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Abstract: Spectral information plays a crucial role in fractional vegetation cover (FVC) estimation,
and selecting the appropriate spectral information is essential for improving the accuracy of FVC
estimation. Traditionally, spectral feature selection is primarily guided by physical mechanisms or
empirical statistical models. This has led to the use of multispectral and hyperspectral images, which
often result in missing or redundant information, thereby decreasing the efficiency and accuracy
of FVC estimation. This study proposes a novel dual-attention network to select the feature bands
of Sentinel-2 multispectral images for the accurate FVC estimation of winter wheat. In the first
step, the importance of hyperspectral band reflectances was determined using simulated data from
the PROSAIL model, by combining the dual-attention mechanism with the convolutional neural
network (DAM-CNN). In the second step, the importance of Sentinel-2 multispectral bands was
converted from the hyperspectral band importance identified in the previous stage, and subsequently
ranked accordingly. Based on the feature ranking results, multispectral simulated data translated
from hyperspectral simulated data were used for CNN training, and multispectral feature selection
was conducted based on FVC accuracy. Finally, the selected features were assessed based on their
performance in FVC estimation using a CNN model with real data. The experimental results indicate
that during the key growth period of winter wheat, the combination of red, green, and red-edge
bands significantly influences the FVC estimation accuracy. Band 3 (Green), band 4 (Red), band 5
(Red-edge 1), and band 6 (Red-edge 2) of Sentinel-2 satellite images contribute most significantly to
winter wheat FVC estimation, achieving an accuracy comparable to that obtained using all bands,
while reducing the training time by 19.1%, as confirmed by field survey data.

Keywords: fractional vegetation cover; dual-attention mechanism; convolutional neural network;
feature selection; feature assessment

1. Introduction

Fractional vegetation cover (FVC) refers to the proportion of the ground area covered
by the vertical projection of vegetation organs, including leaves, stems, and branches [1,2].
As a critical parameter for measuring land surface vegetation distribution [3], FVC plays a
vital role in the atmosphere, pedosphere, hydrosphere, and biosphere [4,5]. Wheat is one
of the primary grain crops in China and serves as a staple food in the northern regions. It
is crucial for monitoring wheat growth, facilitating scientific management, and making
informed agricultural decisions by accurately and promptly obtaining FVC information [6].
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The estimation of FVC is primarily accomplished through two methods: field measure-
ment and remote sensing estimation [7]. Due to its extensive coverage and strong capability
for continuous observation, remote sensing has become a highly effective tool for regional
and global FVC estimation [8,9]. The primary approaches in remote sensing estimation
include empirical models, pixel unmixing models, physical model-based methods [9],
and deep learning methods. Empirical models are straightforward and computationally
efficient, offering high FVC estimation accuracy in localized areas. However, their results
are limited by the selection of spectral bands and are heavily dependent on ground sam-
ples [10–12]. Pixel-unmixing models, while relatively simple and capable of providing
accurate estimates, face challenges in endmember identification and have not fully consid-
ered the contribution of spectral bands to FVC estimation [13–15]. Physical model-based
methods have clear physical significance and strong theoretical foundations, enabling a
more straightforward interpretation of the relationships between parameters. However,
these methods are often complex and typically require indirect estimation through machine
learning techniques or lookup table (LUT) methods [16,17]. Among these approaches, deep
learning has gained increasing attention due to its superior performance and high accuracy
in large-scale FVC estimation [18–23]. Convolutional Neural Networks (CNNs) are typical
models in deep learning that extract features from input data through convolution opera-
tions, capturing information at different levels, layer by layer. The convolutional layers are
used to extract features from the data, while pooling layers reduce the computational load
and prevent overfitting, allowing the model to progressively acquire more complex and
abstract feature representations. In FVC estimation, CNN methods are widely applied and
have shown significant advantages. Huang et al. employed a one-dimensional convolu-
tional neural network (1D-CNN) and long short-term memory (LSTM) to pre-train their
model, and subsequently fine-tuned it using data from HJ-2A/B remote sensing images,
achieving high accuracy in FVC estimation for mountain regions [20]. Similarly, Wang
et al. utilized a deep learning method based on a fully convolutional neural network to
extract vegetation information under shadow conditions from high-dynamic range im-
ages, resulting in more accurate FVC estimates [22]. Despite the significant advantages of
deep learning methods in FVC estimation, their limited interpretability hinders the precise
identification of crucial input features, thereby limiting the reliability of model applications.

The canopy reflectance of vegetation is a key factor in FVC estimation, and is primarily
influenced by leaf pigment content and the leaf area index (LAI). Chlorophyll content
impacts reflectance in the visible spectrum, while LAI influences reflectance across the
visible, near-infrared, and shortwave infrared bands [24–26]. As a result, reflectance
across these spectral ranges significantly influences the FVC of winter wheat. With the
development of hyperspectral remote sensing technology, hyperspectral remote sensing
enhances spectral information across the visible, near-infrared, and shortwave infrared
ranges, enabling the quantitative analysis of subtle spectral features of vegetation, thereby
playing a critical role in improving the accuracy of FVC estimation [27–31].

While the increase in spectral information generally provides more features that are
relevant to FVC estimation, it can also lead to data redundancy, potentially compromising
model accuracy, stability, and computational efficiency [17,32]. For instance, in a study on
post-fire plant community FVC estimation, a model built using five spectral bands did
not show significant improvement in accuracy with the inclusion of additional bands, but
instead experienced reduced stability and computational efficiency [33]. Thus, a critical
challenge remains to improve FVC estimation accuracy while minimizing data redundancy.

Current spectral feature selection methods for FVC estimation primarily rely on
physical mechanisms and expert knowledge [10,13,34]. For example, Wang et al. identified
three high-score band reflectances by assessing the importance of reflectances in various
spectral bands of a multispectral satellite [17], while Yu et al. employed a deep learning
method for pre-training and subsequently fine-tuned the model using real data, focusing
on combinations of 10 m resolution bands from a multispectral satellite [19]. However,
most of these studies are based on multispectral data, neglecting the extensive information
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available in hyperspectral data. Therefore, there is a need to identify an effective feature
extraction method that can fully leverage the richer spectral information available in
hyperspectral data.

