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A B S T R A C T   

The coupling of radiative transfer, energy balance, and photosynthesis models has brought new opportunities to 
characterize vegetation functional properties from space. However, these models do not accurately represent 
processes in ecosystems characterized by mixtures of green vegetation and senescent plant material (SPM), in 
particular grasslands. These inaccuracies limit the retrieval of vegetation biophysical and functional properties. 
Green and senesced plants feature contrasting spectral properties and carry out different functions that current 
coupled models do not represent separately. Besides, senescent pigments’ absorption features change as SPM 
decomposes, and neither is this process well parameterized in radiative transfer models. This manuscript aims at 
overcoming these limitations. On the one hand, we have developed senSCOPE, a version of the Soil-Canopy 
Observation of Photosynthesis and Energy fluxes (SCOPE) that separately represents light interaction and 
physiology of green and senesced leaves. On the other, we have characterized new specific absorption co-
efficients of senescent pigments (Ks) from optical measurements of SPM from a Mediterranean grassland. 
Sensitivity analyses revealed that compared to SCOPE, senSCOPE 1) predicts variables that respond more linearly 
to the faction of green leaf area; and 2) keeps high levels of absorbed photosynthetically active radiation in the 
green leaves, which leads to significant differences in leaf photosynthesis, non-photochemical quenching, and 
transpiration. Moreover, we compared SCOPE vs. senSCOPE’s capability to provide estimates of functional and 
biophysical parameters of vegetation. We assimilated different combinations of reflectance factors (R), chloro-
phyll sun-induced fluorescence radiance in the O2-A band (F760), gross primary production (GPP), and thermal 
radiance (Lt) measured in a Mediterranean grassland. Besides, we compared the role of three different sets of Ks 
coefficients in the inversion of senSCOPE, two estimated from SPM. The performance of the inversions was 
assessed using field data and a pattern-oriented model evaluation approach. Unlike SCOPE, senSCOPE provided 
unbiased estimates of chlorophyll content (Cab) during the dry season. The use of SPM-specific Ks improved the 
representation of R in the near-infrared wavelengths; and, consequently, the estimation of leaf area index (LAI). 
Compared with field LAI, the coefficient of determination R2 increased from ~0.4 to ~0.6, depending on the 
inversion constraints. Compared with SCOPE, the new model and coefficients together reduced the root mean 
squared error between observed and modeled R (~40%), F760 (~30%), and GPP (~5%). Both models failed to 
represent Lt; in this case, senSCOPE featured larger uncertainties. The modeling approach we propose improves 
the simulation and retrieval of vegetation properties and function in grasslands. Further work is needed to test 
the applicability of senSCOPE in different ecosystems, improve the simulation of the thermal spectral domain, 
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and better characterize the optical parameters of SPM. To do so, new databases of SPM optical and biophysical 
properties should be produced.   

1. Introduction 

The decomposition of senesced plant material (SPM) plays a signif-
icant role in nutrient fluxes, productivity, and respiration (Cleveland 
et al., 2011; Metcalfe et al., 2011; Neumann et al., 2018; Pei et al., 2019; 
Stoler and Relyea, 2020). SPM includes fully senesced leaves, standing 
death material, and ground litter. An accurate representation of SPM 
optical properties could enable remote sensing (RS) to better monitoring 
not only these processes (Aber et al., 1990; Homolová et al., 2014; Wallis 
et al., 2019) but also the properties of green vegetation when mixed with 
SPM (Asner et al., 1998a; He and Mui, 2010; van Leeuwen and Huete, 
1996). Nonetheless, the optical properties of SPM are highly variable 
(Asner et al., 1998b; Junker and Ensminger, 2016; van Leeuwen and 
Huete, 1996) since senescence is a dynamic process where leaves change 
their composition, colour, and function (Matile, 2000; Merzlyak et al., 
1999; Thomas and Stoddart, 1980). During senescence, the chlorophyll 
breaks down. This process reduces plant photosynthetic function and 
reveals the colors of pigments, such as carotenoids, that degrade at 
slower rates (Mattila et al., 2018; Merzlyak et al., 1999). Besides, leaf 
flavonoids undergo enzymatic oxidation, producing semiquinones and 
quinones that can be involved in non-enzymatic secondary reactions 
with phenols, amino acids, proteins, or other polyphenols (Pourcel et al., 
2007; Taranto et al., 2017). The result is a heterogeneous mixture of 
complex brown polymers that are difficult to characterize in vivo and 
responsible for the leaves’ transition from yellow to brown tones over 
time (Guyot et al., 1996; Pourcel et al., 2007). Senescence is followed by 
the decomposition of the fully senesced material, which shifts colors to 
even darker tones (Daughtry et al., 2010; Kidnie et al., 2015). SPM de-
composes and disappears depending on its traits, meteorological con-
ditions, decomposer populations, and land management (Coûteaux 
et al., 1995; Dubeux and Sollenberger, 2020; Zhang et al., 2008). 

SPM is abundant in grasslands, where several annual species and life 
cycle stages overlap (Berwaers et al., 2019; Catorci et al., 2012; Cleland 
et al., 2006; Fernández Ales et al., 1993; Letts et al., 2015; Mamolos 
et al., 2001). SPM affects spectral reflectance factors (R) and vegetation 
indices (Asner, 1998; Yang and Guo, 2014). Still, its quantification is 
complicated because the spectral signatures of soil and SPM are very 
similar (Nagler et al., 2000). Empirical approaches have allowed the 
quantification of SPM from optical RS data (Ren and Zhang, 2018; 
Sabetta et al., 2006). However, radiative transfer models (RTMs) do not 
always simulate SPM, and when they do, they might not simulate their 
optical properties accurately since SPM is not well parametrized 
(Proctor et al., 2017). These inaccuracies jeopardize the estimation of 
vegetation’s biophysical and functional properties (He and Mui, 2010; 
Pacheco-Labrador et al., 2019). Commonly used RTMs such as PROSAIL 
(Jacquemoud et al., 2009) allocate all the pigments in a unique “effec-
tive” leaf. This “single-leaf” approach is not suitable for representing 
mixtures of green plants and SPM. Some turbid medium models such as 
GeoSAIL (Bach et al., 2001a) or REGFLEC (Houborg and McCabe, 2016) 
have separately represented green and senescent leaves. Other models 
have also represented branches or stems (e.g., Wenhan’s model (Wen-
han, 1993) or SAIL-2 (Braswell et al., 1996)). More detailed 3-D RTMs 
such as FLIGHT (North, 1996) or DART (Gastellu-Etchegorry et al., 
2004) can represent different leaf types, branches, and even other 
structures; the second with a high level of detail. “Dual-leaf” models 
have improved the estimation of biophysical parameters such as leaf 
area index (LAI), chlorophyll content (Cab), or the fraction of absorbed 
photosynthetically active radiation in canopies with senescent leaves 
(Bach et al., 2001b; Houborg and Anderson, 2009; Houborg et al., 2009; 
Houborg and McCabe, 2016; Wenhan, 1993). 

Canopy RTMs have usually relied on the leaf RTM PROSPECT 

(Jacquemoud and Baret, 1990). This model includes specific absorption 
coefficients of “senescent” or “brown” pigments (Ks), which represent 
the absorption of the heterogenic ensemble of polymers produced dur-
ing senescence in the leaf. A not entirely convincing characterization of 
Ks was addressed by Jacquemoud (1988) using albino and senescent 
leaves. Recent PROSPECT versions included a Ks spectrum in arbitrary 
units (a.u.) (Feret et al., 2008; Féret et al., 2017). These coefficients are 
attributed to F. Baret, via personal communication (e.g., (Féret, 2009)), 
and they are, therefore, not as thoroughly documented as other co-
efficients of the model (Feret et al., 2008; Féret et al., 2017; Jacquemoud 
and Baret, 1990). Nonetheless, as fully senesced leaves undertake 
decomposition, their colour darkens to the point that Ks coefficients 
-estimated from albino and senescing leaves-, might not accurately 
represent their optical properties. van Leeuwen and Huete (1996) 
showed that senesced leaves feature high absorption in the near-infrared 
(NIR) wavelengths that current Ks could not reproduce without exces-
sively darkening optical properties in the visible (e.g., compare with 
Houborg and Anderson (2009)). This hypothesis is supported by the 
overestimation of simulated reflectance factors in the NIR (RNIR) re-
ported in semi-arid grasslands in the presence of SPM (Melendo-Vega 
et al., 2018). Proctor et al. (2017) characterized a refractive index and 
two Ks for initial and advanced decay pigments from senesced Canadian 
monocots. The advanced decay pigments featured strong absorption in 
the NIR. This work and similar characterizations could improve the 
representation of the optical properties of SPM; and, ultimately, the 
estimation of biophysical properties in grasslands and other canopies. 

Recent advances in RS aim to estimate vegetation functional traits 
controlling carbon and water fluxes, such as the maximum carboxyla-
tion rate or the Ball-Berry stomatal sensitivity (m) (Bayat et al., 2018; 
Dutta et al., 2019). Key functional parameters have been estimated 
either using statistical approaches (Serbin et al., 2015; Silva-Perez et al., 
2018) or inverting RTMs coupled with soil-vegetation-atmosphere 
transfer models (Bayat et al., 2018; Camino et al., 2019; Dutta et al., 
2019; Pacheco-Labrador et al., 2019; Zhang et al., 2014; Zhang et al., 
2018). These retrievals have mainly relied on different models, 
including the Soil-Canopy Observation Photosynthesis and Energy 
fluxes (SCOPE) model (van der Tol et al., 2009). SCOPE is especially 
suited to study vegetation function from RS observations, as it couples 
several RTMs with energy balance and photosynthesis models. SCOPE 
predicts net CO2 assimilation, heat, and water fluxes. These processes 
are coherently coupled with spectroradiometric variables that allow 
their study from RS data. For example, the thermal infrared radiation 
(TIR) depends on canopy transpiration (van der Tol et al., 2009). 
Moreover, two optical signals relate to photosynthetic activity: the 
chlorophyll sun-induced fluorescence (SIF) and the leaf absorptance 
changes induced by the pigment transformation in the xanthophyll cycle 
(van der Tol et al., 2009; Vilfan et al., 2018). Yang et al. (2017) devel-
oped mSCOPE, an extension of SCOPE that uses a different numerical 
solution of the radiative transfer through vertically heterogeneous 
canopies. However, neither SCOPE nor mSCOPE are well suited to 
represent mixed canopies featuring green plants and SPM (Pacheco- 
Labrador et al., 2019). They follow a “single-leaf” approach and do not 
feature SPM-specific Ks, since they directly take PROSPECT’s original 
coefficients (Ks,ori). SPM has no chlorophyll (Hörtensteiner, 2006; 
Whitfield and Rowan, 1974) and does not assimilate CO2 through 
photosynthesis. Also, they do not transpire water and lack stomatal 
regulation. Since these models cannot represent either the spectral 
properties or the fluxes in mixed canopies, the presence of SPM can pose 
problems not only for the retrieval of biophysical variables (Bacour 
et al., 2002; Houborg and Boegh, 2008; Wang et al., 2005); but also for 
the estimation of functional traits (Pacheco-Labrador et al., 2019). 
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This manuscript presents senSCOPE, a modified version of the 
SCOPE model that separates radiative transfer and physiological pro-
cesses in green and senesced leaves (representing SPM). senSCOPE aims 
at improving the modeling of radiative transfer and physiology in 1-D 
mixed canopies such as grasslands, and consequently, the model 
retrieval of biochemical and functional vegetation traits. We compare 
senSCOPE and SCOPE via a sensitivity analysis under different meteo-
rological conditions and combinations of vegetation parameters. More-
over, we characterized a new Ks using optical measurements of SPM 
collected from a Mediterranean grassland. The new model and co-
efficients’ potential to improve the retrieval of key vegetation traits are 
assessed via an inversion exercise where SCOPE had previously provided 
unrealistic Cab due to the presence of SPM (Pacheco-Labrador et al., 
2019). 

