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A B S T R A C T

Accurate estimation of agroecosystem carbon fluxes is essential for assessing cropland sustainability and climate 
resilience. This study integrates Leaf Area Index (LAI) retrieval from Radiative Transfer Model (RTM) inversion 
into AgroC, an agroecosystem model, from Unmanned Aerial System (UAS) platform to enhance carbon fluxes 
estimates, including Gross Primary Production (GPP), Net Ecosystem Exchange (NEE), and Total Ecosystem 
Respiration (TER). By replacing the internally developed LAI in the AgroC model with interpolated LAI time 
series derived from UAS, improved spatiotemporal representativeness of agroecosystem carbon fluxes is observed 
under both the Farquhar-von Caemmerer-Berry (FvCB) and the Light Use Efficiency (LUE) photosynthesis ap
proaches. Temporally, the highest GPP accuracy was achieved by the AgroCFvCB model integrated with UAS- 
derived LAI (RMSE = 3.19 gC m⁻² d⁻¹, KGE = 0.89), while the best NEE estimation was obtained with the 
AgroCLUE model integrated with UAS-derived LAI (RMSE = 2.10 gC m⁻² d⁻¹, KGE = 0.89). Spatially, the superior 
performance of the AgroCFvCB model in integrating UAS-derived LAI enabled high-resolution (1 m) mapping of 
GPP and NEE, effectively capturing within-field spatial variations in a winter wheat field. The daily Pearson 
correlation coefficient (r) overtime ranged from 0.16 in non-vegetated areas to 0.94 in vegetated zones for GPP, 
and up to 0.88 for NEE. Despite the advantages taking physical basis in RTM inversion for LAI retrieval and 
biochemical constraints considered in FvCB approach, the limitation in TER improvement requires further 
investigation to refine RTM-AgroC coupling for cropland carbon fluxes modelling using UAS platforms.

1. Introduction

Agroecosystems have dynamic and rapidly cycling active carbon 
pools, influenced by crop management, crop rotation, and soil health 
strategies, thus playing a critical role in the global carbon cycle (Frank 
et al., 2024; Lal, 2004). Accurately estimating two key carbon flux
es—gross primary production (GPP) and net ecosystem exchange 
(NEE)—is essential for evaluating agroecosystem sustainability as well 
as their impacts and resilience to climate change. GPP measures carbon 
fixation through photosynthesis, while NEE represents the net balance 
between carbon uptake and Total Ecosystem Respiration (TER). The 
eddy covariance (EC) flux tower provides continuous site-level carbon 
flux data (Baldocchi et al., 2001; Rebmann et al., 2018) by directly 
measuring NEE and partitioning it into GPP and TER using additional 
modelling approaches (Pastorello et al., 2020). These half-hourly 

records provide detailed insights into diurnal and seasonal carbon flux 
fluctuations at the EC site level. However, the spatial coverage of EC flux 
towers is sparse, limiting their ability to estimate dynamic carbon fluxes 
across large agroecosystem areas (Chu et al., 2021; Storm et al., 2023).

Several models have been developed to estimate GPP and NEE in 
agroecosystems. Light use efficiency (LUE) approach, e.g., implemented 
in land surface models (LSM), are among the widely used methods uti
lizing remote sensing observations for GPP monitoring at regional and 
global scales (Lawrence et al., 2019; Wolanin et al., 2019; Xiao et al., 
2019; Yuan et al., 2010). However, the lack representation of cropland 
sites and broad categorization of rotational agricultural systems into 
single cropland plant functional type (PFT) introduces uncertainties in 
agroecosystem carbon flux estimates, often resulting in the underesti
mation of cropland GPP (Boas et al., 2021; Krause et al., 2022; Shirkey 
et al., 2022; Wang et al., 2013; Yuan et al., 2010; Zhang et al., 2017). 

* Corresponding author.
E-mail addresses: x.guo@fz-juelich.de (X. Guo), b.bayat@fz-juelich.de (B. Bayat), J.Bates@uliege.be (J.S. Bates), m.herbst@fz-juelich.de (M. Herbst), ma. 

schmidt@fz-juelich.de (M. Schmidt), h.vereecken@fz-juelich.de (H. Vereecken), c.montzka@fz-juelich.de (C. Montzka). 

Contents lists available at ScienceDirect

Agricultural and Forest Meteorology

journal homepage: www.elsevier.com/locate/agrformet

https://doi.org/10.1016/j.agrformet.2025.110776
Received 9 April 2025; Received in revised form 29 July 2025; Accepted 6 August 2025  

Agricultural and Forest Meteorology 374 (2025) 110776 

Available online 29 August 2025 
0168-1923/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-5903-3953
https://orcid.org/0000-0002-5903-3953
https://orcid.org/0000-0002-7761-9544
https://orcid.org/0000-0002-7761-9544
https://orcid.org/0000-0002-1349-7189
https://orcid.org/0000-0002-1349-7189
https://orcid.org/0000-0003-0812-8570
https://orcid.org/0000-0003-0812-8570
mailto:x.guo@fz-juelich.de
mailto:b.bayat@fz-juelich.de
mailto:J.Bates@uliege.be
mailto:m.herbst@fz-juelich.de
mailto:ma.schmidt@fz-juelich.de
mailto:ma.schmidt@fz-juelich.de
mailto:h.vereecken@fz-juelich.de
mailto:c.montzka@fz-juelich.de
www.sciencedirect.com/science/journal/01681923
https://www.elsevier.com/locate/agrformet
https://doi.org/10.1016/j.agrformet.2025.110776
https://doi.org/10.1016/j.agrformet.2025.110776
http://crossmark.crossref.org/dialog/?doi=10.1016/j.agrformet.2025.110776&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Furthermore, seasonal variations such as crop phenology and dynamic 
carbon allocation, are inadequately represented in plant carbon cycling 
within many LSMs, which hampers the accurate mapping of crop site 
NEE (Boas et al., 2021; Lian et al., 2023; Post et al., 2017; W. H. Zhang 
et al., 2023).

In contrast, crop growth models (CGMs) embedded in agroecosystem 
models simulate crop growth dynamics including detailed species- 
specific physiological processes, such as phenology, nutrient limita
tions, and management practices (e.g., irrigation, fertilization) (Brilli 
et al., 2017; Friend, 1995; Liu et al., 2024; Paustian et al., 2019; Zhou 
et al., 2021). These models estimate carbon fluxes mechanistically, with 
photosynthesis in C3 plants commonly represented by the Farquhar-von 
Caemmerer-Berry (FvCB) model (Farquhar et al., 1980) and its de
rivatives (Bernacchi et al., 2001; Collatz et al., 1992; Farquhar et al., 
2002). Coupled with CGMs, these agroecosystem models estimate 
leaf-level photosynthesis by considering biochemical constraints such as 
electron transport and Rubisco-limited carboxylation and then scale it 
up to canopy-level photosynthesis based on simulated green leaf area 
development. Among these agroecosystem models, the AgroC model 
(Herbst et al., 2008; Klosterhalfen et al., 2017) is one of the few that 
explicitly incorporates agroecosystem carbon flux pathways, e.g., it 
considers root exudates as a source of carbon transferred from plants to 
soil. It has also been reported to provide reliable estimates of NEE at the 
point scale (Herbst et al., 2021). However, despite its ability to close the 
one-dimensional carbon cycle between soil, plants, and the atmosphere, 
the AgroC model, like most CGMs, lacks spatial representation and 
typically requires site- and species-specific parameters, making it diffi
cult to apply for large-scale monitoring and mapping of cropland carbon 
fluxes.

