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a b s t r a c t
The PROSPECT leaf optical model has, to date, combined the effects of photosynthetic pigments, but a ﬁner
discrimination among the key pigments is important for physiological and ecological applications of remote
sensing. Here we present a new calibration and validation of PROSPECT that separates plant pigment
contributions to the visible spectrum using several comprehensive datasets containing hundreds of leaves
collected in a wide range of ecosystem types. These data include leaf biochemical (chlorophyll a, chlorophyll b,
carotenoids, water, and dry matter) and optical properties (directional–hemispherical reﬂectance and
transmittance measured from 400 nm to 2450 nm). We ﬁrst provide distinct in vivo speciﬁc absorption
coefﬁcients for each biochemical constituent and determine an average refractive index of the leaf interior.
Then we invert the model on independent datasets to check the prediction of the biochemical content of intact
leaves. The main result of this study is that the new chlorophyll and carotenoid speciﬁc absorption coefﬁcients
agree well with available in vitro absorption spectra, and that the new refractive index displays interesting
spectral features in the visible, in accordance with physical principles. Moreover, we improve the chlorophyll
estimation (RMSE = 9 µg/cm2) and obtain very encouraging results with carotenoids (RMSE = 3 µg/cm2).
Reconstruction of reﬂectance and transmittance in the 400–2450 nm wavelength domain using PROSPECT is
also excellent, with small errors and low to negligible biases. Improvements are particularly noticeable for
leaves with low pigment content.
© 2008 Elsevier Inc. All rights reserved.

1. Introduction
Improved quantiﬁcation of vegetation physiology, including the
rate of gas exchange with the atmosphere, can be achieved by better
measurement and knowledge of the pigments present in plant leaves.
There are three types of pigments that determine the leaf color as the
result of selective light absorption: chlorophylls (two major types in
higher plants, chlorophyll a and chlorophyll b), carotenoids (including
β-carotene and xanthophylls), and anthocyanins. These pigments are
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present in variable proportions during the differentiation and aging of
leaves, but some situations can block their production. For example,
the effect of abiotic stress — such as ozone or sulfur dioxide air
pollution, heavy metals, viral attack or water deﬁciency — can cause a
change in the optical properties of vegetation. Whereas chlorophyll
concentrations can indicate photosynthetic functioning and potential
maximum CO2 assimilation rates, expression of carotenoids can
indicate down-regulation of photosynthesis caused by environmental
stress. To date, neither of these key pigments groups is well measured
from remote sensing data.
The development of precision agriculture has also fueled the need
for remote sensing of plant pigments. Since chlorophyll concentration
is connected to nitrogen, it has become a key measurement parameter
in plant canopies (Gitelson et al., 2003; Ustin et al., 2004, submitted
for publication). As for the other foliar pigments, research has
concentrated at the leaf scale: carotenes which transfer a fraction of
absorbed energy to chlorophylls and which are revealed in leaves in
autumn (Gitelson et al., 2002; Merzlyak & Gitelson, 1995); xanthophylls implicated in the photo-regulation of light by dissipating excess
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absorbed energy, thus avoiding the detrimental oxidation of the
photocenter (Gamon & Qiu, 1999); anthocyanins which also protect
the photosynthetic system from excess light and whose measurement
could indicate the physiological state of plants (Gitelson et al., 2001).
Continuing improvements in the spectral resolution of optical
sensors have provided new opportunities for detecting and quantifying individual foliar pigments at large-scales. The radiative transfer
models allow an analysis of the remote sensing signal based on robust
physical, chemical, and biological processes. PROSPECT (Jacquemoud &
Baret, 1990) has become a key model to simulate leaf directional–
hemispherical reﬂectance and transmittance over the whole optical
domain (Jacquemoud et al., in press). Several versions of the model
have been released since 1990: they correspond to the introduction of
new leaf biochemical constituents, mostly cell wall molecules such as
cellulose and lignin that compose the dry matter that absorbs
shortwave infrared (SWIR) radiation (Baret & Fourty, 1997; Fourty
et al., 1996; Jacquemoud et al., 1996, 2000); the spectral resolution was
extended from 5 nm to 1 nm by Le Maire et al. (2004) in an unreleased
version; and the model was recently adapted to account for leaf surface
directional reﬂectance (Bousquet et al., 2005) and chlorophyll a
ﬂuorescence emission (Pedrós et al., in preparation). To date, only
total chlorophyll, water, and dry matter content are taken into account
in the model, and thus retrievable. Pigment discrimination or solarinduced chlorophyll a ﬂuorescence measurement using the next
generation of hyperspectral sensors requires much ﬁner and more
accurate spectral resolutions. The availability of new datasets at 1-nm
sampling provides an opportunity to upgrade the model.
In this paper, we ﬁrst reﬁne the core of PROSPECT by computing a
new refractive index spectrum, by setting a more realistic leaf surface
roughness parameter, and by developing an optimized calibration
process to obtain the relevant speciﬁc absorption coefﬁcients for water,
dry matter, and the different pigments. Two new versions are
developed and compared: PROSPECT-4 and PROSPECT-5, with the
latter version providing, for the ﬁrst time, a physically-based separate
treatment of chlorophylls and carotenoids. Inversion methods are then
used on independent datasets to validate both models. Biochemical
concentration predicted from intact leaves is ﬁrst compared with
measured biochemical composition. Direct comparison between
simulated and measured reﬂectance (and transmittance) is used to
assess the performance of the models in terms of accuracy of ﬁt.
2. Need for a new calibration algorithm
PROSPECT simulates the leaf directional–hemispherical reﬂectance
and transmittance (Schaepman-Strub et al., 2006), just named
reﬂectance and transmittance hereafter, from 400 nm to 2500 nm
with a minimum number of input variables to facilitate its inversion.
The leaf optical properties are mainly driven by the structure
parameter N, i.e. the number of stacked elementary homogeneous
layers, and by the absorption coefﬁcient k(k) of one elementary layer.
While optical constants are well known for pure liquid water in the
whole electromagnetic spectrum because this molecule received
particular attention in physics, chemistry, biology and mineralogy,
there are serious gaps in knowledge for plant pigments and cell wall
constituents. For that reason, unlike canopy reﬂectance models,
PROSPECT requires a calibration phase where physical and optical
constants such as the leaf surface roughness parameter σ, the
refractive index of leaf material n(k), and the speciﬁc absorption
coefﬁcient of leaf absorbers kspe(k) must be determined using
experimental data. In the model, these values are assumed to be
invariable from one species to another, which is true for kspe(k) but
certainly not for σ and n(k) due to the changing nature of leaf surfaces
and wax types (Pfündel et al., 2006), and because refraction and
absorption are theoretically correlated in a complex medium (Berthier,
1993). In fact, σ and n(k) have not been updated since Jacquemoud and
Baret (1990), yet their accuracy is crucial for an improved modeling of
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leaf optical properties and more accurate retrieval of the biochemical
content when inverting the model. PROSPECT is based on physics,
consequently it is fundamental to develop a model consistent with our
knowledge of these constants (Le Maire et al., 2004).
2.1. Reassessment of the angle of incidence of incoming radiation
When measuring the directional–hemispherical reﬂectance and
transmittance, the incident radiation is perpendicular to the leaf blade
that, in fact, intercepts light rays in different directions because its
surface is not ﬂat. To mimic the leaf surface roughness on an intuitive
basis, the incident radiation in PROSPECT lights up a horizontal plane
supposed to be perfectly ﬂat at all angles between 0° (nadir) and 60°.
Until now, the value of 60° was empirically set but it seems to be overestimated. In recent work on leaf BRDF modeling, Bousquet et al.
(2005) physically linked the probability density function of facet
orientations D (Cook & Torrance, 1981) to the surface roughness
parameter σ and to the angle α, which is formed by the direction of
the leaf normal and the direction of a facet normal:

 !
1
tan a 2
Dða; rÞ ¼
:
ð1Þ
exp 
r
cos 4 a
The value of σ ≤ 0.5 was found to be a realistic maximum for most
of the leaves. Fig. 1 shows that the actual values of D for σ ≤ 0.5
correspond to an incoming radiation that impinges on the leaf surface
at all angles between α = 0° and α = 40°, which appears to be a more
realistic value. Moreover, since the average transmissivity at the
interface varies very slowly between 0° and 40°, the angle α can be
ﬁxed. This allows a slight decrease in the minimum reﬂectance and an
improvement in PROSPECT accuracy at high absorption wavelengths.
2.2. Reassessment of the speciﬁc absorption coefﬁcients
The determination of in vivo speciﬁc absorption coefﬁcients is
critical since they link the optical and biochemical properties together.
The coefﬁcients of most pigments are actually known in vitro for
puriﬁed molecules dissolved in organic solvents. Because the
membrane-bound protein complex is removed during pigment
extraction and because spectral shifts may occur in the main
absorption peaks, depending on the solvent used to extract them
from foliage (Porra, 2002), the in vitro speciﬁc absorption coefﬁcients
cannot be used in PROSPECT. Some in vivo absorption spectra can be
found in the literature, but they are generally bound to a particular
model and expressed in arbitrary units, thus not exploitable.

Fig. 1. Adjusted probability density function D(α) of facet orientation α for different
values of the roughness parameter σ varying from 0.1 to 1 (after Bousquet, 2007).
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Moreover, the overlapping wavelengths of the absorption coefﬁcients
of pigments make their identiﬁcation in leaf reﬂectance or transmittance spectra difﬁcult to predict. In this context, it is particularly
challenging to develop a method to derive the in vivo speciﬁc
absorption coefﬁcients directly from intact leaves via spectral
measurements and modeling.
2.3. Reassessment of the refractive index
The refractive index n(k) in the previous version of PROSPECT was
determined by inversion of the plate model (Allen et al., 1969) using
fresh and dry albino maize (Zea mays L.) leaves grown under glass.
Since then, Le Maire (2005) showed that this continuous smooth
spectrum led to inaccuracies in simulated leaf reﬂectance in the visible
(VIS). Thus, both the level and shape of the original spectrum are
questionable and should be revised. For instance, n(k) has been
assumed to be independent of leaf absorption. The Kramers–Kronig
relations however state that the real part of the complex refractive
index in a homogeneous medium at a given frequency, subsequently
called the refractive index, can be expressed as an integral of the
imaginary part, related to absorption, over all frequencies, and vice
versa (Berthier, 1993). These relationships are very useful to determine
n(k) because it is somewhat difﬁcult to experimentally measure this
optical variable over a wide range of frequencies. As an example, Hale
and Kerry (1973) successfully computed the refractive index of pure
liquid water from its extinction coefﬁcient. Another theory developed
by Maxwell Garnett (1904) is required to determine the effective
refractive index of an inhomogeneous medium. We however face two
kinds of difﬁculties with plant leaves: ﬁrst, as pointed out earlier, the
absorption properties of the biochemical constituents, except those of
water, are poorly known; pigment absorption features are only
available in vitro, and in most cases only over the VIS. Second, leaves
are not homogeneous media. Therefore, a more comprehensive
knowledge of absorption and refraction, but also of leaf biochemistry,
is required before we can apply a purely theoretical approach to
compute n(k) in a complex medium such as a plant leaf. Instead, the
refractive index used here was empirically determined without an a
priori shape constraint.
3. The calibration algorithm
The calibration stage aims at assessing the refractive index n(k)
and the speciﬁc absorption coefﬁcient kspe(k) of leaf constituents.
These are the spectral variables of the plate model that need to be
determined wavelength by wavelength. Since leaves cannot be
compared to compact layers, the structure parameter N representing
leaf anatomy must also be known. N changes from leaf to leaf and is
assumed to be wavelength independent, but it cannot be directly
measured. Ideally, we should obtain for each leaf the value of N
concurrently with the refractive index n(k) and all the kspe(k), which
are linearly mixed into the absorption coefﬁcient k(k) of the compact
layer. Nevertheless, with spectrophotometric measurements at nk
wavelengths, such a method would require ﬁtting 2nk + 1 parameters.
The computation of such a large number of unknowns (up to several
thousands) is unfeasible. For this reason, the calibration was split in
two steps that distinguish between the assessment of N and the
assessment of both kspe and n.
3.1. First step: determination of N
Modeling absorption processes ﬁrst implies that the leaf mesophyll
structure is well accounted for by the model. A change in leaf anatomy
causes variations in optical properties over the whole spectrum, with a
maximum effect in the NIR from 800 nm to 1000 nm where absorption
is at a minimum. In fresh leaves, this low absorption is materialized by
a plateau of quasi-constant reﬂectance and transmittance levels at

