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Abstract: As a direct indicator of vegetation photosynthesis, the fraction of absorbed photosynthet-
ically active radiation (FPAR) serves as a critical input in a series of land surface models. While
existing satellite FPAR products are generally at coarse resolutions ranging from 250 m to 1 km,
operational FPAR products at fine resolution are urgently needed in studying land surface processes
at the plot scale. However, existing methods for estimating fine-resolution FPAR were mainly de-
signed for Landsat data, and few studies have attempted to develop algorithms for Sentinel-2 data. In
particular, the operational estimation of decameter FPAR has a higher requirement for the algorithms
in terms of generalizability, efficiency, accuracy, and adaptability to Sentinel-2 data. In this paper,
we developed a retrieval chain on the Google Earth Engine (GEE) platform to estimate FPAR by
learning the relationship between MODIS FPAR and Sentinel-2 surface reflectance. Scale-consistent
multilinear models were used to model the relationship between MODIS FPAR and Sentinel-2 surface
reflectance, and the model coefficients were regressed from the selected training samples. To account
for the spectral and spatial characteristics of the Sentinel-2 data, we designed criteria for selecting
training samples and compared different band combinations. Three strategies for band combina-
tion were used: (1) green, red, and near infrared (NIR) bands at 10 m resolution (i.e., three bands);
(2) green, red, NIR, and red edge (RE) 1, RE2, and RE3 bands at 20 m resolution (i.e., five bands);
and (3) green, red, NIR, RE1, RE2, RE3, shortwave infrared1 (SWIR1) and SWIR2 bands at 20 m
resolution (i.e., eight bands). Meanwhile, the official Sentinel Application Platform (SNAP) method
has also been implemented to estimate the Sentinel FPAR at 10 m and 20 m resolutions for comparison.
Both methods were applied to the western Guanzhong area, Shaanxi Province, China, for FPAR
estimation of all cloud-free Sentinel-2 images in 2021. The results show that the scaling-based method
using five bands at 20 m resolution was the most accurate compared to the in situ measurements
(RMSE = 0.076 and R2 = 0.626), which outperformed the SNAP method at 10 m and 20 m resolutions
and the scaling-based method using other strategies. The results of the scaling-based method using
all three strategies were highly consistent with the MODIS FPAR product, while the SNAP method
systematically underestimated FPAR values compared to the MODIS FPAR products. The proposed
method is more ready-to-use and more efficient than SNAP software. Considering that the service
of the MODIS sensor is overdue, the proposed method can be extended to alternatives to MODIS
products, such as VIIRS and Sentinel-3 data.

Keywords: fraction of absorbed photosynthetically active radiation (FPAR); MODIS; Sentinel-2;
scaling; remote sensing trend surface; Google Earth Engine (GEE)
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1. Introduction

The fraction of absorbed photosynthetically active radiation (FPAR) is defined as the
fraction of photosynthetically active radiation (PAR) absorbed by vegetation, where PAR
refers to the incoming solar radiation within the spectral range of 0.4–0.7 µm [1]. It is a direct
indicator of vegetation photosynthesis and is used in a series of land surface models [2].
Satellite remote sensing is the only effective method to obtain spatially continuous FPAR
information on a large scale [3]. With the development of sensors and FPAR retrieval
algorithms, a series of FPAR satellite products is operationally available on a global scale,
such as the moderate resolution imaging spectroradiometer (MODIS) and global land
surface satellite (GLASS) [4–6]. However, the existing products are generally at a coarse
resolution ranging from 250 m to 1 km and can hardly satisfy the increasing and urgent
needs for FPAR products at a fine resolution, such as the decameter-scale FPAR in studying
land surface processes at fine scales such as the plot scale or subfield scale [2,7,8]. When
applied to a fine spatial resolution, existing methods for retrieving FPAR still confront
a series of major problems, such as the availability of input parameters, computational
efficiency, adaptability to large scales, and accuracy.

Traditional FPAR estimation methods mainly include two main groups: physical
and empirical methods. Physical methods model FPAR by describing the interaction
of incident photons with the canopy and soil through the radiative transfer model [4],
gap probability [9], and recollisional probability [10–12]. Physical methods have been
successfully applied to the generation of coarse-resolution FPAR satellite products, such as
the MODIS FPAR products derived from a 3D radiative transfer model using the look-up
table retrieval algorithm [4]. However, at a fine resolution, physical methods for FPAR
estimation require multiple parameters as input, such as the clumping index and soil
albedo, and these parameters are difficult to obtain and introduce additional uncertainty in
FPAR estimation. Empirical methods directly establish linear or nonlinear relationships
between remotely sensed reflectance and FPAR from ground measurement data [13] or
physical model simulations [14–16]. They are simple and efficient but can hardly adapt to
various land cover types or a large spatial scale.

