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PROSPECT Inversions of Leaf Laboratory Imaging
Spectroscopy — a Comparison of Spectral Range and
Inversion Technique Influences
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Summary: Very high spatial resolution hyperspec-
tral images of leaves were recorded using station-
ary pushbroom scanners and a translation stage.
Separate images were recorded in the visible/near
infrared (VNIR, 400 nm — 1000 nm) and in the
shortwave infrared range (SWIR, 1000 nm —
2500 nm). We inverted the leaf reflectance model
PROSPECT-5b on the image data in two different
ways, by numerical inversion and by a lookup table
approach. Inversion results using only VNIR im-
ages and combined VNIR/SWIR images were
compared. We found that the inversion technique
has only minor influence on inversion results, but
the spectral range of the input data is crucial for
some variables: While results for the PROSPECT
structure parameter N, chlorophyll content (Cab),
carotenoid content (Car) and brown pigments
(Cbrown) are similar for both input datasets, results
for water content (Cw) and dry matter (Cm) are not
correlated between VNIR inversion and VNIR/
SWIR inversion. Laboratory-based imaging spec-
troscopy in combination with radiative transfer
model inversion is a technique capable of mapping
chemical leaf parameters on a sub-millimetre scale.

Zusammenfassung: PROSPECT-Inversionen hy-
perspektraler Laborbilder von Bldttern — Ein Ver-
gleich der Einfliisse des Spektralbereichs und der
Inversionstechnik. Hochstaufgeloste hyperspektra-
le Bilddatensétze von Bldttern wurden mit einem
stationdren Pushbroom-Scanner mit einem Trans-
lationsschlitten aufgenommen. Dabei wurden se-
parate Bilder im VNIR- (400 nm — 1000 nm) und
im SWIR-Bereich (1000 nm — 2500 nm) angefer-
tigt. Das Blattreflexionsmodell PROSPECT-5b
wurde auf zwei unterschiedliche Weisen invertiert:
Durch numerische Inversion und durch einen
Lookup-Table-Ansatz. Die Inversionsergebnisse
aus dem VNIR-Datensatz alleine wurden mit de-
nen aus dem kombinierten VNIR/SWIR-Datensatz
verglichen. Es stellte sich heraus, dass die Inver-
sionsmethode nur einen geringen Einfluss auf das
Inversionsergebnis hat, wohingegen der Einfluss
des Spektralbereichs fiir einige Variablen entschei-
dend ist. Wéhrend die Ergebnisse fiir den
PROSPECT-Strukturparameter N, den Chloro-
phyllgehalt (Cab), den Carotenoidgehalt (Car) und
die braunen Pigmente (Cbrown) fiir beide Ein-
gangsdatensitze dhnlich sind, sind die Ergebnisse
fiir den Wassergehalt (Cw) und die Trockenmasse
(Cm) zwischen VNIR-Inversion und VNIR/SWIR-
Inversion nicht korreliert. Es konnte gezeigt wer-
den, dass laborbasierte abbildende Spektroskopie
in Kombination mit der Inversion eines Strahlungs-
transfermodells in der Lage ist, chemische Blattpa-
rameter im Sub-Millimetermalstab abzuleiten.

1 Introduction

Within-leaf variation of chemical and struc-
tural leaf properties has not gained much at-
tention in the remote sensing community yet.
In many reference measurements for remote
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sensing campaigns leaf properties are meas-
ured with devices like field spectrometers or
chlorophyll metres (Asner et al. 2011, Bup-
DENBAUM et al. 2011). These typically meas-
ure certain spots on the leaf, but do not take
the within-leaf variability into account. Lab-
oratory imaging spectroscopy makes it pos-
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sible to investigate leaf properties on much
smaller scales than traditional laboratory
spectroscopy. Images with pixel sizes in the
sub-millimetre range can be recorded in high
spectral resolution (STEFFENS & BUDDENBAUM
2013). Each pixel contains a reflectance spec-
trum that can be used to derive chemical and
structural leaf properties, either by statisti-
cal means or by reflectance model inversion
(ScHLERF & ATZBERGER 2006). The resulting
leaf parameter maps can be used to assess the
representability of spot measurements on the
leaf or for studying biological processes in the
leaf. In this study, we recorded hyperspectral
images of two different leaves in the VNIR
and in the SWIR spectral range, inverted the
leaf reflectance model PROSPECT-5b for each
pixel using two different inversion methods
for VNIR and for full range datasets, respec-
tively, and compared the results depending on
spectral range and on the inversion method.

