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HIGHLIGHTS

o The Sentinel-2 images are reconstructed by the SupReME algorithm to obtain rich spatial features and consistent spectral
reflectance.
The reconstructed images are more advantageous for LAI estimation than the original images.
The PROSAIL coupled RF model is verified to be an effective method for time-series LAI estimation at 10 m spatial
resolution.

ABSTRACT. Accurate time-series crop leaf area index (LAI) monitoring can provide data support for field management and
early yield estimation. The Sentinel-2 satellite has a high spatial, temporal, and spectral resolution, and its unique three
red-edge bands provide an ideal data source for LAI estimation. However, the inconsistent spatial resolution of different
bands hinders the application potential of Sentinel-2 images. In view of this problem, we focused on mining more infor-
mation provided by the high spatial resolution bands of Sentinel-2 images using the Super-Resolution for Multispectral
Multiresolution Estimation (SupReME) algorithm. Furthermore, The SNAP (Sentinel Application Platform) biophysical
processor and the PROSAIL radiation transfer model coupled with Random Forest (RF) model were applied to estimate
time-series LAl of maize canopy at 10 m spatial resolution, and the Leaf Area Index Wireless Sensor Network (LAINet)
measurements were used for accuracy verification. Finally, the effectiveness of images reconstructed by SupReME and the
two inversion methods for time-series LAI estimation were evaluated. The results showed that: (1) the Sentinel-2 images
reconstructed by SupReME can improve spatial characteristics while maintaining spectral invariance, and they were more
advantageous for LAI estimation than the original images, (2) The SNAP biophysical processor suits a quick large-scale
estimation with robustness, while the PROSAIL coupled RF model achieved a higher coefficient of determination (R’) and
a lower root mean square error (RMSE) (R’ increased by more than 0.1, RMSE decreased by more than 0.33) for time-
series LAI estimation in this specific study area; (3) both inversion methods showed apparent underestimation at the late
growth stage. This study verifies the feasibility of obtaining high spatial resolution images using a super-resolution algo-
rithm for LAI inversion and provides the effect of two commonly used inversion methods for time-series LAl estimation at
10 m resolution.

Keywords. Leaf area index, PROSAIL model, Random forest, SNAP biophysical processor, SupReME algorithm.

eaf area index (LAI), defined as half of the total
intercepting area per unit of ground surface area, is
closely related to canopy physiological processes
(Chen and Black, 1992; Fang et al., 2019). The
Global Climate Observing System (GCOS) includes it as one
of the vital biophysical parameters among the 18 terrestrial
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Essential Climate Variables (GCOS, 2016). Since LAI var-
ies with crop growth throughout the entire growing season,
consequent and accurate monitoring of the seasonal varia-
tion of time-series LAl is critical to yield estimation and ag-
riculture policy development.

Remote sensing satellites with high spatial resolution can
provide more abundant and accurate crop canopy infor-
mation, which is an important data source for precision ag-
ricultural development (Sibanda et al., 2015; Xu et al.,,
2020). The Sentinel-2 satellite incorporates three red-edge
bands which are sensitive to vegetation dynamics due to the
transition from chlorophyll absorption in the red region to
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cellular scattering in NIR (Sibanda et al., 2015; Atzberger
and Richter, 2012; Xie et al., 2018; Xing et al., 2020). This
makes the Sentinel-2 satellite play a key role in various ap-
plications with high spatiotemporal resolutions, especially
for vegetation growth monitoring (Pata§ and Zawadzki,
2020; Hu et al., 2020; Djamai et al., 2019b). However, the
spatial resolution of Sentinel-2 images varies over its spec-
tral band, including four bands of 10 m resolution, six bands
of 20 m resolution, and three bands of 60 m resolution.
To fully exploit the image information, various super-reso-
lution reconstruction algorithms that reconstruct the low/me-
dium resolution bands (20 m and 60 m) to a higher resolution
(10 m) were proposed (He et al., 2022; Dong et al., 2021).
Area-to-Point Regression Kriging (ATPRK) (Wang et al.,
2015), a generalized sharpening algorithm proposed by
Wang et al., has been verified to successfully sharpen the
20 m resolution bands of the Sentinel-2 image with the 10 m
resolution bands (Wang et al., 2016; Wang and Atkinson,
2018). Lanaras et al. (2017) proposed the Super-Resolution
for the Multispectral Multiresolution Estimation (Su-
pReME) algorithm and tested it on the reconstruction of sim-
ulated and observed Sentinel-2 images with better quality.
At present, super-resolution reconstruction algorithms have
been developed maturely, but few studies are on the quanti-
tative monitoring of vegetation growth dynamics from su-
per-resolution reconstructed images. Zhang et al. (2019) in-
vestigated the feasibility of the SupReME reconstructed im-
ages for estimating the canopy LAI and chlorophyll of
maize. but only single-period remote sensing images were
used in the study. The effect of continuous dynamic moni-
toring of crop growth based on time-series SupReME recon-
structed images still needs further exploration.

