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Abstract: The spatial resolution (250–1000 m) of the FY-3D MERSI is too coarse for agricultural
monitoring at the farmland scale (20–30 m). To achieve the winter wheat yield (WWY) at the
farmland scale, based on FY-3D, a method framework is developed in this work. The enhanced deep
convolutional spatiotemporal fusion network (EDCSTFN) was used to perform a spatiotemporal
fusion on the 10 day interval FY-3D and Sentinel-2 vegetation indices (VIs), which were compared
with the enhanced spatial and temporal adaptive reflectance fusion model (ESTARFM). In addition, a
BP neural network was built to calculate the farmland-scale WWY based on the fused VIs, and the
Aqua MODIS gross primary productivity product was used as ancillary data for WWY estimation.
The results reveal that both the EDCSTFN and ESTARFM achieve satisfactory precision in the fusion
of the Sentinel-2 and FY-3D VIs; however, when the period of spatiotemporal data fusion is relatively
long, the EDCSTFN can achieve greater precision than ESTARFM. Finally, the WWY estimation
results based on the fused VIs show remarkable correlations with the WWY data at the county scale
and provide abundant spatial distribution details about the WWY, displaying great potential for
accurate farmland-scale WWY estimations based on reconstructed fine-spatial-temporal-resolution
FY-3D data.

Keywords: FY-3D; vegetation index; spatiotemporal data fusion; farmland scale; winter wheat yield
estimation; precision agriculture; deep learning; neural network

1. Introduction

Winter wheat (WW) is one of the main grain crops in northern China, and the WW
growth indices at different growing stages exhibit varying correlations with the final
yield (Y). Therefore, continuous time series growth monitoring during the WW growing
period (from the regrowth stage to the milk stage) is important for Y estimation [1,2].
Compared with observation data from ground and meteorological stations, remote sensing
(RS) technology can detect the continuous spatial distribution of crop growth. A vegetation
index (VI), which is calculated based on multispectral reflectance data, is one of the most
commonly used methods for estimating crop growth statuses and is characterized by its
simplicity and ease of use. Currently, the most commonly employed multispectral VIs for
estimating crop growth include the normalized difference vegetation index (NDVI) [3],
soil-adjusted vegetation index (SAVI) [4], and enhanced vegetation index (EVI) [5]. The
SAVI and EVI were developed based on the NDVI, and they consider soil backgrounds
and atmospheric factors, respectively. Relevant studies have shown that the NDVI has a
favourable linear or nonlinear relationship with vegetation coverage [6,7], while compared
with the NDVI, the SAVI and EVI demonstrate better correlations with the leaf area index [8,9].
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Over the past few decades, numerous VI products have been developed using high-
temporal-resolution (HTR) satellite sensors, including the NOAA Advanced Very-High-
Resolution Radiometer (AVHRR), Terra/Aqua Moderate Resolution Imaging Spectrora-
diometer (MODIS), and Fengyun-3 (FY-3) Medium Resolution Spectral Imager (MERSI).
These products typically exhibit high precision in uniformly distributed farmland areas
and can achieve a temporal resolution (TR) as high as 0.5 days. Among them, the FY-3
satellite is a second-generation polar-orbiting solar-synchronous meteorological satellite
developed in China. Launched in November 2017, the FY-3 satellite is equipped with a
MERSI containing 25 channels, including four visible and near-infrared channels, with a
spatial resolution (SR) of 250 m. These channels are essential spectral bands for calculating
VI products. The overpass time of FY-3D satellites is approximately 14:00 in the afternoon
and the TR of FY-3D can reach 0.5 days. Currently, VIs such as the NDVI and EVI, which
are calculated on the basis of satellite sensors such as MODIS, have been widely used
in estimating the Y of various crops [10,11]. Johnson et al. [11] estimated the crop Y for
barley, spring wheat, and rapeseed on Canadian prairies via the MODIS NDVI and EVI,
and the results revealed that in July, the MODIS NDVI can be used to effectively predict the
crop Y of the three crops mentioned above and that the combination with the MODIS EVI
can further improve the precision of crop Y forecasts. Compared with crop Y estimation
models based on VIs during a specific growing period, crop Y estimation models that
integrate VIs across multiple growing stages may yield more accurate estimates [12–14].
Zhao et al. [12] estimated the winter wheat yield (WWY) in Henan Province based on
the MODIS NDVI from March to May, and the results revealed that the multiple linear
regression model constructed with the NDVI from multiple months achieved a high Y
estimation precision for WW. Besides the application in crop Y estimation, the VI products
based on HTR satellite sensors have also been widely used in crop growth monitoring,
biomass estimation [15,16], drought monitoring [17,18] and phenology monitoring [19,20].
Compared with the more well-developed RS satellite products in the USA, VI products
based on the FY-3 satellites developed relatively late but are now playing an increasingly
significant role in agricultural monitoring and meteorological disaster prevention and
mitigation in China and other countries in the world, especially the “Belt & Road” [21]
countries in Asia, Africa, and South America, etc. [22–25]. To date, the application of
FY-3 satellites in agricultural monitoring has formed a basic operational framework that
provides regular services and data support to the relevant departments of countries around
the world [26].

However, the SR (250–1000 m) of the above HTR satellite sensors is significantly
coarser than the farmland scale (approximately 20 m) in most regions in China, such as the
Weihe Plain in Shaanxi Province. Due to the existence of other vegetation and artificial land
between farmlands in these regions, there are uncertainties in terms of the crop growth
monitoring results based on the above satellite sensor data. In contrast, the SR (10–30 m) of
the Landsat-5 Thematic Mapper (TM), the Landsat-8 Operational Land Imager (OLI), and
the Sentinel-2 MultiSpectral Instrument (MSI) data are very close to the farmland scale in
most regions of China, and croplands and artificial lands can be clearly distinguished in
these satellite images. Among these satellites, Sentinel-2a and Sentinel-2b were launched
in 2015 and 2017, respectively, and both are equipped with a multispectral instrument
(MSI) containing 12 channels, including six visible and six near-infrared channels, with
SRs of 10–60 m. The width of the Sentinel-2 imagery can reach 290 km, and the entire area
of most provinces in China can be covered by a single orbit of Sentinel-2. Currently, VIs
based on Landsat and Sentinel-2 data have been widely used in monitoring at the farmland
scale [27–30]. However, due to the low TR (5–16 days) of the Landsat and Sentinel-2 images, it
is difficult to obtain sufficient cloudless data during periods with few sunny days. Therefore,
further development of methods for crop growth monitoring at the farmland scale based on
high spatiotemporal resolution data are urgently needed.

The spatiotemporal data fusion (STDF) model can combine the advantages of fine-
spatial-resolution (FSR) satellite imagery (such as Landsat) and HTR satellite images (such
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as MODIS), thereby realizing continuous time series monitoring of crop growth at the
farmland scale. At present, the existing spatiotemporal fusion methods include weight
function-based methods, unmixing-based methods, Bayesian-based methods, machine
learning-based methods, deep learning-based methods, and hybrid methods [31,32]. The
spatial and temporal adaptive reflectance fusion model (STARFM) [33] and its improved
method, i.e., the enhanced STARFM (ESTARFM) [34], are widely employed STDF methods,
and both are easy to use and have stable performance [35]. However, these methods exhibit
high uncertainties in areas with varying land cover types and complex vegetation phenol-
ogy variations. Several STDF models based on deep learning have emerged as the field has
developed, including the deep convolutional spatiotemporal fusion network (DCSTFN)
model, which is based on the convolutional neural network autoencoder [36]. The DCSTFN
approach assumes that the variations in ground features in FSR imagery are the same
as those in coarse-spatial-resolution (CSR) imagery. Therefore, the DCSTFN model still
exhibits uncertainty in areas with complex and diverse land cover types. To improve the
fusion precision of the DCSTFN model in areas with complex and diverse land cover types,
the enhanced DCSTFN (EDCSTFN) model was proposed by Tan et al. [37]; this model
uses a residual encoder to learn the variation in ground features in FSR imagery based
on the input FSR and CSR imagery. The results showed that the fusion precision of the
EDCSTFN is greater than that of other unmixing-based models, such as STARFM, in areas
with complex land cover changes. At present, the STDF models have been widely used in
different geographical regions of the world, such as the regions in China, South Asia, and
the USA, and the application of the STDF involves many areas, such as agriculture, ecology,
and land cover classification [31]. In agriculture, the STDF has been widely used in crop
growth monitoring [38,39], crop Y estimation [40–42], biomass estimation [43,44], drought
monitoring [45,46], and phenology monitoring [47,48], indicating the high application
potential of the STDF in improving the precision agriculture monitoring. However, deep
learning-based STDF models such as the EDCSTFN currently have relatively few applica-
tions in agricultural monitoring, which is important for achieving accurate farmland-scale
agriculture monitoring during periods of complex variation in crop phenology.

