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ABSTRACT

While the mapping of LAI green (LAlg) is well established,
current operational products are not calibrated for LAI brown
(LAIp), i.e. LAI estimation over senescent vegetation. With
Sentinel-2 (S2) new opportunities are opened to estimate LAI
brown. An explicit distinction between LAl and LAIp can
be achieved thanks to the S2 bands in the red edge (B5: 705
nm and B6: 740 nm) and in the shortwave infrared (B11:
1610 nm). By using LAI ground measurements data from
multiple campaigns together with available S2 data, indepen-
dent LAls and LAIp models were optimized using Gaus-
sian processes regression (LAlq: R2=0.89, NRMSE= 7.1%;
LAIg: R?=0.75, NRMSE= 13.7%). These models can then
be combined into LAl composite maps. The uncertainty
estimates were used to map only those LAI estimated val-
ues that fall within a 50% uncertainty threshold. As only the
vegetated areas fall within that threshold there is no need to
apply additional masks. For multiple European core test sites,
LAlgp composite maps were generated from S2 images, en-
abling to quantify when crops start senescing across the Eu-
ropean regions.

Index Terms— LAI green, LAI brown, Sentinel-2, Gaus-
sian processes regression

1. INTRODUCTION

Current operational retrieval services of relevant biophysi-
cal parameters such as LAI green (LAlg), are mainly de-
rived from observations of Landsat, SPOT and MODIS sen-
sors. However, the demand for improved services and rele-
vant biophysical parameters requires an enhanced land sur-
face monitoring system in terms of spectral, temporal and
spatial coverage. The Sentinel-2 (S2) mission aims to provide
such continuity to monitoring services but with advanced fea-
tures compared to the previous sensors. Thanks to S2 spec-
tral bands configuration, including two bands in the red edge
(B5: 705 nm and B6: 740 nm) and two in the shortwave in-
frared (SWIR) (B11: 1610 nm & B12: 2190 nm), opportuni-
ties are opened to make an explicit distinction between LAl
and brown (LAIp) [1]. With the purpose of exploiting this
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new available data source and to enable the retrieval and mon-
itoring of plant biophysical parameters, the HORIZON 2020
Sentinels Synergy for Agriculture (SENSAGRI) project, ex-
pect to retrieve both LAl g from S2 images. Also, the imple-
mentation of retrieval methods into operational S2 data pro-
cessing chains requires models that are fast, robust and eas-
ily applicable. This can be achieved with Gaussian processes
regression (GPR), which is a powerful machine learning re-
gression algorithm that also provides associated uncertainty
estimates [2]. The main objective of this work, therefore, is
as follows: (1) to develop independent GPR models for an ex-
plicit quantification of LAl and LAl based on S2 data; (2)
to implement these models in an automated processing chain,
and; (3) to convert S2 images into LAl composite maps of
various European sites.

2. RATIONALE FOR DISTINGUISHING LAI; AND
LAIp AND SENTINEL-2 MAPPING

LAl is in literature commonly referred as LAl , and only ac-
counts for plants above-ground parts that are green and photo-
synthetically active during a significant fraction of the growth
cycle. In fact, existing operational LAI products, regardless
what type of retrieval method used, quantify only LAI for
green vegetation. However, when crop senescence, leaves re-
main on the plant until falling off or being harvested. This
is particularly the case for rainfed agroecosystems in tem-
perate or Mediterranean climates, where the warm and dry
summer months cause annuals crops to senescence. This pro-
cess may start as soon as in May. Therefore, LAI stays high
even when chlorophyll content degrades to zero, when the
plants loses its greenness, and is no longer photosynthesizing.
This senescent vegetation represents a significant amount of
aboveground biomass and are a key factor in the carbon cycle
[3]. Spatially-explicit quantification of LAl can thus help
closing the aboveground carbon budget. Moreover, detection
of LAIp is of interest for the farmer because it may indicate
when the crop is ready for harvesting. Also, senescent fields
are more fire-prone than green fields, reason why monitoring
LAIpg can contribute to fire risk assessments. Given this all,
it would be incorrect to assign senescent fields a LAI close to
zero, as is common practice in existing LAI algorithms. Cur-
rent LAI products are not optimized for estimating LAl and
the algorithms used tend to perform poorly because they are
not calibrated for senescent vegetation [1]. It leads to con-
fusion of senescent vegetation with bare soil, resulting into a
significant underestimation of LAIL
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One reason why operational LAI estimation has always
been limited to LAl is that optical sensors were long limited
to the silicon detector range (400-1000 nm). However, in the
SWIR, between 1000 and 2400 nm, other leaf components
absorb and scatter light, such as water, cellulose, lignin and
several other biochemical compounds. This region of the veg-
etation spectrum allows the identification of vegetation stress
due to drought. Also, the SWIR region shows great potential
for distinguishing green from senescent vegetation, and thus
for estimating LAI of brown senescent vegetation.