2. Description of senSCOPE 

senSCOPE extends the 1-D model SCOPE to describe homogeneous 
canopies that contain randomly mixed green and fully senesced leaves. 
The code is publicly available at https://github.com/JavierPachecoLabr 
ador/senSCOPE. Fig. 1 summarizes the conceptual differences between 
SCOPE and senSCOPE. The latter assumes that green leaves contain 
chlorophylls and accessory pigments that allow them to photosynthesize 
and regulate their temperature via transpiration. In contrast, senesced 
leaves only contain senescent pigments and neither photosynthesize nor 
transpire. These leaves present decomposing microbial activity, and 
water can evaporate from their surface (e.g., intercepted rainfall); 
however, neither of the models represents these processes. In senSCOPE, 
the leaf RTM Fluspect-CX (Vilfan et al., 2016; Vilfan et al., 2018) sim-
ulates leaf reflectance and transmittance according to the biochemical 
and structural properties of each leaf type. It also simulates backward 
and forward emitted SIF in green leaves. senSCOPE simulates the radi-
ation absorbed by each leaf type separately and senesced leaves that 
neither photosynthesize nor transpire. Since green and senesced leaves 
feature different radiative balances, a modified thermal RTM quantifies 
their emissions separately. These irradiances are combined later ac-
cording to the corresponding fractions of leaf area (f, Table A.1 describes 
all the symbols) before the model calculates this diffuse flux’s scattering 
and absorption. Eventually, fluorescence emission and optical changes 
induced by the xanthophyll cycle’s activation in the green leaves are 
propagated to the top of the canopy (TOC) radiances by the SCOPE 
models RTMf (van der Tol et al., 2016) and RTMz (Vilfan et al., 2018), 
respectively. 

senSCOPE relies on the same solution of the radiative transfer 
problem implemented in SCOPE. It exploits the linear nature of the 
single leaf scattering efficiency factors (Verhoef, 1984) to combine 
separated green and senesced leaves’ optical properties in an “averaged” 
leaf. This solution can be directly applied if leaf angle distribution (LAD) 
is assumed to be the same for both leaf types. senSCOPE requires a larger 
number of parameters than SCOPE since it describes two different leaf 

types and their respective area fractions. Alternatives to minimize the 
number of parameters and simplify the application of the model in in-
verse problems are presented in Section 3.4.2 and discussed in Section 5. 

2.1. Radiation fluxes 

As SCOPE, senSCOPE relies on SAIL 4-stream theory that can be 
summarized by a system of four linear equations describing the radiative 
transfer of the direct solar flux (Es), the downward diffuse flux (E− ), the 
upward diffuse flux (E+), and the flux in the observation direction (Eo): 

dEs

LAIdx
= kEs (1a) 

dE−

LAIdx
= − sEs + aE− − σE+ (1b) 

dE+

LAIdx
= − s

′

Es + σE− − aE+ (1c) 

dEo

LAIdx
= wEs + vE− + v

′

E+ − KEo (1d) 

where x represents the vertical relative height within the canopy (x 
= 0 for top, x = − 1 for bottom). The remaining variables are the SAIL 
coefficients defined for the first time by Verhoef (1984). k and K are the 
extinction coefficients in the solar and observation directions, respec-
tively. They depend on the sun-view geometry, LAI, and LAD; therefore, 
they are independent of leaf optical properties. s, a, σ, s’, w, v, and v’ are 
the scattering coefficients depending on sun-view geometry, canopy 
structure, and leaf optical properties. These coefficients define the 
relationship between a given incident flux (E1) and a given scattered flux 
(E2) in the canopy. They are computed by integrating single-leaf scat-
tering efficiency factors (Qsc) representing the individual leaves’ anal-
ogous relationship. The scattering coefficient (b) corresponding to all the 
leaves of a given zenith inclination angle (θl) can be defined as (Verhoef, 
1984): 

b(θl) =
LAI

′

2π

∫ 2π

0
Qsc(E1,E2)dφl (2)  

where LAI′ is the LAI contained in a horizontal layer of the canopy of 
width dx, and φl is the leaf azimuth angle. 

SCOPE and senSCOPE solve the radiative transfer problem numeri-
cally, defining a discrete number of canopy layers and leaf angles. 
Qsc(E1, E2) are defined assuming that individual leaves are Lambertian 
scatterers of known hemispherical reflectance (ρ) and hemispherical 
transmittance (τ). The leaf RTM Fluspect (Vilfan et al., 2016) predicts ρ 
and τ. For each pair of incident and scattered fluxes, Qsc(E1, E2) is 
defined as a linear combination of ρ and/or τ, weighted by spectrally 
invariant factors determined by the geometry of the leaf, or more spe-
cifically, the projection of the leaves respect to the incident flux (E1) and 
the downward (− ) or upward (+) scattered flux (E2). As proposed by 
Bach et al. (2001a), senSCOPE exploits this linear nature of Qsc to 
combine the ρ and the τ of green and senesced leaves into averaged 

Fig. 1. Conceptual differences between SCOPE and senSCOPE 
models. Green and yellow colors correspond to green and fully 
senesced leaves, respectively. Black arrows show processes 
featured by all leaves, whereas colored arrows refer to processes 
featured only for a given leaf type. The scheme represents assim-
ilation (A), latent (λE) and sensible heat (H) fluxes, incoming 
spectral irradiance (Eλ), reflected spectral radiance (LR,λ), emitted 
fluorescence radiance (Fλ) and changes in LR,λ due to activation of 
xanthophyll cycle (ΔLx,λ). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web 
version of this article.)   
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factors, weighted by their corresponding fractions of leaf area (Eqs. (3) 
and (4)). This approach allows applying the solution already proposed 
by van der Tol et al. (2009) for the linear system shown in Eq. (1a–d). 

ρ = fgreenρgreen +
(
1 − fgreen

)
ρsenes (3)  

τ = fgreenτgreen +
(
1 − fgreen

)
τsenes (4)  

where subscripts “green” and “senes” indicate the green and senesced 
leaves, respectively. Notice that the weighted average of ρ and τ is not 
equivalent to the factors predicted for a weighted average of the leaf 
parameters. 

To separately represent the green and senesced leaves’ physiological 
processes, it is necessary to differentiate the amount of total radiation 
absorbed by each leaf type and the photosynthetically active radiation 
(PAR) absorbed by chlorophyll (Eap,Chl). SCOPE quantifies Eap,Chl (W 
m− 2) using the pigment’s relative spectral absorption (kChl,rel). Eap,Chl is 
computed for the direct (Eap,Chl,dir) and the diffuse irradiances (Eap,Chl,dif) 
as follows: 

Eap,Chl,dir = fgreen

∫ λ=700

λ=400
kChl,rel,green(λ)Esun(λ)

[
1 − ρgreen(λ) − τgreen(λ)

]
dλ (5)    

where λ is the wavelength and kChl,rel,green is kChl,rel in the green leaves. 
These quantities are calculated from the upward and downward fluxes 
without modifying the transfer of radiation. Since senSCOPE senesced 
leaves have no chlorophyll, the PAR absorbed by chlorophyll per total 
leaf area, which drives photosynthesis in sunlit (Eap,Chl,u) and shaded 
leaves (Eap,Chl,h), scales with fgreen. Shaded leaves (subscript ‘h’) are only 
illuminated by diffuse light (Eq. (7)), whereas Eqs. (5) and (6) must be 
combined to get Eap,Chl in the sunlit leaves (Eap,Chl,u, subscript ‘u’) (Eq. 
(8)). 

Eap,Chl,h(x) = Eap,Chl,dif(x) (7)  

Eap,Chl,u(x, θl,φl) = |fs(x, θl,φl) |Eap,Chl,dir +Eap,Chl,dif(x) (8)  

where fs is a geometric factor accounting for the projection of each leaf 
towards the sun. 

The total absorbed radiation is used to compute the canopy’s radi-
ation budget and determines leaf temperature, which has implications 
for photosynthesis and transpiration. Therefore, it must be computed 
separately for each leaf type. The total absorbed radiation (Ea) is 
computed by SCOPE similarly as in Eqs. (5)–(8), but integrating the 
fluxes in the full spectral domain (i.e., 400–50.000 nm): 

Ea,i,dir = fi

∫ λ=50000

λ=400
Esun(λ)[1 − ρi(λ) − τi(λ) ]dλ (9)  

Ea,i,dif(x) = fi

∫ λ=50000

λ=400
[E− (x, λ)+E+(x, λ) ][1 − ρi(λ) − τi(λ) ]dλ (10)  

Ea,i,h(x) = Ea,i,dif(x) (11)  

Ea,i,u(x, θl,φl) = |fs(x, θl,φl) |Ea,i,dir +Ea,i,dif(x) (12)  

where the subscript “i” now stands for either “green” or “senes.” 

2.2. Energy balance 

As in SCOPE, the energy balance is closed iteratively by modifying 
canopy and soil temperatures until the following is met for the soil and 
all the discrete leaf angles and layers separately: 

|Rn − H − λE − G| < ethreshold (13)  

where Rn is net radiation, H is energy heat flux, λE is latent heat flux, G is 
soil heat flux, and etreshold is a predefined threshold (by default 1 W m− 2) 
for the accepted energy balance closure error (eebal), all in W m− 2. 

senSCOPE closes the energy balance simulating different processes in 
each leaf type, where only green leaves photosynthesize and transpire. 
This modification is relevant since these processes are non-linearly 
related to radiation and leaf temperature. “Single-leaf” approaches 
relying on “averaged parameters” of photosynthetic and non- 
photosynthetic leaves do not adequately represent these processes. 
eebal is composed of the following elements: 

Rn,green +Rn,senes +Rn,soil − Hgreen − Hsenes − Hsoil − λEgreen − λEsoil − G = eebal

(14)  

where the subscript “soil” refers to soil fluxes, and only green leaves and 
soil contribute to λE. However, as in SCOPE, the energy balance is 
separately closed for the soil and each leaf angles, layers, and types. 

