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ABSTRACT ARTICLE HISTORY
Accurate estimation of crop leaf area index (LAI) dynamics at Received 6 February 2025
the field scale is crucial in precision agriculture. Crop LAl can Accepted 1 October 2025
directly affect agroecosystem functioning and water use effi- KEYWORDS

ciency through evapotranspiration and photosynthesis. An Crop leaf area index; hybrid

optical radiative transfer model PROSAIL, integrated with satel- inversion approach;
lite remote sensing data, can simulate crop LAl dynamics. Mid- PlanetScope; radiative
resolution Sentinel-2 and the emergence of novel high- transfer model; Sentinel-2;

resolution PlanetScope satellite data provide an opportunity within-field variability
to simulate LAl at 10 m and 3 m resolutions, respectively. In
this study, we conducted a comprehensive analysis of LAl
simulation from both satellite data to explore their potential
in capturing within-field LAl variability. We employed a hybrid
inversion approach, integrating the PROSAIL model with sup-
port vector regression (a machine learning approach), to simu-
late LAl across different phenological phases of the winter
triticale crop in the years 2020 and 2021 at the agriculture
field in Brandenburg, Germany, with high spatial variability in
crop growth. For validation, ground observations of LAl across
the field were obtained, covering different soil classes with
varying yield potentials. This allowed us to examine the
impact of soil class on LAl development, and we additionally
performed a heterogeneity analysis using Rao’s Q index to
capture within-field variability in simulated LAIl. The results
showed good accuracy of the simulated LAl from both satellite
data, as indicated by Kling-Gupta-Efficiency (KGE) greater than
0.3 threshold and RMSE ranging from 0.48 to 1.51. Although
both satellite data showed similar performance in terms of LAl
magnitude, PlanetScope showed higher within-field variability
and was more sensitive to the yield potential of different soil
classes. Rao’s Q heterogeneity index map further indicated
that PlanetScope captured more detailed and localized varia-
tions in LAl compared to Sentinel-2. These findings
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underscored the respective strengths of mid- and high-
resolution satellite data in supporting precision agriculture
and highlighted the value of PlanetScope for detailed field-
scale applications.

1. Introduction

The goal of precision agriculture is to establish the efficient management of available
resources, which increases production and makes agriculture practices more efficient in
reducing carbon emissions (DelLay, Thompson, and Mintert 2022; Lowenberg-DeBoer and
Erickson 2019; Lower et al. 2022). Monitoring crop status in the agriculture field over the
growing period contributes to the aims of precision agriculture. The changes in the crop’s
biophysical properties are observed during the growth. These changes are often mea-
sured as a leaf area index (LAI), defined as the one-sided leaf surface per unit ground
surface area (Fang et al. 2019). Precision agriculture leverages LAl observations to opti-
mize field-level management by tailoring agricultural practices such as irrigation, fertiliza-
tion and spraying to the specific needs of crops in different parts of a field. The crop LAl is
highly variable in space and influenced by environmental variables such as soil texture
and nutrient availability. LAl is directly linked to water use efficiency, where a higher LAl
suggests better utilization of water by crops, leading to understanding crop responses
under different irrigation schemes (Paul et al. 2021; Sachin et al. 2023; Shi et al. 2021).
Given that photosynthesis drives crop production, the LAl can help manage fertilization
and integrate precision agriculture technologies for efficient nutrient distribution (Wang
et al. 2023). For spraying, LAl aids in determining the optimal amount of pesticides and
herbicides needed, adjusting spray equipment settings for better coverage, and minimiz-
ing environmental impact by reducing chemical over-application (Liao et al. 2020; Roman
et al. 2022). Furthermore, an accurate estimation of LAl is crucial to the process-based
model and data synthesis framework that estimates the efficiency of farming practices
leading to carbon sequestration by crop (Nevalainen et al. 2022). The total carbon
sequestered after harvesting as soil carbon can be converted into carbon credits, gen-
erating financial benefits for the farmers. Additionally, LAl can help understand how
plants are affected by climate extreme events. High temperatures and prolonged heat
waves can lead to increased evapotranspiration rates from crops. Consequently, crops
might decrease their leaf area as a water conservation strategy to prevent excessive water
loss through evapotranspiration. It could lead to a reduction in the LAI (Laskari et al. 2022).
The occurrence of a heatwave can further impact the timing of crop growth and devel-
opmental stages, such as leaf emergence and senescence. Occasionally, crops might shed
leaves earlier than their normal cycle, influencing the LAI (Burroughs et al. 2022). By
monitoring LAl during a heatwave, we can better assess the impact on vegetation and
ecosystems and take appropriate action to mitigate any adverse effects.

