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Highlights

What are the main findings?

e A physically consistent crop FVC retrieval framework was developed by dynamically
parameterizing the G (0) function within a PROSAIL-based inversion scheme.

e Large-scale validation across China demonstrates that the proposed method signifi-
cantly improves FVC estimation accuracy for four major crops compared with SNAP
and GEOV3.

What are the implications of the main findings?

e  Dynamic treatment of canopy structural parameters reduces structural uncertainty in
RTM-based crop FVC retrieval.

e  The proposed approach provides a robust and scalable solution for high-resolution
crop monitoring using Sentinel-2 imagery.

Abstract

Fractional vegetation cover of crops (CropFVC) is a critical indicator for remote sensing-
based crop monitoring. However, existing inversion models are largely developed for
general vegetation types, limiting their effectiveness for crop-specific applications. Here,
we developed a gap-fraction-refined hybrid CropFVC model that integrates crop-specific
PROSAIL calibration, an ALA (averages of leaf angle) -based dynamic projection function,
and a Random Forest model. The model was validated with 43343 CropFVC samples of
four major crops (winter wheat, rice, maize, and soybean) across China during March
to August 2024, spanning key phenological stages, and further compared against SNAP
(10 m) and GEOV3 (300 m) products. Results showed that (1) the proposed model achieved
stable performance across diverse canopy structures, with average RMSE < 9.3% for wheat,
rice, maize, and soybean; (2) compared with SNAP (10 m), RMSE decreased by 4.83%,
3.10%, 7.51%, and 8.63% for wheat, rice, maize, and soybean, respectively; compared with
GEOV3 (300 m), reductions reached 7.88%, 9.49%, 13.63%, and 19.75%, respectively. Further
observations showed that the model-derived CropFVC captured intra-field variability
and abnormal crop conditions well, enabling more accurate monitoring of crop-specific
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FVC dynamics across phenological stages. The proposed operational framework enhances
CropFVC estimation by improving canopy structural representation and reducing retrieval
bias. By enabling more accurate 10 m CropFVC mapping at the field scale, the crop-
specific approach provides practical support for precision agriculture and crop-related food
security monitoring.

Keywords: PROSAIL; gap fractional; random forest; FVC; dynamic projection function;
SNAP; GEOV3

1. Introduction

Fractional vegetation cover (FVC) is defined as the percentage of vertically projected
area of green vegetation elements within a unit ground area [1]. As a key canopy parameter
of vegetation, it plays a significant role in multiple Earth system processes [2]. The FVC of
crops (hereafter referred to as CropFVC) is an important indicator of crop growth and a
critical input for crop growth models [3]; therefore, it provides essential support for precise
and smart agriculture.

Traditional CropFVC observation using in situ measurements is time-consuming,
costly, and unsuitable for large-scale, dynamic CropFVC monitoring [4]. With advances in
remote sensing, multi-temporal, multi-scale, and multi-source data acquisition has become
feasible, enabling large-scale and continuous monitoring of CropFVC. Although recent
advances have explored vegetation fraction extraction through RGB-based classification
strategies, such as adaptive thresholding approaches applied to camera or Unmanned
Aerial Vehicle (UAV) imagery [5], these methods enable fine-scale vegetation delineation
and primarily operate through image segmentation. CropFVC retrieval from multispectral
satellite reflectance observations operates under different spatial scales and radiometric
conditions and is typically addressed through reflectance-driven inversion approaches.
These methods are generally classified into five categories: empirical models, spectral
mixture analysis (SMA), physical models, machine learning models, and hybrid inversion
approaches [6,7].

Empirical models relate spectral indices (e.g., (Normalized Difference Vegetation In-
dex) NDVI, Enhanced Vegetation Index (EVI)) to field-measured FVC. They are simple,
efficient, and can achieve high accuracy in specific regions. However, their lack of physical
interpretability limits their transferability across regions and sensors [8]. SMA is based
on physical assumptions of spectral mixing, and has been widely applied in large-scale
products such as the LSA SAF FVC [9]. A commonly used method for FVC estimation
is the pixel dichotomy model [10], which assumes a two-endmember (vegetation—soil)
linear mixture. Various techniques have been developed to determine V, and Vi, the
vegetation index values corresponding to full vegetation cover and bare soil, respectively.
These techniques include the observational data approach [4,11], image statistical analy-
sis method [12], and the multi-angle observations [13]. More recently, three-endmember
models [14] and crop-specific five-endmember models [15] have been developed. Nev-
ertheless, accurate endmember extraction remains a major challenge, particularly for
high-resolution imagery.

Radiative Transfer Models (RTMs) establish a quantitative relationship between
canopy reflectance and FVC based on radiative transfer theory. PROSAIL is the most
widely used model for crop parameter retrieval [16], including FVC estimation. How-
ever, traditional RTM-based inversion suffers from ill-posedness, meaning that multiple
parameter combinations can produce similar reflectance spectra [17]. More recently, data-
driven approaches such as machine learning, particularly deep learning, have emerged
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as powerful tools for FVC inversion and are now widely used in the generation of global
and regional FVC products, such as GLASS FVC [18] and HiGLASS FVC [19]. Compared
with traditional physical or empirical approaches, machine learning models are capable of
capturing complex, nonlinear relationships between multi-source remote sensing datasets
and vegetation structural parameters [20]. To integrate the strengths of both physical
and data-driven approaches, hybrid inversion strategies have been proposed, combining
physically constrained samples or RTM-simulated datasets with machine learning models
to improve the accuracy of FVC estimation [21]. Notable examples of hybrid-based opera-
tional products include CYCLOPES FVC [22], the GEOV3 FVC product series [23,24], and
Sentinel-2 -based FVC generated using the Sentinel Application Platform (SNAP).

