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Abstract: Biophysical variables play a crucial role in understanding phenological stages and crop
dynamics, optimizing ultimate agricultural practices, and achieving sustainable crop yields. This
study examined the effectiveness of the Sentinel-2 Biophysical Processor (S2BP) in accurately estimat-
ing crop dynamics descriptors, including fractional vegetation cover (FVC), leaf area index (LAI),
leaf chlorophyll a and b (LCab), and canopy water content (CWC). The evaluation was conducted
using estimation quality indicators (EQIs) and comprehensive ground throughout the entire growing
season at the field scale. To identify soil and vegetation pixels, the spectral unmixing technique was
employed. According to the EQIs, the best retrievals were obtained for FVC in around 99.9% of the
23,976 pixels that were analyzed during the growth season. For LAI, LCab, and CWC, over 60% of the
examined pixels had inputs that were out-of-range. Furthermore, in over 35% of the pixels, the output
values for LCab and CWC were out-of-range. The FVC, LAI, and LCab estimates agreed well with
ground measurements (R2 = 0.62–0.85), whereas a discrepancy was observed for CWC estimates when
compared with ground measurements (R2 = 0.51). Furthermore, the uncertainties of FVC, LAI, LCab,
and CWC estimates were 0.09, 0.81 m2/m2, 60.85 µg/cm2, and 0.02 g/cm2 through comparisons to
ground FVC, LAI, Cab, and CWC measurements, respectively. Considering EQIs and uncertainty
metrics, the order of the estimation accuracy of the four variables was FVC > LAI > LCab > CWC.
Our analysis revealed that temporal variations of FVC, LAI, and LCab were primarily driven by
field-scale events like sowing date, growing period, and harvesting time, highlighting their sensitivity
to agricultural practices. The robustness of S2BP results could be enhanced by implementing a pixel
identification algorithm, like embedding spectral unmixing. Overall, this study provides detailed,
pixel-by-pixel insights into the performance of S2BP in estimating FVC, LAI, LCab, and CWC, which
are crucial for monitoring crop dynamics in precision agriculture.

Keywords: canopy water content; fractional vegetation cover; leaf area index; leaf chlorophyll content;
sentinel-2 biophysical processor; spectral unmixing

1. Introduction

Continuous monitoring of crop growth throughout the growing season plays a critical
role in increasing crop yields and minimizing costs and inputs for the agriculture indus-
try [1]. Acquiring knowledge on biophysical variables, including fractional vegetation
cover (FVC), leaf area index (LAI), canopy chlorophyll content (CCC), and canopy water
content (CWC), is vital for comprehending agricultural ecosystems [2]. Accurately estimat-
ing these parameters is essential for land use and environmental applications, including
precision agriculture, land surface monitoring, natural resource management, hydrological
modeling, and global climate change monitoring [3–6]. The paramount importance of these
parameters lies in their role in comprehending phenological stages and crop dynamics,
which is crucial for optimizing agricultural practices and achieving sustainable crop yields.
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FVC is defined as the ratio of vertically projected vegetation area to total surface
area [7]. Through plant transpiration, photosynthesis, and surface albedo, FVC plays a piv-
otal role in climatic and biogeochemical cycles [8,9]. FVC is critical in monitoring vegetation
growth status and understanding human-environment relationships (e.g., deforestation,
land degradation, and desertification) [8,10]. LAI, representing one-half of the total green
leaf area per unit of horizontal ground surface, is a crucial vegetation structural variable
that is instrumental in the feedback of plants to the climate system [11]. Global Climate
Observing System (GCOS) considers LAI to be an essential climatic variable [12] since it
is a vital variable in key processes like energy and mass exchange, canopy interception,
and gross photosynthesis [13]. Furthermore, key agricultural models utilize variables
such as LAI as inputs, including the FAO-56 Penman–Monteith model, which calculates
reference and potential crop evapotranspiration [14]. CCC is defined as the total amount of
chlorophyll pigments in a contiguous group of plants per unit ground area, depicting the
distribution of chlorophyll pigments across the three-dimensional canopy surface [15]. CCC
is a product of leaf chlorophyll a and b (LCab) and LAI. CCC, as an essential indicator of
plant health, is commonly used to evaluate plant disease, water deficits, and nutritional and
environmental stresses [16,17]. CCC is one of the plant pigments that can help ecologists,
farmers, and decision-makers assess the impact of climate change and other anthropogenic
and natural factors on plant growth and ecosystem productivity [18]. CWC, which is
defined as the amount of water in the vegetation per unit ground area, is another key bio-
physical attribute of terrestrial vegetation. CWC is a product of leaf water content and LAI.
A profound understanding of the water status of vegetation and its variation pattern can
effectively assist in the precise detection of the physiological status of vegetation [19–21].
Furthermore, CWC can furnish valuable insights for making judicious decisions regarding
agricultural irrigation, facilitating drought monitoring assessment [22,23], as well as flood
risk monitoring [24] and wildfire prevention [25,26].

Traditional measurements of crop biophysical variables are often laborious, time-
consuming, and require continual updates while also being confined to small areas. As
a promising alternative technique, satellite remote sensing has gained popularity for
monitoring agricultural areas due to its ability to gather synoptic information on various
temporal and spatial scales.