The computation of Rn must take into account the emission and 
reabsorption of thermal radiation. senSCOPE represents the temperature 
of green (Tc,green) and senesced (Tc,senes) leaves since they absorb radi-
ation and cool-down differently. Consequently, canopy black-body 
thermal emission (Bc) is different for each leaf type (Bc,green, Bc,senes); 
and the one-sided black-body thermal emission of all leaves results from 
the linear combination of the emission of each leaf type in the canopy: 

ε Bc = fgreenεgreenBc,green
(
Tc,green

)
+
(
1 − fgreen

)
εsenesBc,senes

(
Tc,senes

)
(15)  

where ε is the emissivity and equals absorptance (1-ρ-τ) according to 
Kirchhoff’s Law. The propagation of emitted radiation by leaves and soil 
through the canopy is calculated using the averaged layer properties, as 
in the original SCOPE. senSCOPE calculates the net thermal radiation (i. 
e., emitted minus absorbed) (Rn,t) from the amount of energy absorbed 
by each leaf type using their respective emissivity: 

Rn,t,green =
[
E− +E+ − 2Bc,green

]
εgreenfgreen (16)  

Rn,t,senes =
[
E− +E+ − 2Bc,senes

]
εsenesfsenes (17)  

where and E− and E+ are the diffuse emitted fluxes. Rn,t of sunlit and 
shaded leaves are computed separately. These are energy fluxes per total 
(senesced plus green) leaf surface area. Therefore, canopy net radiation 
is computed as the addition of Ea and Rn,t; and Rn,t = Rn,t,green + Rn,t,senes 
without further weighting. 

As in SCOPE, aerodynamic resistances are computed for the whole 
canopy since they depend on meteorology and canopy structure. 
Consequently, water and heat fluxes (λEgreen, Hgreen, and Hsenes) in sen-
SCOPE are computed with an identical representation of resistances, but 
with leaf temperatures differentiated per leaf type. These fluxes are 
defined per unit of leaf type surface and need to be scaled to their cor-
responding area fraction. Eventually, senSCOPE iteratively resolves six 
temperatures corresponding to sunlit and shaded green leaves (Tc,u,green 
and Tc,h,senes), sunlit and shaded senesced leaves (Tc,u,senes and Tc,h, 

Eap,Chl,dif(x) = fgreen

∫ λ=700

λ=400
kChl,rel,green(λ)[E− (x, λ)+E+(x, λ) ]

[
1 − ρgreen(λ) − τgreen(λ)

]
dλ (6)   

J. Pacheco-Labrador et al.                                                                                                                                                                                                                    



Remote Sensing of Environment 257 (2021) 112352

5

usenes), and sunlit and shaded soil (Ts,u and Ts,h). 

2.3. Photosynthesis 

In senSCOPE, only green leaves photosynthesize and transpire. 
Photosynthesis is driven by the PAR absorbed by chlorophyll (APARChl; 
which equals Eap,Chl transformed from W m− 2 to μmol m− 2 s− 1). APARChl 
in green leaves per unit green leaf area is Eap,Chl,green = Eap,Chl / fgreen. 
Other area-based inputs such as maximum carboxylation rate at opti-
mum temperature (Vcmo, μmol m− 2 s− 1), as well as model outputs (e.g., 
internal CO2 concentration, (Ci, μmol m− 3)) refer to green leaf area only. 
CO2 assimilation (A) is therefore initially computed per unit green leaf 
area. The stomatal resistance, predicted by the leaf biochemical model, 
is further used to calculate the transpiration of green leaves λEgreen, also 
per unit green leaf area. Both fluxes are later scaled with fgreen. 

2.4. Fluorescence 

SCOPE computes leaf-level fluorescence emission using three main 
elements: incident irradiance in the excitation range 400–750 nm, 
excitation-fluorescence (E-F) matrices (M(λe,λf) and M’(λe,λf) for back-
ward and forward fluorescence emission, respectively), and the ampli-
fication factors Φ’f which are provided by the biochemical model for 
sunlit and shaded leaves. E-F matrices represent chlorophyll’s excitation 
and the radiative transfer of incident and re-emitted radiation inside the 
leaf (Vilfan et al., 2016). senSCOPE predicts fluorescence emission only 
in the green leaves, whereas the E-F matrices in senesced leaves equal 
zero. Thus this emission is scaled with fgreen. 

Ef
l = fgreen∙Φ

′

f∙
[(

M′

green

(
λe, λf

)
+M′

green

(
λe, λf

) ) ]
⊗ E (18) 

Leaf level fluorescence emission is then propagated to the top of the 
canopy using the same radiative transfer approach used by SCOPE 
(RMTf) and the averaged leaf optical properties (ρ and τ), which account 
for fluorescence absorption and scattering of both leaf types. 

2.5. Xanthophyll cycle 

A recent version of SCOPE incorporates Fluspect-CX (Vilfan et al., 
2018), a leaf RTM that simulates the variations in leaf optical properties 
induced by the xanthophyll cycle’s activation for photosynthetic down- 
regulation. The biochemical model predicts the rate coefficient for non- 
photochemical quenching (Kn). This rate serves as a scaling factor of leaf 
ρ and τ between two extreme cases featuring a completely activated and 
deactivated xanthophyll cycle. In senSCOPE, senesced leaves show no 
xanthophyll cycle, and thus, no related changes in optical properties. For 
this reason, the extreme cases, calculated on the averaged ρ and τ, 
simulate only variations induced by the green leaves. Kn is a rate that 
defines the probability of the different fates of photons exciting chlo-
rophyll; therefore, and similarly to Φ’f, this process does not require 
additional correction, and SCOPE RTMz can be directly used to scale 
these changes from leaf to canopy level. 

3. Methods 

3.1. Study site 

The datasets used in this manuscript were produced in the research 
station of Majadas de Tiétar, Cáceres, Spain (39◦ 56′ 24.68′′N, 5◦ 45′

50.27′′W). It is a managed Mediterranean tree-grass ecosystem 
combining sparse trees (Quercus ilex L. subsp. ballota [Desf.] Samp) and 
an herbaceous cover combining numerous species of three functional 
plant forms: grasses, forbs, and legumes. The continental Mediterranean 
climate induces a strong seasonality of the grassland, initiated by a 
greening phase around April, followed by a dry season that starts in May 
or June, a second re-greening driven by autumn rains, and a dormant 

phase during winter (El-Madany et al., 2018). Grassland phenology and 
functioning strongly respond to light and temperature in spring and 
water availability in late spring-summer and autumn (Luo et al., 2018). 
Several species grow and senesce at different times, and SPM accumu-
lates, especially during summer, and then it mixes with new green ma-
terial in autumn and winter. In early spring, the SPM remnant from the 
winter can represent up to 30% of the leaf area (Melendo-Vega et al., 
2018). 

3.2. Optical properties of senesced plant material 

SPM was sampled at the end of October 2020 in the experimental 
site. Samples corresponded to five morphologically different plants and 
presented different degrees of decomposition. Four of them featured 
leaves. Three corresponded to a single species (Carthamus lanatus, 
Eryngium campestre, and Cynodon dactylum), and the fourth was a 
mixture of stems and leaves of several Poaceae species (including 
Chaetopogon fasciculatus, Anthoxanthum aristarum, Agrostis pourreti, and 
Vulpia membranosa). The fifth sample contained only Chamaemelum 
mixtum stems. Bi-conical reflectance factors (BCRF) were measured with 
a Leaf Clip attached to a Plant Probe and an ASD Fieldspec™ 3 spec-
troradiometer (Analytical Spectral Devices Inc., Denver, Colorado, 
USA). An opaque black slit was attached to the fore optic when the 
samples were narrower than the field of view. Measurements were 
carried out over spectrally flat black and white backgrounds. These 
backgrounds’ reflectance factors were characterized using a calibrated 
99% reflective Spectralon® panel (LabSphere, North Sutton, NH, USA) 
as white reference. After the spectral measurement, samples were 
weighted in a 0.001 g precision scales (Gram VSI-650, Barcelona, Spain), 
scanned, dried 48 h at 60 ◦C, and then weighted again. Leaf area and 
fresh and dry weights were used to compute dry matter (Cdm) and water 
content (Cw) of each sample with the corresponding uncertainties (see 
supplementary material S3). The absence of chlorophylls and caroten-
oids in the samples was confirmed by aqueous acetone extraction, fol-
lowed by their absorptance measurements with a spectrophotometer 
(Cary 60, Agilent Technologies, Santa Clara, CA, USA). 

BCRF over black and white backgrounds were used to estimate ρ and 
τ, respectively, using the leaf bi-directional reflectance distribution 
function (BRDF) model of Bousquet et al. (2005) with the correction 
suggested by Stuckens et al. (2009) for energy conservation. The sup-
plementary material S3 describes in detail these calculations. This esti-
mation assumed that the refractive indexes (η) of senesced material and 
green plants are the same. Then we inverted the Fluspect-CX (Vilfan 
et al., 2018) to characterize Ks in two steps. Since uncertainty propa-
gation suggested relatively large uncertainties in Cdm and Cw, these 
parameters, together with the mesophyll parameter (N), were estimated 
in the first step. Laboratory Cdm and Cw were used both as the first guess 
and as prior knowledge. The inversion was carried out for each sample 
using only measurements in the spectral range 1700–2400 nm (Féret 
et al., 2019). In the second step, we estimated a unique Ks (a.u.) for all 
the samples and the individual senescent pigments content (Cs) of each 
sample simultaneously. In this case, we used the spectral range 
400–2400 nm. 

We integrated the new Ks (Ks,SPM) in senSCOPE for the inversion 
exercise (Section 3.4). For comparison, we also used the original co-
efficients in the PROSPECT (and Fluspect) models (Ks,ori) as well as the 
Ks and η characterized by Proctor et al. (2017) for Canadian monocots. 
Proctor et al. (2017) characterized specific absorption coefficients for 
initial and advanced decay pigments using optical measurements in an 
integrating sphere. Simulations at the canopy scale showed that initial 
decay pigments had little effect on TOC R. Since we wanted to represent 
fully senesced material that accumulates over time in the grassland, we 
directly replaced senSCOPE Ks by Proctors’ coefficients of advanced 
decay pigments (Ks,Proctor-ad). For practical reasons, Ks,Proctor-ad was 
scaled by the ratio of the means of Ks,SPM and Ks,Proctor-ad. This way, we 
kept the same number of parameters, the same inversion bounds, and 
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comparable values of Cs. 

3.3. Comparison with SCOPE model. Sensitivity analysis 

Analyses described in Sections 3.3 and 3.4 used SCOPE v1.73, 
featuring the leaf RTM Fluspect (Fluspect-CX) (Vilfan et al., 2018), the 
fluorescence emission spectra characterized from FluoWat leaf clip 
measurements (option calc_PSI = 0) (Vilfan et al., 2016), the fluores-
cence model described in van der Tol et al. (2014) (option Fluo-
rescence_model = 0), Vcmo temperature correction (option apply_T_corr 
= 1) and G as a fraction of soil Rn (option soil_heat_method = 2). 

