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Abstract: Sentinel-2 satellite is a new generation of multi-spectral remote sensing technique with
high spatial, temporal and spectral resolution. Especially, Sentinel-2 incorporates three red-edge
bands with central wavelength at 705, 740 and 783 nm, which are very sensitive to vegetation
changing, heath and variations. Unfortunately, their spatial resolution is only 20 m, which is lower
comparably. This spatial resolution brings difficulties for mining the potential of Sentinel-2 image
in vegetation monitoring. Therefore, we focus on enhancing the spatial resolution of Sentinel-2 red
edge band images to 10m using the SupReME algorithm. Furthermore, the summer corn canopy
leaf area index (LAI), leaves chlorophyll content (LCC) and canopy chlorophyll content (CCC) were
retrieved by the linear and physical models for the corn growth monitoring purpose. The results
showed that the spatial resolution of Sentinel-2 images had been enhanced to 10m from original
20m, and the estimation accuracy (EA) was over 97% for pixels planted by summer corn. Moreover,
the accuracy of summer corn canopy LAI, LCC and CCC was improved respectively using
enhanced Sentinel-2 images by SupReME method. During these three parameters retrieval, the
red-edge bands or SWIR bands were introduced into optimal cost function and vegetation index
which the accuracy of these models was high. The SupReME algorithm provides a valuable way for
Sentinel-2 images enhancement, which is of great potential to mining Sentinel-2 images and
multitude its application.

Keywords: Sentinel-2 image; SupReME algorithm; LAIL chlorophyll content; radiative transfer
model
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Accurate estimation of vegetation biophysical variables with high spatial and temporal
resolution plays an important role in global climate change monitoring, comprehensive monitoring
of land use/cover change, estimating the total amount of ecological resources etc.(

). Simultaneously, parameters
obtained from remote sensing observation data are very important inputs for energy and material
exchange models between vegetation and the external environment (

), including leaf area index (LAI), leaves chlorophyll content (LCC) and
canopy chlorophyll content (CCC) and so on.

Optical satellite imagery is one of the important data sources for vegetation biophysical
variables estimation. With the development of aerospace technology, there are more and more
available satellite images with increased temporal resolution, spatial resolution and spectral
resolution ( )- Sentinel-2 is a new generation of multi-spectral imagery with 13
spectral bands, including three red-edge bands which are sensitive to the chlorophyll content of
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vegetation (Sibanda et al., 2015; Atzberger et al., 2012; Pu et al., 2003). It is an ideal data source for
vegetation growth monitoring and is used for terrestrial observations of global high resolution and
high revisiting capabilities, biophysical change mapping, monitoring of coastal and inland waters,
and risk and disaster mapping to support the continuity of SPOT-5 and Landsat satellite data
(Wang et al., 2017; Clevers et al., 2013). The difference in spatial resolution constrained by technical
conditions and cost inputs also appears in other satellite images, for instance, MODIS, Landsat and
Worldview-3. The Sentinel-2 image is in the same way, with 20m spatial resolution within three red
edge bands and not balance to the 10m spatial resolution of visible bands and Near Infrared (NIR)
band. It is a balancing strategy of high Signal Noise Ratio and spatial resolution for each channel.
However, the availability of 10m images provides an opportunity to improve the resolution of other
20m images, leading to an effective means to maximize output without increasing input costs.

Image super-resolution enhancement is a prospective approach to using signal processing
techniques to obtain a high spatial resolution image (or sequence) from observed multiple
low-resolution images (Park et al., 2003). At present, many researchers have focused on
super-resolution enhancement and developed a variety of feasible algorithms. The pan-sharpening
approach refers to the fusion of panchromatic and multispectral images which could improve the
spatial resolution of the multispectral images and reduce spectral distortion synchronously
(Thomas et al., 2008). Vivone et al. (2015) used five data sets acquired by different satellites to
evaluate the performance of various pansharpening algorithms, including component substitution
and multiresolution analysis (MRA), and their results indicate that the overall performance of MRA
was generally better than those of others. Wang et al. (2015, 2016) proposed an algorithm called
area-to-point regression kriging (ATPRK) that used MODIS bands 1 and 2 with 250m spatial
resolution to downscale the 500m spatial resolution of MODIS bands 3-7 to produce a set of 250m
spatial resolution MODIS images. The result of ATPRK was of high quality and showed great
potential in MODIS images applications. Pardo-Iguzquiza et al. (2011) extended the method of
spatially adaptive cokriging filter for fusing the high spatial resolution panchromatic band 8 image
(i.e, 15m) and the low spatial resolution multispectral band 2 (i.e., 30m) of Landsat ETM+ to
generate image with 15m resolution. In these studies, the high-resolution images used are the
panchromatic bands, the average values of several high-resolution images or one high-resolution
image which has similar central wavelength with low-resolution image. However, they cannot
make full use of the advantages of multispectral high-resolution images. Lanaras et al. (2017)
proposed a high-quality solution algorithm called SupReMe that took only one step to get the
highest available resolution image in all lower-resolution channels. The SupReMe algorithm is
based on variable segmentation to obtain an equivalent constrained optimization formula, and then
it is solved by the augmented Lagrangian method (Afonso et al., 2010). Furthermore, this approach
has been tested on simulated and real Sentinel-2 images, and the best results have been obtained
compared with other methods.

The multispectral images with high spatial resolution obtained by downscaling provides
reliable data support for accurate inversion of vegetation growth parameters (Huang et al., 2015,
2016). It is also an important and promising product widely used in the remote sensing field. Few
investigators have focused on the capability of super-resolution fusion image (i.e. 10m for all bands)
on quantitative estimation and evaluation of vegetation growth for Sentinel-2 satellite. At present,
there are two kinds of inversion programme, statistical regression models and physical models, and
more band choices make these two methods have broad application prospects. Firstly, prior
investigations (Turner et al., 1999; Carlson & Ripley, 1997; Chen & Cihlar, 1996) have demonstrated
that there is a significant linear relationship between vegetation growth parameters and vegetation
index. Although it is simple and efficient, it depends on the measured data and vegetation types on
the ground and has poor universality. Besides that, physical models are an important way to
understand the relationship between vegetation spectrum and vegetation growth (Darvishzadeh et
al., 2008; Houborg et al., 2007, 2008; Gastelluetchegorry et al., 1996, Kuusk, 1995). The physical
models could simulate a complete spectral curve (400-2500nm) by inputting vegetation parameters
and we can use the limited satellite observation channels to approximate this curve as far as
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possible, then retrieve the corresponding vegetation parameters (Combal et al., 2003). Compared
with the earlier satellites, which only have four effective bands of blue, green, red and NIR, the
latest satellite Sentinel-2 with 13 bands has more obvious advantages in vegetation inversion.

