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ABSTRACT
The estimation and mapping of vegetation traits from satellite 
hyperspectral imagery is entering a new era, as multiple missions 
have recently started and more are currently in preparatory phase. 
With expected ground sampling distances (GSD) ranging from 8 to 
30 m, these missions could complement each other, especially over 
spatially heterogeneous environments where the canopy cover 
(CC) is low. This study focused on the retrieval of five vegetation 
traits (gap fraction, leaf chlorophylls (Cab) and carotenoids (Car) 
contents, equivalent water thickness, and leaf mass per area) of 
two Mediterranean-climate forests from AVIRIS-Classic (AVIRIS-C), 
synthetic Biodiversity, and synthetic Surface Biology and Geology 
(SBG) missions with 18 m, 8 m, and 30 m GSD, respectively, using 
a hybrid method. The synthetic SBG images were provided by 
NASA, while the Biodiversity images were generated from airborne 
AVIRIS-Next Generation hyperspectral imagery. Partial least-square 
regressors were trained over the outputs of the DART model to 
estimates vegetation traits. Estimated accuracies were assessed, 
when possible, by comparison with in situ measurements. We 
showed that estimated accuracy of gap fraction was similar 
between AVIRIS-C and SBG (RMSE of 0.09, R2 of 0.8 and RMSE of 
0.07, R2 of 0.59, respectively). Leaf traits estimated accuracies were 
also similar between these two sensors, but only acceptable for Cab 

and Car (, 7.5 μg.cm� 2 RMSE for Cab, , 1.65 μg.cm� 2 RMSE for Car), 
especially over the densest parts of the canopy. When comparing 
estimates obtained from Biodiversity and SBG imagery, it appeared 
that the denser the canopy, the more estimates from both sensors 
were in agreement for all leaf traits (for instance, Cab, R2 was 0.2 for 
30% � CC � 50% and 0.48 for CC � 80%). The results show that 
(i) SBG imagery should lead to estimated accuracies similar to 
AVIRIS-C, with acceptable performances over dense canopies, and 
that (ii) Biodiversity imagery has a high potential to map vegetation 
traits over any canopy no matter its sparsity, as individual tree 
crowns are mostly resolved at an 8 m GSD.
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1. Introduction

Even though they only cover 2% of land surfaces, the Mediterranean ecoregions are home 
to 20% of global plant species (Cowling et al. 1996) which puts them among the major 
biodiversity hotspots (Myers et al. 2000). This diversity varies over a great range of 
environments: indeed, while true forests with closed canopies do exist in these ecosys-
tems, open canopies are a common occurence (Gauquelin et al. 2018) due to the 
historically strong climatic and anthropogenic pressures (Scarascia-Mugnozza et al. 
2000). However, temperature and aridity are expected to rise considerably by 2100 
(Somot et al. 2008), significantly endangering their biodiversity (Sala et al. 2000). The 
ability to monitor the health status of Mediterranean ecosystems is therefore crucial to 
possibly guide conservation policies.

Due to their ability to cover large swathes almost continuously, satellite-based remote 
sensing methods are expected to have an important role in future global monitoring 
efforts, and the concept of satellite-specific Essential Biodiversity Variables has recently 
been defined (Pettorelli et al. 2016). Several hyperspectral missions, such as EnMAP 
(Guanter et al. 2015), CHIME (Rast et al. 2019), SHALOM (Feingersh and Ben Dor 2015), 
SBG (inheritor of HyspIRI (Lee et al. 2015)), Biodiversity (inheritor of HypXIM (Carrere et al. 
2013)) or PRISMA Second generation, are in preparation, prefiguring a new era concerning 
hyperspectral remote sensing of vegetation. While most satellite sensors should have 
a Ground Sampling Distance (GSD) of 30 m, SHALOM and Biodiversity are expected to 
have a GSD of 10 and 8 m, respectively, which would make it possible to better identify 
canopy structure, especially concerning open forests, at the cost of a lower Signal-to- 
Noise Ratio (SNR) and a lower temporal resolution. Assessing retrieval performances of 
vegetation parameters from images taken by low and medium GSD satellite sensors over 
open and closed canopies will help understand how they complement each other as well 
as their respective limitations.

Various methods exist to retrieve these vegetation parametres from hyperspectral 
images, usually categorized into four main families (Verrelst et al. 2015). Parametric 
and non-parametric empirical-statistical methods, where a model is fitted using data 
collected in situ, have been used with great success: for instance, Dana Chadwick and 
Gregory (2016) demonstrated that the leaf content in a variety of leaf biochemicals 
could be obtained from high-resolution hyperspectral images using Partial-Least- 
Square Regression (PLSR) trained on collected data. Similarly, Siegmann and Jarmer 
(2015) obtained consistent results estimating the Leaf Area Index (LAI) through PLSR 
over croplands. In contrast, physically based methods usually rely on time-consuming 
Look-Up Table (LUT)-based inversion of a Radiative Transfer Model (RTM), which have 
for instance been shown to adequately estimate LAI and needle Chlorophylls a+b 
content (Cab) of sparse conifer forests (Darvishzadeh et al. 2019; Zarco-Tejada et al. 
2019) when using Sentinel-2 images. Finally, the so-called hybrid methods consist of 
fitting models using the outputs of a RTM. By combining the generic properties of 
RTM with the efficiency of empirical-statistical methods, they could be the ideal 
methods for processing global satellite data in the near future Verrelst et al. (2015); 
Berger et al. (2018). Malenovský et al. (2013) demonstrated that needle Cab could be 
retrieved from sub-metre resolution hyperspectral images by training an Artifical 
Neural Network (ANN) over the outputs of the DART model (Gastellu-Etchegorry 
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et al. 2015), outperforming the other Vegetation Indexes (VI) used in their study in 
terms of estimation accuracy. More recently, Ali et al. (2020) compared the perfor-
mances of LUT-based and various non-parametric methods based on the outputs of 
the RTM to estimate LAI and Cab of mixed forest stands from Sentinel-2 imagery, and 
found that most hybrid methods presented accuracies similar to those of the LUT 
inversion at a fraction of the time cost, highlighting their potential for future opera-
tional use.

