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Abstract: Accurate estimation of the maize leaf area index (LAI) and biomass is of great importance
in guiding field management and early yield estimation. Physical models and traditional machine
learning methods are commonly used for LAI and biomass estimation. However, these models and
methods mostly rely on handcrafted features and theoretical formulas under idealized assumptions,
which limits their accuracy. Deep neural networks have demonstrated great superiority in automatic
feature extraction and complicated nonlinear approximation, but their application to LAI and biomass
estimation has been hindered by the shortage of in situ data. Therefore, bridging the gap of data
shortage and making it possible to leverage deep neural networks to estimate maize LAI and biomass
is of great significance. Optical data cannot provide information in the lower canopy due to the limited
penetrability, but synthetic aperture radar (SAR) data can do this, so the integration of optical and SAR
data is necessary. In this paper, 158 samples from the jointing, trumpet, flowering, and filling stages of
maize were collected for investigation. First, we propose an improved version of the mixup training
method, which is termed mixup+, to augment the sample amount. We then constructed a novel gated
Siamese deep neural network (GSDNN) based on a gating mechanism and a Siamese architecture
to integrate optical and SAR data for the estimation of the LAI and biomass. We compared the
accuracy of the GSDNN with those of other machine learning methods, i.e., multiple linear regression
(MLR), support vector regression (SVR), random forest regression (RFR), and a multilayer perceptron
(MLP). The experimental results show that without the use of mixup+, the GSDNN achieved a similar
accuracy to that of the simple neural network MLP in terms of R2 and RMSE, and this was slightly
lower than those of MLR, SVR, and RFR. However, with the help of mixup+, the GSDNN achieved
state-of-the-art performance (R2 = 0.71, 0.78, and 0.86 and RMSE = 0.58, 871.83, and 150.76 g/m2,
for LAI, Biomass_wet, and Biomass_dry, respectively), exceeding the accuracies of MLR, SVR, RFR,
and MLP. In addition, through the integration of optical and SAR data, the GSDNN achieved better
accuracy in LAI and biomass estimation than when optical or SAR data alone were used. We found
that the most appropriate amount of synthetic data from mixup+ was five times the amount of
original data. Overall, this study demonstrates that the GSDNN + mixup+ has great potential for the
integration of optical and SAR data with the aim of improving the estimation accuracy of the maize
LAI and biomass with limited in situ data.

Keywords: gated Siamese deep neural network; mixup+; LAI; biomass; maize

1. Introduction

Maize is one of the most important crops grown throughout the world, with the
United States, China, and Brazil being the top three maize-producing countries [1]. It is
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an important staple food for more than two billion people and a valuable source material
for the production of ethanol, animal feed, biofuel, and other products, such as starch
and syrup [2,3]. With population growth, the demand for maize is rapidly increasing, so
monitoring maize growth status has attracted much attention. The leaf area index (LAI) and
biomass are important indicators for maize growth, reflecting the effects of nutritional defi-
ciencies, pests and diseases, droughts and floods, etc.; therefore, their accurate estimation
can assist in the monitoring of maize growth status to guide field management and early
yield estimation [4–6]. Traditional estimation methods rely mainly on field sampling and
manual measurement, which are time-consuming, labor-intensive, and prone to errors due
to subjective factors. However, in the last 60 years, satellite remote sensing technology has
rapidly developed, provided more and more data at high spatial and temporal resolutions,
and it is now possible to use remote sensing data to obtain dynamic estimates of the LAI
and biomass rapidly, accurately, and on a large scale [7]. As a consequence, increasing
effort is being devoted to research on LAI and biomass estimation based on remote sensing
inversion methods [8–13].

Remote sensing inversion methods can be classified into two categories: physical
models and statistical models [14–16]. Physical models are commonly used for LAI and
biomass estimation and provide an effective representation of the relationship between
biophysical parameters and remote sensing data. However, physical models rely on some
prior knowledge for input parameters and some idealized assumptions regarding the crop
canopy; therefore, they are of limited accuracy. In addition, it is difficult to estimate the LAI
and biomass through the application of physical models to optical and synthetic aperture
radar (SAR) data, since the different imaging mechanisms involved in the acquisition of
optical and SAR data mean that the corresponding physical models are very different.
Therefore, statistical methods play a vital role in the estimation of the LAI and biomass.
Traditional machine learning methods, such as multiple linear regression (MLR), support
vector regression (SVR), and random forest regression (RFR), are widely used in LAI and
biomass estimation and have achieved very good results [17,18]. Nevertheless, all of these
methods rely on empirical formulas and custom-built features, such as the normalized
difference vegetation index (NDVI) and the enhanced vegetation index (EVI), which limit
the capabilities of the corresponding inversion models. Deep neural networks, also known
as deep learning, which have demonstrated great superiority in automated extraction
of deep features and in the approximation of complicated nonlinear relationships, have
attracted much attention in recent years. They have achieved great success in many
remote sensing tasks [19–24], such as classification [25], image preprocessing [26], object
detection [27,28], and scene understanding [29,30]. However, their application to LAI
and biomass estimation has been hindered by the limited amounts of in situ data that are
available [24]. Owing to the limited efficiency of in situ data collection, it is very expensive
to obtain the massive amounts of data that deep neural networks, as data-driven models,
require for the training of their multitudes of parameters. Consequently, finding a way for
deep neural networks to estimate the maize LAI and biomass with limited in situ data is a
necessary, albeit challenging, task.