The PROSAIL radiative transfer model inverts target pa-
rameters by linking the model-simulated crop canopy spec-
tral reflectance with the spectral reflectance from satellite
observations and is commonly used in the quantitative inver-
sion of crop growth parameters (Thorp et al., 2012; Zhang et
al., 2021; Berger et al., 2018). The SNAP biophysical pro-
cessor, coupled PROSAIL and inverse artificial neural net-
works can rapidly calculate biophysical parameters such as
LAI from atmospherically corrected Sentinel-2 images (Xie
et al., 2019). The applicability of the SNAP biophysical pro-
cessor to estimate LAI at 20 m spatial resolution has been
evaluated in different regions (Djamai et al., 2019a; Pasqua-
lotto et al., 2019). In addition, the PROSAIL coupled Ran-
dom Forest (RF) model has shown to be a feasible LAI in-
version method (Chen et al., 2020). However, both of the
methods have rarely been validated for estimating LAI at
10 m spatial resolution. In particular, what is the spatial and
spectral fidelity of the reconstructed Sentinel-2 images? Are
they effective for time-series LAI inversion at a resolution
of 10 m? Which method is more applicable? These questions
still need further verification.

Therefore, this study focuses on making full use of the
high spatial resolution bands provided by Sentinel-2 images
and improving the accuracy of time-series LAI inversion.
Comparative analysis is conducted in the following three as-
pects: (1) to verify the spatial and spectral characteristics of

1020

the reconstructed Sentinel-2 images by using the SupReME
algorithm comprehensively; (2) to investigate the effective-
ness of the reconstructed Sentinel-2 images for time-series
LAI estimation at 10 m spatial resolution; (3) to evaluate the
applicability of the SNAP biophysical processor and the
PROSAIL coupled RF model for LAI estimation in a spe-
cific study area.

STUDY AREA AND DATA
STUDY AREA

The study area, Daman station, is located in the middle
reaches of the Heihe River basin in northwestern China
(38°50'N, 100°20'E). This region is relatively flat and has an
arid continental climate. In recent years, the average eleva-
tion and annual temperature are 1556 m and 6°C to 8°C, re-
spectively. It is aridity with little rainfall, and the annual pre-
cipitation is about 140 mm. The main crop in the area is
maize, which is usually sown at the end of April and har-
vested in mid-September (Cheng et al., 2014). The location
of the research area and the field distribution of the sample
plots are shown in figure 1.

SENTINEL-2 IMAGES

The Sentinel-2 image contains 13 spectral bands covering
visible, red-edge, near-infrared, water vapor, cirrus, and
short-wave infrared, with spatial resolutions of 10 m, 20 m,
and 60 m (table 1). The Sentinel-2A and Sentinel-2B satel-
lites complement each other to provide a temporal resolution
of 5-d. A total of 12 cloud-free Level-1C Sentinel-2 A/B im-
ages of the study area during maize growing season were
downloaded from the Copernicus Open Access Hub. The
imaging dates were day of year (DOY) 166, DOY 181, DOY
186, DOY 191, DOY 196, DOY 206, DOY 211, DOY 216,
DOY 221, DOY 226, DOY 246 and DOY 256 in 2019. At-
mospheric correction was performed using the Sen2cor
plugin in SNAP software, and the boundary of the study area
was cut out by the SNAP software.