In human vision, attention is naturally directed toward the most salient information
when observing objects, a phenomenon known as the visual attention mechanism. In deep
learning, the attention mechanism emulates this process by automatically focusing on key
aspects of the input data while downplaying less critical information. This mechanism
is extensively applied in various domains, such as image processing, natural language
processing, and computer vision [35–38]. As a feature extraction method, the attention
mechanism can extract both local and global features [39], and when employed as an
independent module, it can significantly improve model accuracy [40,41]. These strengths
provide a robust foundation for leveraging the attention mechanism in hyperspectral
feature extraction for vegetation parameter estimation.

Self-attention is a specialized form of the attention mechanism that enables the model
to learn the intrinsic relationships within the input data [42], and can be used as a plug-
and-play feature extraction module within networks. The Squeeze-and-Excitation (SE)
module [43] is also an attention mechanism that is particularly suited to enhance the
performance of existing convolutional networks, especially in terms of lightweight and
efficient design. For this study, self-attention can capture complex correlations between
bands, enabling the network to more effectively identify and leverage the relationships
between different bands.

This paper presents a novel method that combines a dual-attention mechanism with a
CNN (DAM-CNN). The dual-attention mechanism is employed to determine the impor-
tance of hyperspectral band reflectances, while the CNN utilizes these band reflectances,
weighted by their importance, for FVC estimation. The DAM-CNN framework identifies
the importance of hyperspectral bands that yield the highest FVC estimation accuracy. This
study began with hyperspectral bands derived from a physical model, aiming to extract
spectral information that is relevant to FVC estimation, and combined deep learning with
the dual-attention mechanism to minimize redundant data and improve efficiency without
compromising accuracy. Lastly, the proposed method would be assessed using field survey
data. The specific process of the method is illustrated in Figure 1.
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(1) A large amount of hyperspectral simulated data was generated using the PROSAIL
model and subsequently reduced to an appropriate sample size through Latin hypercube
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sampling (LHS). The importance of hyperspectral bands was determined through the
DAM-CNN;

(2) The importance of Sentinel-2 multispectral bands was converted from the impor-
tance of hyperspectral bands and subsequently ranked. The multispectral simulated data,
translated from hyperspectral simulated data, were used for CNN training, with feature
selection performed based on the feature ranking results;

(3) The limited real data was augmented using the Gaussian mixture model (GMM),
creating an augmented dataset. Based on the selected multispectral features, FVC estima-
tion was performed using this augmented dataset, and the final results were then assessed
and validated by field survey FVC data.

2. Materials and Methods
2.1. Study Area and Real Data

This study focused on three areas (Figure 2). Study area (a) is located in the Xiaotang-
shan National Precision Agriculture Research Demonstration Base in Changping District,
Beijing, and is referred to as Xiaotangshan. Study area (b) covers Dachang Hui Autonomous
County and Sanhe City in Hebei Province, referred to as Sanhe. Study area (c) includes
Xiong County, Rongcheng County, and Anxin County, all of which are part of the Xiong’an
New Area in Hebei Province, referred to as Xiong’an in this paper. All three study areas
are characterized by flat terrain and a warm temperate continental monsoon climate. The
average annual precipitation ranges from 500 to 600 mm, with most rainfall occurring
during the summer months. The primary crop in these areas is winter wheat.
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Figure 2. The research was conducted across three areas, including the Xiaotangshan National
Precision Agriculture Research Demonstration Base (a-2) in the Changping District, Beijing (a-1),
Dachang Hui Autonomous County and Sanhe City (b), and Xiong County, Rongcheng County, and
Anxin County (c). The green plus signs represent the locations of the sample points in the study areas.
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Ground truth images were captured using digital photography [44]. A digital cam-
era was used to capture vertical images from several meters above the ground, thereby
obtaining field-measured images. The FVC value was then calculated by determining
the proportion of vegetation pixels to the total number of pixels in the image. The FVC
extraction process involved converting the RGB image into the CIE L*a*b* (L*a*b*) color
space [45]. In this space, the channel a* in L*a*b* specifically indicates the red–green content,
effectively distinguishing green (vegetation) pixels from non-green (background) pixels. By
applying an appropriate threshold to channel a*, vegetation pixels were isolated, producing
a binarized image in which vegetation and non-vegetation pixels were clearly separated.

Based on ground surveys and satellite imagery, ground sample plots were selected,
with each plot containing five measurement points: one at the center and four at the corners.
The field-measured FVC value for each plot was determined by calculating the average
FVC value from the five measurement points [16]. This approach is known as the five-point
sampling method, as illustrated in Figure 3.
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Figure 3. Schematic diagram of the five-point sampling method.

Field experiments were conducted in three study areas: Xiaotangshan, Sanhe, and
Xiong’an. In all three areas, winter wheat is the dominant vegetation type. The experimen-
tal period extended from 2020 to 2023, covering the key growth period of winter wheat,
including tillering, green-up, jointing, stem elongation, and heading. Throughout the exper-
imental period, a total of 823 sample points were collected. The detailed data, including the
sampling dates and the corresponding number of ground samples, are provided in Table 1.

Table 1. Sampling dates and sample sizes of ground samples in different study areas.

Study Area Vegetation Type Sampling Date Sampling Size

Xiong’an Winter Wheat 7 November 2020
8 November 2020 121

Xiaotangshan Winter Wheat

1 April 2021 89
2 April 2021 12

14 April 2021 35
28 April 2021 44
4 March 2022 62
8 April 2022 278

29 April 2022 73

Sanhe Winter Wheat
21 March 2023 11
7 April 2023 32
8 April 2023 66
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The Sentinel-2 multispectral imaging satellite is equipped with a multispectral imager
that provides data at three distinct spatial resolutions: 10 m, 20 m, and 60 m, covering
13 spectral bands from visible light to near-infrared and shortwave infrared (Table 2).
Notably, in the red-edge region, Sentinel-2 includes three bands that are highly effective for
monitoring vegetation.

Table 2. Overview of Sentinel-2 spectral bands [46].