We ran two simulations to evaluate the differences between sen-
SCOPE and SCOPE formulations, where we modified either the meteo-
rological conditions (Fmeteo) or the vegetation parameters (Fveg). Each 
included eleven canopies with fgreen ranging between 0.0 and 1.0 with 
steps of 0.1. In senSCOPE, green and senesced leaf parameters (Xgreen 
and Xsenes, respectively) were described separately for each leaf type. In 
SCOPE, we computed the averaged leaf parameters (X) as a linear 
combination of Xgreen and Xsenes (Eq. (19)); as if separated field mea-
surements were combined to calculate mean canopy values: 

X = Xgreen∙fgreen +Xsenes∙
(
1 − fgreen

)
(19) 

Meteorological measurements at the research site between 5th and 
20th May 2016 (day of the year (DoY) 126 and 141, respectively) pro-
vided the forcing for Fmeteo (Fig. 2). These measurements included 
incoming short-wave radiation (Rin, W m− 2), incoming long-wave ra-
diation (Rli, W m− 2), air temperature (Ta, ◦C), atmospheric vapor pres-
sure (ea, hPa), wind speed (u, m s− 1), air pressure (p, hPa) and soil 
moisture (SMp, % volume) (see El-Madany et al. (2018) and Perez-Priego 
et al. (2017)). Vapor pressure deficit (VPD, hPa) was calculated from Ta 
and ea. Soil resistance for evaporation from the pore space (rss, s m− 1) 
was estimated as a function SMp using the default model in SCOPE. Sun 
zenith (θs) and azimuth (φs) angles were computed from timestamps and 
site location. In Fmeteo, we fed SCOPE and senSCOPE with these time 
series, while leaf and canopy properties were kept constant for the 
different fgreen levels simulated (Table S1). Only daytime data (θs <

85.0◦) were used in the simulation, which equals 422 runs per model and 
fgreen level. 

Fveg simulated canopies with different vegetation properties under 
the midday meteorological conditions on 18th May 2019 (DoY 139). We 
only induced variability of a few but key vegetation parameters con-
trolling radiative transfer, physiology, and fluxes to simplify this 

analysis. For the rest of the parameters, we set the values reported in 
Table S1. We generated a look-up table with 500 samples of Cab, fluo-
rescence quantum efficiency (fqe), m, and LAI using the Latin Hypercube 
Sampling (McKay et al., 1979) (Table S2). Moreover, carotenoids con-
tent (Cca) and Vcmo were constrained as a function of Cab, mimicking the 
relationships (linear function and noise) reported in Sims and Gamon 
(2002) and Croft et al. (2017), respectively. We generated two smaller 
datasets by modifying only LAI or Cab (and Vcmo and Cca as a function of 
Cab) for supplementary analyses. For all the simulations, we computed 
the underlying water use efficiency (Zhou et al., 2016) (uWUE, Eq. (20)): 

uWUE =
A

λEc

̅̅̅̅̅̅̅̅̅̅
VPD

√
(20)  

where λEc is the canopy λE, excluding evaporation from the soil. In 
senSCOPE λEc equals λEgreen and assimilation takes place only in the 
green leaf area; whereas in SCOPE both originate from the total leaf 
area. 

Different model outputs, including spectroradiometric variables, 
fluxes, and physiological variables, were compared. Three vegetation 
indices relevant for the study of vegetation properties summarized the 
differences in the predicted reflectance factors: the Photochemical 
Reflectance Index (PRI, Gamon et al. (1992)), sensitive to pigment 
transformations of the xanthophyll cycle, the Normalized Difference 
Vegetation Index (NDVI, Rouse et al. (1974)), sensitive to differences 
between red and NIR brightness characteristic of green vegetation, and 
the near-infrared reflectance of vegetation (NIRv, Badgley et al. (2017)), 
analogous to NDVI but less sensitive to background effects, including 
litter. 

3.4. Comparison with SCOPE model. Inversion 

3.4.1. Inversion dataset 
To compare the performance of SCOPE and senSCOPE in inversion, 

we used the datasets generated in the Small-scale MANIpulation 
Experiment (SMANIE) in Majadas de Tiétar (Perez-Priego et al., 2015). 
SMANIE consisted of 4 grass blocks (4 replicates each) manipulated with 
additions of nitrogen, phosphorous, or both, and the control treatment 
(not fertilized). The fertilization modified plant community, structure, 
and function (Martini et al., 2019; Migliavacca et al., 2017; Perez-Priego 
et al., 2015). Nine campaigns took place between 2014 and 2016, 
covering spring and early summer conditions. Inside each block and 
replicate, two squared collars of 60 × 60 cm were set for long-term 

Fig. 2. Incoming short-wave radiation (a), incoming long-wave radiation (b), air temperature (c), and vapor pressure deficit (d) recorded in Majadas de Tiétar 
between the 5th and the 20th May 2019 (DoY 126 and 141, respectively) used in the forward simulation Fmeteo. 
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monitoring of spectral properties and fluxes (Perez-Priego et al., 2015). 
In each block, replicate, and collar, midday measurements were carried 
out with a spectroradiometric system providing hyperspectral R and SIF 
estimates in the O2-A band (F760). Diurnal courses of Lt and GPP from 
sunrise to sunset were measured using non-steady-state flow-through 
type transparent chambers (Perez-Priego et al., 2015) and a thermal 
infrared sensor (IRTS-P, Apogee, UT, USA). Midday fluxes were 
collected quasi-simultaneously in the same collars of the radiometric 
measurements. Moreover, destructive sampling in the collars’ sur-
roundings provided estimates of plant traits and canopy structure (fgreen, 
LAI, and nitrogen concentration Nmass). fgreen ranged between 0.05 and 
1.00. Additional information about instrumentation, sampling methods, 
and data processing can be found elsewhere (Martini et al., 2019; 
Migliavacca et al., 2017; Pacheco-Labrador et al., 2019; Perez-Priego 
et al., 2015). Besides, we computed the evaporative fraction (EF, Eq. 
(21)) from a sub-canopy eddy covariance station monitoring a patch of 
non-fertilized grassland (see Perez-Priego et al. (2017)). 

EF =
λE

λE + H
(21)  

3.4.2. Inversion and evaluation 
We evaluated the performance of SCOPE and senSCOPE to estimate 

key vegetation parameters by using the same datasets and inversion 
methodology described in Pacheco-Labrador et al. (2019) for SCOPE. 
The inversion of SCOPE was repeated since new parameter bounds were 
set (Table 1). We increased Cdm and Cw’s upper bounds according to 
observed distributions in the study site (Martín et al., 2020; Melendo- 
Vega et al., 2018) and Cs’s upper bound to allow SCOPE predicting low 
RNIR. SCOPE featured the original Ks,ori, whereas senSCOPE represented 
senesced leaves using the new Ks,SPM; but also Ks,Proctor-ad and Ks,ori for 
comparison. Observations of R and Lt, F760, and/or GPP were used to 
estimate LAI, Cab, Vcmo, m, and other biophysical parameters (Table 1). 
Three different sets of constraints (inversion schemes) were tested in a 
two-steps inversion. In Step #1, each scheme combined only noon ob-
servations of R and GPP (hereafter referred to as IGPP scheme), R, GPP, 
and F760 (IGPP-SIF), or only R (IR). Here, biophysical parameters and a 
guess of Vcmo were retrieved. Posterior uncertainties (σpost) were esti-
mated using a Bayesian approach (Omlin and Reichert, 1999). In Step 
#2, diel cycles of Lt combined with diel GPP (IGPP), or diel GPP plus noon 
F760 (IGPP-SIF), or only diel Lt (IR) constrained the retrieval of the func-
tional parameters Vcmo and m. The initial guess of Vcmo regularized Step 
#2. fqe was estimated in both steps of the scheme IGPP-SIF, which was 

constrained by F760. A single fqe parameter described the efficiency of 
both photosystems. 

Since senSCOPE simulates two different leaves, its inversion requires 
the retrieval of 7 parameters more than SCOPE. To simplify this problem 
and make the inversion of both models more comparable, we assumed 
that green leaves presented no senescent pigments (Cs = 0), whereas 
senesced leaves only presented such pigments (Cab = Cca = 0). Antho-
cyanin content was set to 0 in both cases. We expect this assumption to 
induce low uncertainties while reducing equifinality since anthocyanin 
concentrations determined in field samples are low (i.e., lower than 
0.05% of dry weight). According to the results of the characterization of 
the new Ks,SPM (Section 4.1), we assumed that N was five times larger in 
the senesced than in green leaves of the same canopy. We also assumed 
the same Cdm for both leaf types and Cw of green leaves being four times 
higher than in senesced leaves (Kidnie et al., 2015). These assumptions 
allowed us to reduce the degree of freedom by 6, leaving the following 
parameters to be retrieved: green leaf’s N, Cab, and Cca, senesced leaf’s 
Cs, mean Cw, and a leaf type-independent Cdm. Eq. (19) was solved to 
estimate Cw of each leaf from the averaged value, assuming that con-
verting Cw in the green leaf is four times Cw in the senesced one. In the 
inversion of senSCOPE we also retrieved fgreen. However, a prior value 
was imposed on this parameter using a neural network model that 
predicted fgreen as a function of the averaged leaf parameters (Eq. (20)). 
This model was trained from a look-up table of individual Xgreen and 
Xsenes parameters, averaged as a function of fgreen (Supplementary ma-
terial S4). 

As in Pacheco-Labrador et al. (2019), we used a pattern-oriented 
model evaluation approach to evaluate the inversion. This type of 
model evaluation provides insight into model performance or retrievals 
feasibility by indirect comparison of parameters or model outputs. It is a 
fair alternative whenever suitable observations are not available 
(Grimm and Railsback, 2012; Luo et al., 2012). For example, we 
compared the relationship between estimated Vcmo against Nmass in 
green biomass (Nmass,green), with Feng and Dietze’s (2013) one published 
for grasslands. Similarly, we compared the relationship between esti-
mated Cab and Nmass, with the one determined from field data of inde-
pendent plots at the same site. λE and H could not be directly evaluated 
since an eddy covariance tower measured them in a nearby area (Section 
3.3), and footprint mismatch biases the comparison with model pre-
dictions. Thus, we instead evaluated EF, a variable derived from λE and 
H that informs about energy partitioning and the amount of available 
energy used to evaporate water. Since the tower footprint was not 
fertilized, the evaluation was limited to the SMANIE control plots. 

The parameters LAI and fgreen and the inversion constraints R, Lt, 
F760, and GPP were directly evaluated against field data using the Total 
Least Squares regression (Golub and Loan, 1980). We assessed the 
capability of each model to predict or fit the inversion constraints by 
comparing the coefficient of determination (R2), the root mean squared 
error (RMSE), and the mean average error (MAE), and the posterior 
uncertainty (σpost) of predictions. The relative difference of these sta-
tistics was calculated as (100 ⋅ (ΛsenSCOPE - ΛSCOPE)/ ΛSCOPE); where Λ is 
the statistic, and the subscript indicates the model. 