Hybrid FVC estimation methods often incorporate gap fraction models to establish a
physically based mapping in which canopy structural and physiological parameters deter-
mine gap fraction and canopy reflectance, and, consequently, FVC [25,26]. In practice, RTMs
are used to simulate canopy reflectance under vary structural and physiological conditions,
where gap fraction models are applied to derive the corresponding FVC values, thereby
generating labeled datasets that serve as training data for machine learning algorithms.
While hybrid inversion strategies are widely adopted for estimating FVC for general veg-
etation at a regional-to-global scale, their performance often degrades when applied to
crop-specific retrievals [27]. This limitation could arise from two structural inconsistencies:
(1) Most hybrid frameworks rely on generic or fixed canopy parameterization schemes that
fail to capture crop-specific variations in canopy architecture and phenological dynamics,
leading to systematic mismatches between modeled radiative transfer behavior and actual
crop canopies. For instance, the average leaf angle (ALA), a key parameter influencing
canopy spectral characteristics [28], is typically allowed to range from 0° to 90° in general
models, whereas actual crop canopies exhibit much narrower leaf-angle distributions under
typical management, making extreme angles uncommon. Calibrating ALA to crop-specific
distributions improves structural realism and better captures inter-species structural het-
erogeneity [29]. (2) The projection function governing canopy gap fraction and extinction
processes is commonly assumed to be constant (G (0) = 0.5), implicitly assuming a spherical
leaf-angle distribution. However, many crop canopies deviate from this distribution [30],
which alters the functional relationship between gap fraction and Leaf Area Index (LAI),
and consequently degrades the inversion accuracy.

To address these issues, we developed a gap-fraction-refined hybrid CropFVC in-
version framework that integrates crop-differentiated parameterization and pixel-based
dynamic G (0) within an RTM-informed learning scheme. The objective is to improve the
physical consistency and robustness of large-scale CropFVC estimation under Sentinel-2
observations. By explicitly accounting for crop-specific canopy structures, the proposed
framework enables practical 10 m CropFVC mapping for large-scale and operational agri-
cultural applications.

2. Data and Methods
2.1. Study Area and Field Sampling

From March to August 2024, our research team conducted ten province-scale field
sampling campaigns for FVC measurement across four major crops, i.e., winter wheat, rice,
maize, and soybean, covering major grain-producing regions in China (Figure 1). In total,
we surveyed 38 experimental sites, each consisting of a homogeneous crop area exceeding
400 m x 400 m. Sampling was conducted using low-altitude unmanned aerial vehicles
(UAVs), specifically the DJI Mavic 3E (M3E) and DJI Mavic 3M (M3M) platforms (DJI,
Shenzhen, China). To ensure optimal image quality, UAV flights were conducted under
clear, cloud-free conditions between 10 a.m. and 2 p.m., with a front overlap of 80% and
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a side overlap of 70%. Flight altitudes were selected to achieve centimeter-level spatial
resolution, with RGB imagery ranging from 0.85 cm to 1.9 cm, and multispectral imagery
ranging from 1.44 cm to 3.25 cm.
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Figure 1. Study area and sampling design in 2024. (al,a2) UAV platforms and field sampling
setup; (b1-b4) examples of Unmanned Aerial Vehicle (UAV) imagery collected at sample sites;
(c1-c4) ground photographs of representative sampling locations; (d) overview of the study area;
(e—g) spatial distribution of sample sites across three provinces in China.

To obtain representative CropFVC samples, surveys were conducted in Heilongjiang,
Henan, and Hubei provinces. Each experimental site was visited at least twice to capture
FVC measurements across key phenological stages of winter wheat, rice, maize, and soy-
bean. Specifically, Henan Province included 20 winter wheat experimental sites and eight
maize sites; Heilongjiang Province included five soybean sites, two maize sites, and two
rice sites; and Hubei Province included one rice site (Figure 1). The sampling schedule
for each specific crop was as follows: (i) Winter wheat: Sites W1~4 in Huaxian (28 March,
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27 April and 15 May), W5~8 in Xiayi (18 April and 18 May), W9~12 in Taikang (22 March,
1 May and 21 May), W13~W16 in Zhengyang and W17~20 in Dengzhou (21 March,
26 April and 14 May); (ii) Maize: sites C1~4 in Taikang (14 July, 23 July), C5~8 in Shangshui
(23 July, 15 August), and C9~10 in Hailun (18 June, 23 July); (iii) Rice: site R1 in Huanggang
(17 July, 1 August, 23 August), R2 in Hailun and R3 in Beilin (18 June, 23 July); (iv) Soybean:
sites S1~54 in Hailun and S5 in Beilin (18 June, 23 July).

