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ABSTRACT

ARTICLE HISTORY

This study assessed the effect of atmospheric correction algorithms, inversion techniques and image spatial and spectral resolution on wheat crop LAI retrieval using Sentinel-2 MSI and
Landsat-8 OLI imagery. The LAI retrievals were validated with insitu measurements collected in farmers’ ﬁelds. The MSI-based LAI
retrievals improved signiﬁcantly when images were atmospherically corrected using MODTRAN than using the libRadtran code.
Among the two PROSAIL inversion approaches, look-up table outperforms artiﬁcial neural network for LAI retrievals. Using the best
strategy of atmospheric correction and inversion, the effect of
spatial resolution from 20 m (MSI) to 30 m (OLI) while using common six bands, showed non-signiﬁcant improvement in LAI
retrievals. The inclusion of additional two red-edge bands as available in MSI signiﬁcantly reduced the uncertainly in LAI retrievals
over that obtained by using six bands, while inclusion of only
additional VNIR band did not show any signiﬁcant effect on
LAI retrievals.
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1. Introduction
Leaf area index (LAI) is one of the major determinants of exchange process of energy,
mass and momentum between the vegetated land surface and atmosphere. Thus, it is a
key input in land surface process models and recognized as Essential Climate Variables
(ECV) by GCOS (2011). LAI, which is one-sided area of leaf tissue per unit ground surface area, is an important biophysical variable of crop canopy and is also closely related
to various physiological processes such as light interception and gases exchange. Hence,
LAI is extensively used in agricultural and environmental studies for the estimation of
evapo-transpiration, ecosystem productivity, biomass monitoring and yield prediction at
different temporal and spatial scales (Darvishzadeh et al. 2008; Jiang et al. 2014; Li et al.
2015). Direct measurements of LAI over large area is laborious, destructive, and time and
cost intensive (Atzberger and Richter 2012; Tillack et al. 2014). The stability, repeated
measurement capability, cost effectiveness and global coverage of remote sensing make it
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an alternative promising technology for estimating crop biophysical variables (such as
LAI) at various spatial scales (Houborg and Boegh 2008; Jacquemoud et al. 2009; Zhang
et al. 2012). The accuracy of biophysical parameter retrieval from remote sensing depends
on many factors, viz., retrieval approach used, resolutions of image, heterogeneity of landscape, etc.
The remote sensing based LAI retrieval approaches are broadly divided into two: (1)
statistical/empirical, and (2) physical/analytical approaches (Ustin et al. 2004; Hilker et al.
2012). Empirical methods are typically based on linear or non-linear relationship between
in-situ measured LAI and vegetation indices (VIs). The fundamental problem with the
VI-based empirical approach is that its relationship with biophysical variable may not be
unique because the spectral response of canopy is perturbed by several internal and external factors (Baret 1991) which vary with time, space and crop type. The secondary problem of VIs (e.g. NDVI) is their insensitivity or saturation at high LAI values (Gitelson
et al. 2003; Gonzalez-Sanpedro et al. 2008). Though VI approach is computationally efﬁcient, another major drawback is that the VI-based empirical relation developed for one
region cannot be extrapolated to other regions, thus hindering their large scale
applications.
Analytical/physical approaches are based on cause–effect relationship of radiation
interaction with plant canopies as deﬁned by physical laws (Verhoef 1984; Verrelst et al.
2015) and are implemented as computer-based canopy radiative transfer models (RTM).
RTMs are more complex than empirical method but can account for large variability in
biophysical parameters (Gonzalez-Sanpedro et al. 2008), can overcome the site-speciﬁcity and insensitivity of VIs at higher LAI and therefore are ﬂexible to use for larger
scale applications. The retrieval of biophysical variable through inversion of canopy
RTMs using remote sensing data is theoretically preferable (Dorigo et al. 2007).
However, its applicability is limited by the trade-off between model complexity and
inversion techniques (Walthall et al. 2004; Baret and Buis 2008). Simpler (low-dimensional) canopy RTMs require less prior information on the statistical distribution of
most land surface attributes and therefore are easier to invert and preferred for operational purpose (Verrelst et al. 2015; Sehgal et al. 2016). Among the RTMs, one-dimensional coupled leaf and canopy reﬂectance model PROSAIL (PROSPECT þ SAIL) has
been widely used to estimate the biophysical variables of various landscapes by inversion
(Jacquemoud et al. 2009). Different PROSAIL inversion techniques have been reported
in literature, such as, numerical optimization (Meroni et al. 2004), look-up table
approaches (LUT) (Tripathi et al. 2012; Sehgal et al. 2016), artiﬁcial neural networks
(ANN) (Kravchenko 2009), genetic algorithm (GA) (Fang et al. 2003; Mridha et al.
2015), Principal Component Inversion (PCA) technique (Satapathy and Dadhwal 2005)
and support vector machine (SVM) regression (Tuia et al. 2011). Inversion is computationally demanding and time-consuming, especially when it is applied for complex
RTMs and remote sensing data. The look-up tables and neural network methods are
computationally more efﬁcient than the traditional optimization approach, so can be
applied on a per pixel basis of satellite images, and they also do not require any initial
guesses. Moreover, they can be applied to the most sophisticated models without any
simpliﬁcations. The success of LUT inversion relies on accurate prior knowledge on
range of RTM variables by which the LUT is to be generated, selection of cost functions
which minimizes difference between simulated and measured reﬂectances and use of
best multiple solutions which we get upon querying the LUT (Verrelst et al. 2015;
Sehgal et al. 2016). The limitation of suitable cost functions in LUT is overcome by
neural networks which have been increasingly used for model inversion (Atzberger
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2004). Neural network unlike other machine learning approach can rapidly capture the
non-linear relationship between input and output variables in time and spatial domain
(Cui and Kerekes 2018). However, ill-posed nature of model inversion is a common
limitation in all physical models because similar spectra correspond to different combination of canopy parameters (Houborg and Boegh 2008).
Various studies have documented the comparison of data acquired by different
sensors and also at different spectral bands (Gallo and Daughtry 1987; Li et al.
2015). There are some studies which showed the comparison of vegetation indices
from different sensors (Teillet et al. 1997; Goward et al. 2003). Few studies have
shown the comparison of LAI estimated using different sensor by both empirical
and physical methods. Herrmann et al. (2011) assessed the potential and limitation
of VENmS and Sentinel-2 red edge band for estimating LAI of wheat and potato
using partial least square regression. Verrelst et al. (2015) explored the parametric,
non-parametric and physical methods for LAI estimation from simulated Sentinel-2
data. Houborg et al. (2015) retrieved the LAI and chlorophyll content from Landsat
(TM & ETMþ) using regularized model inversion system (REGFLEC). Li et al.
(2015) evaluated the consistency of estimation of LAI, FPAR and FCOVER from
SPOT 4 HRVIR and Landsat through a genetic algorithm. Masemola et al. (2016)
compared the Landsat OLI and ETM þ for estimating grassland LAI through model
inversion and spectral indices and OLI were found superior than ETM þ for rangeland monitoring. He et al. (2017) estimated the LAI of winter wheat using GF-1,
HJ-1 and Landsat 8 OLI by empirical and PROSAIL models. Clevers et al. (2017)
retrieved LAI of potato crop using Sentinel-2 data through weighted difference vegetation index (WDVI) spectral index with R2 of 0.809 and root mean square error of
prediction of 0.36. Pasqualotto et al. (2019) attempted to estimate green LAI of different crops using new spectral index named Sentinel-2 LAI index (SeLI). Very few
studies found in literature have compared LAI estimation from different sensors
using different inversion techniques.
Various operational global LAI products are available from coarse to moderate resolution (1 to 500 m) sensors viz., AVHRR, SPOT-VGT, POLDER and MODIS at varying
temporal frequencies (four-day, eight-day and monthly). But, there is lack of LAI product
from moderate to ﬁne resolution sensors like Landsat TM, ETM, ETM þ and OLI, even
though their long time series dataset is available for vegetation studies. Recently, global
algorithm based on artiﬁcial neural network to retrieve LAI product from Sentinel 2A
MSI has become available which may ﬁll the existing gap in operational LAI product at
ﬁeld scale. However, such algorithm needs to be validated with in-situ measurements
across various ecotypes and regions. Though Clevers et al. (2017) have validated potato
biophysical parameters using various MSI-based vegetation indices; there is no published
study on validation of ANN based global algorithm as available in Sentinel-2 toolbox for
generation of LAI product. Besides, the advantages of additional spectral bands and
improved resolution of MSI over Landsat OLI on LAI retrieval by model inversion have
not been evaluated yet.
The current study attempted to validate the ﬁeld scale Sentinel-2 MSI derived LAI with
in-situ LAI of wheat crop which is extensively grown in north, north-west and central
India. In addition, the current study employed the Landsat-8 OLI and Sentinel-2 MSI
data to examine (1) the effect of two different atmospheric correction algorithms on LAI
retrieval, (2) the comparison of two model inversion approaches for LAI retrieval and (3)
the effect of different spectral and spatial image resolutions on LAI retrieval. To the best
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Figure 1. Geographical location of the study area showing selected ﬁelds (white ﬁlled) in Mumtazpur and Lokra
villages overlaid on true colour satellite image.