At present, most existing STDF studies are based on satellite sensors in the USA, such
as the Moderate Resolution Imaging Spectroradiometer (MODIS), and most studies involve
fusions between satellites that overpass in the morning. Spatiotemporal fusion-based
studies for FY-3 series meteorological satellites and FSR satellite data are rare, as are STDF
studies for satellites that overpass in the morning and afternoon, such as spatiotemporal
fusion between the VIs of the newly launched FY-3D satellite and Sentinel-2 satellite.
To extend the application of the FY-3D satellite to farmland-scale precision agricultural
monitoring, it is necessary to further construct the STDF model framework for both FY-3D
and FSR satellite data, such as Sentinel-2. Among the various satellite data in STDF models,
there are differences in the spectral response bands, satellite overpass times, precisions
of atmospheric corrections and geometric corrections, all of which affect the precision of
the STDF models to varying degrees. The Sentinel-2 satellite passes over at approximately
10:00 a.m. local time, while the FY-3D satellite passes over at approximately 2:00 p.m. In
addition, the spectral responses of the corresponding bands between these two sensors are
slightly different. Therefore, in terms of the spatiotemporal fusion of VIs (including the
NDVI, SAVI and EVI) from Sentinel-2 and FY-3D, it is necessary to assess the consistency of
the two indices, properly adjust the parameters of the spatiotemporal fusion models, and
retrain the deep-learning-based fusion models to evaluate the performance of each STDF
model under fusion periods of different lengths.

The main purpose of this study is to propose a method framework for reconstructing
time-series farmland-scale FY-3D-based VI imagery (including the NDVI, SAVI and EVI)
over the main WW growing period via fusion with Sentinel-2 data based on the newly
deep-learning-based STDF model to achieve farmland-scale WWY estimation by using
the reconstructed FY-3D VI imagery. The Weihe Plain in Shaanxi Province, which is a
typical WWY planting area in China that has similar climate and farmland characteristics
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as other WWY planting areas in China, was selected as the study region. Specifically, the
objectives of this paper include two steps: (1) constructing STDF models to fuse the 10 day
interval VI imagery from Sentinel-2 and FY-3D based on the ESTARFM and EDCSTFN and
comparing the precision levels of the two models under fusion periods of different lengths,
thereby selecting the STDF model with the optimal precision to reconstruct farmland-scale
VI imagery for each 10 day period during the WW main growing period; (2) establishing a
linear regression model to estimate WWY imagery at a 500 m SR based on Aqua MODIS
gross primary productivity (GPP) data and county-scale WWY data, thereby constructing a
back propagation neural network (BPNN) model based on the reconstructed farmland-scale
FY-3D-based VI imagery and the 500 m SR Y estimation result to realize farmland-scale
WWY estimation.

2. Materials and Methods
2.1. Study Region

The study region is the Weihe Plain (106◦22′–110◦24′E, 33◦57′–35◦39′N) in the central
part of Shaanxi Province (Figure 1), which has a length of approximately 360 km from
east to west, a width of approximately 80 km from north to south, and an average altitude
of approximately 500 m [49,50]. The topography is high in the west and low in the east.
The water system of the Weihe Plain is well-developed, and the land is fertile. It is one
of the main WW planting areas in China. The land-use types on the Weihe Plain include
cultivated land, woodlands, water bodies, artificial lands and bare land, of which more
than half of the land is farmland. The farmland area is divided into several small fields
that are less than 1 km2 in size, by artificial land and other vegetation areas. The cultivated
land on the Weihe Plain can be classified into grainland, orchard and vegetable land areas.
Before summer, the main crop grown in the grain land areas is WW, which is usually
sown in October and harvested in early June of the following year. During this period,
early March to mid-March constitutes the regrowth stage of WW on the Weihe Plain, late
March to mid-April constitutes the jointing stage, late April to early May constitutes the
heading-filling stage, and mid-May to late May constitutes the milk stage. The average
annual temperature of the Weihe Plain varies between 6 and 13 ◦C, and the average annual
precipitation varies between 500 and 700 mm [51,52]. The Weihe Plain has the same typical
spring and early summer climatic and farmland-scale characteristics as the main WW
planting areas in China, and the region’s east–west length is very close to the width of
the Sentinel-2 imagery; therefore, it is very suitable for use as a study region for the STDF
and farmland-scale WWY estimation in China. The method framework for farmland-scale
FY-3D-based VI imagery reconstruction and WWY estimation developed on the Weihe
Plain in this study can be easily migrated to other WW planting areas in China in the future.

2.2. RS Data and Y Data

The RS data used in this study included 20 m SR Sentinel-2 MSI surface reflectance
data, 250 m SR FY-3D MERSI surface reflectance data from early March to late May in 2020
to 2022, and 500 m SR Aqua MODIS GPP product (MYD17A2H) data at 8 day intervals from
March to May 2014–2022. Among them, the Sentinel-2 data were obtained from the Sentinel
Scientific Data Hub, the FY-3D data were obtained from the FY Satellite RS Data Service
Network, and the MYD17A2H product was obtained from the Atmospheric Storage and
Distribution System (LAADS) Distributed Active Storage Center (DAAC). According to the
main WW growing period on the Weihe Plain, only the data from early March to late May
were used for the STDF and WWY estimation. Table 1 lists the acquisition dates (AQDs)
of the Sentinel-2 and FY-3D data, which were acquired under cloudless conditions. Since
more Sentinel-2 data were available in 2020 and were evenly distributed between early
March and late May, the EDCSTFN was trained on the 2020 data, and the trained model
was subsequently applied to the 2021 and 2022 data. To obtain the geometrically corrected
reflectance products, the Sentinel-2 data were processed using the Sentinel Application
Platform (SNAP) 9.0, the FY-3D data were processed by using the SMART 3.2 software that
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can be downloaded from the FY Satellite RS Data Service Network and the MODIS data
were processed by using the MODIS Reprojection Tool (MRT). After analyzing the Sentinel-
2 and FY-3D imagery, the Sentinel-2 imagery exhibited high geometric correction precision,
and no further mutual registration was needed. Moreover, the FY-3D imagery exhibited
relatively low geometric correction precision, and geometric bias occurred between the
images for different dates. Therefore, the obtained FY-3D images were further registered
with the Sentinel-2 imagery. First, the cloudless Sentinel-2 surface reflectance imagery
was selected as the reference imagery and resampled to the SR of the FY-3D imagery
(approximately 250 m). Then, the ENVI 5.3 software was used to automatically register the
FY-3D surface reflectance imagery with the Sentinel-2 imagery. To ensure stable registration,
the first-order polynomial was selected for automatic registration. Based on the registered
Sentinel-2 and FY-3D surface reflectance data, the NDVI, SAVI and EVI were calculated,
and then, maximum value composites were generated to obtain the 10 day interval FY-3D
VI. For any 10 day intervals lacking available FY-3D data (e.g., mid-May 2021), the average
VI imagery of the first and next 10 day periods were used as the FY-3D VI imagery for
these 10 day intervals. Since there was only one Sentinel-2 image for each 10 day interval
during the study period, the Sentinel-2 VI imagery was directly used as the 10 day period
VI imagery. In this study, the calculated 10 day period FY-3D and Sentinel-2 VI images were
used for the STDF, and the obtained MYD17A2H products were used for WWY estimation.
In the process of STDF, the FY-3D images were reprojected and resampled to the projection
and SR (20 m) of the Sentinel-2 data.
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Figure 1. Overview of the study region: (a) location of the Weihe Plain; (b) FY-3D false colour
composite image for 3 May 2020; and (c) locations of the county-scale WWY data points used in the
WWY estimation.