The goal of the present study was to assess the estimation accuracies that could be 
expected from hyperspectral images acquired by SBG and Biodiversity over heteroge-
neous canopies such as those present in Mediterranean ecosystems and the evolution of 
these estimations with the openness of the canopy.

2. Materials and methods

2.1. Study sites

The study sites are located in the lower foothills of the Sierra Nevada (Tonzi Ranch (TZ), 
latitude: 38.5 °N; longitude: 121.0 °W, San Joachin Experimental Range (SJER), latitude: 
37.1 °N; longitude: 119.7 °W). They are categorized as grass-oak pines woodlands and 
both have a Mediterranean climate with hot, dry summers and mild, wet winters. The 
canopy of TZ is dominated by blue oaks (Quercus douglasii (QUDO)) with a small 
population of grey pine (Pinus sabiniana – PISA), while the one of SJER mostly consists 
in QUDO, interior live oaks (Quercus wislizeni (QUWI)) and PISA. The period of activity of 
QUDO starts in April and ends around November, while QUWI and PISA are evergreen 
species. The understory of both sites is composed of annual grass species active from 
December to May and dry during the summer period. For TZ the average LAI is 0.8 m2. 
m� 2 and the mean canopy cover 47% (Kobayashi et al. 2013), with mean annual 
tempatures and precipitations of 16.5°C and 562 mm, respectively, and a soil classified 
as Auburn very rocky silt loam soil (Chen et al. 2008). For SJER, the canopy cover is about 
30%, with average temperatures and annual precipitations of 16.5°C and 485 mm, 
respectively. The soil type at SJER is classified as Vista rocky coarse sandy loam (Tate 
et al. 2004). Aerial views of the sites as well as location of the field measurements 
considered in this study are given in Figure 1.

2.2. Field data

Field data were collected coincidentally with the overflights of NASA Hyperspectral 
Infrared Imager (HyspIRI) Mission Study Airborne Campaigns that occured between 
Summer 2013 and Fall 2014.

Several digital hemispherical photographs (DHP) were collected over 16 60 m � 60 m 
plots within the study sites with the objective to cover various levels of CC and species 
composition. Within each plot, nine DHP were taken using a Nikon Coolpix 4300 camera 
post sunset so that the sky illumination was uniform. Figure 2 shows how the DHP were 
taken over the 16 plots. DHP were processed using the CAN-EYE (https://www6.paca. 
inrae.fr/can-eye) software, which calculated the Gap Fraction at an angular resolution of 
2.5° and within a circle of interest of 65°.
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Leaf collections were made from the upper, sunlit portion of the crowns as high as 
possible on the eastern and western sides, occurred coincident with the overflights. 
Leaves were wrapped in foil to prevent degradation from sunlight, and stored on blue 
ice before being transferred to a lab refrigerator until laboratory measurements. 
Measurements occured within 48 hours of collection. Leaf samples were frozen in liquid 
nitrogen for a short time until lyophilized. The extraction was done in 14 mL of 90% 
acetone for 48 hours, which yielded enough solvent extract to obtain 3.5 mL samples for 
each tree. UV/Vis spectrophotometer runs were done with concentrations of 23 mg/mL 
for chlorophylls and 8 mg/mL for carotenoids as standards. Absorbance of the solution 
was measured at 0.470, 0.662, 0.645, and 0.710 μm. Chlorophylls and carotenoids con-
centrations of the solution were measured according to the methodology described by 
Lichtenthaler (1987) and Lichtenthaler and Buschmann (2001) with a dilution factor equal 
to 3.5, to finally obtain chlorophylls a + b and carotenoid content per unit of leaf area (μg. 
cm� 2). Table 1 indicates the number of trees sampled during the leaf collection and the 
number of DHP plots, and their main characteristics.

Tree trunk reflectances were measured over the 0.35–2.50 μm range with an Analytical 
Spectral Device (ASD; ASD Inc., Boulder, CO, USA) from trees that had been selected for 
leaf collection. The ASD FieldSpec 4 was calibrated in Spring 2013 and February 2014 by 
ASD. As a secondary check on the calibration, Labsphere rare earth mineral panels were 
used three times a year. Before every acquisition, white reference was obtained at nadir 
with a Spectralon panel manufactured by Labsphere, and dark reference was taken. In 
order to do the measurements, pieces of bark from the trunks were removed and placed 

Figure 1. Location and aerial views of Tonzi Ranch and the San Joaquin Experimental Range. Circles 
and crosses indicate the locations where Digital Hemispherical Photographs (DHP) and leaf collection 
took place, respectively. Images obtained from Google Maps.
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on a horizontal surface. Reflectance was obtained in the sun with the ASD mounted on 
a tripod in the nadir position at a height such that the spot size was smaller than the 
target wood or bark sample size.

2.3. Hyperspectral remote sensing data

AVIRIS-C and SBG preparatory hyperspectral data are directly delivered by NASA Jet 
Propulsion Laboratory (JPL). Preprocessing steps, performed by NASA JPL, include radio-
metric calibration, orthorectification, and atmospherical correction performed with 
ATREM (Gao and Goetz 1990) to retrieve surface reflectance. AVIRIS-C and SBG prepara-
tory data are given with spatial resolutions of 18 and 30 m, respectively, and are 

Figure 2. Sampling patterns used for the collection of the DHP over the 60 m � 60 m plots.

Table 1. Data collected over the study sites for gap fraction and leaf biochemistry and minimum, 
maximum and average values.