The S2 constellation has been configured with 13 bands
covering the visible and NIR (VNIR) to SWIR spectral range
and is, among others, optimized for agroecosystems moni-
toring applications. S2 is therefore perfectly suited for the
detection of senescent vegetation. Consequently, an explicit
separation between LAl and LAIp should also be possible
with S2. As a proof-of-concept, the quantification of sepa-
rated LAl and LAIp based on spectral indices from hyper-
spectral data, has been earlier demonstrated [1]. However,
spectral indices have critical limitations. Above all they lack
uncertainty estimates, which makes that these models cannot
be reliably applied in space and time [2]. Alternatively, GPR
has been evaluated as an excellent choice, with as main fea-
tures: the delivery of (1) associated uncertainty estimates, and
(2) spectral bands relevance ranking [4].

3. LAI DATA FOR TRAINING AND VALIDATION

GPR retrieval of LAI requires of a training database of input-
output data pairs. The input refers to spectral information cor-
responding to a certain LAI value as output. For both LAl&
and LAIp estimation, separated ground based measurements
from several field campaigns were collected. See Table 1 for
an overview. Because the training database should be rep-
resentative of actual crops, plant canopies and conditions as
observed by S2 sensors, each LAI ground measurement is as-
sociated to the analogous pixel of the image closest to the
measurement date, in order to obtain the spectral information.
All S2 images used were resampled to 10 m pixel size. The
bands with 60 m resolution spectral bands were discarded, i.e.
B1, B9 and B10. Finally, each LAI model was trained with
the remaining 10 bands.

Additionally, a set of different S2 cloud-free images from
diverse locations were manually selected and analyzed for ex-
tracting spectral profiles of non-vegetated pixels, whose LAI
value is 0. Mainly, the extracted spectra correspond to build-
ings, roads, highways and bare soil pixels.

4. EXPERIMENTAL SETUP

The processing scheme of converting S2 images into LAI
maps is described in Figure 1. In short, raw Level-2A im-
ages are converted into ENVI format. These images are then
processed by the software into LAl and LAIlg and LAl p
composite maps.

Once having the GPR LAl and LAl models developed,
they can be applied to S2 images. The workflow scheme
is represented in Figure 2. After selecting the S2 image to
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Fig. 1: Flowchart of S2 images processing from the S2 Level-
2A product to subsequent LAI maps.

which the developed model will be applied, the final product
provided consist of a standard ENVI file format, with three
output layers:

1. LAI estimated (mean estimates x [m? /m?]);

2. LAI SD (associated uncertainties expressed as standard
deviation [m? /m?2] around L);

3. LAI CV (relative uncertainties expressed as coefficient
of variation CV=(SD/u) *100 [%]).

Low uncertainty values indicate higher retrieval certain-
ties from the trained model. The generation of uncertain-
ties estimates gives insight into the per-pixel retrieval success
when applied to any image. It thus enables the interpretation
of which land covers retrievals are associated with a large cer-
tainty, and which ones with low certainty. On the other hand,
since the associated uncertainty SD is expressed in the same
magnitude of the mean estimates, relative uncertainties, ex-
pressed in %, may provide a more meaningful interpretation
as a more relevant uncertainty measure. Thus, by applying a
relative uncertainty threshold over the map of estimated LAI,
a map of LAI values which falls within the accuracy threshold
is provided, so that retrievals with high relative uncertainty
can be masked out [5]. The threshold is set to 50%. In the
same way a composite map of LAl can be created by com-
bining both products and selecting an uncertainty threshold to
configure a mask, and subsequently apply it to the respective
estimated LAl and LAIp maps.

5. RESULTS

5.1. LAl; and LAIz GPR models

Given the data-driven nature of GPR, multiple models were
evaluated. Training datasets had to be extended and improved
iteratively in order to develop a robust regression algorithm.
Therefore, LAl and LAIp training datasets were indepen-
dently modified, by adding and removing data pairs, and sub-
sequently tested, until obtaining the best accuracy in the final
models. Obtained accuracies varied depending on the propor-
tion of non-vegetated LAI and vegetated LAI pixels, as well
as the land cover type of the pixel and its spectral signature. A
4-k cross-validation sampling scheme was applied to validate
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Table 1: Overview of campaigns for collection LAl and LAIp

Campaigns Location Time #Points LAl instruments Vegetation types
LAl
- SPARC Barrax, Spain (393N, 2 6 W) July 2003 124 LiCor LAI-2000  Various crop types
- Valencia, "huerta” Valencia, Spain April 2017 12 Pocket LAI Various crop types
- Bily Krtiz (CZ) Moravian-Silesian Beskydy Mountains ~ August 2016 7 LiCor LAI-2200  Forest
LAIp
- SPARC & DAISEX Barrax, Spain (393N, 26 W) July 1999, 2003 13 LiCor LAI-2000  Various crop types
- Valladolid region Valladolid, Spain June 2017 32 LiCor LAI-2000  Various crop types
w= (s;u).m — 45 ‘_ ' :é;' 5.2. Sentinel-2 LAI;p mapping
—_ MASK R4 .
uewary | o ' v T P Based on these models an operational software package has
oo Laigreen B 1 ‘ been developed to process S2 images in a processing chain.
v ~] Subsequently, each GPR model was run over cloud-free S2
=t images from three SENSAGRI test sites: Valladolid (Spain),
Toulouse (France), and Poznan (Poland). For each location,
I a composite map was created that combine both LAls and
i - LAIp that fall within the uncertainty threshold of 50%. See
o the maps in Figure 4, also a zoom-in is given. The maps in-
L. modelial . 50 rm/m] sk dicate the LAI mapping variability in agricultural sites along
cveson an increasing latitudinal gradient. In Valladolid in middle of
cV [%]