Unmanned aircraft system (UAS) has emerged as a valuable tool for 
more precise and field-specific assessment of crop dynamics due to their 
ability to capture high-resolution imagery with flexible operating times, 
minimal atmospheric interference and low survey costs. UAS also pro
vides opportunities for the integration of LSMs and CGMs at the field 
scale, effectively balancing the broad spatial applicability of LSMs with 
the detailed plant functional mechanisms of CGM (Drees et al., 2024; 
Vigneault et al., 2024). In particular, the integration of Leaf Area Index 
(LAI) derived from UAS observations into CGM has received increasing 
attention as a means of linking retrieved canopy characteristics to 
mechanistic plant biophysical processes (Bukowiecki et al., 2024; Chen 
et al., 2022; Guo et al., 2024; Tang et al., 2023).

LAI, which determines the effective area of plant-atmosphere carbon 
and water exchange, serves as a key indicator of leaf growth and crop 
phenological status under environmental stress (Guo et al., 2021; Van 
Dijke et al., 2020; Yue et al., 2023). Methods for retrieving LAI from 
optical sensors can be broadly categorized into two approaches: 
data-driven empirical statistical approaches and physical-based radia
tive transfer model (RTM) inversion (Fang et al., 2019a). Data-driven 
approaches rely on empirical relationships between LAI and canopy 
spectral observation, primarily through vegetation indices (VIs), 
whereas RTM inversion is based on the physical laws of radiation and 
photons interactions to estimate LAI from spectra. Among RTMs, 
PROSAIL—a combination of the PROSPECT leaf optical property model 
(Jacquemoud and Baret, 1990) and the SAIL canopy reflectance model 
(Verhoef, 1998, 1984; Verhoef et al., 2007) — is widely used for LAI. It 
has been applied to generate LAI products across a wide range of satellite 
sensors (Brown et al., 2020; García-Haro et al., 2018; Li et al., 2015; 
Weiss et al., 2020; Yan et al., 2018) and scales (Bayat et al., 2018, 2016).

Nevertheless, UAS-based crop LAI estimation is primarily used for 
data assimilation, parameterization and site-specific calibration of crop 
models, with the target variables typically being static biomass or yield 
(Khodjaev et al., 2024; Meiyan et al., 2022; Peng et al., 2021; Tao et al., 
2020; Zhou et al., 2017). Moreover, most current UAS-based crop LAI 
estimations rely heavily on empirical vegetation index (VI) models 
(Bates et al., 2021; Bukowiecki et al., 2024; Gong et al., 2021; Li et al., 
2025; Putkiranta et al., 2024; Yang et al., 2023), while physical RTM 

inversion has been primarily explored using UAS-mounted hyper
spectral sensors (Chakhvashvili et al., 2022; Duan et al., 2014; Guo et al., 
2023; Jin et al., 2025; Yu et al., 2017). Although some studies have 
investigated LAI retrieval using UAS-loaded multispectral sensors with 
physical RTM inversion (Chakhvashvili et al., 2022; Sun et al., 2021; 
Verger et al., 2014), to the best of our knowledge, no study has explicitly 
integrated UAS-derived LAI obtained through RTM inversion into CGMs 
to investigate its ability to estimate carbon fluxes in the agroecosystem, 
including GPP, NEE, and TER. Therefore, we propose to integrate 
UAS-derived LAI obtained by RTM inversion using a UAS-mounted 
multispectral sensor with CGMs through the AgroC model. This inte
gration aims to comprehensively evaluate its ability to capture the 
spatiotemporal dynamics of agroecosystem carbon fluxes.

2. Materials and methods

The study follows a workflow structured as shown in Fig. 1. First, 
various types of data are collected, including UAS imagery, ground- 
measured LAI values, and processed EC flux tower records of GPP, 
NEE, and TER. Next, LAI values are retrieved from UAS data using the 
RTM model PROSAIL inversion through a Look Up Table (LUT) 
approach. The retrieved LAI values are validated within the ground 
sampling area, and an interpolated time series of the retrieved LAI is 
integrated into the crop growth scheme within the AgroC model. Four 
versions of the AgroC model are implemented and evaluated, consid
ering two types of photosynthesis pattern (i.e., LUE and FvCB) and the 
source of the LAI information—either internally developed from original 
versions or UAS-derived. Finally, the simulated carbon fluxes are then 
evaluated against EC flux tower observations at daily frequence using 
various performance metrics to identify the best-performing version of 
the AgroC model. This best-performing AgroC version is subsequently 
applied pixel-by-pixel within the study area to map carbon fluxes.

2.1. Data

2.1.1. Study site description and ground-based measurements
The experimental site is a 9.7 ha agricultural field in the River Rur 

catchment basin close to Selhausen, Germany (50◦51′57′’N, 6◦26′50’E). 
This field is recognized as a typical cropland PFT designated as DE-RuS 
by the Integrated Carbon Observation System (ICOS) (Rebmann et al., 
2018) and TERrestrial ENvironmental Observatories (TERENO) network 
(Bogena, 2016). The sampling area including four continuous sampling 
plots (CPs) namely CP02, CP03, CP04 and CP05, are arranged in a cir
cular configuration around the centrally located EC flux tower (Fig. 2). 
Additionally, a rectangular study area of approximately 0.3 ha in the 
centre surrounded by the EC flux tower was selected for carbon flux 
mapping in this study.

The field is situated at an elevation of 103 m above sea level and 
features a gentle southwest-facing slope of 0.3◦ The soil primarily 
comprises Pleistocene loess and Holocene migratory loess, underlain by 
a shallower gravel layer. Within the study area, the soil properties 
exhibit minimal differences in texture and horizontal distribution (Brogi 
et al., 2021). The region experiences a maritime temperate climate, with 
an average annual temperature of 10.0 ◦C and an average rainfall of 
698.0 mm.

In recent years, the field and its neighbouring farmlands have fol
lowed a crop rotation system alternating between sugar beet and winter 
cereals. For the 2019–2020 growing season, the target crop was the 
winter wheat variety RGT Reform (Triticum aestivum), grown from 26 
October 2019 to 28 July 2020.

The EC flux tower, along with other in-situ sensors, provides 
continuous measurement of a range of meteorological variables, 
including air temperature, relative humidity, wind speed, atmospheric 
pressure, and records of water, heat and carbon fluxes. Additional on- 
site hydrological data, such as soil temperature and moisture measure
ments at different soil depths, are available through participation in 
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TERENO. Ground-based LAI measurements were conducted regularly 
within the sampling area throughout the growing season in accordance 
with the ICOS protocol (Gielen et al., 2018) using a SunScan Canopy 

Analysis System (Delta-T Devices Ltd, Cambridge, UK). The 
post-processing of the meteorological and carbon flux measurements is 
comprehensively outlined (Pastorello et al., 2020) and published as level 

Fig. 1. Overview of the study workflow. The two alternative photosynthesis subroutines are shown as FvCB and LUE, namely the Farquhar-von Caemmerer-Berry 
and the Light Use Efficiency approaches.

Fig. 2. Location of the ICOS field indicated with the yellow boundary and the sampling area centred around the EC flux tower. The background is the resampled 1 m 
RGB composite image taken on 16 April 2020 by UAS.
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2 products on the ICOS data portal (ICOS, 2023). The LAI measurements 
also published as ancillary measurements at the DE-RuS site (Schmidt 
et al., 2025). A detailed description of the in-situ sensor measurement 
and variables in ICOS and TERENO product used in this study are pre
sented in Table 1. The variable categories of meteorology, soil climate 
and radiation were primarily used as inputs to the AgroC model, while 
the carbon flux records were used for validation.

