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Abstract: While satellite-based remote sensing offers a promising avenue for large-scale LCC es-
timations, the accuracy of evaluations is often decreased by mixed pixels, attributable to distinct
farming practices and diverse soil conditions. To overcome these challenges and to account for maize
intercropping with soybeans at different growth stages combined with varying soil backgrounds,
a hyperspectral database for maize was set up using a random linear mixed model applied to hy-
perspectral data recorded by an unmanned aerial vehicle (UAV). Four methods, namely, Euclidean
distance, Minkowski distance, Manhattan distance, and Cosine similarity, were used to compare
vegetation spectra from Sentinel-2A with the newly constructed database. In a next step, widely used
vegetation indices such as NDVI, NAOC, and CAI were tested to find the optimum method for LCC
retrieval, validated by field measurements. The results show that the NAOC had the strongest corre-
lation with ground sampling information (R? = 0.83, RMSE = 0.94 pug/cm?, and MAE = 0.67 ug/cm?).
Additional field measurements sampled at other farming areas were applied to validate the method’s
transferability and generalization. Here too, validation results showed a highly precise LCC esti-
mation (R2 =0.93, RMSE =1.10 pg/ cm?, and MAE = 1.09 ug/ cmz), demonstrating that integrating
UAV hyperspectral data with a random linear mixed model significantly improves satellite-based
LCC retrievals.

Keywords: UAV hyperspectral; chlorophyll content; maize intercropping; random linear mixed
model; spectral matching

1. Introduction

Maize, one of the most widely cultivated crops worldwide, intercropping with soy-
bean has become a common practice for farmers to enhance soil fertility and increase
yield and profitability. However, satellite monitoring of leaf chlorophyll content (LCC) in
intercropping systems poses severe challenges. In particular, the similar growth charac-
teristics of maize and soybean result in recording mixed pixels, leading to a less precise
LCC estimation. But accuracy is crucial for a timely assessment of crop growth stages in
global food security and the economy [1]. Crop growth is usually described by various
indicators, among which LCC is crucial as it is the essential base for photosynthesis in
plants, significantly influencing the photosynthetic rate and vegetation productivity [2—4].
High-precision measurements of LCC have typically been made through plot-based field
sample collection and chemical analysis methods, which are disruptive, time-consuming,
and challenging to apply in large-scale precision mapping [3]. In contrast, remote sensing
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techniques and methods offer an efficient solution for a nondestructive monitoring of
biochemical parameters due to their ability to record unique spectral characteristics in
the visible and near-infrared (VIS/NIR) wavelength regions [1,4]. Besides ground-based
measurements, remote sensing platforms can be broadly categorized into satellite, aircraft,
and unmanned aerial vehicle (UAV) systems [5]. Satellite remote sensing provides com-
prehensive, large-scale, and continuous monitoring of the Earth’s surface. It can promptly
provide crop distribution information, making it an ideal tool for monitoring the growth
conditions of large areas [6,7]. However, the technical trade-off between high spatial and
spectral resolution limits the development of LCC satellite monitoring accuracy. Satellite-
derived multispectral data with a moderate spatial resolution such as Sentinel-2 already
reduce the these accuracies significantly [8,9]. Moreover, intercropping of different species
and varying fractions and types of soils result in mixed pixels and thus further complicate
LCC estimations.

Research has suggested that enhancing the spatiotemporal resolution is necessary for
the accurate quantification of LCC [10,11]. To overcome this technical constraint of satellite
observations at moderate spatial resolutions, UAV platforms equipped with hyperspectral
sensors can be used. They provide benefits such as a closer alignment with satellite
monitoring as compared to laboratory measurements; a more flexible data acquisition;
and, most importantly, a higher spectral and spatiotemporal resolution [11-14]. On the
other hand, the main limitation of UAV deployment is the coverage, which is constrained
by feasible flight altitudes, their battery capacity, and the weight they can carry [15].
Additionally, there are costs associated with UAV hyperspectral data acquisition and
processing, and all procedures are very time-consuming. Operational challenges, such
as weather conditions, regulatory restrictions, and terrain limitations also restrict UAV
monitoring, reducing the flexibility and scalability of widespread agricultural applications.
As a result, most accurately estimating maize LCCs considering intercrop situations based
on open-access satellite images remains an ongoing challenge.

Vegetation exhibits unique spectral characteristics that are useable for LCC detection.
The blue and red wavelength regions are associated with chlorophyll-a,b and carotenoid
absorptions needed for photosynthesis. In contrast, NIR wavelengths are strongly reflected
by the mesophyll (sponge parenchyma in the leaves). When vegetation experiences stress
from various disturbances, the reflectance values in the visible and NIR bands change, and
the red edge shifts slightly to a shorter wavelength (blue-shift). Additionally, two distinct
bands at 950 and 1180 nm can be used to detect water stress.

Existing approaches to LCC estimations can be divided into physically based, empiri-
cal, and hybrid methods [7]. Physically based approaches rely on detailed radiative transfer
models that simulate light propagation within single leaves as well as plant canopies.
Thereby, models such as PROSPECT, PROSAIL, and WOFOST provide a comprehensive
understanding of biophysical parameters that influence the spectral properties of vege-
tation. But the complexity and computational demands of these models are challenging
for large-scale and real-time applications [16-18]. Empirical methods are generally based
on statistical relationships between measured and observed characteristics and in the
case of chlorophyll content are often used to develop vegetation indices. These methods
are relatively simple to implement and can provide quite accurate estimations. Some
researchers developed hybrid methods that combine physically based approaches with
computationally efficient algorithms (e.g., machine learning) [11,19]. Despite the advan-
tages, hybrid methods are more complex than empirical methods due to the integration of
various datasets and models. The sensitivity to varying model parameters makes it difficult
to interpret the results [20,21].

