Engine (Gorelick 
et al., 2017). We used MYD90A1 to determine the overpass date window 
of the 8-day products as this information is not available in the 
MYD15A2H product (Myneni et al., 2015). We did so to match our ELAI 
estimations with MODIS 8-day overpass times. To scale our ELAI to 
MODIS pixels, we followed the same procedure as with Sentinel-2. De
tails of MODIS pixel spatial and temporal coverage over our study site 
and pixels used in analysis can be found in Fig. S9 and Table S6. 

Throughout, we report means and standard errors ( SE) except 
where otherwise indicated, and tested differences between groups using 
Kruskal-Wallis tests and pairwise comparisons using Wilcoxon rank sum 
tests in R version 3.6.3 (R Core Team, 2020). 

3. Results & discussion 

3.1. Leaf area index and vertical profiles 

Our in situ LAI measurements at permanent vegetation plots varied 
significantly at fine spatial scales. Maximum canopy LAI (LAImax), the 
total LAI of the canopy under non-flooded conditions, varied across an 
elevation gradient from tall and sparse canopies with high LAI (height: 
1.23 0.16 m; density: 77 22 stems m 2; LAImax: 3.19 1.01) found 
at low elevation marsh edges, to shorter and denser canopies with lower 
LAI (height: 0.47 0.10 m; density: 316 108 stems m 2; LAImax: 1.28 

0.04) in the higher elevation marsh interior (Table 1). Mid-marsh 
canopies had the lowest LAI but intermediate canopy heights and den
sities (height: 0.68 0.12 m; density: 174 60 stems m 2; LAImax: 1.03 

0.39). 
Our field measurements of canopy characteristics across the marsh 

elevation gradient demonstrated large differences across short distances 
(Fig. 3a). For areas of the marsh just meters apart, canopy height, stem 
density, and LAI varied up to 89%, 102%, and 122%, respectively 
(Table 1). Our results mimic the negative relationship between canopy 
height and stem density in tidal marshes that follows the self-thinning 
law related to resource competition (Chaisson et al., 2022; Gorham, 
1979; Liu and Pennings, 2019). We also found LAI is not linearly related 
to canopy height, and structural changes in canopies are associated with 
both stem height and density (Fig. S5). The canopy architecture of marsh 
grass species, such as S. alterniflora, tends to have erectophile stems 
(Kearney et al., 2009). This is evident in the marsh interior, where stems 
are short and vertical with high density. However, in lower elevation 
marsh edges, plant canopy architecture becomes more planophile, 
increasing LAI. Our findings suggest significant canopy heterogeneity 
across elevation gradients that will impact LAI estimations, particularly 
when scaling through remote sensing methods. This will further be 
impacted by tidal flooding, where emergent leaf area will be dependent 
on elevation and canopy architecture. 

We also found variability in the vertical profiles of LAI (Fig. 2), which 
influence emergent LAI during tidal flooding. We measured LAI at in
tervals from the soil surface to the canopy top in tall marsh edge can
opies (0.2 m intervals) and short mid-marsh and interior marsh canopies 
(0.1 m intervals). For mid-marsh and interior canopies, a larger pro
portion of the total LAI was positioned lower in the canopy ( 30% of the 
total canopy height). Taller marsh-edge canopies had the majority of 
total LAI distributed mid-height within the canopy profile (30 60% of 
total canopy height) (Fig. 2a). 

We modeled these LAI measurements as a function of canopy height 
to determine the vertical cumulative distribution of LAI. This allowed us 
to predict ELAI during flooding events (Figs. 2b &2c). We found that the 
Weibull Type-1 3-parameter cumulative distribution function, widely 
used in forest canopy modeling (Teske and Thistle, 2004; Yang et al., 
1993), was the best fit for marsh canopy LAI (Tables S2 and S3). Again, 
for plants just meters apart (marsh edge vs. interior), LAI profiles 
showed differences in the overall shape (Fig. 2a) and cumulative dis
tribution of LAI (Fig. 2b) within the canopies (Fig. 3a). Shorter canopies 
in the marsh interior had the majority of LAI positioned lower in the 
canopy compared to the taller plants in the mid-marsh and marsh edge, 
which had a more spread-out distribution (Fig. 2a). 