Number of plots (Gap Fraction) or sampled trees (leaf traits)

TZ SJER

(MM/YY) 06/13 09/13 06/14 06/13 10/13 06/14 11/14 Min. Max. Mean

Gap Fraction 2 7 4 8 0.21 0.94 0.61
Cab 3 5 5 10 9 6 7 10.3 52.6 35.2 μg.cm� 2

Car 3 5 5 10 9 6 7 4.4 13.8 9.2 μg.cm� 2

EWT 3 5 5 10 9 6 7 0.008 0.020 0.016 g.cm� 2

LMA 3 5 5 10 9 6 7 0.007 0.016 0.012 g.cm� 2
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composed of 224 contiguous bands with a full width at half maximum (FWHM) of 0.010  
μm from 0.37 to 2.50 μm (Green et al. 1998). More specifically, SBG products were 
obtained by resampling the AVIRIS-C images using gaussian weighted sampling with 
a 30 m FWHM over a 90 m by 90 m area, and a noise approximating a SBG noise function 
was added to radiance data. AVIRIS-NG images were also acquired over the study sites in 
2014 and are delivered by NASA JPL in a similar fashion. These images are composed of 
432 spectral bands with a FWHM of 0.005 μm from 0.38 to 2.51 μm, obtained at a 2 m 
spatial resolution. All airborne acquisitions were done in summer and fall near solar noon, 
and images were acquired at nadir. Table 2 presents the acquisition dates of the hyper-
spectral images for each sensor.

Synthetic Biodiversity images were not directly available, and had to be generated 
from the AVIRIS-NG reflectance images for the present study. First, images were spectrally 
resampled to match the spectral bands of AVIRIS-C/SBG, since Biodiversity is expected to 
have a similar spectral resolution. Then, a Gaussian weighted sampling with a 8 m FWHM 
over an area of 24 m by 24 m was undertaken to achieve Biodiversity’s GSD. A noise 
approximating Biodiversity’s was added to the reflectance image following the protocol 
described thereafter, since only a noise equivalent delta radiance (NEdL) function (with a 
and b the noise parameters) was available instead of a noise equivalent delta reflectance 
(NEdR). This NEdL therefore had to be converted into a NEdR before application to the 
hyperspectral image. 

NEdL ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
aþ b� L
p

(1) 

The total radiance L can be divided into its direct, atmospheric and diffuse components 
(Ldirect, Latmosphere and Ldiffuse, respectively): 

L ¼ Ldirect þ Latmosphere þ Ldiffuse (2) 

Ldiffuse can be considered negligible with regards to the other components. Ldirect can 
be rewritten as a function of the reflectance R, with E the solar irradiance and τ the 
atmospheric transmission: 

L ¼ R�
E � τ

π
þ Latmosphere (3) 

leading to 

dL
dR
¼

E � τ
π

(4) 

Injecting s 3 and 4 into equation 1, one obtains: 

NEdR ¼
π

E � τ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

aþ b� Latmosphere þ R�
E � τ

π

� �s

(5) 

Table 2. Dates (Day of year (DOY)/YY) of the overflights of AVIRIS-C and AVIRIS-NG over the study sites.
TZ SJER

AVIRIS-C 155/13 262/13 153/14 163/13 309/13 154/14 279/14
AVIRIS-NG 157/14 162/14
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Which allowed the noise to be added to the reflectance images. Latmosphere, E and τ were 
obtained for each AVIRIS-NG image using the COCHISE (Poutier et al. 2002) in-house 
atmospheric correction code. Examples of synthetic Biodiversity and SBG images are 
given in Figure 3. a and b values were given by CNES.

2.4. Radiative transfer modelling and PLS regression

DART 5.7.8v1173 was used for the present study. It is a Monte-Carlo three dimensionnal 
RTM simulating light interactions and multiple scattering effects within a scene, account-
ing for topography and atmosphere. A thorough description of the DART model can be 
found in Sensing, Remote, of Environment, and Toulouse Iii (2016) and Gastellu- 
Etchegorry et al. (2015). Trees can be defined thanks to various structural parameters 
such as crown dimensions, location, or the distribution and angular orientation of the 
foliage. The optical properties of the leaves are obtained with the leaf RTM PROSPECT-D 
Féret et al. (2017). The good performances of DART as a 3D RTM have been demonstrated 
consistently in several studies, notably during its participation in the RAMI experiments 
(Pinty et al. 2001, 2004; Widlowski et al. 2007, 2013).

(a) (b)

(c) (d)

Figure 3. Color compositions of the synthetic hyperspectral images over TZ and SJER for June 2014.
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Trees were modelled within DART with an ellipsoidal crown, following the average 
proportions of the principal dimensions (width, height, size) of the broad-leaved trees 
measured on the sites, and distributed along the DART scenes so that the bidirectional 
reflectance factor (BRF) was the closest to a forest BRF, in a similar fashion as what was 
done by Gastellu-Etchegorry, Gascon and Estève (2003) and Gascon et al. (2004). The trunk 
and branches 3D models modelled from the lidar cloud points were imported within 
DART to represent the non-photosynthetic elements of the trees, as done by Miraglio 
et al. (2021). Table 3 presents the characteristics of the scenes. DART was used in the Lux 
mode, with a pixel size of 20 cm and a target ray density per pixel of 200. The spectral 
bands simulated spanned the 0.5–2.4 μm range, with a 10 nm spatial resolution and a 10  
nm FWHM, for a total of 140 spectral bands. The ground was modelled as a flat lambertian 
surface whose reflectance was set to the average value of pixels selected in the open parts 
of the AVIRIS-C images through an NDVI criterion: all non-water pixels with a NDVI below 
0.3 were considered to correspond to the understory.

The various CC were obtained by keeping the same tree dimensions and adjusting the 
scene dimensions and tree positions. The leaf parameter values were randomly picked 
following a Latin hypercube sampling. In total, 1,600 combinations were generated, to 
arrive at 400 combinations for each CC. From the lab measurements, it appeared that 
a relationship could be established between Car and Cab contents no matter the site, 
season and tree species. As such, Car contents were taken within 2.5 standard deviation of 
the linear relationship presented in Figure 4 to keep simulated cases realistic.