Therefore, this study is focusing on enhancing Sentinel-2 multi-spectral images with different
spatial resolutions to generate high spatial resolution multi-spectral images using the SupReMe
algorithm, aiming at improving the retrieving accuracy of summer corn canopy LAI, LCC and CCC.
For this purpose, we have formulated following study contents:

(i) Analyzing the performance, stability and effect of the SupReMe algorithm in
super-resolution enhancement ;
(i) Retrieving summer corn canopy LAI, LCC and CCC using empirical model and physical

model, and discussing the ability variance in retrieving parameters between enhanced
images and original Sentinel-2 images;

(iii) Exploring the effects of band combinations on retrieval of LAIL, LCC and CCC by ordering
combination;

@iv) To evaluate the retrieval accuracy of LAI, LCC and CCC, for mining the potential of
Sentinel-2 images with SupReMe algorithm in agriculture.

2. Materials and Methods

2.1. Study area

The study area is located in Yongging County, Anci District and Guangyang District of
Langfang City, Hebei Province (39°05'N~39°40'N,116°20'E~116°55'E), which is located the
middle-east of North China Plain (as shown in Fig.1). It is in the mid-latitude zone with warm
temperate continental monsoon climate. The average annual temperature is about 10~12°C and the
average annual precipitation is 554.9 mm. The dominated terrain is plains with an average elevation
of about 13m. The predominant tillage pattern is an intensive dual-cropping system between winter
wheat, spring corn, summer corn, soybean, potatoes, and vegetables and so on. In general, the

growing season of summer corn in study area is from the end of June to the early October.
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Fig. 1. The research area (R/G/B=Band4/Band3/Band2)

2.2. Sentinel-2A image and preprocessing

The Sentinel-2A Level-1C images with 10m and 20m spatial resolution (Fig. 1) were used in this
study, and the spatial resolution and spectral range were listed in Table 1. The cloudless Level-1C
products were acquired on 21 August 2018 at 11:05 UTC with UTM/WGS84 projection were used for
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image enhancement. Sen2cor (Muller-wilm et al., 2013) model (version sen2cor-2.5.5) was used to do
atmospheric correction for studied Sentinel-2A image, which converted the top of atmosphere
reflectance to the bottom of atmosphere reflectance. In order to get the same amount of pixels for
each image band the nearest neighbor method was used to resample the 20m images to 10m (specific
bands were shown in Table 1). This resampling operation guarantee the consistency of pixel size and
reflectance before and after image enhancement. In the next step, the supervised classifier was used
to extract the corn planted area for corn canopy LAI and chlorophyll content retrieval.

Table 1. List of Sentinel-2 image band parameters

Spatial resolution (m) Band Central wavelength (nm) Band width (nm)
Band2-Blue 490 65
10 Band3-Green 560 35
Band4-Red 665 30
Band8-NIR 842 115
Band5-Red edge 705 15
Band6-Red edge 740 15
20 Band7-Edge of the NIR plateau 783 20
Band8a-Narrow NIR 865 20
Band11-SWIR 1610 90
Band12-SWIR 2190 180

2.3. Field campaign

The in-situ measurements of corn canopy parameters were done in the study area from 22 to 26
August, 2018. The phenological stage of corn in the study area ranged from the heading stage to the
milky stage because of the difference of planting time between different fields. Corresponding to
Sentinel-2 image resolution (10m), 113 quadrats with the size of 5mx5m were selected to do in-situ
measurements (Fig. 1). The measured parameters included LAI, average leaf inclination angle
(ALIA), LCC. The location of all the quadrats was provided using a Huace i80 real-time kinematic
(RTK) GPS receiver (Huace Ltd., Shanghai, China). The sampling pattern in each quadrat and the
sketch of leaf chlorophyll content measurements were shown in Fig. 2. In one quadrat, LAl and LCC
were measured at location A and B (the location of A and B is random, but the distance between the
two points is 2-3 meters); C represents the center of the quadrat and we only measured the
coordinates at C by RTK to indicate the position of the quadrat.

Sm

-+

@
@ ‘B“é
o

AA
@ represents the position of light in the upper canopy

b i T T | measured by the LAI2200C
| ® represents the position of light in the bottom canopy
0 measured by the LAI2200C

Fig. 2. Sampling pattern in each quadrat and the sketch of leaf chlorophyll content measurements: A and B

represent two corn plants with uniform growth in the sample; C represents the center of the sample and
records coordinates with RTK; B1~B3 represent the location of LCC measured by SPAD-502Plus in one leaf.
LAI was measured in the field using the Plant Canopy Analyzer LAI-2000C (LICOR Inc.,
Lincoln, NE, USA). The method was the indirect optical method that the LAI and ALIA were

calculated by Beer-Lambert law from the transmittance of the canopy (Welles and Norman, 1991).
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We measured LAI at each quadrat on the position A and B, and the average value was used as the
inputs of PROSAIL model. Meanwhile, the SPAD-502Plus Leaf Chlorophyll Meter (MINOLTA, Inc.)
was used to measure the chlorophyll content of corn leaves nondestructively (Campbell et al., 1990)
on the position A and B. When measuring chlorophyll content, two or three corn plants were
selected to measure chlorophyll content per leaf in each sample plot; six leaves on the top of plant
were selected, and three chlorophyll values were measured from the base to the tip of each leaf. The
SPAD readings (unitless) are highly correlated with leaf chlorophyll content (LCC, ug/cm?) in leaves
which could be converted by means of an empirical calibration function (Darvishzadeh et al., 2011;
Markwell et al., 1995):