2.2. Construction of 10 m FVC Samples

For each experimental site, the original centimeter-level resolution UAV imagery was
preprocessed using DJI Terra software (V4.2.5). Then, the imagery was classified using a
supervised Support Vector Machine classifier trained with numerous visually interpreted
samples for crop classification, which has been widely adopted in high-resolution crop
mapping studies [31,32]. Mapping accuracy was assessed through visual interpretation, in
which 40 circular plots (10 m diameter) were randomly selected within each 400 m x 400 m
site. In cases of obvious misclassification or omission, the workflow was repeated from the
first step to re-optimize the training samples. To match the spatial resolution of Sentinel-2
imagery (10 m), grids with 10 m x 10 m cells were generated based on the corresponding
Sentinel-2 scene. The ground-truth CropFVC for each grid cell was then calculated as the
proportion of centimeter-level crop pixels within that cell (Figure 2).

UAV
images

Sample extraction

Jeffries—Matusita
distance>1.8

Crop classification(SVM modle)

Pixel Statistics

Validation

\
\

Soybean -

10 m FVC matched

with Sentinel-2 MSI
A/B image grid

Figure 2. Workflow for generating 10 m UAV-derived CropFVC.

To supplement CropFVC samples for branching-stage soybeans, 0.75 m Jilin-1 satellite
imagery on 1 July 2024 was used for the S4 and S5 soybean experimental areas. Prepro-
cessing of this imagery was performed using the PIE-Ortho 7.0 platform. The 0.75 m
CropFVC was then calculated using the pixel dichotomy model. Finally, 10 m x 10 m
grids were generated from co-related Sentinel-2 imagery, and the 10 m ground-truth
CropFVC values were obtained by aggregating the proportion of 0.75 m crop pixels
within each grid cell (Figure 2). The quality control process to further integrate the 10 m
CropFVC samples from UAV and Jilin-1 satellite imagery included (i) visual interpreta-
tion and imagery quality assessment, (ii) Sentinel-2 NDVI-based calibration to remove
outliers, and (iii) crop-specific noise removal using statistical residual analysis. In total, the
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ten province-scale field sampling campaigns conducted in 2024 produced a database of
43,343 10 m pure CropFVC samples, comprising 8662 wheat, 8074 soybean, 5945 rice, and
20,662 maize samples.

2.3. Remote Sensing Imagery

In this study, the SNAP FVC and GEOV3 FVC products at the experiment sites were
used for indirect validation of the proposed model, as they adopted an RTM-based inversion
framework comparable to our framework and provide relatively high-resolution FVC for
crop monitoring [33].

Cloud-free, level-L2A Sentinel-2 multispectral imagery from the 38 experimental sites
was the main input data for the proposed model and for the Biophysical Processor (52BP)
processor to estimate CropFVC. The Sentinel-2 imagery, with acquisition dates as close as
possible to the field sampling dates, was obtained from the Hub (https:/ /browser.dataspace.
copernicus.eu/, accessed on 10 April 2025). The acquisition dates and corresponding tiles
were as follows: (i) Winter wheat: 26 April 2024 (50SKE), 19 March 2024, 18 May 2024
(50SKC), 19 March 2024, 26 April 2024, 13 May 2024 (50SKB), 20 March 2024, 24 April 2024
(49SES), 20 March 2024 (49SES); (ii) Rice: 16 June 2024, 16 July 2024 (with number 52TCT),
6 August 2024, 16 August 2024 (with number 50RKU); (iii) Maize: 16 June 2024, 16 July 2024
(with number 52TCT), 30 July 2025, 11 August 2024 (with number 50SCK); (iv) Soybean:
16 June 2024, 16 July 2024 (with number 52TCT).

GEOV3 FVC products were obtained from the Copernicus Global Land Service portal
(https:/ /land.copernicus.eu/, accessed on 27 April 2025), with a spatiotemporal resolution
of 10 days and 300 m. In this study, GEOV3 FVC products with acquisition dates closest
to the corresponding Sentinel-2 imagery were selected: (i) Henan Province: winter wheat
(20240320, 20240420, 20240430, 20240510, 20240520), maize (20240731, 20240810); (ii) Rice in
Huangzhou, Hubei Province (20240801, 20240820); (iii) Soybean, maize, and rice in Hailun,
Suihua, and Beilin, Heilongjiang Province (20240620, 20240720).