A wide range of approaches have been developed to retrieve crop biophysical vari-
ables from remote sensing data, primarily categorized into three main groups: (1) statis-
tical methods, (2) physical-based methods, and (3) combined (hybrid) methods [27–29].
Statistical methods for retrieving crop biophysical variables can be either parametric or
non-parametric [30]. Parametric regression methods rely on a pre-defined mathematical
relationship between spectral observations and a specific biophysical variable, offering
simplicity and low computational cost but limited generalizability [31,32]. Non-parametric
methods adapt themselves to data without statistical assumptions, potentially improving
accuracy but requiring field data, being sensor-specific, and at risk of overfitting with
complex models [30,33,34].

Physical-based approaches utilize radiative transfer models (RTMs) to establish a
cause-and-effect relationship between vegetation spectra and the target biophysical pa-
rameter [34,35]. These models account for variations in crop architecture, illumination,
soil backgrounds, and viewing geometries, making them versatile for multiple operational
applications [36] and flexible for diverse land cover conditions and sensor setups [37]. How-
ever, retrieving variables through RTM inversion can be challenging due to the ill-posed
nature of the problem, where different combinations of input parameters can produce the
same spectral signature [38]. Additionally, RTM inversion is computationally intensive,
requires numerous leaf and canopy variables, and is affected by uncertainties from mea-
surements and model assumptions [39]. There is also an inherent risk of oversimplifying
canopy architecture in RTMs designed for operational applications [40].

Recent studies [41–43] have demonstrated that hybrid approaches, combining physically-
based models with statistical methods, leverage the strengths of both approaches: physical
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models provide a theoretical foundation and handle complex interactions between light and
vegetation, while statistical methods offer flexibility, computational efficiency, and the abil-
ity to learn from data. The hybrid approach typically entails simulating canopy reflectance
using RTMs and then using the simulated data to train parametric or non-parametric
models to establish a link between spectral information and canopy parameters [44]. How-
ever, hybrid methods remain susceptible to sensor and atmospheric noise, measurement
uncertainty, and the quality of the underlying RTMs. Despite these limitations, hybrid ap-
proaches have been successfully implemented in operational systems such as the Sentinel-2
Biophysical Processor (S2BP) through the Sentinel Application Platform (SNAP) and the
Sentinel-2 for Agriculture (Sen2Agri) system [45,46]. These are neural networks providing
biophysical parameter retrieval capabilities through model training for various satellite sen-
sors, including PROBA-V, Sentinel-2 MSI, and Landsat-8 Operational Land Imager (OLI).

S2BP characteristics make It particularly suitable for cropland monitoring applications.
First, it leverages Sentinel-2 data, which offers high spatiotemporal resolution and a rich
set of spectral bands. This enables the generation of biophysical variables at a decametric
spatial resolution and a 5-day interval, opening up new possibilities. Second, the processor
is generic and does not require input data on specific land cover types. This makes
it readily adaptable for retrieving vegetation biophysical variables at the global scale.
Third, the S2BP algorithm has been integrated into the SNAP software (version 9.0.0,
http://step.esa.int/main/download/snap-download/, accessed on 5 May 2024) and is
publicly accessible for generating biophysical products [47,48]. This means that the S2BP
tool can be easily utilized to derive biophysical estimates at scales ranging from field to
global, as nneedsmay arise.

Despite the promising performance of Sentinel-2 biophysical estimates, previous
studies have encountered several limitations that require attention in order to fully assess
their capabilities. First, most validation studies have concentrated on specific biophysical
variables like LAI or chlorophyll content [6,49]. Second, validation efforts have typically
been conducted over a restricted period, regardless of the duration of the plan’s entire
growing season and phenological stages. These knowledge gaps underscore the need for a
comprehensive evaluation of Sentinel-2 vegetation biophysical estimates based on ground
measurements and estimation quality indicators (EQIs) to gain a broader understanding of
their performance. Altogether, this study aims to: (i) evaluate the estimation accuracy of
FVC, LAI, LCab, and CWC derived from S2BP throughout the entire corn growing season,
utilizing comprehensive ground measurements and EQIs at the field scale with detailed
pixel-by-pixel analysis; (ii) compare the reliability of four biophysical estimates, i.e., FVC,
LAI, LCab, and CWC; and (iii) identify cropland dynamics (including sowing, growing,
and harvest dates) using temporal variations of FVC, LAI, LCab, and CWC.

2. Materials and Methods
2.1. Study Area

The study area was a field with corn (Zea mays L., cultivar single cross 704) of approx-
imately 10 ha, located in the Agricultural Research Station of Tabriz University in East
Azerbaijan Province, Iran (Figure 1). The climate is cold and semi-arid, with an average
annual precipitation of 285 mm and an average annual temperature of 12.1 ◦C. The field
data used in this study were gathered during the growing season (June to October) of 2018.
The field’s soil texture was sandy clay loam (54.8% sand, 21.4% silt, and 23.8% clay), and it
was irrigated using a center pivot irrigation system.

http://step.esa.int/main/download/snap-download/
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Figure 1. Geographical location of study area.