Bands No. Central Wavelength (nm) Band Width (nm) Spatial Resolution (m)

1 443 20 60
2 490 65 10
3 560 35 10
4 665 30 10
5 705 15 20
6 740 15 20
7 783 20 20
8 842 115 10
8a 865 20 20
9 945 20 60
10 1380 30 60
11 1610 90 20
12 2190 180 20

Through the Copernicus Data Space Ecosystem (https://dataspace.copernicus.eu,
accessed on 10 April 2024), Bottom-of-Atmosphere (BOA) corrected reflectance data could
be directly downloaded. To ensure the consistency and validity of both the ground samples
and satellite data, it was essential to download satellite data corresponding to the time
when the ground samples were collected.

Based on the latitude and longitude of the ground samples, the corresponding BOA
reflectance data from the satellite were obtained and combined with the field-measured
FVC to form the real data.

It is important to note that since band 10 is a cirrus band, the BOA reflectance data
includes only 12 bands. In addition to band 10, both band 1 and band 9 are primarily
used for atmospheric correction [17], and the blue band is susceptible to atmospheric
influence, making its atmospheric correction challenging [17,47]. As a result, these bands
were excluded from this study. Consequently, the nine bands primarily studied in this
paper include band 3, band 4, band 5, band 6, band 7, band 8, band 8a, band 11, and band
12. To maintain consistent spatial resolution, band 5, band 6, band 7, band 8a, band 11, and
band 12 were resampled to a 10 m spatial resolution.

2.2. The Importance of Hyperspectral Band Reflectances
2.2.1. Simulated Data Generation

The PROSAIL model generated simulated reflectance data in the 400–2500 nm spectral
range, along with the corresponding FVC values. Given that the volume of the generated
data could reach several million records, the dataset size was reduced using the LHS
sampling approach to improve training efficiency.

1. Generation of Hyperspectral Simulated Data with the PROSAIL Model

The PROSAIL model generated hyperspectral simulated reflectance data, with the
corresponding label data being FVC [16,17,19]. The input parameter ranges and step
sizes for the model were determined based on expert knowledge [16,48–51] and field
measurements.

The PROSAIL model is a combination of the PROSPECT model and the SAIL model.
Its input parameters include structural parameter (N), chlorophyll content (Cab), carotenoid
content (Car), brown pigment content (Cbrown), equivalent water thickness (Cw), dry matter
content (Cm), anthocyanin content (Cant), leaf area index (LAI), average leaf angle (ALA),

https://dataspace.copernicus.eu
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hotspot coefficient (Hot), solar zenith angle (SZA), viewing zenith angle (VZA), relative
azimuth angle (RAZ), and soil reflectance. A detailed overview of the parameter settings
for the PROSAIL model is provided in Table 3.

Table 3. Input parameters of the PROSAIL model.

Model Parameter Unit Value Range Step Size

PROSPECT

N - 1–2 0.5
Cab µg/cm2 10–80 5
Car µg/cm2 25% Cab -

Cbrown - 0 -
Cw cm 0.005–0.015 0.005
Cm g/cm2 0.003–0.006 0.001
Cant µg/cm2 2 -

SAIL

LAI m2/m2 0.15–6.15 0.5
ALA ◦ 30–55 5
SZA ◦ 25–45 5
Hot - 0.1 -
VZA ◦ 0 -
RAZ ◦ 0 -

The soil reflectance data from China were obtained from the International Soil and
Information Center (http://www.isric.org, accessed on 20 December 2023). Subsequently,
similar soil reflectances were filtered using the spectral angle [52], and the average of these
reflectances was calculated to reduce data redundancy. The method for calculating the
spectral angle is presented below:

α = cos−1

(
∑n

i=1 xiyi/
√(

∑n
i=1 x2

i

)(
∑n

i=1 y2
i

))
, (1)

where the spectral angle α represents the angular distance between two spectral vectors,
x = (x1, x2, · · · , xn) and y = (y1, y2, · · · , yn). The range of α extends from 0 to π/2, with
larger values indicating greater differences between the spectral vectors. In this study, soil
reflectances with a spectral angle of less than 0.05 were considered sufficiently similar, and
their average was calculated to generate a new representative soil reflectance. Consequently,
15 representative soil reflectances were selected for further analysis.

The labeled FVC data corresponding to the simulated reflectance were calculated using
the gap fraction function of the ALA and LAI, as expressed in Equations (2) and (3) [17,53]:

P(θ) = e−λ0(G(θ,θ1)/ cos θ)×LAI , (2)

FVC = 1 − P(0), (3)

where FVC is the fractional vegetation cover and LAI is the leaf area index. The term P(θ)
represents the gap fraction function, where θ is the direction of the gap fraction. Since FVC
is defined as being observed from the nadir direction, θ is typically set to 0. The function
G = (θ, θ1) represents the orthogonal projection of unit leaf area in the direction θ, with θ1
corresponding to the average leaf angle. The parameter λ0, which generally takes a value
of 1, represents the dispersion or aggregation of leaves.

A total of 3,159,000 samples were generated using the PROSAIL model. However,
training directly on this dataset would be computationally expensive and time-consuming
due to its large volume. To address this issue, a sampling technique was applied to reduce
the sample size and mitigate the computational burden.

http://www.isric.org
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2. Latin Hypercube Sampling

LHS is a refined Monte Carlo sampling technique introduced by McKay, Beckman,
and Conover in 1979 [54]. Since then, LHS has been widely employed due to its ability to
maintain sample comprehensiveness while reducing the sample size [55,56]. Compared
to other sampling methods, LHS provides higher accuracy with a reduced sample size,
offering significant advantages in terms of computational time and storage efficiency [57].

When sampling from one-dimensional FVC data, if 10 samples are required, the
interval (0, 1) is first divided into 10 equal sections. One data point is randomly selected
from each section. These selected points are then mapped to the actual sample data through
the inverse of the cumulative distribution function (CDF) of the FVC data. By applying this
mapping, the FVC samples are obtained. This procedure is shown in Figure 4, where the
blue line represents the CDF of FVC, and the red arrows indicate the mapping relationship
for the 10 sampled FVC points.

Remote Sens. 2024, 16, x FOR PEER REVIEW 8 of 25 
 

 

The function 𝐺 = ሺ𝜃, 𝜃ଵሻ represents the orthogonal projection of unit leaf area in the di-
rection 𝜃 , with 𝜃ଵ  corresponding to the average leaf angle. The parameter 𝜆଴ , which 
generally takes a value of 1, represents the dispersion or aggregation of leaves. 

