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Abstract: As an unprecedented stream of decametric hyperspectral observations becomes available
from recent and upcoming spaceborne missions, effective algorithms are required to retrieve vege-
tation biophysical and biochemical variables such as leaf area index (LAI) and canopy chlorophyll
content (CCC). In the context of missions such as the Environmental Mapping and Analysis Program
(EnMAP), Precursore Iperspettrale della Missione Applicativa (PRISMA), Copernicus Hyperspectral
Imaging Mission for the Environment (CHIME), and Surface Biology Geology (SBG), several retrieval
algorithms have been developed based upon the turbid medium Scattering by Arbitrarily Inclined
Leaves (SAIL) radiative transfer model. Whilst well suited to cereal crops, SAIL is known to per-
form comparatively poorly over more heterogeneous canopies (including forests and row-structured
crops). In this paper, we investigate the application of hybrid radiative transfer models, including a
modified version of SAIL (rowSAIL) and the Invertible Forest Reflectance Model (INFORM), to such
canopies. Unlike SAIL, which assumes a horizontally homogeneous canopy, such models partition
the canopy into geometric objects, which are themselves treated as turbid media. By enabling crown
transmittance, foliage clumping, and shadowing to be represented, they provide a more realistic
representation of heterogeneous vegetation. Using airborne hyperspectral data to simulate EnMAP
observations over vineyard and deciduous broadleaf forest sites, we demonstrate that SAIL-based
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algorithms provide moderate retrieval accuracy for LAI (RMSD = 0.92–2.15, NRMSD = 40–67%,
bias = −0.64–0.96) and CCC (RMSD = 0.27–1.27 g m−2, NRMSD = 64–84%, bias = −0.17–0.89 g
m−2). The use of hybrid radiative transfer models (rowSAIL and INFORM) reduces bias in LAI
(RMSD = 0.88–1.64, NRMSD = 27–64%, bias = −0.78–−0.13) and CCC (RMSD = 0.30–0.87 g m−2,
NRMSD = 52–73%, bias = 0.03–0.42 g m−2) retrievals. Based on our results, at the canopy level, we
recommend that hybrid radiative transfer models such as rowSAIL and INFORM are further adopted
for hyperspectral biophysical and biochemical variable retrieval over heterogeneous vegetation.

Keywords: CCC; CHIME; EnMAP; INFORM; LAI; PRISMA; SAIL; SBG

1. Introduction

With recent and upcoming spaceborne missions such as the Environmental Mapping
and Analysis Program (EnMAP) [1], Precursore Iperspettrale della Missione Applicativa
(PRISMA) [2], Copernicus Hyperspectral Imaging Mission for the Environment (CHIME) [3]
and Surface Biology and Geology (SBG) [4], an unprecedented stream of hyperspectral
observations covering the visible, near-infrared, and shortwave-infrared regions of the
electromagnetic spectrum (i.e., 400–2500 nm) is becoming available. Previously restricted
to costly and infrequent airborne campaigns or tasked acquisitions from experimental
spaceborne instruments such as the Compact High Resolution Imaging Spectrometer
(CHRIS) and Hyperion, hyperspectral observations are now provided on a regular basis
at decametric (i.e., 10–100 m) scale [1,2,5]. To exploit these observations for vegetation
monitoring, accurate and effective algorithms are required to retrieve the biophysical and
biochemical variables that describe vegetation conditions.

Key vegetation biophysical and biochemical variables include leaf area index (LAI),
which represents half the unit surface area of leaves per unit horizontal ground area [6],
and canopy chlorophyll content (CCC). CCC is determined as the product of LAI and leaf
chlorophyll concentration (LCC), which itself describes the quantity of chlorophyll per unit
leaf area or unit leaf mass [7]. As a measure of canopy structure, LAI defines the size of the
interface between the biosphere and atmosphere, and consequently the interception of light,
precipitation, and biogeochemical fluxes [8,9]. Meanwhile, CCC is a sensitive indicator of
vegetation physiological status, owing to chlorophyll’s crucial role in photosynthesis [10,11].
As a result, estimates of LAI and CCC are required not only for monitoring agricultural
and forest condition, but also for modelling vegetation productivity, carbon exchange, and
the weather and climate systems [8,9,12].

The retrieval of LAI and CCC from hyperspectral observations typically involves (i) sta-
tistical methods, or (ii) the use of coupled leaf and canopy radiative transfer models that sim-
ulate observed reflectance as a function of biophysical and biochemical properties [13,14].
The statistical approach establishes an empirical relationship between reflectance observa-
tions (or derived spectral indices) and the biophysical or biochemical variable of interest.
Whilst straightforward, because globally representative in situ sampling is difficult to
achieve, these relationships tend to be specific to a given site, species/vegetation type, and
observation scenario, meaning they may lack generality [13,15–22]. In contrast, the radia-
tive transfer model-based approach uses simulations to populate look-up-tables or train
machine learning algorithms for retrieval, with the physical basis of the models potentially
providing greater universal applicability [13,23–26].

In the context of decametric hyperspectral observations (such as those from EnMAP,
PRISMA, and CHIME), several radiative transfer model-based algorithms have been devel-
oped for LAI and CCC retrieval, with a primary focus on cereal crops [27–31]. The majority
of these algorithms have adopted Scattering by Arbitrarily Inclined Leaves (SAIL) [32,33]
as the canopy radiative transfer model. SAIL represents the canopy as a horizontally ho-
mogeneous turbid medium, and whilst it is well suited to dense, leafy, and homogeneous
canopies (such as cereal crops and grasslands), it is known to perform comparatively poorly
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over more heterogeneous canopies (including forests and row-structured crops) [25,34–36].
Over such canopies, less attention to the retrieval of LAI and CCC from decametric hyper-
spectral observations has been paid so far.