Data augmentation is one of the techniques used in machine learning to increase
the size and diversity of training datasets as much as possible, thereby enhancing the
generalization abilities of models. Widely used data augmentation methods in image
processing include horizontal/vertical flip, rotation, scaling, clipping, translation, contrast,
color disturbance, and the addition of noise. However, these methods change the position or
color of the original pixels and, therefore, can only be applied to scenes that are not sensitive
to target correspondence or local color changes (such as in image classification [31] and
target recognition [32]), and they are not suitable for quantitative remote sensing inversion.
Because changes in contrast, the vibrance of color, and the addition of noise will change
the one-to-one mappings between different bands and the LAI and biomass, rotation and
translation will also eliminate the corresponding relationships between remote sensing data
and the measured LAI and biomass, leading to what we call inconsistency between source
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and target (IST). The data mixing-up method (mixup) [33] is a novel method proposed to
extend datasets based on interpolation and has achieved excellent results in the field of
image classification. By mixing training data, it greatly improves the generalization ability
of a model and the processing ability in the face of adversarial attack. This paper adapts
the mixup method to estimate the maize LAI and biomass with a number of innovative
improvements. Instead of using the mixed-up data directly, we predict the interpolation
coefficient through a deep neural model, thereby mitigating the interpolation error that
arises in the original mixup method. We call our method mixup+.

With the help of mixup+, we are able to leverage a deep neural network to estimate
the maize LAI and biomass with limited in situ data. In this paper, we propose a novel
deep neural network, a gated Siamese deep neural network (GSDNN), to integrate optical
and SAR data in order to estimate the maize LAI and biomass through a gating mechanism.
Considering the respective advantages and disadvantages of optical data and SAR data, our
approach is to integrate these data for maize LAI and biomass estimation [17]. Specifically,
optical data can provide rich spectral information, but it is difficult to use them to reflect
the contributions of leaves within the maize canopy. When the leaf density of the canopy is
high, electromagnetic waves in the visible and near-infrared bands mainly interact with the
middle and upper layers of the canopy, which leads to saturation of the reflectivity and
vegetation index of the optical data. For example, the most commonly used vegetation
index, the NDVI, is sensitive to low LAI values (≤3), but it will reach saturation for
medium or high LAI values (>3) [34]. Similarly, when the biomass is at a medium to
high level (>2 kg/m2), the NDVI also exhibits saturation [35]. It has also been found
that SAR data have quite good penetration and contain much more three-dimensional
structural information about the maize canopy, but radar remote sensing data are easily
affected by scattering and attenuation by the canopy, resulting in limited inversion accuracy
of the growth parameters. The backscatter coefficient and polarization decomposition
parameters extracted from SAR data can help to alleviate the saturation phenomenon in
LAI and biomass inversion [18,36], but they are easily affected by soil background and
topographic factors, resulting in errors in LAI and biomass inversion [37]. Therefore, the
integration of optical and SAR data in order to estimate maize LAI and biomass is essential,
and the key aspect of this process is the establishment of an effective and deep integration
mechanism. In this paper, the use of the GSDNN is proposed as a way to achieve the
above goals by leveraging a gating mechanism [38] and a Siamese architecture [39], thereby
establishing multiple information interaction channels between the two branches of the
neural network corresponding to optical and radar remote sensing data, respectively,
and enabling relatively exact and deep information interactions during optical and radar
data fusion. At the same time, the use of a gating mechanism helps to increase the depth
of the deep neural network and avoid gradient disappearance and gradient explosion
problems [40].

Overall, in this paper, we focus on the use of deep-neural-network-integrated optical
and SAR data to retrieve the maize LAI and biomass. Our objectives are (1) to adapt
the mixup method to maize LAI and biomass estimation tasks, (2) to propose a novel
deep neural network (with integrated optical and SAR data) to estimate the maize LAI
and biomass, and (3) to study the effect of the number of extending samples on the
model accuracy.

2. Materials and Methods
2.1. Study Area

The study area was located in Dajianchang Town (39◦54.20N, 117◦26.90E), Wuqing
District, Tianjin City, China (Figure 1). Dajianchang Town has a warm, temperate, semi-humid
continental monsoon climate, with annual average temperature, precipitation, and sunshine
hours of 11.6 ◦C, 606.8 mm, and 2705 h, respectively. The terrain is relatively flat and the soil
is loose and fertile, making it suitable for the cultivation and production of crops. In this
area, the main summer crops are maize and soybeans, accounting, respectively, for 78.3% and
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8.9% of the total crop area [41]. Maize is planted continuously, which was convenient for our
collection of in situ data and the corresponding satellite remote sensing data.

Figure 1. Location of the study area and distribution of sample points.

2.2. Data
2.2.1. Satellite Data

Optical and SAR data were both acquired and preprocessed at four different growth
stages (jointing stage, trumpet stage, flowering stage, and filling stage) of maize in 2018
(Table 1). The optical data consisted of three scenes from Sentinel-2 data and one scene from
Landsat-8 OLI data. The scene from Landsat-8 OLI data was used because the Sentinel-
2 scenes were covered by thick clouds in the jointing period. The preprocessing of the
Sentinel-2 multispectral data and Landsat-8 OLI data was carried out with Sen2cor plug-ins
provided by the ESA and ENVI software, respectively. Both sets of data were preprocessed
with radiometric calibration and atmospheric correction. The SAR data consisted of four
scenes from Sentinel-1B GRDH and SLC data. The preprocessing of these GRDH and
SLC data was based on the SNAP software provided by the ESA official website and
mainly consisted of radiometric calibration, multi-look processing, refined Lee filtering,
and geocoding. Finally, both optical and SAR data were resampled to a spatial resolution
of 10 m× 10 m.