of our knowledge, no previous studies compared the effect of atmospheric correction
algorithm on LAI retrieval using different inversion approaches.

2. Materials and methods
2.1. Study area
The study was conducted over farmers’ ﬁelds situated in Pataudi block of Gurugram district,
Haryana, India (Figure 1). Farmer’s ﬁelds were selected so as to capture the range in ﬁeld sizes,
sowing dates and management practices followed. The study area falls under western agroclimatic zone (NARP) and trans-gangetic plain region (Planning Commission). According to
Koppen climatic classiﬁcation, study area falls under humid subtropical climate (Cwa). Most
part of the rainfall is received from south-west monsoon during July–September but western
disturbances also bring some rainfall during winter. Soil texture in the study area varies from
coarse loamy to ﬁne loamy with clay content ranging from 15 to 18% and is poor in organic
carbon content (<0.4%). The soils are classiﬁed under Orthids-Fluvents and Ochrest types of
soils. The structure of soil is highly porous and crumby granular, which is considered most
suitable for plant growth. Physiography of the region consists of old alluvial plain to Aravalli
pediments. The elevation contour of 220 m above mean sea level covers the region. The study
area is under extensive arable crop cultivation with the exception of few patches of land covered with bushy and scrub type of vegetation. Agriculturally, there are two dominant crop seasons i.e. kharif (July-October) and rabi (November-March). Wheat is a major crop of rabi
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Table 1. Details of remote sensing dataset used in this study.