To address the drawbacks of SAIL over forest and row-structured crop canopies,
recent work on multispectral LAI and CCC retrieval has applied hybrid radiative transfer
models [35,37–40]. Unlike SAIL, these models partition the canopy into geometric objects,
which are themselves treated as turbid media. By enabling crown transmittance, foliage
clumping, and shadowing to be represented, they provide a more realistic representation of
heterogeneous vegetation [17,20,39,41,42]. Despite this improved representation, they offer
a lower level of complexity than three-dimensional radiative transfer models, which require
extensive parameterisation (and as a result of the ill-posed nature of the inverse problem,
are challenging to invert) [20,41]. In this paper, we investigate the application of such hybrid
radiative transfer models to hyperspectral observations. Using airborne hyperspectral data
to simulate EnMAP observations over vineyard and deciduous broadleaf forest sites, we
address the following research questions:

1. What accuracy might be expected when SAIL-based LAI and CCC retrieval algo-
rithms are applied to decametric hyperspectral observations over two distinct types
of heterogeneous canopy?

2. Are some biophysical or biochemical variables better retrieved than others?
3. To what extent can hybrid radiative transfer models improve retrieval accuracy over

such environments?

Over the investigated sites, we hypothesise that (i) SAIL-based LAI and CCC retrievals
will be characterised by moderate accuracy; (ii) LAI will be better retrieved than CCC; and
(iii) the hybrid radiative transfer models will reduce bias when compared to SAIL-based
retrievals.

2. Materials and Methods
2.1. Airborne Hyperspectral Data Acquisition

Three campaigns involving the acquisition of airborne hyperspectral data were car-
ried out between 2017 and 2021 in Spain and the United Kingdom. The first took place
over a 10 km × 10 km area of the Valencia Anchor Station, Valencian Community, Spain
(39.5707◦N, 1.2882◦W), which is located in the Utiel-Requena plateau. It lies approximately
80 km west of Valencia, and is dominated by vineyards (Vitis vinifera), as well as almond
(Prunus dulcis), olive (Olea europaea), and some smaller areas of shrubland and Aleppo pine
(Pinus halepensis) [43]. Airborne hyperspectral data covering the area were acquired on
17 June 2017 by the Natural Environment Research Council (NERC) Airborne Research Fa-
cility (ARF) using the Specim AisaFENIX instrument (Specim, Oulu, Finland) [44] (Figure 1
and Table 1). Conditions during the flight were clear and dominated by direct illumination,
with low humidity (<30%), high atmospheric pressure (>1018 mbar), low wind speeds
(<4 m s−1), and air temperatures of 32–37 ◦C.

Table 1. Summary of the airborne hyperspectral datasets acquired during each campaign.

Campaign Date Instrument Operator
Spectral
Range
(nm)

FWHM
(nm)

FOV
(◦)

Spatial
Pixels

Spectral
Pixels

Flight
Lines

Spatial
Resolution (m)

Valencia
Anchor

Station 2017
17 June Specim

AisaFENIX
NERC
ARF

380–2500
3.5 nm
(VNIR),
12 nm
(SWIR)

32 384
623 21

2

Wytham
Woods

2018
3 July 622 13

Wytham
Woods

2021
16 July NASA JPL

AVIRIS-NG
UZH
ARES 380–2510 5 nm 36 640 480 2 3
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in situ LAI and LCC measurements were performed (middle), and the location of each study site 
(right). 
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The second and third campaigns were conducted over a 3 km × 3 km area of Wytham 
Woods, Oxfordshire, United Kingdom (51.7734°N, 1.3384°W), which lies approximately 5 
km west of Oxford, and is characterised by ancient and seminatural woodland. The dom-
inant species are oak (Quercus robur), ash (Fraxinus excelsior), beech (Fagus sylvatica), hazel 
(Corylus avellana), and sycamore (Acer pseudoplatanus). Airborne hyperspectral data were 

Figure 1. True colour composite airborne hyperspectral mosaics collected during the Wytham Woods
2021 (top left), Wytham Woods 2018 (middle left), and Valencia Anchor Station 2017 (bottom left)
campaigns, in addition to the location of the elementary sampling units (ESUs) in which in situ LAI
and LCC measurements were performed (middle), and the location of each study site (right).

The second and third campaigns were conducted over a 3 km × 3 km area of Wytham
Woods, Oxfordshire, United Kingdom (51.7734◦N, 1.3384◦W), which lies approximately
5 km west of Oxford, and is characterised by ancient and seminatural woodland. The
dominant species are oak (Quercus robur), ash (Fraxinus excelsior), beech (Fagus sylvatica),
hazel (Corylus avellana), and sycamore (Acer pseudoplatanus). Airborne hyperspectral data
were acquired on 3 July 2018 by NERC ARF, again using the Specim AisaFENIX, and
on 17 July 2021 by the University of Zürich (UZH) Airborne Research Facility for Earth
System (ARES), in this case using the Airborne Visible/Infrared Imaging Spectrometer
Next Generation (AVIRIS-NG) instrument developed at the National Aeronautics and
Space Administration (NASA) Jet Propulsion Laboratory (JPL) (Pasadena, CA, USA) [45]
(Figure 1 and Table 1). AVIRIS-NG was deployed in 2021 in Europe as part of the mission
preparation for the European Space Agency (ESA) CHIME and NASA SBG missions [46].
Conditions during both flights were clear (though with one small cloud on 17 July 2021, see
Figure 1) and were characterised by low to medium humidity (26–54%), high atmospheric
pressure (>1015 mbar), low wind speeds (<6 m s−1), and air temperatures of 25–27 ◦C.