2.2. Ground Truth Data

The in situ measurements were collected following the Validation of Land European
Remote Sensing Instruments (VALERI) field protocol [50], which is a widely recognized
sampling strategy for high spatial-resolution satellite imagery. This protocol advocates
the use of elementary sampling units (ESUs) of 20 m × 20 m for each measuring plot.
Within the field, ESUs were selected while ensuring a minimum distance of 20 m between
adjacent ESUs and the edges of the field. To account for the spatial FVC, LAI, LCab, and
CWC variability within each ESU, the measuring points were arranged in a square spatial
sampling pattern with five random measurements at each of the five points (A, B, C, D,
and E) within each ESU (Figure 2). This sampling scheme allowed for the derivation of
statistically averaged FVC, LAI, LCab, and CWC estimates for each ESU. The center of each
ESU (sampling point A) was precisely located using a global positioning system (GPS),
ensuring accurate matching of the mean FVC, LAI, LCab, and CWC measurements with the
corresponding estimates derived from Sentinel-2 data. This precise geolocation facilitated
the validation and comparison of field-based measurements with satellite-derived data.

FVC and LAI were determined using digital hemispherical photographs and Can-Eye
imaging software (version 6.45) following the SMAPVEX16-MB protocol, which is aligned
with the Canada Centre for Remote Sensing (CCRS) protocol for crops [51]. For each ESU,
based on the photography design for a homogeneous canopy [52], 12 downward-looking
photos were captured from above the canopy using a Digital Hemispheric Photos camera
(Canon EOS 5D Mark II) with a fish eye lens at A, B, C, and D points of the ESU and the
distance between them. All 12 photos were processed together to provide one estimate of
FVC and LAI per ESU.
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The leaf chlorophyll content, on the other hand, was taken by the CL-01 Chlorophyll
Content Meter (Hansatech Instruments Ltd., Norfolk, UK). CL-01 measures relative chloro-
phyll content—the chlorophyll content index (CCI) [53]. To evaluate the performance of
the S2BP in predicting LCab (µg/cm2), the measured CCI values (−) were converted to
µg/cm2 using a laboratory-developed CCI-LCab function.

CWC (g/cm2) was determined using gravimetric methods [51,54] from Equations (1) and (2):

CWC = EWT × LAI (1)

EWT =
FW − DW

A
(2)

where EWT is equivalent to water thickness (g/cm2) and LAI is the leaf area index at each
ESU. To measure EWT, leaf samples were collected from the 10 young, fully developed
leaves at the top of the canopy at each ESU point (A, B, C, D, E), resulting in a total of 50 leaf
samples per ESU. The leaf samples were placed in sealed plastic bags and transferred
to a cool dark container (with ice water) to prevent water loss during transport to the
laboratory. In the laboratory, leaf discs were prepared using a sharp-edged steel tube with
a 2.2 cm internal diameter, and their fresh weight (FW) was measured with a sensitive
balance. The samples were then transferred to an oven at 75 ◦C for 24 h and re-weighed
(DW). Consequently, the measured EWT at each ESU was calculated as the average of the
50 values obtained.

2.3. Satellite Data Acquisition and Processing

Sentinel-2 satellite data were utilized in this study. Sentinel-2 is a mission of the
European Space Agency (ESA) for global monitoring with high spatial and temporal
resolution. This mission comprises a constellation of two polar-orbiting satellites (2A and
2B) positioned in the same sun-synchronous orbit, phased at 180◦ to each other. Each
satellite acquires imagery every ten days, and their combined efforts achieve a revisit
frequency of every five days, ensuring comprehensive coverage of Earth’s land surfaces
and coastal zones. Each satellite is equipped with a Multi-Spectral Imager (MSI) that
collects data in 13 spectral bands, including four bands at 10 m, six bands at 20 m, and
three bands at 60 m spatial resolution, ranging from the visible to the shortwave infrared
region (400–2500 nm) (Table 1) [55].
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Table 1. Sentinel-2 spectral bands and their characteristics [55].

Band B1 B2 B3 B4 B5 B6 B7 B8 B8a B9 B10 B11 B12

Band center (nm) 443 490 560 665 705 740 783 842 865 945 1375 1610 2190
Bandwidth (nm) 20 65 35 30 15 15 20 115 20 20 30 90 180

Spatial resolution (m) 60 10 19 10 20 20 20 10 20 60 60 20 20

Sentinel-2 images can be downloaded for free on the Copernicus Data Space Ecosystem
website (https://dataspace.copernicus.eu/, accessed on 5 May 2024). In this study, all
cloud-free images available during the corn-growing season were downloaded (Table 2).
Sentinel-2 satellite images are processed through several stages to enhance their accuracy
and usability. These processing levels are known as Level-0, Level-1A, Level-1B, Level-
1C, and Level-2A. The Level-1C products, which have already undergone radiometric
and geometric corrections, were downloaded. Since these products only provide top-of-
atmosphere (TOA) reflectance, atmospheric correction is necessary. The Sen2Cor processor
(version 2.8.0, https://step.esa.int/main/snap-supported-plugins/sen2cor/sen2cor_v2-8
/, accessed on 5 May 2024) was employed within the Sentinel Application Platform (SNAP)
software (version 9.0) to convert the TOA reflectance data into atmospherically corrected
surface reflectance (Level-2A). The reflectance of the used bands (bands 3–7, 8a, and 11–12)
was resampled to the 20-m grid using the nearest neighbor approach integrated into SNAP
in order to match the ground ESU due to the various spatial resolutions (10- and 20-m) for
these bands.

Table 2. Sentinel-2 images used in this study.