Numerous studies have attempted to create various vegetation indices. According to
their functions, they can be categorized into three types: general, improved, and functional
vegetation indices (FVI). General vegetation indices, such as the normalized difference
vegetation index (NDVI), were first proposed by Kriegler et al. [22] and are still widely used
in assessing vegetation health and biomass [23]. Their ability to correctly estimate LCCs is
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limited as they tend to saturate at high levels of chlorophyll content, are less sensitive to
chlorophyll variations, and prone to soil /rock mineralogy [24]. In contrast, the difference
vegetation index (DVI) [25] is more responsive to changes in vegetation density but also
susceptible to chlorophyll saturation and soil brightness [26,27]. Improved vegetation
indices such as the enhanced vegetation index (EVI) [28,29], the chlorophyll vegetation
index (CVI) [30], and the red-edge chlorophyll index (Clyed-edge) [31] have been proposed
accordingly. These reduce atmospheric and soil disturbances to some extent in correlation
with LCCs and can be applied to a broader range of environmental conditions [32,33], but
they remain sensitive to the effects of soil type and coverage, and they are influenced by
the leaf structure [34-36]. This issue is partly resolved by FVIs, such as the soil-adjusted
vegetation index (SAVI) [37] and the modified chlorophyll absorption in the reflectance
index (MCARI) [38], which are sensitive to chlorophyll content but less influenced by the
respective structure of different canopies. However, these indices are limited in reducing
the influence of environmental backgrounds [39,40] as compared to indices such as the
normalized area over the reflectance curve (NAOC) and the chlorophyll absorption integral
(CAI). Also, methods based on integrals are more sensitive to changes in chlorophyll
content. Their performance through included red-edge bands demonstrate a superior
ability to effectively mitigate the issue of vegetation indices (VIs) being susceptible to
saturation in LCC estimation [41,42]. Hereby, the normalized area calculation relies on the
integral between the red and the red-edge bands. Hence, the NAOC or CAI approaches are
better suited for hyperspectral data than for multispectral satellite data. LCC has shown a
strong linear correlation with FVIs, but the FVI chlorophyll models exhibited significant
inversion errors throughout the growing season [43]. Consequently, despite the numerous
FVIs already developed, there are further future challenges for improving satellite-based
LCC monitoring.

Spectral matching, a method commonly used in remote sensing to compare and iden-
tify the similarity between spectra from different sources, presents a promising approach
to enhance the precision of LCC estimation. It enables the identification of an unknown
target material by selecting pure pixels in remote sensing images by searching spectral
libraries, based on automated processes of end-member extraction and material abundance
estimation [44]. Also, various similarity measurements have been successfully applied
for image retrieval. Gupta and Rajan (2010) employed matching algorithms such as the
Euclidean distance (ED) to study the temporal shifts in vegetation and crop cross pixels
based on different geographical locations [45]. Similarly, Li et al. (2021) [46] achieved a high
precision of spatial distribution of wheat by utilizing ED and Manhattan distance (MD)
due to their ability to capture global similarity trends. For applications of high dimensional
target detection, particularly when targets are unpredictable in size and shape, a weighted
Chebyshev distance (CD) method has shown improved efficiency in hyperspectral image
classification [47]. Additionally, similarity measures based on spectral shapes, such as
Cosine similarity (CS), originating from vector processing, have proven relatively reliable
in target detection and classification [48,49]. Although spectral matching methods are well
developed, there are ongoing efforts to evaluate the effectiveness of similarity measures
between remote sensing multispectral data and UAV hyperspectral data.

Our research primarily aims to considerably improve the accuracy of satellite-based
LCC estimations of maize by joint measurements accomplished by a hyperspectral UAV de-
vice. Thereby, we focus on the following objectives: (1) Exploring the impact of overlapping
spectral characteristics from intercropping and soil backgrounds during key growth stages.
(2) Creating an airborne (UAV) hyperspectral database of maize using a random linear
model to mitigate the impact of the above mentioned interfering facts on satellite-based
recordings. (3) Identifying a suitable spectral matching method and an appropriate FVI to
increase the accuracy of satellite-based LCC estimation across different regions.
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2. Materials and Methods
2.1. Study Area and Farming Background

The study area is located in the south of the Shandong Province (Figure 1). It is
characterized by gently rolling hills and a moderate climate, and it lies at an average
altitude of 60 m above sea level. The terrain is free from obstacles in the air, and thus it is
an ideal experimental site for UAV data collection.
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Figure 1. Sketch map of the study area.

In 2019, China issued ‘The National High-Standard Farmland Construction Plan’
(2021-2030), which proposes that China will create 80 million hectares of high-standard
agricultural land by 2030. This initiative aims to ensure an annual stable grain production
capacity of over 600 billion kilograms, thereby strengthening the foundation of the national
food security [50]. Shandong Province is one of the 13 major grain production areas in
China, primarily cultivating maize and wheat. Our study area, Zetou, is a high-yield field
demonstration area in this province, with strip intercropping of nearly 100 hectares of
maize and soybeans. Its primary cultivation practice is a rotation of winter wheat with
summer maize, providing an optimal window for maize observation.

In this context, a meta-analysis exploited that leveraging species complementarities
through intercropping maize and soybean significantly enhances land productivity while
reducing the need for nitrogen fertilizers [51]. In an intercropping system, maize and
soybean exhibit slightly distinct growth cycles that complement each other. Maize typically
has a longer growth cycle, beginning with planting in early spring and reaching maturity
in late summer or early fall, around 100 to 130 days after planting. Soybeans have a slightly
shorter growth cycle, typically maturing in 90 to 120 days. Despite having distinct growth
cycles, maize and soybean exhibit several similarities in their growth stages. In our test site,
maize is seeded in late April or early May, while soybeans are usually sown mid of May.
Both crops enter a rapid vegetative growth phase by mid-June or early July, reaching their
peak canopy cover and biomass accumulation in August.

2.2. Data Sources and Processing
2.2.1. UAV Based Hyperspectral Data Collection

The hyperspectral data collection was carried out with a ‘Matrice 600 Pro’, a six-rotor
unmanned aerial vehicle (UAV) developed by ‘DJI Innovations’. It can lift payloads of up to
4.5 kg. For data acquisition, we operated a ‘Nano-Hyperspec’ camera (Headwall Photonics,
Fitchburg, MA, USA). It is an integrated hyperspectral imaging sensor designed for visible
and near infrared (VNIR) spectral recordings from 400 to 1000 nm and configured with
a Ronin-MX gimbal that can electrically provide off-nadir recordings at different angles
(Figure 2a). DJI's ‘Ground Station Pro’ app was used for drone navigation, including flight
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planning, setting up flight parameters, and managing teams and projects. All flights were
directed along the principal plane to avoid hot spot issues [52] (Figure 2b). Considering
optimum image coverage and high spatial resolution, the flight height was set at 50 m,
achieving a pixel size of 3.1 x 3.1 cm with the sensor aligned to the nadir.
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Figure 2. (a) Headwall Nano-Hyperspec VNIR imaging sensor mounted on the Matrice 600 Pro.
(b) Schematic diagram of the principal plane guiding flight passes of aircraft and UAV during recordings.