Satellite

Sensor

Landsat-8

OLI (Operational
Land Imager)

Sentinel-2A

MSI (Multispectral
Instrument)

Acquisition date
5-Jan-2016
6-Feb-2016
22-Feb-2016
9-Mar-2016
6-Jan-2016
6-Feb-2016

Product
L1TP (Quantized
and calibrated
scaled Digital
Numbers (DN))
L1C (Top-ofatmosphere
reﬂectances in
cartographic
geometry)

WRS Path/Row
or Tile
number field#

Spatial
resolution

147/40

30 m

T43RFM

Resampled
at 20 m

for Landsat; #for Sentinel.

season which are fully irrigated. Its normal time of planting is mid-November and matures by
March end in the study area.
2.2. In-situ LAI measurements
Wheat LAI was measured in selected twenty farmer ﬁelds’ at different dates during the
crop season synchronizing with the date of satellite passes. The ﬁelds were sampled to
take into account all type of wheat growing situations i.e. early sown, normal sown and
late sown. In general, LAI measurements were taken between 9:30 AM and 1:00 PM local
time in the sampled ﬁelds. The LAI measurements on 6th Jan, 6th Feb, 22nd Feb and 9th
Mar coincided with tillering to jointing, booting to anthesis, anthesis to milking and milking to dough stages of wheat, respectively. The location of each plot was recorded with a
hand-held high-sensitivity GPS receiver (GARMIN 76CSx). Multiple LAI (at least ﬁve)
measurements were taken randomly in each of the selected ﬁelds to account for with-in
ﬁeld variability. The LAI was measured by using plant canopy analyzer (LAI-2000) instrument (Welles and Norman 1991). Average ﬁeld wheat LAI on a given date was computed
by averaging multiple LAI observations of that ﬁeld after excluding outliers.
2.3. Satellite data pre-processing
Landsat-8 operational land imager (OLI) having 30 m spatial resolution and Sentinel-2
multi-spectral imager (MSI) having 20 m spatial resolution data were used in this study
(Table 1). Cloud free images of Landsat-8 OLI were obtained for four dates viz., 5th Jan,
6th Feb, 22nd Feb and 9th Mar, 2016, while for Sentinel-2 MSI it was obtained only for
two dates i.e. 6th Jan and 6th Feb 2016. Landsat-8 OLI images digital numbers were converted to radiance values using band-wise gain and bias provided in the image meta-data
and then converted to surface reﬂectance by implementing atmospheric correction module FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes) of
ENVITM software. The FLAASH module basically implements an embedded MODTRAN5
atmospheric correction algorithm. The OLI sensor acquires images in nine optical bands
out of which only six bands of blue (b2), green (b3), red (b4), near-infrared (b5), SWIR1(b6) and SWIR-2 (b7) were used in this study. These were the common bands with
MSI sensor.
Sentinel-2 MSI top of atmospheric reﬂectance (L1C) product was obtained and converted into surface reﬂectance by two atmospheric correction algorithms (1) using
Sen2Cor i.e. Sentinel 2 (atmospheric) Correction module as available in Sentinel-2
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Figure 2. Wheat pixel crop mask generated from (a) Landsat-8 OLI and (b) Sentinel-2 MSI imagery.

Toolbox (ver 5.0.0), and (2) using FLAASH as available in ENVITM(ver 4.8) software. The
Sen2Cor is dependent on the calculation of radiative transfer functions of libRadtran, a
library for the calculation of solar and thermal radiation in the Earth’s atmosphere.
Sentinel-2 MSI images are comprised of 13 spectral bands across the visible, near infrared
and short-wave infrared encompassing four bands at 10 m, six bands at 20 m and three
bands at 60 m spatial resolution. The four bands at 10 m were resampled to 20 m spatial
resolution resulting in all 10 bands at 20 m resolution. The nine spectral bands namely
blue (B2), Green (B3), Red (B4), Red edge 1 (B5), Red edge 2 (B6), VNIR (B7), NIR
(B8a), SWIR 1 (B11) and SWIR 2 (B12) were used in combinations for LAI retrieval in
this study.
The wheat pixel mask was generated separately for OLI and MSI images by classifying
the multispectral images using supervised maximum likelihood classiﬁer and using ground
truth training sites. A total of 70 ground truth locations were sampled for wheat classiﬁcation in the study area, out of which 50 samples were used for training purpose and
remaining samples were used for testing purpose. All pixels except wheat were masked
out in further analysis of images and wheat pixel mask developed from Landsat-8 and
Sentinel-2 imagery is shown in Figure 2.
2.4. Inversion of PROSAIL model
The extensively used canopy radiative transfer model (RTM) model PROSAIL-5B
(Jacquemoud et al. 2009) was employed in this study. Two different inversion techniques,
viz., artiﬁcial neural networks (ANN) and look-up tables (LUT) were employed for
LAI retrieval.
a.