FIELD DATA COLLECTION
The field measurements were obtained from the "Na-
tional Tibetan Plateau Scientific Data  Center"

(http://data.tpdc.ac.cn). The LAI was collected from the Leaf
Area Index Wireless Sensor Network (LAINet), which auto-
matically acquired the multi-angle light transmittance of
vegetation canopy at 10 min intervals between 06:00 a.m.
and 6:30 p.m. at each node, and the daily LAI was calculated
by the Beer-Lambert law based on the relationship between
LAI and light transmittance. To mitigate weather-induced
bias in the daily LAI values, LAINet measurements were
smoothed by a 7-d moving window. The processing of
LAINet measurements was described in detail by Qu et al.
(2013) and Liu et al. (2018). In 2019, there were six 30 m x
30 m maize plots continuously monitored daily from June 1
to September 20, except for missed measurements of plot 6
on August 4. Therefore, the total number of samples corre-
sponding to the Sentinel-2 images was 71 (12 Sentinel-2 im-
age dates x 6 plots — 1).
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Figure 1. Study site and field sample plots (Basemap: color composite of Sentinel-2 image (R:4 G:3 B:2) on July 30 in 2019).

Table 1. The band information of Sentinel-2 image used in this study.

Spatial Central
resolution ~ wavelength  Bandwidth
Bands No. (m) (nm) (nm)
Band 2 (Blue) 490 98
Band 3 (Green) 10 560 45
Band 4 (Red) 665 38
Band 8 (Near-infrared) 842 145
Band 5 (Red edge 1) 705 20
Band 6 (Red edge 2) 740 18
Band 7 (Red edge 3) 20 783 28
Band 8a (Near-infrared narrow) 865 32
Band 11 (Shortwave infrared 1) 1610 143
Band 12 (Shortwave infrared 2) 2190 238
Band1 60 443 45
Band 9 (Water vapor) 945 26

METHOD

In this study, the Sentinel-2 spectral reflectance of 20 m
and 60 m spatial resolution were reconstructed to 10 m using
the SupReME algorithm, and LAI was estimated by the
SNAP biophysical processor and the PROSAIL coupled RF
model based on the reconstructed and original time-series
Sentinel-2 images. At each sample location, to alleviate the
potential geo-matching errors, the average value of esti-
mated LAI in the 4 x 4 pixel windows of Sentinel-2 images
was assessed against the LAINet measurements with metrics
of the coefficient of determination (R?) and the root means
square error (RMSE).

65(5): 1019-1028

SUPREME ALGORITHM

The SupReME algorithm proposed by Lanaras et al.
(2017) was employed to super-resolve the lower-resolution
channels (20 m and 60 m) of Sentinel-2 images to the highest
available resolution (10 m). Using the texture information of
the high-resolution bands, the model can generate the high-
est resolution bands in a single step by performing the super-
resolution algorithm for all the lower resolution bands. It has
higher computational efficiency and provides better results
than other similar algorithms (Sadeh et al., 2021; Zhang et
al., 2019).

