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Abstract

Forests play a vital role in biological cycles and environmental regulation. To understand the

key processes of forest canopies (e.g., photosynthesis, respiration and transpiration), reliable

and accurate information on spatial variability of Leaf Area Index (LAI), and its seasonal
dynamics is essential. In the present study, we assessed the performance of biophysical parameter
(LAI) retrieval methods viz. Look-Up Table (LUT)-inversion, MLRA-GPR (Machine Learning
Regression Algorithm-Gaussian Processes Regression) and empirical models, for estimating the
LAI of tropical deciduous plantation using ARTMO (Automated Radiative Transfer Models
Operator) tool and Sentinel-2 satellite images. The study was conducted in Central Tarai Forest
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Division, Haldwani, located in the Uttarakhand state, India. A total of 49 ESUs (Elementary
Sampling Unit) of 30mx30m size were established based on variability in compaosition and

age of plantation stands. In-situ LAI was recorded using plant canopy imager during the leaf
growing, peak and senescence seasons. The PROSAIL model was calibrated with site-specific
biophysical and biochemical parameters before used to the predicted LAI. The plantation LAI was
also predicted by an empirical approach using optimally chosen Sentinel-2 vegetation indices. In
addition, Sentinel-2 and MODIS LAI products were evaluated with respect to LAl measurements.
MLRA-GPR offered best results for predicting LAI of leaf growing (R = 0.9, RMSE = 0.14),
peak (RZ = 0.87, RMSE = 0.21) and senescence (R? = 0.86, RMSE = 0.31) seasons while LUT
inverted model outperformed VI’s based parametric regression model. Vegetation indices (VIs)
derived from 740 nm, 783 nm and 2190 nm band combinations of Sentinel-2 offered the best
prediction of LALI.

Keywords
Leaf area index; Vegetation indices; Radiative transfer model Sentinel-2

1 Introduction

Knowledge of leaf area of vegetation canopies is crucial for understanding its interaction
with the prevailing climate (Bright et al., 2015). The leaf area interacts with solar

radiation to produce energy by regulating canopy gaseous exchanges. It, therefore, regulates
photosynthetic capability, stress, the productivity of the vegetation (Boegh et al., 2013). Leaf
area is defined in the form of an index; called leaf area index (LAI). LAI is the half of total
green leaves area per unit ground surface area and it is a dimensionless measure (Watson,
1947). The field-based LAI measurements using destructive sampling (Pérez-Harguindeguy
et al., 2013) or non-destructive sampling (using plant canopy imagers such as LAI-2000,
CI-110, Hemi-view, etc. based on gap fraction (Woodgate et al., 2015), though are precise,
yet are not practical for systematic studies over extensive areas.

Satellite remote sensing data offer a synoptic coverage of the study area over time and

thus enable the systematic observation of canopy conditions (Wulder et al., 2012). Since
the past five decades, various remote sensing satellites including optical, microwave and
LiDAR have been launched. Especially optical satellite data have been extensively used
for vegetation studies from local to global scales. Satellite-based monitoring of forests is
capable of capturing intra- and inter-annual canopy cover changes including LAI changes,
and are increasingly used owing to their global coverage, repeated measurements, and easy
availability (Liu et al., 2015). Several global LAI products have available with different
optical sensors (NOAA/AVHRR (Nemani et al., 2009), SPOT/VEGETATION (Baret et al.,
2007), Terra AQUA/MODIS (Yang et al., 2006), etc.). Global LAI products are available
with courser resolution and do not capture the local variation of vegetation, topography, and
soil, etc. It is essential for studying the vegetation processes to derive LAI information
incorporating site-specific characteristics of vegetation. Sentinel 2A and 2B satellites,
launched in the year 2015, offer high spatial, spectral and radiometric resolution images
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and enhance the accuracy for retrieval of LAI at plot level in the forest (Clevers et al., 2017,
Immitzer et al., 2016).