2.1.2. The UAS field campaign
The UAS field campaign was conducted using a Micasense RedEdge- 

M multispectral sensor (MicaSense, 2017) mounted on a DJI Matrice 600 
hexacopter (DJI Technology Co., Ltd, Shenzhen, China). The multi
spectral sensor capture data in five bands: blue (475 nm ± 10 nm), green 
(560 nm ± 10 nm), red (668 nm ± 5 nm), red-edge (717 nm ± 5 nm) 
and near infrared (NIR) (840 nm ± 20 nm). A total of five valid UAS field 
campaigns were conducted on 16 April, 26 May, 23 June, 2 July and 9 
July, covering the dominant winter wheat growing season. All the flights 
were conducted at an altitude of 100 m, with a degree of overlap of 
approximately 90 % and a flying speed of 6 m/s, under clear sky con
ditions between 10:00 and 14:00 local time. The Micasense RedEdge-M 
equipped with field of view (FOV) of 46◦and a focal length of 5.4 mm, 
resulting in a Ground Sampling Distance (GSD) of 0.07 m. The sensor 
was positioned at nadir above canopy during each flight, and a reference 
white panel was photographed before taking off for radiometric cali
bration. The pre-processing procedures, including image alignment, 
radiometric processing and calibration, were carried out using the 
agricultural mode in the Pix4Dmapper software (PIX4Dmapper, 2017).

2.2. Method

2.2.1. LAI retrieval from PROSAIL model inversion
The Look-up table (LUT) approach was implemented for LAI retrieval 

using the PROSAIL-D model, which is the combination of PROSPECT-D 
(Féret et al., 2017) leaf optical model and SAIL (Verhoef, 1998, 1984; 
Verhoef et al., 2007) canopy model. The PROSPECT-D model advances 
in its consideration of leaf anthocyanin, allowing the simulation of the 
optical properties of leaves throughout their life cycle, from juvenile to 
senescent stages, as well as their response to environmental stress (Féret 
et al., 2017). The LUT generates a table of precomputed canopy reflec
tance spectra by forward-operating the PROSAIL-D model with a range 
of user-defined input parameters. An iterative minimization algorithm, 
using Root Mean Squared Error (RMSE) as the cost function, was 
employed to identify the simulated spectra that best matched the 
observed canopy spectra.

A total of 5000 simulated canopy spectra were generated using user- 
defined truncated normal distributions (with mean and standard devi
ation) for most of the PROSAIL-D input parameters (Table 2). To address 
the ill-posed issue, which refer to the situations where different 
parameter combinations can produce identical spectra simulations, 
prior knowledge of value range and distribution was incorporated into 
the input parameters (Berger et al., 2018; Danner et al., 2019; Féret 
et al., 2019, 2017; Kong et al., 2016; Schiefer et al., 2021). However, for 
the LAI parameter, the value ranges and distributions follow the in-situ 
measurements (Schmidt et al., 2025) and previous inversion studies 
(Danner et al., 2017; Huang et al., 2019). For more detailed information 
about the parameter ranges and distributions, the reader is referred to 
Table 2. To represent a default nadir observation in mid-high latitude 
summer, the solar zenith angle tts, viewing zenith angle tto, and relative 
azimuth angle psi were set to 30◦, 0◦, and 0◦, respectively.

Furthermore, the spectral response function provided by the Mica
Sense RedEdge-M sensor manufacturer (MicaSense, 2017) was used to 
resample the continuous simulated spectra to five discrete spectral 
bands. The resampling process accounted for weight differences in 
spectral responses. The implementation was carried out using the 
prospect package in R (Féret and de Boissieu, 2024).

2.2.2. The AgroC model
The AgroC model is a numeric model designed to simulate agro

ecosystem carbon dynamics. It integrates three modules, the Simple and 
Universal Crop growth Simulator (SUCROS) (Spitters et al., 1989) for 
crop growth and development, the SoilCO2 model (Šimůnek and Suarez, 
1993) for the transfer and production of soil carbon fluxes, and the 
Rothamsted Carbon Model (RothC) (Coleman and Jenkinson, 1996; 
Smith et al., 1997) for soil organic carbon turnover. Given that the green 
leaves area within the AgroC model is functionally consistent with the 
remote sensing inverted LAI, the green leaf area simulated in the AgroC 
model is regarded as LAI in the following text.

The simulation of plant organ growth within the AgroC model, 
including the development of internal LAI, follows the SUCROS frame
work and is determined by pre-defined initial parameters and tables of 
net dry matter allocation at different developmental stages (DVS). For 
instance, the LAI initially follows exponentially growth from a set initial 
ear area leaf area (EAI), depending on the effective temperature and a 
given relative growth rate (RGR), until the leaves become competitive 
for light, typically defined as a developmental stage (DVS) of 0.3 or a 
total leaf area of 0.75. Thereafter, the rate of LAI expansion during the 
stationary growth period is determined by the net dry matter allocated 
to the leaves. In addition, the development of the DVS is affected by the 
cumulative daytime temperature and is represented by a continuous 
number, with 0 representing sowing, 1 representing flowering and 2 
representing maturity.

The AgroC model has incorporated both the LUE method (Herbst 
et al., 2008) and the FvCB method (De Cannière et al., 2021) as inter
changeable options for simulating photosynthesis, i.e., rate of CO2 
assimilation, which determines the gross dry matter accumulation. The 
LUE approach relates photosynthesis rate to the amount of the absorbed 
photosynthetically active radiation (APAR), while the FvCB approach 
introduces more biophysical constraints. The three dominant 

Table 1 
Description of the variables in the ICOS Level 2 product at DE-RuS site used in 
this study.

Symbol Description Unit Category

GPP_DT_VUT_REF GPP from Daytime 
partitioning method, 
reference selected from 
GPP versions using 
model efficiency 
(MEF).

µmolCO2 

m-2 s-1
Carbon flux

NEE_VUT_REF_JOINTUNC Joint uncertainty 
estimation for 
NEE_VUT_REF, 
including random 
uncertainty and USTAR 
filtering uncertainty.

µmolCO2 

m-2 s-1
Carbon flux

TA_F Air temperature, 
consolidated from 
TA_F_MDS* and 
TA_ERA data.

◦C Meteorology

TS_F_MDS_1* Soil temperature at 
surface layer.

◦C Soil climate

TS_F_MDS_6* Soil temperature at the 
bottom of the soil 
profile.

◦C Soil climate

P_F Precipitation 
consolidated from P 
and P_ERA.

mm Meteorology

SW_IN_F Shortwave incoming 
radiation.

W/m2 Radiation

RH Relative humidity. % Meteorology
PA Atmospheric pressure. kPa Meteorology
WS Wind speed. m/s Meteorology

* The suffix represents the processing method, for example the Marginal Dis
tribution Sampling (MDS) used gap filling is identified by the _F_MDS suffix and 
_ERA represent the ERA-Interim reanalysis data product. More information 
could be found in (Pastorello et al., 2020).
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components, as shown in Eq. (2), are grouped as light limitation, 
Rubisco limitation and water limitation, from left to right, according to 
the major limiting variables. Apart from the light limitation by APAR, 
the Rubisco limitation involved the maximum carboxylation rate 
VCmax, and the water limitation reflects the influence of water avail
ability based on the internal leaf partial pressures for CO2 and O2.

The respiration processes in the AgroC model consist of growth 
respiration, maintenance respiration, and heterotrophic respiration 
(HR), which together as TER and regulate the carbon balance between 
GPP and NEE. The growth and maintenance respiration are directly 
linked to organ-specific development. In contrast, the HR, which rep
resents CO₂ production by soil microorganisms, follows the turnover of 
organic carbon pools as modelled by the RothC scheme. 

GPPLUE = AMAX −

⎛

⎝1 − e−
EFF∗APAR

AMAX

⎞

⎠ ⋅a ⋅f(LAI) (1) 

GPPFvCB = min
(

4.6⋅ζ⋅(ci − Γ∗)⋅APAR
ci + 2⋅Γ∗ ,0.5⋅VCmax,

VCmax⋅(ci − Γ∗)

ci + Kc⋅(1 + oi/Ko)

)

⋅f(LAI)
(2) 

VCmax = a⋅VCmax, 25⋅f(Tair) (3) 

Where APAR represents the absorbed photosynthetically active radia
tion, while a stands for water stress. AMAX and EFF refer to the 
maximum photosynthetic capacity at light saturation and initial light 
use efficiency, respectively. ζ is the quantum efficiency, and Γ∗ is the 
compensation point. f(LAI) describes the partitioning of the total green 
leaf area into sunlit and shaded leaf areas. ci and oi represent the internal 
leaf partial pressure for CO2 and O2, respectively. Kc and Ko are the 
Michaelis-Menten constants for CO2 and O2. Finally, VCmax and VCmax,
25 denote the real time maximum rate of carboxylation and the 
maximum rate of carboxylation at 25◦, respectively.