LCC = 105PAD"*** =4« 1)
where SPAD was the reading value of the SPAD-502Plus; and M means molar mass of chlorophyll,
and the average value 907g/mol was used in this study. The average value of all in-situ measured
leaf chlorophyll content values within one sampling plot was used as the chlorophyll content of
studied sampling plot. Furthermore, the canopy chlorophyll content (CCC) was calculted by the
product of leaf chlorophyll content and LAI:

CCC = LAI  LCC @)

The measured LAI, ALIA and LCC for 113 quadrats were analyzed in this sutdy. It was found
that these growth parameters of summer corn in study area were approximately Gaussian
distributed (as shown in Fig.3), which also provided a priori knowledge for parameter input and
sensitivity analysis of the later physical model.
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Fig. 3. The probability density distribution of the measured LAI, LCC and ALIA

2.4. Image enhancement by SupReMFE algorithm

The super-resolution enhancement method used in this study is SupReME (Super-Resolution
for Multispectral Multiresolution Estimation) algorithm (Lanaras et al. 2017). The advantage of this
algorithm is that it has high automation and fast computational efficiency which could process all
bands of Sentinel-2 image once to generate data sets with the high spatial resolution of 10m. This
method relies on the observation model of the imaging (blurring and down sampling) process that
generates the low-resolution images, i.e. the output image X = [x];...;x]] € R**" (a fixed image
area contains n high-resolution pixels) is blurred and downsampled as the observed image
y = (¥1,...,y.) with L spectral bands. Vectorise X asx = (xy,...,x,)T € R'™, x and y are related
through

y = MBx 3)
where the blur matrix B is a block-circulant-circulant-block matrix where each block represents a
2D cyclic convolution, and M is block-diagonal and the blocks represent the sampling of x to
represent y and R“*" represents a set of vectors consisting of all L x n dimensional vectors.

In the continuous spectral curve, the two adjacent bands have strong correlation. Therefore,
dimensionality reduction of high-dimensional hyperspectral images can be carried out without
losing information. We assume that the columns of X lies in a subspace spanned by the columns of
U, ie. X=UZ, vectorise form: x = (U ® 1)z, where | is an identity matrix with suitable
dimensions.

Estimation of the subspace U:
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(i) Upsample all the bands of y to the same high resolution, using bicubic interpolation.
(ii) Blur each band, such that the blur of all the bands is equivalent to the strongest blur.
(iii) Perform singular value decomposition on the blurred data. Retain the singular vectors of p

largest singular values as the columns of U.

Then image fusion can be formulated as a convex optimization problem:

min||[MB(U ® Nz = y||* + A,q(Dnz, Dy2) 4)

where ¢, , is a quadratic regularisation term, based on weights w,q and 2 is the regularization
strength; and Dy, D, € R“™ " are two block-diagonal linear operators (each with identical blocks)
that approximate horizontal and vertical derivatives of the images in z. For simplicity, we treat these
matrices with periodic boundary conditions as cyclic convolutions.

The above minimization problem (Eq 4) is equivalent to

Z'VTBEBVJ IMBvy — y||? + Ay, 4 (2, v3) (5)
s.try; =UQ Dz
vy, = Dyz
v3; =D,z

The Augmented Lagrangian of Eq 4 is
L(z,v,,v;,v3,dy,d5, d3) (6)
= 1IMBV, = YII? + A q (02, v5) + 511U @ Dz = vy — ]| + 1Dz = v,
— || + 5 1IDyz = v; — |
where dj,d,,d; are scaled Lagrange multipliers and weight u > 0

Iteratively optimize three parameter blocks:z,(v;,v,,v3) and (d;,d,, d;) we can obtain the
optimal z, and then get x by x = (U ® I)z. For more information, you can see in Lanaras et al.
(2017) and the code of the SupReME algorithm can be downloaded publicly on the
GitHub (https://github.com/lanha/SupReME).

To quantify the performance of the SupReME algorithm, the reflectance of enhanced images
and original images were calculated for each band and the following statistics were calculated
(Egs.7-9): coefficient of determination (R?), the root mean squared error (RMSE) and estimation
accuracy (EA). In detail, the calculation formulas are as follows:

2 _ TG - 9)? 7)
S T e
RMSE = Z?:l(?;— Yi)z ®)

RMSE
EA = (1 - ) x 100% )

where n is the number of pixels, J; is the estimated value of pixel in the fusion image, y is the
average value of pixel in the original image, and y; is the value of pixel in the original image.

2.5. Corn canopy parameters estimation using vegetation index

Vegetation index (VI) is an empirical measurement of vegetation activity, which is calculated by
combining two or more spectral observation channels (Meroni et al., 2004). Vegetation index, as a
means of characterizing surface vegetation coverage and growth in the field of remote sensing, has
higher sensitivity than single-band detection vegetation growth and is widely used to invert
vegetation biophysical parameters, such as LAl and LCC. There are two forms of vegetation index in
common use (Darvishzadeh et al., 2008), ratio index (RI, Eq.7) and normalized difference index
(NDI, Eq.8):

Rq
RI=—*
R, (10)
Ra - Rb
NDI =
R, +R, (11)

where R, and R, represent the two spectral channels of the Sentinel-2 image, respectively. There
are 10 bands with the enhanced 10m Sentinel-2 image which makes it possible to retrieve an optimal



O J o U W

OO OO OO U U U000 DD DD DD WWWWWWWWWWLWDNDDNDNDNDNDNdDNdDNdNNRERERPRPRPRPRPRRRR
O WNEFP OWOW-JOUDd WNEFEPOWOJOHUDd WNREPEOWOW-JOOUEd WNEOWOJOHUdWNREOWOW-JOoOU D WwNDE O

223
224
225
226
227
228
229
230
231
232
233
234

235
236
237
238
239
240
241

242

243
244
245
246
247
248
249
250
251
252
253
254
255
256

50f 20

band combination. We traversed all two bands combination to build a linear model, and then
analyzed the result of R? and RMSE to find the optimal model. Finally, they were validated by the
measured data. (Zhao et al., 2007).