A total of 3,159,000 samples were generated using the PROSAIL model. However, 
training directly on this dataset would be computationally expensive and time-consuming 
due to its large volume. To address this issue, a sampling technique was applied to reduce 
the sample size and mitigate the computational burden. 
2. Latin Hypercube Sampling 

LHS is a refined Monte Carlo sampling technique introduced by McKay, Beckman, 
and Conover in 1979 [54]. Since then, LHS has been widely employed due to its ability to 
maintain sample comprehensiveness while reducing the sample size [55,56]. Compared 
to other sampling methods, LHS provides higher accuracy with a reduced sample size, 
offering significant advantages in terms of computational time and storage efficiency [57]. 

When sampling from one-dimensional FVC data, if 10 samples are required, the in-
terval ሺ0,1ሻ is first divided into 10 equal sections. One data point is randomly selected 
from each section. These selected points are then mapped to the actual sample data 
through the inverse of the cumulative distribution function (CDF) of the FVC data. By 
applying this mapping, the FVC samples are obtained. This procedure is shown in Figure 
4, where the blue line represents the CDF of FVC, and the red arrows indicate the mapping 
relationship for the 10 sampled FVC points. 

 
Figure 4. Mapping relationship of fractional vegetation cover (FVC) in Latin Hypercube Sampling 
(LHS). 

2.2.2. DAM-CNN Model 
This study proposes the DAM-CNN model by combining a CNN with a dual-atten-

tion mechanism. The dual-attention mechanism was designed to capture the relationships 
between spectral reflectances and FVC to determine the importance of hyperspectral band 
reflectances. The reflectances with varying importance levels served as the inputs to the 
CNN, while the outputs were the corresponding FVC label data. Through iterative train-
ing, the DAM-CNN model learned to identify the importance of hyperspectral bands that 
contributed to improving the accuracy of FVC estimation. 
1. Dual-Attention Mechanism 

The dual-attention mechanism proposed in this paper combines self-attention and 
output-attention mechanisms (Figure 5). 
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2.2.2. DAM-CNN Model

This study proposes the DAM-CNN model by combining a CNN with a dual-attention
mechanism. The dual-attention mechanism was designed to capture the relationships
between spectral reflectances and FVC to determine the importance of hyperspectral band
reflectances. The reflectances with varying importance levels served as the inputs to the
CNN, while the outputs were the corresponding FVC label data. Through iterative training,
the DAM-CNN model learned to identify the importance of hyperspectral bands that
contributed to improving the accuracy of FVC estimation.

1. Dual-Attention Mechanism

The dual-attention mechanism proposed in this paper combines self-attention and
output-attention mechanisms (Figure 5).

The self-attention mechanism, as a specialized feature extraction method, processes
spectral information by considering the relationships between each spectrum in the se-
quence and all other spectra. For instance, in the transformation from x1 to f1, the relation-
ships between individual elements are considered. The spectral vector x = (x1, x2, · · · , xn)
is independently transformed through linear operations to produce three distinct vectors:
the query vector q = (q1, q2, · · · , qn), the key vector k = (k1, k2, · · · , kn), and the value
vector v = (v1, v2, · · · , vn). The dot product of q1 and k = (k1, k2, · · · , kn) is computed,
followed by a Softmax normalization, resulting in α = (α1, α2, · · · , αn), which represents
the attention score of x1 with respect to all other variables. α = (α1, α2, · · · , αn) is then
used to perform a weighted sum with v = (v1, v2, · · · , vn), producing the output f1. The
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calculation of f1 takes into account the global context, as it incorporates the influence of all
variables, while the attention mechanism ensures that more significant elements—those
with higher attention scores—have a greater impact on the final output.
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The output-attention mechanism focuses primarily on the relationship between the out-
put and each input. Unlike traditional attention mechanisms, the output-attention mechanism
explicitly incorporates the output as a key factor in determining the input importance. Af-
ter the self-attention mechanism extracts spectral features, yielding f = ( f1, f2, · · · , fn), the
output-attention mechanism calculates the attention score s = (s1, s2, · · · , sn) by evaluat-
ing the relationship between the output FVC and the spectral features f = ( f1, f2, · · · , fn).
s = (s1, s2, · · · , sn) is then normalized through a Softmax operation to yield I = (I1, I2, · · · , In),
which represents the importance of the input bands. The output-attention mechanism en-
ables the model to emphasize spectral reflectances that have a greater influence on the FVC,
allowing the importance of each band to more accurately reflect its relationship with the FVC.

2. Convolutional Neural Network

The CNN is a significant advancement over traditional neural networks and one of
the most prominent algorithms in deep learning. The fundamental architecture of a CNN
consists of several key components: an input layer, convolutional layers, pooling layers,
fully connected layers, and an output layer.

The CNN utilized in this study consists of two convolutional layers and two pooling
layers, which are employed to extract and refine more important spectral features from the
input data. After the convolutional and pooling operations, the data are further processed
through two fully connected layers. These fully connected layers retain critical feature
information while simultaneously performing dimensionality reduction.

3. DAM-CNN

The combination of the dual-attention mechanism and CNN is illustrated in Figure 6.
First, hyperspectral band reflectances and real FVC are used as inputs. After processing
through the dual-attention mechanism, the importance of bands are obtained—essentially
the weights of the hyperspectral band reflectances. These weighted reflectances are then
input into the CNN to generate the estimated FVC. Finally, by calculating the Mean Squared
Error (MSE) between the estimated and real FVC, the model continuously adjusts and
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optimizes the network parameters using a backpropagation mechanism, allowing the
dual-attention mechanism and CNN to focus more effectively on the information most
relevant to FVC estimation.
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The final outputs of the entire network are the importance of bands. By analyzing
the magnitude of these importance values, key band reflectances can be identified to
use as model inputs. This approach improves model efficiency compared to using all
band reflectances.

The training process of the DAM-CNN is divided into two stages.
Stage 1 involves the joint training of the dual-attention mechanism and the CNN. In

the initial training stage, this study simultaneously optimizes the dual-attention mechanism
and CNN to enable the two components to work in coordination, thereby providing the
model with powerful feature extraction capabilities. Through joint training, the dual-
attention mechanism and CNN are able to learn both global and local features of the
data in the early stages. The goal of this phase is to enable the model’s modules to work
synergistically, gradually improving the model’s initial performance.