Over past three decades, extensive work has been done to establish robust LAI estimation
techniques using radiative transfer theory for various ecosystems (e.g. forests, agriculture,
and grasslands, etc) (Yang et al., 2011; Sehgal et al., 2016; Si et al., 2012). LAI

plays an important role in multiple scattering within the canopy and in regulating the
transmission of radiation. RTM is used for simulating canopy reflectance. RTMs can

also be inverted against optical (reflectance) measurements to retrieve LAI. Anderson and
Spiegel (1972)) and Ross (1981) applied the radiative transfer theory for measuring canopy
parameters. Researchers have used inversion of Beer-Lambert Law to estimate LAI of the
forests using measured transmittance and extinction coefficient (Monsi and Saeki, 1953).
Jacquemoud and Baret (1990) developed PROSPECT (PROpriétésSPECTrales) to describe
multi-directional reflectance and diffusion on the leaf level.

PROSPECT requires inputs on leaf biochemical (chlorophyll content) and structural
parameters (complexity of the leaf structure) (Feret et al., 2008). The leaf model can

be combined with other canopy models (e.g. SAIL) to describe the reflectance of the
whole canopy, nhamed PROSAIL (Jacquemoud et al., 2009). SAIL (Scattering by Arbitrarily
Inclined Leaves) is a canopy reflectance model that takes into account the dependence of
canopy reflectance on the structural and optical parameters of the canopy. Key components
that are used in the SAIL model are information about leaves, soil background, sun-
illumination, view geometries and interaction of radiation within the canopy (Goel and
Thompson, 2000). These components were selected on the basis of sensitivity analysis.
Sensitivity analysis is used to find the key variables driving the model (Verrelst et al.,
2015b). In the recent study by (Li et al., 2017), canopy reflectance was modeled using
PROSAIL for three types of subtropical forests in China. (Wu et al., 2017) used Canopy
RTM, PROSAIL along with satellite-observed seasonal patterns while studying Amazon
evergreen forest. Verrelst et al. (2015a) give information on the available LAI retrieval
methods and techniques that have been applied to the scientific software package ARTMO
(Automated Radiative Transfer Model Operator).

ARTMO brings leaf and canopy models at one platform and provides tools for LAI retrieval.
Furthermore, spatial LAI can be obtained following three main retrieval approaches:

(i) by developing a statistical relationship through parametric regression between LAI

and vegetation indices (VIs), (ii) data-driven relationships through machine learningbased
regression (MLRA), and (iii) through physically-based inversion of a RTM, e.g. by means
of Look-Up Tables (LUT) (Verrelst et al., 2018). Parametric regression methods involve
derivation of the statistical relationship between a parameter of interest, and suitable
channels of satellite image and using the regression models for spatial prediction of the
parameter. VIs are most commonly used, and make use of various spectral bands in deriving
relationship with LAI (Delegido et al., 2015).

Parametric regression techniques are used to establish a relationship between the variable
(e.g., in-situ measured LAI) and remote sensing image derived VIs (Verrelst et al.,
2018). Researchers have studied the sensitivity of various VIs such as NDVI (Normalized
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Difference Vegetation Index), Normalized Difference Index (NDI), EVI (Enhanced
Vegetation Index) and other indices towards in-situ measured LAI (Huete et al., 2002;
Delegido et al., 2011; Croft et al., 2014; George et al., 2018; Padalia et al., 2019) using
empirical approaches. The empirical approach is straightforward and often yields good
results. However, the statistical relationships between in-situ LAl and satellite-derived Vls
may vary with the satellite sensor, site and sampling condition (Zhou et al., 2014; Yang et
al., 2016; Wu et al., 2017; Lu et al., 2018).

Machine learning regression algorithms (MLRA) are a family of non-parametric methods
such as Gaussian processes regression (GPR), Neural Networking (NN), Genetic Algorithm
and Support Vector Machine (SVM) and Kernel Ridge Regression (KRR)) to predict bio-
physical parameter (Verrelst et al., 2018). Machine learning techniques rely on non-linear
equations on which models are built. GPR method has been found best with the simulated
Sentinel-2 data for predicting crop LAI (Verrelst et al., 2015c). GPR has some advantages
over other MLRAs such as it needs fewer sample points, provides predictive mean as

well predictive variance and maximizing the marginal likelihood in the training set which

is learned by hyperparameters by appropriate kernel function (Rasmussen and Williams,
2006).