Table 1. AQDs of the Sentinel-2 and FY-3D data under cloudless conditions.

Period
2020 2021 2022

Sentinel-2 FY-3D Sentinel-2 FY-3D Sentinel-2 FY-3D

Early March 4 4 3 4 2, 7, 10
Mid-March 14, 17–19 12, 13 13
Late March 23, 24 29 27, 28 28
Early April 8 8 8 8 6, 8, 10
Mid-April 12 18 12, 17, 18 13, 20
Late April 28 24–26, 28 28 28, 29, 30 23 21, 23, 25
Early May 3 1, 3 8 4, 5, 8, 9 3 2, 3, 6, 7
Mid-May 18 15, 16 16, 17, 19
Late May 24, 30, 31 23 22, 24
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In addition, to construct and evaluate the precision of the WWY estimation model for
the Weihe Plain, the WWY statistical yearbook data from 2020 to 2021 from 24 counties
on the Weihe Plain (Figure 1c) covering numerous WW planting areas, most of which are
located in the study region, were selected. The statistical yearbook data related to the
counties on the Weihe Plain for 2022 were temporarily unavailable. Therefore, the WWY
estimation results for 2022 were not verified in this study.

2.3. Methods

The method framework in this study involved two steps (Figure 2): spatiotemporal
fusion of the 10 day interval VIs based on Sentinel-2 and FY-3D data and farmland-scale
WWY estimation. (1) In the process of spatiotemporal fusion of the VIs, the ESTARFM
and EDCSTFN were used to fuse the 10 day interval NDVI, SAVI and EVI images from
Sentinel-2 and FY-3D, respectively, thereby reconstructing the 10 day interval VI imagery
with a 20 m SR over the WW growing period. The fusion precisions of the two models were
compared in this study. (2) In the process of farmland-scale WWY estimation, a BPNN
WWY estimation model was constructed to estimate the WWY on the Weihe Plain with a
20 m SR based on spatiotemporally fused VI imagery, and the Aqua MODIS GPP product
(MYD17A2H) and the county-scale WWY statistical data were used to construct the WWY
estimation model. The key methods are described in this section.
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2.3.1. Spatiotemporal Fusion of VIs Based on Sentinel-2 and FY-3D Data

In accordance with the principles and uses of the ESTARFM and EDCSTFN described
by Zhu et al. [34] and Tan et al. [37], in this section, the training scheme of the EDCSTFN
and the usage and parameter setting scheme of the two models for spatiotemporal fusion
of the 10 day interval Sentinel-2 and FY-3D VI imagery are described.

The EDCSTFN is a spatiotemporal fusion model based on convolutional neural net-
work autoencoders with an encoder-feature fusion-decoder architecture. The model consists
of two encoders: an encoder for FSR imagery and a residual encoder. The encoder for FSR
imagery learns the features of the FSR reference imagery, and the residual encoder learns
the feature changes in the FSR reference imagery between the reference and predicted
imagery dates based on the input FSR and CSR imagery. The fusion process is performed in
the feature space. The feature imagery of the FSR reference imagery is added to the feature
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imagery output by the residual encoder, and the resulting decoder is subsequently used to
restore the fused feature imagery to the original pixel space. To evaluate the feature loss
of the fusion results, an hourglass-shaped autoencoder is also built into the EDCSTFN to
extract features from both the fusion and validation images. In the date-setting scheme
of this study, Sentinel-2 NDVI, SAVI, and EVI images from 28 April 2020, were used to
train the autoencoders to evaluate the feature loss of each VI. The main parameters of
the EDCSTFN include the initial learning rate of the Adam optimization algorithm, the
number of training epochs, the batch size, the size of the training images, and the size of
the prediction images. In this study, the initial learning rate was set to 0.001. In addition,
the number of training epochs was set to 100, and the training process was stopped when
the learning rate decreased to 1 × 10−5. The training batch size was set to 4 according to
our hardware configuration. In addition, the structures of the encoders and decoders in the
EDCSTFN and the settings of the hyperparameters and the regularization method of the
Adam optimization algorithm are the same as those in the method discussed in Tan et al. [37].

During the EDCSTFN training stage, according to the method described in
Zhou et al. [42], two areas of 1500 × 1500 pixels were selected from the cropland areas in
the western and central parts of the Weihe Plain, two of which were randomly selected
as training images and the other two as validation images. When the data AQD were
selected for EDCSTFN training, the AQDs of the Sentinel-2 and FY-3D VI images for early
March, early April, late April and mid-May 2020 were combined as reference and predicted
imagery dates. In each training area, six sets of data were selected for EDCSTFN training
during the main WW growing period on the Weihe Plain (Table 2). The EDCSTFN requires
1–2 pairs of FSR imagery and CSR imagery acquired on similar dates as the reference
imagery. During the training process implemented in this study, only one pair of reference
images was used, and the EDCSTFN trained on the 2020 data were used to predict the
10 day interval VI imagery during the main WW growing period at the farmland scale in
2021 and 2022.

Table 2. Data AQD for EDCSTFN training in 2020.

Data Group Reference Imagery Date Predicted Imagery Date

1 Early March Early April
2 Early April Early March
3 Early April Late April
4 Late April Early April
5 Late April Mid-May
6 Mid-May Late April

At the EDCSTFN prediction stage, the size of the prediction imagery was set to 7980,
and the full imagery of the Weihe Plain was divided into two parts, each containing
7980 × 7980 pixels. To reconstruct the farmland-scale 10 day interval VI imagery during
the main WW growing period, evaluate the impact of the STDF period length (i.e., the
distance between the AQD of the two reference images) on the prediction precision, and
considering the availability of Sentinel-2 data at each WW growing stage on the Weihe Plain
from 2020 to 2022, the Sentinel-2 and FY-3D VI images obtained during different 10 day
periods were selected as the reference imagery for the fusion model. The specific fusion
scheme for each year is as follows: (1) In 2020, the VI imagery obtained in early March
and late April and the VI imagery obtained in early April and mid-May were selected as
reference imagery for the fusion model (with an interval of approximately 1.5 months)
to predict the farmland-scale 10 day interval VI imagery between the AQDs of the two
reference images. The prediction results were compared with those when the VI imagery
acquired in early March and mid-May was selected as the reference imagery (with an
interval of approximately 2.5 months). (2) In 2021, the VI imagery obtained in late March
was selected as the reference imagery for predicting the farmland-scale VI imagery for
early and mid-March. (3) In 2022, the VI imagery obtained in early and late April was
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selected as the reference imagery for predicting the farmland-scale VI imagery for early and
mid-April, and the VI imagery obtained in early May was selected as reference imagery
to predict farmland-scale VI imagery for mid- and late May. (4) In 2022, the VI imagery
obtained in early and late April as well as the VI imagery obtained in late April and late
May were selected as the reference imagery (with an interval of approximately 1.5 months)
to predict the farmland-scale 10 day interval VI imagery between the AQDs of the two
reference images. In addition, the prediction results were compared with those when the
VI imagery acquired in early March and late May was selected as the reference imagery
(with an interval of approximately 2.5 months).