Table 1. List of satellite data parameters in this study.

Satellite Datasets Date of Acquisition
(Month/Day) Resolution Source Revisit

SAR data
Sentinel-1B SLC 07/20, 08/01, 08/18, 08/30 5 m× 20 m ESA 12-day

Sentinel-1B GRDH 07/20, 08/01, 08/18, 08/30 22 m× 20 m ESA 12-day

Optical data
Sentinel-2A MSI 08/03, 08/16, 09/05 10 m× 10 m ESA 10-day

Landsat-8 OLI 07/22 15 m× 15 m USGS 16-day

2.2.2. In Situ Data

We also collected the in situ LAI and biomass data (Table 2) in the four growth stages
(jointing stage, trumpet stage, flowering stage, and filling stage) of maize in the study area
on 20–23 July, 31 July–2 August, 15–17 August, and 3–5 September 2018, respectively.During
the measurement, 40 sample points (Figure 1) were collected for each growth stage in the study
area. Each sample point was at the center of a 100 m× 100 m quadrat, with no overlap between
them, and the coordinate data were recorded with a Garmin GPS 60. We then measured the
lengths and widths of maize leaves manually and calculated the LAI with an empirical formula:
Area of single leaf = Length ×Width × 0.73, and LAI = Area of single leaf × Plant density.
After that, we put each fresh sample into a Kraft paper bag, weighed it to get Biomass_wet,
and then dried it in the oven and weighed the dry sample to get the Biomass_dry of maize
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per unit area. We calculated the biomass of maize combined with the measured plant density
(biomass = Wet/Dry weight per plant× Density of plant). To ensure the accuracy of the in situ
data, we selected three representative samples of each at each sample point and averaged them
to obtain the final result. We collected 158 samples in total, and the statistics of the LAI and
biomass values are shown in Table 2. The ranges of the LAI, Biomass_wet, and Biomass_dry
were 0.38–5.1, 16.48–8448.79 g/m2, and 190.14–1559.08 g/m2, respectively.

Table 2. Statistics of the in situ LAI and biomass data.

Growth Stage LAI Biomass_Wet (g/m2) Biomass_Dry (g/m2)

Min Max Mean Min Max Mean Min Max Mean

07/20–07/23 (Jointing) 0.38 2.34 1.23 193.54 2091.26 852.32 16.48 190.14 84.46
07/31–08/02 (Trumpet) 1.37 4.58 2.88 949.57 6201.51 2653.85 93.6 697.78 307.55
08/15–08/17 (Heading) 2.20 4.84 3.49 1989.14 5979.48 4330.61 242.68 963.31 628.28
09/03–09/05 (Filling) 1.55 5.13 3.28 2657.97 8448.79 5013.90 497.97 1559.08 1051.33

3. Methods

In this paper, our aim is to enable a deep neural network to estimate the maize LAI
and biomass with limited in situ data. Deep neural networks are data-driven and, therefore,
are difficult to apply directly to scenarios such as LAI and biomass estimation, where there
is a shortage of training data. First, we attempt to augment the training data through an
improved version of the mixup method. We then propose a novel gated Siamese deep
neural network (GSDNN) to leverage both SAR and optical data to improve the accuracy
of LAI and biomass estimation. The proposed GSDNN can effectively extract deep features
from SAR and optical data through its use of a Siamese architecture and learn to fuse them
to yield better estimation accuracy of the LAI and biomass through a gating mechanism.

3.1. From Mixup to Mixup+

The mixup method is a data augmentation method that was first proposed for im-
age classification in machine learning [33]. It augments data by incorporating the prior
knowledge that linear interpolations of feature representations should lead to the same in-
terpolations of the associated targets. In mixup, virtual feature–target training examples are
constructed based on convex combinations of pairs of examples and their labels sampled
from the mixup vicinal distribution as follows:

x̃ = λxi + (1− λxj), where xi and xj are raw input vectors,

ỹ = λyi + (1− λyj), where yi and yj are th corresponding labels,
(1)

where λ ∼ Beta(α, α), for α ∈ (0, ∞). The hyper-parameter α controls the interpolation
coefficient λ, which means that the strength of interpolation between feature–target pairs is
controlled by α. The function f can then be learned by minimizing the following expression:

R( f ) =
1
m

m

∑
i=1

l( f (x̃i), ỹi), where m is the total sample number. (2)

This is known as the empirical vicinal risk (EVR) principle [42]. Previous studies have
shown that mixup is simple but quite effective in image classification.

Motivated by mixup, we tried to adapt it for use in maize LAI and biomass estimation
instead of image classification. We termed this adaptation mixup+. Unlike the applications
considered in previous studies, maize LAI and biomass estimation is a regression task and,
therefore, much more sensitive to the problem of inconsistency between the source and
target (IST) caused by data augmentation. As a linear interpolation method, mixup still
suffers from the IST problem when the training data are nonlinear. As has been shown in
previous studies, the values of the LAI and biomass gradually increase with the nonlinear
growth of maize. Although the use of a smaller λ can alleviate the IST problem, this
will reduce the diversity of virtual data and increase the risk of a large neural network
memorizing limited data, leading to serious overfitting of the model.
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To solve this problem, we propose a training method to predict the interpolation
coefficient λ according to x̃ as follows:

R( f ) =
1
m

m

∑
i=1

l
(

f (x̃i)− yi2
yi1 − yi2

, λ

)
, (3)

where yi1 and yi2 are in situ LAI or biomass values corresponding to synthetic x̃i. This provides
the model with decoupling ability. Through analysis of the interpolation data components,
the prediction ability of the model is greatly improved, and the problem of inconsistency
between source and target is greatly alleviated. It can be seen from Equation (3) that the loss
function is weighted according to the distance between the two interpolation samples. When
this distance increases, the weight of the virtual samples constructed from the interpolation
samples gradually becomes weaker, and thus, the inconsistency between source and target is
reduced. In this paper, we call the method represented Equations (2) and (3) mixup+.