In view of the problems of the existing methods, another approach is to estimate
fine-resolution FPAR using coarse-resolution operational FPAR products as a reference.
Previous studies have proposed several methods to establish FPAR retrieval models, such
as the regression tree method [17], the random forest method [18], and the scaling-based
method [19]. Since the MODIS FPAR products have been generated on a solid physical basis
and validated globally, these methods generally used MODIS FPAR products as references
to achieve the operational estimation of fine-resolution FPAR, such as the estimation of
cropland FPAR in the North China Plain [18]. However, considering the overdue service
and the associated signal decay of the MODIS sensor [20], such an algorithm needs to
take into account their applicability to the alternatives of MODIS FPAR products, such
as the Sentinel-3 FPAR products, whose performance is close to that of the MODIS FPAR
products [21,22].

Sentinel-2 satellite data have a high spatial resolution at the decameter level and
high temporal resolution at the 3–5-day interval [23], making them promising for moni-
toring vegetation dynamics at the plot scale. However, the existing fine-resolution FPAR
estimation methods mainly focus on Landsat data, and few studies have attempted to
develop algorithms for Sentinel-2 data. When developing the FPAR estimation method
for Sentinel-2 data, a series of factors need to be considered, including the high spatial
and high temporal resolution of Sentinel-2 data, the larger difference in spatial resolution
with MODIS data, and the selection of optimal bands among the more available bands. In
particular, the high spatiotemporal dynamics of Sentinel-2 place higher demands on the
generalizability and speed of the algorithm. Weiss et al. [24] established a neural network
to retrieve Sentinel-2 LAI/FPAR based on the PROSAIL radiative transfer model and inte-
grated it into the Sentinel Application Platform (SNAP) toolbox as the official algorithm for
Sentinel-2 secondary leaf area index (LAI)/FPAR products. The generality and accuracy of
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the algorithm also need to be further verified. Sun et al. [18] used a random forest algorithm
for Sentinel-2 FPAR estimation, but the random forest training process is complex and not
ready-to-use. In addition, the algorithm is only for cropland, which can hardly meet the
requirements of universality and rapidity. Therefore, a generalized and rapid method for
estimating Sentinel-2 FPAR is urgently needed for describing the land surface process at
plot scales.

To address the above issues, this study developed a retrieval chain on the Google
Earth Engine (GEE) platform for Sentinel-2 FPAR estimation using MODIS FPAR as a
reference [19,25,26]. The issues of sample selection, and the selection of suitable bands
and optimal spatial resolution were investigated based on the characteristics of Sentinel-2
data. The method can be readily extended to alternatives to the MODIS FPAR product.
Meanwhile, the proposed method was compared with the official Sentinel-2 LAI/FPAR
algorithm. Both methods were applied to the FPAR estimation of all 19 cloud-free Sentinel-2
images in 2021 in the western Guanzhong area, Shaanxi Province, China. The results were
evaluated using in situ FPAR measurements and MODIS FPAR data in terms of accuracy,
consistency across different scales and spatiotemporal continuities, and computational
efficiency. This study provides a reference and methodological support for the rapid and
operational estimation of Sentinel-2 FPAR.

2. Materials and Methods
2.1. Study Areas

The study area is in the western part of the Guanzhong region in Shaanxi Province,
China, and covers a complete Sentinel-2 image scene (Figure 1). The northern part of the
study area belongs to the southern edge of the Loess Plateau with interspersed forest and
bare land, while the southern part is the Guanzhong Plain, which mainly grows wheat
and maize. The area includes various land cover types, including cropland, woodland,
grassland, and built areas typical of impervious surfaces, as shown in Figure 1d. The
generalizability and accuracy of the FPAR estimation method can be tested on different
land cover types.
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Figure 1. Map of the study area. (a) Visible near-infrared composite Sentinel-2 images. (b,c) The
subarea with high spatial heterogeneity. (d) FROM-GLC10 land cover map.