The ESTARFM requires two FSR images as reference images. Thus, the fusion schemes
of the ESTARFM from early March to mid-May 2020, from late March to late April 2021,
and from early March to late May 2022 were the same as those of the EDCSTFN. In the
ESTARFM parameter settings, according to the method from Zhou et al. [41], the number
of categories was set to 10 according to the land cover in the study region. In addition, the
moving window size was set to 25 Sentinel-2 VI pixels, corresponding to approximately
two FY-3D VI pixels.

2.3.2. WWY Estimation Based on the Spatiotemporally Fused VIs

The WWY estimation framework comprises two parts: WWY estimation based on
the MODIS cumulative GPP data (Figure 3a) and farmland-scale WWY estimation based
on multiple parameters (Figure 3b). First, a linear regression WWY estimation model
based on the MODIS cumulative GPP and county-scale WWY data were constructed to
generate WWY data for the Weihe Plain with an SR of 500 m, and a BPNN WWY estimation
model based on the spatiotemporally fused NDVI, SAVI and EVI data from across multiple
growing stages was then constructed. The WWY data with an SR of 500 m were used to
train the BPNN WWY estimation model, thereby estimating the farmland-scale WWY on
the Weihe Plain. The two parts of the method are described in detail in this section.

Remote Sens. 2024, 16, x FOR PEER REVIEW 9 of 25 
 

 

2.3.2. WWY Estimation Based on the Spatiotemporally Fused VIs 
The WWY estimation framework comprises two parts: WWY estimation based on the 

MODIS cumulative GPP data (Figure 3a) and farmland-scale WWY estimation based on 
multiple parameters (Figure 3b). First, a linear regression WWY estimation model based 
on the MODIS cumulative GPP and county-scale WWY data were constructed to generate 
WWY data for the Weihe Plain with an SR of 500 m, and a BPNN WWY estimation model 
based on the spatiotemporally fused NDVI, SAVI and EVI data from across multiple 
growing stages was then constructed. The WWY data with an SR of 500 m were used to 
train the BPNN WWY estimation model, thereby estimating the farmland-scale WWY on 
the Weihe Plain. The two parts of the method are described in detail in this section. 

  
(a) (b) 

Figure 3. Flowchart of farmland-scale WWY estimation: (a) Y estimation model based on the cumu-
lative GPP; and (b) farmland-scale Y estimation model based on multiple parameters. 

In the process of constructing a WWY estimation model based on the cumulative 
GPP, the MODIS GPP data for the Weihe Plain from March to May were first collected to 
obtain the cumulative GPP data for the main WW growing period. According to the dis-
tribution of the WW planting areas on the Weihe Plain reported by Zhou et al. [45] and 
the county boundaries of the Weihe Plain, the 500 m SR cumulative GPP data for the over-
all WW planting area were averaged to the county scale, thereby obtaining the average 
cumulative GPP of WW for the main growing period of each county on the Weihe Plain. 
Many studies have shown that WWY data exhibit a favourable linear relationship with 
the cumulative GPP during the growing period [53,54]. In this study, a linear regression 
model was established between the average cumulative GPP and WWY statistics for each 
county on the Weihe Plain from 2014 to 2018. This model was used to estimate WWY data 
with a 500 m SR for 2020 to 2022. Due to the increase in cloud cover over the Weihe Plain 
from March to May 2019, the GPP data for 2019 were not used for WWY estimation. The 
R2 value and the p-value of the hypothesis test were used to assess the correlation between 
the MODIS cumulative GPP data and WWY statistical data. 

In the process of farmland-scale WWY estimation based on multiple parameters, the 
10 day interval VI (including the NDVI, SAVI and EVI) images at the farmland scale re-
constructed by the STDF model were averaged to obtain farmland-scale VI imagery for 
the 4 WW growing stages. Then, farmland-scale VI images for the 4 WW growing stages 
were used as input data, and the WWY data estimated from the MODIS cumulative GPP 
data were used as the target sample to construct a BPNN Y estimation model based on 

Figure 3. Flowchart of farmland-scale WWY estimation: (a) Y estimation model based on the
cumulative GPP; and (b) farmland-scale Y estimation model based on multiple parameters.

In the process of constructing a WWY estimation model based on the cumulative
GPP, the MODIS GPP data for the Weihe Plain from March to May were first collected
to obtain the cumulative GPP data for the main WW growing period. According to the
distribution of the WW planting areas on the Weihe Plain reported by Zhou et al. [45]
and the county boundaries of the Weihe Plain, the 500 m SR cumulative GPP data for the
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overall WW planting area were averaged to the county scale, thereby obtaining the average
cumulative GPP of WW for the main growing period of each county on the Weihe Plain.
Many studies have shown that WWY data exhibit a favourable linear relationship with
the cumulative GPP during the growing period [53,54]. In this study, a linear regression
model was established between the average cumulative GPP and WWY statistics for each
county on the Weihe Plain from 2014 to 2018. This model was used to estimate WWY data
with a 500 m SR for 2020 to 2022. Due to the increase in cloud cover over the Weihe Plain
from March to May 2019, the GPP data for 2019 were not used for WWY estimation. The
R2 value and the p-value of the hypothesis test were used to assess the correlation between
the MODIS cumulative GPP data and WWY statistical data.

In the process of farmland-scale WWY estimation based on multiple parameters,
the 10 day interval VI (including the NDVI, SAVI and EVI) images at the farmland scale
reconstructed by the STDF model were averaged to obtain farmland-scale VI imagery for
the 4 WW growing stages. Then, farmland-scale VI images for the 4 WW growing stages
were used as input data, and the WWY data estimated from the MODIS cumulative GPP
data were used as the target sample to construct a BPNN Y estimation model based on
spatiotemporally fused VI imagery. In the BPNN Y estimation model, a single hidden
layer neural network containing 5 neurons was used. The number of neurons in each
layer of the model and the activation function are provided in Table 3. The specific steps
used to construct a WWY estimation model based on the BPNN were as follows: (1) the
farmland-scale VI images for the 4 WW growing stages were aggregated to a 500 m SR;
(2) a BPNN Y estimation model based on the spatiotemporally fused VI imagery for the
4 growing stages and the WWY data estimated from the MODIS cumulative GPP data were
constructed and trained at a 500 m SR, where the training and validation data accounted
for 90% and 10% of the total data, respectively; (3) the farmland-scale VI imagery for each
WW growing stage was entered into the BPNN Y estimation model, thereby estimating
the WWY at the farmland scale; and (4) the WWY estimation results of the BPNN were
evaluated by using the county-scale WWY statistical data for the Weihe Plain.

Table 3. Structure and parameters of the BPNN WWY estimation model.

Model Parameters
Network Layers

Input Layer Hidden Layer Output Layer

Number of neurons 12 5 1
Activation function Hyperbolic tangent function Linear function

2.3.3. Precision Evaluation of the STDF and WWY Estimation Model

The consistency of the FSR imagery and CSR imagery may affect the precision of the
spatiotemporal fusion results [39]; therefore, it is necessary to verify the consistency of the
10 day interval VI imagery between Sentinel-2 and FY-3D before spatiotemporal fusion. To
test the consistency of the 10 day interval Sentinel-2 and FY-3D VI (including NDVI, SAVI
and EVI) imagery, the Sentinel-2 VI imagery during the study period was aggregated to
250 m and compared with the FY-3D VI imagery for the same 10 day period.