Field sampling is widely used to observe crop LAIl, which is expensive and time-
consuming, restricting large-scale and continuous observations. The distributions of LAl
are heterogeneous and can be challenging to obtain through field observations alone.
Installation of loT (Internet of Things) devices in the crop field for continuous LAl
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observations can also provide reliable data on crop growth (Bauer and Aschenbruck 2018;
Yang et al. 2022), but it is still unable to capture the within-field variability. Satellite
remote sensing (RS) can observe top-of-canopy (TOC) reflectance by crop and underlying
soil background reflectance, providing information on biophysical variables. Radiative
transfer models, such as PROSAIL, utilize the biophysical variables to simulate TOC
reflectance. Therefore, the inversion of radiative transfer models employing RS observa-
tions can provide information on biophysical variables (Gara et al. 2019; Jacquemoud et al.
2009; Verhoef 1998). Such inversion facilitates the simulation of LAl at a field as well as
a large spatial scale and provides a cost-effective method to realize crop growth
dynamics. While several studies have been conducted using PROSAIL model inversion
for crop property estimation at the ecosystem and field scales (Johansen et al. 2022; Kimm
et al. 2020; Liu et al. 2024; Pasqualotto et al. 2019; Rosso et al. 2022; Zérah, Valero, and
Inglada 2024), further investigation is needed to evaluate how the differing resolutions of
satellite data such as Sentinel-2 and PlanetScope can capture within-field variability
through model inversion. The multispectral sensor onboard Sentinel-2 satellites delivers
TOC reflectance data every five days in 13 spectral bands at a mid-resolution ranging from
10 to 60 m. These bands can be utilized to simulate crop LAl at 10 m resolution. On the
other hand, the PlanetScope satellite constellation, consisting of approximately 130
satellites, offers a unique opportunity to simulate crop LAl at a high-resolution of 3 metres,
with nearly daily coverage. However, cloud cover and the specific area of interest can
impact the effective temporal resolution. Both Sentinel-2 and PlanetScope data can be
considered adequate to capture within-field variability, which is effectively represented by
spatial heterogeneity, as well as temporal dynamics of the crop. However, the general
assumption is that PlanetScope data is more effective at capturing the spatial hetero-
geneity in terms of LAl compared to Sentinel-2 data due to its higher spatial resolution,
allowing for better identification and characterization of small-scale variations in crop
cover. In our study, we evaluated the accuracy of both mid-resolution Sentinel-2 data and
high-resolution PlanetScope data in simulating crop LAl and capturing the spatial hetero-
geneity in LAl. We conducted LAl simulation for the winter triticale crop at the Grossmutz
agriculture field in Germany across different crop phenological phases, using a hybrid
inversion approach that combines the PROSAIL model with machine learning. We showed
that this approach works adequately without the need for ground calibration and, there-
fore, can be applied to different agriculture fields and crop types.

2. Study area

The study was performed at the Grossmutz agriculture experimental field (52 ° 56’ 11.48"
N, 13 ° 7' 39.74" E), which is located in the Lowenberger Land, Brandenburg, Germany
(Figure 1). The study area covers a small agriculture field around 6.3 ha with variation in
elevation from 51.5 to 57.5 m above mean sea level. The study area is characterized by
a temperate humid climate with an average rainfall of 550-600 mm yr ~' and average
relative humidity above 65%. The climatic condition of the study area is characterized by
long cold winter and hot summer conditions. The weather station installed in the field
recorded an average daily temperature of —1 to 23°C during the sowing and harvesting of
winter triticale crop from Sep 2019-July 2020 and Sep 2020-July 2021 (Habib-ur-Rahman
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Figure 1. (a) Boundary of the Grossmutz agriculture field in Germany. (b) Soil heterogeneity symbo-
lised by three soil classes: SC1, SC2 and SC3, causing high, medium, and low yield potential,
respectively, and sampling locations (14 in 2020 and 18 in 2021) for ground observations of leaf
area index (LAl) in three soil classes.

374000 374200

et al. 2022). The total growing season of the crop covers the stages of germination,
tillering and stem elongation to ear formation, flowering, and full ripeness. Winter triticale
is a hybrid of winter wheat and winter rye, and it is planted for grain production for
livestock.

The study area has heterogeneous soil conditions formed from the Glacio-fluvial
sediments. The spatial variation in soil texture, which results in varying capacities
to hold water, and the variations in topography and elevation, which result in
varying soil physical properties, are the sources of soil heterogeneity. Soil mapping
was conducted in 2019 using spatially distributed 88 soil samples. At each sam-
pling location, soil profiling was done to the depth of 100cm to define the
horizonation and texture together with the soil organic matter content. These
data were used to define the soil map having three classes (SC1, SC2 and SC3)
in the study area (Figure 1b). Class SC1 is defined for the soil having an upper
boundary of the loamy layer less than 60cm in the soil profile with a high
available water capacity (AWC), leading to high yield potential. Class SC2 belongs
to the soil having an upper boundary of the loamy layer in between 60 and 100
cm in the soil profile with moderate AWC leading to moderate yield potential.
Class SC3 has no loamy layer in the soil profile (sandy texture throughout) with
low AWC leading to low yield potential. Detailed information on soil profiling and
soil map generation can be found elsewhere (Habib-ur-Rahman et al. 2022; Raza
et al. 2022).
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3. Materials and methods
3.1. Ground observations of LAl

The LAl was observed non-destructively with the ‘SunScan Canopy Analyser System’
(Delta-T Devices Ltd, UK) at 14 sampling locations in 2020 and 18 sampling locations in
2021 to characterize the spatial variation in LAl across the study area (Habib-ur-Rahman
et al. 2022). Generally, a SunScan system comprises several sensors affixed to a frame
positioned above and below the canopy to detect incident and transmitted radiation.
Consequently, intercepted radiation by the canopy provides a direct observation of LAI.
The sampling locations were chosen randomly and were distributed over the agriculture
field, covering all three soil classes (Figure 1b). Four replicates of LAl were observed at
each sampling location, each collected from a 50 cm row segment across four rows within
a 1 m? plot. The mean of each four replicated LAl was calculated for further analysis. The
observations were taken two times each year, belonging to the two winter triticale
phenological stages identified by BBCH-code (Biologische Bundesanstalt,
Bundessortenamt und CHemische Industrie; Bleiholder et al. (2001)). These selected
crop stages for LAl observations were the end of stem elongation phase (BBCH =39)
and the end of flowering (anthesis) phase (BBCH=69) of the winter triticale. Table 1
summarises the LAl observations (hereafter, LAl,ps) dates and crop phenological phases.