The normalized profiles provided a direct comparison of leaf area 
cumulative distribution relative to canopy height and LAImax (Fig. 2c). 
For example, at water level height of 50% of the canopy height, taller 
marsh edge plants ( 1 m) had 27% of the canopy LAI emergent, while 
shorter plants in the interior marsh areas had from 13% (mid-marsh) to 
7% (interior) emergent. These data show that leaf area profile shapes are 
dependent on canopy height, and the relative water height will impact 
emergent leaf area differently across the marsh gradient. In other 
studies, differences in light attenuation through canopies and canopy 
LAI profiles have shown differences across marsh grass species (Kearney 
et al., 2009; Ramsey et al., 2004). Our findings suggest there is within- 
species variation in vertical LAI distributions that are dependent on 
canopy height, which varies across environmental gradients. This is 
important to consider since tidal salt and brackish marshes tend to be 
monocultures and illustrates the heterogeneity of canopy leaf area 
across a single species, as we show here, as well as across different marsh 
grass species. 

3.2. Net ecosystem exchange (NEE) and emergent leaf area 

The spatial extent of S. alterniflora LAImax across the marsh and 
within our flux tower footprint was highly variable (Fig. 3b) and dem
onstrates the heterogeneity within these monoculture ecosystems. The 
majority of marsh canopy sampled by the flux tower consisted of mid- 

Table 1 
Means and standard deviations for maximum Leaf area index (LAImax), stem 
density, and canopy height S. alterniflora zones from vegetation plots for data 
collected from June through October 2020.  

Canopy Leaf Area Index (m2 

m 2) 
Stem Density (# stems 
m 2) 

Canopy Height 
(m) 

edge 3.19 1.01 77 22 1.23 0.16 
mid- 

marsh 1.03 0.39 174 60 0.68 0.12 
interior 1.28 0.40 316 108 0.47 0.10  
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m ar s h a n d i nt eri or pl a nt s w hi c h h a v e l o w er L AI (r a n g e: 0. 9 3 t o 1. 1 6). 

D uri n g ti d al fi o o di n g, E L AI w a s v ari a bl e a n d d e p e n d e nt o n el e v ati o n a n d 

c a n o p y  ar c hit e ct ur e  ( Fi g.  3 b)  a n d  w a s  u n e v e nl y  r e d u c e d  a cr o s s  t h e 

m ar s h ( Fi g s. 4 a- 4 c). F or e x a m pl e, f or a ti d e el e v ati o n m e a s ur e m e nt of 

1. 3  m  N A V D 8 8,  t h e  a m o u nt  of  E L AI  c o ul d  r a n g e  fr o m < 0. 3  i n  t h e 

i nt eri or  t o > 1 al o n g  t h e  m ar s h  e d g e s ( Fi g.  4 b)  a n d  t h e  pr o p orti o n  of 

s u b m er g e d L AI w a s d e p e n d e nt o n c a n o p y t y p e a n d el e v ati o n ( Fi g. 2 a). 

T hi s o b s er v e d h et er o g e n eit y i n c a n o p y fl o o di n g, t h er ef or e, will i m p a ct 

e d d y c o v ari a n c e fl u x t o w er s o ur c e ar e a s, F F P s, a n d t h eir m e a s ur e d at -

m o s p h eri c c ar b o n fl u x e s, N E E. 
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Fi g. 2. a ) C a n o p y pr o fil e s of l e af ar e a i n d e x ( L AI) s h o wi n g t h e pr o p orti o n of L AI t hr o u g h t h e c a n o pi e s of m ar s h i nt eri or s ( s oli d), mi d- m ar s h e s ( d a s h e d), a n d e d g e s 

( d ott e d). b ) C u m ul ati v e di stri b uti o n s of L AI a n d c ) n or m ali z e d b y c a n o p y h ei g ht a n d t ot al L AI. Li n e s i n pl ot s b a n d c ar e W ei b ull T y p e- 1 m o d el flt s. P oi nt s f or all pl ot s 

ar e m e a n s wit h st a n d ar d err or b ar s. N ot e, a x e s f or b a n d c ar e fli p p e d f or cl e ar er i nt er pr et ati o n. 

Fi g. 3. a ) Ill u str ati o n of e m er g e nt l e af ar e a wit h c a n o p y L AI v erti c al pr o fll e ( d a s h e d li n e) a n d c u m ul ati v e di stri b uti o n ( s oli d li n e). Bl u e r e gi o n ill u str at e s p orti o n of 

c a n o p y fl o o d e d b y ti d al w at er s. b ) M a p of t h e l e af ar e a i n d e x ( L AI) f or S. alt er ni fl or a ar o u n d t h e fl u x t o w er. W hit e p oi nt i s t h e l o c ati o n of t h e G C E L T E R fi u x t o w er. 