2.4. A Gap Fraction-Refined Hybrid FVC Inversion Framework

The overall workflow of the proposed model is illustrated in Figure 3. First, dif-
ferentiated PROSAIL-D input-parameter tables were established for four major crops,
i.e., winter wheat, rice, soybean, and maize, based on a systematic literature review of crop-
specific physical models and expert agronomic knowledge. A global sensitivity analysis
was then conducted within these predefined parameter ranges to support the refinement of
crop-specific parameterization (see Section 2.4.1). The PROSAIL-D model (Python version
PROSAIL-2.0.alpha, released 9 September 2022) was subsequently used to simulate canopy
spectral reflectance across the 400-2500 nm range. These spectra were then resampled with
the Sentinel-2 MSI A /B spectral response functions to generate a canopy reflectance dataset
consistent with Sentinel-2 band characteristics (see Section 2.4.2). Next, using a refined
Beer-Lambert formulation (see Section 2.4.3), the simulated LAI values were converted
into theoretical FVC values, forming a simulated training dataset consisting of reflectance
in 12 spectral bands and the corresponding FVC labels. Finally, this dataset was used to
train an RF regression model on the Google Earth Engine (GEE) platform for CropFVC
inversion based on Sentinel-2 imagery (see Section 2.4.4). Details on each step are described
in the following subsections.
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Figure 3. The gap fraction-refined hybrid FVC inversion framework.
2.4.1. Crop-Specific Parameterization of the PROSAIL-D Model
Following the initial establishment of the crop-specific PROSAIL-D input-parameter
tables, a global sensitivity-based parameter relevance assessment was conducted using
SimLab 2.2 software to evaluate both the individual and interactive effects of each pa-
rameter on the model output. Together with agronomic prior knowledge and previous
studies [16,29,34], this analysis supported the refinement of crop-specific input ranges
summarized in Table 1. It is important to note that we selected the ellipsoidal option
(LIDFtype = 2) to parameterize the leaf angle distribution (LAD) using ALA, rather than the
two-parameter LIDF formulation (LIDFa and LIDFb). This choice is a pragmatic compro-
mise and follows most operational retrieval schemes in large-scale PROSAIL applications
and the Sentinel-2 biophysical product chains [35,36].
Table 1. Parameter setup for four major crops.
Parameters Range (or Value)
. - - Steps
(Units) Wheat Rice Maize Soybean
N 1-1.5 1-1.5 1.2-1.8 1.2-2 0.5/0.5/0.6/0.8
_ Gab(pg/e?) 180 20/10/10/20
Car (pg/cm?) 25% Cab -

o Swlem) 002 o
Cm (pg/cm?) 0.002-0.008 0.002-0.008 0.004-0.02 0.004-0.032 0.006/0.003/0.016/0.014
~Canth (pg/ecm?) 2 e
S Coleg/em?) 0

LAI 0-7 0.5
- ALA() 4070  50-70 5070 3060 5

https:/ /doi.org/10.3390/rs18050751


https://doi.org/10.3390/rs18050751

Remote Sens. 2026, 18, 751

8 of 20

Table 1. Cont.

Range (or Value)

Param.eters Steps
(Units) Wheat Rice Maize Soybean
Psoil 0-1 0-0.3 0-1 0-1 0.25
77777 Hots 005
sy -0 20
o to(®d o e
o psi) o e

2.4.2. Canopy Reflectance Simulation

The PROSAIL-D model couples the PROSPECT-D model [37] and the SAIL canopy
model [38]. The PROSPECT-D simulates leaf reflectance and transmittance as functions of
structural and biochemical parameters, including leaf structure, chlorophyll content, water
content, and dry matter content. The SAIL model is a bidirectional canopy reflectance
model that assumes the canopy is a horizontally homogeneous, infinitely extended layer of
leaves with isotropically distributed azimuth. The raw spectra simulated by PROSAIL-D
cannot be directly applied for parameter inversion and were therefore convolved with
the spectral response functions of Sentinel-2 MSI to match its band characteristics. This
step generated crop-specific sample datasets, comprising 33,600 winter wheat, 48,000 rice,
43,200 maize, and 50,400 soybean samples.

2.4.3. Refinement of the Gap Fraction Model

Since FVC is not a direct input or output variable of the PROSAIL model, it is com-
monly derived using the gap fraction model [39], which is based on Beer-Lambert’s law:

G(6)-Q -LAI > "

cosf

Py(0) = exp<—

where Py(0) is the canopy gap fraction in a given direction 6; LAI is the leaf area index;
Q is the clumping index, typically taken as one, as per prior studies [40]; and G(0) is
the projection function that describes the average projected leaf area in the direction 6.
According to the definition of FVC, the calculation is usually performed at the nadir
direction (6 = 0°) [25], therefore yielding

FVC =1- Py() 2)

FVC =1—exp(—G(0)*LAI) 3)

Thus, the key to accurate FVC estimation lies in the proper determination of G(0).
While the extinction coefficient K, which is a key parameter that characterizes the attenua-
tion of solar radiation within the vegetation canopy, physically represents the ratio of the
canopy’s projected area on a horizontal plane to the total leaf area [41] and is defined as:

G(0)
cosf

K(9) = 4)

Campbell [42,43] proposed an ellipsoidal distribution model, in which K is defined as
the ratio of the projected shadow area of an ellipsoid to its surface area. The formula and
description are as follows: assuming the vertical semi-axis is 2 and the horizontal semi-axis
of the ellipsoid is b, the projected shadow area at a zenith angle 0 (S,) is given by:

NI—=

S = mib? [1 n (aztanze/bz)} )
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And the surface area of an ellipsoid is given by the following formulas:

Sy = 2mb?[1 + (bg’—l)sinflsl]

Sy = 27tb2{1 + (2;2252>1n[(1 +e)/(1—¢ )]}

(6)

where S; and S; refer to the surface areas of a prolate spheroid and an oblate spheroid. Once
the projected shadow area and the ellipsoid surface area are determined, K is calculated

as follows:
2 2
K ZSSA VATE Eélln G,X <1
1 sin™ “eq
25 x2+:m29 @
— A —
K= T T e X2 1