In the precision evaluation of the STDF model, the data from 2020 to 2022 were used
to evaluate the impact of different reference date distances (at intervals of approximately
1.5 and 2.5 months) on the prediction precision of the ESTARFM and EDCSTFN. The fusion
results were evaluated by using Sentinel-2 VI imagery that was not used in the STDF
process. Due to the lack of data for the corresponding period in 2021, the data for 2021 were
not used in the above test but were only used to reconstruct 10 day interval VI imagery at
the farmland scale.

To evaluate the precision of the WWY estimation, the WWY statistical yearbook data
from 2020 to 2021 for 24 counties on the Weihe Plain were used to evaluate the precision
of the BPNN WWY model based on the spatiotemporally fused VI imagery. The WWY
estimate results were averaged to the scales of each county, and the linear regression
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method was employed to correlate the WWY estimate results with the WWY statistical
yearbook data at the county scale.

To quantify these precision evaluations, the coefficient of determination (R2), root
mean square error (RMSE), and average deviation (predicted results—validation data) were
used to evaluate the precision of the STDF results and the WWY estimation results. These
metrics are important indices for evaluating the differences between model estimation
results and validation data. In this work, the random and systematic deviations between
the fusion results and validation imagery, as well as the random and systematic deviations
between the WWY estimation results and validation data, were evaluated by these indices.

3. Results
3.1. Consistency of the VIs Between Sentinel-2 and FY-3D

The consistency of the 10 day interval Sentinel-2 and FY-3D VI (including the NDVI,
SAVI and EVI) imagery was tested by using the method described in Section 2.3.2. The
consistency validation results for early March, early April, late April, and mid-May 2020
are displayed in Figure 4. The R2 values between the aggregated Sentinel-2 VI imagery and
the FY-3D VI imagery varied between 0.22 and 0.35, and the RMSE values of the fitting
results varied between 0.09 and 0.14. The R2 values of the NDVI, SAVI and EVI imagery
were essentially consistent. These results also revealed large random deviations between
the 10 day interval FY-3D VI imagery and the aggregated Sentinel-2 VI imagery, and the
random deviations corresponding to the NDVI, SAVI and EVI imagery were basically the
same. These random deviations may be related to differences in the satellite overpass
time, satellite observation angle, spectral response characteristics of the bands, atmospheric
correction and registration precision between Sentinel-2 and FY-3D [39], especially the
registration precision of the FY-3D imagery. In this study, the FY-3D imagery still exhibited
deviations of 1–2 pixels between the different dates after 1-degree polynomial registration.
In addition, the average deviations between the FY-3D VI imagery and aggregated Sentinel-
2 VI imagery varied mostly between −0.02 and 0.02, which indicates that the systematic
deviations of the 10 day interval VI imagery between Sentinel-2 and FY-3D are small.
Therefore, the STDF model could be used to fuse the 10 day interval VI imagery of Sentinel-
2 and FY-3D. However, due to the large random deviations of the 10 day interval VI imagery
between Sentinel-2 and FY-3D, it is necessary to select an STDF model that is insensitive to
random deviations. The ESTARFM employs a sliding window to search for similar pixels
and applies a weighted function to reduce the effect of random errors, and the EDCSTFN is
an STDF model based on convolutional neural networks in which random errors can be
reduced through the convolution operation. Therefore, both the ESTARFM and EDCSTFN
can reduce the random deviations of the fusion data. The precision of the ESTARFM and
EDCSTFN for the spatiotemporal fusion of the 10 day interval Sentinel-2 and FY-3D VI
imagery is evaluated below.

3.2. VI Spatiotemporal Fusion Results
3.2.1. Training of the EDCSTFN

The established EDCSTFN based on the Sentinel-2 and FY-3D VIs (including the NDVI,
SAVI and EVI) was trained according to the training data grouping scheme discussed in
Section 2.3.1. After approximately 50 training iterations, the model gradually converged;
the loss for the model converged at approximately 0.03, and the value of the training
loss was very close to that of the validation loss. Table 4 displays the values of the final
training and validation losses for training the EDCSTFN with different data grouping
schemes. Among them, the values of the training and validation losses obtained by using
the training datasets for early April and late April were the smallest among all of the groups,
varying between 0.020 and 0.031, followed by the training datasets for early March and
early April, with values varying between 0.024 and 0.030. The values of the training and
validation losses corresponding to the training datasets for late April and mid-May were
the largest, varying between 0.029 and 0.044, and the values of the training and validation
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losses obtained using all of the datasets for March to May were centred at all the groups,
varying between 0.028 and 0.042. The above results are similar to the results based on the
Sentinel-2 and Sentinel-3 images published by Zhou et al. [42]. These results indicate that
the EDCSTFN provides greater precision for spatiotemporal fusion of the 10 day interval
Sentinel-2 and FY-3D VI imagery for April, followed by March, with a lower spatiotemporal
fusion precision for May. The model trained by using all of the datasets for March to May
achieved high overall precision over the main WW growing period. Therefore, in practical
applications, to increase the convenience of the EDCSTFN, the model trained by using all
of the datasets for the period from March to May was uniformly employed to predict the
10 day interval VI imagery at the farmland scale during the main WW growing period.
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Table 4. Training and validation losses for EDCSTFN training.

Period of Training Data
NDVI SAVI EVI

Training Loss Validation Loss Training Loss Validation Loss Training Loss Validation Loss

Early March, early April 0.029 0.027 0.024 0.025 0.030 0.029
Early April, late April 0.021 0.021 0.021 0.020 0.031 0.026
Late April, mid-May 0.030 0.034 0.029 0.032 0.041 0.044

Early March, mid-May 0.030 0.031 0.028 0.028 0.042 0.041

3.2.2. Prediction by the EDCSTFN

The precisions of the EDCSTFN and ESTARFM were evaluated according to the date
selection scheme employed during the prediction stage of the spatiotemporal fusion models
described in Section 2.3.1, and farmland-scale 10 day interval VIs (including the NDVI,
SAVI and EVI) were predicted during the main WW growing periods from 2020 to 2022. To
assess the spatiotemporal fusion precision of the EDCSTFN and ESTARFM, at a distance of
approximately 1.5 months between the AQDs of the two reference images, the Sentinel-2
and FY-3D VI images acquired in early March and late April 2020, early April and mid-
May 2020, early March and late April 2022, and late April and late May 2022 were used as
reference images to predict farmland-scale 10 day interval VI images between the AQDs of
the reference images (including early April, late April and early May). The R2 values and
average deviations between the spatiotemporal fusion results and Sentinel-2 VI imagery
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used for validation are listed in Table 5. In 2020, the R2 value between the predicted
results of the EDCSTFN and ESTARFM and the Sentinel-2 VI data were approximately
0.9, and the absolute value of the average deviation in most 10 day periods did not exceed
0.03. These results are similar to the precision of the fusion results based on other satellite
sensors (such as MODIS and Landsat) in previous studies [45,55–57], which indicates
that both the EDCSTFN and ESTARFM can obtain high precisions when fusing FY-3D
and Sentinel-2 VI imagery of the Weihe Plain when the distance between the acquisition
and reference imagery dates is approximately 1.5 months. In addition, the R2 values and
average deviations corresponding to the predicted results of the EDCSTFN in 2022 are
basically the same as those of the ESTARFM and are very close to the prediction precision
of the EDCSTFN in 2020, which indicates that the EDCSTFN trained on single-year data
still achieves satisfactory spatiotemporal fusion precision in the adjacent years.

Table 5. Fusion precision evaluation of the EDCSTFN and ESTARFM when the distance between
the reference imagery AQD is approximately 1.5 months. RMSEfit represents the RMSE of the fitting
results, and AD represents the average deviation.