3.2. Satellite data

We conducted a spatial simulation of LAl within the Grossmutz agriculture field boundary
(Figure 1a) on each observation date, utilizing top-of-canopy (TOC) reflectance from both
Sentinel-2 and PlanetScope satellite data (Section 3.3). Sentinel-2 satellites are managed
by the European Space Agency (ESA) as part of the Copernicus programme. It is
a constellation with two identical satellites, Sentinel-2A (launched in June 2015) and
Sentinel-2B (launched in March 2017), with a revisit time of five days. Sentinel-2 provides
optical image data across a range of spectral bands: four VNIR bands (blue, green, red and
near-infrared (NIR) bands) at 10 m, six bands (four red edge bands, two short-wave
infrared (SWIR) bands) at 20 m and three bands at 60 m (coastal aerosol, water vapour
and cirrus) spatial resolution. PlanetScope comprises a constellation of 130 small satellites
(first launched in 2014) orbiting the Earth and is managed by Planet Labs, a private
satellite imaging company (Planet Team 2023). These satellites provide daily global
coverage with a spatial resolution of 3 m. PlanetScope data are derived from three groups
of satellites: Dove Classic and Dove R (four VNIR bands), and Super Dove (eight bands,
including additional coastal blue, green 1, yellow, and red-edge bands). We acquired
cloud-free and atmospherically corrected PlaneScope and Sentinel-2B data, which were
available either on the observation dates or within a six-day interval (either earlier or later)
(Table 1). Although there was a six-day gap between the satellite image acquisition and
LAlops, this interval was considered acceptable for comparison purposes, as LAl was not
expected to vary over such a short period. For instance, the advanced phenological stage
of the crop in mid-June 2021 (end of flowering phase) leads to the grain-filling phase,
a period during which LAl remains nearly constant and changes only marginally.
Moreover, the field observation days were solely determined by the crop growth stages
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Table 1. Satellite data and leaf area index (LAI) observations dates. BBCH code is mentioned in Section
3.1. n: number of sampling locations for LAl observations (Figure 1b).

Sentinel-2B PlanetScope LAl observations Crop phenological
acquisition date acquisition date (Sensor) phase
Date n
6 May 2020 6 May 2020 (Dove classic) 5 May 2020 14 BBCH=39
15 June 2020 13 June 2020 (Dove classic) 10 June 2020 14 BBCH=69
28 April 2021 28 April 2021 (Dove R) 3 May 2021 18 BBCH=39
10 June 2021 10 June 2021 (Super Dove) 16 June 2021 18 BBCH=69

and favourable sunny conditions. Planet Labs provides PlanetScope TOC reflectance after
atmospheric and radiometric corrections as ‘analytic_sr’ asset, and ESA offers Sentinel-2
TOC reflectance as a Level-2A product. We acquired PlanetScope data from DOVE classic,
DOVE-R and SuperDove, and selected the four corresponding VNIR bands. Similarly, we
selected the same four VNIR bands at 10 m resolution of Sentinel-2B for LAl simulation.

3.3. LAl simulation from satellite data: hybrid approach

We utilized the optical radiative transfer model PROSAIL (Jacquemoud et al. 2009; Verhoef
and Bach 2007), which merges two established models, namely PROSPECT-D (Leaf Optical
PROperty SPECTra: Féret and de Boissieu 2024; Féret et al. 2017; Jacquemoud and Baret
1990) and 4SAIL (Scattering by Arbitrarily Inclined Leaves: Verhoef and Bach 2007; Verhoef
et al. 2007). PROSPECT-D is capable of simulating the optical properties of individual
leaves as a function of the leaf constituents such as chlorophyll content (C,p,), dry matter
content (Cy.), equivalent water thickness (C,,), carotenoids (C.,), and leaf structural
components (N). SAIL can simulate the bidirectional reflectance distribution function
(BRDF) of vegetation canopies. It considers the geometry of the canopy, such as the
average leaf inclination angle (ALIA) and LAI. By merging these two models, PROSAIL
simulates the TOC reflectance of vegetation canopies under different conditions, such as
varying sun angles, viewing geometries, and canopy architectures. The simulation of LAI
can be thought of as an inversion of the PROSAIL model, where the TOC reflectance is
available from the satellite data. PROSAIL model has been successfully inverted against
hyperspectral laboratory measurements (e.g. Bayat, van der Tol, and Verhoef 2016) and
multispectral satellite observations (e.g. Bayat, van der Tol, and Verhoef 2018, 2020; Raj
et al. 2020) to simulate the time series of LAl In the current study, we implemented the
PROSAIL model integrated with a support vector regression (SVR: Steinwart and Thomann
2017) method, a machine learning approach, to simulate LAl at each pixel of satellite data.
This integration is termed a hybrid inversion approach, which takes advantage of the
physical process behind LAl together with machine learning. The hybrid inversion was
employed using the R package ‘prosail 2.5.2" (Feret and de Boissieu 2024). We implemen-
ted the following steps:

(1) We defined the wide uniform distribution of each PROSAIL input parameter based
on previously utilized values and observations (Table 2). The upper boundary of LAI
distribution was fixed at the maximum value of all LAlyps plus twice the standard
deviation. We selected the wide distribution of the parameters so that the SVR
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model can be trained on a diverse set of data points to reduce bias. Fixed values of
sun and view geometry on each observation date were used, taken from the
satellite image metadata. Moreover, a modelled dry soil spectrum from 400 to
2500 nm, default in prosail 2.5.2 package (Jacquemoud, Baret, and Hanocq 1992),
was considered in the PROSAIL model inversion. It should be noted that the use of
a soil spectrum is mainly relevant in sparse vegetation and, therefore, has less
impact in dense canopies.

The sample space used in this study consisted of 50,000 input parameter vectors
generated randomly from defined input parameters’ distributions. For each input
parameter set (vector), the PROSAIL model was used to simulate the corresponding
TOC reflectance (ranging from 400 to 2500 nm with 1 nm spectral resolution). The
simulated reflectance vectors were then resampled to the four VNIR bands of the
satellite data, chosen for LAl simulation, using a satellite spectral response function
(SRF). The satellite TOC reflectance also includes the uncertainty that arises from
several factors, such as instrument noise, radiometric calibration, atmospheric and
geometric corrections, and the radiative transfer model itself (Hauser et al. 2021;
Sun et al. 2022; Verger, Baret, and Camacho 2011). For LAl simulation, these
uncertainties were taken into account by applying random Gaussian noise to the
simulated and resampled TOC reflectance.

We trained 50 SVR models following Hauser et al. (2021). Each SVR model was
trained using 1000 randomly selected LAl values from the input parameter vectors,
along with their corresponding simulated and resampled TOC reflectance vectors.

Table 2. The lower bound (LB) and upper bound (UB) of the PROSAIL input parameters, along with
their sources/references used in this study. oa0s is the standard deviation of all LAl observations

angle

(LAlobs)-

Parameters Symbol Unit LB UB Sources/References

Leaf chlorophylla Cgp pugecm=2 0 100 Bayat, van der Tol, and Verhoef (2020); Verhoef, van der
+b content Tol, and Middleton (2018)

Carotenoids Cea ugecm=2 0 30 30% of Cyp

Equivalent water C,, cm 0.001 0.045 Sun et al. (2022); Bayat, van der Tol, and Verhoef (2020);
thickness Verhoef, van der Tol, and Middleton (2018)

Leaf dry matter ~ Cym gcm 0.001 0.04 Sun et al. (2022); Hauser et al. (2021)
content

Anthocyanins Canth pgecm=2 0 10 Hauser et al. (2021); Féret et al. (2017)

Leaf browm Cop unitless 0 0.3 Bayat, van der Tol, and Verhoef (2020); Verhoef, van der
pigment Tol, and Middleton (2018)

Leaf area index LAl m2/m?2 0 12 UB = max(all LAlops) + 2 X Galiobs

Leaf structural N unitless 1 35 Verhoef, van der Tol, and Middleton (2018)
parameter

Average leaf ALIA 10 80 Verhoef (1998); Verhoef, van der Tol, and Middleton
inclination (2018)
angle

Soil Brightness psoil unitless 0 0.9 Verhoef, van der Tol, and Middleton (2018)
parameter

Hot spot q m/m 0.001 0.5  Verhoef, van der Tol, and Middleton (2018)
parameter

Observer zenith  OZA deg
angle Fixed value derived from Satellite orbit

Sun zenith angle  SZA deg characteristics and swath

Relative azimuth  psi deg
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To ensure unbiased sampling from finite populations, we used sampling with
replacement to randomly select the LAl values.

(4) The final step in simulating LAl from satellite data involved inverting satellite TOC
reflectance to LAI (hereafter, LAlgi,). To accomplish this, the trained 50 SVR models
were applied to each pixel of satellite data. The output of this process generated 50
LAl values for each pixel. To produce a representative LAl value of a pixel, the
mean of the 50 generated values was calculated. In this way, using both PlantScope
and Sentinel-2 satellite data, LAlgj, map was created over the entire study area for
each crop phenological phase (Table 1).

We chose to use only the VNIR bands at 10 m resolution of Sentinel-2 data to train our
SVR models in step 3. There were two reasons for this choice: (1) these bands were
sufficient to obtain LAl as NIR is the most sensitive band to vegetation greenness and
LAIl, and (2) these bands match the ones used by all PlanetScope sensors (Table 1), which
allows for a fair comparison of LAl derived from both satellite data.