No. of Images Acquisition Dates (2018)

32

20 April, 25 April, 4 May, 9 May, 19 May, 24 May, 9 March, 19 March,
8 June, 13 June, 18 June, 23 June, 28 June, 3 July, 13 July, 18 July, 28 July,

2 August, 7 August, 17 August, 22 August, 27 August, 1 September,
6 September, 11 September, 16 September, 21 September, 26 September,

1 October, 11 October, 16 October, 21 October

2.4. Estimating Biophysical Variables

The Sentinel-2 Biophysical Processor (S2BP) tool, integrated into SNAP, was utilized
to retrieve biophysical variables, including FVC, LAI, LCab, and CWC. The theoretical
algorithms of S2BP are developed using a neural network approach [45]. The neural
network models were developed following three key steps: (1) utilizing the PROSAIL
model to generate training datasets, (2) calibrating the neural network, and (3) using
the trained neural network to estimate biophysical variables (Figure 3). PROSAIL is a
combination of the SAIL (canopy bidirectional reflectance model) and PROSPECT (leaf
reflectance and transmittance model). It connects the directional dimension of reflectance,
which is mostly connected to the architecture of the canopy, to the spectral dimension
of reflectance, which, in turn, is primarily related to the biochemical composition of the
leaves [44]. The values of the input variables for the PROSPECT model are based on prior
knowledge from the literature and the specific type of vegetation. The soil reflectance for
the SAIL model is primarily derived from a soil reflectance database that includes a wide
range of soil properties. The LAI, average leaf angle distributions, and hot spot parameters
are obtained from the VALERI dataset. PROSAIL incorporates directional information,
such as solar zenith angle, view zenith angle, and the relative azimuth angle between solar
and view, to simulate canopy reflectance. More details can be found in [45].

The dataset derived from PROSAIL is subsequently used to train the neural network.
Eight spectral bands (3–7, 8a, 11, 12) from the Sentinel-2 MSI are used to retrieve biophysical
variables. The neural network consists of 3 layers: the input layer, the hidden layer, and
the output layer. The input layer consists of 11 neurons representing 11 input variables:
canopy reflectance of 8 bands and the cosine of 3 angles related to the geometry of the
observation (solar zenith angle, view zenith angle, and relative azimuth angle between

https://dataspace.copernicus.eu/
https://step.esa.int/main/snap-supported-plugins/sen2cor/sen2cor_v2-8/
https://step.esa.int/main/snap-supported-plugins/sen2cor/sen2cor_v2-8/
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solar and view). The hidden layer contains five neurons with tangent sigmoid transfer
functions. Each FVC, LAI, LCab, and CWC is derived from the output layer of a separate
neural network equipped with a dedicated linear transfer function, implying that a total of
four neural networks are required to generate these retrievals.
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Figure 3. The framework of the biophysical variables retrieval algorithm using Sentinel-2 imagery. In
the PROSPECT model, N, Cab, Cw, Cm, and Cbp represent the mesophyll structure index, chlorophyll
content (µg/cm2), dry matter content (g/cm2), water content (g/cm2), and brown pigment content
for leaf, respectively. In the SAIL model, LAI, ALA, hspot, ρsoil, θs, θv, and sv correspond to leaf area
index (m2/m2), average leaf angle (◦), hot spot parameter, soil reflectance, solar zenith angle (◦), view
zenith angle (◦), and the relative azimuth angle between solar and view (◦), respectively [45].

Estimation Quality Assessment

The outputs of S2BP include the neural network-derived FVC, LAI, LCab, and CWC.
Each parameter estimate is also accompanied by its corresponding estimation quality
indicator (EQI) (Figure 3), the so-called “quality flags”, which facilitates a more nuanced
comprehension of the spatial distribution of uncertainties. When the inputs fall outside the
convex hull defined by the simulated reflectance values of the training database, known
as the definition domain, a specific ‘input out-of-range’ flag is raised. The convex hull is
represented by a hypercube with the same dimensions as the neural network inputs. Each
dimension, corresponding to a specific neural network input, ranges between minimum
and maximum values. If the artificial neural network estimates biophysical variables
beyond their defined range, the product value will be adjusted to the nearest boundary of
the range, either the minimum or maximum accepted values. Due to uncertainties from
various sources related to the inputs and algorithm calibration, a tolerance is established
before raising the ‘output out-of-range’ flag.

Therefore, these qualitative indicators allow the user to properly ‘weigh’ the data
within its application according to the confidence they put therein. The estimates are
categorized into three groups based on their EQI values (Figure 4), as follows:

• Best retrievals: EQI = 0, indicating that both input and output variables fall within
their valid ranges.

• Input out-of-range: EQI = 1, implying that one or more input variables exceed their
valid ranges. This indicates that either the input reflectance have problems (cloud
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contamination, poor atmospheric correction, shadow) or that the application of the
algorithm could result in unreliable results.