In view of the limitation of spatial and spectral resolution of early satellite, the vegetation index
is usually composed of red band and NIR band. Undeniably, ground experiments proved that the
red-edge band (670-760nm) is an important indicator band for describing the state of plant
pigments and health (Vina et al., 2011; Brantley et al., 2011). Therefore, the red-edge band is an ideal
channel for remote sensing to investigate vegetation status and estimate vegetation parameters
(Delegido et al., 2011). Thus, we also tested three other commonly used VlIs, including Modified
Chlorophyll Absorption Ratio Index (MCARI) (Daughtry et al., 2000), MERIS Terrestrial
Chlorophyll Index (MTCI) (Dash & Curran, 2007) and the Angular Insensitivity Vegetation Index
(AIVI) (Li et al, 2016). The formulas and references are as follows:

Band6 (12)
MCARI = [(Band6 — Band5) — 0.2 * (Band6 — Band3)] *
Band5
Band6 — Band5 (13)
MTel = Band5 — Band4
_ Band2 x (Band5 + Band6) — Band3 * (Band5 — Band6) (14)

AlIV]

Band5 * (Band3 + Band?2)

The pixel size of enhanced image is 10m=10m, and the reflectance of a single pixel is a mixed
spectrum of the whole vegetation canopy. We inverted LAI and CCC directly from canopy spectra,
and then calculated LCC by the ratio of CCC to LAL

In this study, we separated the measured data of 113 quadrats by the stratified sampling. That is
all sample points are divided into five layers according to the size of LAI value, and sample points of
each layer are randomly divided into two parts. Finally, 63 of them were used for calibration of
linear model and 50 of them were used for accuracy validation of LAI, LCC and CCC retrieval.

2.6. Corn canopy parameters retrieval using PROSAIL model

Compared with vegetation indexes, the physical radiative transfer model is based on rigorous
mathematics, physics and biology process, which can explain clearly the interaction mechanism
between solar radiation and the canopy, and has strong applicability. Furthermore, the physical
model can determine the bidirectional reflectance distribution function of the canopy to
quantitatively describe the distribution of light in the canopy (Roy et al., 2017; Bousquet et al., 2005).
Therefore, we retrieve LAI and chlorophyll content using PROSAIL-D (Berger et al., 2018) radiative
transfer model in this study. The PROSAIL-D model is the coupling of the leaf-scaled PROSPECT-D
(Féret et al., 2017) model and the canopy-scaled Scattering by the Arbitrarily Inclined Leaves (SAIL)
model (Jay et al., 2017; Jacquemoud et al., 2009) (see Fig. 4). The PROSECT-D model is used for dense
and non-dense leaf vegetation that describes the transmission of light on the surface and inside of
leaves, which increases the anthocyanin content (Canth) of leaves compared with PROSECT-5 (Allen
et al., 1969; Féret et al., 2009). The SAIL model is one of the commonly used models for descripting
vegetation canopy and it assumes that vegetation canopy is a mixture of horizontal, homogeneous
and infinitely extended isotropic leaves with random azimuth distribution.

Canopy
reflectance

Leaf reflectance
PROSPECT-D [ut in
Leaf transmittance

Fig. 4. Simulation the canopy reflectance by PROSAIL-D model
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The ill-posed problem always exists in vegetation canopy parameters retrieval, such as
retrieving LAI, canopy chlorophyll content etc. In other words, the vegetation canopy parameters
cannot be directly obtained by inputting canopy reflectance with less prior information. Improved
Look-up table (LUT) (Darvishzadeh et al., 2012) and cost function (J(x)) (Casa & Jones, 2004; Nilson
& Kuusk, 1989) are used to alleviate this problem in this study.

A summary of the range and distribution of PROSAIL model inputs used in this study is shown
in Table 2, which are used to determine the dimension of LUT. The distribution and range of
parameter LCC, LAl and ALIA are obtained from the measured data in field campaign. These inputs
including Car, Canth, LCC, Cm, Cw, N, psoil and Hot, are determined by referencing the prior
knowledge and data base of Leaf Optical Properties Experiment 93 (Andreoli & Hosgood, 1994).
Parametric SZA and OZA are recorded in the header file of the Sentinel-2 image, and rAA is
determined by subtracting the azimuth angles of the sun and satellite. The observation zenith angle
and observation azimuth angle of Sentinel-2 are different in each band, but generally less than 5°. In
this study, we used the average value of the observation zenith angle and observation azimuth angle
of satellite to retrieve vegetation parameters.

Table 2. The ranging and distribution of PROSAIL-D model inputs for producing the LUT

Parameters Units Max Min Mean Std Distribution
LCC pg/cm? 70 30 55 15 Gaussian
Car pg/cm? 10 2 6 2 Gaussian
Canth pg/cm? 10 2 6 2 Gaussian
Cbp pg/cm? I _— 0.2 _— default
Cm cm 0.006 0.003 0.004 0.001 Gaussian
Cw g/cm? 0.03 0.01 0.0131 0.005 Gaussian
N —_— - —— 1.518 - default
osoil —— —— —— 0.8 —— default
LAI m2/ m? 6 1 3.5 2 Gaussian
ALIA ° 65 45 50 10 Gaussian
Hot —— - - 0.1 - default
SZA ° - - 30.22 - default
OZA ° —— —— 7.73 —— default
rAA ° —— S 135.21 E— default

When the LUT is generated, the minimum cost function (J(x)) can be used to retrieve the
simulated reflectance closest to the observed reflectance, and then extract the corresponding
vegetation canopy parameters. The cost function is

JG) = DA REVT — RPN 4 ) [y = 33,) ", (15)
i=1 =1

where n is the number of bands in the cost function, 4; is the weight of it band (for LAI A; = 1, for
LCC, 4; = 1/R¢Pse™e), REUT the simulated canopy reflectance obtained from the PROSAIL-D model,
RPPSe™¢ s the canopy reflectance observed by Sentinel-2 images, m is the number of penalty
function parameters, x; is the input of the parameter j of the model in the LUT, x;, is the limit of
parameter j( if Xj<Xjmin OF Xj > Xjmqy, then y; is a maximum value (such as y; = 100)else, y; =
0). In the retrieval of summer corn canopy LAL LCC and CCC, the estimated results of them using
empirical vegetation indexes are used as prior knowledge to obtain the x;), of penalty function.
Generally, we take the 10% fluctuation of the results from the optimal linear model as its limit.