X+ 1+€2]’ -

1
2exx n { T-¢y
Here, ¢ is the eccentricity of the ellipsoid, and y is the ratio of the horizontal semi-axis
to the vertical semi-axis of the ellipsoid, defined as x = b/a. The expressions for ¢ are:

= (1-x%)%x <1
1 8)
o=(01-x2)x>1

Accordingly, the expression for G(8) is:

A ©)
G(9) = sznn)]cos&x >1

- 1 1+eo
Xt 222)(1“[1—&2

Generally, the value of x ranges from 0.1 to 10. When x < 1, the ellipsoid’s horizontal
axis is shorter than its vertical axis, indicating a larger average leaf inclination angle. When
x = 1, the ellipsoid becomes a theoretical sphere. When x > 1, the horizontal axis is longer
than the vertical axis, indicating a smaller average leaf inclination angle. The parameter y is
strongly related to the mean leaf inclination angle (MLIA), and their empirical relationship
is expressed as follows [30,44]:

o ) —0.6061 (10)

where o refers to MLIA. In this study, the PROSAIL-retrieved ALA at the pixel level was
treated as a proxy for the MLIA in the Campbell model to parameterize the ellipsoidal LAD,
under a unimodal ellipsoidal LAD assumption and negligible explicit clumping effects.
This is an explicit approximation that is considered reasonable when LADs are unimodal,
as typically assumed in ellipsoidal models [42,43]. The distinction between arithmetic
averages of leaf angles (ALAs) and distribution-based means (e.g., MLIA) has been well
documented in canopy architecture studies [45]. We emphasize that ALA ~ MLIA is not a
universal identity, but a practical simplification adopted here because Sentinel-2 provides
single-view multispectral observations with limited sensitivity to independent LAD shape
parameters, leading to equifinality with LAI and leaf optical traits (see Section 2.4.1). To
ensure internal consistency, we verified the use of consistent angular conventions (leaf angle
defined relative to zenith) and unit conversions (degrees-radians). By substituting ALA
into Equation (10), x can be possibly estimated, which in turn allows for the calculation of
G(0) (Equations (8) and (9)), and ultimately, FVC when combined with PROSAIL-derived
LAl values (Equation (3)). Although approximate, this substitution allows the estimation
of the ellipsoidal parameter x from PROSAIL-retrieved ALA, which in turn enables the
calculation of a pixel-wise, dynamic, and crop-specific G(0) rather than assuming a fixed
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spherical value of 0.5. Based on the simple yet physically consistent chain (PROSPECT-
ALA — x — G(0) — FVC), we bridged physical consistency with operational feasibility,
providing a more realistic representation of crop canopy projection geometry, which directly
benefits accurate CropFVC estimation when combined with LAL

Based on the refined gap fraction model introduced above, the crop-specific datasets
derived in Section 2.4.2 from PROSAIL-D were integrated with FVC labels, providing
large-scale crop-specific theoretical FVC simulations. Here, the total number of simulated
training samples reached 33,600 for winter wheat, 43,200 for rice, 43,200 for maize, and
50,400 for soybeans.

2.4.4. RTM-Informed Random Forest Training for CropFVC Retrieval

The RF model was selected for CropFVC inversion due to its suitability for handling
high-dimensional Sentinel-2 spectral data, capturing nonlinear relationships between re-
flectance and FVC, and maintaining robustness against noise and overfitting. Here, the
canopy reflectance data from Sentinel-2 bands B3, B4, B5, B6, B7, B8, BSA, B11, and B12 in
the constructed training set were used as input features, while the theoretical FVC values
served as labels for training the RF model. The trained model was then applied to real
Sentinel-2 imagery at experimental sites to estimate crop-specific FVC.

2.5. Model Evaluation

The estimated crop-specific FVC was directly validated against the 10 m pure CropFVC
sample database collected in 2024. A stratified random sampling strategy was employed to
construct the validation sample set. For each crop type, the full set of CropFVC samples
was first divided into 10 gradient intervals, from which 8 samples were randomly selected
per interval. An additional 70 samples were then randomly drawn from the remaining data,
yielding a total of 150 validation points per crop. Model performance was evaluated using
standard metrics (Equations (11)—(13)). To enhance robustness and stability, the stratified
random sampling procedure was repeated 10 times, and the final inversion accuracy for
each crop was expressed as the average of the evaluation metrics across all iterations.

n =2
RMSE = # %100 11)
R2 — [2?:1(%‘ *3) (yl - ?)]z - (12)
Ying (i = %) (vi — Y)
Y (yi—xi)
Bias = == (13)

where x; is the field measured FVC; y; is the FVC from model inversion; ¥ is the mean
of the field measured FVC; ¥ is the mean of the FVC from model inversion; n is the
sample size.