3.2. Deep Neural Network for LAI and Biomass Estimation: GSDNN

Figure 2 presents the architecture of our proposed GSDNN. This model consists mainly
of two types of modules: a fusion layer and a regression layer. The former is used for deep
fusion of optical and SAR data, and the latter is used to perform quantitative inversion of
the maize LAI and biomass. First, a gating mechanism and a Siamese architecture are used
to realize the effective fusion of optical and SAR data. Then, multitask learning is used
to obtain the maize LAI, Biomass_wet, and Biomass_dry simultaneously, which helps to
overcome the overfitting problem and improve model accuracy.

... ...

... ...

... ...

Optical  + Timestamp 
Embedding

SAR + Timestamp 
Embedding

Full Connection Layer Full Connection Layer

Full Connection LayerFull Connection Layer

FCL

GCL

Input data:

Multi-layer interaction 
......

... ...

FCL

GCL

FCL Full Connection Layer

Full Connection Layer Full Connection Layer Full Connection Layer

LAI

FCL

Biomass wet Biomass dry

...

MSE Loss

Fusion 
Layer

Fusion 
Layer

Regression 
Layer

... ...

Figure 2. Gated Siamese Deep Neural Network(GSDNN) architecture for maize LAI and biomass es-
timation.
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3.2.1. Fusion Layer

The fusion layer consists of two main parts: (1) a gated control layer (GCL), which
is used to extract the complementary effective information of each channel and reduce
mutual interference, and (2) a full connection layer (FCL), which is used to realize nonlinear
transformation of features and to map data from high to low dimensions or from low to
high dimensions.

In the ith fusion layer, we denote the input data of the optical and SAR channels by xo
i

and xs
i , respectively. In the GCL, the optical channel will get complementary information

from the SAR channel, and vice versa. Specifically, the gating mechanism is designed to
select effective information and is defined as

go
i = σ(Wo

i · xo
i + bo

i ),

gs
i = σ(Ws

i · xs
i + bs

i ),
(4)

where superscripts o and s indicate the optical and SAR channels, respectively, and σ(·)
denotes the activation function. In this paper, ReLU is used as the activation function. Wo

i ,
Ws

i , xs
i , and xo

i are the parameters of the gating mechanism and are acquired based on the
stochastic gradient descent (SGD) algorithm. We then obtain the output of the GCL for the
fusion layer as follows:

hs
i = go

i � xo
i + xs

i ,

ho
i = gs

i � xs
i + xo

i ,
(5)

where � denotes the Hadamard product. As shown in Equation (5), the information
extracted from the optical data is selectively integrated into the SAR channel, thus enriching
the information of the SAR channel, and vice versa. In this way, the GCL layer enables
deep fusion of optical and SAR information.

The FCL in the fusion layer is a nonlinear transformation increasing the depth of the
network and the fitting ability of the model. The output of the fusion layer is defined as follows:{

yo
i = σ(Wo

i, f · h
o
i + bo

i, f ),

ys
i = σ(Ws

i, f · h
s
i + bs

i, f ),
(6)

where yo
i and ys

i denote the outputs of the optical and SAR channels, respectively, in the
ith fusion layer. Wo

i, f and bo
i, f are the parameters of the nonlinear transformation of the

optical channel, and Ws
i, f and bs

i, f are the parameters of the nonlinear transformation of
the SAR channel.

3.2.2. Regression Layer

The regression layer is mainly used to explore the relationship between the depth
features obtained from the fusion layer and the maize LAI and biomass. Considering the
difference between the LAI and biomass, multitask learning is used to obtain the maize LAI,
Biomass_wet, and Biomass_dry simultaneously, which helps to overcome the overfitting
problem and improve model accuracy [43,44].

First, the regression layer cascades the optical and SAR information from the fusion layer:

xr = [yo
l ; ys

l ], (7)

where l denotes the last layer of the fusion layer. Then, an FCL is used to implement
reduction and optimization:

x f = fFCL(xr) (8)

Note that fFCL(·) denotes an FCL. All of the FCLs considered in this paper have the
same structure, namely,

y = fFCL(x, θ) = σ(W · x + b) (9)

where x and y denote the input and output, respectively, of the FCL. θ represents the
parameters learned by training, including W and b. σ is the activation function, for which
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ReLU is used in this paper. All of the FCLs in Figure 2 have their own independent
parameters. Finally, based on the optical and SAR depth fusion features, this paper uses an
independent fully connected network for regression of each maize parameter as follows:

LAI = f LAI
FCL(x f ),

Biomasswet = f Biomasswet
FCL (x f ),

Biomassdry = f
Biomassdry
FCL (x f ),

(10)

where LAI, Biomasswet, and Biomassdry are the estimation values of the model.