From 22 July to 23 September, five UAV hyperspectral experiments were conducted
during the critical maize growth stages of jointing, tasseling, and milking (Figure 3). The
flights took place at around 10:30 a.m., synchronized with the Sentinel-2 overpasses. The
instrument was calibrated, and the recorded hyperspectral data were radiometrically
processed to bottom of atmosphere (BOA) reflectance and orthorectified to be ready for
further processing and evaluation.

\V4

V4

JOINTING TASSELING MILKING TASSELING MILKING
V6~ V10 (Jul 22,2022) VT (Aug 22,2022) R3 (Sep 21,2022) VT (Aug 08,2023) R3 (Sep 09,2023)

Figure 3. UAV data collection at five dates during the three growth stages of maize. V6~V10 are
the sixth-leaf and tenth-leaf stages of maize. VT marks the tasseling stage, and R3 represents the
milking stage.

2.2.2. Satellite Data

Satellite data used in this study were recorded by a multispectral instrument (MSI)
aboard the Sentinel 2A and 2B satellites that belong to the ESA’s (European Space Agency,
Paris, France) optical Earth observation fleet integrated into the Copernicus Program. MSI
provides data of 13 spectral bands located in the VNIR and SWIR range at a spatial resolu-
tion from 10 m to 60 m at a swath width of 290 km. The revisit period is five days based
on two identical satellites. ESA provides surface reflectance images (BOA, Level-1C) that
have undergone detailed geometric corrections and are available through the Copernicus
Explorer website [53]. We further applied tools such as the Sen2Cor to obtain the high-
precision level 2A’, as well as the Sen2Res plugin to resample the 20 m and 60 m bands
to a uniform spatial 10 m pixel size while preserving their original reflectance values. We
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selected Sentinel bands B1 to B8 that span from the VIS to the NIR wavelengths and are
suitable and for LCC estimations [54].

2.2.3. Soil Library

To simulate variations of spectral characteristics of chlorophyll combined with different
soil backgrounds, we used the ENVI ASTER spectral library with 2443 endmember spectra
(EM) provided by the Jet Propulsion Laboratory to obtain the respective soil spectra [55].
The wavelength range of these spectra reached from 0.4 to 15.4 pm. We extracted all bands
from 443 to 833 nm to ensure consistency with the Sentinel VIS-NIR wavelengths. The
primary soil type found in the research area is a brown soil (Cambisol). Therefore, we used
nine brown soil spectra, including fine sandy loam, gravelly fine sandy loam, micaceous
loam, gray silty clay, and silty loam to simulate different soil backgrounds for maize.

2.2.4. The MuSyQ LCC Product

The ‘Multi-source data Synergized Quantitative remote sensing production system
of Leaf Chlorophyll Content” (MuSyQ LCC) provides a 30 m/10-day resolution coverage
of Sentinel-2 MSI data for China. It was generated based on a chlorophyll-sensitive index
and processed with time series reconstruction and gap filling. A total of 308 ground
measurements including deciduous broadleaf forests, evergreen needle leaf forests, and
grasslands showed an overall accuracy with an R? of 0.49 and an RMSE of 9.39, as well
as an accuracy of croplands with an R? of 0.40 and an RMSE of 9.51 [56,57]. To evaluate
the accuracy of the MuSyQ LCC product at the sampling points within our study area,
we applied cubic convolution interpolation to resample the 30 m resolution data to a finer
10 m resolution, aligning it with the resolution of the Sentinel-2 data used.

2.2.5. Field Measurements of LCC

Almost simultaneously during the Sentinel overflights and parallel to the UAV record-
ings, we conducted chlorophyll measurements at 56 field locations on both sides of a road,
spaced a few rows apart. LCCs were recorded with a ‘SPAD-502 Plus’ chlorophyll meter
(Konica Minolta Inc., Marunouchi, Chiyoda, Tokyo, Japan). The instrument was calibrated
with a reading checker to ensure it provides accurate readings. Equation (1) represents the
relationship between the SPAD and the chlorophyll values [58]. The statistical summary of
the ground LCC measurements within our study area is presented in Table 1.

y = 0.996x + 1.52 (1)

where x represents the SPAD values and y is the chlorophyll content with units of j1g/cm?.

Table 1. In situ LCC measurements of maize at different growing stages.

Dataset Sample Min Mean Max SD
Jointing 13 47.00 50.60 55.71 3.05
Tasseling 24 44.90 54.10 60.59 417
Milking 19 47.90 53.43 56.87 2.68
Total 56 44.90 52.71 60.59 3.30
Extra samples 4 52.50 54.00 55.50 1.17

In July 2024, four additional measurements were taken from two remote and different
farming areas in Shandong Province covering pure spring maize fields and areas intercrop-
ping with soybeans on cinnamon soil (Ferralsol) and Shajiang black soils (Vertisols). Each
sample site was measured three times, and an average value was calculated and set as
the final chlorophyll content. The location of the sample sites and the UAYV flight plan are
shown in Figure 4.
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Figure 4. Distribution of field sampling locations and the respective UAV flight plans.
2.3. Methodology

To achieve the goal of improving the accuracy of LCC analyses based on multispectral
satellite data by hyperspectral UAV recordings, we firstly developed a hyperspectral
database of maize. Thereby, we used a random linear mixed model (RLMM) based on
UAV data, accounting for different soil backgrounds and intercropping with soybeans.
To keep the spatial resolution in accordance with Sentinel-2 imagery, a precision maize
coverage was computed by resampling the collected UAV data to a 10 m GSD. Next, we
quantified the similarity between the selected Sentinel-2 multispectral data and the maize
hyperspectral database. Thereby, four spectral matching methods were tested to identify
the spectrum with the highest similarity of the UAV-derived maize database as compared
to the Sentinel-2 data and to find the most suitable algorithm for our purpose. The derived
spectrum was then used as an input variable for the RLMM model to calculate the maize
coverage and compare it with the previously obtained one. In a next step, the optimally
matching spectrum was returned to the RLMM model to derive the corresponding maize
hyperspectral EM. Finally, three vegetation indices were applied to estimate the LCCs of
Sentinel-2 and to verify the results with the collected ground truth measurements.