2.2. Data Acquisition and Processing
2.2.1. Sentinel-2 Data

Sentinel-2 consists of two polar-orbiting satellites, Sentinel-2A and Sentinel-2B [23].
The Sentinel-2 satellite carries a multispectral instrument (MSI), which contains 13 spectral
bands from visible and near-infrared to shortwave infrared bands (Table 1). The Sentinel-2
level-2A (L2A) surface reflectance data products, which have been atmospherically and
geometrically corrected and converted to the WGS-84/UTM projection, were used in this
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study. A total of 19 Sentinel-2 images in 2021 with less than 10% cloud coverage were
selected, which had an average temporal resolution of 19 days due to unfavorable weather.
The proposed retrieval chain was implemented on the GEE, where the Sentinel-2 L2A data
were directly obtained from the GEE archive and further processed in an automatic manner.
The official Sentinel-2 FPAR retrieval algorithm was implemented in the SNAP tool. As the
tool requires, we downloaded the original zipped files of Sentinel-2 L2A data directly from
the Copernicus Open Access Hub and used the tool to further process the data.

Table 1. Band information of the Sentinel-2 sensor.

Bands Central Wavelength/nm Spatial Resolution/m Name

B1 443 60 Coastal
B2 490 10 Blue
B3 560 10 Green
B4 665 10 Red
B5 705 20 Red edge 1
B6 740 20 Red edge 2
B7 783 20 Red edge 3
B8 842 10 NIR

B8A 865 20 NIR
B9 940 60 Water vapor

B10 1375 60 Cirrus
B11 1610 20 SWIR1
B12 2190 20 SWIR2

2.2.2. MODIS FPAR Product

The FPAR data used in this study were MODIS LAI/FPAR products (MCD15A3H)
with 4-day intervals and 500-m spatial resolution. The MCD15A3H product used a max-
imum composite algorithm to obtain FPAR at 4-day intervals; thus, each MODIS FPAR
image represents a 4-day interval. For example, MODIS FPAR on DOY 001 corresponds
to the FPAR from DOY 001 to 004. To match the Sentinel-2 images in time, the MODIS
FPAR images covering the dates of available Sentinel images were selected. To match
the Sentinel-2 images in space, all the selected MODIS FPAR images were clipped and
reprojected to the WGS-84/UTM projection (Zone 48 N).

2.2.3. In Situ Measurement

In this study, field experiments were conducted on April 16, April 17, and April
30, 2021, to obtain ground measurement FPAR data in the study area. The sample area
was selected to cover a homogeneous area with a size of at least 30 m × 30 m. In the
sampling unit, each sampling point was measured at 3–5 m intervals evenly along the
diagonal direction. The precise location of each sampling point was measured using the
Qianxun Continuously Operating Reference Stations (CORS) service and the Hi-Target Real
Time Kinematic (RTK) system under the WGS-84 coordinate system. A SunScan canopy
analyzer [27] was used to measure the incident and outgoing PAR above and below the
canopy, respectively, to calculate FPAR [28]. For tall trees, it is difficult to measure the
outgoing PAR above the canopy. Instead, the incident PAR in the open area and below the
canopy were measured to calculate the fraction of intercepted PAR (FIPAR) by the canopy,
which was used as an approximation of FPAR. The FIPAR and FPAR are equal when the
PAR reflected by the understory layer is close to zero. For tall trees in our field work, a
large portion of the incident PAR was intercepted by tree leaves, and the transmitted PAR
was only a very small portion, which was further absorbed by the soils and grasses in the
understory layer. This made the FIPAR of the tree canopy very close to the FPAR, which
was verified in previous in situ measurements of dense vegetation [29]. Therefore, it is
reasonable to use FIPAR as an alternative to FPAR for tall trees.

As all the sampling points were measured sequentially, the FPAR measurements at
different points were obtained at different times. Since FPAR exhibits unique diurnal
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variations [29], the FPAR measurements at different times (e.g., 9:30 and 16:30) cannot be
compared with each other or with the satellite observations. Therefore, we normalized the
FPAR measurements at different time to the times of satellite overpass using the temporal
normalization method proposed by Wang et al. [28].

A total of 197 sampling points were measured and temporally normalized. Some
sampling points fell in the same Sentinel-2 image pixel, and their FPAR values were
averaged to derive the pixel-level FPAR for comparison with the estimated Sentinel-2 FPAR
images. As a result, 95 pixel-level FPAR measurements at 10 m resolution and 64 pixel-level
FPAR measurements at 20 m resolution were derived. The number of pixel-level FPAR
measurements for tall trees was only 5 and 3 for 10 m and 20 m resolutions, respectively.
Therefore, the errors caused by using FIPAR as an alternative to FPAR were regarded
as negligible.