LAI retrieval using ANN inversion
Sentinel-2 Toolbox software contains the biophysical processor which computes
Level-2B biophysical products, namely, LAI, FAPAR, FCOVER, Cab and Cw taking

GEOCARTO INTERNATIONAL

7

Table 2. Input parameters of PROSAIL-5B model used to generate LUT for wheat.
Parameter

Abbreviation

Leaf chlorophyll content
Carotenoid content
Brown pigment content
Equivalent water thickness
Dry matter content
Leaf structure coefﬁcient
Leaf area index
Average leaf angle
Soil coefﬁcient
Fraction of diffuse incoming solar radiation
Hot-spot size parameter
Hot-spot ﬂag
Solar zenith angle
Sensor/view zenith angle
Relative azimuth

Cab
Car
Cbrown
Cw
Cm
N
LAI
Angl
Psoil
Skyl
Hspot
Ihot
Tts
Tto
Psi

Unit
mg cm-2
mg cm-2
Arbitrary units
cm
g cm-2
No dimension
m2 m-2
Degree
No dimension
No dimension
m m-1
No dimension
Degree
Degree
Degree

Range of
free parameters

Fixed
parameters

20–80
–
–
0.01–0.04
–
–
0.1–7.0

1.0
0.05
0.005
1.5

–

0.1
0.1

–

1 (use hot spot)
0

Table 3. The input parameters of PROSAIL-5B for the different days.
Landsat 8 OLI

Parameter
Average leaf angle
Hot-spot size parameter
Solar zenith angle

b.

Sentinel-2 MSI

5th Jan

6th Feb

22nd Feb

9th Mar

6th Jan

70
0.78
56.3

65
0.45
51.2

60
0.35
46.5

45
0.30
41.0

70
0.78
54.34

6th Feb
65
0.45
49.2

atmospherically corrected MSI images as input. This biophysical processor was used
in this study to derive LAI from top of canopy reﬂectance images of Sentinel-2 MSI.
The processor inherently employs a neural network which is calibrated and trained
over a database simulated using PROSAIL-5 model for each biophysical variable.
Input layer of neural network utilize the reﬂectance of eight spectral bands (B3, B4,
B5, B6, B7, B8a, B11 and B12) and cosines of sun zenith angle, viewing zenith angle
and relative azimuth angle. The hidden layer contains the tangent sigmoid transfer
functions and output layer provides the linear transfer function. This trained neural
network is computationally very efﬁcient to derive the biophysical product from the
reﬂectance (Weiss and Baret 2016).
LAI retrieval using LUT based inversion
The PROSAIL-5B version of model comprising of PROSPECT-5 and SAIL4 submodels and written in IDLTM language was used for LUT-based inversion. PROSAIL
input parameters, their range and unit used in this study are provided in Table 2.
The hot-spot and illumination geometry parameters of PROSAIL-5B for different
dates of satellite pass are given in Table 3. The model uses the input parameters in
the forward mode to simulate canopy reﬂectance in the spectral range of
400–2500 nm at 1 nm interval. The range of free input parameters was based on apriori knowledge of the variation in wheat biophysical parameters from the ﬁeld
experimental data as reported in Chakraborty et al. (2015) and Sehgal et al. (2016).
Only three free input parameters viz., chlorophyll content (Cab), leaf area index
(LAI) and equivalent water thickness (Cw) were varied. Thus, range of free input
parameters and their possible combination generated large number of spectra (here
124,000 cases). PROSAIL-5B simulated spectra were integrated to six and nine band
reﬂectance corresponding to Landsat-8 OLI and Sentinel-2 MSI, respectively, by using
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band-wise relative spectral response (RSR) functions of respective sensors. The solution was obtained by inverting the measured broadband reﬂectance through minimizing the error between simulated and measured reﬂectance using a cost/merit
function. In this study, relative mean square error (rMSE) was used as a cost function
which was calculated as:
rMSE ¼

n
X
ðRobs Rlut Þ2
i¼1

Robs

(1)

where Robs ¼ observed reﬂectance at speciﬁc spectral band i, Rlut ¼ simulated reﬂectance
in the LUT at that spectral band, n ¼ number of spectral bands. To avoid ill-poised
nature of inversion and increase the consistency of retrieved LAI, ﬁnal solution was taken
as the mean value of best 10% solutions (i.e. having smallest sorted rMSE) as reported by
Sehgal et al. (2016).
2.5. Evaluation of LAI retrieval
The retrieved LAI was compared with in-situ measured LAI and its accuracy was evaluated using coefﬁcient of determination (R2) and root mean square error (RMSE), index
of agreement (D-index) and ratio of performance to deviation (RPD). The RMSE was calculated using the following formula:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pn
ðLAI m LAI r Þ2
i¼1
(2)
RMSE ¼
N
where LAI m ¼ in-situ measured LAI of ith ﬁeld, LAI r ¼ retrieved LAI of ith ﬁeld and N ¼
number of selected ﬁelds.
The D-index developed by Willmott (1981) is a standardized measure of the degree of
model prediction error and varies between 0 and 1. A value of 1 indicates a perfect
match, and 0 indicates no agreement at all. It is calculated as:
Pn
ðLAI r LAI m Þ2
i¼1
(3)
D˗index ¼ 1  Pn
ðjLAI r LAI m j þ jLAI m LAI m jÞ2
i¼1
where LAI m ¼ average of in-situ measured LAI over all ﬁelds
Ratio of performance deviation (RPD) as a measure of goodness of ﬁt is the ratio of
standard deviation of the reference sample to standard error of prediction provided that
errors are normally distributed. An RPD value below 1.4 implies non-reliable prediction,
the value between 1.4 and 2.0 is considered as ‘fair model’ and value above 2.0 is categorized as ‘Excellent’ (Chang et al. 2001).
2.6. Statistical tests
In order to compare the estimation accuracy of one method of LAI retrieval with the
other, Kolmogorov–Smirnov predictive accuracy (KSPA) test (Hassani and Silva 2015)
and Diebold–Mariano (DM) test (Diebold and Mariano 1995; Harvey et al. 1997) were
performed over errors between observed and retrieved LAI. In both the tests, the null
hypothesis was that two methods have the same predictive accuracy while alternate
hypothesis was that method-II is more accurate than method-I.
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Figure 3. Overall methodology ﬂow chart.