4. Results 

4.1. Specific absorption coefficients of senesced plant material 

Ks,SPM shows larger values than the original Ks,ori not only in the 
visible but also in the NIR spectral range (Fig. 3a). Whereas Ks,ori shows 
very low values (i.e., <0.02 a.u.) above ~860 nm, Ks,SPM stays above 
0.02 a.u. up to ~1925 nm. At larger wavelengths, Ks,SPM is almost 
0 except in a small region around 2100 nm. Cdm estimates are slightly 
lower than the values determined in the laboratory (R2 = 0.96; mean 
error, ME = − 0.0028 g cm− 2). Cw estimates are also lower, but very close 
to the laboratory values (R2 = 0.99; ME = − 0.0001 g cm− 2). Retrieved Cs 
and N range between 0.26 and 2.52 a.u. and between 1.00 and 11.03, 

Table 1 
Parameters estimated inverting senSCOPE model, the step at which each 
parameter is retrieved, and the corresponding bounds for the inversion. Cs is 
presented in arbitrary units (a.u.).  

Parameter Symbol Units Step Inversion bounds 

Leaf chlorophyll content Cab μg cm− 2 #1 [0,100] 
Leaf carotenoids content Cca μg cm− 2 #1 [0, 40] 
Leaf senescent pigments 

content 
Cs a.u. #1 [0, 7.5] 

Leaf water content Cw g cm− 2 #1 [6.3⋅10− 5, 0.06] 
Leaf dry matter content Cdm g cm− 2 #1 [0.0019, 0.03] 
Leaf structural parameter N layers #1 [1, 3.6] 
Leaf area index LAI m2 m− 2 #1 [0, 8] 
Leaf inclination distribution 

function 
LIDFa – #1 [− 1,1]; |LIDFa +

LIDFb| ≤ 1 
Bimodality of the leaf 

inclination 
LIDFb – #1 

Maximum carboxylation rate 
at optimum temperature 

Vcmo μmol 
m− 2 s− 1 

#1 & 
#2 

[0,200] 

Ball-Berry sensitivity 
parameter 

m – #2 [0, 50] 

Fluorescence quantum 
efficiency 

fqe – #1 & 
#2 

[0,1]  
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respectively (Table S3.2). The largest Cs values correspond to the darkest 
samples. N estimates negatively correlate with specific leaf area (SLA), 
corresponding the largest values to stem samples. Fig. S3b compares 
these estimates with N-SLA pairs from the LOPEX database (Hosgood 
et al., 1994). In LOPEX, Cab and SLA are inversely related (Pearson co-
efficient, r = − 0.51, p-value p = 1.69 10− 22); however, SPM presents low 
SLA despite lacking chlorophylls. SPM samples with SLA lower than the 
minimum values in the LOPEX database also showed N > 5. Still, for 

similar SLA values, N estimates are larger than in LOPEX. Both datasets 
together present an asymptotic relationship (R2 = 0.22, p = 5.15 10− 21), 
which features a more negative slope for low SLA values than the one 
originally reported by Jacquemoud and Baret (1990). 

4.2. Comparison of results and performance with SCOPE model: 
Sensitivity analysis 

Fig. 4a,b shows the (averaged) leaf optical properties simulated for 
Fmeteo with senSCOPE and SCOPE, respectively. Fig. 4c,d shows the TOC 
hemispherical-directional reflectance factors (HDRF) simulated with 
each model at midday of DoY 139, the timestamp used for Fveg. sen-
SCOPE predicts spectroradiometric variables that depend more linearly 
on fgreen than SCOPE. In the visible region, SCOPE predicts stronger light 
absorption than senSCOPE since it allocates all the absorptive sub-
stances in a single leaf. Differences in the short-wave infrared (SWIR) 
due to different Cdm and Cw (Table S1) are much subtler. 

Fig. 5 compares spectroradiometric variables and fluxes predicted by 
senSCOPE (left semi-columns) and SCOPE (right semi-columns) during 
DoY 139 in the Fmeteo runs. Canopy-integrated A (Fig. 5a,b), APARChl 
(Fig. 5c,d), PRI, (Fig. 5q,r), and F760 (Fig. 5s,t) are strongly controlled by 
radiative transfer in the optical domain and linearly vary with fgreen in 
senSCOPE. The same occurs with the (canopy + soil) fluxes λE (Fig. 5e,f) 
and H (Fig. 5g,h). Both models similarly predict variables related to 
thermal radiance’s radiative transfer (Rn, Fig. 5i,j, and Tc, Fig. 5k,l). 
senSCOPE predicts a higher absorption of PAR per unit green leaf area 
(Fig. 5c, blue dotted lines), which strongly modifies physiology. For low 
fgreen, senSCOPE predicts strong non-photochemical quenching (Kn, 
Fig. 5m,n) and depletion of fluorescence efficiency around midday (Φ’f, 
Fig. 5o,p), which are not reproduced by SCOPE (unlike the other pa-
rameters, these are representative of green leaves only). 

Fig. 6-8 present the difference (Δ) between senSCOPE and (minus) 
SCOPE predictions. In the figures, the distributions of Δ are arranged and 
colored for different fgreen levels along the x-axis. The values of Δ are 
presented on the y-axis, and the probability of each value (in the x-axis 
direction) is arbitrarily scaled. Δ corresponding to the simulations Fmeteo 
and the Fveg are shown in the left and the right columns, respectively. 
The absolute differences in Fveg are often larger than those in Fmeteo since 
the variability in the meteorological conditions is -in relative terms- 
lower than the variability simulated for the vegetation properties. The 
magnitude and sign of Δ strongly depended on fgreen, but also on other 
parameters such as Cab and LAI (see examples in Fig. S5 and S6, 
respectively), which complicates the interpretation of these differences. 

Fig. 3. Specific absorption coefficients of brown or senescent pigments esti-
mated from optical properties of senescent plant material (Ks,SPM) samples from 
Majadas de Tiétar compared with the coefficients originally available in the 
model PROSPECT (Ks,ori) (a). Leaf structural parameter vs. specific leaf area. 
Comparison of the LOPEX (Hosgood et al., 1994) and the Majadas senesced 
plant material datasets (this work). Data are colored according to chlorophyll 
content (b). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 

Fig. 4. Leaf reflectance and transmittance factors predicted by senSCOPE (a) and SCOPE (b); and top of the canopy Hemispherical Directional Reflectance Factors 
predicted by senSCOPE (c) and SCOPE (d) for different fractions of green and senesced leaves. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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Fig. 5. Diel cycles of senSCOPE (left semi- 
column) and SCOPE (right semi-column) 
predicted variables on DoY 139: Assimila-
tion (a,b), photosynthetically active radia-
tion absorbed by chlorophylls, where blue 
dotted lines express it per unit green leaf 
area (c,d), latent (d,e) and sensible heat 
fluxes (g,h), net radiation (i,j), canopy tem-
perature (k,l), rate coefficient for non- 
photochemical quenching (m,n), fluores-
cence efficiency (o,p), photochemical 
reflectance index (q,r) and TOC fluorescence 
radiance at 760 nm (s,t). (For interpretation 
of the references to colour in this figure 
legend, the reader is referred to the web 
version of this article.)   

Fig. 6. Distributions of the difference between the fluxes simulated with senSCOPE and (minus) SCOPE in the Fmeteo run (left column) and the Fveg run (right column) 
for different fractions of green leaf area ranging from 0 (brown) to 1 (green): assimilation (a,b), net radiation (c,d), latent heat flux (e,f), sensible heat flux (g,h) and 
soil heat flux (i,j). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 6 summarizes the differences between predicted fluxes. Both 
models predict the same fluxes whenever fgreen = 1, but not when fgreen 
= 0. For fgreen < 1, SCOPE predicts higher A, (Fig. 6a,b); except in the 
case of fgreen = 0, where SCOPE predicts negative A due to 

photorespiration. SCOPE also predicts in most cases higher Rn (Fig. 6c,d) 
and λE (Fig. 6e,f), and lower H (Fig. 6g,h) and G (Fig. 6i,j). 

Fig. 7 presents the differences between variables related to leaf 
function. These variables are originally calculated for each discretized 

Fig. 7. Distributions of the difference be-
tween variables indicative of plant physi-
ology simulated with senSCOPE and (minus) 
SCOPE in the Fmeteo run (left column) and 
the Fveg run (right column) for different 
fractions of green leaf area ranging from 
0 (brown) to 1 (green): photosynthetically 
active radiation absorbed by chlorophylls, 
blue dotted lines express the difference per 
unit green leaf area (a,b), canopy tempera-
ture (c,d), underlying water use efficiency 
(e,f), rate coefficient for non-photochemical 
quenching (g,h) and fluorescence efficiency 
(i,j). (For interpretation of the references to 
colour in this figure legend, the reader is 
referred to the web version of this article.)   

Fig. 8. Distributions of the difference be-
tween spectral variables indicative of plant 
physiology, structure, and biochemical 
composition simulated with senSCOPE and 
(minus) SCOPE in the Fmeteo run (left col-
umn) and the Fveg run (right column) for 
different fractions of green leaf area ranging 
from 0 (brown) to 1 (green): TOC fluores-
cence radiance at 687 nm (a,b), TOC fluo-
rescence radiance at 760 nm (c,d), 
photochemical reflectance index including 
effects of xanthophyll cycle; the same index 
excluding these effects is represented by 
blue dotted lines (e,f), normalized difference 
vegetation index (g,h) near-infrared reflec-
tance of vegetation (i,j). (For interpretation 
of the references to colour in this figure 
legend, the reader is referred to the web 
version of this article.)   
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leaf angle in the vertical profile and then integrated at the canopy level 
as a mean weighted by LAD. Like other fluxes, APARChl (per unit total 
leaf area) is also scaled by LAI. Both models predict the same values 
when fgreen is 0 or 1, except for Tc. SCOPE usually predicts higher 
APARChl (Fig. 7a,b). However, senSCOPE predicts higher APARChl per 
unit green leaf area whenever 0 < fgreen < 1 (Fig. 7a,b, blue dotted lines). 
Despite predicting lower A (Fig. 6a,b) and λE (Fig. 6e,f), senSCOPE 
predicts larger uWUE (Fig. 7e,f). senSCOPE systematically provides 
higher canopy temperature (Tc, Fig. 7c,d) and Kn (Fig. 7g,h) than 
SCOPE, whereas Φ’f (Fig. 7i,j) shows both positive and negative 
differences. 

Fig. 8 compares some TOC spectroradiometric variables relevant for 
the study of vegetation biophysical and functional parameters from RS. 
The variability of vegetation parameters (Fveg) induces positive and 
negative differences between these variables, whereas Fmeteo produces 
systematic differences. SCOPE always predicts larger F687 and F760 than 
senSCOPE in Fmeteo (Fig. 8a,c), and most often in Fveg (Fig. 8b,d). sen-
SCOPE predicts higher PRI in Fmeteo (Fig. 8e), but there is a large vari-
ability in Fveg (Fig. 8f). For comparison, Fig. 8e,f shows the differences in 
the PRI predicted without simulating the effect of the xanthophyll cycle 
(PRI0, blue dotted lines). As can be seen, the largest differences in Fmeteo 
are induced by structural and biochemical properties, whereas leaf 
physiology reduces the differences between both models. Fig. 8g,h, and 
8i,j present the differences for NDVI and NIRv, respectively. In both 
cases, senSCOPE predicts lower values, but differences are relatively 
smaller for NIRv. 