• Output out-of-range: EQI > 1, suggesting that the estimated variables exceed its
nominal range of variation.
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2.5. Pixel Identification Using Spectral Unmixing

Mixed pixels exist widely in the remotely sensed images of an agricultural field
throughout the growing season, particularly during the early and late stages. In order to
obtain more reliable information about the biophysical variables of the cropland under
these circumstances and to properly evaluate the quality of the estimates, spectral unmixing
is required to determine the composition of the mixed pixels in terms of soil and vegetation
proportions. For this purpose, the linear spectral unmixing tools in SNAP were used. The
unmixing algorithms are based on the following linear mixing model, which assumes that
a spectrum is a linear superposition of endmembers:

Rb =
n

∑
i=1

fi,b × ri,b + eb (3)

where Rb is the reflectance of the mixed pixel at band b, fi is the proportion of endmember i,
ri,b is the reflectance of endmember i in band b, n is the number of endmembers, and eb is the
fitting error at band b [56]. The inputs of the linear spectral unmixing algorithm are the pure
spectra of the individual endmembers in the mixed pixel. Since the end members in the
study area were soil and vegetation, we derived their pure spectrum from the pixels with
bare soil and full vegetation, respectively, and proceeded with the process. The outputs
represented the proportion of soil and vegetation as well as the unmixing error.

Since no specific threshold exists in the literature to identify soil or vegetation pixels
based on their proportions, we employed normalized difference vegetation index (NDVI)
thresholds. The Sentinel-2 surface reflectance products Algorithm Theoretical Basis Docu-
ment (ATBD) guided the identification of vegetation or soil pixels using NDVI values [57].
This document introduced an NDVI threshold of 0.4 to classify soil and vegetation pixels.

In our dataset, we established a relationship between vegetation proportion (VP) and
NDVI (VP = 0.906NDVI − 0.063, R2 = 0.94, N = 8991) and set a 30% VP threshold to
differentiate between soil and vegetation pixels, a method further supported by field visual
observations. To distinguish between sparse and dense vegetation (60% VP), we used an
NDVI threshold of 0.75 alongside field visual assessments.
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2.6. Mapping Biophysical Variables

To assess the ability of S2BP to monitor spatial and temporal variations in biophysical
variables and crop dynamics, FVC, LAI, LCab, and CWC maps were prepared alongside
EQIs maps across six distinct growth stages (sowing, establishment, end of vegetative
growth, flowering, senescence, and harvesting). This was accomplished using QGIS 3.32.

2.7. Accuracy Assessment

The S2BP-derived biophysical variables were compared with ground measurements
through a regression model. The accuracy of the estimates was assessed using four well-
established goodness-of-fit measures: root mean square error (RMSE) [58], bias [59], Nash–
Sutcliffe model efficiency coefficient (NSE) [60], and coefficient of determination (R2) [61].
Mathematically, the estimates are more accurate when the RMSE and bias values are closer
to 0 and the values of NSE and R2 are closer to 1.

3. Results
3.1. Pixel Identification

The cropland soil and vegetation pixels were identified using spectral unmixing tools
and by analyzing the pixel endmember proportion throughout the growing season. To
achieve this, the proportions of soil and vegetation in the pixels were determined using the
aforementioned tool. Pixels with a vegetation proportion (VP) of less than 30% are referred
to as soil pixels, pixels with a VP between 30 and 60% are sparse vegetation pixels, and
pixels with a VP of more than 60% are referred to as dense vegetation pixels. With this
classification, of the total 23,976 pixels examined during the growing season, about 51%
of the pixels were classified as soil pixels, and about 49% of the pixels were classified as
sparse and dense vegetation pixels (Table 3).

Table 3. The evaluation results of the soil and vegetation pixel identifications based on the spectral
unmixing and pixel vegetation proportion at (total pixels = 23,976).

Pixel Type Soil Sparse Vegetation Dense Vegetation

Vegetation proportion (%) 0–30 30–60 60–100

Frequency 12,422 (51.81%) 6393 (26.67%) 5161 (21.52%)

Unmixing error 0.034

Figure 5 indicates the frequency of soil and vegetation pixels during the growing
season. It is obvious that at the beginning of the growing season and before the plant is
established in the field (3 July), the abundance of soil pixels is high, but after that date
and with the development of the plant, the abundance of vegetation pixels increases. In
the middle of the growing season (2 August to 1 October), most pixels in the field are
vegetation pixels. At the end of the growing season (11 October), the number of soil pixels
in the field predominates anew.

3.2. Assessment of Biophysical Variables Estimates Using Estimation Quality Indicators

Figure 6 indicates the overall estimation quality for FVC, LAI, LCab, and CWC. For
the 23,976 pixels in our study, the S2BP achieved the best retrieval (EQI = 0) for FVC at
23,943 pixels (99.86%) and for LAI, LCab, and CWC at 4828 pixels (about 20%). At only
33 pixels (0.14%), the FVC value was out-of-range (EQI = 2). Based on the spectral unmixing
results (Section 3.1) and field observations, in these 33 pixels, the proportion of vegetation
was zero, in other words, they were soil pixels. When estimating the LAI, we had no
out-of-range output, but for about 80% of the pixels, the inputs were out-of-range (EQI = 1,
meaning that the input values deviated from the training data). For LCab, the output was
out-of-range for about 17% of the pixels (EQI = 3) and the input was out-of-range (EQI = 1)
for about 63% of the pixels. However, for 3991 pixels with EQI 3, the LCab value was zero.
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In these 3991 pixels, the pixel proportion of vegetation was very low (<28%) and the LCab
value was zero, which met expectations. According to our classification, these are soil
pixels. Regarding CWC, 861 pixels with an EQI of 9 exhibited negative, occurring in pixels
with a vegetation proportion below 23%. Additionally, 3274 pixels had an EQI of 3, found
in pixels with a vegetation proportion below 32%.
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Figure 6. Overall estimation quality for fractional vegetation cover (a), leaf area index (b), leaf
chlorophyll a and b (c), and canopy water content (d) at all 23,976 pixels during the growing season.
0: best retrieval, 1: input out-of-range, >1: output out-of-range.