Physically-based inversion (i.e. LUT-inversion) of an RTM approach is based on physical
laws and works on the principle of cause and effect that can be used for developing physical
models to estimate LAI based on canopy reflectance (Houborg et al., 2007). LUT-inversion
retrieval techniques linking the spectral fitting of simulated spectra to the appropriate
measured LAI value (i.e. LUT) through a defined mathematical algorithm (i.e. cost function)
(Rivera et al., 2013). LUT-inversion allows choosing the best wavelength and cost-function
to minimize residual for spectral fitting (\errelst et al., 2015a). Moreover, it takes minimum
computation time than other retrieval techniques (Dorigo et al., 2007).

This study aims to evaluate the capabilities of different retrieving tools viz. Vis, MLRA,

and LUT-inversion, from ARTMO and PROSAIL Model for estimation of LAI of tropical
broadleaved forest plantation stand located in the Indo-Gangetic Plain of India. First,

the PROSAIL model has been calibrated and validated with site-specific parameters and
subsequently its comparison has been made with MLRA-GPR and VIs based LAI estimation
methods using Sentinel-2 data. In addition, the PROSAIL and VI-derived LAI outputs have
been compared with LAI products of MODIS and Sentinel-2.

2 Data and modeling

2.1 Study area

The study was carried out in the Bhakra forest range of the Tarai Central Forest Division,
Haldwani located in the Uttarakhand state of India. The study area falls between 29°05"30”
N -29°15'50” N latitude and 79°20°30” E -79°2840” E longitude (Fig. 1). The study area
is part of Indo-Gangetic Plain with gentle sloping physiography. The average altitude is 285
m AMSL. The climatic is a sub-humid monsoon. The mean temperature varies from 22

°C to 26 °C. The summers are very hot with temperatures often exceeding 40 °C during
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the daytime in summer. The temperature drops below 5 °C during winters, where frost is
common.

The area receives rainfall from southwest monsoon with maximum rains during July and
August months. Average rainfall in the region has been 2076 mm/year (Shukla and Bora,
2003). The soil is alluvium loam with a well-developed soil profile. The native plantations
of species such as Holoptelea integrifolia (Kanju), Acacia catechu (Khair), Cassia fistula
(Amaltas), Dalbergia sissoo (Sisham), Mallotus philippensis (Rohini) are present in the
study area. The average age of plantation is 10-15 years.

2.2 Field sampling design and LAl measurements

The criteria and terminologies of Land Product Validation (LPV) of the Committee of Earth
Observation Satellites (CEOS) were followed in the field sampling design (Fig. 2). An area
of 7.5 km x 7.5km was chosen and plantations were stratified based on species and age. A
total of 49 Elementary Sampling Units (ESUs) were laid out. Each ESU was 30m x 30m

in size encompassing three fixed pattern Secondary Sampling Units (SSUs) of 5m x 5m
were laid out along the diagonal axis of ESU. LAI was recorded within the well-marked
SSUs within one week before and after sentinel-2 satellite pass from the study area during
leaf growing(May), peak (October) and senescence (December) seasons using plant canopy
analyzer.

Thus for each ESU, three hemispherical photographs were collected. LAI value from each
hemispherical photograph was computed by applying appropriate sky and leaf filters in Plant
Canopy Analysis System software. For each ESU, LAI values of three SSUs were averaged
and the mean LAI value per ESU was obtained.