During the Valencia Anchor Station 2017 and Wytham Woods 2018 campaigns, simul-
taneous aerosol optical thickness (AOT) measurements were acquired with a Solar Light
Company Microtops II sunphotometer (Glenside, PA, USA). In the former campaign, the
hemispherical-conical reflectance factor (HCRF) of several in-scene targets (including white,
grey, and black 12 m × 9 m tarpaulins and an artificial football field) was also determined
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to enable the verification of the atmospheric correction approach (over a reduced spectral
range due to the limitations of the available spectroradiometer) (Figure 2). These mea-
surements were achieved using an Analytical Spectral Devices (ASD) FieldSpec 3 Visible
Near-Infrared (VNIR) (Boulder, CO, USA) and Spectralon SRT-99-100 panel (Labsphere
Inc., North Sutton, NH, USA). Prior to the campaigns, the Spectralon panel was cleaned
and calibrated by the NERC Field Spectroscopy Facility (FSF), enabling the absolute HCRF
to be calculated. For each tarpaulin, the mean of 40 measurements was determined.
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Figure 2. True colour composite of airborne hyperspectral data over the in-scene targets (a) for which
HCRF was determined using an ASD FieldSpec 3 VNIR spectroradiometer (b) in the Valencia Anchor
Station 2017 campaign.

2.2. Airborne Hyperspectral Data Pre-Processing

Data collected by NERC ARF during the Valencia Anchor Station 2017 and Wytham
Woods 2018 campaigns were delivered as individual L1B radiometrically corrected flight
lines in sensor geometry, whilst data collected by UZH ARES during the Wytham Woods
2021 campaign had already been radiometrically, atmospherically and geometrically cor-
rected prior to delivery [45,47]. The atmospheric correction of the NERC ARF datasets
was performed by the NERC ARF Data Analysis Node using ATCOR-4 for the Valencia
Anchor Station 2017 campaign. For the Wytham Woods 2018 campaign, the Fast Line of
Sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) module incorporated in the
Environment for Visualising Images (ENVI) was used. Both approaches are based on the
underlying MODTRAN5 radiative transfer model [48]. To verify the compatibility between
ATCOR-4 and FLAASH, the flight line containing tarpaulins in the Valencia Anchor Station
2017 campaign was also processed with FLAASH, facilitating comparison (Section 3.1).

The parameterisation of ATCOR-4 and FLAASH was achieved using an atmospheric
model appropriate to each site’s latitude, a rural aerosol model, and visibility values derived
from the AOT data collected at the time of each flight line (Section 2.1). Since the Microtops
II does not measure AOT at 550 nm, it was derived by interpolating between AOT at 440 nm
and 675 nm using the Angström power law. The Angström exponent was first calculated as

α = − ln (τ 440/τ675)

ln(440/675 )
(1)

where τ440 and τ675 are AOT values at 440 nm and 675 nm, before determining the AOT at
550 nm as

τ550 = τ440
550
440

−α

(2)

AOT values were then converted to visibility (km) following [49], such that

V550 =
3.912
τ550

(3)

Water vapour was retrieved from the imagery itself, using the water absorption
feature at 1135 nm. Ground-level altitude was determined for each flight line based on the
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supplied Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
Global Digital Elevation Model (GDEM), referenced with respect to the World Geodetic
System 1984 ellipsoid.

Following atmospheric correction, to account for limb-brightening effects observed in
each flight line, we carried out cross-track illumination correction according to [50], using a
second-order polynomial multiplicative model fit to the mean of each column of each image.
Subsequently, each flight line was geometrically corrected using the Airborne Processing
Library (APL) [51], before being mosaicked in ENVI. Finally, to simulate the spectral and
spatial characteristics of recent and upcoming spaceborne hyperspectral missions, each
mosaic was spectrally resampled according to the measured central wavelength and full-
width at half-maximum (FWHM) of the 218 bands available from EnMAP, assuming a
Gaussian spectral response, before being aggregated to a 30 m spatial resolution using
mean value downsampling.

2.3. Airborne Hyperspectral LAI and CCC Retrieval

To retrieve LAI and CCC from the airborne hyperspectral data, three canopy radiative
transfer models were considered:

1. SAIL [32,33];
2. A modified version of SAIL, hereafter termed rowSAIL, which accounts for the struc-

ture of row-planted vegetation. As detailed in [37], the modifications in rowSAIL are
equivalent to those made to the Markov Chain Canopy Reflectance Model (MCRM)
under the Crop Reflectance Operational Models for Agriculture (CROMA) project,
which resulted in the so-called rowMCRM model [39,42];