Furthermore, the band combination used for cost function is an important factor affecting the
retrieval accuracy. The number of combinations M can be expressed as:

10
M= ch
L (16)
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In our case, n=10 and the number of combinations M is 1023. We built all kinds of cost function
combinations, and validate the retrieval accuracy using these all kinds of cost functions with in-situ
measured LAI and LCC in field campaign. The R? and RMSE are used to validate and find the
optimal retrieving result.

3. Results and analysis

3.1. Evaluation of consistency between enhanced and original image reflectance

In order to evaluate the enhanced reflectance results from the developed SupReME algorithm,
we validated the enhanced image qualitatively and quantitatively. Fig. 5 shows a detailed spatial
comparison between original and enhanced Sentinel-2 reflectance images. We can find that the
spatial details of the enhanced image (Fig. 5c and e) are in good agreement with that of the original
10m image (Fig. 5a). Compared with the original 20m images (Fig. 5b and d), there are clearer land
objects boundaries, more detailed and clearer textural features for enhanced image, with the
consistent spectral variation between different land objects between the original 20m image and the
enhanced 10m image. In detail, the circled area is cropland planted with vegetables and summer
corn, within which there is a trench full of algae passes through. In the original 10m natural color
image (Fig.5a), it is difficult to distinguish the type of land objects because the spectrum of ditches
which was covered with a thick layer of algae is similar to that of vegetation on the ground. In the
original 20m images (Fig.5b, d), the difference between the ditch and the cropland can be seen
roughly and weakly. Moreover, the boundaries of these two kinds of land objects are indistinct
because of the small area of the objects and the low spatial resolution of the images. Comparably
speaking, the boundary between the ditch and the farmland in the super-resolution 10m images
(Fig.5¢, 5e) is clearer and more distinct. Moreover, we can identify clearly the spectral characteristics
of the objects are water and cropland, and the ditch is distinct, too. Therefore, we can conclude that
the addition of multiband (Band5~7, 8a, 11, 12) can identify more spectral features of land objects. In
general, the spatial resolution of the enhanced image has improved from 20m to 10m, and the
spectral characteristics have not changed greatly before and after the image enhancement.

= A , 2 - \
- AR ol g - . N
| % h ® | S
- X " S -
0 ~ * S Y \ y e
¥ N
s

Fig. 5. Image fusion results using super-resolution algorithm: (a) Original 10m true color image,
R/G/B=Band4/Band3/Band2; (b) Original 20m false color image, R/G/B=Band7/Band6/Band5; (c) enhanced
10m false color image, R/G/B=Band7/Band6/Band5; (d) Original 20m false color image,
R/G/B=Band12/Band11/Band8a; (e) enhanced 10m false color image, R/G/B=Band12/Band11/Band8a.
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Moreover, we evaluate the spectral consistency quantitatively between the enhanced 10m
image using super-resolution method with the original 20m spatial resolution images (Band5~7, 8a,
11, 12), and focused on analyzing the spectral difference before and after super-resolution
enhancement of Sentinel-2 image. Table 3 shows the spectral correlation for all bands of the original
image and the enhanced image in the ranging area of 6000x6000 pixels.

From the analyzed spectral correlation in Table 3, we found that the reflectance of enhanced
image was highly correlated with the original image. And correlation coefficient (R?) between the
original bands and enhanced bands are all greater than 0.87. The band with the highest correlation
value is Band12 with R2=0.99, and the band with the lowest correlation is Band11 with R2 = 0.87. The
EA of the whole image is higher than 79%, including corn planted area, roads, water etc.
Fortunately, the EA in corn planted area is higher than 97% with the significant value at the 0.01
level. The correlation results in Table 3 revealed that the enhanced image using SupReME algorithm
improves the spatial details of the image while maintaining the invariance of the spectrum. We
found that the EA in the vegetation pixels of SupReME algorithm is higher than that of buildings,
especially for Band11 and Band12.

Table 3. Correlation analysis result of image reflectance before and after enhancement

Band Regression Equation R? RMSE EA%  EA%(R<0.6)
Band5 y=0.88x+0.0130 0.90** 0.0177 83.74 98.23
Band6 y=0.91x+0.0227 0.89** 0.0227 91.04 97.73
Band? y=0.90x+0.0312 0.91* 0.0258 91.55 97.42
Band8a y=0.88x+0.0397 0.91** 0.0273 91.54 97.25
Band11 y=0.82x+0.0375 0.87** 0.0268 86.55 97.31
Band12 y=0.88x+0.0164 0.99** 0.0277 79.29 97.22

Notes: ** Correlation is significant at the 0.01 level.

3.2. Estimating results of LAI and chlorophyll content using vegetation indexes

We developed RI and NDI by combing every two bands of the Sentinel-2 images and found the
optimal vegetation index (Table 4) with the highest accuracy of corn canopy LAI and chlorophyll
content estimation. Fig. 6 shows the comparations of the R? distributions retrieval results from
different bands combination of enhanced image and original image. From Fig.6, it can be seen that
the R? distributions of RI and NDI using enhanced image are similar, with the minor quantitative
difference. The linear model (Fig. 6) has high accuracy when R, = Band 3-Band 6 and R, = Band
7-Band 11 for the original image and enhanced image. The difference between enhanced image and
original image lies in that the enhanced image has higher R? than the original image. Moreover, we
found that the result of RI and NDI has the highest R? in the LAI and CCC estimation when R,=
Band 8a and R, = Band 3. For the original image, RI and NDI all have the best R? for the LAI and
CCC estimation when R, =Band 8 and R,=Band 3,.
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Fig. 6. The R? distribution results of LAI and CCC are inverted by different band combinations. The x and y
axes are the respective bands of the image: (a, e) are R? of LAI estimated by RI of enhanced image and
original image respectively; (b, f) are R? of LAI estimated by NDI of enhanced image and original image
respectively; (c, g) are R? of CCC estimated by RI of enhanced image and original image respectively; (d, h)
are R? of CCC estimated by NDI of enhanced image and original image respectively.