DART allows computing the gap fraction of the forest scenes by setting the atmo-
spheric scattering of sun radiance (SKYL) to 1 and measuring the radiative fraction 
intercepted by the ground. The resultant gap fraction variation range of the DART outputs 
was 19–55%, admittedly lower than some in situ measurements. However, as LAI and CC 
were both already very low, it was decided not to lower them further so as not to confuse 
the estimator when training on scenes with too little foliage, and instead let the PLSR 
extrapolate if needed. Finally, all reflectances resulting from the DART simulations were 
noised using a multiplicative wavelength-independant noise 2m,Nð1; 0:02Þ.

Table 3. Values and ranges used to model the forest scenes within the 
DART model.

Canopy structural parameters Values & ranges

Canopy Closure (CC) 30; 50; 70; 90%
Crown shape ellipsoidal
Crown diameter 8.2 m
Crown height 10.4 m
Height below crown 4.1 m
Ground parameters
Type lambertian surface
Soil reflectance from AVIRIS-C images
Leaf parameters
Leaf Angle Disitribution (LAD) ellipsoidal
Average Leaf Angle (ALA) 55 – 65°
Leaf Area Index (LAI) 1–4 m2.m� 2

Leaf chlorophylls content (Cab) 5–70 μg.cm� 2

Leaf carotenoids content (Car) following the Car/Cab relationship
Equivalent Water Thickness (EWT) 0.001–0.025 g.cm� 2

Leaf Mass per Area (LMA) 0.001–0.025 g.cm� 2

Structural parameter (N) 1.5–2.1
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Different subsets of the 0.5–2.4 μm range were used for each of the vegetation traits, 
according to their respective contribution to canopy reflectance (Xiao et al. 2014). For gap 
fraction, the whole range was used; for Cab and Car, only bands over the 0.5–0.8 μm; for EWT 
and LMA, following the findings of Miraglio et al. (2021), bands over the 1.5–2.4 μm range 
were used in order to limit the influence of the modelling abstractions on estimates accuracy.

PLSR is an estimation method appropriate when model input variables present 
strong multicollinearities, as they are projected in a new space so that the variance 
is maximized between the response and the variables. It models a relationship 
between p variables X 2 <n�p and l outputs Y 2 <n�l , with n samples, as per 
Equation 6, 

X ¼ TPT þ E
Y ¼ TQT þ F
T ¼ XWðPTWÞ� 1

(6) 

with T 2 <n�A, P 2 <A�p, and E 2 <n�p the score, loadings, and residual matrices of X, 
respectively; Q 2 <A�l, and F 2 <n�l are the loadings and residual matrices of Y, respec-
tively; W 2 <A�p is the weight matrix; A is the number of latent variables in the PLSR. 
While mostly used in chemometrics, it has been successfully applied to remote sensing 
data on several occasions (Axelsson et al. 2013; Feilhauer, Asner et al. 2015, 2015; 
Meacham-Hensold et al. 2019).

Before processing, reflectance spectra, gap fraction, Cab, Car, EWT and LMA were mean- 
centred and scaled. As Mevik, Segtnan and Næs (2004) showed that bagged PLSR were 
less sensitive to overfitting, an ensemble of 300 bagged PLSR was used in this study to 

Figure 4. Relationship between Car and Cab in SJER and TZ for the two broad-leaved species.
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improve the consistency of the results. For each vegetation trait (gap fraction, Cab, Car, 
EWT, LMA), the ensemble was trained on 75% of the databases (hereafter refered to as the 
training set), the remaining 25% serving as testing set.

The optimal number of latent variables in the PLSR nopt was determined through Monte- 
Carlo resampling, as described in Kvalheim et al. (2018): the training data was repeatedly 
divided into calibration and validation sets, and for each set the root-mean-square error 
(RMSE) obtained over the validation sets was computed for a = 1, 2, . . . ,a latent variables to 
define distributions of RMSE for each number of latent variables. The number Amin with the 
lowest median RMSE is identified, and the fraction Amin of the RMSE values of Amin that 
exceeded the median RMSE for the preceding latent variables is determined. Amin corre-
sponds to a probability measure and can be used to automatically determine if the RMSE 
with Amin latent variables is significantly lower than the RMSE for the preceding number of 
latent variables (Amin-1) for a preselected threshold (Amin). If so, it defines the optimum 
number of PLS variables as Amin. If not, Amin=Amin-1 and the process is repeated until 
significance is achieved. For this study, 500 repetitions were made to compute the RMSE 
distributions, Amin was set to 0.401 and the calibration/validation ratio was 50/50.

Hyperspectral data contain multiple variables (i.e. information over several spectral bands), 
and prediction performance can be improved by a preliminary selection of the relevant 
variables. Concerning PLSR, a common method, which has been shown to be one of the 
most consistent by Wang, Peter He and Wang (2015), is to select the variables of interest based 
on their importance in the projection (variable importance in projection (VIP)). The VIP of the jth 

variable in a PLSR with A components is scored according to Equation 7, 

VIPj ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

p�A
a¼1SSðqataÞðwja=jjwajjÞ

2

�A
a¼1SSðqataÞ

s

(7) 

with SSðqataÞ ¼ q2
atT

a ta; ta the ath column vector of T; qa the ath element of the 
regression vector q of T; wa is the ath column vector of W; p the number of variables in 
X. Once the VIP scores have been obtained for each variable, only variables with a score 
greater than one are retained and the others are deemed as not significant.

For each variable (gap fraction, Cab, Car, EWT, LMA) and each hyperspectral image, one 
bagged PLSR model was trained.

2.5. PLSR application and estimates accuracy assessment

Once trained, the bagged PLSR were used to estimate Cab, Car, EWT, LMA, and, when possible, 
gap fraction from the AVIRIS-C, SBG, and Biodiversity images, providing estimation maps.