P h ot o gr a p h s fr o m a P h e n o C a m i n st all e d o n t h e G C E L T E R fl u x t o w er c a pt uri n g c ) n o n- fi o o d e d a n d d ) fl o o d e d p eri o d s i n t h e S. alt er ni fi or a m ar s h. ( F or i nt er pr et ati o n 

of t h e r ef er e n c e s t o c ol o ur i n t hi s fl g ur e l e g e n d, t h e r e a d er i s r ef err e d t o t h e w e b v er si o n of t hi s arti cl e.) 
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Fl u x t o w er- m e a s ur e d 3 0- mi n N E E, w h er e n e g ati v e v al u e s i n di c at e C 

u pt a k e b y t h e m ar s h, s h o w e d a si g ni fi c a nt r el ati o n s hi p ( d a yti m e: R 2 =

0. 1 9, p < 0. 0 0 1; ni g htti m e: R 2 = 0. 1 6, p < 0. 0 0 1) wit h E L AI F F P o nl y 

d u ri n g ti d al fl o o di n g p eri o d s ( Fi g. 4 d). T h e c orr el ati o n b et w e e n N E E a n d 

E L AI F F P w a s hi g h e r t h a n t h at b et w e e n N E E a n d a s p ati al e sti m ati o n of 

m ar s h s urf a c e fl o o di n g u si n g t h e w ei g ht e d m e a n w at er l e v el wit hi n e a c h 

F F P ( d a yti m e: R 2 = 0. 0 7, p < 0. 0 0 1; ni g htti m e: R 2 = 0. 1 0, p < 0. 0 0 1) 

(Fi g. 4 e) a n d t o t h e m e a s ur e d w at er l e v el at t h e fl u x t o w er a s a p oi nt 

m e a s ur e m e nt ( d a yti m e: R 2 = 0. 1 5, p < 0. 0 0 1; ni g htti m e: R 2 = 0. 1 1, p <

0. 0 0 1).  Fr o m  dr y  c o n diti o n s  ( E L AI F F P > 1)  t h r o u g h  a  r e d u cti o n  of 

E L AI F F P t o 0. 6 ( a 4 0 % r e d u cti o n i n E L AI), d a yti m e m e a n N E E r e m ai n e d 

n e arl y  c o n st a nt,  r a n gi n g  fr o m − 6. 5 3  t o − 7. 6 4 μ m ol  C O 2 m − 2 s − 1 

(Fi g. 4 d; T a bl e 2 ). H o w e v er, o n c e c a n o p y E L AI F F P r e a c h e d b el o w 0. 6, 

m e a n d a yti m e N E E dr o p p e d b y 2 5 % ( − 4. 9 1 ± 0. 2 5 μ m ol C O 2 m − 2 s − 1 ). 

F u rt h e r, w h e n E L AI F F P d e c r e a s e d t o < 0. 3, m e a n N E E w a s − 0. 9 3 ± 0. 2 5 

μ m ol C O 2 m − 2 s − 1 , a d e c r e a s e of 8 7 % c o m p ar e d t o n o n- fi o o d e d c o n di-

ti o n s (T a bl e 2 ). Ni g htti m e N E E, r e pr e s e nti n g e c o s y st e m r e s pir ati o n ( R e), 

h a d  a  l o w er  c orr el ati o n  wit h  E L AI F F P c o m p a r e d  t o  d a yti m e  m e a s ur e -

m e nt s  ( Fi g.  4 d).  H o w e v er,  R e  i n  m o st  e c o s y st e m s  i s  pr e d o mi n at el y 

c o ntr oll e d b y t e m p er at ur e ( Ll o y d a n d T a yl or, 1 9 9 4 ). D uri n g o ur st u d y 

p eri o d a n d aft er ri g or o u s fllt eri n g ( s e e S e cti o n s 2. 5 & 2. 6 ), ti d al fl o o di n g 

c o n diti o n s w h er e c a n o p y E L AI F F P w a s b el o w 0. 6 ( w h er e si g ni fl c a nt d e -

cli n e s  i n  N E E  w er e  m e a s ur e d)  o c c urr e d  1 6 %  of  t h e  ti m e.  H o w e v er, 

m ar s h fl o o di n g fr e q u e n c y a n d m a g nit u d e c h a n g e s e a s o n all y wit h m or e 

fr e q u e nt  m ar s h  fl o o di n g  o c c urri n g  fr o m  A u g u st  t hr o u g h  N o v e m b er 

(N arr o n et al., 2 0 2 2 ). 