Figure 7 indicates the temporal variations of EQIs for FVC, LAI, LCab, and CWC.
The best retrievals for FVC were achieved at all pixels for all dates except 28 June and
3 July. However, for LAI, LCab, and CWC, a high frequency of input and out-of-range
estimates was observed on dates with a high number of soil pixels (as shown in Figure 7).
As vegetation cover in the field increases, the number of out-of-range estimates decreases,
leading to improved retrievals.



Remote Sens. 2024, 16, 2284 11 of 23Remote Sens. 2024, 16, x FOR PEER REVIEW 12 of 26 
 

 

 
Figure 7. Frequency of estimation quality indicators (EQIs) for fractional vegetation cover (a), leaf 
area index (b), chlorophyll (a,b) concentration (c), and canopy water content (d) during the growing 
season. 

Figure 7. Frequency of estimation quality indicators (EQIs) for fractional vegetation cover (a),
leaf area index (b), chlorophyll (a,b) concentration (c), and canopy water content (d) during the
growing season.



Remote Sens. 2024, 16, 2284 12 of 23

3.3. Validation of Biophysical Variables by In-Situ Measurements

To assess the accuracy of the S2BP-derived biophysical variables, we conducted field
measurements of FVC, LAI, LCab, and CWC at four distinct growth stages. Table 4 sum-
marizes the statistical characteristics of these parameters. This wide range of biophysical
parameter values enabled a comprehensive evaluation of the accuracy of S2BP estimates
under various growth conditions.

Table 4. Statistical description of measured biophysical variables on 18 July, 22 August, 1 September,
and 1 October 2018.

Parameters Unit Minimum Maximum Mean St. Dev

Fractional vegetation cover (FVC) - 0.07 0.97 0.52 0.23

Leaf area index (LAI) m2/m2 0.23 5.82 2.17 1.27

Leaf chlorophyll a and b (LCab) µg/cm2 0 380.56 104.33 74.82

Canopy water content (CWC) (g/cm2) 0.0054 0.109 0.040 0.028

Figure 8 illustrates the punctual comparisons and density scatter plots for FVC, LAI,
LCab, and CWC between S2BP estimates and corresponding in-situ measurements. In
terms of FVC accuracy, Figure 8a reveals that S2BP performed well. This conclusion is
supported by the observation that the linear regressions versus in-situ measurements
closely follow the 1:1-line (slope = 0.92). No significant bias (bias = −0.03) was observed
for FVC comparison between S2BP estimates and in-situ measurements. Overall, among
the biophysical variables, FVC estimates prevailed with the highest level of consistency
against in-situ measurements, with an RMSE of 0.09, NSE of 0.81, and R2 of 0.85.

In terms of LAI comparison (Figure 8b), the estimates showed quite good agreement
with in-situ measurements, as indicated by the low scattering of data and a good R2 of 0.69.
Additionally, the bias was small (0.31 m2/m2), and the uncertainty was low with an RMSE
of 0.81 m2/m2.

In Figure 8c, it is evident that S2BP consistently overestimated in-situ LCab. This overesti-
mation was characterized by a slope > 1 and a positive bias (slope = 1.04, bias = 2.09 µg/cm2).
However, the S2BP estimates for LCab were relatively accurate, with an RMSE of 60.85
µg/cm2 and an R2 of 0.62.

In terms of CWC accuracy, Figure 8d indicates that S2BP systematically underestimated
in-situ measurements of CWC. The underestimation corresponded to both a slope < 1 and a
negative bias (slope = 0.66, bias = −0.002 g/cm2). While the S2BP-derived CWC estimates
exhibited an acceptable level of uncertainty (RMSE = 0.02 g/cm2, NSE = 0.46, R2 = 0.51),
they displayed the lowest consistency with in-situ measurements among the examined
biophysical variables.

Therefore, considering EQI and uncertainty metrics, S2BP had the best performance in
FVC estimation and the worst performance in CWC estimation. The estimation accuracy of
the four parameters was ranked as FVC > LAI > LCab > CWC.

Figure 9 depicts the temporal variations of S2BP-derived FVC, LAI, LCab, and CWC
throughout the growing season. All four parameters exhibit a consistent pattern of temporal
changes. The temporal variations in FVC, LAI, and LCab follow a known and accepted
pattern, increasing as the plant grows and develops, peaking in the middle of the growing
period, and subsequently decreasing towards the end (Figure 9a–c). However, the CWC,
which is dependent on plant water content, does not seem to align with irrigation events
(Figure 9d). While an increase in vegetation cover can lead to reduced soil evaporation and
increased water storage, it is important to note that the plant’s transpiration also increases.
Therefore, the changes in the CWC should ideally reflect both the impact of irrigation and
the plant’s water requirements.
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3.4. Spatial Patterns

The spatial distribution maps of the FVC, LAI, LCab, and CWC (Figure 10) with
their EQI maps (Figure A1) were generated by using S2BP on 13 June, 13 July, 22 August,
1 September, 1 October, and 21 October 218. These dates include the six distinct stages
of corn sowing, establishment, end of vegetative growth, flowering, senescence, and
harvesting, respectively.