The inputs of SupReME contain L = 12 reflectance bands,
with L = 4 high resolution bands (10 m), L, = 6 medium
resolution bands (20 m), and Ls = 2 low resolution bands
(60 m). The output totals 12 bands with 10 m spatial resolu-
tion. Thus, the upsampling coefficients arer; = 1, 1, =2, and
16 = 6, respectively. The image reflectance values are format-
ted into vector form: y = (yi, ..., yL) denotes the values of
each band of the input image, x = [x1, ..., X¢] represents the
values of each band of the unknown output image. The input
and output images are correlated by the following observa-
tion model (including blurring and downsampling):

y=MBx )
where M and B are two block-diagonal matrices, each sub-
block of which acts on a spectral band. For the matrix M,
each block represents a sampling of x to obtain y. The blur
matrix B is a block-circulant- circulant -block matrix, where
each block represents a 2D circular convolution.
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However, the number of observations in equation (1) is
less than the number of unknowns. A dimensionality reduc-
tion is used to project the 13 bands of Sentinel-2 into the
6 (p = 6) largest components of the correlation-based eigen-
decomposition. More than 99% of the signal energy is re-
tained, and the number of unknowns is reduced. Therefore,
the columns of output image X live in the subspace spanned
by columns of U € R *P,

Next, the following steps are used to solve the subspace:
(1) upsampling all bands of y to high resolution by bicubic
interpolation method, (2) blurring each band to the strongest
blur, and (3) performing singular value decomposition on the
blurred data.

Finally, the optimal result is obtained by iterative optimi-
zation. More information on the SupReME algorithm is de-
tailed in Lanaras et al. (2017), and the MATLAB code is
available on GitHub (https://github.com/lanha/SupReME).

SNAP BIOPHYSICAL PROCESSOR

The SNAP biophysical processor module was employed
to investigate its applicability for time-series LAI estimation
at 10 m spatial resolution.

The module combines the PROSAIL radiative transfer
model, which incorporates the leaf optical model (PRO-
SPECT) and the canopy reflectance model (SAIL), and an
artificial neural network for the inversion of LAI and other
biophysical parameters (Pasqualotto et al., 2019). First, the
PROSPECT model is used to obtain vegetation leaf reflec-
tance and transmittance by emulating the upward and down-
ward radiation fluxes from the leaves. Then, the vegetation
leaf reflectance together with environmental parameters,
such as soil reflectance and solar altitude angle, are input to
the SAIL model, and vegetation canopy reflectance data are
further obtained. The training database generated by using
the radiative transfer model is expected to be able to better
simulate the canopy reflectance under most vegetation types
and observation conditions on Earth. Based on the pre-
trained neural network, a pixel-by-pixel biophysical product
on Sentinel-2 images can be quickly inverted.

In this study, the canopy reflectance of Band 3, Band 4,
Band 5, Band 6, Band 7, Band 8a, Band 11, and Band 12 in
Sentinel-2 images, as well as the solar zenith angle 0, the
observed zenith angle 6y, and the geometry of the relative
azimuth @ at the time of image sensing were input into the
module to invert the maize canopy LAIL

PROSAIL CouPLED RF MODEL

To further evaluate the effectiveness of different LAI esti-
mation methods, the PROSAIL model was applied to simulate
the reflectance of the maize canopy according to the growth
condition in this study area. The model was coupled with the
RF regression algorithm to invert the time-series LAI

The PROSAIL model is widely used in simulating the
canopy spectral reflectance of agricultural fields and grass-
lands (Kimm et al., 2020). There are six leaf parameters re-
quired in the leaf model (PROSPECT 5) and eight parame-
ters required in the canopy model (4 SAIL) (table 2). The
leaf reflectance and transmittance simulated by PROSPECT
are used as inputs for SAIL. Relevant literature has shown
that the reflectance in the visible and near-infrared regions
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Table 2. The input parameters and range settings in the PROSAIL
model.

Value/
Parameters Units Range Step  Distribution
leaf structure 13
parameter (N) :
leaf chlorophyll .
content (Cab) ug/em2 20-90 5 Gaussian
equivalent water
thickness (Cw) (g/cm2) 0.0095
leaf dry matter
content (Cm) ug/om2 0.0015
brown pigments
content (Cbrown) nglem2 0
carotenoid
content (Car) ug/em2 8
leaf area )
index (LAI) 0.05-7 0.05  Gaussian
average leaf o )
angle (ALA) ) 30-80 5 Gaussian
Diffuse/total 02
radiation (skyl) :
soil brightness 0.5
coefficient (psoil) :
hot spot
effect (Hspot) 02
Solar zenith © from header
angle (SZA) file
viewing zenith © from header
angle (VZA) file
relative azimuth ©) from header
angle (psi) file