O ur  c o m p ari s o n  of  N E E  c orr el ati o n s  t o  E L AI F F P a n d  w at e r  l e v el 

s u g g e st  t h at  s p ati all y  m o d eli n g  m ar s h  fl o o di n g  a n d  t h e  a s s o ci at e d 

r e d u cti o n  i n  e m er g e nt  l e af  ar e a  i s  a n  i m pr o v e m e nt  o v er  w at er  l e v el 

m e a s ur e m e nt s  at  a  si n gl e  p oi nt  ( Fi g.  4 d & 4 c).  T h at  i s  b e c a u s e  ti d al 

Fi g. 4. a -c ) M a p s of t h e fi u x t o w er ar e a ill u str ati n g t h e e m er g e nt l e af ar e a u n d er t hr e e ti d e h ei g ht s: a ) 0. 2 5 m r el ati v e t o s oil s urf a c e at t h e t o w er ( 1. 2 5 m N A V D 8 8), 

b ) 0. 5 0 m ( 1. 3 m N A V D 8 8), a n d c ) 0. 7 5 m ( 1. 5 5 m N A V D 8 8). M u d fl at s ar e r e pr e s e nt e d a s e x p o s e d or s u b m er g e d. W hit e o v al i s a n e x a m pl e 3 0 mi n fi u x f o ot pri nt 

pr e di cti o n ( 2 0 2 0- 0 6- 1 5 1 9: 3 0 U T C + 0), w hit e p oi nt i s t h e fl u x t o w er l o c ati o n, a n d d a s h e d li n e s ar e 0. 1 m el e v ati o n c o nt o ur s. d ) N et e c o s y st e m e x c h a n g e ( N E E) a s a 

f u n cti o n e m er g e nt l e af ar e a i n d e x p er f o ot pri nt ar e a ( E L AI F F P ) a n d e ) N E E a s a f u n cti o n of t h e w ei g ht e d m e a n of w at er l e v el r el ati v e t o t h e s oil s urf a c e wit hi n e a c h 

F F P.  Gr e e n  p oi nt s  ar e  f or  d a yti m e  m e a s ur e m e nt s  wit h  ti d al  fi o o di n g,  p ur pl e  p oi nt s  ar e  ni g htti m e  m e a s ur e m e nt s  d uri n g  ti d al  fl o o di n g,  a n d  gr a y  tri a n gl e s  ar e 

m e a s ur e m e nt s d uri n g n o n- fi o o d e d p eri o d s. Li n e s ar e li n e ar r e gr e s si o n flt s t o t h e ti d al fl o o di n g d at a o nl y s e p ar at e d b y d a yti m e a n d ni g htti m e. 

T a bl e 2 

D e s cri pti v e  st ati sti c s  f or  d a yti m e  a n d  ni g htti m e  E C  fl u x  t o w er  n et  e c o s y st e m 

e x c h a n g e ( N E E; μ m ol C O 2 m − 2 s − 1 ) g r o u p e d b y cl a s s e s of e m er g e nt l e af ar e a 

i n d e x p er fl u x f o ot pri nt pr e di cti o n ( E L AIF F P ). T h e c ol u m n titl e d Si g ni fl c a n c e fr o m 

> 1 ( n o fl o o di n g ) ar e p - v al u e s fr o m p air wi s e Wil c o x o n r a n k s u m t e st s i n di c ati n g 

e a c h fl o o d e d gr o u p ’s diff er e n c e fr o m c o n diti o n s wit h n o fl o o di n g.  

P eri o d  E L AI F F P N E E m e a n 

±

st a n d ar d 

err or 

Mi ni m u m  M a xi m u m  Si g ni fi c a n c e 

fr o m 

> 1 ( n o 

fl o o di n g) 

d a yti m e < 0. 3 

− 0. 9 3 ±

0. 2 5 − 6. 2 8  1. 7 4 < 0. 0 0 1  

0. 3 – 0. 6 

− 4. 9 1 ±

0. 2 5 − 1 4. 2 9  0. 6 8 < 0. 0 0 1  

0. 6 – 0. 8 

− 6. 5 3 ±

0. 2 5 − 1 6. 4 0  0. 3 3  0. 0 9  

> 0. 8 

− 7. 6 4 ±

0. 3 3 − 1 6. 5 1  1. 2 5  0. 0 4  

> 1 ( n o 

fl o o di n g) 

− 6. 9 7 ±

0. 1 1 − 1 7. 9 9  1. 5 8 – 

ni g htti m e < 0. 3 

1. 2 4 ±

0. 1 2  0. 0 8  3. 2 < 0. 0 0 1  

0. 3 – 0. 6 

1. 7 4 ±

0. 1  0. 2 2  6. 5 7 < 0. 0 0 1  

0. 6 – 0. 8 

2. 2 5 ±

0. 1 5  0. 0 1  6. 1 4 < 0. 0 0 1  

> 0. 8 

2. 8 9 ±

0. 1 6  0. 3 6  7. 5 9  0. 1 7  

> 1 ( n o 

fl o o di n g) 