Furthermore, the MCARI, MTCI and AIVI (Table 4) were calculated for corn canopy LAI and
CCC estimation. The optimal estimation results of LAI and CCC using RI and NDI calculated from
enhanced image and original image showed that the narrow NIR band (Band 8a) had superiority
and potential for estimating LAI and CCC, compared with NIR band (Band 8) which has similar
central wavelength and the same spatial resolution. Comparably speaking, the narrow NIR band is
more sensitive to corn growth difference and its changes.

The other three VIs used at least three bands in the process of construction, in which at least
one band was red edge band with an original spatial resolution of 20 m. In conclusion, the
estimated results using MCARI, MTCI and AIVI showed that the improvement of Sentinel-2 spatial
resolution using the SupReME algorithm can improve the estimation accuracy of LAI and CCC.

Table 4. The estimation model of LAI and CCC using vegetation indexes

VI Enhanced image Original image
LAI CCcC LAI CCcC

RI y=0.49e0-23 y=0.11e0-3% y=0.58e021x y=0.13e0-32

R?=0.53** RMSE=0.52  R?=0.60"* RMSE=0.30  R?=0.51** RMSE=0.59  R?=0.52** RMSE=0.35
NDI y=0.01e748 y=0.0002e1164 y=0.02e081x y=0.0005e10-61x

R?=0.55** RMSE=0.55  R?=0.63** RMSE=0.28  R?=0.50"* RMSE=0.61  R2=0.56** RMSE=0.36

MCARI y=0.74e021x y=0.19e031x y=0.7702 y=0.18e031
R?=0.49** RMSE=0.62  R*=0.56" RMSE=0.37  R?=0.40** RMSE=0.76  R?=0.50** RMSE=0.48

MTCI y=0.92e0-21x y=0.28030x y=0.88¢020x y=0.25¢030x
R2=0.57** RMSE=0.48  R?>=0.57** RMSE=0.3 = R>=0.45** RMSE=0.66  R?=0.52** RMSE=0.43

AIVI y=0.56043 y=0.14e0-6% y=0.49e0:45 y=0.10e0-68

R2?=0.52** RMSE=0.50

R2=0.57** RMSE=0.29

R?=0.49** RMSE=0.60

R2?=0.54** RMSE=0.36

Notes: ** Correlation is significant at the 0.01 level with n=63, x denotes the VIs and y denotes LAI or CCC.

Table 4 is the estimation accuracy of LAI and CCC using the optimal vegetation indexes, which
are assessed using 50 in-situ measured samples in filed campaign. And the LCC was calculated by
the ratio of the estimated CCC and LAI For the reason that the value ranges of the three estimated
parameters (i. e. LAI, CCC and LCC) are different, the normalized root mean square error (nRMSE)
is chosen for the accuracy comparison. The calculating formulas is as followed:

RMSE
nRMSE = (17)

Ymax — Ymin
where V., and y,,;, are the maximum and minimum values of the measured data in field work,

respectively.

Fig. 7 showed the R?, RMSE and nRMSE between the measured and estimated LAI, CCC and
LCC. It could be seen clearly that the estimation accuracy using the enhanced image (LAI with
R>=0.54, RMSE=0.44 and nRMSE=0.128; CCC with R?>=0.65, RMSE=0.28 and nRMSE=0.112; LCC with
R?=0.46, RMSE=3.95 and nRMSE=0.119, respectively) were higher than that using the original image
(LAI with R?=0.49, RMSE=0.47 and nRMSE=0.137; CCC with R?=0.54, RMSE=0.32 and nRMSE=0.127;
LCC with R?=0.32, RMSE=4.19 and nRMSE=0.127, respectively). Within these three estimated results,
the estimation accuracy of CCC is the highest, followed by LAI and LCC.
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Fig. 7. Accuracy assessment results of LAI, CCC, and LCC estimated using vegetation indexes of enhanced
images (a~c) and original images (d~f).
Notes: ** Correlation is significant at the 0.01 level (n=50): (a) MTCI, (b) NDI with Band 8a and Band 3, (d) RI
with Band8 and Band3, (e¢) NDI with Band 8 and Band 3.

3.3. Retrieval results of LAI and chlorophyll content using PROSAIL model

For the reason that the remotely sensed vegetation indices such as NDVI, computed using the
red and near infrared bands re of limited value since they saturate in dense vegetation (Mutanga &
Skidmore, 2004), the PROSAIL radiative transfer model were used to retrieve corn canopy LAI and
leaf chlorophyll content in this study. Fig. 8 was the comparation of retrieved LAI and LCC using
1023 kinds of cost functions of PROSAIL model, and there were 50 same in-situ measured samplings
were used to do accuracy assessment, too. And Fig. 8 showed the R? distribution of retrieved LAI
and LCC from the cost function using different band combinations. It could be seen from these four
statistical results that the cost function using different bands were quite different, and the retrieved
result with the lowest accuracy had no correlation with the measured values with R? is 0, actually.
Comparing Fig. 8a, b, c and d, we found that the correlation coefficient (R? between the measured
and retrieved LAI and LCC using enhanced image was significantly higher than that using the
original image for all band combinations. It also showed that the corn canopy LAI and leaf
chlorophyll content retrieval could be improved by the enhancement of Sentinel-2 image using the
SupReME super-resolution algorithm.
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Fig. 8. The R? distribution results of retrieved LAI and LCC using different cost functions. The X-axis is
the number of combinations of different cost functions, Y-axis is the number of bands in the cost function: (a,

c) are R? of LAl and LCC estimated by enhanced image; (b, d) are R? of LAI and LCC estimated by original
image.