2.3.1. Linear Mixed Model and Endmember Extraction

Single pixel information of satellite data, even recorded at a 10 m GSD, usually contain
the spectral information of more than one material due to the consistency of natural surfaces.
In our case, the Sentinel pixels reflected a mixture of maize and soybeans combined with
varying soils and their fractions. Using a mixed model can separate various substances
depicted in one pixel area by their individual spectral characteristics. These individual
substances, also called EMs, have different fractional abundances. Thus, their spectral
attributes can be combined to recreate the spectral variations detected by a sensor. A
well-established respective standard is the linear mixed model (LMM) [59], which assumes
that the observed reflectance spectrum of a given pixel is a linear combination of a small
number of EMs. The LMM can be expressed as follows:

n
M= Z a;R; +¢ )
i=1

where M is the hybrid reflectance spectra, and a; is the abundance of the i" EM, where
0 < g; < 1. The sum of the abundances is equal to 1, which ensures the total contribution
of all materials within a pixel adds up to 100%. R; is the reflectance spectra of the i EM,
and ¢ is the error.

EMs of maize and soybean were extracted from the UAV hyperspectral data obtained
by setting up appropriate thresholds for the NDVI [60], which were confirmed by field
observations. Accurate NDVI thresholds allow for identifying pure pixels/EMs and subse-
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Five months of maize

Five months of soybean

Endmembers

quently calculating the precise percentage of maize coverage within each 10 m pixel. Each
UAV NDVIimage was classified into 16 clusters to establish the thresholds for soybean and
maize. Table 2 presents the NDVI thresholds determined by comparing the UAV images.

Table 2. NDVI thresholds of UAV hyperspectral data recorded during different growth stages.

Threshold
Stage Date Maize Soybean
V6~V10 22 July 2022 0.657 0.806
VT 22 August 2022 0.699 0.728
R3 21 September 2022 0.701 0.744
VT 8 August 2023 0.713 0.749
R3 9 September 2023 0.674 0.721

2.3.2. Synthetically Hybrid Spectral Database Created by an RLMM

We used a random sampling method (RLMM) to create the database in order to avoid
an excessively large dataset [61]. First, spectra were divided into a crop and a soil group,
and the crop group was further subdivided into five-month-based subgroups of maize
and soybean, respectively. Hence, the soil background comprised up to nine subgroups.
The maize hyperspectral database was created with these subgroups in the following
steps (Figure 5).

Target pool Background pool

ettt eielntuls e ! Linear mixing spectrum —______________ =
i 1 g
i i .
i i Z
i ; S5
—_— [ X X J i &
i : 2
i 000 ' e
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: [ONe)
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Figure 5. Flowchart illustrating the creation of the hyperspectral database for maize. In the target
pool, different green dots are the EMs of maize, and the yellow dots are the EMs of soybeans. In the
background pool, different colors represent different soil types. Liniear mixing spectrum comprise
data from both target pool and background pool.

To calculate the different portions of maize in linearly mixed spectra under various
maize intercropping scenarios, 100 maize EMs and 20 soybean EMs were extracted from
each of the five UAV hyperspectral images. Thereby, we produced a target pool that
comprised 500 maize EMs and 100 soybean EMs. Concurrently, a soil background pool
was established, composed of nine soil subgroups, to generate different soil portions of the
linear mixed spectra. By recognizing the significant differences in EMs between various
growth stages of maize and soybean, at least one EM was chosen randomly from the
target pool during each sampling process, ensuring the bare soil situation was excluded.
Accordingly, the EMs were linearly combined with soil spectra from the background pool
to construct mixed pixels of all possible combinations. In this context, considering the
maize abundance was pertinent since previous studies have shown that in areas where
vegetation coverage was less than 0.39 at a 10 m GSD, estimated LCC values were lower
than that of the ground measurements and showed a lower accuracy in the estimation [37].

Given that the crops in our study area are relatively lush during July, August, and
September, setting the crop abundance to a value greater than zero helped reduce the
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computation time. Hence, we set the minimum abundance of the crop group to 0.4 up to 1
with a step size of 0.01. The formula for the creation of random synthetically hybrid spectra
is as follows:

j k
Z/ — Rmx Zl/:O Rby
M; = a5iRyj 4 i === +api =

Asi + i + ap; = 1

ik €[0,5/Ni+k+#0
j ok €10,5]N j+k# 3)

Asi, i, Ap; > 0

where M; is the reflectance of the linear mixed pixels, a; is the i soil background abun-
dance, R;; relates to its corresponding soil reflectivity, and a,,; is the abundance of the ith
maize component spectrum. R,y denotes the reflectance of the selected maize EMs from
the target pool. The corresponding a;; is the abundance of the soybean, and Ry, represents
the reflectance of each selected soybean EMs. The number of subgroups j and k in the target
pool are both set from 0 to 5 with a step size of 1, and the total number of combinations

in the target pool is determined by CJS % CE, where j and k represent the number of maize
and soybean subgroups. Note that if either j or k equals 0, it represents none of the EMs
selected from the subgroup. Ultimately, along with the nine subgroups in the background
pool, we generated a maize hyperspectral database composed of 552,183 spectra.

2.3.3. Spectral Matching of Sentinel-2 Data with the Simulated Hyperspectral Maize Data

Spectral matching identifies similarities by calculating the distance or angles between
different spectral data and vectors, allowing for the assignment of the data to the most
appropriate group. Four commonly applied methods, Euclidean distance (ED), Manhat-
tan distance (MD), Chebyshev distance (CD), and Cosine similarity (CS), were used to
match Sentinel-2 data with the simulated hyperspectral data based on their complemen-
tary mathematical properties and widespread application. These methods capture both
global similarity trends (ED, MD) and localized variations (CD), while addressing spectral
angular relationships (CS). To ensure consistent wavelength alignment, we applied linear
interpolation to adjust the Sentinel-2 wavelengths with the UAV hyperspectral data. The
CS values ranged between 1 and —1. When the value was 1, it signified complete identity,
denoting the highest degree of matching. Conversely, when the value was —1, it indicated
the lowest degree of matching. Definitions and formulae are provided in Table 3.

Table 3. Methods used for evaluating the similarity between UAV and Sentinel-2 data.

Methods Pros Definitions Equations Reference
C.aptures overall magnitude [t yses the square root of the
Euclidean differences across bands. difference in magnitude and " 2 [62]
distance More sensitive to large direction between two vectors to dij =,/ ¥ (xik - yjk)
spectral differences. measure the distance. =1
Robust to outliers, less
Manhatt sensitive to large variations. 7t jg calculated by taking the sum
di:tanie an U'seful for hypgrsPectral data  of distances between the x and dij = i X — yjk’ [62]
with subtle variations y coordinates. k=1
across bands.
Emphasizes the largest
spectral difference. It is defined as the
Chebyshev Effective in identifying maximumabsolute difference dij = max( Xik — Yik D [63]
distance significant band-to- / /

band discrepancies.

along any coordinate dimension
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Table 3. Cont.
Methods Pros Definitions Equations Reference
e Focuses on spectrlal shape It assesses the degree of similarity
Cosine rather than mz.agmtude. between two vectors in a vector milarity — Y [64]
similarity *  Robust to scaling effects space by calculating the cosine SHEATEEY = T e

(e.g., illumination variations).

value of their angle.