3. The Invertible Forest Reflectance Model (INFORM) [41,52], which accounts for the
structure of forest canopies.

Whilst SAIL can be considered a turbid medium radiative transfer model, describ-
ing the canopy as a horizontally homogeneous series of randomly oriented scatterers
(Figure 3a), rowSAIL and INFORM are hybrid radiative transfer models (Figure 3b,c).
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The rowMCRM model that rowSAIL is based upon is detailed by [39,42], whilst a
detailed description of INFORM is provided by [41,52]. Briefly, rowSAIL computes canopy
reflectance as a linear mixture of canopy (as simulated by SAIL), sunlit soil, and shaded soil
reflectance, weighted by the fractions of the scene covered by each, which are geometrically
determined on the basis of the viewing and illumination geometry, row height, row width,
row orientation, and the width of the soil strip between rows [39,42]. INFORM is an
extension of the Forest Light Interaction Model (FLIM), which computes canopy reflectance
as a linear mixture of crown reflectance at infinite crown depth and background reflectance,
weighted by the ‘crown factor’ (accounting for crown transmittance and the fraction of
the scene covered by crowns) and the ‘ground factor’ (accounting for the fraction of sunlit
and shaded soil beneath and outside of tree crowns). In FLIM, crown transmittance is
computed from simple exponential functions of LAI, whilst crown reflectance at infinite
crown depth and background reflectance are derived from image endmembers. INFORM
makes use of SAIL to determine these parameters [41,52].
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In all cases, leaf optical properties were simulated by Leaf Optical Properties Spectra
(PROSPECT) [56,57]. For each site, two look-up-tables were populated, each with 100,000
reflectance simulations. Input parameters were randomly drawn from fixed, uniform, or
truncated Gaussian distributions (Tables 2 and 3).

Table 2. Distributions from which PROSPECT, SAIL, and rowSAIL parameters were randomly drawn
to populate look-up-tables for LAI and CCC retrieval at the Valencia Anchor Station.

Model Parameter Minimum Maximum Mean Standard
Deviation

PROSPECT

Structural parameter (N) 1.62 1.62 - -
Chlorophyll a + b (µg cm−2) 30 45 35 5

Dry matter (g cm−2) 0.0035 0.0035 - -
Equivalent water thickness (g cm−2) 0.025 0.025 - -

Common to SAIL
and rowSAIL

Average leaf angle (◦) 45 45 - -
LAI 0.0 3.0 1.5 0.5

Hotspot parameter 0.083 0.083 - -
Solar zenith angle (◦) 22 43 - -

Observer zenith angle (◦) 0 16 - -
Relative azimuth angle (◦) 97 133 - -

Fraction of diffuse radiation 0.15 0.15 - -
Soil brightness coefficient 0.6 1.4 1 0.5

Specific to rowSAIL

Row height (m) 1.2 1.8 - -
Row width (m) 0.6 1.3 - -

Visible soil strip (m) 1.5 3.0 2.4 0.3
Difference between solar azimuth

angle and row direction (◦) 0 126 50 43

Table 3. Distributions from which PROSPECT, SAIL, and INFORM parameters were randomly drawn
to populate look-up-tables for LAI and CCC retrieval at Wytham Woods.

Model Parameter Minimum Maximum Mean Standard
Deviation

PROSPECT

Structural parameter (N) 1.5 1.7 - -
Chlorophyll a + b (µg cm−2) 0 60 30 20

Dry matter (g cm−2) 0.004 0.020 - -
Equivalent water thickness (g cm−2) 0.01 0.02 - -

Common to SAIL
and INFORM

Average leaf angle (◦) 55 55 - -
LAI 0.0 8.0 5.0 0.5

Hotspot parameter 1.4 1.4 - -
Solar zenith angle (◦) 30 42 - -

Observer zenith angle (◦) 0 16 - -
Relative azimuth angle (◦) 120 162 - -

Fraction of diffuse radiation 0.1 0.1 - -
Soil brightness coefficient 0.5 0.5 - -

Specific to INFORM

Understory LAI 0.0 5.0 1.0 0.5
Stem density (ha−1) 0 1130 - -
Canopy height (m) 10 20 - -

Crown diameter (m) 6 14 8 4

For each simulation, a soil spectrum was randomly selected from a spectral library
containing 25 soils [58] and multiplied by a soil brightness coefficient. For the Valencia
Anchor Station, this was restricted to a subset of 10 sandy loam soils to better reflect
the characteristics of the site [37]. The two look-up-tables were constructed using SAIL
and rowSAIL simulations in the case of the Valencia Anchor Station (due to the presence
of row-structured crops), and SAIL and INFORM simulations in the case of Wytham
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Woods (due to the presence of a forest canopy). For input parameters common to the two
models in question, the same distributions were used (Tables 2 and 3). As for the airborne
hyperspectral data (Section 2.2), the reflectance simulations were spectrally resampled to
match the 218 bands available from EnMAP.

Retrieval was achieved by comparing observed airborne hyperspectral reflectance spectra
with the simulated spectra stored in each look-up-table. To avoid noisy spectral regions
dominated by water vapour absorption, bands between 1300–1500 nm and 1700–2000 nm
were excluded. After atmospheric correction, we observed substantial residual noise (i.e.,
dropouts) between 800–1000 nm, so bands within this wavelength range were also excluded.
Previous work has shown that, due to the presence of noise and measurement uncertainties,
the use of the closest match may not provide the most robust retrievals [59–62]. As such, the
mean LAI and CCC values associated with the 100 closest matches in terms of their root mean
square difference (RMSD) over all bands was computed as the retrieved value. All bands
were given equal weighting in the computation of the RMSD.