In this study, four versions of the AgroC model were tested and 
evaluated, considering two photosynthesis modes (i.e., LUE and FvCB) 
and the source of LAI information - original internally developed or UAS- 
derived. The UAS-derived LAI values were integrated into the AgroC 
model using a forcing approach. This method directly replaced the 
internally developed LAI with a linear interpolation of the UAS-derived 

LAI for each available date, ensuring the same temporal consistency as 
the internal AgroC simulations. The four versions of the AgroC model 
were initially operated with the average conditions within the sampling 
area, in which the area average of the UAS-derived LAI was incorpo
rated. The most optimal AgroC model version was then selected and 
applied pixel by pixel over the entire study area at a 1 m resolution. For 
both point-level and area-level operations, the AgroC model was 
executed at hourly intervals within a one-year loop from 1 October 2019 
to 30 September 2020.

The AgroC model incorporated plant-related inputs and initial pa
rameters for the LUE approach that align with the standard winter wheat 
crop settings, which largely adhere to the default settings of the SUCROS 
model (Spitters et al., 1989; Van Laar et al., 1997) and a site-specific 
adjustment based on a calibration study (Klosterhalfen et al., 2017). In 
addition, the two initial reference parameters required for the FvCB 
approach— VCmax,25 and the Ball-Berry stomatal parameter m —were 
set to 80 and 7, respectively, according to literature (Sulis et al., 2015). 
Furthermore, the soil material and hydraulic parameters are averages 
that represent the rectangular study area according to a geophysical 
survey (Brogi et al., 2021). Notably, the effect of water stress a on the 
photosynthesis rate indicated in Eq. (1) and Eq. (3) further affects the 
total dry matter accumulation, which consequently impacts the internal 
LAI development in the AgroC model. To ensure a comprehensive 
comparison of the LAI from disparate sources, no water stress was 
applied in the AgroC versions with UAS-derived LAI incorporated and a 
was assigned to its maximum value of 1.

The hourly meteorological inputs of the AgroC were primarily 
aggregated from the ICOS Level 2 products at the DE-RuS site, except for 
the potential evapotranspiration (ET0), which was calculated using the 
Penman-Monteith method according to the FAO56 (Allen et al., 1998). 
Other required site management details, including sowing and harvest 
dates, were provided by the local farmers. A detailed description of the 
input settings for the AgroC model can be found in Appendix A.

2.2.3. Model performance evaluation
The performance of the AgroC model in estimating temporal carbon 

fluxes was evaluated using a set of key metrics. The Kling-Gupta Effi
ciency (KGE) and its three components (Pearson correlation coefficient 
r, variability α and bias β) (Gupta et al., 2009) were selected, as KGE 
provides a more comprehensive evaluation of model performance than 
traditional metrics like R². Specifically, it captures not only the strength 

Table 2 
Input variables and their distributions for LUT generation from PROSAIL-D models.

Model Symbol Description Range 
(Mean, Stdv)

Unit References

PROSPECT- 
D

N Leaf structure parameter 1.0 – 2.5  
(1.6,0.3)

Unitless Range from (Berger et al., 2018)

Cab Chlorophyll a + b Content 0 – 80  
(44.8,12.2)

μg/cm2 Range from (Berger et al., 2018) and distribution from (Danner et al., 2019)

CAR Carotenoid content 0 – 25.28  
(8.84, 5.14)

μg/cm2 Range and distribution from (Féret et al., 2017)

ANT Leaf Anthocyanin content 0.56 – 2.81  
(1.23,0.36)

μg/cm2 Range and distribution from (Schiefer et al., 2021)

EWT Equivalent water 
thickness

0.004 – 0.034  
(0.0203,0.0062)

cm Range from (Féret et al., 2019) and distribution from (Danner et al., 2019)

LMA Leaf mass per area 0.00166 – 0.0331  
(0.005575,0.0008)

g/cm2 Range from (Féret et al., 2019) and distribution from (Danner et al., 2019)

BROWN Brown pigments content 0 – 1  
(0.17,0.31)

Unitless Range and Distribution from (Danner et al., 2019)

4SAIL LAI Leaf area index 0 – 8  
(3.96,2.00)

m2/m2 Range from (Berger et al., 2018; Danner et al., 2017; Huang et al., 2019) and 
distribution from (Danner et al., 2019)

q Hot spot parameter 0.1 Unitless Default
LIDFa Average Leaf Inclination 

Angle
25 – 78  
(61,13)

deg Range and distribution from (Danner et al., 2019)

psoil Soil reflectance 0.5 Unitless Site-based adjustment and assumed to be Lambertian
tts Solar zenith angle 30 deg Default
tto Viewing zenith angle 0 deg Default
psi Relative azimuth angle 0 deg Default
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of correlation but also the variability and bias between simulated and 
observed dataset, which are critical aspects when assessing time series of 
ecosystem fluxes such as GPP, TER, and NEE. In addition, the root mean 
squared error (RMSE) was also employed to quantify the overall 
magnitude of prediction error. For model evaluation, daily GPP and NEE 
observations from the ICOS dataset were used, while observed TER was 
estimated as the difference between NEE and GPP. To reduce uncer
tainty in TER evaluation, we excluded cases where the estimated TER 
was negative, in accordance with established practices in the literature 
(Noh et al., 2024; Sun et al., 2023).

The comparison was conducted between the measured and simulated 
carbon fluxes on an aggregated daily basis from 1 January 2020 until the 
harvest on 28 July 2020. This was due to insufficient simulated 
vernalization accumulation achieved prior to that time. In addition, to 
evaluate spatial variation, the Pearson correlation coefficient (r) be
tween the ICOS observation and the AgroC simulations were visualized 
for each pixel within the study area. 

KGE = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(r − 1)2
+ (α − 1)2

+ (β − 1)2
√

r =
Σn

i=1(yi − yi)(ŷi − ŷi)̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Σn
i=1(yi − yi)

2 Σn
i=1(ŷi − ŷi)

2
√

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Σ(yi − ŷi)
2

n

√

where r is the Pearson correlation coefficient, which measures the linear 

correlation between the simulated and observed values. α is the vari
ability, defined as the ratio of the simulated data standard deviation to 
the observed data standard deviation. β is the bias, calculated as the 
ratio of the simulated data mean to the observed data mean. yi is the 
observed ground truth dataset, indicating the measured carbon fluxes 
from EC flux tower. ŷi stands for the predict data, i.e. the carbon fluxes 
simulated from the AgroC model. yi and ̂yi represent the average value of 
yi and ŷi, respectively. n is the total number of days in the comparison 
period.

3. Result

3.1. Temporal comparison in LAI and carbon fluxes

The UAS-derived LAI integration outperformed the internally 
developed LAI in both trend and peak detection when compared to the 
ground measurements (Fig. 3). The internally developed LAI in the 
AgroCLUE and AgroCFvCB versions estimated early peaks on 22 April and 
on 15 May, with peak values of 6.04 and 3.77, respectively. In contrast, 
the integrated UAS-derived LAI peaked on 26 May, with a peak value of 
5.32, which was more consistent with the ground measured LAI peak of 
5.02 on 28 May. The process-based developments on other processes, e. 
g., the DVS, are illustrated in Appendix B.