The statistically signiﬁcant differences for the effect of image resolutions (spatial and spectral) on LAI retrieval were evaluated through paired Student’s t-test. The Student’s t-test was
also performed over absolute errors between observed and retrieved LAI. Prior to Student’s
t-test, normality of errors distribution were conﬁrmed via Anderson-Darling test. All the statistical analyses were carried out using ‘R’ statistical software (http://www.R-project.org/). The
overall methodology of this study is shown as schematic diagram in Figure 3.

3. Results and discussion
Accurate generation of spectra through radiative transfer model via forward modelling is prerequisite for successful retrieval of crop biophysical variables (Goel 1989). Therefore, selection
of RTM becomes an important aspect, which should be well suited to canopy studied considering its architecture. In this study, we chose PROSAIL canopy RTM as it is considered to be
well suited for relatively homogenous crop canopies such as wheat (Jacquemoud et al. 2009).
Advantages of PROSAIL over statistical–empirical models have already been stated in section 1. In order to get accurate results, RTM should be correctly parameterized. In this study,
pre-calibrated PROSAIL model for spring wheat canopy (Chakraborty et al. 2015; Sehgal
et al. 2016) was used, which enabled us to better mimic the spectral effects.
Inversion accuracy of an RTM depends upon quality of observed spectra, retrieval
techniques employed, number of spectral bands used, spatial resolution of spectra etc.
The effect of atmospheric scattering and absorption on spectral observations must be
removed before its use in quantitative applications of land surface. Several atmospheric
correction algorithms exist in literature which can be applied on remote sensing images.
In this study, spectral observations from satellites viz., Landsat-8 OLI and Sentinel-2 MSI
were atmospherically corrected using libRadtran and MODTRAN radiation code based
algorithms and their effect on LAI retrieval through inversion of PROSAIL was evaluated.
These algorithms are scene based which are suited to images and most commonly used so
far (Ariza et al. 2018). For this reason, libRadtran and MODTRAN based correction
model was selected in this study. Among the inversion approaches, LUT and ANN were
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Figure 4. Observed vs. retrieved LAI values along the 1:1 line on different dates from the Landsat OLI using
LUT-based inversion of PROSAIL model.

used in this study due to their certain advantages over traditional methods (Kimes et al.
2000; Houborg and Boegh 2008). Appropriate selection of spectral bands is also recommended for improved inversion of RTMs (Meroni et al. 2004; Schlerf and Atzberger
2006). Therefore, to assess the effect of spectral resolution on inversion accuracy of LAI
retrieval, different band combinations of Sentinel-2 MSI were also evaluated.

3.1. LAI retrieval using Landsat-8 OLI imagery
Retrieval of wheat LAI by LUT-based inversion of PROSAIL-5B model using atmospherically corrected OLI reﬂectance was carried out for four dates viz., 5th Jan, 6th
Feb, 22nd Feb and 9th Mar, 2016. The estimated LAI was compared with in-situ measurements and results are presented in Figure 4. It can be seen that large variability in
LAI (0.4 to 5.8) across the season was captured by LUT-based inversion of PROSAIL.
Still some degree of saturation is observed at higher LAI value especially for 6th Feb
image. The RMSE and R2 between retrieved and observed LAI by LUT for each individual date is given in Table S1 of the supplementary material. The LUT slightly
underestimated the LAI for 5th January with R2 of 0.71 and RMSE of 0.70 when
measured LAI values varied between 0.4 and 3.8 m2/m2. This may be due to poor parameterization of bare soil proﬁle in PROSAIL-5B model because the contribution of
reﬂectance from soil is more during the initial phase of crop growth (Chakraborty
et al. 2015). Both over- and under-estimation of LAI by LUT was observed during
later phase of crop growth and it is observed that estimation accuracy increased with
the progress of crop season as exhibited by lower RMSE value of 0.79, 0.67 and 0.61
for 6th Feb, 22nd Feb and 9th Mar 2016, respectively. Overall, LAI estimated using
Landsat-8 OLI were found in reasonably good agreement with the observed LAI having RMSE of 0.70 (R2 ¼ 0.80) as shown in Figure 4. The retrieved LAI maps for four
different dates of OLI images are shown in Figure 5.
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Figure 5. Density sliced LAI maps as retrieved through LUT-based inversion of Landsat OLI and Sentinel-2 MSI images
on different dates during the wheat crop season.
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Figure 6. Effect of atmospheric correction algorithms MODTRAN (a) and libRadtran (b) on the LAI retrieval of wheat
by ANN and LUT inversion using Sentinel-2 MSI imageries of 6th Jan and 6th Feb 2016.