Stage 2 involves freezing the CNN and training the dual-attention mechanism. In the
second stage, the parameters of the CNN are frozen, and only the dual-attention mechanism
is trained to further refine its performance on the existing feature representations. The
purpose of this stage is to enable the dual-attention mechanism to capture the key features
of the data more accurately. By optimizing the attention mechanism while keeping the
CNN frozen, the model can further enhance its feature extraction ability based on the
established feature representations.

The specific training parameters for the two stages are shown in Table 4.

Table 4. Specific training parameters for the two stages.

Training Stage Learning Rate Optimizer Batch Size Epoch Loss Function

Stage 1 0.0001 Adam 128 2 MSE
Stage 2 0.0001 Adam 32 5 MSE
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2.3. Multispectral Feature Selection

To obtain the feature band ranking of multispectral images, the importance of hy-
perspectral bands was converted into the multispectral band importance based on the
Sentinel-2 satellite’s spectral response function. The specific calculation for this conversion
is provided in Equation (4) [58]:

W = ∑n
λ=1 W(λ)× β(λ)/ ∑n

λ=1 β(λ), (4)

where W represents the multispectral band importance of Sentinel-2, and λ denotes the
wavelength. The terms W(λ) and β(λ) refer to the hyperspectral band importance and
Sentinel-2’s spectral response function, respectively, at a given wavelength λ.

Similarly, the hyperspectral simulated data obtained through LHS sampling were
translated into Sentinel-2 multispectral simulated data. The FVC estimation was subse-
quently conducted by using different numbers of multispectral simulated band reflectances
as inputs to the CNN, aiming to determine the number of feature bands.

In addition to the multispectral features obtained through DAM-CNN, this study
compared the multispectral feature selection methods used in references [17,19]. The
random forest regression used in reference [17] is an ensemble learning method that can be
used to evaluate feature importance. By calculating the contribution of each feature’s split
during model training, random forest quantifies the impact of each feature on the model’s
predictions. Reference [19] involves manually selecting feature combinations, primarily
comparing the impact of Sentinel-2’s 10 m resolution band combinations on the accuracy of
FVC estimation.

2.4. Multispectral Feature Assessment
2.4.1. Real Data Augmentation

The band reflectances from the Sentinel-2 satellite, along with the corresponding field-
measured FVC, constituted the real data. Compared to the hundreds of thousands or even
millions of simulated data points, the relatively small amount of real data could result in
underfitting and unstable parameter updates, leading to suboptimal performance in practi-
cal applications. To address this limitation, data augmentation techniques are commonly
utilized. These methods enhance the diversity of the training dataset by generating new
data, improving the model’s robustness and its ability to generalize effectively.

The GMM is a classic method for generating new data, which is widely utilized in data
augmentation due to its ability to capture the complexity of data distributions. In remote
sensing research, existing data augmentation methods, such as the image-level label-based
self-supervised method [59], image composition technique [60], and the conversion of
simulated samples into real images [61], provide significant advantages in image data
augmentation. However, these methods are primarily suited for image data rather than
numerical data. As a statistical probability model, the GMM can accurately model the
interrelationships between multiple band reflectance data, generating samples that are
similar in distribution to the original data. This ensures that the augmented data maintain
consistency with the statistical properties of the original data.

The process begins by selecting an optimal number of Gaussian components, typically
using the Bayesian information criterion (BIC) or Akaike information criterion (AIC).
Afterward, the GMM model generates new band reflectances by learning the characteristics
of the real band reflectances. Finally, a random forest (RF) model is used to predict new
FVC values for the new band reflectances by learning the relationship between the real
band reflectances and the real FVC.

In this study, a total of 823 real samples were divided into 658 training samples and
165 testing samples, with an 8:2 ratio. The GMM was used to generate an augmented
sample set of 65,800 samples from the 658 training samples for training the deep learning
model, and 165 real samples were used for accuracy assessment.
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2.4.2. Assessment of Selected Feature Bands

The augmented dataset and 165 real samples were employed to assess the results
of feature selection. This assessment was divided into two components: (1) comparing
the FVC estimation accuracy and efficiency between all bands and the proposed feature
bands; and (2) comparing the FVC estimation accuracy and efficiency between feature
bands selected by methods from other studies and those chosen by the method proposed
in this study.

2.5. Evaluation Metrics

This study selected two evaluation metrics to assess the accuracy of FVC estima-
tion: root mean square error (RMSE) and the coefficient of determination (R2). RMSE
quantifies the overall error between the model’s predicted values and the actual observed
values, while R2 indicates the explanatory power of the independent variables for the
dependent variable in the regression model. The formulas for RMSE and R2 are shown in
Equations (5) and (6):

R2 = 1 − ∑n
i=1(ŷi − yi)

2/ ∑n
i=1(yi − y)2, (5)

RMSE =
√

∑n
i=1(ŷi − yi)

2/n, (6)

where n is the total number of samples, yi is the real FVC value of the i-th sample, ŷi is the
estimated FVC value of the i-th sample, and y is the average of the real FVC values.

3. Results

The results are divided into three sections:
(1) The importance analysis of hyperspectral band reflectances, including the sample

size for Latin Hypercube Sampling and the solution for the importance of hyperspectral
band reflectances. The sample size for LHS was determined, and the DAM-CNN model
utilized the sampled data as input to solve for hyperspectral band importance.

(2) Multispectral feature selection, including a solution for the importance of mul-
tispectral band reflectances, outcomes of the multispectral feature selection, and other
multispectral feature selection methods. After converting the hyperspectral band impor-
tance into multispectral band importance, feature ranking was conducted. To determine
the number of selected feature bands, different feature quantities were selected for training
based on the feature ranking results, using multispectral simulated data translated from
hyperspectral simulated data. Finally, experiments with other feature selection methods
were conducted.

(3) Outcomes of the multispectral feature assessment. Comparative experiments on
different feature bands were conducted based on the augmented data, including accuracy
and performance comparison experiments.

3.1. The Importance Analysis of Hyperspectral Band Reflectances
3.1.1. Sample Size for Latin Hypercube Sampling

Li et al. studied the relationship between the similarity and error change between
sampled data of the LHS and the original data under varying sample sizes, and found
that the trends of both were generally consistent [62]. The study indicated that an optimal
sample size exists, which not only ensures model accuracy but also enhances model
efficiency. This optimal sample size can be identified by analyzing changes in similarity.