about 40–50% of incident light. This plateau is somewhat disturbed in
senescent and dry leaves due to the development of brown pigments or
denatured proteins that absorb light below 1300 nm (Baret & Fourty,
1997). We used three wavelengths to perform the inversion and obtain
N for each leaf: they correspond to the maximum reﬂectance (k1), the
maximum transmittance (k2), and the minimum absorptance (k3), all
three wavelengths located in the NIR plateau (Jacquemoud et al., 1996).
The refractive index was set to 1.45 (Woolley, 1975) during this
step, but increasing or decreasing it did not fundamentally change
the results. Following this procedure, only four variables (leaf structure parameter N together with the three absorption coefﬁcients
k(k1), k(k2), and k(k3)) were determined for each leaf individually
by minimizing the merit function:
J ðN; kðk1 Þ; kðk2 Þ; kðk3 ÞÞ
3
X
2
2
ðRmes ðki Þ  Rmod ðN; kðki ÞÞÞ þðTmes ðki Þ  Tmod ðN; kðki ÞÞÞ
¼

ð2Þ

i¼1

where Rmes(ki) and Tmes(ki) are the measured reﬂectance and transmittance at the wavelength ki, and Rmod and Tmod stand for the modeled
values. The optimization is performed using a constrained Powell's
line-search method for ﬁnding the minimum of the merit function
(Press et al., 1992).
3.2. Second step: determination of speciﬁc absorption coefﬁcients and
refractive index
After the computation of N, the original calibration algorithm of
PROSPECT was used to assess the transmission coefﬁcient τ (k) for
each leaf, and afterwards the absorption coefﬁcient k(k) which is
directly related to τ (k) through a Beer–Lambert law integrated over
the hemisphere. However, that relationship involving an incomplete
gamma function raised numerical problems due to high sensitivity of
k(k) to minimal variations of τ (k). This intermediate step was formerly
necessitated by limited computation capabilities. Today, high performance computing capabilities allow direct determination of the
speciﬁc absorption coefﬁcients by inversion of the model on
reﬂectance and transmittance spectra (Eq. (3)), avoiding these
numerical instabilities.
The speciﬁc absorption coefﬁcients kspe(k) of leaf absorbers and
the refractive index n(k) of leaf material are now computed by
inversion of PROSPECT on all leaves comprising the calibration dataset.
At each wavelength k, we minimize the merit function:


J Kspe;i ðkÞ; nðkÞ
X
2 
2
¼
Rmes;j ðkÞ  Rmod;j ðkðkÞ; nðkÞÞ þ Tmes;j ðkÞ  Tmod;j ðkðkÞ; nðkÞÞ
j

ð3Þ

where
kðkÞ ¼

X
i

Kspe;i ðkÞ 

Ci
:
Nj

ð4Þ

k(k) is the absorption coefﬁcient of a compact layer at the wavelength k, Ci the concentration of constituent i, kspe,i(k) the corresponding speciﬁc absorption coefﬁcient, and Nj the leaf structure parameter
of leaf j. The leaf structure parameters ﬁtted in the ﬁrst step, as well as
the pigment, water, and dry matter contents measured in the
laboratory constrain the inversion. The separation of the kspe,i(k) in
the inversion process is not straightforward because of overlaps in
their main absorption peaks, high correlations between concentrations, and fast saturation of the signal in strong absorption bands. An
illustration of the problem is given when assessing the speciﬁc
absorption coefﬁcient of dry matter, which is hidden by the
predominant absorption features of water. This difﬁculty can be
overcome by selecting appropriate datasets containing leaves with a
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wide distribution of biochemical concentrations. For pigments, it is
particularly important to have light-green or yellowish samples with
low concentrations.
4. Available datasets
The previous versions of PROSPECT rely on partial, separate
experimental datasets, so that they tend to lack commonness. There
is no unique, ideal, perfect experiment dedicated to the calibration of
PROSPECT so far. Therefore, we selected four datasets collected by
different research teams: the ﬁrst one called LOPEX dates from 1993
and has been widely used by the remote sensing community (Hosgood
et al., 1994); the second one that, for the sake of simplicity, we called
CALMIT consists of a subset of 60 ﬁg leaves (Ficus carica L.) measured
during winter 1995/96 in Israel (CALMIT1, Gitelson et al., 1998a) and a
subset of 46 beech leaves (Fagus Sylvatica) measured in 1996 in the
Black Forest in Germany (CALMIT2, Gitelson et al.,1998b); the third one
called ANGERS was measured in 2003 at INRA in Angers (France); and
the last one called HAWAII was measured in 2007 in Hawaii (USA)
(Asner & Martin, unpublished data). These datasets together encompass hundreds of leaves corresponding to various species, growing
conditions (temperate, Mediterranean, and humid tropical), and
growth stage. These datasets utilized leaf directional–hemispherical
reﬂectance and transmittance spectra measured in the optical range
(b2 nm step) with laboratory spectrophotometers or ﬁeld spectroradiometers equipped with integrating spheres, and they generally
share a pool of biochemical constituents expressed in the same units
and are thus comparable: chlorophyll a (Ca), chlorophyll b (Cb) and
total carotenoid (Ccx) content, water depth (Cw or EWT for equivalent
water thickness), and dry matter content (Cm or LMA for leaf mass per
area). In these experiments, leaf discs are generally sampled for
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biochemicals using a cork borer and extracted immediately after the
spectral measurements: their fresh weight was measured before
placing them in a drying oven at 85 °C for 48 h and reweighing them to
determine the water content (expressed as a percentage), the equivalent water thickness (in cm), and the leaf mass per area (in g/cm2). At
the same time and in the same way, pigments were extracted using
organic solvents by grinding fresh or frozen leaf discs in a chilled
mortar with a small amount of quartz sand and MgCO3 to prevent
acidiﬁcation. Following centrifugation, the absorbance of the supernatant is measured using dual beam scanning UV–VIS spectrophotometers. Chlorophylls a, b and total carotenoid content
expressed in µg/cm2 were determined using a multi-wavelength
analysis. Table 1 summarizes the main characteristics of these datasets.
Notice that this table mentions two different numbers of samples in
LOPEX. This dataset contains 580 leaf samples including the optical
properties, water and dry matter content for dry and fresh leaves. Five
spectral samples were collected for each leaf, and pigment content was
integrated into an average whole leaf. 64 fresh leaves were available;
each constituent content, reﬂectance and transmittance spectrum was
then averaged over the ﬁve samples to obtain the dataset used for the
validation of this study.
On the whole, the statistical distribution of pigments, water and
dry matter shown in Fig. 2 are consistent within the four datasets,
although HAWAII exhibits slightly higher concentrations and LOPEX
slightly lower concentrations than the other two datasets. CALMIT1
and CALMIT2, gathered in CALMIT, also show few differences in the
pigments repartition: CALMIT2 is similar to ANGERS while CALMIT1
and HAWAII exhibit slightly higher concentrations. The cause of this
difference may be due to i) datasets collected in different ecosystems,
climates, and variety of species. These ecological factors may inﬂuence
the distribution of pigments in vegetation (Wright et al., 2004). ii) A