3.4. Statistical evaluation of simulated LAI

We extracted LAl from both satellite data at each of the sampling locations (Figure 1b)
on each crop phenological phase in 2020 and 2021 (Table 1). We employed Kling-Gupta
efficiency (KGE) and Root mean square error (RMSE) statistical criteria to evaluate the
accuracy of LAl against LAlops. KGE considers a balanced optimization of product bias,
variability, and correlation to quantify the error efficiently (Gupta et al. 2009). KGE and
RMSE are calculated as follows:

2 2
KGE:\/(r—1)2+<os'm—1> +<“5"“—1) , (1)
Oobs Mobs

_ 1Y% _ V)2
RMSE—\/n;((LNobs); (LAlgim),)* @

where r is the linear correlation between LAly,s and LAlgm, Oobs @and Uy, represent the
standard deviation and mean of LAl respectively, osim and ug., represent the
standard deviation and mean of LAlgy,. The ratio of o and u describes the variability
error and the bias term. The term n represents the number of sampling locations, i.e.
14 in 2020 and 18 in 2021. The KGE criterion can range from —oo to 1. A KGE value
close to 1 indicates a perfect match of simulations to the observations. Positive KGE
values are considered ‘good’, whereas negative KGE values are labelled as ‘bad’
matches. We considered —0.41 <KGE < 1 as reasonable accuracy, and KGE > 0.3 as
behavioural simulations with adequate accuracy in LAl (Bayat et al. 2024; Knoben,
Freer, and Woods 2019). The RMSE criterion has the unit of LAI. A low value of RMSE
indicates high accuracy with an optimal value of 0. We considered both KGE and RMSE
since KGE offered a relative performance measure, and the latter an absolute one. We
also quantified the correlation r criterion, a component of KGE, and R? (coefficient of
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determination) to demonstrate the degree of linear association between the LAlgpys
and LAlg,.

3.5. Spatial heterogeneity in simulated LAl

The premise behind simulating LAl from PlanetScope data is that, in comparison to
Sentinel-2 data, it may better capture spatial heterogeneity in LAl. To demonstrate this,
we employed Rao’s Q heterogeneity index (Rao 1982) computation on each LAl,, map
(Section 3.3) utilizing the ‘rasterdiv’ R package (Rocchini et al. 2021). Rao’s Q index
evaluates the variability of pixels relative to the variability across neighbouring pixels.
A moving window approach is used on the image (LAl;, map in this study) until the
whole spatial extent is covered. Rao’s Q index is calculated from the pixel values inside
a moving window and attached to the central pixel. The procedure generates the
heterogeneity map over the image’s spatial extent. Rao’s Q is calculated as:

i=1

N N
Rao’s Q index = Z Z djj X pi X pj, 3)
j=1

i and j* pixel, and dj is the distance, such

where p; and p; are the relative abundances of
as the Euclidean distance, between the i" and /" pixel in a moving window of pixels N.
The relative abundance of a pixel is determined by dividing the actual value of the pixel
(which is the value of LAlgy) by the sum of pixel values in a moving window. We chose
a moving window of size 3 x 3 pixels (N = 9) in this study. Rao’s Q index can take any
positive value, with the higher value showing more heterogeneity compared with the
neighbouring pixels.

We generated and compared the heterogeneity maps of LAlg, obtained from
PlanetScope and Sentinel-2 for each crop phenological phase during the years 2020
and 2021. Our aim was to identify any significant differences in the spatial LAlgy, patterns
of the crops between the two satellite data and to determine the most effective data for
monitoring heterogeneity in crop LAI at the field scale.

4, Results
4.1. Simulated LAI: PlanetScope and Sentinel-2

The scatterplots presented in Figure 2 compare LAl values, extracted at the sampling
locations, against LAl,ps values across both crop phenological phases and years. In 2020,
both PlanetScope and Sentinel-2 sensors exhibited strong behavioural performance
during the end of stem elongation and flowering phases, with the KGE values significantly
surpassing the 0.3 threshold, reaching as high as 0.77 for PlanetScope during the end of
stem elongation phase. However, the performance of PlanetScope in 2021 during the end
of stem elongation phase showed a decline with a KGE value of 0.38, which was still
higher than the threshold. Nonetheless, high KGE values (0.70 and 0.85) during the end of
flowering phase for both satellite data indicated a return to strong behavioural perfor-
mance. Overall, the KGE values reflected the adequate accuracy of LAls, from both
satellite data.
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Figure 2. Scatterplots showing the relationship between LAlgy, and LAl at the sampling locations
distributed over the Grossmutz agriculture field across different crop phenological phases of winter
triticale crop in 2020 and 2021. Each plot includes a dashed line representing a 1:1 relationship.

For other statistical criteria, PlanetScope showed higher values (R?> =0.86, r=0.93)
compared to Sentinel-2 (R?=0.68, r=0.83) during the end of stem elongation phase
2020. This suggested that PlanetScope aligned more closely and linearly with LAlys. The
RMSE values also supported this, being lower for PlanetScope (1.38) than for Sentinel-2
(1.51). Nonetheless, Sentinel-2 performance can still be considered satisfactory in this crop
phenological phase. During the end of flowering phase in 2020, both satellite data
showed improved performance compared to the previous phase. However, PlanetScope
still maintained a slight edge with higher R? and r values of 0.78 and 0.88 compared to
Sentinel-2 R? and r values of 0.73 and 0.86, respectively. The RMSE value for PlanetScope
was also significantly lower at 0.71 compared to Sentinel-2 at 1.41.