2.3 Sentinel-2 data and pre-processing

Sentinel-2 A was launched in 2015 as part of the Copernicus program of the European Space
Agency (European Space Agency, 2015). It consists of two identical satellites, Sentinel-2A,
and Sentinel-2B with 13 spectral bands, with a spatial resolution of 10 m, 20 m, and

60 m. The field of view is 290mm and revisit time is every five days under the same

viewing angle. Open data policy adopted for the Copernicus program provides free access
for the Sentinel data products at Sentinel scientific hub (European Space Agency, 2016a).
Three sentinel-2 scenes belonging to 17th May 2018, 14th October 2017 and 8th December
2017 representing leaf growing, peak and senescence phases were downloaded. Sen2Cor
Level-2A processor was used to correct single-date Sentinel-2 Level-1C products (digital
number image) for the atmospheric effects and generating Level-2A surface reflectance
product using SNAP (Sentinel Application Platform) Toolbox (European Space Agency,
2016b,c). Level-2A processing was applied to Level-1C orthoimage reflectance products to
calculate reflectance using top-of-atmo-spheric correction. Processing involves the retrieval
of aerosol optical thickness and the water vapor content from the L1C image (Main-Knorn et
al., 2017).
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2.4 LAl estimation using LUT inversion

2.4.1 PROSAIL parameterization—The ARTMO tool was downloaded from the
web link: http://artmotoolbox.com. The PROSAIL model was parameterized based on the
available value ranges of the respective biochemical and biophysical variables of the leaf as
well as geometrical parameters (solar zenith angle, view azimuth angle and view observer
angle) obtained from the field (Table 1).

Leaf samples of different species (Holoptelia integrifolia, Acacia catechu, Cassia fistula,
Dalbergia sissoo, Mallotus philjppensis) were sampled for determining leaf dry matter
content, leaf chlorophyll content and equivalent water thickness. The leaf samples were
oven-dried and weighted to determine leaf dry matter content. The leaf water content

was obtained by subtracting leaf fresh mass and leaf dry mass by the leaf area. The leaf
chlorophyll content was computed using the acetone extraction method (Arnon, 1949).
Leaf structural parameter (N) refers to the internal structure of the leaf. In monocots with
compact mesophyll, N ranges from 1 to 1.5, dicots having spongy parenchyma, and the

N value ranges between 1.5-2.5 (Jacquemoud, 1993). LAI value range was determined
following method as described in section 2.2. Hotspot (m/m) is a proportion of average
leaf size and the height of canopy (0.01: small leaves, tall canopies; 0.5: large leaves, short
canopies) (Vuolo et al., 2005). For lower LAI values, sensitivity to background reflectance
is maximum (Jacquemoud et al., 1996). Leaf angle refers to the orientation of leaves within
the canopy (Bio-Science, 2011). Image of plant canopy imager (CI-110) was taken with
top of the image-oriented to the north which corresponds to 0° for the azimuth angle. The
solar zenith angle ranges between 0-90. Spitters (1986) worked on diffuse light and its
implications on canopy photosynthesis. The values and ranges of few parameters (Leaf
structural index (N), Soil brightness coefficient and Hot spot parameter) were obtained from
the literature (Jacquemoud, 1993; Darvishzadeh et al., 2008b; Baret et al., 2010).

2.4.2 LUT inversion—According to Weiss et al. (2000) retrieving the accuracy of the
model depends on the size of LUT. Therefore, various iteration (> 100,000) increases the
accuracy of LAI estimation. Primarily LUT was generated with 100,000 sets of parameters
with the help of a user-defined range of value for each parameter (Eq. 1). PROSAIL

model uses these combinations of input parameters for the forward run to simulates canopy
reflectance. Simulated canopy reflectance was synchronizing with the Sentinel-2 reflectance
for model inversion (i.e. LUT-inversion). A cost function (e.g. root mean square error
(RMSE)) (Eg. 2) was used to find the best fitting simulated spectra to measured reflectance
spectra through LUT for corresponding LAI value. The overall time taken by inversion was
190 s. for inversion and 75 min for image generation in MATLAB version R2017a on a 64
bit Windows 8 platform.

F(n) = a-(b-a)x rand(n) )

Where, F, a and b are variable, higher and lower value of the variables, respectively, and n is
a number of iterations to generate LUT.
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n .
RMSE = ( Rmeasured — Rsimulated )2 @
i=0 (n)

Where, Rmeasured and Rsimulated are the LAI measured (/n-siti) and LAI simulated by
PROSAIL respectively.