Table 1
Main characteristics of the datasets

Date
Number of samples
Number of species
Spectrophotometer/spectroradiometer
Spectral range
Spectral sampling
Solvent
Method for pigments

LOPEX

CALMIT

ANGERS

HAWAII

1993
64/580
50
Perkin Elmer Lambda 19
400–2500 nm
1–2 nm (400–1000 nm)
4–5 nm (1000–2500 nm)
Acetone 100%
Lichtenthaler (1987)

1996
106
2
Shimadzu UV 2101 PC/LICOR LI-1800
400–800 nm
1 nm

2003
276
49
ASD FieldSpec
400–2450 nm
1.4 nm (350–1050 nm)
2 nm (1000–2500 nm)
Ethanol 95%
Lichtenthaler (1987)

2007
41
41
ASD FieldSpec
400–2500 nm
1.4 nm (350–1050 nm)
2 nm (1000–2500 nm)
Acetone 100%
Lichtenthaler and Buschmann (2001)

Acetone 100%
Lichtenthaler (1987)

Chlorophyll a (µg/cm2)
Min
Max
Mean

0.3
48.0
15.0

1.0
58.8
24.2

0.4
76.8
25.4

13.3
56.3
37.0

Chlorophyll b (µg/cm2)
Min
Max
Mean

0.2
14.6
5

0.2
21.1
9

0.3
29.9
8

5.4
21.3
13

Carotenoids (µg/cm2)
Min
Max
Mean

0.6
15.8
4.4

2.0
18.7
8.3

0
25.3
8.7

5.1
17.2
11.8

Water (cm)
Min
Max
Mean

0.0043
0.0439
0.0113

n.a.
n.a.
n.a.

0.0044
0.0340
0.0116

0.0127
0.0713
0.0275

Dry matter (g/cm2)
Min
Max
Mean

0.0017
0.0152
0.0053

n.a.
n.a.
n.a.

0.0017
0.0331
0.0052

0.0064
0.0229
0.0125

In LOPEX, the reﬂectance and transmittance spectra, as well as the water and dry matter content values, are measured on ﬁve different leaves of the same sample, and possibly averaged,
while the pigments correspond to a sample of these ﬁve leaves.
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Fig. 2. Distribution of leaf biochemical constituents in the four datasets.

Fig. 3. Pigment, water, and dry matter correlations (● LOPEX □ CALMIT ♦ ANGERS ○ HAWAII).
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Table 2
Relationships between pigments in the four datasets, separately and all together
LOPEX

CALMIT

ANGERS

HAWAII

All

Ca = 3.05Cb +
0.46
R2 = 0.95
Ca = 2.99Cxc +
1.87
R2 = 0.93
Ca = 0.91Cxc +
0.75
R2 = 0.85

Ca = 2.40Cb +
3.20
R2 = 0.94
Ca = 3.20Cxc −
2.51
R2 = 0.75
Ca = 1.20Cxc −
1.24
R2 = 0.65

Ca = 2.78Cb +
1.96
R2 = 0.96
Ca = 3.03Cxc −
0.82
R2 = 0.91
Ca = 1.05Cxc −
0.66
R2 = 0.88

Ca = 2.66Cb +
2.07
R2 = 0.93
Ca = 3.49Cxc −
4.37
R2 = 0.89
Ca = 1.23Cxc −
1.44
R2 = 0.83

Ca = 2.69Cb +
2.15
R2 = 0.95
Ca = 3.04Cxc +
0.44
R2 = 0.89
Ca = 1.07Cxc −
0.45
R2 = 0.83

different solvent extraction efﬁciency which may lead to different
amounts of pigments extracted from a leaf following the protocol
(Porra, 2002).
As expected, strong correlations between concentrations are
shown in Fig. 3, which means that they co-vary in nature and that
they are not statistically independent. It is particularly interesting to
notice that the statistical relationships between Ca, Cb, and Cxc are
similar in the four datasets (see Table 2). Such relationships appear to
be very general, and thus make the separation of pigment effects on
spectral optical data challenging to achieve. The gathering of different
types of leaves with a wide range of pigments, e.g. obtained by
collecting leaves in various physiological states, may help to understand the conditions of stability or variation of these relationships, and
to differentiate between individual pigment absorptions.
5. Choice of the datasets used in the calibration
The choice of a dataset suitable for the calibration of PROSPECT is
crucial because the coefﬁcients kspe(k) and n(k) largely depend on it.
Ideally it should be composed of leaves containing only one absorber in
variable amounts. For instance, the absorption of dry matter can be
assessed in the NIR and SWIR using dry leaves because absorption, in
this spectral domain, is only driven by water and dry matter. LOPEX,
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which encompasses hundreds of dry leaves, is therefore well adapted.
As above-mentioned, it is more difﬁcult to separate leaf photosynthetic
pigments because they are strongly correlated and coexist in plants in
natural conditions. Albino or etiolated leaves, which would be very
useful in this context, are very rare. Calibrations performed using the
four available datasets independently were not always consistent,
although the leaf constituents are supposed to absorb light the same
way. We ﬁnally used ANGERS, which is the largest dataset, and the only
one to include leaves with very low pigment contents, and sometimes,
with almost no carotenoids or no chlorophylls. This distribution results
from the sampling strategy: for each plant species, four fully expanded
leaves were chosen using nondestructive SPAD measurements in order
to have the lowest and the highest possible chlorophyll contents, plus
two intermediate values. The availability of spectral endmembers in
the calibration dataset is strongly desirable to obtain consistent
coefﬁcients. This hypothesis was conﬁrmed when removing leaves
with low pigment content from ANGERS during the calibration phase.
The degraded leaf variable estimation proved that the model
calibration was highly sensitive to such leaves. This result can be
easily explained: the presence of pigments quickly increases absorption, tending to hide the contrasts existing between the absorption of
each individual constituent. Fig. 4 presents a comprehensive diagram
summarizing the structure of the chosen calibration process.
6. Results and discussion
The refractive index and speciﬁc absorption coefﬁcients are ﬁrst
determined using LOPEX and ANGERS, and then the performance of
the model is assessed on LOPEX, CALMIT, ANGERS, and HAWAII.
6.1. Speciﬁc absorption coefﬁcients
6.1.1. Water
Unlike pigments, Jacquemoud et al. (2000) observed that the
in vivo speciﬁc absorption coefﬁcient of water was very similar to that
of pure liquid water, thus we decided to use data from the literature