2.3. Scaling-Based Method

Considering the characteristics of Sentinel-2 imagery, this study proposed a retrieval
chain based on a scale-consistent transfer between MODIS FPAR and fine-resolution surface
reflectance in [19] to retrieve decameter-scale FPAR, which we will refer to as the scaling-
based method hereafter. The flowchart of the retrieval chain is shown in Figure 2. All
the steps were implemented on the GEE (available at https://earthengine.google.com/,
accessed on 12 March 2022), and we visited the GEE platform via a local computer with an
i7-10700F CPU and RTX 2060 GPU.
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The core of the scale-consistent transfer from MODIS FPAR to fine resolution is to
model FPAR as a linear combination of multiband surface reflectance, which can avoid
scale effects across different scales [30]. Thus, the multiple linear regression model between
FPAR and surface reflectance is valid at both coarse and fine resolutions. Therefore, we can
use a land cover-specific multilinear model to model FPAR for a specific date, expressed as

FPARc,t = AT
c,tPc,t + ε (1)

where FPARc,t is the MODIS FPAR values of l selected samples for land cover type c on
date t, Pc,t is the reflectance of nb bands plus a constant term of l selected samples, Ac,t
represents the algorithm coefficients (including the constant term) for a specific linear
retrieval model, and ε is the residual error between the prediction and true value.

https://earthengine.google.com/
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To derive the algorithm coefficients correctly, the major steps of the retrieval chain are
described as follows.

1. Unsupervised classification

Since the relationship between FPAR and surface reflectance differs for different
land cover types, the Sentinel-2 images were first classified into five different land cover
types, including cropland, forestland, grassland, bare land and built areas, using the
K-means unsupervised classification method. The K-means unsupervised classification
method was used for its simplicity and efficiency, without requiring any manually selected
training samples.

2. Sample screening

To derive the coefficients of the linear model in Equation (1), adequate samples with
high-quality MODIS FPAR retrievals on homogeneous pixels should be selected. Because
the differences in spatial resolution between MODIS FPAR products and Sentinel-2 imagery
are large and Sentinel-2 imagery has two different spatial resolutions at 10 m and 20 m, the
criteria for selecting samples need to be carefully designed.

First, to better represent the saturated pixels in densely vegetated areas, the criterion for
selecting high-quality MODIS FPAR retrievals was set as the quality control (QC) flag ≤ 50,
which includes the FPAR retrievals derived from MODIS main algorithm under both
saturated and unsaturated conditions.

Second, to account for the large difference in spatial resolutions between MODIS
and Sentinel-2 data, the criterion of selecting homogeneous MODIS pixels should be self-
adaptive and representative of the two spatial resolutions. The proposed retrieval chain
defines the mean coefficient of variation (CV) of the image as the threshold. A MODIS pixel
with a CV value less than this threshold is regarded as homogeneous. The mean CV is
assumed to represent the general spatial heterogeneity, which can apply to different images
and different spatial resolutions.

3. Band selection

Since Sentinel-2 data have many bands and two different spatial resolutions, it is
meaningful to determine the optimal combination of bands or the optimal spatial resolution
in fine-resolution FPAR estimation using the retrieval chain.

We designed three strategies using different combinations of spectral bands as input
to the retrieval chain, as shown in Table 2. The first combination includes three bands
at 10 m resolution, i.e., green, red, and near-infrared (NIR) bands, which were consistent
with the bands used in the SNAP toolbox at 10 m resolution. Both the second and third
combinations correspond to 20 m resolution. The second combination includes green,
red, NIR, and shortwave infrared 1 (SWIR1) and SWIR2 bands, which were consistent
with the bands used for the FPAR estimation from Landsat data. The third combination
includes bands green, red, NIR, red-edge1 (RE1), RE2, RE3, SWIR1, and SWIR2, which were
consistent with the bands used in the SNAP toolbox at 20 m resolution. For the strategies
at 20 m resolution, the surface reflectance in the green and red bands were aggregated from
10 m resolution to 20 m resolution using a simple averaging approach, which computes the
average values of the 2 × 2 pixels at 10-m resolution within one 20-m resolution pixel.

Table 2. Three combinations of bands used in the scaling-based FPAR retrieval chain.

Strategy Combination of Bands

Scaled FPAR with three bands (10 m) B3, B4, B8 (10 m)

Scaled FPAR with five bands (20 m) B3, B4, B8A, B11, B12 (20 m)

Scaled FPAR with eight bands (20 m) B3, B4, B5, B6, B7, B8A, B11, B12 (20 m)
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4. Fine-resolution FPAR estimation

The coefficients of the linear model for different strategies were derived for each
land cover type by regressing on the selected samples from one specific pair of MODIS-
Sentinel-2 images at 500 m resolution. Then, the linear model was applied to the Sentinel-2
reflectance data to estimate the FPAR using a specific combination of bands at a specific
spatial resolution. Corresponding to the three strategies, we will refer to the derived results
as scaled FPAR with three bands (10 m), scaled FPAR with five bands (20 m), and scaled
FPAR with eight bands (20 m), hereafter.