The comparation of accuracy assessment using the best cost functions by combining different
bands were as followed (Fig.9). Accuracy assessment results showed that the R? of measured LAI
and retrieved LAI using enhanced Band 2, Band 3, Band 5 and Band 6 was 0.65, RMSE was 0.31 and
nRMSE was 0.09. The R? of measured LAI and retrieved LAI using original Band 2, Band 4, Band 6,
Band 11 and Band 12 was 0.53, RMSE was 0.49 and nRMSE was 0.143. And the R? of measured LCC
and retrieved LCC using enhanced Band 2, Band 4, Band 6, Band 11 and Band 12 was 0.36, RMSE
was 3.32 and nRMSE was 0.1. When original Band2, Band4, Band6, Band11 and Band12 were used
for cost function, the R? of measured and retrieved LCC was 0.37, RMSE was 6.34 and nRMSE was
0.192. The CCC was calculated by the product of LAI and LCC. Accuracy assessment results showed
that R? of measured CCC and retrieved CCC was 0.69, RMSE was 0.16 and nRMSE was 0.064 using
enhanced image, while R?was 0.66, RMSE was 0.35 and nRMSE was 0.139 using original image.
Comparatively, the retrieving accuracy using original Sentinel-2 image is lower. Although there was
little difference between the R? of LCC retrieved from original image and enhanced image, the RMSE
of LCC retrieved from original image was much higher than that of enhanced image. In generally,
the corn canopy LAI and chlorophyll content retrieval accuracy using enhanced image was higher
than that using original Sentinel-2 image.
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Fig. 9. Optimal results of LAI LCC, and CCC inverted by PROSAIL-D model based on enhanced images
(a~c) and original images (d~f).
Notes: ** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.1 level (n=50).

4. Discussion

4. 1. Comparison between enhanced image and original image

Super-resolution enhancement has been widely used in satellite image processing which could
achieve the high spatial resolution images with low cost. The single-sensor imaging has the
advantages of uniform imaging time and imaging angle compared with multi-sensor imaging
method. In addition, single-sensor imaging would reduce the uncertainties in the fusion process and
improves the efficiency and accuracy of fusion (Wang et al., 2016; Lanaras et al., 2017). Our results
showed that the SupReME algorithm can be used to enhance the spatial resolution of remote sensing
image, in the meantime of maintaining the spatial details and spectral variation of original image
(Fig. 5).

In the comparison of super-resolution enhanced images (10m) and original low spatial
resolution images (20m), we found that the R? of the two kind images were higher than 0.87 of six
bands, and the EA were higher than 79%. Note that the EA of vegetation pixels with reflectivity less
than 0.6 were higher than 97% (Table 3). On the one hand, the results showed that the reflectivity of
the enhanced image kept high consistency with the original image, and the spatial details were finer.
On the other hand, the accuracy of the algorithm on vegetation pixels was higher than that on
non-vegetation pixels. Results showed that the pixels with poor EA were generally existed in cities,
especially those buildings with glass curtain walls or other high-reflective materials (such as
shopping malls, high-speed railway stations or airports). This kind of ground object had undergone
mirror reflection, which made the reflectivity of the original image abnormal (more than 100%), so
the reflectivity accuracy of the enhanced image was low. However, the pixels with abnormal
reflectance only accounted for about 1% of all pixels, and our research target was vegetation, and
consequently, the error was negligible.

The comparation of retrieved summer corn canopy LAI, CCC and LCC using enhanced image
and original image was done to validate the improvement of enhanced image to the original image.
The results showed that the accuracy of LAI, CCC and LCC retrieving using enhanced image were
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higher than using original image (Fig. 7 and Fig. 9), especially for multi-band combination
vegetation indices including at least one red-edge band with an original spatial resolution of 20m.
When calculated vegetation index (MCARIL MTCI and AIVI), the enhanced image used the same
band as the original image with different spatial resolution. The results (Table 4) showed that the
parameter accuracy of the image enhanced by the SupReME algorithm was higher than that of the
original image. Our work confirmed that the SupReME algorithm not only enhanced the spatial
details of red-edge bands of Sentinel-2 image, but also improved the retrieving accuracy of summer
corn canopy LAIL, CCC and LCC.

4.2. Effects of combination of different bands for LAI and chlorophyll content estimation

Different vegetation canopy parameters are sensitive to different spectral wavelength. For
example, the leaf chlorophyll content is sensitive to the wavelength ranging from 400nm to 800nm.
LAI is more sensitive in the whole band (especially in the NIR band) and the equivalent water
thickness is sensitive within the wavelength ranging from 1000nm to 2500nm (Verrelst et al., 2016).
Some band combinations can increase the difference between vegetation and non-vegetation, or the
vegetations with different growing condition, however some band combinations work hardly for
depicting the vegetation difference (Zhao et al., 2007; Meroni et al., 2004). Therefore, the retrieval
results of vegetation parameters could be different using different band combinations.

There were two kinds of band combinations were used in cost function for vegetation
parameters retrieval in this study: one was the vegetation index, the other was the original bands.
The red-edge bands of Sentinel-2 were incorporated especially into vegetation indexes for LAI and
CCC retrieval. For the combination of two bands, Fig. 6 showed that the retrieving accuracy of LAI
and CCC are high using combination using one band from Band3 to Band6 with the other band
from Band6 to Band11 (excepting Band6 & Band6 combination and Band6 & Band11 combination).
Moreover, we found that the combination between Band8a and Band3 of enhanced image and the
combination Band8 and Band3 of original image were the optimal results. It could be seen from the
Table 1 that the central wavelength of Band8 was similar to that of Band8a, but the band width was
much wider. This indicated that Band8a was better than Band8 for retrieving LAI and CCC. We also
calculated other popular vegetation indices which contained at least three bands and one red edge
band. The results (Table 4) showed that the LAI and CCC retrieved accuracy is high using red-edge
bands. It further proved the advantages and potential of multi-channel satellite images, especially
those with red edge channels, such as Sentinel-2, in the application of quantitative remote sensing
of vegetation.