was less sensitive to Cm, N, and Cw, but more affected by
Cab, LAI, and ALA in this study area (Wang et al., 2019; Qu
etal., 2015; Yu et al., 2020). Therefore, Cab, LAI, and ALA
were chosen as sensitive parameters for the PROSAIL
model. A summary of the input parameters of the PROSAIL
model and the range settings in this study is listed in table 2.

SZA, VZA, and psi were obtained from the image header
file, and the other parameters were determined by prior
knowledge and relevant literature (Wang et al., 2019). Ac-
cording to the parameter settings in table 2, a total of 23,100
data were simulated. For LAI inversion in the next step, the
simulated reflectance was spectrally resampled with the
spectral response function of the Sentinel-2 satellite to make
it consistent with the Sentinel-2 bands.

The RF regression algorithm, which has proven to have
good performance in estimating crop growth parameters
(Han et al., 2020; Srinet et al., 2019; Li et al., 2021), was
coupled with the PROSAIL model to invert temporal LAI
RF takes a decision tree as the basic model, and a series of
discrepant decision tree models are usually voted or aver-
aged to obtain the final results (Rastgou et al., 2020). Due to
the introduction of randomness, RF has strong adaptability
to the dataset, good anti-noise performance, and strong fit-
ting ability. It is not easy to fall into over-fitting (Zouggar
and Adla, 2019). In this study, the number of decision trees
is determined as 500 according to the plot of the decision
tree number versus error, and the number of randomly se-
lected variables M is 1.

Studies have shown that the 2-bands Enhanced Vegeta-
tion index (EVI2), Red-edge Chlorophyll index (Clred-
edgel), and Green Chlorophyll index (Clgreen) can estimate
LAI well (Yu et al., 2020; Sun et al., 2020). Therefore, the
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Table 3. The vegetation indices used in the PROSAIL coupled RF

Table 4. Accuracy analysis of reconstructed image and original image.

model. Band Regression equation AD RMSE EDGE LBP
Vegetation index Formula Reference Band 1 y=1.0375x+0.0001 0.001 0.015 -0.251 0.389
Vi EVI2— Jiang et al., Band5  y=1.0233x-0.0023  0.000 0.016 0.049  0.002
2.5(NIR—R)/(NIR+2.4R+1) 2008 Band 6  y=1.0352x+0.0134  -0.003 0.017 0.079  0.028
B Gitelson et al., Band7  y=1.0207x-0.008  0.000 0.018 0.040 -0.009
Clgreen Clgreen=NIR/G-1 2003 Band8a  y=1.0196x-0.0071  0.000 0.018 0.050 -0.009

- Gitelson et al., Band9  y=1.0475x-0.0174  0.001 0033 -0.186 0.421

Clred-edgel ~ Clred-edge 1=NIR/Red-edge 1 2003 Band 11 y=1.1021x-0.0193  0.000 0.020 0.062 0.086
Band 12 y=1.0545x-0.0068  0.000  0.020 _ 0.090  0.037

lookup tables between the above three vegetation indices (ta-
ble 3) generated by PTOSAIL and LAI were used as training
datasets for the inversion model. The corresponding vegeta-
tion indices calculated from two sources of Sentinel-2 obser-
vations at 10 m spatial resolution were respectively used as
test datasets to estimate the time-series LAI of maize canopy.
One was resampled by the nearest neighbor method, and the
other was reconstructed by SupReME.

RESULTS AND ANALYSIS
CHARACTERISTIC ANALYSIS OF RECONSTRUCTED
IMAGES BY SUPREME

To explore the performance of the SupReME algorithm
in mining image spatial feature, the image on DOY 211 was
taken as an example to compare the reconstructed image
with the original Sentinel-2 image, as shown in figure 2. It
can be seen that the contours of the features on the recon-
structed image were consistent with those on the original
Sentinel-2 image. This indicated that SupReME performed
well in spatial fidelity. Moreover, the reconstructed images
were clearer and reflected richer spatial texture features, in-
dicating that SupReME can mine more detailed spatial fea-
tures of the image.