In addition to direct validation, indirect validation was conducted by comparing the
model-inverted CropFVC with existing RTM-based operational retrieval chains. Specifically,
SNAP-based FVC values for experimental sites were used for comparison. To ensure
consistency and avoid potential biases from different sample batches, the same 40 sets of
measured samples (10 iterations per crop) used for method validation in Section 3.1 were
also employed for validating the SNAP FVC. Furthermore, the GEOV3 FVC product was
compared with the model-inverted FVC across the sampling areas, enabling performance
assessment from both temporal and spatial perspectives.
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3. Results
3.1. Model Validation Using Field Samples of 2024

The results of ten independent random sampling trials for the four crop types are
summarized in Table S1. Overall, the proposed method exhibited consistently high accuracy
in 10 m FVC retrieval across different crops. For winter wheat, the RMSE ranged from 6.34%
to 6.98% (average: 6.61%), R? from 0.81 to 0.85 (average: 0.83), and bias averaged 0.01. For
rice, the RMSE ranged from 6.16% to 7.12% (average: 6.61%), R? from 0.90 to 0.92 (average:
0.91), and averaged bias was —0.01. For maize, the RMSE ranged from 8.78% to 9.92%
(average: 9.3%), R? from 0.90 to 0.92 (average: 0.91), and average bias ~—0.02. For soybean,
the RMSE ranged from 5.94% to 6.65% (average: 6.26%), R? consistently reached ~0.93, and
the average bias was 0.01. These results indicate that the model provides crop-specific FVC
estimates with strong agreement with reference data across the four crop types.

Taking the best-performing trial (with the lowest RMSE) as an example (Figure 4), the
model-inverted FVC exhibited strong agreement with observations across all four crops,
with R? consistently above 0.84 and RMSE below 8.8%. Specifically, RMSE values were
6.34% for winter wheat, 6.16% for rice, 8.78% for maize, and 5.94% for soybeans. The
average bias for all crops remained within £0.02, indicating minimal systematic error and
further demonstrating the robustness and reliability of the proposed method across diverse

crop types.
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Figure 4. Validation of the proposed model based on CropFVC samples collected in 2024. Results are
shown separately for four major crops, with each panel representing a specific crop (winter wheat,
rice, maize, and soybean).
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3.2. Performance Comparison
3.2.1. Comparison with SNAP FVC

To compare the accuracy of the proposed model with that of the SNAP-based FVC
product at 10 m resolution, the latter was validated using the same 40 sets of measured sam-
ples (150 samples per set) described in Section 3.1. This ensured consistency in evaluation
and avoided potential biases caused by differences in sample batches. The results (Table S2)
show that the average RMSE values for four crops (winter wheat, rice, maize, and soybean)
were 11.17%, 9.26%, 16.29%, and 14.57%, respectively, and the average bias values were
approximately 0.09, —0.01, 0.11, and 0.12, respectively. Using the same 600 samples as in
Figure 4, the accuracy of the SNAP-derived FVC for winter wheat, rice, maize, and soybean
was demonstrated in Figure 5. Compared with Figure 4, the FVC values estimated by the
proposed method show markedly higher consistency with the field-measures, especially
for maize and soybean. Moreover, the proposed method effectively mitigates the overesti-

mation tendency of SNAP FVC in high-value regions and yields more reliable estimates
during the later growth stages of the crops.
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Figure 5. Comparison of SNAP-based FVC and model-derived FVC using samples collected in

2024. Results are shown separately for four major crops, with each panel representing a specific crop
(winter wheat, rice, maize, and soybean).

3.2.2. Comparison with GEOV3 FVC

To further evaluate robustness, the model-inverted FVC was also compared with
the GEOV3 FVC product from a temporal and spatial perspective. Here, spatiotemporal
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matching was performed by aggregating dense field-measured 10 m FVC sampling points
into 300 m resolution sample units. Temporally, the “closest-date” principle was applied,
whereby the FVC product observation closest to the sample acquisition date was selected.
Spatially, the GEOV3 grids were first overlaid with experimental sites and only those
grids where field samples covered more than 30% of the area were retained. To ensure
reliability, grids with high uncertainty were excluded based on visual interpretation and
a neighborhood statistical consistency check. For the remaining valid grids, the average
field-measured FVC and model-inverted FVC were calculated and then compared against
the corresponding GEOV3 FVC values.

The accuracy comparison of the four major crops at the 300 m scale (Figure 6) indicates
that the GEOV3 FVC consistently shows a systematic overestimation, which becomes more
pronounced in the later stages of crop growth. Specifically, the RMSE values for winter
wheat, rice, maize, and soybean were 12.77%, 13.91%, 22.24%, and 25.15%, respectively; all
substantially higher than those of the proposed model. Moreover, the proposed method
outperformed the GEOV3 in terms of R?, RMSE and bias across all four crops, demonstrat-
ing superior accuracy and stability. It is worth noting that, compared to the point-based
evaluation with 150 individual 10 m samples, the grid-based aggregation reduced the
impact of noise and local outliers, thereby slightly improving the overall accuracy.
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Figure 6. Comparison between the model-derived and GEOV3 FVC values at the 300 m scale. Results

are shown separately for four major crops, with each panel representing a specific crop (winter wheat,
rice, maize, and soybean).
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Two representative GEOV3 grids were selected for further spatiotemporal comparison
of CropFVC dynamics between the model-derived and GEOV3 products. Both grids corre-
spond to winter wheat-maize rotation areas, located entirely within 400 m Site W11/C3 and
Site W16, respectively. These two grids were chosen because they fully capture a complete
winter wheat-maize rotation cycle and are representative of typical crop management
practices in Henan, the major grain-producing province of China. Figure 7 presents the
time series trajectories of model-derived FVC and GEOV3 FVC at the 300 m scale from
October 2023 to November 2024. In addition, the top panels of Figure 7a,b provide visual
comparisons, with the upper rows showing model-derived FVC tiles at 10 m resolution

and the lower rows presenting the corresponding GEOV3 FVC images at 300 m resolution
on the closest date.
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Figure 7. Spatiotemporal comparison of FVC dynamics in typical croplands: (a) 400 m x 400 m site
W11/C3 (34.0685°N, 114.6815°E) and (b) site W16 (32.3394°N, 114.2679°E).
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The results show that the model-derived FVC exhibits overall consistent temporal
dynamics with the GEOV3 FVC products across both rotation sites (Figure 7a,b). However,
GEOV3 FVC values are systematically higher than those of the proposed model, particularly
during rapid growth phases and around peak FVC periods in both crop seasons. This
overestimation trend is consistent with the findings reported in the previous section.