Fig. 4. Diagram of the calibration process.
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Fig. 5. Speciﬁc absorption coefﬁcient of pure liquid water compared to spectra
determined with PROSPECT using ANGERS and LOPEX. The speciﬁc absorption
coefﬁcient of pure liquid water is built from three datasets chosen for their accurate
spectral resolution (from 400 nm to 800 nm, Buiteveld et al., 1994; from 800 nm to
1232 nm, Kou et al., 1993; from 1232 nm to 2500 nm, Wieliczka et al., 1989).

(Buiteveld et al., 1994; Kou et al., 1993; Wieliczka et al., 1989). These
data have the advantage of being very accurate in the VIS and the NIR,
where, due to very low water absorption and predominance of other
absorbers, calibrated coefﬁcients would be senseless. That hypothesis
has been validated by re-computing the water speciﬁc absorption
coefﬁcient, using LOPEX and ANGERS (Fig. 5).

Fig. 7. In vivo (PROSPECT-3 and -4) and in vitro (after Maier, 2000) chlorophylls a and b
speciﬁc absorption coefﬁcient (cm2/µg).

We selected LOPEX, which contains about 245 dry leaves (placed in a
drying oven at 85 °C for 48 h) and 335 fresh leaves, to reassess the speciﬁc
absorption coefﬁcient of dry matter. From 450 nm to 1200 nm, we set it
constant and equal to its minimum value in the IR domain. Fig. 6 presents
the spectral variation obtained over the whole optical domain. One can
notice that both old and new coefﬁcients are similar in the blue (Baret,
personal communication) and IR domains (Jacquemoud et al., 2000).

6.1.2. Dry matter
The shape of the estimated speciﬁc absorption coefﬁcient spectra for
dry matter is not easy to interpret (Fig. 6). In Baret (personal
communication), it slowly decreases between 450 nm and 800 nm,
while albino leaves (Maas & Dunlap, 1989) clearly show constant
absorption in this domain. On the other hand, in Jacquemoud et al.
(2000), the high absorption peak below 450 nm, also observed in albino
leaves and in leaves with very low pigment content, is absent since their
spectrum is constant between 400 nm and 800 nm. The absorption peak
in the blue is probably caused by polyphenols (also called phenolic
compounds), in particular ﬂavonols (Cerovic et al., 2002). These
compounds still exists in fresh foliage, but chlorophylls and carotenoids
hide them. However, polyphenols are often correlated with LMA, except
for leaves on aging plants (Meyer et al., 2006). From this point forward,
we will assume that the stronger absorption between 400 nm and
450 nm is also attributed to dry matter, although it is an approximation.

6.1.3. Pigments
Like former versions, the new model PROSPECT-4 uniformly treats
all photosynthetic pigments (chlorophylls and carotenoids), which are
assumed to be entirely chlorophyll. The model has been calibrated
using the upgraded method and ANGERS. Higher contrasts between
non-absorption (550 nm) and absorption wavelengths (450 nm and
680 nm), as well as between these two major peaks, are noticeable in
Fig. 7. The new shape, in contrast to the “ﬂatness” of the former version,
looks more realistic and is in closer agreement with other estimates
from the literature (e.g., Eng & Baranoski, 2007; Maier, 2000). To
calculate the in vitro speciﬁc absorption coefﬁcient of chlorophylls
displayed in Fig. 7, we used the Gaussian approximation proposed by
Maier (2000) that models the absorption of pigments located in the
antenna complexes (LHCP3), assuming a chlorophyll a:b ratio of about
three. One can observe higher values in the 400–500 nm domain that

Fig. 6. Speciﬁc absorption coefﬁcient of dry matter: former (Baret, personal
communication; Jacquemoud et al., 2000) and reassessed.