2.4. Validation of LAI and CCC Retrievals against In Situ Measurements

To facilitate the validation of the retrievals, in situ LAI and LCC measurements were
conducted within several days of each flight, and were carried out within elementary
sampling units (ESUs) of between 20 m × 20 m and 40 m × 40 m (Figure 1). Each ESU
contained 10–20 measurement locations (Table 4). To enable the row structure of the
canopy to be characterised in the Valencia Anchor Station 2017 campaign, within each
ESU, measurements were conducted along transects positioned diagonally with respect
to the planting direction (with LAI measurements conducted within and between rows,
and LCC measurements conducted within rows only) [37]. In the Wytham Woods 2018
and 2021 campaigns, which took place under the Fiducial Reference Measurements for
Vegetation (FRM4VEG) programme [63], a systematic within-ESU sampling scheme was
adopted following LAI validation good practices [64].

Table 4. Summary of the in situ LAI and LCC measurements acquired during each campaign.

Sampled ESUs

Campaign Dates LAI LCC ESU
Dimensions

Within-ESU
Sampling Locations Reference

Valencia Anchor Station
2017 14–16 June 45 40 40 m × 40 m 10–20 [37]

Wytham Woods
2018 3–5 July 47 30 20 m × 20 m 13–15 [63]

Wytham Woods
2021 20–23 July 29 29 20 m × 20 m 13–15 This study

In all cases, LAI was determined via digital hemispherical photography (DHP), using
either a Nikon Coolpix 4500 and FC-E8 fisheye lens (Nikon Inc., Melville, NY, USA), Canon
EOS 6D (Canon, Tokyo, Japan) and Sigma 8 mm F3.5 EX DG fisheye lens (Sigma, Kawasaki,
Japan), or Canon EOS 60D and Sigma 4.5 mm F2.8 EX DC fisheye lens [37,63]. Images
from the Valencia Anchor Station 2017 campaign were processed with HemiPy [65]. Those
from the Wytham Woods 2018 and 2021 campaigns (which consisted of both upwards-
and downwards-facing images to capture the overstory and understory) were processed
with CAN-EYE [66]. LCC was determined using the Konica Minolta SPAD-502 chlorophyll
meter (Konica Minolta, Inc., Tokyo, Japan), and at each sampling location, chlorophyll
meter measurements were made on one to three leaves, with six replicates per leaf, yielding
a total of 78–234 measurements per ESU. Relative values provided by the chlorophyll
meter were converted to absolute units by means of laboratory-derived calibration func-
tions [37,63,67,68]. ESU-level CCC was determined as the product of LAI and mean LCC.

Validation of the hyperspectral retrievals was achieved by comparison with in situ LAI
and CCC. Overall agreement was quantified in terms of the coefficient of determination
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(r2), RMSD, normalised RMSD (NRMSD) (which was computed by dividing the RMSD by
the mean of the in situ values), and bias (which was computed as the mean difference).

3. Results
3.1. Consistency of Atmospheric Correction Approaches

When assessed over the in-scene targets in the Valencia Anchor Station 2017 cam-
paign, both ATCOR-4 and FLAASH provided similar reflectance spectra (Figure 4). Both
demonstrated good agreement with in situ measurements of HCRF between 350–1050 nm
(RMSD ≤ 0.07, NRMSD ≤ 23%, bias ≤ 0.02), with the exception of FLAASH over the
black tarpaulin (NRMSD = 55%) (Table 5). Compared to the in situ measurements, for
unsaturated wavelengths, both ATCOR-4 and FLAASH slightly underestimated reflectance
over the white tarpaulin (bias = −0.03) and artificial football field (bias = −0.01), but
provided unbiased or slightly overestimated reflectance values over the black tarpaulin
(bias = 0.00–0.02) and grey tarpaulin (bias = 0.01) (Table 5). Despite FLAASH producing
slightly nosier spectra (Figure 4), its good agreement with ATCOR-4 confirms its compati-
bility, indicating that differences between the atmospheric correction approach adopted in
each campaign should not substantially influence our results.
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of HCRF performed using the ASD FieldSpec 3 VNIR spectroradiometer. Note that several bands are
excluded in the case of the white tarpaulin due to the saturation of the airborne hyperspectral data.
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Table 5. Performance of ATCOR-4 and FLAASH over the white tarpaulin, grey tarpaulin, black
tarpaulin, and artificial football field in the Valencia Anchor Station 2017 campaign, with respect to
in situ measurements of HCRF between 350–1050 nm performed using the ASD FieldSpec 3 VNIR
spectroradiometer.

ATCOR-4 FLAASH

Target RMSD NRMSD (%) Bias RMSD NRMSD (%) Bias

White tarpaulin 0.05 7.66 −0.03 0.07 10.53 −0.03
Grey tarpaulin 0.01 11.64 0.01 0.01 14.00 0.01
Black tarpaulin 0.01 15.85 0.00 0.02 55.05 0.02