To further evaluate the spectral consistency between the
reconstructed image and the original Sentinel-2 image quan-
titatively, the reconstructed bands with 10 m spatial resolu-
tion were aggregated to 20 m or 60 m to compare with the
original bands of 20 m and 60 m (Band 1, Band 5 to Band 7,
Band 8a, Band 9, Band 11 and Band 12). A novel assess
framework with four accuracy metrics, including RMSE, av-
erage difference (AD), Robert’s edge (EDGE), and local bi-
nary pattern (LBP), was introduced to quantify the spectral
and spatial quality in the reconstructed images comprehen-
sively and with less information redundancy (Zhu et al.,
2022). AD and RMSE assess the spectral accuracy, and
EDGE and LBP assess the spatial accuracy. The closer the
values of these metrics are to 0, the better the spectral and
spatial fidelity. Table 4 showed the analysis results between
the reconstructed image and the original Sentinel-2 image
for each band. It can be seen that the spectral reflectance of
the images before and after reconstruction was very similar
with low values of AD and RMSE, and the maximum value
of RMSE was 0.033 (Band 9). From the spatial assess met-
rics of EDGE and LBP, it can be seen that the spatial texture
features of Band 1 and Band 9 with 60m resolution in origi-
nal images produced a slightly larger error than other bands,
which all maintained values below 0.1. Therefore, the

(@)

Figure 2. Image reconstructed results using SupReME algorithm: (a) original 10 m true color composite (R:4 G:3 B:2), (b) reconstructed 10 m
false color composite (R:7 G:6 B:5), (¢) reconstructed 10 m false color composite (R:12 G:11 B:8a), (d) reconstructed 10 m false color composite
(R:1 G:9 B:12), (e) original 20 m false color composite (R:7 G:6 B:5), (f) original 20 m false color composite (R:12 G:11 B:8a), (g) original 20 m

false color composite (R:1 G:9 B:12).

65(5): 1019-1028
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Figure 3. Accuracy comparison of LAI estimated by SNAP biophysical processor: (a) original images and (b) reconstructed images.

images reconstructed by SupReME showed good spectral
and spatial consistency with actual observations.

LAI ESTIMATIONS OF SNAP BIOPHYSICAL PROCESSOR
The SNAP biophysical processor has been proven to pro-
vide better estimates of crop biophysical parameters at 20 m
spatial resolution for Sentinel-2 images, while few studies
are about biophysical parameter estimations at 10 m resolu-
tion. In this research, LAI at 10 m resolution in Heihe River
Basin was generated by the SNAP biophysical processor,
and its consistency with LAINet measurements was evalu-
ated. The results were shown in figure 3. There was little
difference between LAI estimates from the original and the
SupReME reconstructed images. The R? values between the
LAI estimates and LAINet measurements were both below
0.3, and the RMSE exceeded 1.0. Compared with the origi-
nal images, the dispersion of LAI estimated by the SNAP
biophysical processor from the SupReME reconstructed im-
ages was generally smaller. Therefore, it achieved a lower
RMSE. However, there were some outliers that produced
larger errors, so the linear fit of LAI from the reconstructed
images was not as good as that from the original images.

LAI ESTIMATIONS OF PROSAIL COUPLED
WITH RF MODEL

To further evaluate the accuracy of the PROSAIL cou-
pled RF model for time-series LAI estimation at 10 m reso-
lution, the look-up tables between three vegetation indices
of EVI2, Clgreen, and Clred-edgel, and LAI were used as
the training dataset of the RF model in turn. The original and
reconstructed Sentinel-2 images were used as the test da-
tasets. The R?> and RMSE between the estimated LAI with
different vegetation indices and LAINet measurements were
compared (table 5). We found that the estimation results
from the reconstructed images were better than those from

Table 5. Accuracy comparison of LAI estimated by PROSAIL coupled
RF model based on different vegetation indices.