3.2.3. Timestamp Embedding

Given that the growth parameters of crops exhibit a regular trend of change with
the passage of the growth period, this study considers time information in a half month
(15 days) to take account of time and, thereby, enhance the inversion accuracy of the
model. Because of the discreteness and large ranges of variation of remote sensing data and
imaging dates, simply taking the imaging date as a feature will reduce the generalization
ability of the model. To deal with this problem, inspired by the word vector technique in
artificial intelligence (AI), we propose the use of timestamp embedding to encode time
information. In detail, one year is divided into 25 time groups with 15 days as a time stage,
and each group is represented by an n-dimensional vector.

3.2.4. Objective Function

In this subsection, we discuss in detail the objective function of the GSDNN for maize LAI
and biomass inversion. Here, we denote by yLAI, yBiomasswet , and yBiomassdry the in situ data
of the LAI and biomass, and by xopt and xSAR the optical and SAR data. We can then express
the training sample as (xopt, xSAR, yLAI, yBiomasswet , yBiomassdry). According to the minimum
mean-square error (MMSE), the objective function based on multitask learning is as follows:

L = min 1
3 [(MSE(LAI, yLAI) + MSE(Biomasswet, yBiomasswet)

+ MSE(Biomassdry, yBiomassdry)], (11)

where LAI, Biomasswet, and Biomassdry are the estimation values of the GSDNN. MSE is
the mean-square error, which is defined as

MSE(ŷ, y) =
1
n

n

∑
i=1
‖ŷi − yi‖2. (12)

To obtain the final objective function based on the training examples from mixup+,
we combine Equations (3), (11), and (12):

L = min
1

3m

m

∑
i=1

[∥∥∥∥∥TLAI(x̂opt, x̂SAR)− yLAI,2

yLAI,1 − yLAI,2
− λ

∥∥∥∥∥
2

+

∥∥∥∥∥TBiomasswet(x̂opt, x̂SAR)− yBiomasswet,2

yBiomasswet,1 − yBiomasswet,2

− λ

∥∥∥∥∥
2

+

∥∥∥∥∥TBiomassdry(x̂opt, x̂SAR)− yBiomassdry,2

yBiomassdry,1 − yBiomassdry,2

− λ

∥∥∥∥∥
2

]
, (13)

where TLAI(·, ·), TBiomasswet(·, ·), and TBiomassdry(·, ·) denote the GSDNN models for the
LAI, Biomass_wet, and Biomass_dry. In this paper, Equations (3) and (13) are used as
objective functions for in situ data and augmentation data, respectively.
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3.2.5. Accuracy Assessment

To reduce the impact of data randomness, fivefold cross-validation was used to assess
the accuracy of the LAI and biomass estimation models. First, the dataset was randomly
divided into five parts, and each of these was used as test data to alternately train the
model. Then, 10% of the data from the remaining four parts were randomly selected
as the verification set, with all of the remaining data as the training set. The coefficient
of determination (R2) and the root-mean-square error (RMSE) were used to assess the
precision of the LAI and biomass estimation models. Each model was trained and tested
five times, and the mean value of 100 runs was taken as the final result.

3.3. GSDNN Workflow

Figure 3 shows the workflow of the GSDNN, which includes the following procedures:

1. Preprocessing optical and SAR data with the methods described in Section 2.2.
2. Normalizing the input data obtained in the previous step using the standard pre-

processing method of deep learning to avoid the optimization difficulties caused by
excessive differences among different dimensions in the data. In detail, given input
data (x, y), the specific method of data normalization is as follows:

x :=
x− x

σ2 , (14)

where x denotes the average of the input data and σ2 denotes the variance of the
input data.

3. Initializing the model parameters using He’s initialization method [45].
4. Randomly sampling a batch of data as the input of the GSDNN model and then

performing forward propagation using Equations (4)–(10) to predict the LAI and
biomass.

5. Computing the prediction loss using Equation (13) and judging the convergence of
the model using the validation set. If the prediction loss on the validation set keep
decreasing, which indicates that the model has not converged, then it goes to the next
step. Otherwise, the training process is ended.

6. Using the stochastic gradient descent method to update the parameters of the GSDNN.
Go to Step 4.
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Figure 3. GSDNN architecture for maize LAI and biomass estimation.
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3.4. Experimental Data Preparation

In this paper, 158 samples were used in four growth stages, with each sample consisting
of in situ data (LAI and biomass) and the corresponding optical and SAR features. First, we
selected six bands (B2–B4, B8, and B11–B12 for Sentinel-2 and B2–B8 for Landsat8) and five
vegetation indexes (NDVI, RVI, EVI, SAVI, and MSAVI) and extracted their GLCM texture
features as the optical features (59 dimensions). Then, we selected two bands (VV and
VH) and their ratio (VV/VH), polarization parameters (H, A, and α), and GLCM texture
features as the SAR features (22 dimensions). Finally, we combined the optical and SAR
features as the input feature and the in situ LAI and biomass as their label.

Considering the different ranges of features and their labels, we normalized them as
in Equation (14). When the GSDNN performs the LAI and biomass inversion, the original
value must be estimated before data normalization. This is done by the inverse operation
of Equation (14), as follows:

ŷ := y · σ2 + y. (15)

In mixup+, α was set to 0.2 [33]. Multiple random sampling was carried out to
synthesize the new data during the mixup+ procedure. The number of samples was the
synthetic dataset size. Specifically, for each sampling, we randomly selected two samples
from the above 158 samples. The specific calculation method is shown in Equation (1).