3.2. LAI retrieval using Sentinel-2 MSI imagery
3.2.1. Effect of atmospheric correction algorithms
Sentinel-2 MSI top of canopy reﬂectance imagery was atmospherically corrected using
two algorithms (1) using Sen2Cor which is based on libRadtran1 radiation code and (2)
using FLAASH module which is based on MODTRAN5 radiation code. Corrected reﬂectance was used to estimate LAI using two inversion approach (ANN and LUT) for two
dates viz., 6th Jan and 6th Feb 2016 and the results are shown in Figure 6. It can be
inferred that the accuracy of retrieved LAI from atmospherically corrected reﬂectance
using MODTRAN radiation code was higher (RMSE ¼ 0.94 & R2 ¼ 0.75) than that of
corrected by libRadtran1 radiation code (RMSE ¼ 1.34 & R2 ¼ 0.56). Furthermore, KSPA
and Diebold–Mariano test also conﬁrm that MODTRAN algorithm is statistically more
accurate than libRadtran for LAI retrieval. The test statistics with p-values are given in
Table 4. The libRadtran algorithm of atmospheric correction largely underestimated the
retrieved LAI in case of both the inversion approaches. The atmospheric correction by
MODTRAN algorithm improved the LAI retrieval irrespective of the inversion approach
employed. The reason for better retrieval by MODTRAN mainly related to better atmopsheric correction of images, especially for the higher reﬂactance bands numbering 5 to 8.
The scatterplots of libRadtran versus MODTRAN band-wise bottom-of-atmosphere
(BOA) reﬂectance of selected ﬁelds for 6th-Jan and 6th-Feb are shown in Supplementary
material Figure S1. Except for blue band, the reﬂectance values were similar from both
for 6th-Jan, varying between 0.0 and 0.4. Exceptionally high reﬂectance in blue band may
be attributed to rayleigh scattering (M€
uller-Wilm 2016). For 6th-Feb, the libRadtran
underestimated the reﬂectance values in comparison to that of MODTRAN and the difference were larger for longer wave-bands (NIR). The MODTRAN reﬂectance values varied between 0.0 and 0.7 while libRadtran reﬂectance values varied between 0.0 and 0.4 as
was on 6th-Jan. As the wheat growth progressed from jointing stage on 6th-Jan to maximum LAI stage by 6th-Feb, it is logical to expect increase in reﬂectance in red_edge,
VNIR and NIR bands, but was not the case with libRadtran. After the atmospheric correction of image, NIR reﬂectance generally increases because of correction for absorbption
by water vapour and red reﬂectance decreases due to correction for aerosol optical
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Table 4. Kolmogorov–Smirnov predictive accuracy (KSPA) and Diebold–Mariano test statistics for the comparisons of
atmospheric correction algorithms and inversion techniques.
KSPA test
Methods
libRadtran vs. MODTRAN#
ANN vs. LUT#

D Statistic
0.21
0.41

Diebold–Mariano test
p Value
0.04
0.00

DM statistic
3.05
3.64

p Value
0.00
0.00

Alternate hypothesis: method-II is more accurate than method-I.
method-I &#method-II.

Figure 7. Comparison of two inversion techniques of ANN (a) and LUT (b) for LAI retrieval using Sentinel-2 MSI
imagery pre-processed through libRadtran (L2A) and MODTRAN (FLAASH) codes.

thickness (AOT), which can be seen in increase of NDVI value. This change in NDVI
was less evident in case of libRadtran than in MODTRAN. Ariza et al. (2018) compared
the effect of different atmospheric correction algorithms viz., emiprical line method,
ATCOR and Sen2Cor on Sentinel-2A MSI surface reﬂectances in the four bands (B2, B3,
B4 and B8). They concluded that ATCOR i.e. based on MODTRAN4 radiation code outperformed than Sen2Cor with lower RMSE and with lower variability. ATCOR model
also had better spectrability index for bare soil in B2 and for vegetation cover in NIR
region than Sen2Cor. The underestimation of reﬂectance by Sen2Cor may be due to poor
retrieval of water vapour column (M€
uller-Wilm 2016; Ariza et al. 2018). We have not
come across any study which compared the effect of atmospheric correction algorithm on
LAI retrieval using different inversion approaches.
3.2.2. Comparison of inversion approaches for MSI images
The LAI was retrieved using two inversion approach i.e. ANN and LUT. In case of LUT,
instead of one unique solution “Best 10%” solutions were used for parameter retrieval to
achieve highest accuracy as recommended by study of Sehgal et al. (2016). The comparison of
observed versus retrieved values of LAI using broadband reﬂectance of Sentinel-2 MSI by
ANN and LUT inversion approaches are graphically shown in Figure 7 as scatterplot along the
1:1 line. The results showed that both the inversion approaches could capture the variations in
LAI. ANN largely underestimated the LAI retrieval, whereas LUT showed both under- and
over-estimation, equally spread above and below 1:1 line. The accuracy of LAI retrieval was far
better in case of LUT (RMSE ¼ 0.76 and R2 ¼ 0.80) than that of ANN (RMSE ¼ 1.45 and R2
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Table 5. Student’s t-test statistics to compare the effect of spatial and spectral resolutions on LAI retrieval.
Spectral
bands

OLI_6bands

OLI_6bands
MSI_6 bands
MSI_6bands þ VNIR
MSI_6bands þ rededge_1_2
(signiﬁcant at p < 0.05).