Note that d;; represents the linear distance between two vectors. xj is the input vector and also the reference
vector, and yj; is the comparison vector. x;-yjx denotes the dot product of vectors, and || x|l and H yij are the
magnitudes of vectors x;; and yj, respectively.

The accuracy of the spectral matching methods was evaluated by calculating and com-
paring the maize coverage between Sentinel-2 and UAV images. In generating the maize
hyperspectral database, the abundance of maize in Equation (4) represents its coverage.
Consequently, the maize coverage of each 10 m pixel in the Sentinel-2 images corresponded
to the 60 sampling points derived through the RLMM after spectral matching with the
constructed hyperspectral database. In order to evaluate the accuracy of the four match-
ing methods, the precise maize area was calculated using NDVI thresholds from UAV
hyperspectral images. The accuracy was then assessed by counting the number of pixels
that derived the similar maize coverage compared to those obtained via NDVI thresholds,
representing the actual maize coverage for each 10 m pixel.

2.3.4. Vegetation Indices Tested for LCC Estimations and Accuracy Assessment
Normalized Area over Reflectance Curve

The normalized area over reflectance curve (NAOC) index is a hyperspectral index
for estimating chlorophyll content, which has been validated with a variety of vegetation
types and shows good accuracy for chlorophyll estimation [42,65,66]. However, it performs
poorly in processing multispectral remote sensing data due to the limited number of bands
available for calculating integrals. The equation of the NAOC index is expressed as follows:

795 nm

NAOC =1— 643 rm KA

Rmax(795 nm — 643 nm) (4)

where R is the reflectance, A is the wavelength, and R4y is the maximum reflectance in
near-infrared wavelength regionfrom 643 nm to 795 nm. In this context, R;.x equals the
reflectance at 795 nm. Ry (795 nm — 643 nm) represents the area of the rectangle within

the brown line (Figure 6a). Dividing the integral |, 674935;? RdA in blue by the area of the
rectangle and subtracting by one will obtain the green area over the reflectance curve (AOC)
in Figure 6a.

For multispectral satellite image processing, Facundo et al. [65] proposed the trape-
zoidal rule to simplify the computation process by considering the ratio of the remaining
triangle to the rectangle after subtracting the trapezoidal area. The area of the dotted trian-
gle corresponds to the NAOC approximation as described in Equation (5), which entirely
depends on the integration limits (643 nm, 795 nm). Therefore, the optimized NAOC index
can be regarded as a straightforward arithmetic spectral index based on two bands. This
method is particularly suitable for calculating NAOC values with a few numbers of bands,
such as that of Sentinel-2. The formula is defined as follows:

1 Rea3 nm)
NAOC~ -1 —- —>=— 5
2 ( R795 nm ( )
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Figure 6. (a) Illustration of the NAOC with an original (green) and a smoothed (orange) hyperspectral
reflectance curve of vegetation. The green area corresponds to the AOC, and the blue area is the the
integral from 643 nm to 795 nm (b) Diagram of the CAI spectral index. The dark blue area is the the
integral from 600 nm to 735 nm, and the brown gray area is the integral of spectral envelope.

Chlorophyll Absorption Integral

The chlorophyll absorption integral (CAI) is a further metric utilized to estimate plant
chlorophyll content. It is computed by quantifying the area between two specific points
between the red and the NIR region. This integral, depicted in Figure 6b, provides a
quantitative measure of the chlorophyll concentration, facilitating the comprehension of
plant health, photosynthetic activity, and the dynamic variations of the entire ecosystem [67].
The calculation of the CAl is provided as follows:

R .
CAI = / 7 Rs; )
Reoo Re;

where Ry35 is the reflectance at 735 nm, and Rgqp is the reflectance at 600 nm. Rs; represents
the reflectance of the spectrum at band i, and Re; represents the reflectance of the envelope
at band i. As such, the CAl is quite reliant upon spectral envelope measurements.

Accuracy Assessment of Vegetation Indices

The performance of several vegetation indices concerning the accuracy of LCC re-
trievals was evaluated by determining the coefficient (R?), which indicates how well the
model’s prediction ability performs [68]. The root mean square error (RMSE) provides a
measure of the magnitude of prediction errors, and the mean absolute error (MAE) is a
straightforward measure of the average magnitude of errors in a set of predictions with-
out considering their direction, which helps in understanding the overall accuracy of the
model [69]. The formulas and meanings of these indicators are as follows:

n 2
R2 = 1 — Zicii=9)
Yt (yi_}_’i)z
o i)’ ()
RMSE = / Z=lVi=9i
MAE = 1Y |yi — 9]

where 1 represents the sample size, §; denotes the actual value, y; refers to the predicted
value, and y, indicates the mean value.
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3. Results
3.1. Issues of Intercropping and Varying Soil Fractions

Figure 7 shows the five UAV recordings of our test site taken at different seasons
of the year in combination with the respective classified results based on NDVI cal-
culations. It clearly illustrates the problematic of intercropping when recorded with a
medium to lower spatial resolution as provided by most Earth observing satellite scan-
ners. The additionally depicted reflectance curves of maize and soybeans exhibit quite
similar spectral characteristics, especially in August, which makes their separation and
clear identification challenging.

(a)

Jul 22,2022 Aug 22,2022

Aug 08, 2023

o

(b)

+ Maize +Soybean vT + Maize +Soybean

©"

Reflecance
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PR

e
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— Maize
—— Soybean|

—— Soybean|

=

500 600 700 800 500 600 700 800 - 500 600 700 800 o 500 600 700 800 - 500 600 700 ‘860

Wavelength (nm) Wavelength (nm) Wavelength (nm) Wavelength (nm) Wavelength (nm)
Figure 7. (a) Randomly selected intercropping areas of the five UAV hyperspectral recordings.
(b) Corresponding results of the NDVI threshold classification, identifying different crop areas:
blue = maize; green = soybeans. (c) Spectral characteristics of maize and soybeans measured at the
cursor position.