3. 1 2 ±

0. 0 7  0. 0 6  7. 8 9 –  
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flooding in marshes is spatially variable and often regulated by local 
elevation, wind speed, and wind directions. Similarly, tidal marsh NEE is 
often controlled by several environmental drivers including incident 
PAR, air and soil temperature, vapor pressure deficit (VPD), and tidal 
water level (Hawman et al., 2021; Knox et al., 2018). Therefore, a single 
parameter cannot accurately predict tidal marsh NEE and the com
pounding effects of frequent and variable tidal flooding can have vary
ing impacts on NEE and associated drivers (Forbrich and Giblin, 2015; 
Kathilankal et al., 2008; Knox et al., 2018; Moffett et al., 2010) which 
makes modeling challenging (Wood, 2022). At our site, ELAIFFP esti
mations showed comparable relationships to NEE as other drivers such 
as PAR under tidal flooding conditions (Fig. S6) and a better correlation 
than water level measured at single point at the flux tower or a spatial 
prediction of water level over the marsh surface within FFPs (Figs. 4d & 
4e). This suggests improvements in modeling NEE could be made for salt 
marshes by focusing on canopy dynamics related to changes in flux 
footprints and changes in leaf area from tidal flooding within those 
footprints. Although our results indicate some improvements at the flux 
tower scale (Figs. 4d & 4e), sources of uncertainty include linking 
spatially heterogeneous canopying flooding within footprints to single 
NEE measurements. 

NEE reductions under tidal inundation are often attributed to com
binations of plant metabolism inhibition and temperature changes 
(Moffett et al., 2010); reduced light interception in flood waters 
(Kathilankal et al., 2008; Nahrawi et al., 2020); physical submergence 
(Kathilankal et al., 2008; Moffett et al., 2010; Nahrawi et al., 2020); and 
soil flooding (Pezeshki, 1997). We expected NEE reductions to be more 
sensitive to canopy submergence than was observed. A possible expla
nation could be within canopy vertical gradients of stomatal conduc
tance driven by temperature, vapor pressure, and saturation deficit 
(Jarvis and McNaughton, 1986). Higher rates of stomatal conductance 
at the tops of canopies could explain the insensitivity of NEE. To test this 
hypothesis, we need leaf level measurements of stomatal conductance at 
varying heights within marsh canopies. 

Our findings on tidal marsh NEE sensitivity to tidal flooding were 
similar to previous studies (Forbrich and Giblin, 2015; Kathilankal et al., 
2008; Moffett et al., 2010; Nahrawi et al., 2020). However, these studies 
only looked at water level height relative to canopy height and did not 
account for emergent leaf area changes. Forbrich and Giblin (2015) and 
Kathilankal et al. (2008) measured decreases in NEE when water level 
heights reached 0.05 m and 0.25 m, respectively. The higher sensitivity 
to flooding observed by Forbrich and Giblin (2015) was attributed to the 
low canopy height of S. patens and its prostrate habit. Nahrawi et al. 
(2020) reported that NEE sensitivity to flooding varied through time at 
our site based on ratios of water height to canopy height. Additionally, 
Kathilankal et al. (2008) and Moffett et al. (2010) reported abrupt 
changes in NEE when water heights reached ~40% of the plant stem 
heights for S. alterniflora and S. foliosa, respectively. 

Varying LAI profiles and cumulative distributions across canopy 
height (this study) and across species (Kearney et al., 2009; Ramsey 
et al., 2004) could explain the range of sensitivities to flooding seen in 
the literature. Our normalized LAI profiles illustrated the dependence of 
ELAI on flooding height and position within the marsh elevation 
gradient (Figs. 2c & 3b). Thus, with canopies flooded to 50% of their 
total height, short dense stems in the marsh interior had only 7% of their 
total LAI emergent, while tall plants at the creek edge had 27%. Further, 
we would expect this variability to increase as canopy phenology and 
species differences are considered, which should increase the need to 
account for LAI variation in downstream modeling. For example, NEE 
models will need to account for the significant change in marsh surface 
characteristics that cause spatial variation in flooding heights (Fig. 4a- 
3c) and concomitant variation in emergent LAI in flux tower FFPs, as 
these flooding patterns within a particular flux source area impact 
measured fluxes (Fig. 4d). Linking more precise estimations of canopy 
flooding in salt marshes may improve our understanding of the carbon 
assimilation responses to long and short-term disturbances. Salt marsh 

surface characteristics are subject to rapid changes from vertical marsh 
accretion or subsidence (Schuerch et al., 2018), wrack and debris 
deposition (Reidenbaugh and Banta, 1980), erosion on the marsh sur
face by tides, lateral marsh erosion from wave action (Kirwan et al., 
2016), as well as creek migration (Crotty et al., 2020; Hughes et al., 
2009). These surface changes occur at a variety of time scales, ranging 
from daily tidal flooding to annual cycles, and they all may alter the 
flooding and drainage patterns. Further spatiotemporal differences in 
emergent vegetation should be more directly related to NEE than 
flooding per se. We, therefore, conclude that estimations of emergent 
LAI would improve predictions of NEE when implemented in production 
models and would be sensitive to flux source areas. 