Artificial football field 0.01 23.04 −0.01 0.01 21.03 −0.01

3.2. Characteristics of Airborne Hyperspectral and In Situ LAI, LCC, and CCC Data

Over the ESUs, the atmospherically corrected airborne hyperspectral reflectance data
demonstrated typical spectral characteristics associated with deciduous broadleaf forest in
the Wytham Woods 2018 and 2021 campaigns, with the chlorophyll and water absorption
features clearly identifiable at blue, red, and shortwave-infrared wavelengths, as well as a
clearly defined red-edge and near-infrared shoulder (Figure 5). Whilst reflectance appeared
slightly higher in 2021 than in 2018, it is worth noting that a different number of ESUs
were sampled (Section 2.4), so a direct comparison between the mean reflectance spectra
is not possible. In the Valencia Anchor Station 2017 campaign, the strong contribution of
the soil background to the reflectance signal was apparent, particularly in the visible and
near-infrared region, where the chlorophyll absorption features and red-edge were less
apparent, and in the shortwave-infrared region, where reflectance was substantially higher
than in the Wytham Woods 2018 and 2021 campaigns (Figure 5).
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The sparse nature of the canopy in the Valencia Anchor Station 2017 campaign was
equally evident in the in situ measurements of LAI, which were substantially lower and less
variable (mean = 1.37, standard deviation = 0.68) than in the Wytham Woods 2018 and 2021
campaigns (mean = 4.35 and 4.22, standard deviation = 1.92 and 2.78) (Table 6). Differences
in the in situ measurements of LCC were less distinct between the three campaigns (mean
= 0.33 g m−2, 0.31 g m−2, and 0.28 g m−2, standard deviation = 0.09 g m−2, 0.16 g m−2, and
0.19 g m−2) (Table 6). However, as the product of LAI and LCC, substantially lower and
less variable in situ CCC values were again observed in the Valencia Anchor Station 2017
campaign (mean = 0.41 g m−2, standard deviation = 0.17 g m−2) than in the Wytham Woods
2018 and 2021 campaigns (mean = 1.57 g m−2 and 1.60 g m−2, standard deviation = 1.06 g
m−2 and 1.43 g m−2) (Table 6).
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Table 6. Summary statistics associated with in situ LAI, LCC, and CCC measurements during each
campaign.

Valencia Anchor Station 2017 Wytham Woods 2018 Wytham Woods 2021

Statistic LAI LCC
(g m−2)

CCC
(g m−2) LAI LCC

(g m−2)
CCC

(g m−2) LAI LCC
(g m−2)

CCC
(g m−2)

Minimum 0.41 0.21 0.15 0.00 0.00 0.00 0.00 0.00 0.00
Maximum 3.26 0.67 0.82 7.69 0.58 4.27 8.77 0.69 4.84

Mean 1.37 0.33 0.41 4.35 0.31 1.57 4.22 0.28 1.60
Standard deviation 0.68 0.09 0.17 1.92 0.16 1.06 2.78 0.19 1.43

3.3. Overall Performance of Turbid Medium and Hybrid Radiative Transfer Models

As hypothesised, SAIL-based LAI retrievals demonstrated moderate overall perfor-
mance over the heterogeneous canopies investigated in this study (r2 = 0.58, RMSD = 1.61,
NRMSD = 50%, bias = 0.33). Notably, in the Valencia Anchor Station 2017 campaign, almost
all retrievals were of LAI ~ 1, indicating a failure of SAIL to adequately simulate the canopy
(Figure 6a). A similar, but less pronounced effect, was observed for the Wytham Woods
2018 and 2021 campaigns, where SAIL retrieved an LAI ~ 6 for a large number of ESUs
where in situ LAI ranged from 2–9 (Figure 6a). Minimally vegetated ESUs (in situ LAI
~ 0) were substantially overestimated by SAIL (LAI ~ 4) in all cases (Figure 6a). When
the hybrid radiative transfer models rowSAIL and INFORM were adopted, improved
overall performance was observed (r2 = 0.75, RMSD = 1.21, NRMSD = 38%, bias = −0.30),
as was hypothesised, with a more realistic range of retrieved LAI values and increased
correspondence with in situ LAI (Figure 6b).
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We hypothesised that CCC would be subject to worse retrieval accuracy than LAI,
because as the product of two terms, there are more opportunities for errors to propagate.
Our results support this hypothesis, with lower r2 and NRMSD values observed for CCC
than for LAI retrievals (Figure 6c,d). In terms of the difference between the radiative transfer
models, moderate performance was again provided by SAIL (r2 = 0.55, RMSD = 0.94 g m−2,
NRMSD = 84%, bias = 0.42 g m−2) (Figure 6c), but as with LAI, an improvement in
overall performance was offered by rowSAIL and INFORM (r2 = 0.68, RMSD = 0.67 g m−2,
NRMSD = 60%, bias = 0.17 g m−2) (Figure 6d).

3.4. Performance of Turbid Medium and Hybrid Radiative Transfer Models by Campaign

As hypothesised, compared with the SAIL-based retrievals, rowSAIL and INFORM
reduced the bias in LAI and CCC retrievals in all campaigns (Table 7). In both the Wytham
Woods 2018 and 2021 campaigns, increased r2 and decreased RMSD and NRMSD values
were also associated with the INFORM-based retrievals (i.e., all performance statistics
were improved with INFORM when compared to SAIL). This was not the case in the
Valencia Anchor Station 2017 campaign, where the observed reduction in bias in rowSAIL
CCC retrievals came at the expense of decreased precision, leading to a slightly increased
RMSD (0.30 g m−2 as opposed to 0.27 g m−2) and NRMSD (73% as opposed to 64%) when
compared to the SAIL retrievals (Table 7). It is also worth noting that the Valencia Anchor
Station 2017 campaign was characterised by low r2 values for both variables and retrieval
algorithms (Table 7). Given the RMSD and bias values achieved, this is likely a result of the
very limited range in LAI and CCC values experienced at the site (Table 6), as previously
noted by [37].