2.4.3 Machine learning regression algorithm - gaussian processes
regression (MLRA-GPR)—Gaussian processes regression (GPR) is an efficient MLRA
model for retrieving biophysical parameters (Caicedo et al., 2014). It is based on a Bayesian
(probability) approach for learning generic regression kernels between input (remote sensing
data) and the output variables (bio-physical parameter) (\Verrelst et al., 2015a). GPR models
are non-parametric as well non-linear while at the same time it provides a ranking of
relevant bands (features) from input spectral data obtained from remote sensing.

2.5 LAl Estimation using a parametric regression model

2.5.1 Sentinel-2 Vis—Four commonly used Vs, i.e., (1) Normalized Difference
Vegetation Index (NDVI), (2) Normalized Difference Index (NDI), (3) Soil-adjusted
Vegetation Index (SAVI) and (4) Non-linear Vegetation Index (NLI) were chosen for
estimation of LAI using linear regression (Table 2).

2.5.2 Sensitivity analysis of VIs—ARTMO'’s Spectral Indices (SI) Toolbox was
used to derive various combinations of selected VIs. These VIs were tested for different
functions such as linear, non-linear, polynomial and logarithmic with the Sentinel-2
spectral reflectance bands. 2-D correlation plots were used to determine the most sensitive
wavebands and Vs to LAI of the plantation. The VIs offering the highest correlation with
field-measured LAI was chosen for the prediction of LAI and validation.

2.5.3 Validation—The efficiency of the models was assessed by the combination of
RMSE and coefficient of determination (R2) between the modeled and measured LAI. LAI
outputs were validated by computing RMSE between measured and modeled LAl (RMSEr)
as given in Eq. 3.

2
RMSEr = \/27: I(Rmeas:red - Rlut) (3)
where, Reasureq 1S the measured LAI and Ry, is the modeled LAI, and 7is the number of
ESUs.
3 Results

3.1 Seasonal LAl variation

Mean LAI values of 49 ESUs showed different seasonal variation patterns (Fig. 3). Lowest
mean LAI (1.6 £ 0.69) was recorded during the leaf growing phase of May month.
Maximum mean LAI (2.5 £+ 0.74) values were recorded during the October month while
moderate mean LAI (2.1 £ 0.67) values recorded during the early stage of leaf senescence
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season i.e. December month. The LAI values varied significantly between measurement
seasons (P < 0.001).

Among three seasons, LAI variation was higher (larger standard deviation) during the leaf
growing season compared to peak and senescence season. The lowest variation was found
in the peak LAI season. Field LAI values had symmetric distribution during May while
October LAI values were right-skewed and December LAI values were left-skewed.

3.2 Performance of VI's based parametric regression model

2-D correlation plots revealed LAI sensitive wavebands and Vs of Sentinel-2. Wavebands
located at 740 nm, 783 nm, 842 nm, 865 nm, and 2190 nm showed the highest sensitivity to
LAI (Fig. 4).

Red edge bands (at 705 nm, 740 nm, and 783 nm) along with NIR bands (at 842 nm and 865
nm) showed a stronger correlation with SWIR bands (2190 nm). However, NDVI showed a
good correlation with observed LAI (plots with > 90% canopy cover) during leaf growing
(R2-0.80, RMSE-0.18), peak (R2-0.78, RMSE-0.22) and senescence (R2-0.76, RMSE -0.23)
seasons (Fig. 5).

3.3 Performance of non-parametric regression model (GPR)

As opposed to VI-based techniques, the GPR was found more stable with a low variance;
therefore, render a higher prediction accuracy (Fig. 6). MLRA-GPR provided a better
prediction of LAL in the three seasons as evident High R? values of 0.9, 0.87 and 0.86
were obtained for the month of May, October and December with an RMSE of 0.14, 0.21
and 0.31 respectively.

3.4 Performance of physically-based LUT inversion methods

LUT inversion (cost function least absolute error) method retrieved LAI with RZ of 0.86
(RMSE -0.25), 0.87 (RMSE -0.19), and 0.86 (RMSE -0.21) in May, October, and December,
respectively (Fig.7). Altogether, MLRA-GPR was found more stable among all retrieval
methods with low variance and higher prediction accuracy.