The AgroC model generally captured the seasonal variation of carbon 
fluxes in the sampling area (Fig. 4 and Fig. 5). The simulations of GPP 
and NEE (negative values indicate carbon uptake), showed significant 
improvements in both the AgroCLUE and AgroCFvCB versions after the 
integrating with UAS-derived LAI, which was reflected in lower RMSE 

Fig. 3. The comparison of the LAI in different versions of the AgroC model.
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Fig. 4. Comparison of daily carbon flux time series simulated by the AgroCLUE model and ICOS measurements. The left column shows the simulation results of the 
original AgroCLUE model, and the right column shows the simulation results of the AgroCLUE model integrated with UAS-derived LAI.
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and KGE values closer to 1. Among the tested four configurations of 
AgroC model, the AgroCFvCB version incorporated with UAS-derived LAI 
demonstrated the best performance in GPP estimation (Fig. 5b), 
achieving the lowest RMSE of 3.19 gC m-2 d-1 and the highest KGE value 
of 0.89. Although the original AgroCLUE version incorporated with UAS- 
derived LAI achieved a higher r of 0.94 for GPP simulation (Fig. 4b) due 
to its improved correlation, a slightly better representation in variability 
and bias was obtain with the AgroCFvCB version with UAS-derived LAI 

(Fig. 5b), as evidenced by α and β values closer to 1. The AgroCFvCB with 
UAS-derived LAI also outperformed other configurations in TER esti
mation (Fig. 5f), with the lowest RMSE of 1.85 gC m-2 d-1 and the highest 
KGE value of 0.62. For NEE estimation, the AgroCLUE version incorpo
rated with UAS-derived LAI performed the best (Fig. 4d), achieving the 
highest r of 0.92, lowest RMSE of 2.10 gC m-2 d-1 and the highest KGE 
value of 0.89. Additionally, the supplement scatterplots for each carbon 
flux comparison are listed in Appendix C (Fig. C.1 and Fig. C.2).

Fig. 5. Comparison of daily carbon flux time series simulated by the AgroCFvCB model and ICOS measurements. The left column shows the simulation results of the 
original AgroCFvCB model, and the right column shows the simulation results of the AgroCFvCB model integrated with UAS-derived LAI.

Table 3 
Comparison of the accumulated carbon fluxes amount over the entire growing season from sowing to harvest with ICOS dataset.

Data source/AgroC version Total GPP (gC m-2) Total NEE (gC m-2) Total TER (gC m-2) GPP Bias ( %) NEE Bias ( %) TER Bias ( %)

ICOS observation 1703.00 -792.04 922.42 – – –
Original AgroCLUE 2001.62 -562.78 1402.89 17.53 28.94 52.09
AgroCLUE with UAS-derived LAI 2266.57 -635.49 1591.11 33.11 19.78 72.49
Original AgroCFvCB 1226.63 21.19 1222.78 -27.98 102.68 32.56
AgroCFvCB with UAS-derived LAI 1672.28 -309.20 1334.09 -1.81 60.96 44.63
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Fig. 6. The daily LAI, GPP and NEE mapping for UAS observation dates within the study area. The red circular boundaries represent the four continuous sampling 
plots (CPs).
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Furthermore, the improved accuracy of cumulative GPP and NEE 
from sowing to harvest was also found with UAS-derived LAI. The 
minimal bias of -1.81 % for GPP and 19.78 % for NEE, was both achieved 
with integrating UAS-derived LAI, compared to ICOS measurements 
during the 2019–2020 winter wheat growing season (Table 3). An 
overestimation of cumulative TER is generally observed in all four 
versions of the AgroC models, and the incorporation of LAI exacerbated 
this trend.

3.2. Spatial variation of UAS-derived LAI and carbon fluxes

The best-performing version AgroCFvCB with UAS-derived LAI inte
gration was employed for pixel-by-pixel carbon flux mapping in the 
study area, as it achieved the best result in GPP capture. The carbon 
fluxes spatial variation matches visually with the LAI derived from the 
UAS imagery (Fig. 6). The lowest LAI and GPP values, as well as the 
positive NEE values for all the observation dates, are primarily located 
along the unvegetated tractor paths, the field ridge and the central 
equipment area. Moreover, the observed spatial variation is indicative of 
a phenology shift. For instance, the spatial variation for UAS-derived 
LAI, GPP and NEE on 2 July 2020 corresponded to spatial differences 
in the timing of winter wheat maturity across the field (Fig. 6). In 
addition, the spatial variation of the UAS-derived LAI among the four 
CPs observed in May and June, with a standard deviation of 0.46, was 
comparable to the 0.36 of the ground measurements.

The spatial variation in carbon fluxes also revealed in the daily r over 

time, with r for GPP ranging from 0.16 in non-vegetated areas to 0.94 in 
vegetated area and for NEE range from -0.07 to 0.88 (Fig. 7). The hourly 
RMSE map (Fig. 8) further accentuates this spatial discrepancy, with 
majority green vegetation area achieved RMSE less than 0.28 gC m-2 h-1 

for GPP and NEE. It can be observed that the GPP in the striped vege
tated areas in the northwest region exhibits a weaker correlation with 
the EC tower-measured GPP compared to those in the south, which also 
corresponds to lower LAI values, suggesting poor growth and early 
maturation.

4. Discussion

4.1. UAS in LAI retrieval and cropland carbon fluxes simulation

Our study demonstrates that UAS-mounted multispectral imagery 
enables accurate, high-resolution (1 m) LAI retrieval, effectively 
capturing winter wheat growth dynamics across all stages. The UAS- 
derived LAI closely matched ground measurements, with only a minor 
deviation—peaking just two days earlier and overestimating the 
maximum LAI by 6.15 % (0.31). This level of accuracy underscores the 
robustness of RTM inversion approach, particularly when compared to 
VI-derived LAI estimations using the same dataset (Bates et al., 2021), 
which severely underestimated peak LAI by 40.23 % (2.01). In addition, 
the enhanced performance of UAS-derived LAI in comparison to inter
nally developed LAI within the AgroC model signifies that the retrieved 
LAI from UAS has advantages over crop growth simulations and avoids 

Fig. 7. Map of Pearson correlation coefficient (r) for daily GPP (left) and NEE (right) simulations over time from sowing to harvest, compared with the ICOS ob
servations. The red circular boundaries represent the four continuous sampling plots (CPs).

Fig. 8. Map of RMSE for hourly GPP (left) and NEE (right) simulations over time from sowing to harvest, compared with ICOS observations.
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crop model parameterization when applied over large spatial areas. This 
benefit is particularly pronounced in scenarios where substantial spatial 
variations are observed, such as during the mid-to-late growth stage, 
when there is a noticeable difference in maturity. The AgroCLUE model, 
which used site-calibrated, crop-specific parameters but did not include 
UAS-derived information, simulated a peak LAI of 6.04. This is slightly 
higher than the 5.6 reported for winter wheat at the same site in 2009 
(Klosterhalfen et al., 2017). However, this is still within a plausible 
variation range, as the same study also documented that peak simulated 
LAI values could vary by up to 1.4-fold between normal and drought 
years at another winter wheat site. These findings underscore the role of 
climate-driven LAI interannual variability.