4.3. Vegetation indexes vs. PROSAIL model

Linear models and physical models are used commonly to retrieve vegetation canopy
parameters. The vegetation indexes and the PROSAIL model were used to retrieve summer corn
canopy LAI, CCC and LCC in this study. The retrieval accuracy showed that both of these two
methods have their own advantages for retrieving LAI, CCC and LCC. Especially, the accuracy of
retrieval of summer corn canopy LAI and CCC using PROSAIL model was higher than that using
vegetation indexes, and the retrieving accuracy of LCC which was on blade scale using PROSAIL
model was lower than that of using vegetation indexes. As a note, there should be more in-situ
measured data for developing the relationship between vegetation index and vegetation growth
parameters (LAI, CCC and LCC) in the linear models. By contrast, the PROSAIL-D model based on
LUT could also retrieve vegetation growth parameters without relying on ground measurements,
and the accuracy had been improved.

In addition, we found that the retrieval accuracy of CCC, LAI and LCC using whether
vegetation indexes or PROSAIL model were all in line of CCC > LAI > LCC (comprehensive R?,
RMSE and nRMSE). This is consistent with previous research results (Zhang et al., 2005;
Darvishzadeh et al., 2008; Combal et al., 2003). LAI and CCC are canopy scaled canopy parameters,
which have little difference in the uniform growth pattern, and the scale effects in pixels are not
obvious. Therefore, the retrieved accuracy using PROSAIL model was better that that using
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vegetation indexes. Generally, high resolution image (centimeter or millimeter level) or
hyperspectral image can be inverted to obtain higher accuracy, but it is not suitable for estimating
LCC of crops in large area. The linear model is only a simple regression relationship, which can
obtain better results in small areas, but it cannot ignore the spatial heterogeneity of crops, so it is
not suitable for estimating vegetation parameters in large areas. The PROSAIL model can be used to
estimate the chlorophyll content of vegetation leaves on a large scale. However, the resolution
(meter level) of satellite image differs greatly from the scale of leaf, which results in the
heterogeneity of reflectance of various objects in a single pixel. Additionally, the measured data can
only take the average value of a finite number of points in a single pixel. Therefore, it is more
difficult to retrieve LCC at regional scale based on the physical model than LAI or CCC. There are
many input parameters in the physical model itself, and the superposition of uncertainties of each
parameter will also reduce the accuracy of parameter estimation. In future research, the relationship
between chlorophyll content at leaf scale and mixed reflectance of pixels should be explored, and
the uncertainty analysis of the PROSAIL model should be added to the process of parameter
inversion to improve the accuracy of chlorophyll content inversion by the PROSAIL model, so as to
extend to large regional scale.

4.4. Broader implications for agriculture applications at regional level

Finally, our results showed that the Sentinel-2 images processed by the SupReME algorithm
had advantages in crop parameter inversion, especially when incorporating the red-edge band.
Currently, Sentinel-2 is the only satellite available free of charge which include multiple red-edge
bands with medium spatial resolution (20m). However, it is possible to improve the resolution of
the red-edge band because of other 10m spatial resolution images. The SupReME algorithm
produced a series of image products with a spatial resolution of 10m without increasing any cost.
Because these images come from the same sensor, the uncertainty of these super-resolution
enhanced images is less affected by the observation angle, imaging time and spectral response
function and other reasons. It can increase spatial resolution while maintaining spectral consistency
(Table 3), and the product accuracy is higher ( ).

Due to the management style of household in China's rural areas, the area of most planting field
is small. In addition, the difference of time, variety and management of crops planted by farmers, the
difference between adjacent fields will be more obvious. In the application of agricultural
quantitative remote sensing, the smallest unit of study is the pixel, which is used as the benchmark
for the field measurement and all models. The purity or variability of the pixels has an important
influence on the final results, especially when the field is fragmented ( . The
spatial heterogeneity of vegetation in one pixel of 20m spatial resolution is greater than that of 10m
spatial resolution (Z ). Therefore, the 10m spatial resolution image could reduce the
uncertainty caused by these reasons, which could be used to improve the accuracy of the crop
canopy parameters retrieval, crop growth monitoring and estimation of crop yield.

Using the SupReME algorithm, we can extend it to satellite images with multi-spectral bands
and different spatial resolutions, such as MODIS image and Landsat 8 image. The combination of
medium resolution multi-source satellites may provide the possibility to capture the dynamic
changes of crop growth at field scale which has been proved in previous studies (

) that it can effectively improve the accuracy of crop yield estimation. At the same time, the
uniform high-resolution image can be obtained without increasing the cost of input, and other
meteorological parameters with high spatial resolution can be retrieved, such as temperature and
evapotranspiration, thus increasing the potential of practical applications and accuracy.

5. Conclusions

Sentinel-2 satellite is one of the important data sources for quantitative remote sensing of
vegetation, for the reason that Sentinel-2 images are with high temporal resolution, high spatial
resolution and multi-spectral bands. Since there are three different spatial resolutions for the 13
bands of Sentinel-2 image, this study is focusing on fusing different bands of Sentinel-2 images and
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generated a unified high spatial resolution image. In this paper, it substantiated the reliability of
SupReME algorithm in super-resolution fusing Sentinel-2 images and the fact that enhanced images
could improve the accuracy of vegetation growth parameter estimation.

We enhanced the Sentinel-2 images using the SupReME algorithm for generating 10m
multi-spectral images, retrieving LAI, CCC and LCC of corn canopy using linear model and physical
model on large-scale regions. We draw the following conclusions: (1) The SupReME algorithm had
high accuracy in fusing Sentinel-2 image, and its spectrum remained basically consistency as the
original image; (2) vegetation index and cost function formed by band combination of enhanced
images could achieve a higher accuracy of parameter inversion than those of original images; (3) the
accuracy of LAI and CCC inversion of the physical model were higher than that of the linear model,
while the accuracy of LCC inversion was lower than that of the linear model; and (4) the order of
inversion accuracy of the three parameters was CCC > LAI > LCC.

We demonstrated that the enhanced image had high application value by quantitatively
analyzing the results. These results indicated that SupReME algorithm was an effective and
promising approach to enhance the potential and value of Sentinel-2 image at a regional scale in the
North China Plains. In future research, we will apply the SupReME algorithm to the Sentinel-2
images with long time series and also consider the uncertainty of the physical model, and deep
learning will be explored instead of cost function for monitoring vegetation growth and estimation
of crop yield at regional scale.
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