3.5. Settings and Training Details for the GSDNN

As shown in Figure 2, the GSDNN consists of two main parts: a fusion layer and
a regression layer. In this paper, three fusion layers were used to fuse the optical and
SAR features. The optical and SAR input features were, respectively, 59-dimensional and
22-dimensional, and thus, the total input features were 81-dimensional. Other parameters
of each layer for the GSDNN were defined as follows:

• Fusion layer: The hidden layer sizes of both the gate control layer and FCL were set
to 300, the output dimension was 300, and the internal parameter sizes of the three
fusion layers were consistent.

• Regression layer: This layer took as input the concatenation of the outputs of the SAR
and optical channels. In the present case, the size of the input layer for the regression
layer was set to 600, the hidden layer sizes of the LAI, Biomass_wet, and Biomass_dry
predictors were set to 300, and the final outputs were three scalars.

• The timestamp embedding dimension n was set to 10.

For training, Adam [46] was used as the optimizer, with a learning rate 0.0001.
The batch size was set to 100. To reduce the impact of the randomness of training and data,
100 runs of fivefold cross-validation were conducted, and then the mean and variance of
the results of 500 experiments in total were calculated and reported. Specifically, the data
were randomly divided into five copies each time, and then each copy was recycled as a test
set. Because the depth of model training depended on the convergence of the verification
set, in this paper, a random selection of 10% of the data from the remaining four copies
was taken as the verification set, with all of the remaining data as the training set. In this
study, we used the PyTorch deep learning framework based on Python 3.6.8. We ran all
experiments with the Ubuntu 18.04 operating system on a GeForce RTX 2080Ti GPU.

4. Results
4.1. Comparison of the GSDNN with Other Machine Learning Models

As already mentioned, a variety of traditional machine learning methods, such as
MLR and SVR, and simple neural networks, such as multilayer perceptrons (MLPs), have
been used to retrieve the LAI and biomass. To evaluate the performance of the GSDNN,
we compared the accuracy of the GSDNN in LAI and biomass estimation with MLR,
RFR, SVR, and an MLP. Table 3 shows the R2 and RMSE of different models for the LAI,
Biomass_wet, and Biomass_dry (all of them were testing results). On the whole, our method
of the GSDNN with mixup+ achieved the best results in terms of R2 and RMSE. The R2
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values for the LAI, Biomass_wet, and Biomass_dry were 0.71, 0.78, and 0.86, respectively,
and the RMSEs were 0.58, 871.83 g/m2, and 150.76 g/m2, respectively. Figure 4 shows
a comparison of the LAI and biomass estimated by the GSDNN-based model with the
measured values (all of them were testing results). It can be seen that the measured value
was in good agreement with the estimated value for both the LAI and biomass. Figure 5
shows the training and testing results of the LAI and biomass estimated by the GSDNN-
based model. It can be seen that, as the number of iterations increased, the training loss
gradually decreased and the test R2 gradually increased for both the LAI and biomass. The
MLP, as a simple neural network, achieved the lowest accuracy (for LAI, R2 = 0.58 and
RMSE = 0.65; for Biomass_wet, R2 = 0.61 and RMSE = 1043.04 g/m2; for Biomass_dry,
R2 = 0.57 and RMSE = 246.55 g/m2), and MLR had slightly better accuracy (for LAI,
R2 = 0.61 and RMSE = 0.56; for Biomass_wet, R2 = 0.64 and RMSE = 1153.90 g/m2; for
Biomass_dry, R2 = 0.58 and RMSE = 202.53 g/m2). SVR and RFR, the most widely used
machine learning methods, were nearly equal in their accuracy, which was higher than that
of MLR and MLP, but lower than that of the GSDNN with mixup+. Overall, GSDNN with
mixup+ had the best performance in both LAI and biomass estimation for maize.

Table 3. Comparison of the GSDNN with other machine learning methods.

Model LAI Biomass_Wet Biomass_Dry

R2 RMSE R2 RMSE (g/m2) R2 RMSE (g/m2)

MLR 0.61 0.56 0.64 1153.90 0.58 202.53
SVR 0.67 0.63 0.70 958.27 0.71 202.85
RFR 0.64 0.63 0.70 995.39 0.74 200.03
MLP 0.58 0.65 0.61 1043.04 0.57 246.55

GSDNN + mixup+ 0.71 0.58 0.78 871.83 0.86 150.76
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Figure 4. Comparison of the measured values with estimates from the model based on the GSDNN:
(a) LAI; (b) Biomass_wet; (c) Biomass_dry.
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(a) (b)

(c)

Figure 5. Training and testing results of the LAI and biomass with estimates from the model based
on the GSDNN: (a) LAI; (b) Biomass_wet; (c) Biomass_dry.

4.2. Comparison of Multiple Machine Learning Models before and after Use of Mixup+

Most machine learning methods are trained to minimize their average error with a large
amount of training data, especially for those with a complex structure. With the help of mixup+,
we could construct massive virtual feature–target training samples. We compared the most
commonly used multiple machine learning methods (MLR, RFR, SVR, and MLP) with the
GSDNN before and after the use of mixup+. Table 4 shows the results of this comparison
in terms of R2 and RMSE (all of them were testing results). It can be seen that after the use
of mixup+, the traditional machine learning methods, namely, MLR, RFR, and SVR, showed
no marked differences, and the variations in R2 were within 0.05. However, the results from
the neural networks, namely, MLP and GSDNN, were clearly better after mixup+ was used,
with R2 increasing by 0.05–0.08 and by 0.13–0.14 for the MLP and GSDNN, respectively. Thus,
after the use of mixup+ to augment the training data, the results from the GSDNN showed
the greatest improvement, followed by those from the MLP, while the results from the other
traditional machine learning methods (MLR, RFR, and SVR) showed little improvement.