MSI_6
bands
0.063

MSI_6bands þ
VNIR

MSI_6bands þ
rededge_1_2

MSI_6bands þ
VNIR þ Rededge_1_2

0.781

2.0347
2.9482

2.2633
3.6828
0.255

¼ 0.69) irrespective of the atmospheric correction algorithm employed, although ANN was
computationally much efﬁcient than LUT. The results are also conﬁrmed by means of KSPA
and Diebold–Mariano test statistics which were statistically signiﬁcant at p < 0.05 (Table 4).
These results of LAI retrieval from MSI inversion are in conﬁrmity with the results reported
by Vohland et al. (2010) for HyMap and Sehgal et al. (2016) for IRS-L3 sensors. They also
reported underestimation of LAI retrieval through ANN compared to LUT. As the ANN utilize variable driven approach being a black box which have to be trained before parameter
retrieval while LUT utilizes radiometry driven approach which seeks for best reﬂectance correspondance (Baret and Buis 2008). The signiﬁcanlty improved performance of LUT over ANN
inversion may be on account of using wheat crop speciﬁc parameters in generating PROSAIL
LUT while ANN-based inversion is non-crop speciﬁc. The results also indicate a need for signiﬁcant improvements in the ANN-based inversion of MSI for LAI retrievals for making its
use in practical applications.
3.3. Effect of image resolutions
Discrepancies in LAI retrieval from different sensor and method may be caused by various factors such as viewing and illumination geometry, atmospheric correction, radiometric calibration, spatial, spectral and temporal resolution, used canopy radiative transfer
model and inversion techniques (Chen et al. 2003; Wang et al. 2015; He et al. 2017). In
this study, Landsat-8 OLI and Sentinel-2 MSI images were acquired on the same day i.e.
6th Feb 2016 with only 10 min of difference in transit time resulting in more or less similar illumination conditions and solar zenith angles. Furthermore, both the sensors have
same radiometric resolution (12 bit) and viewing angles are near to nadir. Both the MSI
and OLI images of 6th-Feb were atmospherically corrected using FLAASH and LAI was
retrieved through LUT based inversion of PROSAIL to study the effect of variation in
spatial and spectral resolution on LAI retrieval. Errors between retrieved and observed
LAI were calculated for each set. The difference in mean errors between the two sets of
LAI retrievals were compared through Student’s t-test and the results are given in Table
5. The Anderson–Darling normality test statistics for the distribution of errors are shown
in supplementary material Table S2 indicating that errors between retrieved and observed
LAI for each band combination were normally distributed at p < 0.05 and hence can be
subjected to Student’s t-test.
3.3.1. Effect of spatial resolution
Figure 8 shows the scatterplot between observed and retrieved LAI from OLI and MSI
sensors having 30 m and 20 m resolution, respectively. Similar set of six bands from both
the sensors were used. The results show that error in retrieval of LAI from MSI (RMSE ¼
0.90) was slightly lower than from OLI (RMSE ¼ 0.99) but this difference was statsically
non-signiﬁcant as shown by Student’s t-statistic value of 0.063 at p < 0.05 (Table 5). The
reason could be that the size of selected farmer’s ﬁelds were larger than the spatial
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Figure 8. Effect of spatial resolution of OLI 30 m (a) and MSI 20 m (b) on LAI retrieval using six common bands.