In addition to the benefits of accurate LAI retrieval, the integration of 
UAS-derived LAI into the AgroC model reduces the uncertainties in 
satellite-based GPP estimation and addresses the challenges of coarse 
resolution in capturing vegetation heterogeneity (Pacheco-Labrador 
et al., 2022). Despite the findings of prior studies indicating poorer 
carbon fluxes temporal monitoring at the DE-RuS site due to a lack of 
regional crop rotation data and limited access to high-quality satellite 
products (Du et al., 2022; Fang et al., 2019b; Liu et al., 2018), our 
approach demonstrates superiority in GPP and NEE estimates at the 
same test site. Our best-performing model (AgroCFvCB integrated with 
UAS-derived LAI) achieves superior accuracy in GPP simulation from 
sowing to harvest (R² = 0.85, RMSE = 2.78 gC m⁻² d⁻¹, KGE = 0.91; 
results not shown), surpassing the reported leading satellite-driven LUE 
model (R² = 0.73, KGE = 0.76, RMSE = 3.0 gC m⁻² d⁻¹) at the same 
DE-RuS site (Du et al., 2022). Additionally, our GPP estimates exhibit 
comparable accuracy to other satellite-driven GPP models that involve 
site-calibrated or crop-specific parameters, such as those by Jiang et al. 
(2021) (R² = 0.81, RMSE = 2.62 gC m⁻² d⁻¹) and Meroni et al. (2019) (R² 
= 0.68, RMSE = 2.7 gC m⁻² d⁻¹), while our model maintains higher 
hourly temporal resolution. Moreover, our best model underestimates 
GPP by a minimum of only 0.97 gC m⁻² d⁻¹ (4.3 %), outperforming 
another agroecosystem model, SPA-Crop model, tested on a winter 
wheat field (Revill et al., 2019), which exhibited an average underes
timation of 5.2 gC m⁻² d⁻¹ (26 %) for GPP.

Our approach highlights the gaps in NEE spatiotemporal capture by 
combining UAS-derived LAI with the AgroC model, and our NEE tem
poral capture results at the DE-RuS site outperform those simulated from 
process-based LSMs. The default settings for the CLM-5 model and its 
winter wheat version CLM-WW result in higher RMSE values (8.03 and 
7.86 gC m⁻² d⁻¹, respectively) and lower correlation indicated by r (0.21 
and 0.33) during the 2017/2018 winter wheat season at the DE-RuS site 
(Boas et al., 2021). In contrast, our best-performing model (AgroCFvCB 
integrated with UAS-derived LAI) model reduces this error to just 3.69 
gC m⁻² d⁻¹ from sowing to harvest and achieves an average daily r of 0.78 
(result not shown). Similarly, our approach performs well in capturing 
the accurate NEE amplitude, underestimating the peak by 3.16 gC m⁻² 
d⁻¹ (24.8 %), while another agroecosystem model SPA-Crop (Revill 
et al., 2019), reported an underestimate peak NEE by 6.2 gC m⁻² d⁻¹ (46 
%).

In addition to temporal accuracy, our approach effectively captures 
within-field spatial variations in carbon fluxes. In purely vegetated re
gions, our NEE simulations are consistent with a multiple point-level 
study (Herbst et al., 2021), which reports correlation between hourly 
simulated and measured NEE over time ranging from 0.34 to 0.85 
(average r = 0.66) across 15 sites within a sugar beet field. In compar
ison, our UAS-based estimates exhibited a similarly strong correlation 
with the ICOS measurements at hourly frequence, with pixel-level 
hourly r values ranging from 0.61 up to 0.88 and an average of 0.82 
within the sampling area (see Appendix C Fig. C.3). Despite the negative 
Pearson correlation coefficient (r) in few non-vegetated pixels (Fig. 7) 
arises from the expected contrast between modelled daily CO₂ emissions 
(positive NEE, dominated by soil respiration) and tower-measured fluxes 
(negative NEE, dominated by vegetation uptake in surrounding vege
tated zones). This spatial mismatch does not indicate a model bias but 

rather reflects differing land cover contributions—a phenomenon sup
ported and explored in several studies (Bellucco et al., 2017; Nordbo 
et al., 2012). Moreover, the boundaries with large differences in the r 
and RMSE mapping are similar to the soil property boundaries between 
the soil type C1a and C1b reported in a land survey (Brogi et al., 2021, 
2020). The former soil type generally exhibits higher average r values 
and lower average RMSE values for hourly GPP and NEE statistics. These 
findings suggest that spatial variations in LAI-driven GPP are strongly 
linked to subsurface soil properties and demonstrate that the addition of 
UAS-based LAI inversion can eliminate the need for site-specific 
parameter tuning in crop growth modelling. However, given the rela
tively minor soil heterogeneity and single-season experiment that was 
conducted in the present study, further large-scale and multi-year in
vestigations are required if a full understanding of the UAS-AgroC 
approach is to be achieved in relation to variations in soil hydrologi
cal properties or interannual climatic variability. While our study 
demonstrates the value of UAS-derived LAI for improving carbon flux 
estimation, several operational challenges remain in scaling this 
approach for large-scale agricultural management. Key considerations 
include balancing flight frequency, sensor limitations, and computa
tional demands with the desired level of accuracy. Although more 
frequent observations would help capture finer temporal dynamics of 
LAI, our results suggest that at least five well-timed UAS campaigns, 
aligned with key phenological stages, are sufficient for reliable LAI 
estimation in winter wheat. This approach achieves fair carbon flux 
predictions (r ≥ 0.81, RMSE≤ 3.19 gC m-2 d-1) while reducing opera
tional costs compared to continuous monitoring.

For larger-scale applications, future efforts should focus on expand
ing the current AgroC-UAS framework into an AgroC-satellite moni
toring system. This integrated system would combine process-based 
crop models with high-resolution (e.g., Sentinel-2, PlanetScope) to 
balance temporal resolution and spatial coverage. The resulting high- 
resolution carbon flux maps can directly support precision agriculture 
by informing data-driven fertilization and irrigation decisions at sub- 
field scales. Future research is needed to identify optimal observation 
frequencies across diverse crops and landscapes, and further enhance 
the modelling framework by incorporating soil–vegetation interactions.

4.2. Photosynthesis approach and the contribution of LAI integration

Our study highlights notable differences in the mechanisms of the 
two photosynthesis approaches and demonstrates the advantage of FvCB 
over LUE in integrating UAS-derived LAI for GPP estimation. The orig
inal AgroCFvCB generally produces lower GPP estimates compared to the 
original AgroCLUE model. Furthermore, when both approaches are in
tegrated with the same UAS-derived LAI, the AgroCFvCB outperforms 
AgroCLUE in GPP simulations, showing a closer match with the EC flux 
tower GPP measurements.

These differences and improvements can be attributed to the explicit 
consideration of biochemical constrains and a more accurate represen
tation of stress responses in the FvCB approach, which accounts for 
acclimation mechanisms in response to CO2 concentration and stomatal 
conductance. Additionally, the biochemical and physically based rep
resentation of photosynthesis in the FvCB approach, with less reliance 
on empirical parameter tuning, makes it more reliable for detailed 
coupling with RTMs (Ainsworth et al. 2007; Bambach et al., 2020; Cai 
et al., 2018), such as the Soil Canopy Observation, Photochemistry and 
Energy fluxes model (SCOPE) (van der Tol et al., 2009).

In contrast, LUE models rely on empirical relationships between light 
absorption and carbon fixation. The parameterization of correction 
factors for temperature, water stress, and other constraints is site- or 
PFT-specific, making it difficult for LUE models to capture seasonal GPP 
variability and adapt to future climate scenarios (Flanagan et al., 2015; 
Lin et al., 2017; Sawada and Miyachi, 1974). Additionally, these de
pendencies introduce uncertainties in long-term GPP estimations (Pei 
et al., 2022).
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The improvements in GPP prediction with LAI integration stem from 
the established relationship between LAI and GPP, as described in Eq. 
(1) and Eq. (2). The overestimation of the UAS-derived LAI values in 
comparison to the internal developed LAI in AgroCLUE and AgroCFvCB 
(Fig. 3) led to higher GPP and TER estimates from June to mid-July 
(Fig. 4 and Fig. 5), which more closely aligned with flux tower obser
vations. Nevertheless, GPP is not determined by LAI alone, but is also 
influenced by ambient light conditions, crop properties and photosyn
thetic mechanisms (Bayat et al., 2018; De Cannière et al., 2021; Herbst 
et al., 2008). This can be evident from the temporal mismatch between 
GPP and LAI peaks. While UAS-derived LAI reached its maximum on 26 
May (Fig. 3), the GPP peaks for AgroCFvCB with UAS-derived LAI 
(Fig. 5b) and AgroCLUE with UAS-derived LAI (Fig. 4b) occurred later on 
19 June and earlier on 28 May, respectively.