Since FVC and band reflectances exhibit a one-to-one correspondence, this study
exclusively sampled FVC, with the corresponding band reflectances matched accordingly.

In this study, FVC samples of 3,000,000 (3M), 2,800,000 (2.8M), 2,600,000 (2.6M), 2,400,000
(2.4M), 2,200,000 (2.2M), 2,000,000 (2M), 1,800,000 (1.8M), 1,600,000 (1.6M), 1,400,000 (1.4M),
1,200,000 (1.2M), 1,000,000 (1M), 800,000 (0.8M), 600,000 (0.6M), 400,000 (0.4M), and 200,000
(0.2M) were taken (M is defined as one million). To ensure the reliability and stability of the
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experiments, each FVC sample dataset was resampled 10 times. The similarity between the
sampled FVC data and the original FVC data was calculated using the Euclidean distance,
and the average of these calculations was used as the final measure of similarity.

As shown in Figure 7, the line chart illustrates the change in Euclidean distance as the
FVC sample size decreases, while the bar chart shows the change in the rate of Euclidean
distance with decreasing FVC sample sizes.
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The formula for calculating the rate of change of the Euclidean distance when the FVC
sample size is 2,800,000 is shown in Equation (7):

r2.8M = (d2.8M − d3M)/d3M, (7)

where r2.8M represents the rate of change of the Euclidean distance as the FVC sample
size decreases from 3,000,000 to 2,800,000, d2.8M denotes the Euclidean distance at the FVC
sample size of 2,800,000, and d3M denotes the Euclidean distance at the FVC sample size of
3,000,000. The method for calculating the rate of change of the Euclidean distance remains
consistent across various FVC sample sizes.

From the line and bar charts, it is evident that there is a substantial change in the
Euclidean distance between the FVC sample sizes of 800,000 and 600,000. According to Li
et al.’s research, the accuracy also experiences a significant change in this range [62].

Therefore, by using LHS, 800,000 FVC samples were obtained, and the correspond-
ing band reflectances were matched accordingly. This process resulted in a training set
comprising 800,000 × 2102, where the 800,000 rows represent 800,000 samples, and each
row contains 2102 data points, corresponding to reflectances from 400 to 2500 nm and the
associated FVC values.

3.1.2. Solution for the Importance of Hyperspectral Band Reflectances

Figure 8 shows the importance of hyperspectral bands within the 400–2500 nm wave-
length range for FVC estimation. Based on the importance distribution, some bands show
greater significance in FVC estimation than others, suggesting that these specific bands
have a more substantial impact on the model’s accuracy.
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covering the 400–2500 nm wavelength range.

Specifically, within the visible spectrum, Window B (600–700 nm) exhibits the highest
importance, highlighting the critical role of red band reflectance in FVC estimation. Window
A (450–550 nm) corresponds to the transition region where chlorophyll absorption and
reflection occur, making the reflected light from this wavelength range rich in physiological
information about vegetation.

In the near-infrared spectrum (Window C: 750 nm–1400 nm), vegetation generally
exhibits high reflectance. However, the vegetation reflectance curve in this range typi-
cally forms a plateau, indicating minimal changes in reflectance and a flat trend. This
phenomenon complicates the distinction of features in the near-infrared spectrum, making
it difficult to extract clear feature differences during data processing.

In the shortwave infrared spectrum region (1400 nm–2500 nm), due to water absorp-
tion, the reflectances exhibit significant valleys near 1400 nm, 1900 nm, and 2500 nm (green
dashed line), and thus these bands are commonly used for monitoring vegetation water
content. In this study on FVC estimation, the importance of the bands at 1400 nm, 1900 nm,
and 2500 nm is higher, indicating their critical role in the estimation process. This further
confirms the sensitivity of these bands in monitoring vegetation water content.

3.2. Multispectral Feature Selection
3.2.1. Solution for the Importance of Multispectral Band Reflectances

Based on the spectral response function of the Sentinel-2 satellite, the importance of
hyperspectral bands within the 400–2500 nm range was converted to the importance of
multispectral bands. The distribution of multispectral band importance values across the
nine bands of Sentinel-2 is shown in Figure 9.

The analysis results clearly indicate that the reflectance of band 4 (Red) in Sentinel-2
multispectral data is the most important, with its importance value being significantly
higher than that of the other bands. This highlights the irreplaceable role of red band
reflectance in the FVC estimation process. The reflectance of the red band is closely linked
to chlorophyll content in plants, and since chlorophyll is a critical factor influencing FVC,
variations in the red band reflectance directly impact the accuracy of FVC estimation.
The prominent importance of band 4 reflectance indicates that variations in the red band
reflectance are often a key factor in FVC estimation.
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The reflectance of band 3 (Green) also exhibits relatively high importance. This band
typically represents the color of vegetation perceived by the human eye and is indicative of
vegetation health. Thus, band 3 reflectance holds particular significance in FVC analysis.

Additionally, the red-edge band reflectances (band 5 and band 6) are distinctive
spectral features of green vegetation that are closely associated with chlorophyll content,
and they play a crucial role in FVC estimation. The variations in the red-edge band
reflectances can signal alterations in plant health and physiological activity, providing a
unique advantage in the FVC estimation process.

3.2.2. Outcomes of the Multispectral Feature Selection

The nine multispectral bands were ranked based on their importance: band 4, band
3, band 5, band 6, band 12, band 8a, band 8, band 7, and band 11. The results of the
feature ranking were known, and the next experiment was to determine how many features
to select.

The experiment began with the most important band reflectance (band 4) and progres-
sively incorporated the reflectances of other bands until all nine band reflectances were
included in the model. The training process for each combination was repeated 10 times,
and the average values of RMSE and R2 were calculated. The results are shown in Figure 10.