Table 7. Performance of SAIL and rowSAIL/INFORM LAI and CCC retrievals against in situ
measurements, by campaign. The best performance statistic per campaign is shown in bold.

Valencia Anchor Station 2017 Wytham Woods 2018 Wytham Woods 2021

Model Statistic LAI CCC
(g m−2) LAI CCC

(g m−2) LAI CCC
(g m−2)

SAIL

r2 0.05 0.00 0.55 0.56 0.73 0.53
RMSD 0.92 0.27 1.74 1.12 2.15 1.27

NRMSD (%) 67.05 64.31 40.05 71.59 50.87 79.15
Bias −0.64 −0.17 0.96 0.89 0.82 0.74

rowSAIL and INFORM

r2 0.02 0.01 0.64 0.58 0.76 0.62
RMSD 0.88 0.30 1.16 0.82 1.64 0.87

NRMSD (%) 64.44 73.15 26.70 52.08 38.85 54.23
Bias −0.13 0.03 −0.16 0.42 −0.78 0.10

4. Discussion
4.1. Suitability of SAIL-Based Retrieval Algorithms over Heterogeneous Canopies

Accurate estimates of biophysical and biochemical variables such as LAI and CCC are
essential in monitoring the condition of vegetation, and are key to modelling terrestrial
productivity, carbon exchange, and the weather and climate systems [8,9,12]. Recent and
upcoming spaceborne missions, including EnMAP, PRISMA, CHIME, and SBG, are set to
provide an unprecedented stream of decametric hyperspectral observations that are ideally
suited for the retrieval of these variables [69]. As a result, accurate and effective retrieval
algorithms must be developed and evaluated.

In the context of climate change and an increasing global population, forests and
agricultural environments are of particular importance, representing not only a vital carbon
sink, but a source of food, resources, and ecosystem services [70–72]. Whilst several
radiative transfer model-based retrieval algorithms have been developed for LAI and CCC
retrieval from decametric hyperspectral observations (such as those provided by EnMAP,
PRISMA, CHIME, and SBG), they have primarily focussed on cereal crops, making use of
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SAIL to represent the canopy. Good retrieval accuracies have been reported in these studies
for LAI (r2 = 0.81–0.84, RMSD = 0.57–1.12) and CCC (r2 = 0.72–0.88, RMSD = 0.21–0.59 g
m−2) [27–31], owing to the fact that SAIL can provide a good approximation of the dense,
leafy, and homogeneous nature of the investigated canopies [35].

Despite the demonstrated utility of SAIL-based retrieval algorithms over cereal crops,
data from recent and upcoming spaceborne decametric hyperspectral missions will also be
applied for monitoring more heterogeneous environments such as forests and row-structured
crops. At the canopy level, and as hypothesised based on previous work [25,34–36], our
results suggest that SAIL is not well suited to LAI and CCC retrieval over such vegetation
types. In a study focussed on retrieval from the Sentinel-2 Multispectral Instrument (MSI)
over deciduous broadleaf forest, [35] demonstrated that the SAIL-based Sentinel-2 Level 2
Prototype Processor (SL2P) provided moderate performance for the retrieval of LAI and CCC.
These results were subsequently confirmed over a wider range of forest types by [36,73]. Here,
we show that the same conclusions apply to hyperspectral retrieval, not only over forest
environments, but also over row-structured crops.

4.2. Utility of Hybrid Radiative Transfer Models over Heterogeneous Canopies

Our results demonstrate that by adopting hybrid radiative transfer models such
as rowSAIL and INFORM, which enable factors such as crown transmittance, foliage
clumping, and shadowing to be represented [17,20,39,41,42], reductions in bias can be
achieved. The fact that the reduction in bias came at the cost of a slight decrease in precision
for CCC retrievals in the Valencia Anchor Station 2017 campaign indicates there may be
a trade-off between bias and precision when increasing the complexity of the adopted
radiative transfer model (as also recently reported by [74] for forest LAI retrievals from
Sentinel-2 MSI). Nevertheless, we suggest that addressing bias is of higher priority than
addressing imprecision, since random errors will be reduced when synthesising over space
and time in downstream applications [74].

Over forest environments such as Wytham Woods, our results are in agreement with
those of [35], who achieved improved accuracy for INFORM-based retrievals of forest LAI
(r2 = 0.79, RMSD = 0.47, NRMSD = 13%, bias = −0.13) and CCC (r2 = 0.69, RMSD = 0.52 g
m−2, NRMSD = 29%, bias = −0.08 g m−2) from Sentinel-2 MSI when compared to SAIL-
based LAI (r2 = 0.54, RMSD = 1.55, NRMSD = 43%, bias = −1.38) and CCC (r2 = 0.52, RMSD
= 0.79 g m−2, NRMSD = 45%, bias = −0.49) retrievals. Likewise, [74] applied an alternative
hybrid radiative transfer model, 4SAIL2, for the retrieval of forest LAI from Sentinel-2
MSI, achieving similar improvements in accuracy (r2 = 0.74, RMSD = 0.86, bias = −0.13)
when compared to SAIL (r2 = 0.67, RMSD = 0.91, bias = −0.38). Our results also reflect
the findings of [41], who reported high accuracy when retrieving forest LAI from airborne
hyperspectral data using INFORM (r2 = 0.73, RMSD = 0.58). For row-structured crops,
the improvement in retrieval accuracy achieved using rowSAIL over the Valencia Anchor
Station reflects the work of [39,42], who applied the related rowMCRM radiative transfer
model to account for the effects of vineyard structure.