4.3. Comparison with SCOPE model. Inversion 

Fig. 9 compares the capability of SCOPE and senSCOPE to fit and 
predict the variables used as inversion constraints. It presents the rela-
tive differences of statistics obtained in each of the inversion schemes (in 
columns) corresponding to R in the visible spectral region (RVis, Fig. 9a- 
d), RNIR (Fig. 9e-h), GPP (Fig. 9i-l), F760 (Fig. 9m-p), and Lt (Fig. 9q-t). 
Notice that GPP and F760 do not always constrain the inversion. sen-
SCOPE fits RVis and RNIR more closely than SCOPE except for RVis in the 
scheme IR; it also improves the fit and prediction of GPP. senSCOPE fits 
or predicts F760 with higher R2 than SCOPE; however, RMSE and MAE 
are larger when F760 does not constraint the inversion (IGPP and IR). 
senSCOPE fits Lt with lower R2 and larger errors than SCOPE. In the 
schemes constrained by GPP, the posterior uncertainties are relatively 

similar for both models, except for F760 in IGPP-SIF where senSCOPE re-
duces σpost more than 40%. However, in the scheme IR senSCOPE pos-
terior uncertainties two-fold those of SCOPE (out of the plot scale). 

Fig. 10 evaluates the estimation of the most relevant parameters 
using field observations and a pattern-oriented model evaluation 
approach. LAI (Fig. 10a-c) and fgreen (Fig. 10d-f) are compared against 
observations. senSCOPE improves the retrieval of LAI; still, R2 values are 
below 0.65. senSCOPE also provides reasonable estimates of fgreen (R2 >

0.49). fgreen is overestimated but within the bounds of the Cab-fgreen 
relationship observed in the site (Fig. S7). Vcmo retrievals (per unit green 
leaf area) are evaluated according to their relationship with Nmass,green 
(Fig. 10g-i), which is compared with the one reported for grasslands by 
Feng and Dietze (2013). Results are coherent with those presented in 
Pacheco-Labrador et al. (2019): IR fails to constrain Vcmo, whereas the 
schemes constrained by GPP provide comparable and plausible estima-
tions. Similarly, Cab (per unit total leaf area) is evaluated against Nmass 
(Fig. 10j-l), and their relationship is compared with observations of both 
variables in the study site (Martín et al., 2020). senSCOPE estimates are 
comparable between inversion schemes and follow the relationship 
observed in the field. However, as in Pacheco-Labrador et al. (2019) the 
constraint of GPP on SCOPE leads to large Cab values that stand out of 
the relationship with Nmass. Fig. 10m-o compares predicted and 
observed EF. Both models achieve similar results, but senSCOPE R2 

values are slightly lower than in SCOPE. 

5. Discussion 

5.1. Contribution to the study of vegetation function from space 

senSCOPE improves the representation of radiative transfer, energy, 
and gas exchange in mixed canopies such as grasslands. The new 
formulation modifies the relationships between PRI, SIF, and TIR signals 
and vegetation physiology. Compared to SCOPE, senSCOPE outputs 
(spectral variables and fluxes) respond more linearly to fgreen. Still, 
senSCOPE predicts high APAR in the green vegetation, independently of 
SPM abundance (Fig. 5c, 7a,b). The separation of green and non-green 
APAR is not new in RS (Asner et al., 1998a; Zhang et al., 2016). The 
contribution of senSCOPE is instead on the fate of the photons absorbed 
by chlorophyll and on how this fate translates to RS signals. senSCOPE 
green leaves show high Kn levels independently of fgreen, leading to 
midday depletion of fluorescence efficiency (Fig. 4m-p). senSCOPE Kn is 

Fig. 9. Relative differences between the fit/prediction statistics of the inversion constraints obtained by senSCOPE and (minus) SCOPE for the different inver-
sion schemes. 
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systematically higher than in SCOPE (Fig. 7g,h), and so does PRI. Still, 
canopy structure and pigment pool dominate PRI differences (Fig. 5q,r, 
8e,f). Contrarily, fluorescence efficiency is more dynamic; senSCOPE 
usually predicts larger Φ’f and lower SIF radiances than SCOPE, but not 
always. There are also significant differences in the prediction of fluxes. 
senSCOPE reduces the photosynthetic and transpiring leaf surface. Thus, 
it predicts larger H and lower λE and A, but also greater water use ef-
ficiency than SCOPE. SPM modifies canopy functions and signals, which 
can mislead the interpretation of RS data linked to vegetation function 
when using “single-leaf” approaches. senSCOPE is relevant for the study 
of grasslands from missions such as FLEX (Drusch et al., 2017) as well as 
others with the potential to inform about ecosystem functions (Schimel 
et al., 2019). senSCOPE can also improve the comparison and inter-
pretation of spectral information from different grassland ecosystems or 
phenological stages. 

5.2. Characterization of senesced plant material 

The inversion of senSCOPE shows that, in addition to improving 
model formulation, specific model parameters are necessary to 
adequately represent canopies where SPM is present (see Section 5.3). 
We have characterized specific absorption coefficients from SPM sam-
ples of Mediterranean species, Ks,SPM. Despite methodological differ-
ences, the results agree with a more sophisticated characterization from 
Canadian monocots (Proctor et al., 2017): 1) SPM absorbs more strongly 
in the NIR than what Ks,ori predicts; 2) this absorption is very low or 

0 above 1800 nm. We acknowledge that estimating ρ and τ from BCRF 
measurements and using the same refractive index for SPM and green 
vegetation can induce uncertainties on Ks,SPM. Still, the variable nature 
of the chemicals involved in senescence and decomposition might 
compromise accuracy despite the measurement technique (Proctor 
et al., 2017). This problem also occurs with dry leaf matter, which 
comprehends a mixture of different compounds, including lignin, cel-
lulose, or proteins, among others (Féret et al., 2019; Jacquemoud et al., 
1996). Despite potential uncertainties, the results of model inversion 
(Section 5.3) are very similar when Ks,SPM, or the potentially more ac-
curate Ks,Proctor-ac and η from Proctor et al. (2017) are integrated into 
senSCOPE. Further research is needed to improve the representation of 
the temporal and taxonomic variability of the radiative transfer pa-
rameters (η and Ks) of SPM. 

We estimated large values of N, most often in stem samples with low 
SLA. Our N-SLA data is out of the ranges covered by LOPEX; however, 
both databases together showed an asymptotic relationship close to the 
model reported by Jacquemoud and Baret (1990). Proctor et al. (2017) 
also retrieved large N in SPM and found that this was coherent with 
previous works. The fact that they also characterized η did not prevent 
large N estimates. Peters and Noble (2020) inverted PROSPECT against 
simulations of an RTM describing leaf structure in detail. They found 
large N values in leaves with low mesophyll thickness or cell cap ratio. 
They showed that N -representing an abstraction of leaf structure-, can 
accommodate a large part of the model error produced by such 
abstraction. Besides, we found substantial N values in stem samples. We 

Fig. 10. Summary of the parameters’ eval-
uation using observations and pattern- 
oriented model evaluation for the three 
inversion schemes tested. Leaf area index, 
(a-c), fraction of green leaf area (d-f), and 
evaporative fraction (m-o) are compared 
with field observation using the Total Least 
Squares (Golub and Loan, 1980). Signifi-
cance is described with the symbols * for p- 
values 0.05 ≤ p < 0.10; and ** for p < 0.05. 
The 1:1 line is shown in black. The rela-
tionship between estimates of the maximum 
carboxylation rate at optimum temperature 
and nitrogen content in green leaves is 
compared with a similar relationship from 
the literature (Feng and Dietze, 2013) (g-i). 
The relationship between estimated chloro-
phyll content with nitrogen concentration is 
compared with the relationship found in 
independent plots at the study site (j-l). A 
logarithmic relationship is fitted in both 
cases; the 95% confidence intervals are 
shown with dashed lines. (For interpretation 
of the references to colour in this figure 
legend, the reader is referred to the web 
version of this article.)   
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acknowledge that leaf RTMs do not simulate such structures; however, 
in grasslands, stems are often made of or are wrapped by leaves, which is 
not easy to model. Large N values are likely an ill-posed solution induced 
by the model error that allows representing low transmittance elements, 
such as grass stems. Still, as shown by Peters and Noble (2020) or this 
work, N seems able to take these errors while allowing reliable retrievals 
of leaf biochemical contents. In the inversion of senSCOPE, we forced 
large N for SPM to simulate for stems in the canopy. Different tests 
revealed that prescribing N of senesced leaves as a factor of 4 or more 
times N in green leaves led to similar and coherent results. This fact 
suggests that large N could approximate the presence of grass stems in 
“dual-leaf” RTM. Indeed, further research is needed to understand N’s 
role in the representation of SPM, whereas sounder modeling of stems in 
grasslands should be pursuited. 

5.3. senSCOPE inversion and estimation of key vegetation traits 

The combination of senSCOPE and the new SPM-specific Ks provided 
a more accurate representation of light interaction and plant physiology 
in the grassland, which enhanced the fit and prediction of RVis, RNIR, 
GPP, and F760 (Fig. 9). Still, the inversion of senSCOPE against reflec-
tance (IR) led to higher errors in the visible range (Fig. 9a-d). This fact 
might reflect uncertainties in the characterization of Ks or insufficient 
constrain. senSCOPE predicted F760 with lower R2 and larger errors than 
SCOPE in the IR and IGPP schemes, where fqe was fixed. However, F760 
was more accurately fitted in the scheme IGPP-SIF, where fqe was also 
retrieved. In all the cases, senSCOPE underestimated Lt more than 
SCOPE. In both cases, we simulated TIR R and ε using leaf optical 
properties at 2400 nm. Lt uncertainties might relate to this modeling 
approach, to the lack of R data in the SWIR wavelengths, or the as-
sumptions on the values of Cw and Cdm in SPM. Overall, senSCOPE can 
better reproduce spectroradiometric variables and carbon fluxes than 
SCOPE if adequately parametrized. 

senSCOPE (featuring Ks,SPM) improved the estimation of key vege-
tation traits controlling water and carbon fluxes (Fig. 10). SCOPE, and to 
a lesser extent senSCOPE, underestimated LAI (Fig. 10a-c). Pacheco- 
Labrador et al. (2019) hypothesized that this might relate to RNIR 
overestimation. Proctor et al. (2017) also underestimated LAI despite 
inverting an RTM with re-calibrated optical parameters of SPM. We 
hypothesize that LAI biases might be in part related to high species 
richness (Darvishzadeh et al., 2008) since the average of parameters 
within a pixel might not linearly scale with the spectral signals inte-
grated by the sensor. Alternatively, assumptions on SPM leaf angle 
distribution might account for part of these uncertainties. Pacheco- 
Labrador et al. (2019) reported an overestimation of Cab in the dry 
season when GPP constrained the inversion of SCOPE. The over-
estimation of RNIR was compensated with large Cs; which reduced 
APARChl (Fig. 7a,b) and required high Cab to allow the fit of GPP. sen-
SCOPE led to Cab values soundly related to Nmass and coherent with field 
observations (Fig. 10j-l). At the same time, Vcmo estimates did not 
significantly change (Fig. 10g-i). We hypothesize that in SCOPE, Vcmo 
estimates scaled with fgreen to compensate for the photosynthetic leaf 
surface decrease. This fact would explain the reduction of Vcmo during 
senescence reported by Bayat et al. (2018). senSCOPE predicted EF less 
accurately than SCOPE. This difference might relate to larger Lt biases or 
the lack of control of soil moisture on stomatal conductance (Bayat et al., 
2019). senSCOPE seems to overestimate fgreen to compensate LAI un-
derestimation (Fig. 10d-f). The lack of direct observations prevents Cab 
and Vcmo evaluation. In this context, the pattern-oriented model evalu-
ation was very useful to confirm the feasibility of these retrievals. Nmass, 

green-Vcmo and Nmass-Cab relationships were quite close to the ones in the 
literature or observed in the site, suggesting that LAI and fgreen biases did 
not strongly affect the retrieval of these parameters. 