Table 4. Comparison of multiple machine learning methods before and after the use of mixup+.

Model LAI Biomass_Wet Biomass_Dry

R2 RMSE R2 RMSE (g/m2) R2 RMSE (g/m2)

MLR 0.61 0.56 0.64 1153.90 0.58 202.53
MLR + mixup+ 0.64 0.64 0.68 1029.95 0.56 257.92

SVR 0.67 0.63 0.70 958.27 0.71 202.85
SVR + mixup+ 0.63 0.66 0.71 1003.86 0.71 211.23

RF 0.64 0.63 0.70 995.39 0.74 200.03
RF + mixup+ 0.67 0.61 0.71 938.54 0.75 192.11

MLP 0.58 0.65 0.61 1043.04 0.57 246.55
MLP + mixup+ 0.64 0.59 0.69 923.98 0.62 212.22

GSDNN 0.58 0.64 0.64 1027.31 0.73 181.62
GSDNN + mixup+ 0.71 0.58 0.78 871.83 0.86 150.76

4.3. Results of Maize LAI and Biomass Estimation Based on the GSDNN with Mixup+

As we have seen, the GSDNN with mixup+ achieved the best results for maize LAI
and biomass estimation. Therefore, we estimated the maize LAI and biomass in Wuqing
District using the GSDNN with mixup+. Figure 6 shows the results of maize LAI and
biomass estimation in the trumpet and filling growth stages. From Figure 6a,b, it can be
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seen that the maize LAI became much lower in the filling stage than in the trumpet stage,
which was due to the reduction in the number of leaves during the late growth period.
Looking at the growth period as a whole, it can be seen that the LAI first increased, reached
a peak in the flowering stage, and then slightly decreased. From Figure 6c,d, it can be seen
that the biomass in the filling stage was significantly higher than that in the trumpet stage
because the maize in the trumpet stage was still undergoing robust growth, and the biomass
was gradually accumulating. Therefore, the results of maize LAI and biomass estimation
in this paper were consistent with the trends of change found from field measurements,
indicating that the inversion method proposed in this paper is reliable.
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Figure 6. Results of maize LAI and biomass estimation based on the GSDNN with mixup+: (a)
LAI—Trumpet; (b) LAI—Filling; (c) Biomass—Trumpet; (d) Biomass—Filling.

5. Discussion
5.1. GSDNN Compared with Other Machine Learning Methods

In this paper, we have proposed a novel method, GSDNN + mixup+, for integrating optical
and SAR data to estimate the maize LAI and biomass. To evaluate the performance of the
GSDNN + mixup+, we compared it with other machine learning methods, namely, MLR, SVR,
RFR, and MLP. The results show that the GSDNN + mixup+ achieves the best accuracy in terms
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of R2 and RMSE among all LAI and biomass estimation models (Tables 3 and 4). Although SVR
and RFR are the most popular methods for LAI and biomass estimation, they both give results
that are a little poorer than those from GSDNN + mixup+. This indicates that the deep neural
network has advantages in integrating optical and SAR data and fitting the complex relationship
between remote sensing features and LAI or biomass due to its multilayer structure and its
large number of parameters compared with traditional machine learning methods, which is
in agreement with what was found by Bahrami et al. [47] . MLR, a simple linear method, has
an accuracy that is much lower than those of SVR and RFR, which may be because MLR has
limited fitting capabilities for LAI and biomass variation. The neural network MLP has the
lowest accuracy among all methods, which may appear surprising, but it actually illustrates
another problem, namely, that it is difficult for neural networks to achieve good results with
limited training data. This is why the GSDNN method gives good results when combined
with mixup+. Overall, compared with other machine learning methods, the combination of the
GSDNN + mixup+ proposed in this paper has greater potential for LAI and biomass estimation.

5.2. Effects of Combining Mixup+ with Different Machine Learning Models

As discussed above, mixup+ can be used to augment training data to avoid the overfit-
ting problem. Therefore, the effects of combining mixup+ with different machine learning
methods, namely, MLR, SVR, RFR, MLP, and GSDNN, were analyzed. From Table 4, it can
be seen that the performances of MLP and GSDNN both improved greatly when mixup+

was used, with R2 increasing by 0.05–0.08 and 0.13–0.14, respectively. However, there
was little improvement in the performances of the traditional machine learning methods,
with R2 increasing by less than 0.05. These results indicate that a deep neural network, as a
data-driven method, needs more training data than a traditional learning method. This
may be due to the fact that deep neural networks have many more parameters and complex
structures, and so more training data are used in their training. The GSDNN proposed in
this paper exploits both a gating mechanism and a Siamese architecture to realize effective
fusion of optical and SAR data with the aim of improving the accuracy of LAI and biomass
estimates. Therefore, the GSDNN is much more sensitive to the size of training data than
other methods, and thus, it is the method that is most affected by the use of mixup+.