At the start of the growing season on 13 June, the biophysical variables exhibit low
values across almost the entire field. However, as the plants become established and
develop, these values increase in most parts of the field. By the end of the growing season
on 21 October, the aging of the plants and their harvest had led to the lowest values of these
parameters throughout the entire field. The FVC, LAI, LCab, and CWC were higher in the
center of the field than in the surroundings.
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Figure 10. The spatial variations of (a) fractional vegetation cover (FVC), (b) leaf area index (LAI),
(c) leaf chlorophyll (a,b) (LCab), and (d) canopy water content (CWC) at different dates of the corn
growing season.

3.5. Cropland Dynamic

To examine the real-time cropland dynamics during the growing season in the field,
we selected the most promising biophysical parameter investigated in this study, i.e., FVC,
along with the widely recognized vegetation index, i.e., NDVI [62,63], and depicted their
temporal changes (Figure 11). In addition to ground measurements, photos of vegetation
cover status in the field were taken at each stage of plant growth to validate the temporal
changes of these two parameters. (Figure 11). Evidently, with the onset of spring (25 March)
and the warming weather, weed growth in the field commenced, leading to an increase
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in NDVI and FVC. On 19 May, the field was plowed for corn cultivation, resulting in a
sudden drop in the values of these two parameters. On 13 June, the plants were cultivated,
and approximately 20 days later, plant germination and emergence occurred. By 13 July,
vegetation cover was nearly complete in the field. The plant’s vegetative growth reached its
peak on 22 August, with FVC and NDVI values reaching their maximum. On 27 August,
the reproductive growth began, leading to a decrease in FVC and NDVI due to the flower-
ing. By 26 September, the reproductive growth finished, and the plant began to senesce.
Plant harvesting commenced on 11 October, resulting in an immediate decrease in FVC
and NDVI values. The temporal changes in LAI and LCab (Figure 9b,c) also align with
these parameters, indicating the potential utility of S2BP-derived biophysical variables for
monitoring real-time crop dynamics and phenology.
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4. Discussion

This study evaluated the operational feasibility of utilizing S2BP to retrieve biophysical
variables and monitor cropland dynamics throughout the entire growing season. Rigorous
measures were taken to minimize potential sources of error. All measurements were
precisely timed to coincide with satellite imaging, and efforts were made to utilize cloud-
free and shadow-free Sentinel-2 images as inputs for S2BP. The in-situ measurements
covered the period from crop establishment to approximately senescence, suggesting they
are useful for assessing the S2BP for both low and high vegetation covers. Additionally,
atmospheric correction was conducted using the exclusive Sen2Cor algorithm for Sentinel
2 images. Despite these efforts, the estimation quality indicators revealed uncertainties in
estimating LAI, LCab, and CWC, despite S2BP’s strong performance in estimating FVC.
For LAI, LCab, and CWC, over 60% of the examined pixels during the plant growth period
had inputs that were out-of-range. The out-of-range inputs were influenced by various
factors such as cloud contamination, shadow, and poor atmospheric correction, as noted
by [45]. In related studies, poor atmospheric correction [64,65] and uncertainties caused
by the trained neural network [48] have been reported as the reasons for the inputs being
out of range. Furthermore, in over 35% of the pixels, the output values for LCab and
CWC were out-of-range. Of particular concern is the method’s flagging of zero values
for LCab and CWC in soil pixels as out-of-range, despite these values being normal for
soil. This limitation is a drawback, as it fails to recognize that observing zero values for
these parameters in the soil is not abnormal. However, it is worth noting that in some
soil pixels, negative CWC values were correctly flagged as out-of-range. An additional
challenge is that S2BP cannot separate the contribution of soil and vegetation from the
spectral reflectance in the mixed pixels.

The accuracy metrics derived from comparing estimates and in-situ measurements
also revealed uncertainties for biophysical variables, although not to the same extent as the
estimation quality indicators. According to the algorithm evaluation conducted by [45],
the theoretical performance described by RMSE was 0.04 for FVC, 0.81 m2/m2 for LAI,
56.29 µg/cm2 for LCab, and 0.03 g/cm2 for CWC. This explains why FVC and LAI estimates
showed better agreement with in-situ measurements than LCab and CWC estimates. In
previous studies on the S2BP performance, the uncertainty of FVC was reported to be
0.10–0.19 for corn [47,48] and 0.01–0.24 for other crops [47,48,64]. For LAI estimates,
the uncertainty was generally 0.83–1.24 m2/m2 for corn [47,48] and 0.38–1.84 m2/m2 for
other crops [6,47,48,66,67]. The uncertainty of LCab estimates was 12.69 µg/cm2 for other
crops [6]. As for CWC estimates, the uncertainty was generally 0.014 g/cm2 for corn [47]
and 0.007–0.083 g/cm2 for other crops [47,64,68]. In comparison to similar studies, this
research utilized ground validation data with greater temporal coverage during the growing
season to evaluate S2BP estimates. Overall, our validation results are consistent with the
findings of other studies and offer more accurate estimates for FVC and LAI and less
accurate estimates for CWC compared to the studies conducted on corn. No study has been
carried out regarding the estimation of corn LCab using S2BP.