Besides the intercropping issue, the influence of different soil backgrounds arises from
the fact that the reflectance values captured by air and space sensors are often a mixture of
signals from the canopy and the soil, provided the vegetation cover is not closed. Because of
that, nine types of brown soil were incorporated into the construction of the hyperspectral
database. Figure 8 shows the changes in spectral reflectance of maize mixed with varying
proportions of soil background. With the increasing fractions of soil background, crop
reflectance decreased in the red-edge and NIR regions, as the lower reflectance of the soil
background diluted the stronger reflectance from the vegetation. In contrast, reflectance
increased in the VIS region due to the presence of the soil. It suggests that soil backgrounds
generally reduce the spectral reflectance of crop canopies, resulting in an underestimation
of LCC measurements.

With an understanding of the above two key issues, we obtained approximately
700,000 EMs from the five UAV hyperspectral images by employing NDVI thresholds
(Table 2). Given the limitations of computer computational capabilities, 200 and 100 EMs
were randomly selected from each subgroup of maize and soybean, respectively. Moreover,
nine EMs from the soil group served as one of the primary data sources for establishing the
hyperspectral database containing mixed spectra.
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Figure 8. Variations of maize spectra with increasing soil background fractions.

3.2. Selection of the Optimum Method for Spectral Matching

We extracted 56 pixels from the Sentinel-2 images, corresponding to ground sampling
points collected in 2022 and 2023. Spectra of these pixels were matched with the constructed
maize hyperspectral database using the ED, MD, CD, and CS methods. Each method
generated 56 hyperspectral data that matched the extracted Sentinel-2 spectra, allowing
maize abundance to be derived from these hyperspectral data using the RLMM model.
Then, a unified evaluation standard had to be established to evaluate the accuracy of the
four methods. Therefore, comparing maize abundance with the precise coverage acquired
from UAV data, we divided the coverage differences into three classes with an error margin
of £0.10 accounting for potential discrepancies, including [0.00-0.10), [0.10-0.20), and
[0.20-1). The method that yielded the highest number of matches was identified as the
most suitable spectral matching method. This approach also evaluated the feasibility of
matching the constructed spectral library and satellite spectra.

Figure 9a illustrates that the Cosine similarity method achieved the highest accuracy,
with 42 pixels having maize coverage differences less than 0.10 (10%), 8 pixels between
0.1 and 0.2, and 6 pixels larger than 0.2 as compared to UAV data, thus outperforming the
distance-based methods. This superiority was due to the advantages in handling variations
in the overall reflectance while comparing the shapes of the spectral curves. Figure 9b
shows the Cosine similarity values computed between Sentinel-2 and the constructed
hyperspectral database. For all 56 pixels from Sentinel-2, the matched hyperspectral data
had a similarity greater than 0.95, with 69.9% of the pixels showing a matching degree close
to 1. Hence, the CS method was the selected method for matching the spectra.

0.99~1
—

42
36
0.99~1 [39]69.6%
26 2 0.98 ~0.99/13 | 23.2%
©0.97~098 2 | 3.6%
17 18 0.95~0.96 @ 0.96~0.97/ 1 | 1.8%
15 0.96~0.97 .
u 13 @0.95~096 1 | 1.8%
9 s \0.97~0.98
6

Distance Chebyshev Distance ~Cosine Similarity
Matching Methods 0.98~0.99
Coverage Difference: @ [0.00, 0.10) [0.10, 0.20) [0.20, 1)
(b)

Figure 9. (a) Number of pixels corresponding to distinct coverage differences based on four spectral
matching methods. (b) Distribution of calculated Cosine similarity values.
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3.3. Comparative Analysis of Different Vegetation Indices for LCC Retrieval

After performing spectral matching, the derived optimally matched hyperspectral
data still contained interference from intercropping or soil background, resulting in mixed
pixels. This spectrally mixed data would be returned to the RLMM, which computes
the corresponding maize EMs as the maize hyperspectral reflectance information for the
Sentinel-2 pixels. Thereby, the NDVI, CAI and NAOC indices were calculated based on
the 60 derived hyperspectral spectra. A linear fitting model was employed to perceive the
relationship between the three indices and in situ measured LCCs. To ensure that the model
had sufficient learning capacity, we allocated 80% of the data to the training set and used the
remaining 20% for validation. The correlation from the training dataset shown in Figure 10
reveals that the NDVI proved less effective than the NAOC in LCC estimation due to its
sensitivity to structural characteristics and soil background effects. Changes of structural
attributes can impact the NDVI values negatively, independently of chlorophyll levels,
leading to a weaker correlation (R? = 0.52). Although, chlorophyll primarily absorbs light
in the blue and red wavebands [70], these often exhibit lower correlations. That is because
strong chlorophyll absorptions lead to a rather low reflectance, resulting in saturation levels
that reduce the sensitivity of these bands to variations in chlorophyll.
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Figure 10. Correlations between the training datasets of measured and retrieved LCCs by the
following functional indices: (a) NDVI, (b) CAI, and (c) NAOC.

In contrast, the red edge and NIR regions generally exhibited better correlations with
chlorophyll levels and were less prone to saturation. Therefore, the NAOC captured the
integrated spectral information across a broader wavelength range, incorporating the
red edge and NIR regions, making it more sensitive and results in higher correlations to
chlorophyll (R? = 0.83; RMSE = 0.94 g/cm?; and MAE = 0.67 ug/cm?).

The CAI method also integrates spectral data, typically centered on the absorption
feature near 670 nm, which may not precisely focus on the wavelengths most indicative of
the chlorophyll content. Similar to the NDVI, CAI can be influenced by factors such as soil
background and saturation at high chlorophyll levels. It leads to a less linear response and
potentially lower correlation with measured chlorophyll content.

3.4. Accuracy Assessment of LCC Retrieval

We compared the results in various ways to investigate the feasibility of the proposed
method in this study (Table 4). The Sentinel-2 data, using the simplified NAOC index,
produced relatively weak results in correlation and accuracy for LCC estimation. The R?
value of 0.44 indicates that the model can only explain 44% of the variance, suggesting a low-
to-moderate correlation. The relatively high RMSE (1.96 j1g/cm?) and MAE (1.63 pg/cm?)
values reflect the presence of considerable errors between the estimated and measured
LCCs. This suggests that factors such as soil background and the canopy structure may
contribute to a reduced model performance. Since the MuSyQ LCC product is only available
for 2022, a total of 25 sample sites were used to validate its accuracy. The MuSyQ LCC
product exhibited poor results for LCC estimations, with an R? value of 0.43, consistent with
the validation of Lj, . et al. [56]. Furthermore, the RMSE and MAE values were significantly
higher than those from other validation data sources, at 14.39 pg/cm? and 13.95 ug/cm?,
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respectively. Such high error values suggest that the lower spatial resolution of the satellite
data, coupled with interference from mixed pixels or environmental conditions, contributes
to an inaccurate LCC estimation. Our method produced the best overall results among the
different validation data sources based on the joint observations with UAV hyperspectral
data. With an R? value of 0.90, the method indicates a strong linear correlation with the
measured LCC values. Moreover, the RMSE (1.10 pg/cm?) and MAE (0.89 pg/cm?) were
also relatively low, demonstrating that the method provides accurate and reliable results.
These also suggest that constructing the hyperspectral database offers a comprehensive and
representative spectral dataset, capturing key characteristics that are critical for accurate
satellite-based LCC estimations.