3.3. Satellite products and emergent leaf area 

Our last objective was to determine the feasibility of estimating ELAI 
using satellite reflectance only. Doing so would improve the scalability 
of emergent leaf area outside a flux tower footprint with known vege
tation distribution, water level, and elevation. This would allow ELAI to 
be applied to new locations and be based on current conditions without 
relying on existing vegetation maps and DEMs (i.e., canopy density 
distribution). 

LAI is often predicted from satellite data (Boresjoe Bronge, 2004) and 
we show here that we can further predict the more dynamic ELAI in tidal 
marshes. Based on Sentinel-2 10-m resolution data with a 5-day revisit 
period, we captured a range of tidal flooding events around our flux 
tower (Table S4), allowing us to model ELAI from surface reflectance. 
We regressed vegetation indices (Table S5 and Fig. S7) on our spatial 
predictions of ELAI around the flux tower (Fig. S2) and found the near- 
infrared reflectance of vegetation (NIRV) index (Badgley et al., 2017) 
was the best predictor of ELAI (R2 0.89; NRMSE 9.9%; slope 0.87; 
intercept 0.21) (Fig. 5a and Table S5). In general, vegetation indices 
that use near-infrared (NIR) bands were better predictors than those 
based only on visible bands (Table S5). This is in part because tidal 
flooding changes the observed canopy architecture and density, which 
NIR is sensitive to (Kearney et al., 2009). Previous studies have indicated 
this as a challenge to mapping tidal marsh biomass (Ghosh et al., 2016; 
Kearney et al., 2009). However, we show here that this sensitivity to 
canopy submergence can be successfully used to predict ELAI. As a 
comparison, we tested predicting LAImax, without accounting for 
flooding, using vegetation indices and found poor results (Fig. S8 and 
Table S5). 

The ability to predict ELAI from satellite data has strong implications 
for research related to regional productivity modeling and carbon 
assimilation. Often, moderate resolution productivity estimates measure 
8-day summations of assimilated carbon (Ge et al., 2016; Kang et al., 
2018; Tao et al., 2018; Wu et al., 2015). However, because the timing 
and amplitude of tides varies through time, their impact on total 
assimilated carbon for an 8-day period will also vary. Our EC measures 
of NEE show a dependence on tidal submergence (Fig. 4d). When 
considering the two-hour window centered on Sentinel-2 overpasses 
(16:00 UTC 0) for a dry (August 26, 2020) and flooded day 
(September 5, 2020), the dry mean NEE was significantly higher in 
magnitude ( 9.63 1.24 mol CO2 m 2 s 1) than the flooded ( 4.32 

0.16 mol CO2 m 2 s 1) (Fig. 5c & 4d). Therefore, linking ELAI with 
carbon assimilation rates may improve our ability to model tidal marsh 
productivity at larger spatial scales and account for variation due to tidal 
activity. 

ESMs and productivity models frequently rely on coarser resolution 
satellite data such as MODIS (Hu et al., 2022). To determine whether the 
standard MODIS LAI product MYD15A2H (an 8-day composite at the 
500-m pixel scale) was a good measure of ELAI, we scaled ELAI spatial 
estimations to MODIS pixel areas and compared them to MYD15A2H. 
We found that MYD15A2H overestimated LAI (7 93%) when median 
water levels above the soil surface were 0.15cm within pixel areas 
(Fig. 5b). During drier conditions ( 0.15 m), MYD15A2H 
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u n d er e sti m at e d  L AI  b y  ~ 2 0 %.  W e  f o u n d  t h at  NI R V c al c ul at e d  f r o m 