2.4. SNAP Algorithm

To obtain fine-resolution vegetation parameters, the European Space Agency (ESA)
officially developed a retrieval algorithm and integrated it with SNAP software. The
algorithm is provided by SNAP as the “Biophysical processor” tool (version 2.1, available
at https://step.esa.int/main/download/snap-download/, accessed on 24 February 2022),
which uses an artificial neural network trained on the PROSAIL radiative transfer model
to retrieve FPAR [31], and we will refer to it as the SNAP algorithm hereafter. The SNAP
algorithm was developed for two combinations of bands: one includes the three bands
of green, red, and NIR bands at 10 m resolution, and the other includes eight bands, i.e.,
green, red, NIR, RE1, RE2, RE3, SWIR1, and SWIR2 bands, at 20 m resolution. Both SNAP
algorithms were used to estimate FPAR from Sentinel-2 images, which we refer to as SNAP
FPAR at 10 m and 20 m, respectively. The SNAP tool was run on the same local computer
with an i7-10700F CPU and an RTX 2060 GPU.

2.5. Validation and Comparison

We estimated the FPAR for the 19 Sentinel-2 images in 2021 using SNAP and the
proposed methods at both 10 m and 20 m resolutions. The results were validated using
in situ FPAR measurements and compared with MODIS FPAR products. Since the in situ
measurements are sparse in space and time, the results were also compared with the MODIS
FPAR product that have been validated as reliable globally [32]. The metrics for evaluation
include root mean square error (RMSE), mean absolute error (MAE), and coefficient of
determination (R2) [33]. In addition, the computational efficiency of the two methods was
also evaluated and compared.

3. Results
3.1. Validation with In Situ Measurements

Figure 3 compares the fine-resolution FPAR values estimated by the two methods
at different resolutions with the in situ FPAR measurements. Specifically, the FPAR
values estimated by SNAP and the scaling-based methods were generally accurate at
two different resolutions. Among the FPAR images estimated by different methods
and strategies, the accuracy followed the order of scaled FPAR with five bands at 20 m
(R2 = 0.626 and RMSE = 0.076) > scaled FPAR with eight bands at 20 m (R2 = 0.479 and
RMSE = 0.100) > SNAP FPAR at 10 m (R2 = 0.471 and RMSE = 0.106) > scaled FPAR with
three bands at 10 m (R2 = 0.454 and RMSE = 0.111) > SNAP FPAR at 20 m (R2 = 0.482
and RMSE = 0.128). It is worth noting that the scaling-based method using five bands and
eight bands both outweighed the SNAP method at 10 m resolution. This indicates that the
SNAP method is an optimal choice for Sentinel FPAR estimation at 10 m resolution, and the
scaling-based method using five bands is an optimal choice for Sentinel FPAR estimation
at 20 m resolution. If a high accuracy is desired and 20 m resolution is acceptable, the
scaling-based method using five bands is highly recommended. The scaling-based method
using three bands is the only exceptional case in which the accuracy of the scaled FPAR is
lower than that of the SNAP FPAR, probably because the use of three bands was insufficient
to model the nonlinear FPAR-reflectance relations [34].

https://step.esa.int/main/download/snap-download/
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Figure 3. Comparison of the in situ FPAR measurements and Sentinel FPAR retrievals from the
(a) 10 m spatial resolution and (b) 20 m spatial resolution.

3.2. Consistency with MODIS FPAR

Figure 4 shows the Sentinel FPAR images estimated by different methods and strategies
in the entire study area on 1 August 2021, and Figure 5 enlarges two test areas in comparison
to the MODIS FPAR image. As shown in Figure 4a–f, the Sentinel FPAR estimated by both
the SNAP and scaling-based methods were generally consistent with the MODIS FPAR.
In Figure 4g, the SNAP method underestimated both high (>0.8) and low (<0.2) FPAR
values at both 10 m and 20 m resolutions. In contrast, the FPAR values estimated by
the scaling-based method were closer to the MODIS FPAR over the entire FPAR range at
both 10 m and 20 m resolutions, and slight underestimations were found for high FPAR
values (>0.8).
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Figure 4. Comparison of MODIS FPAR and Sentinel FPAR images retrieved by SNAP and the
scaling-based method in the study area on 1 August 2021. (a) MODIS FPAR. (b) SNAP FPAR at
10 m. (c) Scaled FPAR with three bands. (d) SNAP FPAR at 20 m. (e) Scaled FPAR with five bands.
(f) Scaled FPAR with eight bands. (g) Histograms of the results.
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Figure 5. Comparison of MODIS FPAR and Sentinel FPAR images retrieved by SNAP and the
scaling-based method in the subarea area on 1 August 2021. (a) MODIS FPAR. (b) SNAP FPAR at
10 m. (c) Scaled FPAR with three bands. (d) SNAP FPAR at 20 m. (e) Scaled FPAR with five bands.
(f) Scaled FPAR with eight bands.