Compared with GEOV3, the proposed method based on Sentinel-2 imagery provides
FVC estimates at a finer spatial resolution (10 m), allowing more detailed capture of within-
field variation and spatial heterogeneity. This higher resolution enables the model to
better represent local differences during crop development, particularly around critical
growth stages, where coarse-resolution products such as GEOV3 (300 m) tend to smooth
or overestimate canopy density. For example, in Figure 7a, the GEOV3 FVC at the peak
growth stage of maize is noticeably higher than that derived from the proposed method.
Field verification with UAV imagery confirms that lodging occurred in this site, which
reduced the actual canopy cover. While the coarse-resolution GEOV3 product failed to
detect this localized phenomenon, the proposed method successfully captured the reduced
FVC, demonstrating its advantage in accurately reflecting fine-scale crop conditions.

4. Discussion
4.1. Impact of Canopy Structural Refinement on CropFVC Estimation

By combining the strengths of physical modeling, machine learning, and crop-
specific refinements, the proposed framework improves large-scale CropFVC estima-
tion at 10 m resolution. This improvement can be attributed to two complementary
canopy-structure refinements:

(1) Crop-specific parameterization of the RTM. This study constructed differentiated
PROSAIL input parameter tables for each crop by incorporating prior agronomic
knowledge and systematically reviewing previous research. Previous research has
demonstrated that a tailored physical model parameterization improves the repre-
sentation of forward-modeled canopy variables for specific vegetation cover. For
example, Berger [16] summarized typical PROSAIL-D parameter ranges for wheat,
rice, maize, soybean, and sugar beet, providing important reference values for in-
put settings. Jiao [29] optimized ALA through field spectral measurements and RF,
identifying mean angles of 62° for wheat and 45° for soybean, which markedly im-
proved chlorophyll inversion accuracy. These findings underline the importance of
crop-specific parameterization in producing more realistic synthetic datasets while
reducing redundancy. Therefore, PROSAIL-D parameters in our study were calibrated
in a crop-specific manner to ensure that canopy structure and optical traits were more
accurately represented for each individual crop type. In this context, LAl and ALA
are introduced as simulation constraints within the PROSAIL-based training process
rather than as operational input variables. Here, ALA serves as a proxy for canopy
angular structure, ensuring that the framework remains applicable at large scales
without requiring direct structural measurements.

(2) Crop-specific refinement of the projection function with dynamic G (0). The canopy
projection function G (0) plays a significant role in FVC estimation [46] but is often
oversimplified as a constant value of 0.5, corresponding to the assumption of a
spherical LAD where leaf normal is uniformly distributed with MLIA approximate
57.3° [46,47]. However, studies have shown that this spherical assumption may
significantly underestimate canopy transmittance [48]. In crop-specific applications,
such an assumption may be invalid due to the diversity, seasonality, and heterogeneity
of crop canopies [30].
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This study refined a 10 m pixel-based dynamic G (0) for crops by a simple but physi-
cally consistent chain (PROSPECT-ALA — x — G (0)), allowing for improved CropFVC
retrieval compared with the conventional assumption of G (0) = 0.5. To further assess the
influences of G (0) on model accuracy, a reference hybrid model identical to the proposed
one was constructed, except that the dynamic crop-specific G (0) was replaced with the
constant value of 0.5. Using the same 40 sample sets from four crop types (150 samples per
set, Section 3.1) and the same 10-fold cross-validation strategy, the reference model with a
fixed projection function, G (0) = 0.5, exhibited reduced accuracy compared to the proposed
framework (Table S3). Specifically, the average RMSE increased by 5.14% (0.83% ~10.07%)
across all crops, and the mean bias increased from —0.02 to 0.15. These results indicate that
refining G (0) contributes to improved CropFVC retrieval performance when integrated
into the proposed crop-specific inversion framework.

The magnitude of improvement varied among crop types and did not follow a strictly
crop-dependent pattern, despite theoretical expectations that erectophile (e.g., maize) or
planophile (e.g., soybean) canopy structures would benefit more from dynamic G (0). This
reflects the fact that the performance gains reported in Section 3 arise from the combined ef-
fects of crop-specific PROSAIL parameterization and dynamic refinement of the projection
function, rather than from dynamic G (0) alone. In practice, dynamic G (0) enhances the
structural consistency between simulated and observed canopies, while residual uncertain-
ties related to canopy clumping and sub-pixel heterogeneity, particularly in row-structured
crops, may attenuate its observable impact. Given the exponential sensitivity of FVC to
G (0) (Equation (3)), incorporating per-pixel G (0) corrections derived from inverted ALA
provides a physically consistent and numerically influential, yet targeted, improvement
over the oversimplified assumption of a constant spherical leaf angle distribution.