Table 4. Accuracy of LCC estimation through different validation data sources.

Validation Data Sources Number of Samples R? RMSE/(ug/cm?) MAE/(ug/cm?)
Sentinel-2 (NAOC) 12 0.44 1.96 1.63
MuSyQ-LCC 25 0.43 14.39 13.95
Constructed hyperspectral database 12 0.90 1.10 0.89
Constructed hyperspectral database 8 0.89 1.12 0.90
Additional sample points in 2024 4 0.93 1.10 1.09

We used 80% of the 56 field measurements of LCC to calculate the linear correlation
with the NAOC index, and 20% of data was selected for model validation. To test if
the amount of data was sufficient for our method, we randomly choose only 40 field
measurements to examine our model’s reliability with the same procedure mentioned
above. The results show that with the reduced number of samples, our method still showed
a high accuracy of LCC estimation with an R? value of 0.89, an RMSE of 1.12, and a
MAE of 0.90. To further verify the generalization of the method across different areas,
four additional points were evaluated in 2024, including intercropping and sole maize
scenarios. The result showed the highest degree of correlation with the measured LCCs.
With an R? value of 0.93, this was the best performance based on the correlation coefficient.
The RMSE (1.10 pg/ cm?) and MAE (1.09 ug/ cm?) values were also relatively low, further
demonstrating the model’s reliability also at areas with different soil backgrounds.

In conclusion, based on its high accuracy, the constructed hyperspectral database
is a reliable data source for LCC estimations. The data gathered during four additional
ground sampling campaigns at two further locations also performed well, demonstrating
the generalization and transferability of our proposed method. In contrast, the Sentinel-2
NAOC and MuSyQ exhibited lower accuracy and higher errors, suggesting they need to
be improved to be suitable for satellite-based precise LCC estimations. The determined
coefficients, RMSE, and MAE obtained are presented in the Table 4:

4. Discussion

Retrieving LCC from space-based observations is challenging, as atmospheric ef-
fects, canopy characteristics, and background reflectance can affect the detection of subtle
differences in canopy reflectance caused by variations in LCC [38]. As maize-soybean
intercropping has become a more common agricultural practice, its influence has increased
and therefore cannot be overlooked. Studies demonstrated that intercropped fields often
exhibit spectral responses similar to those of sole crop fields, leading to frequent mis-
classifications [71-73]. Therefore, to our knowledge, incorporating UAV hyperspectral
data addressing different scenarios of maize and soybean during key growth stages and
accounting for the influence of soil background reflectance based on a RLMM approach is
reported for the first time to improve the accuracy of satellite-based LCC estimation.
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4.1. How Can the Constructed Hyperspectral Database Improve Satellite LCC Monitoring Accuracy?

Satellite-based estimations of LCCs are often associated with relatively severe uncer-
tainties. Investigated by various empirical and physically based approaches as well as
different sensor data, accuracies ranged between 7 and 10 pg/ cm? RMSE (RMSD) (Table 5).

Table 5. Related studies of LCC estimation based on operational satellite data.

Spatial

Data Source . Method RMSE/RMSD Reference
Resolution
SPOT-5 10 m physically based 7.1 pg/cm? [74]
Landsat-5 30m physically based 8.73 ug/cm? [75]
Sentinel-2 30m empirical 9.51 ug/ cm? [76]
Sentinel-2 20 m hybrid 10.4 pg/ cm? [77]

With the development of close-range sensing, UAV hyperspectral image data have
been verified to have an excellent correlation (>0.96) with field spectra, making this a
reliable tool for estimating maize growth with high accuracy and stability, with RMSE
(RMSD) values approximately ranging between 1 and 5 pg/cm? [78-80]. However, UAV
hyperspectral imaging remains limited by its cost and coverage. The challenge, therefore,
is how to leverage the advantages of UAV hyperspectral data to enhance satellite-based
LCC estimations. The primary issue affecting the accuracy of LCC estimation in satellite
remote sensing is the inevitable occurrence of mixed pixels. Although studies focus on
mitigating the canopy structure and soil backgrounds, they often neglect circumstances
such as intercropping. The spectral reflectance for maize and soybeans is similar and
difficult to distinguish during the key growing phase (Figure 7). This supports the earlier
findings of Mahlayeye et al. (2024) [71], who demonstrated that the overall distribution
and median of field-averaged spectral reflectance for maize and intercropped maize were
similarly comparable at the emergence-seedling phase.

After performing spectral matching, the RLMM enables the determination of the
proportions of maize, soybean intercropping, and soil background. Subsequently, the
canopy chlorophyll content (CCC) can be calculated by multiplying the LCCs with the
maize proportion and the Leaf Area Index (LAI) under the assumption that all leaves in
the plant have the same chlorophyll content [81]. This approach offers a valuable way
for converting multispectral data to hyperspectral data, thereby reducing the impact of
mixed pixels and addressing challenges in satellite-based LCC monitoring, particularly in
intercropping scenarios. In our case, the LCC was calculated instead of the CCC because,
in reality, chlorophyll is not uniformly distributed throughout the plant, and optical remote
sensing systems are mostly sensitive to the upper portion of the canopy. From a vertical
distribution perspective, the top eight leaf layers account for only 55-65% of the total
chlorophyll content; at the canopy level, this can be less than 55% [82]. Therefore, further
profound investigations into both methods and the canopy structure are required to achieve
precise CCC estimates.