Fig. 8. In vivo (PROSPECT-5) and in vitro (after Maier, 2000) chlorophyll (black) and total
carotenoids (grey) speciﬁc absorption coefﬁcients (cm2/µg).
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may be explained by additional absorption effects of other pigments,
like carotenoids, which are not accounted for in PROSPECT-4.
Another version of the model, PROSPECT-5, was developed to
introduce carotenoids in addition to chlorophylls. Results of the
corresponding absorption coefﬁcients are presented in Fig. 8.
As expected, differences between the two peaks decrease and get
closer to the ratio observed in vitro. The chlorophyll absorption peaks
at 680 nm are well matched, and the shapes of both curves are in good
agreement. The carotenoid speciﬁc absorption coefﬁcient also agrees
with the literature (Eng & Baranoski, 2007; Maier, 2000). The speciﬁc
absorption coefﬁcient of carotenoids assessed here integrates the
absorption of several pigments (β-carotene, xanthophylls…), by
varying their absorption peak. For this reason, no peak is clearly
deﬁned when comparing it to the β-carotene proposed by Maier
(2000). Note that the modeled carotenoids absorb until 600 nm, while
actual carotenoid absorption stops at around 500 nm (Zcheile et al.,
1942). The remaining modeled absorption between 500 and 600 nm
may be due to the contribution of anthocyanins in low pigment leaves.
Attempts to separate chlorophylls a and b using the same method
unfortunately failed. A classical numerical algorithm fails when
variables such as leaf photosynthetic pigments are highly correlated,
and this may require further investigations, such as using leaves with
unusual pigment combinations, or a priori constraints in the merit
function. Because the datasets studied in this paper show constant
chlorophyll a:b ratios, separation of these two forms is challenging.
This difﬁculty however should be overcome in the future because of
useful applications in chlorophyll ﬂuorescence emission and plant
health monitoring (Pedrós et al., in preparation).
6.2. Refractive index
Assuming that the refractive index depends on leaf absorption (see
Section 2), each calibration would require the assessment of a new
spectrum in accordance with the speciﬁc absorption coefﬁcients. For
this reason, three different refractive indices have been assessed: one
computed using LOPEX simultaneously with the speciﬁc absorption
coefﬁcient of dry matter, and two computed using ANGERS when
calibrating the speciﬁc absorption of pigments in both PROSPECT-4
and PROSPECT-5 (Fig. 9). The literature lacks papers providing accurate
values of n(k) in the VIS/IR, that would compare to our spectra. Some
values averaged in the VIS are available for separate components such
as waxes, cellulose, and cell walls (e.g., Brown, 1920; Kumar & Silva,
1973; Woolley, 1975). These authors found that n ranged from 1.41 to
1.55 in fresh leaves, with a mean of 1.45 which ﬁts to our values
computed in the VIS with ANGERS. Some differences were pointed out
by Woolley (1975) between fresh and dry leaves. One can see in Fig. 9
that the refractive index derived from dry leaves is higher compared to
those obtained using fresh leaves or from the previous version. This is
in agreement with the measurements on fresh and dry cell walls,
which show that the refractive index tends to increase for dry material
(Woolley, 1975). Fig. 9 only shows the refractive index of PROSPECT-4
computed using fresh leaves since it is very similar in PROSPECT-5.
The refractive index n(k) calculated using fresh leaves clearly
displays unusual spectral features that are probably linked to pigment
absorption in the VIS, since they disappear in the refractive index
of PROSPECT-3 which has been assessed using an albino maize leaf
(Fig. 9). These variations agree with the typical shape of the refractive
index obtained by using the Kramers–Kronig relations. It is interesting
to note that n(k) obtained from PROSPECT-4 (or PROSPECT-5) is very
similar in shape and amplitude to the refractive index of thylakoids
(Duniec & Thorne, 1977) or photosynthetic membranes (Paillotin et al.,
1998). In this ﬁgure, we only present the tangential component of the
latter publication, although it originally introduces both the tangential
and the normal ones because of the polar coordinate system and
spherical symmetry. These two refractive indices mostly differ in their
level but not in their shape.
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Fig. 9. Refractive index computed from different datasets: based on fresh leaves
(ANGERS) and dry leaves (LOPEX) with PROSPECT-4. These refractive indices are
compared to the refractive index used in the former version (PROSPECT-3), and the
tangential component of the refractive index of the photosynthetic membrane (after
Paillotin et al., 1998).

6.3. Performance of the model: biochemical content retrieval
The accuracy of the leaf biochemical constituent retrieval has been
assessed through performing a numerical inversion of PROSPECT using
reﬂectance and transmittance spectra. The whole optical domain from
400 nm to 2450 nm has been investigated during the inversion, i.e. we
determined the water and dry matter content at the same time as leaf
pigments. In practice, the inversion consists in ﬁnding the parameter
set, symbolized by the vector θ, which minimizes the merit function:
J ðqÞ ¼

kmax 
2 
2
X
R⁎ ðkÞ  Rmod ðk; qÞ þ T ⁎ ðkÞ  Tmod ðk; qÞ

ð5Þ

kmin

where R⁎ and T ⁎ are the measured reﬂectance and transmittance, and
Rmod and Tmod the modeled ones. Again, the optimization algorithm is
a constrained Powell's search method. The accuracy of the prediction
and the ﬁt is assessed by the Root Mean Square Error of Prediction
(RMSEP), which is equivalent to the Standard Error of Prediction (SEP),
the bias (BIAS), and the Standard Error of Prediction Corrected from the
bias (SEPC). Let yj be the measurements, ȳj their mean, and yj′ the
modeled values:

RMSEP ¼

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
uP

2
un
yjV yj
u
tj¼1

ð6Þ

n


n 
P
yjV yj

BIAS ¼

SEPC ¼

j¼1

ð7Þ

n
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
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2
un
y V yj  BIAS
u
tj¼1 j
n

:

ð8Þ

The RMSEP is divided into BIAS and SEPC, following the relationship:
RMSEP2 ¼ SEPC2 þ BIAS2 :

ð9Þ

Since absorption is much more sensitive to variations in small
amounts of leaf absorbers, the biochemical constituent retrieval may
be more accurate for light-green leaves. The magnitude of the error
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Table 3
Validation of pigment, water, and dry matter retrieval using PROSPECT-4 (P-4) and PROSPECT-5 (P-5)
LOPEX
P-4
Chlorophyll
– RMSEP (µg/cm2)
– BIAS (µg/cm2)
– SEPC (µg/cm2)
– CV (%)

28.92
26.86
10.71
54.1

Carotenoids
– RMSEP (µg/cm2)
– BIAS (µg/cm2)
– SEPC (µg/cm2)
– CV (%)

CALMIT
P-5
32.35
30.07
11.91
60.1

ANGERS

HAWAII

P-4

P-5

P-4

P-5

P-4

P-5

7.83
− 2.38
7.46
22.6

7.06
−1.69
6.86
20.8

5.85
−2.32
5.37
15.8

5.17
−1.42
4.97
14.7

14.25
2.48
14.03
28.0

12.57
2.18
12.38
24.7

5.35
2.20
4.88
110.6

3.22
−1.08
3.03
36.4

4.22
−1.95
3.75
43.3

3.08
1.31
2.79
23.6

Water
– RMSEP (cm)
– BIAS (cm)
– SEPC (cm)
– CV (%)

0.0017
−0.0003
0.0017
15.1

0.0017
−0.0003
0.0017
15.2

n.a.
n.a.
n.a.

n.a.
n.a.
n.a.

0.0020
−0.0001
0.0020
17.1

0.0020
−0.0001
0.0020
17.0

0.0057
−0.0015
0.0055
19.8

0.0057
− 0.0015
0.0055
19.8

Dry matter
– RMSEP (g/cm2)
– BIAS (g/cm2)
– SEPC (g/cm2)
– CV (%)

0.0035
0.0021
0.0027
51.1

0.0034
0.0021
0.0027
51.0

n.a.
n.a.
n.a.

n.a.
n.a.
n.a.