Year VI Prediction Date
EDCSTFN ESTARFM

R2 RMSEfit AD R2 RMSEfit AD

2020

NDVI
Early April 0.91 0.06 −0.02 0.90 0.06 −0.03
Late April 0.88 0.07 −0.05 0.89 0.07 0.00

SAVI
Early April 0.91 0.04 −0.02 0.93 0.04 −0.01
Late April 0.91 0.04 0.00 0.88 0.05 0.01

EVI
Early April 0.92 0.05 −0.01 0.92 0.05 0.01
Late April 0.90 0.05 −0.02 0.89 0.06 0.00

2022

NDVI
Early April 0.89 0.05 −0.02 0.89 0.05 0.00
Early May 0.86 0.05 0.03 0.88 0.05 0.03

SAVI
Early April 0.90 0.04 0.00 0.92 0.04 0.00
Early May 0.92 0.04 0.01 0.92 0.04 0.00

EVI
Early April 0.92 0.05 −0.02 0.92 0.05 0.00
Early May 0.91 0.05 −0.02 0.93 0.05 0.00

To further analyze the spatiotemporal fusion precision of the EDCSTFN and ES-
TARFM when the distance between the AQDs of the two reference images is approximately
2.5 months, Sentinel-2 and FY-3D VI imagery acquired in early March and mid-May 2020
were used as reference imagery to predict the farmland-scale VI imagery for early and late
April 2020, and Sentinel-2 and FY-3D VI imagery acquired in early March and late May 2022
were used as reference images to predict the farmland-scale VI imagery for early April and
early May 2022. The R2 values and average deviations of the spatiotemporal fusion results
are listed in Table 6. Compared with the fusion precisions when the distance between the
reference imagery AQD is approximately 1.5 months, the precisions of both the EDCSTFN
and ESTARFM significantly decrease for a period of approximately 2.5 months between the
reference imagery AQD. The R2 values of the EDCSTFN are above 0.75, and the R2 values
of the ESTARFM are above 0.68. These results indicate that the performance of both the
EDCSTFN and ESTARFM decreases when the spatiotemporal fusion period of the VIs
increases. However, the deep learning-based EDCSTFN could obtain a higher prediction
precision. Considering the influence of the distance between the reference imagery AQD
and the precision of the spatiotemporal fusion models, the distance between the reference
imagery AQD was ultimately maintained at approximately 1.5 months, and the EDCSTFN
was employed to reconstruct the farmland-scale 10 day interval VI imagery for the main
WW growing period on the Weihe Plain for the 2020–2022 period, thereby achieving WWY
estimation at the farmland scale.
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Table 6. Fusion precision evaluation of the EDCSTFN and ESTARFM when the distance between
the reference imagery AQD is approximately 2.5 months. RMSEfit represents the RMSE of the fitting
results, and AD represents the average deviation.

Year VI Prediction Date
EDCSTFN ESTARFM

R2 RMSEfit AD R2 RMSEfit AD

2020

NDVI
Early April 0.82 0.09 −0.03 0.86 0.08 −0.03
Late April 0.92 0.06 −0.01 0.87 0.07 −0.01

SAVI
Early April 0.84 0.06 −0.02 0.83 0.06 −0.01
Late April 0.87 0.05 −0.01 0.83 0.06 0.01

EVI
Early April 0.83 0.07 −0.01 0.78 0.08 0.00
Late April 0.86 0.06 −0.03 0.81 0.07 0.00

2022

NDVI
Early April 0.77 0.07 −0.01 0.74 0.07 0.00
Early May 0.84 0.05 −0.02 0.77 0.07 0.03

SAVI
Early April 0.75 0.06 0.01 0.69 0.07 0.01
Early May 0.84 0.05 0.00 0.81 0.06 0.02

EVI
Early April 0.75 0.09 −0.01 0.68 0.10 0.01
Early May 0.83 0.08 −0.04 0.79 0.09 0.00

3.2.3. Farmland-Scale EVI Images of WW During Each Growing Period

Notably, 20 m SR NDVI, SAVI and EVI imagery for the 4 WW growing stages were
obtained by averaging the 10 day spatiotemporally fused NDVI, SAVI and EVI imagery
for the main WW growing periods from 2020 to 2022. Under the influence of clouds, only
one cloudless Sentinel-2 image of the Weihe Plain could be obtained for each WW growing
period, and a single image cannot reflect the average crop growth during each growing
stage. However, the average treatment of the reconstructed 10 day scale VI imagery for
each WW growing stage could better reflect the average crop growth during each growing
stage. Figure 5 shows the 20 m SR EVI imagery for the 4 growing stages on the Weihe Plain
from 2020 to 2022, which was reconstructed by using the EDCSTFN. Between March and
May of each year, the areas with notable changes in EVI values were mainly WW planting
areas, and the changes in EVI values in forest areas were relatively small. Among the 4 WW
growing stages, the EVI values in the WW planting area were usually the highest at the
heading-filling stage, followed by those at the jointing and milk stages, and the EVI values
at the regrowth stage were usually the lowest, as was the case for the EVI on the Weihe
Plain in 2021 and 2022. However, the maximum EVI values in the WW planting areas in
2020 occurred earlier than those in 2021 and 2022, namely, from late March to mid-April,
corresponding to the jointing stage in 2021 and 2022. In the WW planting area on the
western Weihe Plain, the EVI values before late March were greater than those from late
April to early May in 2020. These results indicate that the actual heading-filling stage of
the WW on the western Weihe Plain in 2020 occurred earlier than that in 2021 and 2022,
which could be related to the early WW sowing time in 2020. In addition, when comparing
the EVI values in the WW planting areas in the different regions of the Weihe Plain from
2020 to 2022, the EVI values of the WW planting areas in the western Weihe Plain were
greater than those in the central part of the Weihe Plain during the first three growing
stages. Previous studies have indicated that the growth characteristics of WW on the Weihe
Plain from late March to late April (including the jointing and heading-filling stages) are
important for Y estimation [58]. The growth in the WW planting area in the western Weihe
Plain was greater than that in the central part of the Weihe Plain, and the Y in the western
Weihe Plain was also greater.
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3.3. Farmland-Scale WWY Estimation Results and Analysis
3.3.1. WWY Estimation Results Based on the Cumulative GPP

According to the method description of WWY estimation based on the MODIS cumu-
lative GPP data in Section 2.3.2, eight day-scale Aqua MODIS GPP data for the main WW
growing period (from March to May of each year) from 2014 to 2018 were collected, and a
linear regression model relating the cumulative GPP data for the main WW growing period
over the five-year period and the county-scale WWY statistical data were constructed in
this study (Figure 6a). The regression results reveal that the cumulative GPP data for the
main WW growing period on the Weihe Plain from 2014 to 2018 were strongly correlated
with the WWY statistical data at the county scale, with an R2 value of 0.67 (p < 0.01). These
results indicate that the WWY on the Weihe Plain with a 500 m SR could be accurately
estimated based on the cumulative MODIS GPP data for multiple years. Therefore, the
linear regression model for WWY estimation based on the MODIS cumulative GPP data
were then used to estimate the WWY at a 500 m SR on the Weihe Plain from 2020 to 2022
(Figure 7). The high-Y areas of WW on the Weihe Plain were distributed mainly in the
western and central parts, and the WWY in the western Weihe Plain was slightly higher
than that in the central part of the Weihe Plain. These findings are similar to the analysis
results of the spatial distribution of Y based on the EVI discussed in Section 3.2.3. Com-
pared with that in 2020, the Y in the main WW planting areas of the Weihe Plain slightly
increased in 2021, while the Y decreased in 2022 to values lower than those in 2020 and 2021.
The estimation results of the WWY based on the MODIS cumulative GPP data were also
verified using the WWY statistical data for the counties on the Weihe Plain from 2020 to