As the GSD of SBG is quite large with regards to the CC of the sites, estimated accuracy 
was first assessed by comparing the traits’ values measured in situ to the values estimated 
in the pixels closest to the GPS positions for both AVIRIS-C and SBG and evaluating the 
RMSE and R2. Using the CC maps derived from the AVIRIS-NG images (Miraglio et al. 2019), 
pixels could be distinguished by the values of the underlying canopy, potentially allowing 
identification of behaviours depending on its closure. The AVIRIS-C estimation map was 
spatially resampled to 30 m with a 30 m FWHM averaging filter in order to study the 
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coherency of AVIRIS-C and SBG estimates. For each date, RMSE and R2 between AVIRIS-C 
and SBG estimations were computed, a low RMSE and high R2 indicating good consis-
tency of the estimations across sensors.

Concerning Biodiversity data, only one date was available for each site, greatly redu-
cing the number of validation points. Still, in situ measurements were once again com-
pared to the pixels of the estimate map. Only Cab and Car were estimated, as no field data 
equivalent to a tree gap fraction was available. To complete the accuracy assessment and 
overcome the small quantity of validation points, the Biodiversity images were, in a similar 
fashion as in the previous subsection, spatially resampled to 30 m to compare estimates of 
behaviours across CC and cross-validate the estimated values.

3. Results

3.1. Canopy cover within the sensors’ pixels

The canopy cover within Biodiversity and SBG pixels was assessed using tree-type 
classification maps that had been obtained in previous works (Miraglio et al. 2021). 
Figure 5 shows the pixel canopy composition of the Biodiversity and SBG images of TZ, 
derived from one of the classification maps. Unsurprisingly, it appears that the vegetation 
pixels of Biodiversity contain a high proportion of vegetation. Most of the time, the 
canopy cover of vegetation pixels is around 100%, with a preponderance of QUDO: 
from the histogram, it appears that QUDO crowns represent 85, 95, and 65% of pixels’ 
contents from the three most common categories. Overall, most vegetation pixels of the 
Biodiversity image are on the diagonal, i.e. have almost 100% CC. Comparatively, most 
vegetation pixels in the SBG image only had a CC of about 50%, a result consistent with 
the field measurements presented in Section 2.1.1.

(a) (b)

Figure 5. Histograms of the CC of conifers and broad-leaved trees of TZ within the pixels of the 
hyperspectral images.
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3.2. DART-Generated spectral databases

First, the databases generated with DART to train the PLSR were compared to the AVIRIS- 
C, SBG and Biodiversity hyperspectral images to assess their adequacy to retrieve vegeta-
tion traits. Vegetation pixels within the image were identified by looking for pixels whose 
NDVI was above that of the reflectance used to model the understory within the DART 
model. In Appendix A, Figures A1 and A2 illustrate how well the databases encompass the 
hyperspectral images’ vegetation reflectances. Concerning TZ, almost all vegetation pixels 
were within the databases boundaries over the whole spectral range for both AVIRIS-C 
and SBG. Only some pixel reflectances were below the database values around 0.8 μm, 
giving confidence in the ability of PLSR trained from these databases to yield accurate 
predictions. For SJER, the results were not as good, with a recurrent overestimation of the 
reflectance in over the 0.8–1.5 μm range, especially visible for the two images acquired 
during the fall (10/13 and 11/14). Moreover, it appears that some pixels that correspond to 
in situ measurements are not detected as vegetation pixels: for SJER images correspond-
ing to 06/13 and 10/13, from AVIRIS-C to SBG, some spectra disappear as the pixel’s NDVI 
becomes too low. For the two Biodiversity images, not all vegetation pixels were within 
the databases’ boundaries. It appears that for both SJER and TZ, some pixel reflectances 
may be lower than those of the databases over the 0.8–1.5 μm region. Moreover, con-
cerning TZ, some reflectances were also above those of the database over the 1.5–2.4 μm 
region. Overall, 71% of the vegetation pixels were completely within database boundaries 
for the Biodiversity image of TZ, while it was 55% for SJER.

3.3. Bagged PLSR predictions over the hyperspectral images

Table 4 presents the main statistics of the bagged PLSR models after their fit on the 
synthetic datasets from each date. Concerning the training datasets, RMSE and R2 values 
are consistent across sites and dates, with similar values for each vegetation trait. RMSE 
are about 0.03, 8.5 μg.cm� 2, 1.5 μg.cm� 2, 0.0035 g.cm� 2 and 0.004 g.cm� 2 for gap frac-
tion, Cab, Car, EWT, and LMA, respectively. Goodness of fit is high (R2 � 0.69) for every 
case. Over the test sets, performances remained similar, with little change to both RMSE 
and R2 values.

For the hyperspectral images, predictions for all dates were pooled together to 
compute the statistics. Estimated accuracy for Cab and Car remained similar to what was 
obtained over the synthetic databases (RMSE are about 8 and 1.75 μg.cm� 2, respectively) 
for all sensors. Gap fraction was also well estimated with a RMSE of 0.1, higher than in the 
testing phase, and R2 values of 0.8 and 0.59 for AVIRIS-C and SBG, respectively. EWT and 
LMA estimations over the hyperspectral images were quite poor: ignoring results for 
Biodiversity, which only had seven in situ points to compute the statistics, R2 were always 
very low and no relation between estimates and field measurements were found. RMSE 
values for EWT and LMA are similar for Biodiversity and AVIRIS-C (undefined.0075 and 
undefined.0050 g.cm� 2 for EWT and LMA, respectively), but appeared to be lower for SBG 
(0.004 and 0.0035 g.cm� 2).
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3.4. Impact of the GSD on estimates

As visible in Figure 6, gap fraction was well estimated no matter the CC of the hyperspectral 
pixels for both AVIRIS-C and SBG. Concerning Cab and Car estimation, and especially for 
AVIRIS-C, it appeared that high-CC pixels (CC � 90%) led to more accurate estimations than 
those with lower CC. Overall, estimates were coherent between AVIRIS-C and SBG. Table 5 
shows the results of the comparison of these estimates, considering not only RMSE and R2 

but also systematic and unsystematic RMSE (RMSEs and RMSEu, respectively (Willmott 1981)) 
over different CC (low, around 40%, and high, above 80%). For all vegetation traits, coher-
ency was only slightly improved going from the low to the high CC areas, and a good fit was 
always obtained (R2 > 0.3 for gap fraction and Cab, and R2 > 0.5 for other traits). After AVIRIS- 
C estimates were aggregated to 30 m, RMSE between AVIRIS-C and SBG Cab, EWT and LMA 
values were lower than those obtained when comparing the estimates with in situ measure-
ments. For gap fraction and Car, these RMSE values were of the same order.