The above experiment also proved that the explicit operational chain (ALA — x —
G (0) — FVC) used in our study can disentangle the effect of the fixed spherical assumption
(G (0) = 0.5) from that of a dynamic, canopy-dependent G (0). By making this chain
explicit outside the PROSAIL black box, this explicit framework is not only beneficial for
interpretability and transparency but also provides flexibility for further optimization of
the canopy extinction process. It offers an ‘interface’ to integrate additional structural
corrections, such as canopy clumping indices, row orientation, or non-random foliage
distributions, that are known to affect extinction and gap fraction but are not represented
in the classical random canopy hypothesis of SAIL [43].

4.2. Toward Crop-Specific High-Resolution FVC Products

High-resolution, crop-specific FVC products are increasingly required to support smart
and precision agricultural management. However, existing global or generic FVC products,
such as SNAP and GEOV, often show limited accuracy when applied to individual crop
types, particularly at the field scale.

SNAP- and GEOV3-based FVC products are primarily designed for large-scale, multi-
biome applications, where robustness and global consistency are prioritized over crop-
specific structural representation. In this study, these generic FVC products tend to exhibit
a systematic overestimation under moderate to high FVC conditions across all four crops,
which is consistent with earlier studies [49]. The bias constrains the ability of these products
to capture strong phenological dynamics and complex canopy structures.

Moreover, the magnitude and manifestation of these biases vary across crop types.
Our comparison reveals a consistent crop-dependent pattern in both SNAP FVC (10 m)
and GEOV3 FVC (300 m): wheat and rice are estimated more accurately than maize
and soybean, consistent with previous findings [50]. The relatively higher RMSE values
observed for maize (16.29% in SANP; 22.24% in GEOV3) and soybean (14.57% in SNAP;
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25.15% in GEOV3) may be attributed to the generalized parameterization schemes and
canopy structure assumptions embedded in the training database of these products, which
are not fully representative of the complex and heterogeneous canopy architectures of
TOW Crops.

The limitations noted above highlight the need for crop-specific FVC products that
explicitly account for canopy structural variability and phenological dynamics, rather
than relying on generic parameterizations optimized for global land surface monitoring.
Developing such crop-specific, high-precision FVC products is therefore essential for
advancing large-scale agricultural monitoring and precision farming applications.

4.3. Limitations and Outlooks

Several limitations should be acknowledged and addressed in future work. First,
the explicit operational chain (PROSAIL-ALA — x — G (0) — FVC) is based on a single-
parameter ellipsoidal LAD assumption. Despite its operational feasibility, the ellipsoidal
LAD assumption cannot always fully represent the actual LADs of row crops [51,52].
Future work should therefore explore the use of two-parameter LAD formulations, sup-
ported by either multi-angle satellite observations or dedicated LAD field campaigns, to
better capture crop- and stage-specific LAD dynamics. Second, several factors such as
canopy clumping (), crop row structure, and canopy heterogeneity also affect extinction
processes. Future improvements could incorporate () derived from direct LAD measure-
ments or high-resolution canopy reconstructions to capture a realistic characterization
of LAD and canopy aggregation. Third, although UAV imagery provides high spatial
resolution, uncertainties associated with image acquisition, radiometric inconsistencies,
and classification-based vegetation extraction remain unavoidable [5,53]. Future studies
could validate UAV-derived FVC with ground-based photography to better quantify its
influence and associated uncertainties.

5. Conclusions

CropFVC is a key indicator of crop growth, yet existing RTM-based FVC retrieval
models and products, largely developed for general vegetation types, often exhibit re-
duced accuracy when applied to crop-specific FVC estimations. To address this lim-
itation, we proposed a gap fraction-refined hybrid FVC inversion model to enhance
CropFVC estimation.

Leveraging ten province-scale field-sampling campaigns across four major crops
(winter wheat, rice, maize, and soybean) spanning March to August 2024, the proposed
model was validated against a CropFVC database covering key phenological stages
(e.g., jointing, heading, and grain filling) across major grain-producing regions in China.
Results showed that (1) the model achieved stable performance across all crops, with
R? > 0.85 and RMSE < 10% for wheat, rice, maize, and soybean; and (2) compared with
SNAP FVC (10 m), the proposed method reduced RMSE, by 4.83% (winter wheat), 3.10%
(rice), 7.51% (maize), and 8.63% (soybean). Compared to GEOV3 FVC (300 m), the RMSE
reductions were even greater, reaching 7.88%, 9.49%, 13.63% and 19.75%, respectively.
Moreover, the model better captured intra-field variability and abnormal crop conditions,
providing a more accurate representation of CropFVC dynamic across growth stages.

By introducing crop-specific calibration and a dynamic gap fraction formulation,
the proposed model enhances CropFVC estimation and outperforms existing RTM-based
inversion FVC products across scales, enabling high-resolution (10 m) CropFVC mapping
over large areas. These advances point to a promising pathway for the development of next-
generation FVC products tailored to agricultural applications, with important implications
for precision agriculture and food security monitoring.
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