As the CNN model’s input increases from one band reflectance (band 4) to four band
reflectances (band 4, band 3, band 5, and band 6), the RMSE significantly decreases from
0.1035 to 0.0200, while the R2 value rises from 0.8476 to 0.9943. This represents an 80.7%
reduction in the RMSE and a 17.3% increase in R2, indicating that the addition of band 3,
band 5, and band 6 substantially improves the model accuracy. However, when the input
increases from four band reflectances (band 4, band 3, band 5, and band 6) to nine band
reflectances (band 4, band 3, band 5, band 6, band 12, band 8a, band 8, band 7, and band 11),
the RMSE only further decreases from 0.0200 to 0.0181, and the R2 slightly increases from
0.9943 to 0.9953. This translates into a 9.5% reduction in the RMSE and only a 0.1% increase
in R2, indicating that the addition of band 12, band 8a, band 8, band 7, and band 11 does not
significantly improve the model’s accuracy. These findings suggest that while adding more
important bands significantly boosts the accuracy, further increasing the number of bands
beyond a certain point leads to accuracy stabilization, with no substantial improvements.
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Therefore, this study selected four feature bands (band 3, band 4, band 5, and band 6) for
FVC estimation.
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To further validate the importance of band 3, band 4, band 5, and band 6, additional
experiments were conducted. In these experiments, four bands were randomly selected
from nine bands for training, and verification was conducted using simulated test data.
The RMSE results from 100 experiments are shown in Figure 11.
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Figure 11. RMSE distribution in 100 experiments with 4 randomly selected bands for training.

It can be observed that the vast majority of RMSE values are above 0.020, while the
accuracy for band 3, band 4, band 5, and band 6 is 0.02. The red line marks the position
where the frequency is 1, indicating that out of the 100 randomly selected combinations of
4 bands, only one combination yields an RMSE below 0.020, and that combination is band
3, band 4, band 5, and band 6. This result further confirms the importance of these four
bands in FVC estimation.
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3.2.3. Other Multispectral Feature Selection Methods

1. Random Forest Regression

The band importance scores from the random forest regression are shown in Figure 12a.
Based on the magnitude of the importance scores, the bands are ranked as follows: band 4,
band 8a, band 6, band 7, band 5, band 12, band 8, band 11, and band 3.
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The RMSE obtained with different numbers of bands as CNN inputs, where bands
were added sequentially based on their importance ranking, is shown in Figure 12b. As
the number of bands increased from one (band 4) to five (band 4, band 5, band 6, band 7,
and band 8a), the RMSE decreased from 0.1034 to 0.0204, representing a total reduction of
80.3%. However, when the number of bands was further increased from five to nine, the
RMSE decreased by only 0.0027. Therefore, the key features identified by random forest
regression are band 4, band 5, band 6, band 7, and band 8a.

2. Manual Feature Combination Selection

Manually selected feature combinations compared the following two sets: band 4
and band 8; and band 3, band 4, and band 8. The RMSE obtained when each of these
combinations was used as CNN input is shown in Figure 13.
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As shown in the figure, the combination of band 3, band 4, and band 8 achieved the
highest accuracy. Therefore, the manually selected feature combination identifies band 3,
band 4, and band 8 as the optimal features.

3.3. Outcomes of the Multispectral Feature Assessment

To illustrate the outcomes of the multispectral feature assessment, two comparative
experiments were conducted: one focusing on accuracy comparison and the other on
efficiency comparison. The features compared include the full spectral bands, the bands
selected in this study (band 3, band 4, band 5, and band 6), the bands selected using the
method from reference [17] (band 4, band 5, band 6, band 7, and band 8a), and the bands
selected using the method from reference [19] (band 3, band 4, and band 8). The training
data for the experiment consist of 65,800 augmented samples, and the testing is conducted
on 165 real data samples.

3.3.1. FVC Estimation Accuracy Assessment

Figure 14a shows the test results of the model built with the nine band reflectances
(band 3, band 4, band 5, band 6, band 7, band 8, band 8a, band 11, and band 12) along
with FVC on real data. The results show that the RMSE is 0.090 and the R2 value is 0.869,
indicating high accuracy. This demonstrates that the GMM method is highly applicable
to FVC estimation, and the generated data effectively meet the requirements of deep
learning models, resulting in more stable model performance. However, there is still some
discrepancy between these results and those obtained from the simulated data. In fact,
simulated data represent spectral reflectance and FVC under ideal conditions, whereas
real data are unavoidably influenced by environmental factors, leading to differences
in accuracy.

Figure 14b shows the results of the selected band 3, band 4, band 5, and band 6
(RMSE = 0.091, R2 = 0.865). When compared to the results of all nine bands (RMSE = 0.090,
R2 = 0.869), the RMSE and R2 values are nearly identical, with the RMSE differing by only
0.001 and R2 differing by only 0.004. This indicates that the selection of band 3, band 4,
band 5, and band 6 not only significantly reduces the volume of data required for model
training but also preserves a high level of accuracy.

Figure 14c,d show the FVC estimation results based on band 3, band 4, and band 8,
and band 4, band 5, band 6, band 7, and band 8a, respectively.

Compared to the FVC estimation results based on band 3, band 4, and band 8
(RMSE = 0.096, R2 = 0.853) and band 4, band 5, band 6, band 7, and band 8a (RMSE
= 0.094, R2 = 0.858), the results from the selected band 3, band 4, band 5, and band 6
(RMSE = 0.091, R2 = 0.865) in this study show a slight improvement in accuracy. These
findings suggest that, during the key growth period of winter wheat, the combination
of red, green, and red-edge bands has a greater influence on FVC estimation than
the combinations of red, green, and near-infrared bands or red, near-infrared, and
red-edge bands.

In conclusion, when estimating FVC for winter wheat using Sentinel-2 data, selecting
band 3, band 4, band 5, and band 6 for modeling can effectively reduce the data volume
while maintaining a high level of accuracy.
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3.3.2. FVC Estimation Efficiency Assessment

The efficiency comparison experiment was divided into two parts: first, the per-
formance improvement of the LHS during the calculation process of the importance of
hyperspectral bands; second, the performance enhancement of band 3, band 4, band 5, and
band 6 obtained after feature selection.

The experimental setup in this study employed the deep learning framework PyTorch
for model construction, training, and testing, with Python as the programming language.
The experimental environment was based on the Linux operating system and utilized dual
Intel(R) Xeon(R) Silver 4316 processors, providing a total of 80 logical processors. The base
frequency of the processors was 2.30 GHz, with a maximum turbo frequency of 3.40 GHz.
The system was equipped with a total of 251 GiB of memory.