However, the predictions from SBG and Biodiversity imagery could be significantly 
dissimilar. Two different behaviours are visible for Cab and Car estimations between the 
low and high CC zones. While the most significant change happened for Cab, whose RMSE 
was improved from 5.59 to 3.56 μg.cm� 2 from one CC category to the other, estimates for 
all vegetation traits (Cab, Car, EWT, LMA) presented a clearly lower RMSEu between 
Biodiversity and SBG over the closed parts of the canopy than the open parts. It appears 
that over closed canopies estimates from Biodiversity and SBG images were well corre-
lated (0.48 � R2 � 0.32), even though a constant bias could be present for some traits. 

Table 4. Statistics of the bagged PLSR models when predicting the vegetation traits over the train and 
test databases and over the hyperspectral images.

Gap fraction Cab Car EWT LMA

RMSE RMSE RMSE RMSE
MM/ 

YY nopt RMSE R2 nopt

(μg. 
cm� 2) R2 nopt

(μg. 
cm� 2) R2 nopt

(g. 
cm� 2) R2 nopt

(g. 
cm� 2) R2

Train
TZ 06/13 6 8.79 0.78 6 1.55 0.77 4 0.0036 0.74 4 0.004 0.69

09/13 6 9.21 0.76 6 1.62 0.75 4 0.0036 0.74 4 0.0039 0.71
06/14 7 0.03 0.96 6 8.5 0.79 7 1.55 0.77 4 0.0034 0.76 2 0.0038 0.72

SJER 06/13 4 8.71 0.78 4 1.55 0.77 4 0.0035 0.76 4 0.0037 0.73
10/13 6 8.66 0.79 6 1.48 0.79 4 0.0035 0.75 4 0.0036 0.74
06/14 6 0.03 0.95 4 8.54 0.79 4 1.59 0.76 4 0.0035 0.76 4 0.0036 0.74
11/14 7 0.02 0.97 6 8.91 0.77 6 1.54 0.78 4 0.0036 0.74 4 0.0038 0.72

Test
TZ 06/13 8.77 0.79 1.54 0.79 0.0035 0.75 0.0039 0.71

09/13 9.47 0.76 1.61 0.78 0.0036 0.74 0.0041 0.69
06/14 0.03 0.95 8.67 0.8 1.51 0.8 0.0035 0.76 0.0036 0.75

SJER 06/13 8.81 0.79 1.55 0.8 0.0035 0.75 0.0038 0.73
10/13 9 0.79 1.47 0.82 0.0035 0.75 0.0036 0.76
06/14 0.03 0.94 9.07 0.78 1.58 0.79 0.0036 0.74 0.0035 0.77
11/14 0.02 0.96 8.9 0.79 1.49 0.81 0.0038 0.72 0.0038 0.72

Application (all dates)
Biodiversity 8.5 0.03 2.24 0.18 0.0071 0.11 0.0049 0.61
AVIRIC-C 0.09 0.8 7.91 0.26 1.73 0.05 0.0079 0. 0.0053 0.07
SBG 0.1 0.59 7.44 0.33 1.6 0.17 0.004 0.11 0.0035 0.2
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This was not the case over the open parts (CC , 40%) where no relationship could be 
found between SBG and Biodiversity estimates. In particular for Cab, R2 was only 0.2 with 
a large dispersion of the points around 40 μg.cm� 2.

Finally, to complement the results presented in Table 5, Figure 7 shows the correlation 
between Cab estimations from Biodiversity and SBG over TZ for June 2014. The estimation 
map from Biodiversity was spatially averaged to attain a 30 m resolution and allow 

(a) (b)

(d) (e)

(c)

Figure 6. Comparison between vegetation traits as estimated by the PLSR and the in situ measure-
ments for the AVIRIS-C images: gap fraction, Cab, Car, EWT, LMA. The hue of the markers depends on 
the CC of the hyperspectral pixels that were considered. Black markers correspond to zones where CC 
information was not available.

Table 5. Comparison between the values estimated from different sensors over two CC zones of TZ.
30% � CC � 50% 80% � CC

Cab Car EWT LMA Cab Car EWT LMA
Gap frac. μg.cm� 2 μg.cm� 2 g.cm� 2 g.cm� 2 Gap frac. μg.cm� 2 μg.cm� 2 g.cm� 2 g.cm� 2

Comparison between SBG and AVIRIS-C estimates
RMSE 0.1 2.86 2.4 0.0034 0.0021 0.12 3.65 3.22 0.0030 0.0021
RMSEs 0.09 2.21 2.3 0.0009 0.0001 0.11 3.24 3.17 0.0001 0.0004
RMSEu 0.1 1.81 0.66 0.0034 0.0021 0.05 1.69 0.52 0.0030 0.002
R2 0.35 0.34 0.52 0.5 0.55 0.42 0.52 0.66 0.59 0.6

Comparison between SBG and Biodiversity estimates
RMSE 5.59 1.38 0.0079 0.0052 3.56 1.43 0.0065 0.0059
RMSEs 0.65 0.64 0.0069 0.0042 0.36 1.19 0.0057 0.0054
RMSEu 5.55 1.23 0.0079 0.0052 3.54 0.85 0.0031 0.0022
R2 0.2 0.07 0.2 0.25 0.48 0.39 0.29 0.32
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comparison with the SBG-derived map. For the CC categories 20–40%, 40–60%, 60–80% 
and 80–100%, the R2 between Biodiversity and SBG estimates were computed. As visible 
in Figure 7, the lower the CC, the lower the correlation. For the savanna portion of TZ, with 
a CC � 60%, the R2 is lower than 0.24. Estimates from the sensors are mostly in 
agreement over the CC � 80% areas (with a R2 of 0.48), that are spatially very limited.