MLRA-GPR provided a better prediction of LAI in the three seasons as evident high R
values of 0.9 with the lowest RMSE value (i.e. 0.14). However, for the month of October and
December MLRA-GPR and LUT inversion provide the highest and equal R? i.e. 0.87 and
0.86 respectively. Though, LUT inversion provides the lowest RMSE value for the month of
October and December than MLRA-GPR (Table 3).

Based on the lowest simulation time as well lowest RMSE value for two months with equal
RZ to best fit model, we have generated the LAI map through LUT Inversion methods for
all three months (May, October, and December). The area with a dense growth of Kanju,
Sisham, Khair and Rohini species showed higher LAl in peak growth season (i.e. October
month) (Fig.8). The highest residual error was estimated for areas with lower LAI value
than intermediate and lower LAI ranges. Lower residual error areas represent a close match
between simulated LAI and field-measured LAI observations. The sparse vegetation, open
spaces, and rivers are also represented by high residual errors.
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3.5 Comparison with Global LAI products

The MODIS LAI algorithm is a function of the architecture of an individual tree canopy

as a variable from vegetation land cover classes and spectral profile with a transmittance of
vegetation variables. Leaf distribution inside canopy described by a 3-dimensional leaf area
distribution factor (Knyazikhin et al., 1999).

Sentinel 2 LAI product is generated by linking reflectance from top of the canopy

(TOC) estimated by PROSAIL to associated canopy architecture from its comprehensive
database by neural networking (Weiss et al., 2016). SNAP Sentinel-2 LAI product grossly
underestimated LAl of the study area in all seasons (R2 of 0.55, 0.42, and 0.63 in the

month of May, October, and December respectively (Fig. 9). MOD15 LAI product is widely
used in various productivity models and phenology studies at the landscape level. To make
comparable with different spatial resolution

data averaged all pixels of Sentinel-2 raster inside the single pixel of MOD15 LAI pixel (Wu
et al., 2016). MODIS products even performed inferior to Sentinel-2 products in predicting
LAI (R? of 0.46, 0.67, 0.31 in May, October and December respectively) of the study area.

4 Discussion

Model performances were evaluated for different leaf stages of tropical deciduous forest
plantations. The RT theory-based LUT inversion model was calibrated with site-specific
biophysical and biochemical parameters. The sensitivity of different bands of Sentinel-2
and commonly derived VIs to field measured LAl was investigated and the most sensitive
spectral index was chosen for predicting LAI. The LUT and VIs based LAI outputs along
with LAI products from MODIS and Sentinel-2 for were validated with independent LAI
datasets.

4.1 Performance of LAI retrieval models

A comparative evaluation of three LAI estimation methods, namely: physically-based LUT
inversion of RTM model, MLRA-GPR based non-parametric regression model and VIs
based parametric regression model were performed. LUT inversion along with MLRA-GPR
outperformed the parametric regression model with a higher coefficient of determination
(R?) (Table 3). MLRA-GPR outperformed LUT inversion for the month of May with higher
R2 and equal R? for the rest of two months. However, RMSE is higher than LUT inversion
model due to LAI estimated by MLRA-GPR has the highest rage of value. Caicedo et al.
(2014) found that GPR is the robust and best performing ML regression algorithms for LAI
retrieval with R2 0.94-0.99. However, Atzberger et al. (2015) found that RTM inversion
with LUT predicts LAI accurately (R? = 0.91, RMSE = 0.18). Earlier studies found that
LUT inversion performed better than spectral features based parametric regression model
for grassland and boreal forest canopy (Gemmell et al., 2002; Darvishzadeh et al., 2008a).
Based on our studies and previous results we selected the LUT inversion method for image
generation as it takes less iteration time 190 s. for inversion and 75 min for image generation
in respect to MLR-GPR as an unsuccessful attempt to image generation taking more than 5
h. with a system configures with 8 GB ram and i5 Intel processor. Operational LAI products
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(Sentinel-2 and MODIS) provide a grossly underestimated LAI in different seasons. The
structural complexity of tropical forest canopies and the use of some of the parameters from
literature in the PROSAIL model might have affected the LAI retrieval accuracy in this
study (Li et al., 2017).