Although the integration of LAI retrieved from UAS generally im
proves all three carbon fluxes estimation in both AgroCLUE and 
AgroCFvCB, its impact on TER and NEE remains relatively limited. The 
LAI directly relates to the shoot respiration, which contributes most to 
the autotrophic respiration (AR) (Suleau et al., 2011; Wang et al., 2015). 
However, the plant-related AR only accounts for 60 % to 80 % of total 
TER (Demyan et al., 2016; Suleau et al., 2011), the rest microbial HR is 
less influenced by LAI and remains poorly explained by plant biotic 
factors. Furthermore, the explicit consideration of belowground respi
ration processes including HR and root AR in the AgroC model also 
explains the general overestimation of NEE accumulation from sowing 
till harvest, in comparison to EC tower measurements (Table 3), as well 
as its tendency to produce consistently positive TER values, indicating a 
sustained release of CO₂ from ecosystem respiration throughout the 
main growing season. These findings are consistent with previous 
studies (Klosterhalfen et al., 2017; Schiefer et al., 2021).

Additionally, while nonlinear LAI interpolation may better capture 
rapid early-season growth in winter wheat crops, linear interpolation 
provides an assumption-free approach that aligns well with observed 
vegetation dynamics (Casa et al., 2012; Peng et al., 2024). Its structural 
simplicity makes it more suitable for scaling to large, diverse cropping 
systems. The use of linearly interpolated LAI to compare with or replace 
simulated values is also consistent with practices in existing remote 
sensing–driven land surface models such as SCOPE and CLM (Lawrence 
et al., 2019; van der Tol et al., 2009), where robustness and simplicity 
are prioritized for the sake of spatial integrity.

Several studies have explored modifications to the LUE approach to 
enhance its biochemical process representation for GPP prediction 
(Guan et al., 2021; H. H. Zhang et al., 2023), in which a site-level 
attempt to integrate FvCB into an LUE framework was achieved in the 
P-model (Stocker et al., 2020). However, to better account the below
ground respiration processes and enhance carbon cycle predictions, 
including TER, further research should focus on mechanistic integration 
of UAS observations with biophysical processes. The coupling of the 
RTMs with crop growth models through biochemical FvCB photosyn
thesis approach could be a promising way to improve the carbon fluxes 
prediction in agroecosystems within the modelling framework.

5. Conclusion

In this study, we inverted the PROSAIL model against UAS imagery 

using a physical-based RTM inversion approach and integrated the 
retrieved LAI into the agroecosystem model to estimate agroecosystem 
carbon fluxes. Our results demonstrate that integrating UAS-derived LAI 
with the AgroC model improves both the temporal and spatial accuracy 
of agroecosystem GPP and NEE estimations, enabling high-resolution (1 
m) and high-frequency (hourly) monitoring in a winter wheat field. The 
AgroCFvCB model, integrated with UAS-derived LAI, provided the most 
accurate daily GPP estimates, while the AgroCLUE model, integrated 
with UAS-derived LAI, delivered the best daily NEE estimates. Addi
tionally, our approach of combining the superior performance of the 
AgroCFvCB model and the UAS-derived LAI enabled high-resolution 
mapping of GPP and NEE, effectively capturing within-field spatial 
variations in a winter wheat field.

Despite the improvements incorporating canopy physical in
teractions through RTM inversion and photosynthetic biochemistry 
through the FvCB approach, the integration of UAS-derived LAI showed 
limited improvement in TER estimation. This limitation is likely due to 
challenges in accurately capturing belowground respiration processes. 
These findings highlight the need to integrate UAS observations with 
plant biophysical processes in a more mechanistic manner. Further 
studies should further investigate the coupling of the RTM and AgroC 
models to improve the representation of agroecosystem carbon fluxes.

Overall, this study highlights the potential of integrating high- 
resolution UAS imagery with the AgroC model to enhance the spatio
temporal assessment of the agroecosystem carbon fluxes. Extending this 
approach to different crop types and environmental conditions could 
further validate its applicability and improve our understanding of 
carbon dynamics in agricultural landscapes.
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Appendix A. Supplements to the AgroC model implementation

The initial settings for AgroCLUE model photosynthesis parameters are listed in Table A.1. Table A.2 describes the reduction of maximum 
photosynthesis rate response to temperature in the LUE approach. From Table A.3, Table A.4, Table A.5, Table A.6, Table A.7 give a general view of 
plant growth through organ-specific dry matter partitioning and their responses to temperature.

The soil map is provided in Fig. A.1 and the corresponding properties for the majority two soil types within the study area are listed in Table A.8, 
Table A.9
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Table A.1 
Plant parameters setting for winter wheat crop relevant to LAI development and GPP simulation.

Abbreviation (Unit) Variables

RGR (ha/ha/ ◦C/d) relative growth rate during exponential leaf area growth 0.012
SLA (ha leaf/kg DM) Specific leaf area of new leaves 0.0016
RKDF Extinction coefficient for diffuse PAR flux 0.75
SCP scattering coefficient of leaves for PAR 0.2
AMX (kg CO2/ha leaf/h) potential CO2 assimilation rate of a unit leaf area for light saturation 75
EFF ((kg CO2/ha leaf/h)/(J/m2/s)) initial light use efficiency 0.5
Tempstart (◦C) Accumulate temperature for spring growth 436
NSL (N/ m2) number of seedlings per m2 260

Table A.2 
Daily average daytime temperature against reduction factor of the maximal light 
assimilation rate.

Accumulated daily temperature Reduction factor of the maximal light 
assimilation rate

0.0 0.005
4.0 0.3
10.0 0.6
15.0 0.8
20.0 1.0
30.0 0.01

Table A.3 
DVS against fraction of dry matter allocated to the leaves.

Development stage Fraction of dry matter allocated to leaves

0 0.7
0.1 0.7
0.25 0.75
0.5 0.65
0.7 0.175
0.95 0
2 0

Table A.4 
DVS against fraction of dry matter allocated to the shoot.

Development stage Fraction of dry matter allocated to leaves

0 0.33
0.1 0.33
0.2 0.42
0.35 0.60
0.4 0.67
0.5 0.78
0.7 0.85
0.9 0.92
1.2 1.0
2.0 1.0

Table A.5 
DVS against fraction of dry matter allocated to the stem.

Development stage Fraction of dry matter allocated to leaves

0 0.3
0.1 0.3
0.25 0.25
0.5 0.3
0.7 0.4
0.95 0.275
1.05 0
2 0
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Table A.6 
Pre-anthesis reduction factor of the development rate as a function of temperature.

Accumulated daily temperature Reduction factor of the development rate

-10 0.0000
0 0.0000
2 0.0021
5 0.0032
10 0.0064
15 0.0167
20 0.0224
25 0.0279
30 0.0335
35 0.0391
40 0.0447

Table A.7 
Post-anthesis reduction factor of the development rate as a function of temperature.

Accumulated daily temperature Reduction factor of the development rate

-10 0.0000
0 0.0000
2 0.0037
5 0.0083
10 0.0165
15 0.0157
20 0.0209
25 0.0262
30 0.0314
35 0.0367
40 0.0418

Fig. A.1. Geophysics-based soil map that provides detailed soil information of the study area gathered from (Brogi et al., 2020).
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Table A.8 
The averaged soil properties within the study area (Corg: organic carbon content) and calibrated hydraulic parameters (θr: residual water content; θs: saturated water 
content;
a: inverse of the bubbling pressure; n: shape parameter; Ks: saturated hydraulic conductivity.