The inversion of senSCOPE requires the estimation of a larger 
number of parameters than SCOPE. We established different assump-
tions to simplify this problem so that only one additional parameter 

-fgreen-, had to be retrieved. fgreen controls all model outputs (Fig. 4-8) 
and cannot be independently related to a particular spectral region. This 
fact increases the ill-posedness of the inverse problem and inflates σpost 
(Zurita-Milla et al., 2015). We regularized fgreen with a statistical model 
to minimize this problem, which improved the inversion results (not 
shown). The selection of constraints also enhanced the retrieval of bio-
physical and functional parameters. Pacheco-Labrador et al. (2019) 
proved that the combination of RS and strong physiological constraints 
such as GPP increases LAI and Vcmo estimates’ robustness. These con-
clusions are still valid for senSCOPE, with the advantage that it prevents 
the overestimation of Cab. 

The abovementioned improvements are not exclusively due to the 
new model formulation. The inversion of senSCOPE with different Ks 
shows that despite potential uncertainties, SPM-specific Ks contribute to 
improving the estimation of vegetation parameters, especially of LAI. 
The inversion of senSCOPE featuring Ks,SMP and the Ks,Proctor-ad and η 
from Proctor et al. (2017) led to very similar results, both for the pre-
diction and fit of constraints (Fig. 9, S8) and the retrieval of vegetation 
parameters (Fig. 10, S10). When the original Ks,ori was used, RNIR was 
underestimated (Fig. S9), and LAI was less accurately retrieved (R2 ~ 
0.36) (Fig. S11). Still, Ks,ori prevented Cab’s overestimation, but the 
retrieved values were lower than the site’s observations. 

5.4. senSCOPE model assumptions 

senSCOPE relies on three assumptions that simplify the model and its 
inversion. (1) senSCOPE assumes that the canopy is a mixture of two 
extreme cases: green and senesced leaves. Senescing leaves that feature 
both senescent and other pigments (Biswal, 1995; Merzlyak and Gitel-
son, 1995) are not represented. This approach has succeeded in esti-
mating vegetation parameters in mixed canopies (Bach and Verhoef, 
2003; Houborg et al., 2009; Houborg et al., 2015; Houborg and McCabe, 
2016; Verhoef and Bach, 2003). In these cases, senescing leaves were 
assigned to one of the extreme cases with no substantial uncertainty in 
the canopy-integrated predictions. (2) senSCOPE assumes a homoge-
neous canopy. However, light penetration and leaf age can trigger 
senescence differently in the vertical profile (Ciganda et al., 2008; 
Gregersen et al., 2013; Valentinuz and Tollenaar, 2004). mSCOPE model 
can represent heterogeneous vertical canopies; however, this model 
does not represent different leaf types within the same horizontal layer. 
In these situations, mSCOPE and senSCOPE could be merged to yield a 
flexible 1-D representation of the canopy. (3) senSCOPE assumes that 
both leaf types feature the same LAD. However, differences in senesced 
and green plants’ structure might occur since the first lose the leaves as 
they degrade, remaining vertical stems (Koukoura et al., 2003; van 
Leeuwen and Huete, 1996). We hypothesize that the combination of 
high species richness (Keeley and Fotheringham, 2005), different 
phenological strategies (Catorci et al., 2012; Fernández Ales et al., 
1993), and litter transport (Throop and Belnap, 2019) relax assumptions 
2 and 3. These characteristics induce a mixture of plants featuring 
different properties (Wohlfahrt et al., 2001; Barillot et al., 2011; Price 
et al., 2014) and decomposition stages (Gartner and Cardon, 2004); 
which blur characteristic patterns expected for individual species and 
leaf types. Such a mixture increases the feasibility of the last two as-
sumptions in biodiverse grasslands and similar environments, but they 
might not be valid in all cases. 

6. Conclusions 

We have introduced two advancements in the simulation of ecosys-
tems featuring green and senesced plant material mixtures, such as 
grasslands. We present senSCOPE, a version of SCOPE that separately 
models radiative transfer, energy balance, and photosynthesis of green 
and senesced leaves. Besides, we have characterized new specific ab-
sorption coefficients of senesced plant material. Together, these im-
provements outperformed the original model SCOPE in retrieving 
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functional and biophysical vegetation parameters in a Mediterranean 
grassland. 

We obtained high values of the leaf structural parameter N during the 
senescent plant material’s characterization, particularly for stems. 
Assuming that senSCOPE senesced leaves featured large N improved the 
retrieval of vegetation properties, which suggests a high abundance and 
a relevant role of senesced stems in the investigated grassland. Indeed, 
more research is needed to improve the characterization and modeling 
of senesced plant material. senSCOPE has been successfully evaluated in 
a Mediterranean grassland. Further work is needed to understand its 
applicability to other canopies where senesced material is abundant. 
Also, the capability of remote observations with lower resolutions to 
constrain senSCOPE and provide reliable estimates of key vegetation 
traits must be investigated. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgements 

JPL, MM and MR acknowledge the EnMAP project MoReDEHE-
SHyReS “Modelling Responses of Dehesas with Hyperspectral Remote 
Sensing” (Contract No. 50EE1621, German Aerospace Center (DLR) and 
the German Federal Ministry of Economic Affairs and Energy). Authors 

acknowledge the Alexander von Humboldt Foundation for supporting 
this research with the Max-Planck Prize to Markus Reichstein; the project 
SynerTGE “Landsat-8+Sentinel-2: exploring sensor synergies for moni-
toring and modeling key vegetation biophysical variables in tree-grass 
ecosystems” (CGL2015-69095-R, MINECO/FEDER,UE); and the project 
FLUχPEC “Monitoring changes in water and carbon fluxes from remote 
and proximal sensing in Mediterranean ‘dehesa’ ecosystem” (CGL2012- 
34383, Spanish Ministry of Economy and Competitiveness). The authors 
are very thankful to the MPI-BGC Freiland Group and especially Olaf 
Kolle, Martin Hertel, and Ramón López-Jiménez (CEAM) for technical 
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Table A.1 
Symbols, subscripts, abbreviations, and units. Cs is presented in arbitrary units (a.u.).   

Description Units 

Symbol 
A Net CO2 assimilation rate μmol m− 2 s− 1 

a SAIL attenuation coefficient – 
APARChl Photosynthetically active radiation absorbed by chlorophyll μmol m− 2 s− 1 

b SAIL Leaf scattering coefficient – 
B Black-body thermal emission W m2 

BCRF Bi-conical reflectance factor – 
Cab Leaf chlorophyll content μg cm− 2 

Cant Leaf anthocyanins content μg cm− 2 

Cca Leaf carotenoids content μg cm− 2 

Cdm Leaf dry matter content g cm− 2 

Ci Leaf CO2 internal concentration μmol cm− 3 

Cs Senescent pigments content a.u. 
Cw, Leaf water content g cm− 2 

dx Horizontal canopy layer relative width – 
E− Downward diffuse flux W m2 μm− 1 

E+ Upward diffuse flux W m2 μm− 1 

E1 Incident flux W m2 μm− 1 

E2 Scattered flux W m2 μm− 1 

Ea Total absorbed radiation W m2 

ea Atmospheric vapor pressure hPa 
Eap,Chl Photosynthetically active radiation absorbed by chlorophyll W m2 

eebal Energy balance closure error W m− 2 

EF Evaporative fraction – 
Eo Flux in the observation direction W m2 μm− 1 

Es Solar direct flux W m2 μm− 1 

etreshold Acceptance threshold of the energy balance closure error W m− 2 

Eλ Spectral irradiance W m2 μm− 1 

f Fraction of leaf area of a given leaf type – 
F687 Spectral fluorescence radiance in the O2–B band W m− 2 sr− 1 μm− 1 

F760 Spectral fluorescence radiance in the O2-A band W m− 2 sr− 1 μm− 1 

fqe Fluorescence quantum efficiency – 
Fλ Spectral fluorescence radiance W m− 2 sr− 1 μm− 1 

G Soil heat flux W m− 2 

GPP Gross primary production μmol m− 2 s− 1 

H Sensible heat flux W m− 2 

HDRF Hemispherical-directional reflectance factors – 
k SAIL extinction coefficients in the solar direction – 
K SAIL extinction coefficients in the observation direction – 

(continued on next page) 
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Table A.1 (continued )  

Description Units 

kChl,rel Relative spectral absorption of chlorophylls respect to the remaining total absorption in the leaf – 
Kn Rate coefficient for non-photochemical quenching – 
Ks Specific absorption coefficient of senescent pigments – 
Ks,oir The original specific absorption coefficient integrated into the models PROSPECT or Fluspect – 
Ks,Proctor- 

ad 

The specific absorption coefficient of advanced decay pigments characterized by Proctor et al. (2017). – 

Ks,SPM The specific absorption coefficient of senescent pigments characterized in this work from senesced plant material samples of a Mediterranean 
grassland. 