2 Material and Methods
2.1 Hyperspectral Images
Very high spatial resolution hyperspectral
images of leaves were recorded using push-

broom line scanners fixed in a laboratory
frame. Usually, the scanners are installed in

an airplane and the images are created by fly-
ing the airplane over the target. In the labo-
ratory, a translation stage is placed under the
scanners and moves the samples. The moving
speed of the translation stage and the record-
ing time of the scanners is adapted so that an
image with square pixels results (BUDDENBAUM
& SterreNs 2011). The leaves were placed on
a black rubber foam mat with very low and
flat reflectance throughout the spectral region
considered (Fig. 1). Images were recorded in
the VNIR range using a HySpex VNIR-1600
camera (STERN et al. 2014) and in the SWIR
range with a HySpex SWIR-320m-¢ camera
(Norsk Elektro Optikk AS, Lerenskog, Nor-
way, see Tab. 1 for sensor properties). VNIR
images have a pixel size of about 62 um x
62 pm, SWIR resolution is about 250 um %
250 pm. An image-to-image geometric cor-
rection was applied to the SWIR image with
the VNIR image as reference. The VNIR im-
age was then resampled to SWIR spatial res-
olution and the images were joined. Further-
more, SWIR spectra were adapted multipli-
catively to VNIR spectra: For the spectral
overlap region of 970 nm to 990 nm the mean
factor of brightness differences between both
sensors was determined, and SWIR spectra
were divided by this factor. A white reference
panel with known reflectance was recorded
with the leaves so that reflectance could be

Tab. 1: Properties of the hyperspectral scanners used.

VNIR-1600

SWIR-320m-e

Detector

Spectral range

Si CCD, 1600 x 1200 pixel

410 nm — 990 nm

HgCdTe, 320 x 256 pixel

967 nm — 2500 nm

Spatial pixels 1600 320

FOV across track 16.75° (0.29 rad) 13.30° (0.23 rad)
IFOV across track / along track 0.01035°/0.0207° 0.043° (0.75 mrad)
(instantaneous field of view, pixel) (0.18 mrad / 0.36 mrad)

Spectral sampling 3.7 nm 6.0 nm

Number of bands 160 256

Digitization 12 bit 14 bit
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calculated from recorded radiance (PEDDLE et
al. 2001, BubpenBauM et al. 2012). The back-
ground was masked out of the image.

2.2 Reflectance Model

PROSPECT-5b (FereT et al. 2008, JACQUE-
MoUD & BARET 1990) is a plate model that
simulates the directional-hemispherical re-
flectance and transmittance of a leaf from
400 nm to 2500 nm. The imaging spectrom-
eters employed in this study measure the bi-
conical reflectance factor (SCHAEPMAN-STRUB
et al. 2006). We assumed Lambertian be-
haviour (Fourty & BareT 1997) and neglect-
ed the difference between the two quantities
here. In forward mode, structural and chem-
ical leaf parameters are input to the model,
and the model calculates leaf reflectance and
transmittance spectra as output (SCHLERF &
AT1zBERGER 2006). In an inversion, the spectra
serve as input and the leaf parameters are out-
put (GoeL 1988). The inversion problem is not
always solvable because there is always noise
in the measurements, the model is never per-
fect, and different combinations of input pa-
rameters may lead to nearly identical spectra
(ill-posed problem, ForsTER et al. 2010). Since
in this study only reflectance has been meas-
ured, transmittance is not used.