4.2 LAl sensitive Vis

Delegido et al. (2011) and Padalia et al. (2019) observed that the Normalized Difference
Index (NDI) derived from 705 nm and 665 nm band combination of Sentinel-2 show high
sensitivity to LAL. However, in this study, VIs that used the Red and NIR portion of the
spectra did not give a higher correlation with LAI as compared to the Vs constructed
with SWIR and NIR bands. NDVI derived with the band combinations of NIR and SWIR
wavelengths offered the best correlation with field-based LAI. Gong et al. (2003) also
observed that band pairs the NIR and SWIR regions of the electromagnetic spectrum are
most effective for LAI estimation. It is because NIR and SWIR bands are sensitive to leaf
water content that in turn closely relates to LAI. Our findings correspond to Delegido et al.
(2015), who observed that NDI formulated with a red edge band at 740 nm and the SWIR
band at 2190 nm of Sentinel-2 data are best for estimation of LAI.

4.3 Effect of seasonal variation in LAl on model performance

LUT inversion based model was found best in predicting peak season LAI as compared to
growing season and senescence season while parametric regression model was found best in
predicting growing season LAI compared to peak season and senescence season. Whereas
MLR-GPR was found best in predicting growing season i.e. May month. Studies have lower
LAI value as a single layer deciduous canopy. Canopy cover shows heterogeneity in May
and December month and homogeneity in October month with fully grown canopy. So that
we are able to calibrate relationship with the low to moderate LAI value (~ 0-4). However,
it will be helpful to study similar deciduous patches in foothills of Himalaya as well as
tropical deciduous patches of central India (e.g. Vindhyan forest ranges) with low LAI value
(Chaturvedi et al., 2017).

The plant canopy imagers recorded LAI observations were not corrected for clumping
effects (Chianucci et al., 2015). Clumping effects cause underestimation of LAI values (Bao
et al., 2018). We believe that the PROSAIL model prediction of LAl might have been further
improved by providing a clumping effect corrected LAI range in the PROSAIL model.

The satellite-based LAI prediction for the growing season might have also the effect of
background undergrowth between plantation rows leading to the overestimation of LAl by
the spectral indices and PROSAIL model.

5 Conclusion

The present study assessed the capabilities of PROSAIL-based LUT inversion, MLRA,

and VIs for retrieval of LAI for tropical deciduous forest plantation using Sentinel-2 data.
We calibrated PROSAIL based on site-specific parameters using ARTMO software and
compared its performance with VIs based LAI estimation. Based on multi-season insitu LAI
measurements, the accuracies and robustness of LAI estimation approaches were compared.
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Results showed that the Non-parametric model along with the physically-based model
performed better for retrieving LAI of forest plantation than VIs based parametric regression
model. Among the various VIs tested, NDVI (band combinations of 740nm/783nm and 2190
nm) offered the most robust prediction of LAI. The seasonality of deciduous plantation

was clearly observed to influence the performance of LAI retrieval methods, affecting LAI
prediction accuracies. LAI retrieved through MLR-GPR model and LUT inversion model
shows significantly higher accuracies compared to MOD15 and Sentinel-2 LAI products.
Thus, findings emphasize the use of the PROSAIL model for generating regional-scale
spatial LAl map through LUT inversion for further forest ecosystem related studies.
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Fig. 1. Location map of the study area.

Int J Appl Earth Obs Geoinf. Author manuscript; available in PMC 2022 September 07.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Sinha et al.

s

naram

Page 17

Lt AN, o b AN oo b AN 0 P 4

20m

v,

‘h
3
fee 20 M |

€< 30m —>
m

Frew Frew FWTH TN

< R —

P

WITWNT WHNT RNt e
Fig. 2.