– 

LAD Leaf angle distribution – 
LAI Leaf area index m2 m− 2 

LAI’ Leaf area index of a horizontal layer of the canopy m2 m− 2 

LIDFa Leaf inclination distribution function – 
LIDFb Bimodality of the leaf inclination – 
LR,λ Spectral reflected radiance W m− 2 sr− 1 μm− 1 

Lt Thermal radiance W m− 2 sr− 1 

m Ball-Berry sensitivity parameter – 
M Backwards excitation-fluorescence matrix – 
M’ Forward excitation-fluorescence matrix – 
MAE Mean absolute error  
N Leaf structural parameter Leaf layers 
NDVI Normalized difference vegetation index – 
NIRv Near-infrared reflectance of vegetation – 
Nmass Foliar nitrogen content in leaves % 
Nmass,green Foliar nitrogen content in green leaves % 
p Atmospheric pressure hPa 
PRI Photochemical reflectance index – 
Qsc Single-leaf scattering efficiency factor – 
R Reflectance factor – 
R2 Coefficient of determination – 
Rin Down-welling short-wave irradiance W m2 

Rli Down-welling long-wave irradiance W m2 

RMSE Root mean squared error  
Rn Net radiation W m2 

RNIR Reflectance factor in the near-infrared spectral range – 
rss Soil resistance to evaporation from the pore space s m− 1 

RVis Reflectance factor in the Visible spectral range – 
s SAIL scattering coefficient – 
s’ SAIL scattering coefficient – 
SLA Specific Leaf Area cm− 2 mg 
SMp Soil moisture content vol vol− 1 in % 
T Leaf or soil temperature ◦C or ◦K 
Ta Air temperature ◦C 
u Wind speed m s− 1 

uWUE Underlying water use efficiency gC kPa0.5 

kgH2O− 1 

v SAIL scattering coefficient – 
v’ SAIL scattering coefficient – 
Vcmo Maximum carboxylation capacity at optimum temperature μmol m− 2 s− 1 

VPD Vapor pressure deficit hPa 
w SAIL scattering coefficient – 
x Vertical relative height within the canopy – 
X Leaf parameter  
Δ Difference  
∆Lx, λ Variation in spectral radiance induced by the activation of the xanthophyll cycle W m− 2 sr− 1 nm− 1 

ε Emissivity – 
η Refractive index – 
θl Leaf inclination angle ◦

θs Sun zenith angle ◦

Λ Statistical parameter  
λ Wavelength nm 
λE Latent heat flux W m− 2 

ρ Leaf directional hemispherical reflectance factor – 
σ SAIL scattering coefficient – 
σpost Posterior uncertainty  
τ Leaf directional hemispherical transmittance factor – 
Φ’f Fluorescence amplification factor – 
φl Leaf azimuth anlge ◦

φs Solar azimuth anlge ◦

Subscripts and superscripts 
c Canopy or leaf  
dif Direct radiation  
dir Diffuse radiation  
e Excitation  
f Fluorescence  

(continued on next page) 
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Table A.1 (continued )  

Description Units 

green Green leaf  
h Shaded leaf  
i Either green or senesced leaf  
s Soil  
senes Senesced leaf  
soil Soil  
t Thermal domain  
u Sunlit leaf  
λ Spectral   

Acronyms 
BRDF Bi-directional Reflectanc Distribution Function  
DoY Day of the year day number 
E-F Excitation-fluorescence matrix  
Fmeteo Forward simulation varying meteorological drivers  
Fveg Forward simulation varying vegetation parameters  
IGPP Inversion scheme constrained by gross primary production  
IGPP-SIF Inversion scheme constrained by gross primary production and chlorophyll sun-induced fluorescence  
IR Inversion scheme constrained by reflectance factors  
NIR Near Infrared  
RS Remote sensing  
RTM Radiative transfer model  
RTMf Fluorescence radiative transfer model  
RTMz Zeaxanthin radiative transfer model  
SCOPE Soil-Canopy Observation of Photosynthesis and Energy fluxes  
SIF Chlorophyll Sun-induced fluorescence  
SPM Senescent plant material  
SWIR Short-wave infrared  
TIR Thermal infrared radiation  
TOC Top of the canopy   
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Féret, J.B., le Maire, G., Jay, S., Berveiller, D., Bendoula, R., Hmimina, G., Cheraiet, A., 
Oliveira, J.C., Ponzoni, F.J., Solanki, T., de Boissieu, F., Chave, J., Nouvellon, Y., 
Porcar-Castell, A., Proisy, C., Soudani, K., Gastellu-Etchegorry, J.P., Lefèvre- 
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of experimental grasslands in relation to fertility and resource heterogeneity. Func. 
Ecol. 28, 509–519. https://doi.org/10.1111/1365-2435.12186. https://besjournals. 
onlinelibrary.wiley.com/doi/full/10.1111/1365-2435.12186. 

Proctor, C., Lu, B., He, Y., 2017. Determining the absorption coefficients of decay 
pigments in decomposing monocots. Remote Sens. Environ. 199, 137–153. 

Ren, H., Zhang, B., 2018. Spatiotemporal variations in litter mass and their relationships 
with climate in temperate grassland: a case study from Xilingol grassland, Inner 
Mongolia (China). Adv. Space Res. 61, 1055–1065. 

Rouse, J.W., Haas, R.H., Schell, J.A., Deering, D.W., 1974. Monitoring vegetation 
systems in the Great Plains with ERTS. In: Freden, S.C., Mercanti, E.P., Becker, M.A. 
(Eds.), Third Earth Resources Technology Satellite- 1 Symposium. NASA, Greenbelt, 
MD, USA, pp. 301–317. 

Sabetta, L., Zaccarelli, N., Mancinelli, G., Mandrone, S., Salvatori, R., Costantini, M.L., 
Zurlini, G., Rossi, L., 2006. Mapping litter decomposition by remote-detected 
indicators, 2006, p. 49. 

Schimel, D., Schneider, F.D., Carbon, J., Participants, E., 2019. Flux towers in the sky: 
global ecology from space. New Phytol. 224, 570–584. 

Serbin, S.P., Singh, A., Desai, A.R., Dubois, S.G., Jablonski, A.D., Kingdon, C.C., 
Kruger, E.L., Townsend, P.A., 2015. Remotely estimating photosynthetic capacity, 
and its response to temperature, in vegetation canopies using imaging spectroscopy. 
Remote Sens. Environ. 167, 78–87. 

Silva-Perez, V., Molero, G., Serbin, S.P., Condon, A.G., Reynolds, M.P., Furbank, R.T., 
Evans, J.R., 2018. Hyperspectral reflectance as a tool to measure biochemical and 
physiological traits in wheat. J. Exp. Bot. 69, 483–496. 

Sims, D.A., Gamon, J.A., 2002. Relationships between leaf pigment content and spectral 
reflectance across a wide range of species, leaf structures and developmental stages. 
Remote Sens. Environ. 81, 337–354. 

Stoler, A.B., Relyea, R.A., 2020. Reviewing the role of plant litter inputs to forested 
wetland ecosystems: leafing through the literature. Ecol. Monogr. 90, e01400. 

Stuckens, J., Verstraeten, W.W., Delalieux, S., Swennen, R., Coppin, P., 2009. 
A dorsiventral leaf radiative transfer model: development, validation and improved 
model inversion techniques. Remote Sens. Environ. 113, 2560–2573. 

Taranto, F., Pasqualone, A., Mangini, G., Tripodi, P., Miazzi, M.M., Pavan, S., 
Montemurro, C., 2017. Polyphenol oxidases in crops: biochemical, physiological and 
genetic aspects. Int. J. Mol. Sci. 18, 377. 

Thomas, H., Stoddart, J.L., 1980. Leaf senescence. Annu. Rev. Plant Physiol. 31, 83–111. 
Throop, H.L., Belnap, J., 2019. Connectivity Dynamics in Dryland Litter Cycles: Moving 

Decomposition beyond Spatial Stasis. BioScience 69, 602–614. https://doi.org/ 
10.1093/biosci/biz061. https://academic.oup.com/bioscience/article/69/8/60 
2/5522598. 

Valentinuz, O.R., Tollenaar, M., 2004. Vertical profile of leaf senescence during the 
grain-filling period in older and newer maize hybrids. Crop Sci. 44, 827–834. 

van der Tol, C., Verhoef, W., Timmermans, J., Verhoef, A., Su, Z., 2009. An integrated 
model of soil-canopy spectral radiances, photosynthesis, fluorescence, temperature 
and energy balance. Biogeosciences 6, 3109–3129. 

van der Tol, C., Berry, J.A., Campbell, P.K.E., Rascher, U., 2014. Models of fluorescence 
and photosynthesis for interpreting measurements of solar-induced chlorophyll 
fluorescence. J. Geophys. Res. Biogeosci. 119, 2312–2327. 

van der Tol, C., Rossini, M., Cogliati, S., Verhoef, W., Colombo, R., Rascher, U., 
Mohammed, G., 2016. A model and measurement comparison of diurnal cycles of 
sun-induced chlorophyll fluorescence of crops. Remote Sens. Environ. 186, 663–677. 

van Leeuwen, W.J.D., Huete, A.R., 1996. Effects of standing litter on the biophysical 
interpretation of plant canopies with spectral indices. Remote Sens. Environ. 55, 
123–138. 

Verhoef, W., 1984. Light scattering by leaf layers with application to canopy reflectance 
modeling: the SAIL model. Remote Sens. Environ. 16, 125–141. 

Verhoef, W., Bach, H., 2003. Remote sensing data assimilation using coupled radiative 
transfer models. Phys. Chem. Earth Parts A/B/C 28, 3–13. 

Vilfan, N., van der Tol, C., Muller, O., Rascher, U., Verhoef, W., 2016. Fluspect-B: a 
model for leaf fluorescence, reflectance and transmittance spectra. Remote Sens. 
Environ. 186, 596–615. 

Vilfan, N., Van der Tol, C., Yang, P., Wyber, R., Malenovský, Z., Robinson, S.A., 
Verhoef, W., 2018. Extending Fluspect to simulate xanthophyll driven leaf 
reflectance dynamics. Remote Sens. Environ. 211, 345–356. 

Wallis, C.I.B., Homeier, J., Peña, J., Brandl, R., Farwig, N., Bendix, J., 2019. Modeling 
tropical montane forest biomass, productivity and canopy traits with multispectral 
remote sensing data. Remote Sens. Environ. 225, 77–92. 

Wang, Q., Tenhunen, J., Dinh, N.Q., Reichstein, M., Otieno, D., Granier, A., Pilegarrd, K., 
2005. Evaluation of seasonal variation of MODIS derived leaf area index at two 
European deciduous broadleaf forest sites. Remote Sens. Environ. 96, 475–484. 

Wenhan, Q., 1993. Modeling bidirectional reflectance of multicomponent vegetation 
canopies. Remote Sens. Environ. 46, 235–245. 

Whitfield, D.M., Rowan, K.S., 1974. Changes in the chlorophylls and carotenoids of 
leaves of Nicotiana tabacum during senescence. Phytochemistry 13, 77–83. 

Wohlfahrt, G., Bahn, M., Tappeiner, U., Cernusca, A., 2001. A multi-component, multi- 
species model of vegetation–atmosphere CO2 and energy exchange for mountain 
grasslands. Agric. For. Meteorol. 106, 261–287. https://doi.org/10.1016/S0168- 
1923(00)00224-0. 

Yang, P., Verhoef, W., van der Tol, C., 2017. The mSCOPE model: a simple adaptation to 
the SCOPE model to describe reflectance, fluorescence and photosynthesis of 
vertically heterogeneous canopies. Remote Sens. Environ. 201, 1–11. 

Yang, X., Guo, X., 2014. Quantifying responses of spectral vegetation indices to dead 
materials in mixed grasslands. Remote Sens. 6, 4289–4304. 

Zhang, D., Hui, D., Luo, Y., Zhou, G., 2008. Rates of litter decomposition in terrestrial 
ecosystems: global patterns and controlling factors. J. Plant Ecol. 1, 85–93. 

Zhang, Q., Middleton, E.M., Cheng, Y.-B., Huemmrich, K.F., Cook, B.D., Corp, L.A., 
Kustas, W.P., Russ, A.L., Prueger, J.H., Yao, T., 2016. Integrating chlorophyll fAPAR 
and nadir photochemical reflectance index from EO-1/Hyperion to predict cornfield 
daily gross primary production. Remote Sens. Environ. 186, 311–321. 

Zhang, Y., Guanter, L., Berry Joseph, A., Joiner, J., Tol, C., Huete, A., Gitelson, A., 
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