While PROSPECT-3 and -4 only use the
structure parameter (N), chlorophyll a+b con-
tent (Cab), water content (Cw), and dry mat-
ter content (Cm) as input parameters, PROS-
PECT-5 adds carotenoid content (Car), and

PROSPECT-5b adds brown pigments con-
tent (Cbrown). The parameters are outlined
in Tab. 2. Since the leaves considered contain
brown patches we decided to use PROSPECT-
5b in this study.

The reflective properties of leaves have
been used to derive chemical leaf properties
for a long time (CurraN 1989). Since PROS-
PECT uses only a very limited amount of pa-
rameters, inversion is much easier than the
inversion of canopy radiative transfer models
(JacQuemoup et al. 2000, Kogtz et al. 2004).
We inverted the model in two different ways:
by numerical inversion and by a lookup table
(LUT) approach (ComBaL et al. 2002).

In a LUT inversion approach, a large num-
ber of spectra is modelled with known param-
eters in forward mode as a first step. In the
inversion step, for a measured spectrum with
unknown parameters the most similar mod-
elled spectrum is searched among the LUT
spectra and its parameters are used as inver-
sion result. The LUT can be filled systemati-
cally, i.e., every parameter is varied in fixed
steps and a spectrum is modelled with each
combination of parameters, or randomly, i.e., a
fixed number of spectra is modelled with ran-
dom parameter values in a fixed range. Fur-
ther possible variations include using different
merit functions for determining the most sim-
ilar spectrum (FERET et al. 2011) or using the
mean or median of several most similar spec-
tra (Koketz et al. 2004). For the LUT inversion
in this study, 150,000 spectra were modelled
with random values uniformly distributed in
the range specified in Tab.2 for the 6 input

Tab.2: PROSPECT-5b parameters and boundaries for the inversion.

Parameter Name Symbol Unit Minimum Maximum
Structure parameter N 0.8 3.0
Chlorophyll a+b content Cab pg/cm? 0 40
Carotenoids content Car pg/cm? 0 20

Brown pigments content Cbrown arbitrary units 0 4
Equivalent water thickness Cw g/cm? or cm 0.002 0.06

Dry matter content Cm g/cm? 0.001 0.02
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variables of PROSPECT-5b (DARVISHZADEH et
al. 2011). The sum of squared differences be-
tween modeled and measured spectra for each
wavelength was calculated as merit function
for each pixel and the parameters of the near-
est neighbour model spectrum were saved for
each pixel.

Numerical inversions of reflectance models
are less common in remote sensing. A mathe-
matical optimisation routine is used to find the
global minimum of deviation between mod-
elled and measured spectra (Kuusk & NiLsoN
2000). Starting with an initial guess, param-
eters are varied within the given boundaries
until a minimum is found. Some minimisation
routines are discussed in Kimes et al. (2000).
The numerical inversion was done in Matlab,
using the function fmincon for constrained
nonlinear multivariate function minimisation
(PoweLL 1978, MatHworks 2014), similar to
the approach by JacQuemoup (2011). Parame-
ters of the numeric inversion were also con-
strained to the values specified in Tab. 2.

Since no hard reference data of leaf proper-
ties in the high resolution necessary is avail-

0.6 q

0.5 + ——Leaf 1
004 ] —Leaf 2
4 —— Background
fo03
]
E 0_2 -
0.1 - /\
0 —
400 900 1400 1800 2400

Wavelength (nm)

Fig. 1: Mean spectra of the two leaves and the
background.

able we only report correlations of the dif-
ferent inversion results. When a parameter is
estimated consistently independent of the in-
version method or the input data we assume
that the inversions results for this parameter
are close to the “true” value, while inconsist-
ent inversion results, i.e. low correlations, hint
to unreliable estimations of this parameter in
at least one of the considered cases. Addition-
ally, when the parameter is mapped for the
whole leaf and the image has low noise and
shows leaf structures well, the inversion of
this parameter is considered consistent and
thus more reliable than a parameter that leads
to a noisy map.