Both satellite data exhibited a drop in R* and r values during the end of stem
elongation phase in 2021. PlanetScope exhibited R? =0.25 and r=0.50, while Sentinel-
2 performed better with R? = 0.48 and r = 0.69. However, PlanetScope RMSE was higher at
0.57 compared to Sentinel-2 at 0.49, indicating that the LAl values were slightly better
with PlanetScope. The end of flowering phase in 2021 showed a recovery in the accuracy
of LAly, and both satellite data showed similar and high values of RZ (> 0.7) and r
(~ 0.85). However, Sentinel-2 showed a lower RMSE value compared to PlanetScope,
indicating higher accuracy in LAlgy,.
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Figure 3. LAl maps across different crop phenological phases in 2020 and 2021. Red dots show the
sampling locations, 14 in 2020 and 18 in 2021, distributed over the Grossmutz agriculture field.

The maps presented in Figure 3 provide a comprehensive visual representation of the
spatial distribution and variation of LAlg,, values during different crop phenological
phases over a span of two years. The maps indicated a relatively uniform distribution of
mid to high LAl values across the crop field, with specific areas exhibiting lower LAl
values. This variance in LAl values can be attributed to the soil heterogeneity within the
crop field, which causes variable yield conditions (Figure 1b and Section 4.2). Both satellite
data showed higher LAl values during the end of stem elongation phase in the year
2020, suggesting better crop conditions or growth during that year. However, during the
end of flowering phase in 2021, the LAl values became comparable to those of the
previous year, indicating the recovery of crop growth between the two crop phenological
phases.

4.2. Simulated LAI: soil classes

Figure 4 reports the mean and standard deviation (o) of LAl (LA, and LAlyps) to examine
the influence of three different soil classes (Figure 1b) on LAl development and to assess
how well satellite data performed in these three soil classes. The mean and o were
computed based on the LAI values obtained at the sampling locations in each soil class.

Across the crop phenological phases, soil class SC1 generally exhibited the highest
mean LAl for both satellite data as well as observations, which aligns with its classification
of having high yield potential. The o error bars are relatively narrow, indicating less
variability in LAl and more consistent growing conditions. Soil class SC2 showed
a moderate mean LAl, aligning with its medium yield potential. The error bars are
marginally wider than in SC1, indicating more variability in crop growth within this
class. The soil class SC3 exhibited the lowest mean LAIl, which correlates with its low
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Figure 4. Bar plots showing the mean LAI (LAl and LAlyy,s) at the sampling points in each of the soil
classes (SC1, SC2 and SC3; Figure 1b) during different crop phenological phases. The error bars (dotted
lines) represent +10 (standard deviation).

yield potential. The error bars are the widest among the three classes, suggesting the
highest variability in growth conditions.

Sentinel-2 generally showed higher mean LAl values compared to those of PlanetScope
and observations, particularly in higher yield potential soil (SC1). For instance, during the
end of stem elongation phase in 2020, Sentinel-2 reported a mean LAl of 6.83 in SC1, which
is higher than both PlanetScope (5.0) and observations (5.82). This trend is evident across
both phenological phases. PlanetScope showed lower mean LAl values than Sentinel-2 but
is generally closer to the observations. However, the difference between LAl and LAlgiy,
were comparable for both satellite data, and these differences ranged from 0.02 to 1.2
across all soil classes and crop phenological phases. Therefore, both satellite data can be
considered to perform similarly in terms of mean LAl values in all soil classes.

Both satellite data exhibited lower variability (standard deviation) across all soil classes
compared to the observations. However, PlanetScope is closer to the observations in
terms of variability across the different soil classes and crop phenological phases. For
instance, PlanetScope variability ranged from 0.3 to 0.7 in SC1, which was closer to the
range (0.6 to 1.3) exhibited by observations as compared to Sentinel-2 (0.2 to 0.6). In SC2,
these ranges were 0.3 to 0.9 for PlanetScope, 0.1 to 0.6 for Sentinel-2, and 0.3 to 1.3 for
observations. This suggested that PlanetScope data might be slightly more reliable in
terms of capturing the variability in LAI
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Figure 5. Rao’s Q heterogeneity maps (normalised between 0 and 1) during different crop phenolo-
gical phases in 2020 and 2021.

4.3. Simulated LAI: heterogeneity analysis

We used the moving window approach and Equation 3 to create a spatial heterogeneity map
of LAlgn,. Each pixel on the map was assigned a Rao’s Q index value. Since Rao's Q index can
take any positive value, we normalized the heterogeneity map between 0 and 1, based on the
minimum and maximum index values in a map, to allow for a direct comparison between the
heterogeneity of LAl obtained from PlanetScope and Sentinel-2 data (Figure 5).

Sentinel-2 heterogeneity maps generally showed relatively smoother transitions in Rao’s
Q index values, with a dominance of yellow and green shades. This indicated moderate
heterogeneity levels and a more generalized view of LAlg,. The spatial resolution of 10 meters
in Sentinel-2 allowed for a broader overview but less detail in small-scale variations. In
contrast, the PlanetScope heterogeneity maps showed more detailed and localized variations
in LAl heterogeneity. These maps are characterized by a more textured appearance, with
a mix of blue, green, and yellow patches indicating varying levels of heterogeneity across the
field. The finer resolution of 3 m in PlanetScope captured smaller patches of variability within
the crop field, which are not as discernible in the Sentinel-2 heterogeneity maps.