0.0026
0.0001
0.0026
49.8

0.0026
0.0001
0.0026
49.8

0.0049
−0.0035
0.0034
27.5

0.0049
− 0.0035
0.0035
27.8

may consequently be proportional to the constituent content. In this
case, Williams (1987) recommends comparing the SEPC with the
mean value of the retrieved parameter for evaluating the signiﬁcance
of the error. This index is given by the coefﬁcient of variability (CV)
computed as follows:
!
SEPC
CV ¼ 100 
:
P
yj

ð10Þ

The validation of PROSPECT-4 and PROSPECT-5 is presented using
the four available datasets. Table 3 summarizes the result of the
inversions in terms of RMSEP, BIAS and SEPC obtained for each
constituent.
6.3.1. PROSPECT-4
The accuracy of the retrieval varies depending on the leaf
constituent. Fig. 10 shows that the estimation of Cw is very good
overall. As explained in Section 6.1, water absorption predominates in
the IR, so leaf optical properties are mainly inﬂuenced by Cw. This also
explains the less accurate assessment of Cm. When comparing the
performances obtained for each dataset separately, Table 3 shows
similar RMSEP (for both water and dry matter retrieval), except in
HAWAII, which presents higher water and dry matter contents than
the other datasets (Fig. 2). Moreover, when plotting the reﬂectance

and transmittance spectra of leaves issued from HAWAII, very strong
absorption is observed in the IR domain. The analysis of the CV shows
that the error is proportional to the true value of water content and
dry matter content: it is the lowest in HAWAII for the dry matter
retrieval, and it is comparable in the three available datasets for water
retrieval.
The assessed pigment concentrations are also in good agreement
with the measurements, however with a notable exception for LOPEX.
Concerning HAWAII, the pigment distribution is higher than in the
other datasets, as it is for dry matter and water, which once again may
lead to slightly higher RMSEP values. This hypothesis is conﬁrmed by
the CV, which is equivalent between HAWAII and CALMIT, and by the
results obtained when separating CALMIT1 and CALMIT2: pigment
retrieval in CALMIT2 (RMSEP = 5.65 µg/cm2) is much better than in
CALMIT1 (RMSEP = 9.89 µg/cm2) because beech leaves contain lower
amounts of pigments than ﬁg leaves, and the CV shows that the error is
proportional to the true value (CV = 25.0% and 21.9%, respectively). As
for LOPEX, the chlorophyll retrieval clearly failed (RMSEP N 30 µg cm- 2),
which tends to bring the chlorophyll content of this dataset into
question. LOPEX was originally designed to separate the cell wall
constituents (lignin, cellulose, etc.) so that emphasis was placed on dry
matter and water, while pigment measurements were averaged from
ﬁve leaf samples. Most of the prediction error for chlorophyll is
attributed to a bias. Once corrected for this bias, it is similar to HAWAII

Fig. 10. Comparison between measured and assessed (a) chlorophyll concentration (µg/cm2), (b) water equivalent thickness (cm), and (c) leaf mass per area (g/cm2) using PROSPECT-4
(● LOPEX □ CALMIT ♦ ANGERS ○ HAWAII).
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Fig. 11. Comparison between measured and assessed (a) chlorophyll concentration (µg/cm2), (b) carotenoid concentration (µg/cm2), (c) water equivalent thickness (cm), and (d) leaf
mass per area (g/cm2) using PROSPECT-5 (● LOPEX □ CALMIT ♦ ANGERS ○ HAWAII).

(see SEPC in Table 3). We believe that the problem originated in the
extraction method used to measure the pigments in LOPEX, which
may not have been efﬁcient, so that the true pigments content was
underestimated compared to the spectral behavior. The lack of
accuracy detected with LOPEX does not impact the signiﬁcance of
the calibration of dry matter: the data used for this calibration were
available for each leaf, and the weighing was highly reliable.
6.3.2. PROSPECT-5
Water and dry matter retrieval is the same for both versions of
PROSPECT that do not differ in the IR. The difference between
PROSPECT-4 and PROSPECT-5 is the separation of total chlorophylls
and total carotenoids, which improves the chlorophyll retrieval in
PROSPECT-5 as shown in Table 3 for ANGERS, CALMIT, and HAWAII
(from about 10 µg/cm2 with PROSPECT-4 to about 9 µg/cm2 with

PROSPECT-5). This slight improvement is due to a better modeling of
leaf optical properties, and is particularly signiﬁcant for light-green
leaves. By way of illustration, let us consider sample 254 in ANGERS
that has a very low chlorophyll concentration (less than 1 µg/cm2) and
a low Cab:Cxc ratio (close to 1). Fig. 12a and b shows that incorporation
of carotenoids improves the ﬁt of the model for this sample, whereas
there are no noticeable improvements for green leaves (Fig. 12c and d).
In this case, whereas PROSPECT-4 offsets the presence of carotenoids
by an over-estimation of chlorophyll, PROSPECT-5 manages well to
separate the signal of these two pigments. The remaining feature at
700 nm is probably due to the refractive index, which is not appropriate for leaves with low pigment content, as said previously.
The retrieval is less accurate for carotenoids and dry matter than
for chlorophyll and water (Fig. 11). These results conﬁrm the expected
difﬁculties due to the strong absorption of chlorophyll and water,

Table 4
RMSEP, BIAS, and SEPC averaged in the VIS (400–800 nm) and IR (800–2450 nm) between measured and simulated reﬂectance and transmittance for each database, for PROSPECT-4
(P-4) and PROSPECT-5 (P-5)
RMSEP

CALMIT
VIS (P-4)
VIS (P-5)
ANGERS
VIS (P-4)
VIS (P-5)
IR
HAWAII
VIS (P-4)
VIS (P-5)
IR

BIAS

SEPC

Reﬂectance

Transmittance

Reﬂectance

Transmittance

Reﬂectance

Transmittance

0.039
0.032

0.035
0.029

0.012
0.010

−0.003
−0.005

0.035
0.028

0.031
0.025

0.022
0.019
0.016

0.022
0.018
0.016

0.002
0.001
0.003

−0.006
−0.005
0.001

0.022
0.019
0.014

0.021
0.017
0.015

0.022
0.021
0.036

0.021
0.022
0.020

−0.008
−0.008
−0.031

0.002
0.003
−0.003

0.017
0.017
0.017

0.019
0.020
0.017
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Fig. 12. Comparison of the optical measurement (dotted grey) and the modeling (black) of a low pigment leaf (a and b) and a high pigment leaf (c and d) with PROSPECT-4 and
PROSPECT-5.