3 Results
3.1 Hyperspectral Images

Mean spectra of the two leaves are shown
in Fig. 1. It can be clearly seen that leaf 1 is
a healthy green leaf while leaf 2 is brownish-
yellowish and not very healthy. Fig. 2 depicts
a true-colour and a false-colour representa-
tion of the leaves. One leaf is medium green
and healthy, the other one is yellowish-brown
with chlorosis patches. Four spectra are dis-
played. The left part of the figure only shows
the VNIR spectra, in the right part VNIR and
SWIR spectra are combined. The top left spec-
trum is a typical leaf spectrum showing the
well-known features of absorption in the blue
and red wavelength regions, green peak, red
edge, near-infrared plateau and water absorp-
tion bands at 970 nm, 1200 nm, 1450 nm, and
1950 nm. The bottom left spectrum shows the
reflectance of a leaf vein with less pronounced
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Fig.2: Left: True colour image (RGB: 645 nm, 555 nm, 450 nm) and exemplary VNIR spectra of
the two leaves considered, right: false-colour image (RGB: 795 nm, 555 nm, 1575 nm) and exem-

plary VNIR/SWIR spectra.



H. Buddenbaum & J. Hill, PROSPECT Inversions 235

chlorophyll absorption and more pronounced 3.2 [nversion Results

water absorption. The right spectra do not

have a green peak. The top right spectrum is  Inversion results using only VNIR images and
of a yellow area next to the leaf vein, the bot-  combined VNIR/SWIR (full range) images
tom right spectrum shows the reflectance of a  are compared in the following figures.

brown patch.

Fig. 3: Maps of PROSPECT-5b parameters resulting from lookup table inversion (LUT). Left: VNIR

input data, right: full range input data.

Fig.4: Maps of PROSPECT-5b parameters resulting from numeric minimisation inversion (fmin).
Left: VNIR only, right: VNIR/SWIR.

Fmin - VNIR

Cab
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Fig.5: Comparison of inverted PROSPECT-5b parameters, LUT inversion against numeric mini-
misation (Fmin). Left: VNIR only, right: VNIR/SWIR.
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Fig.6: Comparison of PROSPECT-5b parameter inversions, VNIR against VNIR/SWIR. Left:
Lookup table, right: numeric inversion.
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Figs. 3 and 4 show resulting maps of PROS-
PECT-5b parameters from the different in-
versions. In Fig. 3 the LUT inversions are de-
picted, with VNIR input data on the left, and
full range input data on the right. Fig. 4 shows
the respective numeric minimisation inver-
sions. Some structures within the leaves are
clearly discernible. E.g., the carotenoid (Car)
values in the veins are very low, while the full
range images show that the water content (Cw)
is highest in the veins. The VNIR images of
water content, on the other hand, do not show
clear structures and are very noisy. The brown
spots on the right leaf are clearly shown by all
inversion results of Cbrown. All maps of dry
matter content (Cm) are noisy and differen-
ces between the methods are large. The larg-
est difference between the two leaves is in
the chlorophyll content (Cab) which is much
higher in the left leaf than in the right. The
correlations of the corresponding pixels be-
tween pairs of images of the same parameter
for these four inversions are depicted in Figs.
5 and 6. Fig.5 compares the inversion tech-
niques, i.e. LUT against numeric minimisa-
tion inversion, for VNIR and for VNIR/SWIR
input data. Fig. 6 compares input datasets for
both inversion techniques. The correlations

of the inverted PROSPECT parameters have
values between 0.04 and 0.97.

The images were inverted on a pixel-by-
pixel basis, and additionally the mean leaf
spectra shown in Fig. 1 were inverted. Fig.7
displays histograms of the resulting PROS-
PECT-5b parameters for the two leaves, i.e.,
numeric minimisation using VNIR/SWIR
full range spectra, to show the intra-leaf vari-
ability, and inverted parameters for the mean
spectra of the two leaves as red lines. For most
parameters, the result for the mean leaf spec-
trum is close to the modal value of the single
pixel inversions, but there is always a consid-
erable variance. The largest deviation between
the modal value and the inverted value for the
mean leaf spectrum is at the structure para-
meter N of leaf 2.