(a) (b)

(c) (d)

Figure 7. Comparison between Cab estimates from Biodiversity and SBG imagery over TZ. Pixels whose 
NDVI was lower than those that could be computed from the spectra of the training databases were 
masked.
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4. Discussion

4.1. Adequacy of the training databases to the hyperspectral images

As visible in Figures A1 and A2, over parts of the 0.5–2.4 μm range the vegetation 
reflectance was not within the boundaries of the synthetic databases, especially 
over the 0.8–1.5 μm range. As showed by Miraglio et al. (2021), this may partly be 
due to the lack of detail in the modelling of the trees within DART. The findings 
were in agreement with the results of Widlowski, François Côté and Béland (2014) 
who showed that, in both the red and near-infrared (NIR) regions, a simplified 
forest representation could lead to high biases ( > 10%) for the spatial resolutions 
considered in the present study. Moreover, Malenovský et al. (2008) demonstrated 
that introducing small woody components in the DART tree crowns would lead to 
lower reflectance in the NIR. As a consequence the present study only focused on 
the 1.5–2.4 μm spectral interval to for EWT and LMA retrieval. In a more general 
manner, the present study considered an ellipsoidal LAD with a free ALA varying 
from 55° to 65°, broadly encompassing the spherical and erectophil LAD. Indeed, 
from 1200 leaf inclination measurements, Ryu et al. (2010) had found that, in 
summer, TZ tree leaves presented an ALA of 62° and an erectophil LAD. 
Erectophilic leaves have indeed been observed in arid environments, and are 
associated with drought-tolerance adaptation to reduce midday heating and max-
imize the photosynthetic activity during morning and evening, when the leaf water 
potential is highest (Crawford and Gibson 1997). However, LAD may vary spatially 
and temporally, and these results may not be applicable to other seasons and sites. 
A spherical LAD is often assumed in the absence of in situ measurements (Bonan 
et al. 2011; Ryu et al. 2011). This assumption is questionable: both Pisek et al. 
(2013) and Liu et al. (2019) found, for temperate broad-leaved forests, that plano-
phil or plagiophil distributions, whose ALA are closer to 30° and 45°, respectively 
(Chianucci et al. 2018), were more representative of the LAD of mature stands and 
may be more adequate for modelling purposes.

Another possible limitation in the DART modelling was that the ground reflectance 
was directly set as the average of understory pixels from the hyperspectral image. This 
was done as it was one of the most simple and straightforward methods, easily 
implementable in an operational context. However, within-site variability of ground 
reflectance was not taken into account, and the database was built considering only the 
median value of the pure ground pixels identified within the images. Bach and Verhoef 
(2003) and Darvishzadeh et al. (2008) showed that soil backgrounds strongly affected 
canopy reflectance, especially at low LAI. The acquisitions in the present study always 
took place during dry days, limiting the effects of soil moisture affecting the reflected 
variation. However, Eriksson et al. (2006) demonstrated that the understory vegetation 
had a significant effect on the red and NIR spectral ranges: spatial heterogeneity of the 
understory could have led to inadequacies of the SJER databases for some parts of the 
site, as SJER canopies are considerably more open than TZ on average (30% and 50%, 
respectively).
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A solution to improve the adequacy of the synthetic databases for inversion 
purposes could be either to take into account the heterogeneity of the ground 
reflectance, by making it a free-varying parameter, or to build one database per 
ground reflectance and use the more adequate one based on the spatial informa-
tion from the image. The first solution, while in theory leading to very generalizable 
databases, may lead to suboptimal fits when training machine-learning methods, 
but could be employed regardless the GSD of the sensor that acquired the images. 
The second method would require a high spatial resolution to clearly distinguish 
the ground surrounding the tree crowns and choose the best-corresponding data-
base: while not realistic for SBG, this could be done with images acquired with 
sensors with a finer spatial resolution such as Biodiversity.

4.2. Vegetation trait estimates from airborne and satellite hyperspectral imagery

The results displayed in Figure 6 showed that, for the more closed parts of the canopy, 
a PLSR fit on synthetic data was able to retrieve Cab and Car with high accuracy. While the 
dispersion was greater in the open parts, RMSE remained low overall when considering 
the whole dataset, and the PLSR estimates remained close to the in situ values. Moreover, 
gap fraction estimates are good no matter the CC and, evidently, related to it: it is 
therefore possible to get an idea of the estimates’ accuracy by assessing their respective 
gap fractions. The good results for gap fraction are particularly encouraging, as specified 
in Section 2.4.4, the gap fraction variation range was only 19–55% in the training 
database: values outside of this range were also well predicted. Overall, estimated gap 
fraction, Cab and Car values were in line with what was obtained in Miraglio et al. (2020) 
and in previous studies. In Miraglio et al. (2020), a LUT-based inversion with less variable 
parameters had been used, reducing the possible generalization of the method, and 
being more time-consuming in the inversion phase. The accuracy obtained here for gap 
fraction estimates (RMSE: 0.09; R2: 0.8) was in line with what had obtained Baret, Clevers 
and Steven (1995) when using a neural network trained with synthetic data over crop 
fields (RMSE: 0.09; R2: 0.9). The present study shows that equivalent accuracies are 
attainable with a PLSR trained on more general synthetic data.

Similar performances were obtained with the SBG hyperspectral images. As indicated 
in Table 4, it seems that Cab, Car, EWT, and LMA estimates are all improved with this GSD, 
as all RMSE values are lower when comparing estimated values with in situ measurements. 
However, it appears that AVIRIS-C and SBG images are overall equivalent when it comes to 
estimations over TZ, as shown in Table 5. The slightly coarser spatial resolution (30 m 
instead of 18 m) does not seem to affect much retrieval accuracy, which is encouraging: 
results obtained with, and methods developed for, AVIRIS-C images may be directly 
transportable to SBG.