Vegetation Original images Reconstructed images
index R? RMSE R? RMSE
EVI2 0.29 0.80 0.30 0.80

Clgreen 0.39 0.78 0.42 0.74
Clred-edgel 0.29 0.98 0.30 0.97

1024

the original images, and both showed the best results based
on the model constructed by Clgreen.

Furthermore, the LAI estimated from the original images
and the reconstructed images based on the model constructed
by Clgreen were compared (fig. 4). It was clear that RMSE
was lower than 0.8 for both sources of images, and the esti-
mation results from the reconstructed images (R?> = 0.42,
RMSE = 0.74) were better than those from the original im-
ages (R? = 0.39, RMSE = 0.78) with less dispersion. This
indicated that the reconstructed images were more advanta-
geous for LAI estimation. In addition, the LAI estimated by
the PROSAIL coupled RF model was closer to the LAINet
measurements than that estimated by the SNAP biophysical
processor, with more clustered point distribution. It achieved
an improvement of more than 0.1 in R? and a reduction of
more than 0.3 in RMSE (fig. 3 and fig. 4). But when LAI
was larger than 3.5, both methods gave an underestimation.
The PROSAIL coupled RF model provided more accurate
estimates for most points between 3.5 and 5. However, when
LAI was larger than 5, the SNAP biophysical processor pro-
duced better results than the PROSAIL coupled RF model.
Hence, the linear fit of LAI estimated by the PROSAIL cou-
pled RF model was slightly worse than that of the SNAP bi-
ophysical processor.

ANALYSIS OF LAI SEASONAL DYNAMICS

To further observe the seasonal dynamics of LAI and to
evaluate the estimation accuracy of the SNAP biophysical
processor and PROSAIL coupled RF model, based on the
reconstructed images, the temporal variation of LAI of the
six plots in the study area estimated by the two methods were
compared with the LAINet measurements, as shown in fig-
ure 5. Both inversion methods can describe the temporal dy-
namic characteristics of LAI with slight differences in esti-
mates, but there was an underestimation in all plots with the
exception of plot 6, especially at the reproductive stage of
maize growth (after DOY 212). After DOY 240, the LAINet
measurements showed no obvious downward trend, while
the remote sensing estimations decreased significantly. Es-
pecially large deviations occurred between SNAP estimates
and LAINet measurements. For plot 6, the estimates of both
methods showed large deviations from the LAINet measure-
ments.
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Figure 4. Accuracy comparison of LAI estimated by PROSAIL coupled RF model: (a) original images and (b) reconstructed images.
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Figure 5. Analysis of time-series LAI of each plot (SNAP-LAI and PROSAIL/RF-LAI represent estimation results of SNAP biophysical processor

and PROSAIL coupled RF model, respectively).

DISCUSSION

In order to obtain high spatial resolution remote sensing
images, we employ the SupReME algorithm to reconstruct
Sentinel-2 images and verify the quality of the reconstructed
images from spectral and spatial aspects. The SupReME al-
gorithm reconstructs the coarser-resolution bands of 20 m
and 60 m into 10 m with the help of the high-resolution
bands in Sentinel-2 images. All bands are from the same sen-
sor with uniform imaging time, imaging geometry condi-
tions, and spectral response, which reduces the uncertainty
in the reconstruction process. Therefore, better spatial details
and consistent spectrum can be provided, which has also
been demonstrated in previous studies (Zhang et al., 2019).
Band 1 and Band 9 produce slightly larger errors, but they
are not used for subsequent inversions. Therefore, we
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consider that the SupReME reconstructed images can be
used for LAI inversion.