Field sampling design (a) EEUs superimposed on Sentinel-2 Natural color composite (b)
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for May, October and December month (left to right).
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Fig. 8.
LAI maps for (a) May (b) October (c) December (d) and residual error maps of May (e),
October (f) December.
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Table 1

List of parametersand their ranges used in PROSAIL reflectance modeling.

gl Parameter Symbol  Unit Growing Season Range  Peak Season Range  Senescence Season Range

=

-8 Leaf structural index? N B 15-25 15-25 15-25

D

o Leaf chlorophyll content Cab mg/cm2  0-58 0-65 0-63

% Leaf dry matter content Cn glem? 0.012-0.03 0.012-0.03 0.012-0.03

T Equivalent water thickness  C,, /cm? 0.03-0.05 0.03-0.05 0.03-0.048
g

c

a Leaf area index LAI mZ2m=2 0-2.2 0-2.8 0-3.3

D

» Soil brightness coefficient? Scale B 0.2-1 0.2-1 0.2-1

;__> Average leaf angle ALA ° 20 -50 20-50 17-50

—+

> -1

2 Hot spot parametera hot mm 0.01 0.01 0.01

< Diffuse radiation (%) skyl Fraction 10-23 10-23 10-23

% Solar zenith angle 9V ° 46 47 45

c

81 View azimuth angle 9v ° Fixed Fixed Fixed

'§_ ’ View observer angle ¢ ° Fixed Fixed Fixed

%)

a . .
Ranges were constrained based on literature.
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Table 2

V1s, their formulation and importance for LAI estimation.

Vlis Formula

Importancefor LAI estimation

sr @ pAllpA2 *
novi @ (oA -pA2)(p2A1 + p22) *

(©) (pA — pA2)
SAVI G0t

L = 0.5 is the correction factor.

N @ (pAL? - pA2)(pAL% + pA2)*

Index used to determine vegetation vigour.

Awidely used and much-studied index that helps in relating the visual change in pigment
concentration (Rouse et al., 1974; Tucker, 1979; Baret and Guyou, 1991)

SAVI reduces background soil noise problems for a wide range of LAI (Huete, 1988).

NLI considers the relationship between VIs and biophysical parameters by linearizing the non-
linear relationship (Goel and Qin, 1994).

aSimpIe Ratio (Pearson and Miller, 1972),
bNormaIized Difference Vegetation Index,
cSoiI Adjusted Vegetation Index,

dNon—Linear Vegetation Index,

*
pis the apparent reflectance, A1 and A2 are the wavelengths.
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Table 3
Seasonal performance of different retrieval methods.

Retrieval methods May October December

R? RMSE R2? RMSE R2 RMSE

Parametric Regression Model (NDV1) 0.80 0.18 0.78 0.22 0.76 0.23
Non-Parametric Regression Model (MLRA-GPR) 0.90 0.14 087 0.21 0.86 0.31
Physically based LUT Inversion methods 0.86 0.25 087 0.19 086 0.21

Int J Appl Earth Obs Geoinf. Author manuscript; available in PMC 2022 September 07.



	Abstract
	Introduction
	Data and modeling
	Study area
	Field sampling design and LAI measurements
	Sentinel-2 data and pre-processing
	LAI estimation using LUT inversion
	PROSAIL parameterization
	LUT inversion
	Machine learning regression algorithm - gaussian processes regression (MLRA-GPR)

	LAI Estimation using a parametric regression model
	Sentinel-2 VIs
	Sensitivity analysis of VIs
	Validation


	Results
	Seasonal LAI variation
	Performance of VI’s based parametric regression model
	Performance of non-parametric regression model (GPR)
	Performance of physically-based LUT inversion methods
	Comparison with Global LAI products

	Discussion
	Performance of LAI retrieval models
	LAI sensitive VIs
	Effect of seasonal variation in LAI on model performance

	Conclusion
	References
	Fig. 1
	Fig. 2
	Fig. 3
	Fig. 4
	Fig. 5
	Fig. 6
	Fig. 7
	Fig. 8
	Fig. 9
	Table 1
	Table 2
	Table 3