Over the high-CC areas, Biodiversity and SBG images led to similar Cab and Car 
estimation. For those areas the influence of understory reflectance is minimal (CC �
80%), and as discussed above estimate accuracy from the SBG images was good. This 
correlation between Biodiversity and SBG estimations further confirms that acceptable 
retrieval is possible from Biodiversity images, despite its lower SNR. Moreover, as shown in 
Figure 5, the majority of vegetation pixels in the Biodiversity images have CC higher than 
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80%: Biodiversity is barely affected by the openness of canopies as tree crowns can be, 
most of the time, isolated. Thus, the lack of relationship between Biodiversity and SBG 
estimates for low-CC zones is illustrative of the advantage of a finer spatial resolution for 
mapping vegetation traits over open canopies. These results are consistent with what 
Carter et al. (2009) and Jafari and Lewis (2012) found: the spatial resolution of the 
hyperspectral images is a limiting factor, especially for open canopies: identifying spec-
trally pure pixels used for estimation or classification purposes is all the more difficult. 
Heldens et al. (2011) suggested to use data fusion to make EnMAP acquisitions fit for use 
in an urban context, as their original resolution would not allow to distinguish the various 
objects. In a similar vein, Siegmann et al. (2015) showed the potential of pan-sharpening 
for improving LAI retrieval accuracy of wheat fields when working with EnMAP images. 
The high spatial resolution of Biodiversity could therefore prove useful either for direct 
use in the retrieval of vegetation traits, or indirectly through data fusion with images 
acquired by other sensors. More recently, working with Sentinel-2A images, Zarco-Tejada 
et al. (2019) have shown that being able to account for the specificities of each pixel 
components was critical to obtain acceptable Cab estimations over sparse canopies. 
Overall, there seems to be a clear potential in taking advantage of the smaller GSD of 
Biodiversity to improve vegetation traits’ retrieval, either directly from the sensor’s acqui-
sitions or indirectly through data fusion, despite its lower expected SNR.

The present study did not have the in situ measurements to directly map LAI from 
either the SBG or Biodiversity images. While performances for the gap fraction estimations 
using SBG images hint at potentially good accuracy for LAI, this would necessitate further 
works to confirm. Validation of Biodiversity LAI estimates would require the field measure-
ment of isolated trees’ LAI, possibly requiring lidar measurements to obtain these values 
(Klingberg et al. 2015; Béland et al. 2014).

No clear conclusion can yet be drawn for EWT and LMA: for the high-CC areas, the 
variation range of the in situ measurements is rather limited, so that it is not possible to 
say whether or not estimations from the SBG image are really accurate. However, it must 
be noted from Table 5 that EWT and LMA estimates from the high-CC areas are similar 
between Biodiversity and SBG. While RMSE is high, it is mostly due to a systematic bias, 
and the unsystematic RMSE is only 0.0022 g.cm� 2 for both EWT and LMA, while the 
variation range is roughly 0.007–0.023 g.cm� 2. That estimations from hyperspectral 
images with so different spatial resolutions show similar behaviours may indicate that, 
while some bias is present, EWT and LMA can be retrieved from SBG images for closed 
canopies and a fortiori from Biodiversity images.

5. Conclusion

This study assessed the potential of the future hyperspectral missions SBG (30 m GSD) and 
Biodiversity (8 m GSD) for the mapping of vegetation traits (gap fraction, Cab, Car, EWT, 
LMA) of broad-leaved trees in two woodland savannas in California, using synthetic data 
generated from AVIRIS-NG and AVIRIS-C images. The accuracy of the traits’ estimates from 
a hybrid method, using a PLSR trained on DART-generated data, was assessed through (i) 
direct comparison with in situ measurements and (ii) intercomparison between the values 
obtained from AVIRIS-C, Biodiversity, and SBG images. SBG and AVIRIS-C gap fraction, Cab, 
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and Car estimates showed great correspondence with ground-based values (RMSE , 0.1, 
R2 , 0.65; RMSE , 7.7 μg.cm� 2, R2 , 0.3; RMSE , 1.7 μg.cm� 2, R2 , 0.1, respectively), 
however concerning pigments this was more true for the densest parts of the canopy. At 
the landscape scale, there was in general sufficient agreement at 30 m GSD between 
retrievals from SBG and AVIRIS-C imagery for all traits (R2 ranging from 0.34 to 0.66). 
Biodiversity estimates were also consistent with SBG estimates over the closed parts of the 
canopy (R2 ranging from 0.32 to 0.48), giving confidence in the accuracy of the estimates, 
but exhibited different behaviours over the open parts, probably owing to increased 
spectral mixing in the SBG pixels affecting the estimation.

This work not only demonstrates that gap fraction, Cab and Car estimations are possible 
using 30 m GSD satellite data over the more closed parts of canopies without detailed 
information concerning the imaged landscape, but also shows the potential of , 8 m GSD 
images to map the five vegetation traits considered in this study over any canopy. Despite 
their lower SNR, hyperspectral satellite sensors with finer spatial resolution could prove very 
beneficial to the global mapping of vegetation traits by complementing sensors with coarser 
GSD when working over highly heterogeneous canopies. Finally, this study found that 
training a PLSR model over synthetic data led to acceptable estimates accuracy over images 
that would be acquired by hyperspectral satellite sensors. Such hybrid methods are therefore 
very promising in the context of the recently launched PRISMA and EnMAP missions.
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Appendix. Suitability of DART-generated databases

(a)

(b)

(c)

Figure A1. For TZ, comparison of (in red) the extrema of the DART-generated databases for 
Biodiversity, AVIRIS-C and SBG with: (in green) the extrema of the vegetation pixels of their respective 
images; the reflectances of the pixels associated with in situ (in black) biochemistry and (in blue) gap 
fraction measurements.
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(a)

(b)

(c)

Figure A2. For SJER, comparison of (in red) the extrema of the DART-generated databases for 
Biodiversity, AVIRIS-C and SBG with: (in green) the extrema of the vegetation pixels of their respective 
images; the reflectances of the pixels associated with in situ (in black) biochemistry and (in blue) gap 
fraction measurements.
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