4 Discussion

The results were mostly in accordance with
the expectations. The inversion of PROS-
PECT usually leads to reasonable results (LE
MaIRE et al. 2004), so image-based inversion
led to reasonable parameter maps partially de-
pending on the spectral range used. It could

N Leaf 1 Cab N Leaf 2 Cah
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0 20 0 40 0 0 0 30 a0
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Fig. 7: Intra-leaf variation: Histograms of inverted PROSPECT parameters and inverted values for
mean leaf spectrum as shown in Fig. 1 (red line) for the two leaves.
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be shown that the inversion also works with
laboratory hyperspectral images so that leaf
parameters can be mapped in sub-millimetre
resolution.

We found that the inversion technique has
only minor influence on inversion results, but
the spectral range of the input data is cru-
cial for some variables: While results for the
PROSPECT structure parameter N, chloro-
phyll content (Cab), carotenoid content (Car)
and brown pigments (Cbrown) are similar for
both input datasets, results for water content
(Cw) and dry matter (Cm) are not correlated
between VNIR inversion and full range inver-
sion. Since the first four parameters are op-
tically active in the VNIR range, the coher-
ent results are unsurprising (Sims & GamoN
2002). The finding that the inversion accuracy
for Cm is lower than for other parameters is in
accordance with other studies (e.g. ATZBERGER
& RicHTER 2012, Stuckens et al. 2009, FERET
et al. 2008, Riaro et al. 2005).

For some pixels, the Fmin inversion of Cab
is stuck at the initial value of 20. An analy-
sis of the affected pixels showed that these
are dark pixels at the edge of the leaf which
generally are the areas with highest devia-
tion between modelled and measured spectra.
In these pixels, the algorithm stops after the
maximum value of 5,000 iterations without a
satisfactory solution. A buffering of leaf edges
could resolve this problem.

Key findings of this study are:
® [aboratory-based imaging spectroscopy is

an appropriate technique for very-high re-

solution mapping of reflectance.

® [aboratory-based imaging spectroscopy
combined with inversion of the PROSPECT
leaf reflectance model is well suited for
mapping chemical and structural leaf prop-
erties.

® Results for PROSPECT structure parame-
ter N are consistent regardless of inversion
method and spectral range.

® Chlorophyll a+b content (Cab) results are
also highly correlated. Fmin inversion
sometimes favours certain values, e¢.g. Cab
= 20. Since Cab absorbs in the visible do-
main, SWIR information is not necessary.

® The same holds for the PROSPECT-5b spe-
cific variables Carotenoid content (Car) and

Brown Leaf Matter (Cbrown): Their main

absorption features are in the visible and
near infrared range, so SWIR is not needed.
In the VNIR/SWIR LUT inversion of Car,
the SWIR even seems to introduce some
image noise.

® The leaf water content (Cw) can only be es-
timated well with SWIR information. There
is no correlation between the two spectral
ranges. Correlation between the two tech-
niques using full range spectra is very high.

® Dry matter content (Cm) estimations are
the least reliable with low correlations for
all comparisons.

5 Conclusions

Intra-leaf variability of leaf optical properties
can be measured using laboratory imaging
spectroscopy. We were able to invert the leaf
reflectance model PROSPECT-5b to infer leaf
constituents and structure on a sub-millimetre
scale. Measurements like this can be used to
evaluate reference measurements on the leaf
level or simply to study leaves and the spatial
distribution of leaf constituents. While N and
Cab inversions are relatively straightforward
and independent of inversion technique and
input dataset, Cw and Cm inversions are more
difficult so that there is much more scatter und
less correlation between the different inver-
sions. Car and Cbrown are parameters with
intermediate correlation between the different
inversions.
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