Fig. 2: Flowchart of LAl and LAl processing into a com-
posite map.

the models. In addition to the validation result, the models
performance was also tested by mapping S2 images and vi-
sually inspecting them. After multiple tests conducted, the
validation results of the final GPR models are presented in
Table 2. The scatter plot of estimated against measured LAI
values is shown in Figure 3.

Table 2: Cross validation (CV) statistics of GPR models
LAIg and LAIp. All statistics are averaged 4-fold.

Model RMSEcy NRMSEcy (%) R2cy (%) CPU (s)
LAlg 0.66 7.1 0.89 0.58
LAIp 0.55 13.7 0.75 0.35

LAl green LAl brown
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Fig. 3: Measured vs. estimated LAI values along the 1:1 line:

LAlg (left), LAl g (right).

June most crops, mainly grain crops under rainfed conditions,
are already senescent and it is harvesting time. Mostly LAl
pixels are associated to newly planted crops. When moving
to southern France, there is a significant change in the land-
scape: less crops are senescent and some have already been
harvested. In the Polish region, LAls clearly predominates
over LAlp. Also this region is more forested, as character-
ized by higher LAl5. Overall, LAl is especially abundant
in Northern and in irrigated areas, while LAl is more pro-
nounced in Southern, dry agricultural areas. On all maps, it
can be observed that water bodies, buildings and roads and,
in general, also bare soil areas fell outside the uncertainty
threshold and are so automatically masked out. Also some
cloud pixels fell outside the uncertainty threshold and thus
were masked out. Hence, from a practical point of view, the
CV band serves as useful quality layer that allows mapping
only vegetated surfaces.

5.3. Sentinel-2 LAI;p temporal trends in wheat parcels

The temporal performance of the LAl and LAl GPR mod-
els was also evaluated. By focusing on a single agricultural
region in the Valladolid region, a set of cloud-free images
ranging from January to June 2017 were selected and sub-
sequently processed into LAI maps. Following, for a specific
wheat parcel the temporal trends (mean and SD) of LAl and
LAIp trends are plotted (Figure 5, left). In this figure it can
be observed how LAl increases until April. By that time
also LAI 5 emerge and senescing starts to take place. By June
the crop is completely senescent; no more LAl appears and
only LAIp is left. Also LAl is plotted, which is LAl
plus LAl g, and also in case a pixel is assigned to both LAlg
and LAI g within the 50% uncertainty threshold their averages
weighted by their uncertainties. A typical LAI temporal pat-
tern appeared, overcoming the problem of underestimation as
is typically the case in classical LAI products. However, apart
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Valladolid, Spain
June, 2017

41°35N
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Toulouse, France
July, 2016

Poznan, Poland
June, 2017

Fig. 4: Examples of S2 LAl composite maps with a zoom
in: Valladolid (ES) region (top), Toulouse (FR) region (mid-
dle) and Poznan (PL) region (bottom).

from the mean temporal values, also the number of pixels
within the parcel assigned to LAl and LAIp should be taken
into account. This is shown in the bar chart Figure 5 (right).
Whereas in April only few pixels are in the status of LAlp,
that amount increases rapidly when progressing towards sum-
mer, and in June all pixels are assigned to LAIp. Note that
the amount of LA+, pixels should be invariant, yet in case
of pixels fall outside the 50% threshold it can slightly vary.

6. CONCLUSIONS

Thanks to the new S2 bands in the red edge (B5: 705nm,
B6: 740) and in the shortwave infrared (B11: 1610 nm) an
explicit spectral distinction between green and senescent veg-
etation can be achieved. LAl; and LAIg GPR models have
been successfully implemented into a processing chain for in-

21062 02.01:2017 21-02.2017 12.04-2017 22052017 11062017 21-06-2017

Fig. 5: Left: crop temporal evolution of a wheat parcel de-
scribed by LAl; and LAIp (mean and standard deviation:
SD). Right: number of pixels for the same parcel that are la-
beled as LAlg, LAl and LAl tq;.

dependent LAI retrieval from available S2 images. GPR is a
powerful machine learning regression algorithm that also de-
livers associated uncertainty estimates. The uncertainty esti-
mates were used as a threshold to ensure that only vegetated
surfaces are quantified into LAl and LAlg. The robustness
and portability of the trained GPR models have been posi-
tively evaluated by mapping LAl g composites over multiple
European locations of Spain, France and Poland. All maps
show a relatively good performance. Also, the temporal per-
formance of the GPR models was studied for a wheat parcel in
the Valladolid region, suggesting a reasonable LAI seasonal
evolution with senescing that emerges from April onwards.
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