The spatial patterns of biophysical variables revealed that the FVC, LAI, LCab, and
CWC were higher in the center of the field than in the surroundings. In fields irrigated by a
center pivot system, the central areas often receive more water due to higher water pressure
and flow in the nozzles closer to the center compared to the outermost nozzles. Despite the
system settings being designed to ensure uniform irrigation, there is a noticeable lack of
uniformity in the studied field. This is further compounded by surface irrigation in addition
to center-pivot irrigation, resulting in the southeast part of the field consistently exhibiting
higher FVC, LAI, LCab, and CWC. Other contributing factors to these spatial variations
may include uneven fertilizer distribution, inconsistent tillage practices, or variability in
surface soil type.

Examining the spatial and temporal variations of FVC, LAI, and LCab reveals their
alignment with field activities and events (Figures 9 and 11). These parameters are closely
linked to the greenness, density, and overall health of vegetation cover. Any field activity
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or event that alters these parameters or introduces biotic or abiotic stresses will conse-
quently impact these parameters [69]. Consequently, monitoring the temporal and spatial
changes in these parameters can serve as a valuable tool for assessing plant dynamics and
health. This information can be instrumental in precision farming, assisting in the opti-
mization of variable agricultural inputs such as fertilizers, pesticides, and water, ultimately
enhancing productivity.

A limitation of this research is the lack of a comprehensive in situ database of biophys-
ical variables to validate S2BP at the national, regional, and global scales. Having various
field data with consistent measurement criteria allows for a better understanding of the
performance of long-term S2BP estimates for different biophysical variables (FVC, LAI,
LCab, and CWC) and vegetation types (crops, forests, and grasses). The best approach is to
incorporate more ground measurements from well-distributed field campaigns for various
vegetation types. To ensure reliable evaluation results, it would be useful to generate new
on-site reference datasets and establish globally distributed research networks. Site-based
measurement networks offer benefits for validating decametric products due to the prox-
imity of ground measurements to the pixel grid of products. Thus, a greater number of
ground measurements encompassing the products can be gathered from the worldwide
network of sites. These measurements can then enhance the quantification of uncertainties,
especially regarding the performance of time series associated with Sentinel-2 biophysical
estimates. In contrast to commonly used coarse-resolution products, user communities can
generate biophysical estimates using S2BP. Integrating Sentinel-2 MSI with other satellite
sensors of varying spatial resolutions, such as Landsat-8 and Landsat-9 OLI (Harmonized
Landsat Sentinel-2) [70], shows potential for producing temporally continuous biophysical
variables at a high spatial resolution.

Another limitation is the weakness of the algorithm and training database generated
in S2BP. For instance, the input being out-of-range (EQI = 1) in a considerable portion of
the pixels (over 60% for LAI, LCab, and CWC variables) serves as evidence thereof. Hence,
enhancing the algorithm for S2BP estimates is warranted.

The occurrence of mixed pixels throughout the plant growth season poses another
challenge to the accurate estimation of biophysical parameters with S2BP. The S2BP algo-
rithm struggles to distinguish the contributions of end members (soil and vegetation) in a
mixed pixel. Techniques such as spectral unmixing can assist in addressing this issue.

5. Conclusions

This study delved into the potential of the Sentinel-2 biophysical processor (S2BP)
to accurately estimate biophysical variables (FVC, LAI, LCab, and CWC) and intricately
monitor cropland dynamics across a designated agricultural site in Tabriz, Iran. Quanti-
tative and qualitative validations of FVC, LAI, LCab, and CWC estimates were employed
during the corn growing season using all ground observations and estimation quality
indicators (EQIs), respectively. The results show that, according to EQI, the best retrievals
were obtained for FVC in around 99.9% of the analyzed pixels during the growth sea-
son. However, for LAI, LCab, and CWC, a significant percentage (exceeding 60%) of the
examined pixels had out-of-range inputs. Additionally, over 35% of the pixels showed out-
of-range outputs for LCab and CWC. Given uncertainty metrics, the estimates for FVC, LAI,
and LCab agreed well with ground measurements (RMSE of 0.09, 0.81 m2/m2, and 60.85
µg/cm2, and R2 of 0.85, 0.69, and 0.62, respectively), but there was a discrepancy for CWC
estimates (RMSE = 0.02 g/cm2 and R2 = 0.51). The temporal variations of FVC, LAI, and
LCab were consistent with field-scale events and crop dynamics. Overall, the present study
demonstrates the feasibility of employing Sentinel-2 satellite data and S2BP to meticulously
monitor biophysical variables and discern cropland dynamics for precision agriculture.

This study suggests that the robustness of the findings could be amplified by in-
corporating a pixel identification algorithm, such as spectral unmixing, into the S2BP
algorithm. Additional quantitative assessment of agricultural production events and re-
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trievable variables across diverse landscape and climate contexts is essential in investigating
the wide-scale applicability of this approach.

In addition to using biophysical variables for real-time monitoring of crop dynamics
and farm management in precision agriculture, operational initiatives based on S2BP,
like Web-GIS technologies for web mapping applications and geolocation solutions, can
enhance resource management, including water. Remote sensing-based decision support
systems are another operational application that can utilize S2BP to support satellite-
based agricultural services. Forecasting photosynthesis and crop yield through biophysical
variables is another valuable application that can be considered. S2BP can offer biophysical
variables as quality inputs for crop growth models like agricultural production systems
simulator (APSIM) and AquaCrop. Exploring the linkage and implementation of these
tools in future studies could be beneficial.
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Appendix A

Figure A1 indicates the spatial variations of EQI for FVC, LAI, LCab, and CWC at six
growing season stages.
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