Crucially, because hybrid radiative transfer models provide a more realistic description
of the canopy than turbid medium radiative transfer models, but with a lower level
of complexity than three-dimensional radiative transfer models, they remain relatively
straightforward to invert. This is a key consideration, as the latter models require extensive
parameterisation [20,41]. As a result, and due to hyperspectral data redundancy, the
inversion of such models may be underdetermined; despite consisting of hundreds of
spectral bands, the observations may contain too little information to solve for the number
of unknowns. Offering an intermediate level of complexity, hybrid radiative transfer
models effectively mitigate this issue.

4.3. Limitations and Perspectives for Future Work

Our study relied on airborne hyperspectral data, as the majority of our campaigns
were conducted before spaceborne hyperspectral missions such as EnMAP and PRISMA
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were operational (i.e., PRISMA was launched in 2019 and EnMAP was launched in 2022,
whilst CHIME and SBG are scheduled for launch in the late 2020s). Although we made
efforts to simulate the spatial and spectral characteristics of EnMAP, it is worth noting that
the actual observational characteristics of these missions (such as the greater influence of
atmospheric effects due to the longer atmospheric path length) could not be fully replicated.
Given that uncertainties in atmospheric correction are likely to be higher for spaceborne
(as opposed to airborne) observations, the retrieval accuracies reported in our study may
be slightly overoptimistic (particularly in terms of precision), since errors in atmospheric
correction will propagate through to LAI and CCC retrievals. Now that several spaceborne
hyperspectral missions have been launched, future work should focus on confirming our
findings with spaceborne observations. This will require dedicated and carefully planned
campaigns, as the coverage of these missions is not systematic.

Biophysical and biochemical variables retrieved from hyperspectral data provide a rich
source of information for deepening our understanding of vegetation physiology, and such
information is vital for improving agricultural practices. By enabling the more accurate
retrieval of LAI and CCC to be achieved over forests and row-structured crops, the results
of our study are directly relevant to applications in precision agriculture. For instance, LAI
is an indicator of biomass, and CCC is related to crop nitrogen content, providing valuable
information about crop nutrient status [14,75,76]. Improved CCC retrievals can assist in
the development of fertiliser treatment plans, enabling reduced environmental impact and
maximised crop production. Likewise, more accurate LAI retrievals can be used as input to
crop models to improve yield forecasting. Future work should assess the utility of hybrid
radiative transfer models for the retrieval of additional variables, such as those related
to vegetation water stress and of relevance for irrigation management (i.e., canopy water
content) [77–79].

As users look to exploit spaceborne hyperspectral data for agricultural, forestry, and
environmental management applications [69], freely available software tools for processing
and analysing these data are likely to experience increased use. One such example is the
EnMAP-Box [80], which provides a set of Agriculture Applications that include tools for the
generation of look-up-tables, as well as look-up-table-based biophysical and biochemical
variable retrieval [81]. In addition to SAIL, the EnMAP-Box Agriculture Applications
already incorporate INFORM, meaning that our INFORM-based retrieval approach could
easily be adopted by users of the toolbox for the retrieval of LAI and CCC over forest
environments. As toolboxes such as the EnMAP-Box are developed and updated, other
hybrid radiative transfer models such as rowSAIL should be incorporated to ensure utility
in a wide range of environments. This will require clear guidance on model choice to be
provided to users, to ensure appropriateness for the canopy of interest.

5. Conclusions

Although good retrieval accuracies have been reported over cereal crops for SAIL-
based LAI and CCC retrieval algorithms developed in the context of missions such as
EnMAP, PRISMA, CHIME, and SBG, few studies have investigated their performance
over heterogeneous canopies. In this study, we explored hybrid radiative transfer models
(rowSAIL and INFORM) to overcome the hypothesised limitations of SAIL. Our results
demonstrate that over forests and row-structured crops, algorithms based on SAIL (which
assumes horizontal homogeneity) provide moderate retrieval accuracy for LAI (RMSD
= 0.92–2.15, NRMSD = 40–67%, bias = −0.64–0.96) and CCC (RMSD = 0.27–1.27 g m−2,
NRMSD = 64–84%, bias = −0.17–0.89 g m−2). Hybrid radiative transfer models (which
partition the canopy into geometric objects that are themselves treated as turbid media) could
better represent heterogeneous vegetation, enabling reductions in bias to be achieved for LAI
(RMSD = 0.88–1.64, NRMSD = 27–64%, bias = −0.78–−0.13) and CCC (RMSD = 0.30–0.87 g
m−2, NRMSD = 52–73%, bias = 0.03–0.42 g m−2).

Based on our results, at the canopy level, we recommend that hybrid radiative transfer
models such as rowSAIL and INFORM are further adopted for hyperspectral biophysical
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and biochemical variable retrieval over heterogeneous vegetation. LAI and CCC are key
inputs into models of terrestrial productivity, carbon exchange, and the weather and climate
systems, so the associated reductions in systematic error achieved over these environments
will facilitate better informed decisions in fields such as agriculture and forest management,
as well as climate change mitigation and adaptation. As an unprecedented stream of hy-
perspectral observations becomes available from spaceborne missions, associated retrieval
toolboxes should be developed and updated to incorporate such models. Clear guidance
on model choice should also be provided to users, to ensure their appropriateness for the
canopy of interest, as well as their utility in a wide range of downstream applications.
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