4.2. Comparison of LCC Estimation Across Different Growth Stages

The LCC increased from approximately 40 to 60 pg/cm? as maize developed toward the
milking stage (Table 1), which aligns with the findings reported by Argenta et al. (2004) [83].
Analysis of the relationships across different growth stages within the 400-1000 nm spectral
wavelength revealed that the most sensitive stages for detecting chlorophyll content were the
shooting and trumpet stages, where the absolute correlation coefficient exceeded 0.6 [84]. We
evaluated the performance of our method separately according to different growth stages
of maize, and the results indicated minimal estimation differences across them (Figure 11).
In August, during the tasseling (shooting) stage, the method demonstrated a strong ability
to capture the overall variation (R? = 0.87), which can be attributed to the strong correlation
(>0.6). The jointing and milking stages showed similar results (R? = 0.82), but the RMSE
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for the milking stage was the lowest, indicating smaller prediction. This variation might
be due to differences in sample sizes across stages, with some subsets of the data being
predicted quite well. Overall, our method proved effective across the various key growth
stages (Figure 11), with the best LCC estimation occurring at the tasseling (shooting) stage,
which confirms the findings from Sun et al. [84]. We did not focus on the entire growth season
because during these key growing stages, the LCC is a critical determinant of photosynthetic
efficiency, biomass accumulation, and grain filling, making it a robust indicator of yield
potential. Second, previous studies have shown that index based chlorophyll models tend to
exhibit significant inversion errors throughout the entire growing season, particularly during
the early vegetative and late grain filling stages, where RMSE values ranged from 36% to
87.4% [43]. Therefore, focusing on the key growth stages provides a more reliable approach
for chlorophyll estimation and yield prediction.
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Figure 11. Accuracy of LCC estimation for different growth stages of maize based on our proposed
method. (a) Jointing stage. (b) Tasseling stage. (c) Milking stage.

To verify the accuracy of our method across different key growth stages, all 60 samples
and 6 commonly used vegetation indices (NAOC, MACAR]I, CIred—edge/ CVI, SAVI, and
DVI) were calculated with the in situ measured LCCs. Among these indices, the NAOC
(Figure 12a) demonstrated the best estimation capability, with an R? of 0.85 and RMSE of
0.98 ug/cm?. As the sample size increased, the NAOC index showed an improved LCC
estimation accuracy (Figure 10), which indicated that NAOC provides a robust linear fit
with the LCCs without requiring additional ground measurements [42]. The Clyeg-edge, also
depicts a strong LCC estimation ability in very different canopy architectures and leaf struc-
tures [42]. Although its accuracy was slightly lower than that of the NAOC, the Clied edge
(Figure 12d) still demonstrates an acceptable level of accuracy when validated with our
dataset (R? = 0.65, RMSE = 2.16 ug/ cm?). The low accuracy of the MCARI (Figure 12b),
DVI (Figure 12c), CVI (Figure 12e), and SAVI (Figure 12f) in predicting chlorophyll content
is likely due to their limited sensitivity to high chlorophyll concentrations and the relatively
weak response of their selected bands to changes in chlorophyll spectral behavior.

4.3. Transferability of the Processing Concept and Implications for Further Work

To examine the transferability and thus the generalization of our method, we made
further measurements in different locations in Shandong Province. Four samples were col-
lected from two other geographical areas, each of them characterized by varying soil types
and different farming practices. These locations were selected to provide a representative
set of conditions, capturing variations in agricultural environments and to enhance the
robustness of the proposed method.

However, there are quite some constraints that have to be addressed. Although our
validation process produced strong results, demonstrating high accurate LCC estimations
across different cropping scenarios, further validation with a higher number and a more
diverse set of field measurements is planned for future works. Also, the inclusion of sites
characterized by varying climatic conditions is foreseen, as these can significantly influence
the monitoring of crop LCCs due to their impact on plant phenology. Additionally, we
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plan to randomly extract more maize and soybean EMs. Applying them to the RLMM can
further help to reduce the canopy effect to some extent. The necessary synchronization of
UAV flights and field measurements with satellite overflights imposes further temporal
constraints, due to varying illumination conditions. This limits the size of the target area
to be recorded by the UAYV, the sampling time and consequently the number of samples.
Finally, soil moisture and vegetation uniformity need to be addressed in the future, as these
may introduce higher variability when applied to more heterogeneous landscapes. All
these limitations emphasize the importance of cautious extrapolation and highlight the
need for future validation efforts across diverse regions and conditions.
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Figure 12. Relationship between LCC and six widely used FVIs: (a) Normalized area over reflectance
curve (NAOC); (b) Modified Chlorophyll Absorption Ratio Index (MCARI); (c) Difference Vegetation
Index (DVI); (d) Red Edge Chlorophyll Index (ClIred-edge); (e) Chlorophyll Vegetation Index (CVI);
(f) Soil-adjusted Vegetation Index (SAVI). Linear models were constructed using the full dataset of
60 ground samples from our study area. The correlation coefficients and RMSE values are displayed
in each scatterplot, with the distributions of the FVI and LCC values presented as histograms along
the top and at the side of each graph.

In our field investigations, for example, we observed instances of maize intercropped
with garlic, a significant upcoming intercropping practice. Due to sulfur-containing com-
pounds, garlic possesses natural pest-repellent properties, which can help deter pests such
as aphids and beetles, potentially reducing the need for chemical pesticides. Typically,
garlic is planted in the fall (around October to November) before the first hard frost and is
harvested in late spring to early summer (May to June), coinciding with the early growth
stages of maize. Consequently, monitoring LCCs during these early stages is inevitably
affected by the presence of garlic leaves, potentially leading to interference in remotely
sensed data. Currently, there is a limited understanding of how garlic affects LCCs in such
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systems, and further investigations are needed to assess the impact of this combination on
the LCC estimation. Therefore, expanding field experiments by including different regions
would help to account for variations in crop management practices and soil characteristics,
thereby ensuring a more robust generalizability of our method.

5. Conclusions

Accurate satellite-based LCC estimates provide a large-scale and comprehensive
overview of crop growth conditions. By conducting joint observations with five UAV
hyperspectral datasets covering key maize growth stages, we constructed a hyperspectral
database of maize with 552,183 spectra based on a random linear mixed model (RLMM) to
mitigate the effects from intercropping, different growth stages, varying canopy structure,
and soil backgrounds. Four spectral matching methods were tested to combine Sentinel-2
reflectance data with the constructed hyperspectral database. The results demonstrated
that the Cosine similarity was the most effective approach, achieving high accuracy by
accounting for variations in spectral reflectance. Furthermore, comparing different vegeta-
tion indices confirmed that the NAOC outperformed traditional commonly used indices
such as NDVI and Cleq.edge in capturing LCC-related spectral information. Our developed
approach shows higher accuracy than the LCC product (MuSyQ) and has been success-
fully validated across different areas, reinforcing its potential for a broader application in
agricultural remote sensing.
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