Remote Sens. 2024, 16, 4143 15 of 24

2021. The results reveal that the WWY estimation results were linearly correlated with the
WWY statistical data at the county scale, with R2 values reaching 0.65 and 0.63, respectively
(p < 0.01) (Figure 6b and 6c, respectively). Therefore, the WWY estimation results at a 500 m
SR could be used to train a farmland-scale WWY estimation model with multiple parameters.
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Figure 6. Y estimation model based on the cumulative GPP for the main WW growing period and
the Y estimation precision evaluation results in 2020 and 2021. The dotted lines in the figures denote
the fitted linear functions, which are close to the diagonal solid lines, indicating that the systematic
deviation in the Y estimation results is small. (a) Linear regression model between the cumulative
GPP data for the main WW growing period and the county-scale WWY from 2014 to 2018, (b) linear
regression results between the WWY estimation results from 2020 based on the cumulative GPP and
county-scale Y statistical data, and (c) linear regression results between the WWY estimation results
in 2021 based on the cumulative GPP and county-scale Y statistical data.
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3.3.2. Training Results of the Farmland-Scale WWY Estimation Model Based
on Multiple Parameters

The NDVI, SAVI and EVI imagery for the four WW growing stages from 2020 to 2022
were aggregated to the 500 m SR, and a BPNN model was constructed between the multiple
VIs (including the NDVI, SAVI and EVI) at the four growing stages and the WWY at the
500 m SR. Table 7 lists the training and validation precisions of the BPNN WWY estimation
model from 2020 to 2022. The R2 values corresponding to the training and validation
precisions of the BPNN model reached 0.67 (p < 0.01), indicating a satisfactory fitting ability.
The BPNN Y estimation model constructed by integrating the VIs at the four WW growing
stages could provide highly accurate WWY estimates. Compared with that in 2020, the
training precision in 2021 and 2022 decreased, which could be related to the Y estimation
errors based on the MODIS GPP data. The R2 value between the Y estimates based on the
cumulative GPP and county-scale WW statistical data in 2021 was slightly lower than that
in 2020, and the systematic deviation was larger than that in 2020 (Figure 6). Over time,
crop varieties and technologies will continue to improve [59], which will lead to increasing
uncertainty in WWY estimation models based on GPP data from 2014 to 2018. Therefore,
to obtain a higher Y estimation precision, a Y estimation model based on cumulative GPP
data should be retrained using the latest yearly data in the future.

Table 7. Training and validation precisions of the multiparameter WWY estimation model based on
the BPNN.

Year
Training Precision Validation Precision

R2 RMSE (kg/ha) p Values R2 RMSE (kg/ha) p Values

2020 0.67 279.85 <0.01 0.67 279.18 <0.01
2021 0.64 320.65 <0.01 0.64 319.99 <0.01
2022 0.56 333.83 <0.01 0.55 337.29 <0.01
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3.3.3. Results and Analysis of WWY Estimation at the Farmland Scale

The farmland-scale spatiotemporally fused NDVI, SAVI and EVI imagery for the four
WW growing stages from 2020 to 2022 were input into the BPNN WWY estimation model,
which was used to estimate the farmland-scale WWY on the Weihe Plain from 2020 to 2022.
Figure 8 shows the farmland-scale Y estimation results of the BPNN model based on the
NDVI, SAVI and EVI from 2020 to 2022. The spatial distribution of the WWY estimation
results and the variation pattern over 3 years were basically consistent with the 500 m SR
results estimated based on the MODIS cumulative GPP data (Figure 7). The WWYs in
the main planting areas varied mainly between 4000 and 6000 kg/ha, with the highest Y
occurring in 2021, followed by 2020, and the lowest Y occurring in 2022. On the Weihe
Plain, the WW planting area in Baoji City attained the highest Y, followed by the central
part of the Weihe Plain, which is located at the junction of Xi’an City and Weinan City. The
distribution of the WW planting areas in the other areas of the Weihe Plain was relatively
sparse, and the Y was relatively low. These results are consistent with the corresponding
annual statistical yearbook data. The R2 values between the WWY statistical data at the
county scale and the Y estimation results based on the BPNN model in 2020 and 2021
reached 0.78 and 0.68, respectively (Figure 9), revealing a favourable correlation between
the Y estimation results and the Y statistical data at the county scale. These results indicate
that the BPNN model, which is based on spatiotemporally fused VIs across multiple WW
growing stages, provided suitable Y estimation precision for WW on the Weihe Plain, and
the results were better than the Y estimation results based on the MODIS cumulative GPP
data (with R2 values of 0.65 and 0.63 in 2020 and 2021, respectively). In addition, the WWY
estimation results at an SR of 20 m clearly reveal the difference in WWY between adjacent
farmlands, indicating that the WWY estimation results based on the spatiotemporally fused
VIs better reflect the detailed characteristics of the farmland-scale WWY distribution on the
Weihe Plain.
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4. Discussion

To address the problem of limited research based on the Chinese meteorological satel-
lite FY-3 series (such as FY-3D) in the fields of STDF and farmland-scale WWY estimation,
a method framework for 10 day interval VI (NDVI, SAVI and EVI) reconstruction based
on the FY-3D MERSI and Sentinel-2 MSI data and farmland-scale WWY estimation based
on reconstructed VI imagery was proposed in this paper. The ability of the deep-learning-
based EDCSTFN to perform spatiotemporal fusion of 10 day interval VI imagery of the
Weihe Plain based on FY-3D MERSI and Sentinel-2 MSI data were assessed in this study
by compared with ESTARFM. The results in Section 3 showed that both the EDCSTFN
and ESTARFM achieved satisfactory spatiotemporal fusion precision and could effectively
provide farmland-scale WWY estimation. The precision evaluation results in this study are
similar to the precision of the fusion results based on other satellite sensors (such as MODIS
and Landsat) as well as the other study regions in previous studies [45,55–57]. In addition,
when the date range of the STDF is long, the deep learning-based EDCSTFN achieves
higher precision. Therefore, this study is meaningful for accurate farmland-scale growth
monitoring and Y estimation of WW based on Chinese FY-3 meteorological satellite data.
However, the STDF based on the FY-3D MERSI VIs and farmland-scale WWY estimations
should still be investigated. The research prospects of these two components are described
in this section.

4.1. Research Prospects of the STDF
4.1.1. Computational Efficiency

The computational efficiency of the STDF model is one of the important factors affect-
ing its application prospects. The traditional weight function-based spatiotemporal fusion
model spends much of its time searching for similar pixels by using sliding windows [31].
Approximately 3 h is needed to use the ESTARFM to fuse the Sentinel-2 and FY-3D imagery
of the Weihe Plain once (an Intel Core i7-12700h CPU and 2.30 GHz were used in the test).
Thus, it is difficult to apply this model in the WW planting areas of the whole country.
The deep learning-based spatiotemporal fusion model does not use a sliding window to
find similar pixels. After testing, the computational time required by the EDCSTFN at the
prediction stage was much shorter than that of the ESTARFM. The EDCSTFN only needed
approximately 10 min to fuse the Sentinel-2 and FY-3D images of the Weihe Plain with
the same equipment configuration. In addition, the EDCSTFN trained on single-year data
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could still be used for near-future analysis, and the fusion precision remained basically
unchanged. Therefore, the trained EDCSTFN exhibits greater application potential in the
STDF of large areas and long time series. In the future, we will further research the method
of transferring the EDCSTFN trained on the WW planting area on the Weihe Plain to other
WW planting areas in China and assess its spatiotemporal fusion precision.