Soil type Profile horizons θr(cm-3cm-3) θs(cm-3cm-3) a (cm-1) Ks(cm h-1) n (-)

C1a 0–10 cm 0.0661 0.4405 0.0221 0.2848 1.3261
​ 10–30 cm 0.0659 0.4220 0.0202 0.2175 1.3253
​ 30–80 cm 0.0746 0.3951 0.0172 0.1287 1.3083
​ 80–2000 cm 0.0756 0.3937 0.0183 0.1442 1.3093
C1b 0–10 cm 0.06327 0.4444 0.0224 0.3019 1.3297
​ 10–30 cm 0.06309 0.4258 0.0205 0.2317 1.3293
​ 30–80 cm 0.07302 0.397 0.0176 0.1386 1.312
​ 80–2000 cm 0.07701 0.3893 0.0176 0.1287 1.3056

Table A.9 
The soil properties at site. (IRPM: Initial concentration of the resistant plant material; IBIO: Initial concentration of the biomass; IHUM: Initial concentration of the 
humus pool; IOM: Initial concentration of the inert organic matter pool).

Soil type Clay ( %) IRPM (g/cm-3) IBIO (g/cm-3) IHUM (g/cm-3) IOM (g/cm-3)
​ 0.171 0.002003 0.0002486 0.0112 0.001216
​ 0.171 0.002003 0.0002486 0.0112 0.001216
​ 0.213 0.001112 0.0001463 0.006551 0.0006459
​ 0.110 0.001112 0.0001463 0.006551 0.0006459

Appendix B. Development stage

Fig. B.1

Fig. B.1. Changes in the DVS in the AgroC model. Note that the DVS depends only on temperature and is identical for all four AgroC model versions.

Appendix C. Correlation between daily observed and simulated carbon fluxes

Fig. C.1, Fig. C.2, Fig. C.3
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Fig. C.1. Correlation between measured and simulated daily carbon fluxes from ICOS and the AgroCLUE models.
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Fig. C.2. Correlation between measured and simulated daily carbon fluxes from ICOS and the AgroCFvCB models.

Fig. C.3. Map of Pearson correlation coefficient (r) for hourly GPP (left) and NEE (right) simulations over time from sowing to harvest, compared with the ICOS 
observations. The red circular boundaries represent the four continuous sampling plots (CPs).
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Data availability

Data will be made available on request.
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Sánchez-Zapero, J., Camps-Valls, G., 2018. Derivation of global vegetation 
biophysical parameters from EUMETSAT Polar System. ISPRS J. Photogrammetry 
Remote Sens. 139, 57–74. https://doi.org/10.1016/j.isprsjprs.2018.03.005.

Gielen, B., Acosta, M., Altimir, N., Buchmann, N., Cescatti, A., Ceschia, E., Fleck, S., 
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Šimůnek, J., Suarez, D.L., 1993. Modeling of carbon dioxide transport and production in 
soil: 1. model development. Water. Resour. Res. 29, 487–497. https://doi.org/ 
10.1029/92WR02225.

Smith, P., Smith, J.U., Powlson, D.S., McGill, W.B., Arah, J.R.M., Chertov, O.G., 
Coleman, K., Franko, U., Frolking, S., Jenkinson, D.S., Jensen, L.S., Kelly, R.H., 
Klein-Gunnewiek, H., Komarov, A.S., Li, C., Molina, J.A.E., Mueller, T., Parton, W.J., 
Thornley, J.H.M., Whitmore, A.P., 1997. A comparison of the performance of nine 
soil organic matter models using datasets from seven long-term experiments. 
Geoderma 81, 153–225. https://doi.org/10.1016/S0016-7061(97)00087-6.

Spitters, C.J.T., van Keulen, H., van Kraalingen, D.W.G., 1989. A simple and universal 
crop growth simulator: SUCROS87. In: Rabbinge, R., Ward, S.A., van Laar, H.H. 
(Eds.), Simulation and Systems Management in Crop Protection. Simulation 
Monographs. Pudoc, Wageningen, pp. 147–181.

Stocker, B.D., Wang, H., Smith, N.G., Harrison, S.P., Keenan, T.F., Sandoval, D., Davis, T., 
Prentice, I.C., 2020. P-model v1.0: an optimality-based light use efficiency model for 

simulating ecosystem gross primary production. Geosci. Model. Dev. 13, 1545–1581. 
https://doi.org/10.5194/gmd-13-1545-2020.

Storm, I., Karstens, U., D’Onofrio, C., Vermeulen, A., Peters, W., 2023. A view of the 
European carbon flux landscape through the lens of the ICOS atmospheric 
observation network. Atmos. Chem. Phys. 23, 4993–5008. https://doi.org/10.5194/ 
acp-23-4993-2023.

Suleau, M., Moureaux, C., Dufranne, D., Buysse, P., Bodson, B., Destain, J.P., 
Heinesch, B., Debacq, A., Aubinet, M., 2011. Respiration of three Belgian crops: 
partitioning of total ecosystem respiration in its heterotrophic, above- and below- 
ground autotrophic components. Agric. For. Meteorol. 151, 633–643. https://doi. 
org/10.1016/j.agrformet.2011.01.012.

Sulis, M., Langensiepen, M., Shrestha, P., Schickling, A., Simmer, C., Kollet, S.J., 2015. 
Evaluating the influence of plant-specific physiological parameterizations on the 
partitioning of land surface energy fluxes. J. Hydrometeorol. 16, 517–533. https:// 
doi.org/10.1175/JHM-D-14-0153.1.

Sun, B., Wang, C., Yang, C., Xu, B., Zhou, G., Li, X., Xie, J., Xu, S., Liu, B., Xie, T., Kuai, J., 
Zhang, J., 2021. Retrieval of rapeseed leaf area index using the PROSAIL model with 
canopy coverage derived from UAV images as a correction parameter. Int. J. Appl. 
Earth Obser. Geoinf. 102, 102373. https://doi.org/10.1016/j.jag.2021.102373.

Sun, W., Luo, X., Fang, Y., Shiga, Y.P., Zhang, Y., Fisher, J.B., Keenan, T.F., Michalak, A. 
M., 2023. Biome-scale temperature sensitivity of ecosystem respiration revealed by 
atmospheric CO2 observations. Nat. Ecol. Evol. 7, 1199–1210. https://doi.org/ 
10.1038/s41559-023-02093-x.

Tang, Y., Zhou, R., He, P., Yu, M., Zheng, H., Yao, X., Cheng, T., Zhu, Y., Cao, W., 
Tian, Y., 2023. Estimating wheat grain yield by assimilating phenology and LAI with 
the WheatGrow model based on theoretical uncertainty of remotely sensed 
observation. Agric. For. Meteorol. 339, 109574. https://doi.org/10.1016/j. 
agrformet.2023.109574.

Tao, H., Feng, H., Xu, L., Miao, M., Long, H., Yue, J., Li, Z., Yang, G., Yang, X., Fan, L., 
2020. Estimation of crop growth parameters using UAV-based hyperspectral remote 
sensing data. Sensors 20, 1296. https://doi.org/10.3390/s20051296.

van der Tol, C., Verhoef, W., Timmermans, J., Verhoef, A., Su, Z., 2009. An integrated 
model of soil-canopy spectral radiances, photosynthesis, fluorescence, temperature 
and energy balance. Biogeosciences. 6, 3109–3129. https://doi.org/10.5194/bg-6- 
3109-2009.

Van Dijke, A.J.H., Mallick, K., Schlerf, M., MacHwitz, M., Herold, M., Teuling, A.J., 2020. 
Examining the link between vegetation leaf area and land-atmosphere exchange of 
water, energy, and carbon fluxes using FLUXNET data. Biogeosciences. 17, 
4443–4457. https://doi.org/10.5194/bg-17-4443-2020.

Van Laar, H.H., Goudriaan, J., Van Keulen, H., 1997. SUCROS97: Simulation of Crop 
Growth for Potential and Water-Limited Production situations. as applied to Spring 
Wheat. AB-DLO, Wageningen/Haren. 
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