The training process of the DAM-CNN is divided into two stages: Stage 1 involves the
joint training of the dual-attention mechanism and the CNN. Stage 2 involves freezing the
CNN and training the dual-attention mechanism.

LHS reduced the number of samples from 3,159,000 to 800,000. As shown in Table 5,
the training time for 800,000 samples was reduced by 74.2% in Stage 1 and 75.0% in
Stage 2 compared to using 3,159,000 samples. Overall, it took 328,937.392 s to calculate
the importance of hyperspectral bands using 3,159,000 samples and 82,877.583 s using
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800,000 samples. Therefore, during the importance calculation process, LHS reduced the
time by 74.8%.

Table 5. Time spent on different training processes with sample sizes of 3,159,000 and 800,000.

Sample Size Time Spent on Stage 1 (s) Time Spent on Stage 2 (s)

3,159,000 67,075.519 261,861.873
800,000 17,284.960 65,592.623

Under the same model and training parameters, the training and testing times were
compared for models constructed using the following band combinations: band 3, band
4, band 5, band 6, band 7, band 8, band 8a, band 11, and band 12 of Sentinel-2; the bands
selected in this study (band 3, band 4, band 5, and band 6); the bands selected using the
method from reference [19] (band 3, band 4, and band 8); and the bands selected using the
method from reference [17] (band 4, band 5, band 6, band 7, and band 8a).

As shown in Table 6, the testing time for all four experiments was under 1 s, so the
comparison primarily focuses on training time. The training time for the four bands selected
in this study was reduced by 19.1% compared to using the nine bands. Compared to the
FVC estimation results using band 3, band 4, and band 8, the combination of the four bands
selected in this study slightly improved the accuracy while increasing the training time by
only 6.5%. Additionally, compared to band 4, band 5, band 6, band 7, and band 8a, the
bands used in this study not only improved the accuracy but also enhanced the efficiency.

Table 6. Comparison of training and testing times in FVC estimation for different bands.

Input Bands (B Denotes Band) Training Time (s) Testing Time (s)

B3, B4, B5, B6, B7, B8, B8a, B11, B12 94.542 0.058
B3, B4, B5, B6 76.461 0.054

B3, B4, B8 71.789 0.053
B4, B5, B6, B7, B8a 76.473 0.055

The results indicate that the four selected bands significantly improve the experimen-
tal efficiency.

4. Discussion

This paper proposes a dual-attention mechanism network to select the feature bands
from Sentinel-2 multispectral images for the FVC estimation of winter wheat. The method
combines a dual-attention mechanism with a CNN, forming the DAM-CNN framework.
The dual-attention mechanism considers the impact of FVC when determining the impor-
tance of hyperspectral bands, resulting in importance values that better reflect bands with a
higher correlation with FVC. During the iterative process, the CNN updates the importance
of the bands, ultimately leading to a higher accuracy in FVC estimation.

In existing studies on FVC estimation, many spectral feature selection methods have
not fully considered the information in hyperspectral bands that could aid in FVC es-
timation, potentially leading to the omission of important spectral information or the
introduction of redundant features. For example, Wang et al. only selected usable features
from multispectral satellite data, without utilizing the rich spectral details provided by
hyperspectral data [17]. In Yu et al.’s study, the impact of manually selected Sentinel-2 10 m
spatial resolution band combinations on FVC estimation was compared, which could lead
to the omission of important features or the introduction of redundant ones [19].

The DAM-CNN method is a feature selection approach based on hyperspectral infor-
mation. It automatically identifies features that are highly relevant to FVC while effectively
reducing the influence of redundant information by making full use of the rich spectral
data. DAM-CNN uses simulated hyperspectral data to ensure that the feature selection
process incorporates sufficient sources of spectral information. Additionally, through
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multiple convolutional layers and the dual-attention mechanism, DAM-CNN effectively
identifies features with low relevance to FVC, thereby reducing information redundancy
and improving the model’s robustness and reliability.

This method not only overcomes the issue of insufficient spectral coverage com-
monly found in traditional multispectral feature selection approaches but also enhances the
model’s efficiency in utilizing spectral data through effective feature filtering, thereby avoid-
ing noise interference caused by redundant features. Compared to traditional methods,
DAM-CNN demonstrates potential advantages in handling complex spectral information
and FVC estimation, making it an effective tool for feature selection in FVC estimation.

The PROSAIL model used in this study demonstrates high generalizability and ap-
plicability. This model is a widely recognized radiative transfer model that has been
successfully applied to various plant types and environmental conditions. Its solid phys-
ical foundation enables it to adapt well to different crops and regions. Additionally, the
proposed DAM-CNN method effectively selects features through multiple convolutional
layers and a dual-attention mechanism. This method is also applicable to other crops with
rich spectral features, such as rice, maize, and others. Moreover, due to the high flexibility
of the DAM-CNN method in processing different spectral information, it is suitable for
cross-regional applications. Future research could experiment with other regions and crop
types to further assess the generalization ability of DAM-CNN across regions and for
different crop types.

The distribution of the importance of hyperspectral bands indicates that the blue–
green range, red range, and the strong absorption range of water in the shortwave infrared
region play key roles in FVC estimation. During the multispectral feature assessment
stage, this paper primarily verifies the importance of band 3, band 4, band 5, and band 6
of Sentinel-2 satellite (green, red, and red-edge bands) for winter wheat FVC estimation.
Hyperspectral satellites, such as EOS AM-1, HJ-1, and Gaofen-5, provide data with higher
spectral resolution than traditional multispectral satellites. The next step in this study is to
validate the hyperspectral features using hyperspectral data.

5. Conclusions

This paper proposes a new method that combines a dual-attention mechanism with
a CNN to accurately estimate the FVC of winter wheat. By determining the importance
of hyperspectral bands using simulated data and converting them into the importance of
multispectral bands, feature ranking and selection can be performed, allowing multispectral
feature assessment on the field survey dataset.

The multispectral feature selection results indicate that the reflectances of band 3,
band 4, band 5, and band 6 of Sentinel-2 contribute the most to the key growth period of
winter wheat FVC estimation. Further validation on real data compared these four band
reflectances not only with the results of all nine band reflectances but also with the band re-
flectances selected based on methods from other studies. The findings demonstrate that the
four selected band reflectances maintain high accuracy while improving training efficiency.
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