resolution of both the sensors and so, both could capture the heterogeneity in scene. The
histogram of surveyed ﬁeld sizes in the study area is shown in Supplementary material
Figure S2 indicating that none of the ﬁelds were less that 900 m2 size and more that 50%
of ﬁelds were of size 4000 m2 or more. However, He et al. (2017) demonstrated the signiﬁcant effect of spatial resolution on winter wheat LAI retrieval accuracy using Landsat-8
OLI (30 m), HJ-1 CCD (30 m) and GF-1 WFV (10 m) satellites imagery. So, even though
for our study area we did not ﬁnd signiﬁcant effect of improvement in spatial resolution
on LAI retrieval, it may be signiﬁcant where ﬁeld sizes are smaller.
3.3.2. Effect of spectral resolution
The LAI was retrieved from 6th-Feb MSI image by LUT based inversion for four different combinations of spectral band: (1) six bands i.e. Blue, Green, Red, NIR, SWIR
1 and SWIR 2, (2) six bands plus VNIR, (3) six bands plus red edge-I & red edge-II
and (4) six bands plus red edge-I & II and VNIR. The results are presented as scatterplot in Figure 9. Statistical comparison of mean errors of LAI retreival for different
band combinations using Student’s t-test is given in Table 5. The results show that
addition of VNIR band over six bands did not improve the accuracy of LAI retrieval,
whereas addition of red edge-I and II bands signﬁcantly improved the accuracy of
LAI retrieval. Moreover, when red edge bands and VNIR were used with six bands,
the accurcay of LAI retrieval improved further though it was not statistically signiﬁcant. The results imply that the two red edge bands in MSI have great advantage in
accurate retrieval of LAI over sensors which lack these bands. Herrmann et al. (2011)
also illustrated the potential importance of red edge bands of Sentinel-2 for LAI estimation using ﬁeld spectroradiometer data. Verrelst et al. (2015) also showed the
greater importance of red edge bands in LAI estimation using variational heteroscedastic Gaussian Processes regression (VH-GPR) model.
The scatterplots in Figure 9 show the saturation of retrieved LAI at high LAI values by
LUT inversion of PROSAIL.Various researchers have shown the saturation effect above
LAI value of four with PROSAIL simulations (Bacour et al. 2006; Weiss et al. 2007;
Verrelst et al. 2015). For different band combinations (mentioned above), we ﬁtted the
second order polymial equations to depict the saturation of retrieved LAI (Figure 10).
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Figure 9. Comparing the effect of spectral resolution on LAI retrieval by LUT using (a) six bands, (b) six bands plus
VNIR, (c) six bands plus Red edge-I & II and (d) six bands plus VNIR plus Red edge-I & II of sentinel-2 MSI. The six
bands are blue, green, red, NIR, SWIR1 and SWIR2.

The coefﬁcient of second order term for six bands was 0.17, which decreased to 0.15 with
the addition of VNIR band and it further decresed to 0.1 and 0.09 with the addition of
red edge bands and red edge plus VNIR, respectively. The decrease in second order coefﬁcients with the increase in number of spectral bands used for LAI retrieval indicates the
moderation of LAI saturation effect with addition of red edge and VNIR bands avaibale
in MSI.
The best performing approach (atmospherically corrected by FLAASH algorithm and
inverted through LUT) of LAI retrieval was applied to generate LAI map from Landsat
OLI and Sentinel-2 MSI images (Figure 5). The ﬁgure shows that spatial and temporal
variation in LAI on different dates, capturing the progress in crop growth and later
its senescence.
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Figure 10. Moderation of LAI saturation effect at higher LAI values with LUT based inversion of PROSAIL simulations
with increase in the number of bands of MSI.

Even though the study was rigorously conducted, it has some limitations. The validation
of employed research methodology was limited to one vegetation type i.e. wheat crop at
farmers’ ﬁeld scale. The results still need to be validated for other vegetation types, especially broad leaf forest vegetation. This study compared only two most widely used atmospheric correction algorithms i.e. MODTRAN and libRadtran. The other atmospheric
correction algorithms such as 6S (Sriwongsitanon et al., 2011), Dark Object Subtraction
Method (Chavez 1996), Transmittance Functions (Kobayashi and Sanga-Ngoie 2008) etc.,
could also be employed to assess its effect on LAI retrieval through PROSAIL inversion.
This study is also limited to two inversion techniques for PROSAIL inversion but have
scope of using recent hybrid inversion strategies such as PROSAIL inversion with modern
machine learning algorithms, which may further improve the LAI retrieval accuracy.

4. Conclusions
Using the multispectral data of Sentinel-2A MSI and Landsat-8 OLI and in-situ measurements, this study presented the results on how retrieval of vegetation biophysical parameter of LAI at ﬁeld scale by inverting the PROSAIL model is effected by pre-processing of
images for atmospheric noise correction, choice of inversion approach and the impacts of
spatial and spectral resolutions of the image. The study clearly brings out the importance
of atmospheric correction of the images for LAI retrieval and recommends that
MODTRAN based algorithm may also be implemented in the Sentinel2 Toolbox for MSI
images. Even though the ANN based PROSAIL inversion embedded in Sentinel 2
Toolbox is computationally efﬁcient, the LUT based inversion approach may also be
adopted as a choice for LAI retrieval due to its signiﬁcant better performance resulting
from inclusion of a-priori information of crop biophysical parameters. The study showed
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that the average underestimation error of wheat LAI retrieval at ﬁeld scale from MSI
image using the current Sentinel Toolbox (ver 5.0.0) was about 1.19 which can be reduced
to about 0.44 if MSI images are processed through MODTRAN and LUT based inversion.
The 20 m resolution of MSI may provide some advantage in improving the accuracy of
LAI retrieval but it was found to be not signiﬁcant when compared with the 30 m resolution provided by OLI as 90% ﬁelds were more than 1200 m2 in size in our case. The signiﬁcant advantage provided by MSI over other sensor is in terms of its additional bands
of red edge-I and II and VNIR bands, whose inclusion in inversion approaches signiﬁcantly reduces the uncertainty in LAI retrieval. Besides, inclusion of these bands also
addressed to some extent the issue of saturation of retrieved LAI at higher values by
PROSAIL inversion. More such studies on diverse ecosystems may be undertaken along
with employing newer hybrid machine learning algorithms to help in improving the operational production of biophysical products from the Sentinel-2 series of satellite thus
bringing accurate observation dataset for use in solving many real world problems.
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