M O DI S r e fi e ct a n c e d at a h a d a b ett er r el ati o n s hi p ( R 2 = 0. 2 5; p < 0. 0 0 1) 

wit h E L AI c o m p ar e d t o M Y D 1 5 A 2 H ( R 2 = 0. 0 7; p < 0. 0 3) ( Fi g. S 1 0). T h e 

p o or er c orr el ati o n wit h t h e M Y D 1 5 A 2 H pr o d u ct c o ul d b e attri b ut e d t o 

t h e r a di ati v e tr a n sf er m o d el s u s e d (K n y a zi k hi n et al., 1 9 9 8 ), w hi c h l a c k 

w etl a n d s p e ci fl c l o o k- u p-t a bl e p ar a m et er s ( M y n e ni et al., 2 0 1 5 ), a n d d o 

n ot c o n si d er ti d al fl o o di n g. T h e s e r e s ult s pr e s e nt u n c ert ai nt y i n m o d -

er at e  r e s ol uti o n  st u di e s  t h at  r el y  o n  L AI  e sti m ati o n s  f or  pr o d u cti vit y 

m o d eli n g  f or  ti d al  m ar s h e s.  O ur  E L AI  s p ati al  e sti m ati o n s  s h o w e d  i m -

pr o v e m e nt s at t h e s e m o d er at e s c al e s, b ut f ut ur e w or k s h o ul d f o c u s o n 

d et er mi ni n g t h e i m p a ct s h et er o g e n e o u s c a n o p y fl o o di n g h a s o n s c ali n g 

l e af ar e a e sti m ati o n s t o c o ar s er r e s ol uti o n s. 

O ur r e s ult s s h o w t h at s urf a c e r e fi e ct a n c e fr o m s at ellit e d at a c a n b e 

u s e d t o q u a ntif y e m er g e nt l e af ar e a d uri n g ti d al fl o o di n g. At o ur st u d y 

sit e, t h e v e g et ati o n i n d e x NI R V c o r r el at e d w ell wit h o ur m ar s h c a n o p y 

t y p e ( s p e ci e s a n d d e n sit y). H o w e v er, w e e x p e ct t h e r el ati o n s hi p b et w e e n 

E L AI a n d v e g et ati o n i n di c e s t o v ar y a cr o s s sit e s a n d c a n o p y c o m p o siti o n 

( e. g.,  s p e ci e s).  F ut ur e  r e s e ar c h  s h o ul d  i n cl u d e  t h e  f e a si bilit y  of  e sti -

m ati n g  e m er g e nt  l e af  ar e a  i n  ot h er  ti d al  w etl a n d  t y p e s.  A d diti o n all y, 

a s s e s si n g  t h e  i m p a ct  of  i n c or p or ati n g  E L AI  i n  pr o d u cti o n  m o d el s  i s 

n e e d e d. 

4.  C o n cl u si o n 

Ti d al m ar s h e s ar e e c o s y st e m s w h er e c a n o p y l e af ar e a v ari e s o v er 3- 

f ol d  f or  ar e a s  j u st  m et er s  a p art.  I n  a d diti o n  t o  t hi s  hi g h  s p ati al  v ari-

a bilit y,  fr e q u e nt  ti d al  fl o o di n g i ntr o d u c e s  a  t e m p or al  c o m p o n e nt  t h at 

alt er s e m er g e nt l e a v e s at s h ort ti m e s c al e s, e. g., h o url y. W e s h o w t h at b y 

m o d eli n g  t h e  v erti c al  di stri b uti o n  of  L AI  wit hi n  ti d al  s alt  m ar s h  c a n -

o pi e s,  w e  c a n  pr e di ct  e m er g e nt  l e af  ar e a  a cr o s s  l a n d s c a p e s  a n d  ti d al 

c y cl e s. W e f o u n d a n i m pr o v e d r el ati o n s hi p b et w e e n N E E a n d E L AI ( R 2 =

0. 1 9)  c o m p a r e d  t o  N E E  a n d  s urf a c e  fl o o di n g  e sti m ati o n s  al o n e.  T hi s 

Fi g. 5. a ) P erf or m a n c e pl ot a n d m etri c s u si n g S e nti n el- 2 d eri v e d n e ar-i nfr ar e d r e fl e ct a n c e of v e g et ati o n ( NI R V ) t o p r e di ct e m er g e nt L AI ( E L AI). D at a pr e s e nt e d ar e 

t h e h ol d- o ut t e sti n g d at a s et n ot s e e n d uri n g t h e li n e ar r e gr e s si o n m o d el tr ai ni n g. P oi nt s ar e c ol or e d b y t h e a s si g n e d w at er l e v el cl a s s e s r e pr e s e nti n g t h e a v er a g e w at er 

h ei g ht r el ati v e t o t h e s oil s urf a c e wit hi n pi x el s. P oi nt s h a p e s r e pr e s e nt m e a n L AI m a x r a n g e s wit hi n pi x el s. M etri c s r e p ort e d ar e t h e c o ef fl ci e nt of d et er mi n ati o n ( R 2 ), 

n o r m ali z e d r o ot m e a n s q u ar e err or ( N R M S E), a n d t h e sl o p e of r e gr e s si o n b et w e e n pr e di ct e d a n d o b s er v e d. b ) T h e p er c e nt diff er e n c e s b et w e e n M O DI S 8- d a y L AI 