Then, comparative studies are implemented in this re-
search: two data sources of original and SupReME recon-
structed images, and two estimation methods of SNAP bio-
physical processor and PROSAIL coupled RF model. When
comparing the two image data sources, the SupReME recon-
structed images produce a smaller RMSE, indicating that the
finer spatial resolution of the reconstructed images contrib-
utes to LAI inversion. The LAI estimated using the SNAP
biophysical processor from the two data sources show slight
differences, which is probably because it is trained based on
global vegetation types and has better robustness. Compar-
ing the two estimation methods, the PROSAIL coupled RF
model achieves higher R? and lower RMSE, perhaps because
the PROSAIL coupled RF model is trained with the simu-
lated maize canopy reflectance just in this study area. The
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model input parameters are designed more specifically.
However, at the late stage of crop growth, the seasonal dy-
namic trends of LAI are underestimated by both methods
compared to LAINet measurements. On the one hand, spec-
tral saturation is a potential factor causing the discrepancy.
On the other hand, LAINet seems to be closer to true LAI
than LAI-2000 for maize (Qu et al. 2013), while remote
sensing derives the effective LAIL

When LA is larger than 5, which only appears in plot 5,
the SNAP biophysical processor estimates are closer to the
LAINet measurements, making it a better linear fit. How-
ever, previous research (Yu et al., 2020) has shown that the
LAINet measurements of plot 5 are higher than those of the
LI-3000 and LAI-2200C, thus we cannot conclude that the
SNAP biophysical processor performs better than the PRO-
SAIL coupled RF model. Moreover, it is found that the es-
timations of plot 6 deviate significantly from the LAINet
measurements and the seasonal dynamics of LAI also shows
that the LAINet measurements of plot 6 are lower compared
with the other plots (fig. 5). Regarding the relevant literature
(Yu et al., 2020), the LAI of plot 6 are underestimated by
LAINet, which is consistent with the results of this research.
Therefore, LAINet has the advantage of automatic and con-
tinuous acquisition of field LAI, which significantly re-
duces manpower. However, the systematic error of LAINet
affects the estimation accuracy evaluation to a certain ex-
tent, and more validation experiments should be explored in
the future.

In addition, it is internationally recognized that high spa-
tial resolution mapping of crop phenological changes needs
to be within subweekly temporal frequencies (Malenovsky
etal., 2012; Li et al., 2022). Although Sentinel-2A and Sen-
tinel-2B images provide a temporal resolution of 5-d when
viewed together, it is usually challenging to obtain intensive
time-series images due to various unfavorable weather con-
ditions. For example, there is only one image (DOY 246)
available during DOY 226 to DOY 256 in this study area,
which does not meet the continuous dynamic monitoring re-
quirements of LAI Therefore, the generation of high spatial
resolution and intensive temporal resolution images by com-
bining super-resolution reconstruction algorithm and spatio-
temporal fusion method will be focused on in the next step.

CONCLUSION
The SupReME algorithm was used to reconstruct the
coarser-resolution bands of Sentinel-2 image during the
maize growing season to a spatial resolution of 10 m. Two
inversion methods of the SNAP biophysical processor and
the PROSAIL coupled RF model were applied for the origi-
nal and reconstructed images to estimate time-series LAI.
The spatial and spectral characteristics of the reconstructed
image and the applicability of the two inversion methods
were evaluated. The results of this research show the follow-
ing conclusions:
e The images reconstructed by the SupReME algo-
rithm can provide rich spatial texture features and
well maintain the spectral reflectance.
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e The LAI estimation accuracy of both the two inver-
sion methods based on the reconstructed images is
higher than that of the original images.

e The SNAP biophysical processor suits a quick large-
scale LAI estimation with robustness, while the
PROSAIL coupled RF model improves the estima-
tion accuracy with R? increased by more than 0.1 and
RMSE decreased by more than 0.3. Therefore, the
PROSAIL coupled RF model is more recommended
than the SNAP biophysical processor for time-series
LAl inversion for a specific study area.

e Both the inversion methods can monitor the temporal
dynamics of LAI, but the underestimation at the late
growth stage is obvious.
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