The spatial details in Figure 5 show that the SNAP method underestimated FPAR
values in both densely vegetated and sparsely vegetated areas compared to the MODIS
FPAR, especially at 20 m resolution, which was consistent with previous studies [31,35].
The scaling-based method using each strategy accurately restored the spatial patterns of
MODIS FPAR, while SNAP failed to capture the spatial details of MODIS FPAR in some
areas. Such a significant difference revealed a large difference in the retrieval algorithms,
which were the three-dimensional radiative transfer model contained in MODIS FPAR
products and a trained neural network from the PROSAIL model.

Figure 6 visualizes the differences between the estimated Sentinel-2 FPAR images
using the two methods and the MODIS FPAR image in the entire study area on 1 August
2021. Negative and positive values indicate underestimations and overestimations in
the Sentinel-2 FPAR images, respectively. As shown in Figure 6a,d, the SNAP method
systematically underestimated FPAR values at both 10 m and 20 m resolutions for all
land cover types but only overestimated FPAR values in a small portion of cropland.
As shown in Figure 6b,e,f, the scaling-based method slightly overestimated the FPAR
values for cropland and underestimated the FPAR values for woodland. The histograms
in Figure 6c,g clearly show the systematic differences between the SNAP FPAR images
and the MODIS FPAR images, averaging approximately −0.087 and 0.120 at 10 m and
20 m resolutions, respectively. Such underestimation within the SNAP method was more
significant at 20 m resolution than at 10 m resolution, probably due to the averaging of the
subpixel heterogeneity at 20 m resolution [31]. In contrast, the average differences between
the scaled FPAR using the three strategies and the MODIS FPAR images range from −0.003
to −0.001. This indicates that the scaling-based methods can derive MODIS-consistent
Sentinel-2 FPAR estimations.

Figure 7 compares the Sentinel FPAR images estimated by the scaling-based and SNAP
methods with the MODIS FPAR images for 2021. For both resolutions, the contour lines
of the scaling-based method bulged out in the direction of the 1:1 line very well and were
more concentrated than those of SNAP. The SNAP method significantly underestimated
FPAR values over the entire range. Compared with the MODIS FPAR images, the Sentinel
FPAR retrievals of the scaling-based method (overall RMSE ranging from 0.089 to 0.091,
MAE from 0.066 to 0.067, and R2 from 0.837 to 0.842) were more consistent than those of
the SNAP method (overall RMSE ranging from 0.118 to 0.129, MAE from 0.092 to 0.103,
and R2 from 0.777 to 0.790). A possible reason might be that the PROSAIL model was built
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for homogeneous canopies [36], which might underestimate FPAR values compared to the
MODIS algorithm that considered the three-dimensional canopy structures.
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with eight bands minus MODIS FPAR. (g) Histograms of the differences in Sentinel-2 FPAR at 20 m.
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Figure 7. Two-dimensional density contour of MODIS FPAR vs. Sentinel FPAR retrievals. (a) SNAP
FPAR at 10 m. (b) Scaled FPAR with three bands. (c) SNAP FPAR at 20 m. (d) Scaled FPAR with
five bands. (e) Scaled FPAR with eight bands.