Across the years and phenological phases, the patterns of heterogeneity changed,
reflecting the dynamic nature of crop growth and development. The end of stem
elongation phase maps generally showed less heterogeneity compared to the end of
flowering phase maps, which could be due to the uniform growth during stem elongation
and more varied characteristics of leaf area at the flowering stage.

5. Discussion

Our study demonstrated that a hybrid inversion approach can reliably simulate LAl from
high- and mid-resolution satellite data, such as PlanetScope and Sentinel-2, across
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different crop phenological phases and years. This approach synergistically combines the
detailed physical modelling capabilities of PROSAIL, which simulates the interaction of
light among the canopy, with the robust machine learning techniques of SVR, known for
its effectiveness in handling non-linear relationships between input and output and high-
dimensional spaces created by several input parameters. Our study is consistent with
previous studies where the hybrid inversion approach, though combined with different
machine learning approaches, outperformed in terms of accuracy for crop LAl simulated
from Sentinel-2 data (Rosso et al. 2022; Upreti et al. 2019; Verrelst et al. 2015). The fusion of
PlanetScope and Sentinel-2 for LAl simulation using hybrid inversion was also highlighted
in some studies (Johansen et al. 2022; Sadeh et al. 2021). Nevertheless, we provided
a direct comparison between Sentinel-2 and PlanetScope data for LAl simulation. We
selected a wide uniform distribution of each PROSAIL input parameter (Table 2) as non-
informative priors. The selection was based on the range proposed in the literature,
without considering the crop types. We did this to ensure that our input parameters
were only marginally dependent on the field observations. Although we implemented the
hybrid inversion approach to a single crop type using non-informative priors, the reliable
LAl simulation indicated that it could potentially be applied to another crop type with
minimal inputs from field observations.

We validated simulated LAl (LAlg,) with multiple point-scale observed LAl (LAlgps)
distributed across the study area. Using multiple point-scale observations as a reference
for validating the related pixel in satellite-derived LAI products, even those with coarser
resolutions such as MODIS, is a widely accepted practice. This approach is also supported
by community-agreed best practices and established validation protocols (Bayat et al.
2021; Fernandes et al. 2014). Therefore, employing point-scale LAly,s remains a valid and
reliable method for evaluating remote sensing-based simulations, including those derived
from both PlanetScope and Sentinel-2. These satellites have a significantly higher spatial
resolution than MODIS and align closely with the ground reference sampling points.
However, the difference in scale between the 1 m? field sampling plot (Section 3.1) and
the 10 m Sentinel-2 pixels may introduce some uncertainty in the validation. To reduce
this effect, we averaged multiple ground samples within each plot across the study area to
reduce the influence of local heterogeneity. Nonetheless, a degree of scale mismatch
remains unavoidable and should be investigated in future studies.

The LAliy from 2020 and 2021 revealed fluctuations in the performance of
PlanetScope and Sentinel-2. The differences in accuracy observed between both
satellite data across time periods are likely due to sensor-specific characteristics and
spatial resolution differences. Although the same four VNIR spectral bands (Section
3.2) were used for LAl simulation, variations in radiometric calibration and atmospheric
correction procedures can affect the retrieved TOC reflectance values. Sentinel-2
benefits from rigorous sensor calibration and exhibits low uncertainty in radiometry
and geometry (Gascon et al. 2017; Lamquin et al. 2019), whereas PlanetScope images,
despite their high spatial and temporal resolution, are subject to radiometric incon-
sistencies inherent in their satellite sensors (Dias et al. 2024; Leach, Coops, and
Obrknezev 2019). Previous studies have also highlighted differences in band behaviour
and calibration between PlanetScope and Sentinel-2, emphasizing the need for cross-
sensor harmonization to reduce discrepancies (Baldin and Marco Casella 2025; Sadeh
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et al. 2021). In addition, spatial resolution differences may also contribute: PlanetScope
finer 3m resolution increases sensitivity to within-field heterogeneity, whereas
Sentinel-2 10 m resolution integrates over a broader area. These combined factors
provide plausible explanations for the observed discrepancies between Sentinel-2 and
PlanetScope data in this study.

We observed that PlanetScope generally provided more accurate and correlated LAl
in 2020, its performance slightly dropped in 2021, particularly during the end of stem
elongation phase. In 2020, PlanetScope LAl were more tightly distributed around the
1:1 line (Figure 2), especially at the end of flowering phase, indicating minimal bias and
stronger agreement with LAlps with higher KGE, lower RMSE, and stronger R? and r.
Sentinel-2, although slightly less accurate in 2020, showed more consistent performance
across the two years and slightly better statistical criteria in some instances in 2021.
Sentinel-2 exhibited more dispersion in 2020, but LAl aligned more closely with the 1:1
line across both phenological phases in 2021, reflecting improved and more consistent
KGE, RMSE, R? and r. However, the temporal dynamics of LAl either from PlanetScope
or Sentinel-2, was generally consistent with the development of leaf area of winter
triticale across different phenological phases. At the end of stem elongation phase,
LAlgm is typically moderate to high because this phase is associated with vigorous
vegetative growth; the canopy tends to become denser, resulting in increased leaf area.
At the end of flowering phase, the LAl generally starts to decline. Flowering marks the
transition from vegetative to reproductive growth, and energy resources are diverted
towards grain development rather than foliage expansion. As the crop shifts its focus
towards seed filling, leaf senescence may occur, leading to a reduction in leaf area and,
consequently, a decrease in LAlgjm.