overshadowing constituents with low absorption power (i.e., dry
matter) or low concentration (i.e., pigments other than chlorophyll).
However, despite this lower sensitivity, our results show that
carotenoids may actually be retrieved from reﬂectance and transmittance measurements with surprising accuracy (around 3 µg/cm2).
6.4. Performance of the model
To better appreciate the accuracy of PROSPECT-4 and PROSPECT-5,
especially the improvements brought by the upgraded ﬁve-variable
model, the RMSEP (Fig. 13), BIAS (Fig. 14), and SEPC (Fig. 15) have been
calculated for both the reﬂectance and the transmittance, wavelength
by wavelength. For this comparison, we simply used the measured
constituents to calculate the leaf reﬂectance and transmittance. This

gives an idea of the performance of the model in direct mode, i.e. its
ability to represent reality.
6.4.1. Visible domain
The comparison of the RMSEP between PROSPECT-4 and PROSPECT-5 does not show any systematic improvements in the datasets.
The modeling of the leaf reﬂectance and transmittance is clearly better
in CALMIT, slightly improved in ANGERS, and no signiﬁcant variations
are observed in HAWAII (Fig. 13 and Table 4). This is due to different
pigment distributions (Table 1 and Fig. 2): CALMIT and HAWAII display
low and high pigment concentrations, respectively, when a wide
range of pigment concentrations has been measured in ANGERS. As
seen in Fig. 12, the improvements allowed by PROSPECT-5 are
particularly noticeable for low pigment leaves (found in ANGERS

Fig. 13. RMSEP of the modeling of the reﬂectance and transmittance in the VIS by PROSPECT-4 (a and b), by PROSPECT-5 (c and d) and in the IR by both models (e and f).
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Fig. 14. Bias of the modeling of the reﬂectance and transmittance in the VIS by PROSPECT-4 (a and b), by PROSPECT-5 (c and d) and in the IR by both models (e and f).

and CALMIT but not in HAWAII) and, to a lesser extent, for high
pigment leaves. The least performances when modeling CALMIT
beyond 700 nm are due to the missing data for water and dry matter
content. The value of these constituent is set to zero, the absorption is
only due to chlorophyll, and consequently very underestimated.

6.4.2. IR domain
PROSPECT-4 and PROSPECT-5 are identical in this domain. The
difference of RMSEP observed between ANGERS and HAWAII (Fig. 13e)
when modeling the reﬂectance is due to a bias (Fig. 14e), and the SEPC
remains mostly lower than 0.02 for both datasets (Fig. 15e).

Fig. 15. SEPC of the modeling of the reﬂectance and transmittance in the VIS by PROSPECT-4 (a and b), by PROSPECT-5 (c and d) and in the IR by both models (e and f).
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The performances of PROSPECT-4 and PROSPECT-5 in the direct
mode are summarized in Table 4 where all wavelengths have been
gathered to obtain a synthetic view of the current state of art in terms of
reﬂectance and transmittance simulations with PROSPECT. The VIS
domain includes the 400–600 nm range (where the improvements are
noticed), and the 600–800 nm range, which is similar for both versions
of the model. The results averaged in the 400–600 nm range show
sensibly higher differences between the two versions. Once again, the
improvement brought by PROSPECT-5 is observable for both RMSEP and
SEPC in CALMIT and ANGERS. To date, the accuracy of PROSPECT in the
VIS results in a negligible bias for both reﬂectance and transmittance,
and a RMSEP of about 0.02 to 0.03. Once corrected from the bias, the
error in the IR domain is similar in ANGERS and HAWAII.
7. Conclusion
This paper demonstrates that the PROSPECT model, which is
currently used as part of the process to obtain biophysical information
at the canopy level, can be signiﬁcantly improved. We succeeded in
upgrading the model by optimizing the calibration stage and by using
adequate experimental datasets for this purpose (LOPEX for dry matter
and ANGERS for pigments). Improved in vivo speciﬁc absorption
coefﬁcients have been determined for each biochemical constituent, as
well as a new average refractive index of the leaf interior. In vivo
chlorophyll and carotenoid-speciﬁc absorption coefﬁcients in PROSPECT-5 are in good agreement with in vitro absorption spectra. The
updated refractive index also displays interesting spectral features in
the visible, which agree with the rare experimental data available at
present. The main result of this study lies in the improvement of
chlorophyll estimation (average RMSEP of 9 µg/cm2 with independent
datasets) and in very encouraging carotenoid predictions (3 µg/cm2).
As far as reﬂectance and transmittance simulations are concerned, the
error is around 0.02 to 0.03 and the bias almost nil in the VIS domain,
except for transmittance in the IR (around 0.01). When a high accuracy
is required between 400 nm and 500 nm, or when the modeling
involves light-green leaves, we recommend that the community of
researchers use PROSPECT-5.
Besides the addition of carotenoids, our results suggest potential
improvements in PROSPECT-5 by including anthocyanins or other
pigments involved in the xanthophyll cycle (zeaxanthin, violaxanthin,
etc.). The retrieval of carotenoids proved that our method was robust
and offered a perspective on the introduction of other absorbing
constituents that have a lower inﬂuence on leaf optical properties
compared to the main ones (because of low contents or low speciﬁc
absorption coefﬁcients), but that are important in plant physiology.
Another avenue of research is on the dependence of the refractive
index on pigment concentration. The versions of PROSPECT presented
here assume a constant spectrum. Nonetheless, the spectral dependence of the refractive index may be reﬁned in the 400–700 nm range
since the Kramers–Kronig relationships link it to the absorption of the
leaf. As a result, n(k) would vary from a smooth spectrum for an albino
leaf, as in PROSPECT-3, to a shape similar to the one obtained in
PROSPECT-4 or -5 but variable with the pigment concentration.
Unlike most former versions, PROSPECT-5 was validated on
independent datasets (CALMIT and HAWAII). This work will continue
in the frame of a larger project that has just started and that consists in
gathering databases containing leaf optical properties together with
their biophysical properties. The accuracy of these datasets is crucial
to determining correct biochemical contents. We discovered that
systematic radiometric or biochemical measurement errors could be
detected by model inversion, like pigments in LOPEX.
The efﬁciency of PROSPECT-5 seems to be established for direct
measurements at the leaf level. We encourage the research community to use it and to ﬁgure out its validity range, i.e. its potentials
and limits. Like the previous versions, PROSPECT-5 will shortly be
incorporated in the vegetation canopy reﬂectance model SAIL, to

evaluate whether the improvements achieved at the leaf level also
apply at the canopy level.
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