4.1.2. TR of FSR and CSR Imagery

To obtain high spatiotemporal fusion precision, it is usually necessary to acquire at
least one Sentinel-2 image for each WW growing stage, especially the heading-filling and
milk stages, when WW grows rapidly. However, due to the effects of clouds, the TR (5 days)
of the Sentinel-2 satellite images can sometimes barely meet the above requirements. At
present, the Chinese GF series satellites have undergone long-term development. The GF-6
satellites, which were launched in June 2018, can obtain multispectral imagery with an SR
of 16 m, exhibiting high band consistency with the GF-1 satellite launched in 2013. With
the networking of the GF-1 and GF-6 satellites, 16 m SR multispectral imagery with a TR of
2 days can be obtained [60]. In addition, since the swath widths of GF-1 and GF-6 reach
800 km, they are more suitable when employing the STDF in large areas. In the future, a
spatiotemporal fusion method based on GF series data and FY-3 data will be developed.

On the other hand, the TRs of the CSR imagery are also important for time series’
reconstructions of VI imagery at the farmland scale. Considering the effects of clouds,
a 10 day interval VI reconstruction method at the farmland scale based on the FY-3D
and Sentinel-2 satellite data were proposed in this paper. With the successful launch of
the FY-3F satellite in August 2013 and the replacement of the FY-3C satellite, which has
been operating for nearly 10 years, the monitoring capability of the FY-3 polar-orbiting
meteorological satellites in the morning will continue to increase. In the future, a time
series VI reconstruction method at the farmland scale based on the FY-3D/F and Sentinel-2
satellites will be developed, which will improve the TR of time series farmland-scale VI
reconstructions (from 10 day intervals to 5 day intervals).

4.1.3. Registration Precision of the Imagery in the STDF

The registration precision of the RS imagery may notably influence the precision of
the STDF model [31]. The results in Section 3 show that the STDF based on the Sentinel-2
and FY-3D data in this study yields high precision since the geometric correction precision
of Sentinel-2 imagery is high, although there is a large random deviation between the
Sentinel-2 and FY-3D VI imagery due to factors such as geometric correction errors in the
FY-3D imagery. However, regarding the Chinese FSR satellites such as GF-1, due to the use
of instruments and algorithms, the current mutual geometric correction precision cannot
reach the level of Sentinel-2 [61]. Therefore, the STDF for the GF-1 satellites may involve
high uncertainties. In the future, the fusion precision of Chinese FSR satellites and FY-3
satellites will be further analyzed, and a fusion model with low sensitivity to registration
precision will be developed.

4.1.4. Difference in the SR Between the FSR and CSR Imagery

The difference in the SRs between the FSR and CSR imagery significantly affects
the precision of the spatiotemporal data fusion models. Compared with FSR imagery,
there are fewer spatial details of the ground features in CSR imagery, especially in regions
with abrupt changes in land cover, such as regions with newly harvested WW and areas
affected by floods [31]. To address the conversion relationship between the land surface
features in FSR and CSR imagery at different scales, the ESTARFM and EDCSTFN build
linear models and deep convolutional neural network models, respectively, to fit and
learn the conversion relationship of the land surface features between the FSR and CSR
imagery [34,37]. However, there are still uncertainties in areas with irregular abrupt
changes in land cover type. Therefore, the reliability of the STDF has a negative correlation
with the differences in the SRs between FSR and CSR imagery. Compared with the STDF,
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super-resolution technology can improve the SR of remote sensing imagery with fewer
requirements, such as a sufficient amount of reference imagery [62]. Although the precision
of super-resolution models may be lower than that of STDF models in terms of the reference
imagery when the difference in the SR between the input image and target image is
large, the super-resolution models can be used to appropriately improve the SR of CSR
images, thereby providing a novel way to improve the precision of STDF models. In recent
years, researchers have developed many super-resolution models, such as super-resolution
generative adversarial networks (SRGANs) [63], enhanced SRGANs (ESRGANs) [64], the
real-ESRGAN [65], and the improved SRGAN (ISRGAN) [62], which have been successfully
applied to the spatial downscaling of satellite imagery, such as MODIS [62,66]. In the future,
a super-resolution model will be introduced to the current FY-3D-based farmland-scale
WWY estimation method framework, and improvements in the precision of the STDF
model and WWY estimation model will be tested further.

4.2. Research Prospects of the WWY Estimation Model

There is a complex nonlinear relationship between the WWY and the various VIs,
including the NDVI, SAVI, and EVI. Therefore, the construction of a WWY estimation
model requires a large amount of training data. However, the amount of WWY data
currently available cannot satisfy the training requirements of complex WWY estimation
models. In addition, meteorological and soil factors such as temperature, precipitation and
soil moisture also greatly impact the WWY [67]. Therefore, the impacts of meteorological
and soil factors must be considered in multiyear WWY estimation. The WW time series
GPP data consider the influence of meteorological factors on the growth of WW, and there
was a high correlation between the cumulative GPP data for the main growing period
and the WWY [53,54]. Therefore, the MODIS cumulative GPP and multiyear WWY data
at the county scale were used to establish a linear regression model in this study. The
model was subsequently used to estimate the multiyear WWY with an SR of 500 m and
then employed to train the annual WWY estimation model based on the BPNN. The above
method framework is often sub-optimal for WWY estimation compared to the WWY
estimation model based directly on VI imagery and meteorological parameters. In the
future, many ground-based measuring plots for the WWY will be constructed in the WW
planting regions in China, which will provide support for the construction of complex
machine learning models based on many feature parameters. In addition, sensitivity
analyses will be performed to explore the impact of different parameters on the WWY,
thereby selecting the effective parameters to construct the WWY estimation model.

In addition, continuous time series VI data provide a large amount of information
related to the WWY on different dates during the growing period. Thus, traditional machine
learning models may not fully utilize the effective information contained in continuous
time series data and may even lead to overfitting. To reduce overfitting, the VI data from
10 day intervals were aggregated into 4 WW growing stages in this work, thereby greatly
reducing the number of input parameters for the Y estimation model. However, much of
the effective information related to the WWY was lost. Compared with traditional machine
learning models, long short-term memory (LSTM) neural networks [68,69] provide greater
learning abilities when using time series data; therefore, they are more suitable for crop
Y estimation based on time series data. In the future, LSTM WWY estimation models
based on continuous time series farmland-scale VI data will be developed to conduct more
accurate WWY estimations at the farmland scale.

5. Conclusions

To reconstruct farmland-scale FY-3D-based 10 day interval VI (NDVI, SAVI and EVI)
imagery over the main WW growing periods and achieve farmland-scale WWY estimation,
a method framework for the STDF of VIs derived from FY-3D and Sentinel-2 based on the
EDCSTFN and a farmland-scale WWY estimation method based on the BPNN model were
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proposed in this paper by using cumulative MODIS GPP data over the main WW growing
periods as ancillary data.

(1) Similar to the ESTARFM, the EDCSTFN exhibited a satisfactory precision for the
spatiotemporal fusion of Sentinel-2 and FY-3D VI imagery on the Weihe Plain, and the
R2 values of the fusion results reached over 0.9. (2) When the whole period of the STDF was
close to 2.5 months, the EDCSTFN attained a higher fusion precision for VI imagery than
the ESTARFM. (3) The cumulative MODIS GPP data over the main WW growing periods
in multiple years were strongly correlated (R2 = 0.67) with the county-scale WWY on the
Weihe Plain. (4) Compared with the WWY estimation results with a 500 m SR based on
the cumulative MODIS GPP data from 2020 to 2021 (R2 = 0.65 and 0.63, respectively), the
farmland-scale WWY estimation results based on the spatiotemporally fused VI imagery
were better correlated with the county-scale WWY data (R2 = 0.78 and 0.68, respectively)
and provided rich and detailed farmland-scale Y distribution features for WW.

This study revealed that the proposed method can be employed to downscale FY-3D VI
imagery to the farmland scale via fusion with Sentinel-2 data, thereby achieving farmland-
scale WWY estimation on the Weihe Plain. Therefore, it has considerable significance in
terms of accurate WWY estimation based on Chinese FY-3 meteorological satellites.
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