Figure 8 shows the retrieved Sentinel FPAR values and the MODIS FPAR values as a
function of day of year (DOY) in 2021. In general, the Sentinel FPAR values from the scaling-
based method were more consistent with the MODIS FPAR values than those of SNAP in
terms of the mean values, standard deviations and RMSE for all three vegetation types. The
SNAP method underestimated the FPAR values for all three vegetation types at each growth
stage, and the underestimation was even more significant at 20 m resolution. This may be
attributed to the increased subpixel heterogeneity at 20 m resolution. The modeling error
of the PROSAIL model to heterogeneous canopies and the scale effects [30,37] caused by
using the aggregated reflectance of heterogeneous pixels in a nonlinear retrieval algorithm
greatly increases the retrieval uncertainty [31]. The scaling-based method performed
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best over croplands, slightly underestimated the FPAR values for the woodlands and
overestimated the FPAR values for the grasslands during peak growth stages. The scaled
FPAR with five bands and eight bands at 20 m resolution showed slight improvements in
the underestimation over the scaled FPAR with three bands at 10 m resolution, especially
for slight overestimation of winter vegetation, indicating better representation of FPAR-
reflectance relations using more spectral bands. Meanwhile, we calculated the green
chlorophyll vegetation index (GCI) [38,39] using GCI = (ρNIR/ρGreen)− 1, where ρNIR and
ρGreen represent the surface reflectance of NIR and green bands. We computed the mean
GCI value for each Sentinel-2 image at 10 m resolution for comparison with the seasonal
variations in FPAR. The GCI values among the different vegetation types followed the
order of woodland > grassland > cropland. The seasonal variations in the estimated FPAR
were very consistent with those of the GCI values that represent the chlorophyll content.
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Figure 8. Spatiotemporal patterns of Sentinel FPAR retrievals using the SNAP and scaling-based
methods in the study area in 2021 compared with the MODIS FPAR values and mean green chloro-
phyll vegetation index as a function of DOY for (a,d) woodland, (b,e) grassland, and (c,f) cropland.
(a–c) is 10 m resolution Sentinel FPAR; (d–f) is 20 m resolution Sentinel FPAR.

We further compared the consistency of the Sentinel-2 FPAR images with the MODIS
FPAR images during different phenological stages, as shown in Figure 9. According to the
seasonal variations in FPAR in Figure 8, we divided an entire year into five phenological
stages, including a pre-growth period with consistently low FPAR values, a rapid growth
period, a peak period with consistently high FPAR values, a rapid senescence period, and
a postgrowth period with consistently low FPAR values. Figure 9 reveals the seasonal
variations in the performance of all methods. For both methods, the agreement of the
Sentinel-2 FPAR images with the MODIS FPAR was the highest for the pre-growth and
rapid senescence periods, then in the postgrowth period, and the lowest for the rapid
growth and peak periods. Overall, the scaling-based method achieved better agreement
with the MODIS FPAR images than the SNAP method across all different phenological
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stages at both resolutions. This reinforced the robustness of the proposed method across
different phenological periods.
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Figure 9. The agreement of the Sentinel FPAR images estimated by the SNAP and the scaling-based
method during different phenological periods. (a) MAE. (b) RMSE. (c) R2. Phenological stages are
(1) pre-growth from DOY 1 to DOY 100, (2) rapid growth from DOY 101 to DOY 130, (3) peak stage
from DOY 131 to DOY 260, (4) rapid senescence from DOY 261 to DOY 320, and (5) post-growth from
DOY 321 to DOY 365.

3.3. Computational Efficiency Comparison

The scaling-based method was implemented on the GEE, which inherited the advan-
tages of the GEE and was much more efficient than the SNAP method. First, the use of
GEE greatly reduces the time for acquiring and preprocessing data [25], whereas the SNAP
method needs to select and download data to local computers. Second, the scaling-based
method built upon multiple linear regressions can work through linear operations on
the matrix of the entire image, which only costs 30 s for estimating FPAR from a single
Sentinel-2 scene. In contrast, the SNAP algorithm based on a trained neural network works
on a pixel-by-pixel basis, which takes an average of 10 min to estimate FPAR from a single
Sentinel-2 scene on a local desktop workstation with an i7-10700F CPU and RTX 2060 GPU.
Therefore, the scaling-based method is very suitable for the operational estimation of FPAR
from Sentinel-2 images.

4. Discussion

In this study, we developed a retrieval chain for estimating FPAR from Sentinel-2
images using MODIS FPAR products as a reference. Scale-consistent multilinear models
were used to build the FPAR-reflectance relations within the MODIS FPAR products. To
account for the spectral and spatial characteristics of Sentinel-2 data, the criteria for selecting
training samples and the use of different combinations of spectral bands were carefully
designed. The performance of the proposed retrieval chain was compared with the official
FPAR algorithm provided by SNAP software at both 10 m and 20 m resolutions.

The proposed scaling-based retrieval chain outperformed the official SNAP algorithm,
probably due to the good performance of the radiative transfer algorithm contained in the
MODIS FPAR algorithm. The strategy of using five bands at 20 m derived the most reliable
results in terms of accuracy, consistency with MODIS FPAR, and computation efficiency. For
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the scaling-based method, using three bands might be insufficient, while using eight bands
might be redundant to model the nonlinear FPAR-reflectance relations within the MODIS
FPAR algorithms. For the SNAP algorithm, the FPAR estimations at 10 m resolution were
more accurate and more consistent with the MODIS FPAR than those at 20 m resolution,
probably because the PROSAIL algorithm basically assumes canopies are homogeneous
and the FPAR estimation at 20 m resolution confronts increased subpixel heterogeneity [31].
However, our conclusions were drawn from the comparisons of different Sentinel FPAR
images with in situ measurements and MODIS FPAR products. Since Sentinel-2 data are
very new, available in situ measurements comparable to Sentinel-2 acquisition dates are
very few. Further studies are expected to verify the accuracy of the scaling-based method
using different combinations of spectral bands with more in situ measurements.