The variation in LAlo,s across different soil classes can be partially explained by soil
moisture (SM) at 15 cm and 45 cm depths, measured during critical crop development
stages at the Grossmutz agriculture field (Habib-Ur-Rahman et al. 2022). They found that
SM for soil class SC1 was higher than for SC3. The average SM in the top layers (0-45 cm)
over all sampling points showed a significantly strong association with LAly as well as
the total dry mass, and plant height of the triticale crop, especially during the end of stem
elongation and the end of the flowering phase. Differences in soil texture across the soil
classes resulted in variations in water retention potential and water availability to the
crop, ultimately affecting plant growth and LAl In this study, the same soil-class effect is
evident in LAl from both PlanetScope and Sentinel-2 images, showing higher values on
the soil class SC1 with greater available water capacity (AWC) and progressively lower
values on the sandy texture soil class SC3 with low AWC. The comparison of mean LAl
(LAlsim) at the sampling locations within the different soil classes revealed a similar
performance of both satellite data in terms of magnitude (Section 4.2). Whereas the
standard deviation (0) showed that the variability in LAlg, is generally lower for
Sentinel-2, suggesting more uniformity of leaf area over the crop field. PlanetScope,
while showing lower mean LAl;,, exhibited higher variability indicating its sensitivity to
variations in soil and vegetation conditions.

The comparison between Sentinel-2 and PlanetScope Rao’s Q heterogeneity index
maps further revealed significant differences in the level of detail and variability captured
by each satellite’s resolution. PlanetScope’s higher resolution provided a more nuanced



INTERNATIONAL JOURNAL OF REMOTE SENSING . 8561

understanding of crop condition variability, which could be crucial for precision agricul-
ture practices such as variable rate applications at the field scale. Such applications
incorporating PlanetScope variability can help reduce uniform application rates of agri-
culture inputs such as water, fertilizer, and soil amendments to maximize photosynthesis
and carbon fixation in crops. This can enhance overall crop yield and sustainability and
can improve the efficiency of crop carbon sequestration (Janzen et al. 2022; Jin et al. 2017;
Johansen et al. 2022; Tiefenbacher et al. 2021). PlanetScope LAl can effectively support
the management of agricultural carbon sequestration strategies, contributing signifi-
cantly to the mitigation of climate change impacts. Sentinel-2, while simulating less
spatial variability in LAl,, compared to PlanetScope, captured the magnitude and trend
in crop leaf area across different crop phenological phases. Sentinel-2 offers broad cover-
age and frequent revisit time, which makes it excellent for regional to national carbon
sequestration studies, which focus on broad trends and changes over large areas. A recent
study (Wijmer et al. 2024) also highlighted the large-scale simulation of agriculture carbon
storage utilizing Sentinel-2 data.

Harmonizing multi-temporal LAl from different satellite platforms and generating
fused time-series products is an essential and valuable direction, especially for applica-
tions like precision agriculture that require continuous and consistent monitoring. In this
study, however, our primary objective was to evaluate the differences in LAy, and
mapping performance between the two satellite data sources, serving as a foundational
step towards understanding the intra-field variability detection and their heterogeneity
analysis. This assessment is critical before attempting harmonization, as it highlights
sensor-specific biases, spatial-temporal resolution differences, and retrieval inconsisten-
cies that could affect data fusion outcomes.

6. Conclusions

We examined a hybrid inversion approach to simulate leaf area index (LAI) from high- and
mid-resolution satellite data, such as PlanetScope and Sentinel-2, in a small agriculture
field. Both data showed similar performance in capturing the LAl magnitude. However,
Sentinel-2 showed lower within-field variability in LAl compared with PlanetScope, as
demonstrated by the spatial heterogeneity maps. The PlanetScope variability aligned
more consistently with the soil classes, which belong to different yield potentials across
the field. We included two crop phenological phases of two years due to the correspond-
ing availability of the observed LAI. However, we ensured that the input parameters for
LAl simulations were independent of the crop types and phases. Because LAl is a direct
and spatially explicit indicator of canopy biomass and photosynthetic capacity, this study,
through the comparison of LAl simulated from PlanetScope and Sentinel-2 data, repre-
sents a first step towards more data-driven agricultural system applications. The high-
resolution LAl maps generated in this study successfully captured within-field heteroge-
neity, demonstrating their value for improving yield estimation, guiding site-specific
management decisions, and providing a practical basis for plot-level carbon accounting.
Nevertheless, future studies could also focus on longitudinal assessments of LAl simula-
tion performance using PlanetScope and Sentinel-2 data over multiple years and across
various crop phenological phases. This could provide a deeper understanding of the
temporal variations in satellite data performance, allowing for the identification of
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underlying factors impacting accuracy and consistency. Likewise, comparative analyses of
LAl simulation performance under different environmental conditions and crop types
could further elucidate the strengths and limitations of each satellite data source for
monitoring crop LAl dynamics. Eventually, an essential next step would be the imple-
mentation of a method that harmonizes PlanetScope and Sentinel-2 data across spatial,
spectral, and temporal domains. Once this consistency is achieved, the two data can then
be fused, combining PlanetScope’s fine spatial detail with Sentinel-2's spectral richness to
produce denser and more consistent LAl time series, thereby enhancing their practical
utility in precision-agriculture decision-making.
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