e sti m at e s ( M Y D 1 5 A 2 H) a n d pi x el a v er a g e d E L AI a cr o s s w at er l e v el h ei g ht s r el ati v e t o t h e s oil s urf a c e f or fl v e M O DI S pi x el s ar o u n d t h e st u d y l o c ati o n. Err or b ar s 

r e pr e s e nt st a n d ar d err or s. c- d ) S e nti n el- 2 pr e di ct e d e m er g e nt l e af ar e a i n d e x ( L AI) u si n g t h e n e ar-i nfr ar e d r e fi e ct a n c e of v e g et ati o n ( NI R V ) i n d e x f o r t w o e x a m pl e 

o v er p a s s d a y s: c ) A u g u st 2 6, 2 0 2 0, wit h a m e a n w at er l e v el h ei g ht of 0 m (r a n g e: 0 – 0. 1 7 4 m) a n d d ) S e pt e m b er 5, 2 0 2 0, wit h a m e a n w at er l e v el h ei g ht of 0. 1 6 m 

(r a n g e: 0– 1. 1 9 m) a b o v e s oil s urf a c e. W hit e p oi nt i n di c at e s fl u x t o w er l o c ati o n, t h e ar e a of S e nti n el- 2 pr e di ct e d E L AI ar e t h e fi u x y e arl y cli m at ol o g y, a n d d a s h e d li n e s 

ar e 0. 1 m el e v ati o n c o nt o ur s. 
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improvement indicated that NEE under tidal flooding was driven more 
by emergent leaf area and not the magnitude or presence of tidal 
flooding, per se. Rather, NEE responded to flooding only if changes in 
ELAI occurred. This would be dependent on the canopy height and 
density and location within the tidal frame. Further, we showed that 
ELAI could be estimated through remote sensing data. This will create a 
better understanding of functions that depend on leaf area, such as 
carbon exchange. Our estimates are an improvement over the existing 
moderate resolution LAI product (MYD15A2H), which showed signifi
cant uncertainty in LAI estimations that could be negatively impacting 
productivity modeling for assessing blue carbon stocks and ESMs for 
modeling the movement of carbon. 

Long-term and broad-scale monitoring of blue carbon within coastal 
salt and brackish marshes require precise information regarding bio
physical characteristics such as LAI and productivity metrics such as 
NEE and GPP. The MODIS GPP product (MOD17) is a powerful tool for 
estimating broad-scale blue carbon budgets but does not apply to 
wetland vegetation because of the lack of wetland-specific look-up-table 
(LUT) values (Myneni et al., 2015; Running et al., 2004; Running and 
Zhao, 2015). Therefore, there is a need to utilize lessons learned from 
existing flux tower-based marsh NEE and GPP models and use them to 
develop satellite-based methods to study the broad-scale, long-term 
trajectories of coastal marsh plant GPP or carbon storage capacity. Our 
proposed method will help to accurately estimate one of the biophysical 
parameters, LAI, which is fundamental for NEE and GPP models. The 
variable nature of LAI in tidal wetlands needs to be built-in to future 
satellite-based modeling efforts to address one significant source of 
uncertainty, which is the variability induced in the datasets due to the 
fluctuation in tidal flooding during satellite overpasses. We encourage 
researchers in other tidal wetland ecosystems to consider the impact 
ELAI has on their ecosystem models. 

This study has several broader implications, including increasing our 
predictive capacity to model CO2 exchange after natural and anthro
pogenic disasters, understanding carbon sources and sinks within 
coastal marshes, and use by coastal managers to assess restoration suc
cess and trajectories for critical coastal ecosystems. The ability to esti
mate emergent leaf area may have applications outside of productivity 
modeling. As rates of sea-level rise increase along with coastal flooding 
(Vitousek et al., 2017), tidal marshes must keep pace through vertical 
accretion and landward migration (Kirwan et al., 2016; Schuerch et al., 
2018). Time-series of emergent leaf area and the frequency and intensity 
of daily tidal inundation could provide insight into tidal marsh responses 
to sea-level rise, and structural shifts in marsh canopies may provide an 
early warning of changing environmental gradients. Further, impacts on 
marsh geomorphology, such as creek migration caused by local distur
bances including grazing and burrowing (Crotty et al., 2020; Wu et al., 
2021) or anthropogenic eutrophication (Deegan et al., 2012) could be 
investigated through improved canopy modeling. Future research 
should focus on relating emergent leaf area with other ecosystem 
functions and processes across species and environmental gradients to 
improve our understanding of marsh canopy carbon dynamics, marsh 
resiliency, and habitat structure for dependent species. 
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