The high consistency of the scaled FPAR with the MODIS FPAR products verified the
competence of the scaling-based method to model the FPAR-reflectance relations within
the MODIS FPAR products. However, the underestimation of high FPAR values indicated
the underrepresentation of complex FPAR-reflectance relations for dense vegetation in the
scaling-based method. The saturation of Sentinel-2 surface reflectance in densely vegetated
areas is a major cause for such underrepresentation. This saturation is represented by the
very small increase in Sentinel-2 NDVI with increasing vegetation density after Sentinel-2
NDVI reaches above 0.8. In our experiments, the scaling-based method using eight bands
shows little improvement over the scaling-based method using five bands, indicating that
adding red-edge bands cannot effectively solve the problem. Moreover, leveraging the
regression errors in the multiple linear regression can also cause FPAR underestimation
for dense vegetation, which is common for similar methods based on statistical learning
between MODIS FPAR and fine-resolution surface reflectance. Further studies can exert
more efforts to overcome this problem.

The FPAR estimated by the scaling-based method inherited the high accuracy and
wide applicability of the main algorithm of the MODIS FPAR products and can be easily
automated on a cloud computing platform. After a series of comparisons, the scaling-based
method proved to be simpler and more accurate than the SNAP method. Considering
the overdue service of the MODIS sensor, the proposed method can be easily extended by
using the alternatives of the MODIS FPAR product as a reference. The performance of such
an extension largely depends on the accuracy of the alternative FPAR products, and future
work can be conducted to evaluate and improve the accuracy of such MODIS-like products.
In addition, the proposed method achieves high computational efficiency with the help of
the GEE platform. If the GEE stops service due to some force majeure factors, the proposed
method can be readily migrated to other similar cloud computing platforms, such as Pixel
Information Expert (PIE)-Engine Studio [40] and NASA Earth Exchange (NEX) [41].

Compared to the scaling-based method, the SNAP method was less accurate and
less computationally efficient. Previous studies also derived similar results. For example,
Putzenlechner et al. [35] found that the SNAP method systematically underestimated FPAR
values on forested land in different regions in comparison to the in situ measurements.
Hu et al. [42] found that the SNAP method is less accurate for estimating FPAR than for
LAI. The systematic underestimation of FPAR values by the SNAP method was probably
attributed to modeling errors and uncertainty in the retrieval [35,42]. The SNAP method
does not require any a priori information, such as land cover maps to ensure its high
degree of generality, but this also increases the uncertainty of the retrieval [31]. Future
improvements can be exerted on introducing priori information to increase the accuracy.
However, the SNAP method was advantageous for not requiring coarse-resolution FPAR
products as a reference.

5. Conclusions

Based on the spectral and spatial characteristics of Sentinel-2 data, this paper devel-
oped a scaling-based retrieval chain for the operational estimation of decameter FPAR from
Sentinel-2 data. The proposed method was compared with the official SNAP method in
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regional application for the entire year of 2021. The performance of both algorithms on
different spatial resolutions and using different combinations of spectral bands was further
investigated. The main conclusions can be drawn as follows.

(1) Validated with the in situ FPAR measurements, the scaling-based method using five
bands at 20 m resolution was the most accurate, outperforming the SNAP method
at 10 m and 20 m resolutions and the scaling-based method using eight bands. At
10 m resolution, the SNAP method performed better than the scaling-based method
using three bands. Thus, the scaling-based method using five bands was optimal at
20 m resolution or when we only considered accuracy, while the SNAP method was
optimal at 10 m resolution.

(2) Compared with MODIS FPAR products, the SNAP method systematically underesti-
mated FPAR values, especially for densely vegetated and sparsely vegetated areas.
Such underestimation by the SNAP method was more significant at 20 m resolution
than at 10 m resolution. The scaling-based method using three, five, and eight bands
all achieved very good consistency with the MODIS FPAR products compared to the
SNAP method.

(3) The scaling-based method was implemented on the GEE and is more efficient than
the SNAP method. Estimating FPAR from a single Sentinel-2 scene only takes 30 s,
while the SNAP method takes an average of 10 min. The scaling-based method is very
suitable for the operational estimation of FPAR from Sentinel-2 images.
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