5.3. Effects of Integrating Optical and SAR Data on LAI and Biomass Estimates

Owing to the different imaging mechanisms involved in obtaining optical and SAR data,
each type of data has its own advantages and disadvantages when used for LAI and biomass
estimates. As Table 5 shows that, with the use of integrated optical and SAR data, the accuracy of
the MLP is improved compared with that of an MLP model using only either optical or SAR data.
Because the GSDNN is designed for use with integrated optical and SAR data, it cannot provide
results when supplied with only optical or SAR data. Therefore, we compared the GSDNN with
the MLP while only using optical or SAR data, and this comparison also indicated that integrated
optical and SAR data can help to give a better result, which is consistent with the results of
Luo et al. [17] and Bahrami et al. [48]. Moreover, without the use of mixup+, although the
GSDNN uses a gating mechanism and Siamese architecture, it achieves a similar result in
terms of the LAI and a slightly better result for Biomass_wet and Biomass_dry compared with
those of the MLP. This is because a shortage of training data limits the performance of the
GSDNN. Therefore, when the augmented data from mixup+ is used, GSDNN achieves the
best result, and its R2 increases much more than that of MLP. Consequently, integrating optical
and SAR data contributes to the improved performance of the GSDNN in providing LAI and
biomass estimates.
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Table 5. Comparison of results between different deep learning models.

Model LAI Biomass_Wet Biomass_Dry

R2 RMSE R2 RMSE (g/m2) R2 RMSE (g/m2)

MLP (optical) 0.56 0.75 0.55 1157.71 0.51 252.65
MLP (SAR) 0.26 0.93 0.28 1600.63 0.25 333.54

MLP 0.58 0.65 0.61 1043.04 0.57 246.55
MLP + mixup+ 0.64 0.59 0.69 923.98 0.62 212.22

GSDNN 0.58 0.64 0.64 1027.31 0.73 181.62
GSDNN + mixup+ 0.71 0.58 0.78 871.83 0.86 150.76

5.4. Effects of the Amount of Synthetic Data from Mixup+ on LAI and Biomass Estimates

As already mentioned, mixup+ can construct synthetic data to increase the number of
training data with the aim of preventing overfitting. The ratio of synthetic data to original data
then becomes an important factor affecting experimental results. Therefore, the influence of
the amount of synthetic data on the LAI and biomass estimates obtained using the GSDNN
is investigated. Table 6 shows the effect on the accuracies of LAI and biomass estimates as
the ratio of synthetic data to original data increases. At the beginning, with an increasing
proportion of synthetic data, the estimation accuracies of the LAI and biomass steadily improve,
with the greatest accuracy being achieved when there are five times as much synthetic data
as original data. At this point, for the LAI, R2 has increased from 0.58 to 0.71 and RMSE has
decreased from 0.64 to 0.58, while for Biomass_dry, R2 has increased from 0.73 to 0.86 and the
RMSE has decreased from 181.64 g/m2 to 150.76 g/m2. This indicates that the addition of
synthetic data can improve the convergence point of the model, thereby improving its inversion
accuracy. With an increasing amount of synthetic data, the accuracies of LAI and biomass
estimates improve steadily in terms of R2, and although the RMSEs fluctuate slightly, they
generally exhibit a downward trend. However, further increases in the amount of synthetic data
will not always improve the inversion accuracy. When the ratio of synthetic data to original
data reaches 5, the estimation accuracies of the LAI and biomass are highest, but they then
decrease as synthetic data continue to be added. It can be seen from Table 6 that when the
ratio of synthetic data to original data has increased to 10, the estimation accuracies for both
the LAI and biomass have decreased to varying degrees. Thus, for the case considered in this
paper, the most appropriate amount of synthetic data is five times the amount of original data.
After that, the addition of further synthetic data will cause the accuracies of LAI and biomass
estimates to decrease slightly. This may be because an excessive amount of synthetic data will
introduce noise into the model. Therefore, the amount of synthetic data needs to be analyzed
under specific conditions.

Table 6. Influence of the amount of synthetic data in mixup+ on the inversion accuracies of the LAI
and biomass.

Synthetic Data LAI Biomass_Wet Biomass_Dry

R2 RMSE R2 RMSE (g/m2) R2 RMSE (g/m2)

0.0 0.58 0.64 0.64 1027.31 0.73 181.62
0.2 0.60 0.68 0.68 1032.45 0.76 180.75
0.5 0.64 0.65 0.71 1022.83 0.79 180.37
1.0 0.67 0.63 0.74 940.03 0.80 167.30
2.0 0.67 0.64 0.74 971.36 0.81 169.82
5.0 0.71 0.58 0.78 871.83 0.86 150.76

10.0 0.71 0.59 0.64 876.17 0.85 151.48.

6. Conclusions

In this study, a novel method, the GSDNN + mixup+, was proposed to integrate optical
and SAR data for the estimation of the maize LAI and biomass from limited in situ data.
We proposed a modified version of the mixup training method, which is called mixup+,
to deal with the problem of data shortage, and we found that the most appropriate amount
of synthetic data from mixup+ was five times the amount of original data . The GSDNN
proposed in this study can realize deep fusion of optical and SAR data, and its use of a



Remote Sens. 2022, 14, 5624 16 of 18

gating mechanism and Siamese architecture leads to more accurate estimation of the maize
LAI and biomass. GSDNN + mixup+ gives significantly more accurate estimates of the
LAI and biomass than other machine learning methods, such as MLR, SVR, RFR, and MLP,
with R2 values of 0.71, 0.78, and 0.86 and RMSEs of 0.58, 871.83 g/m2, 150.76 g/m2 for LAI,
Biomass_wet, and Biomass_dry, respectively (Tables 3 and 4). This study of the GSDNN +
mixup+ provides insights into how a deep neural network with integrated optical and SAR
data can be used to estimate maize LAI and biomass with limited data. Evaluation of the
performance of the GSDNN + mixup+ for the estimation of other crop growth parameters
and further exploration of novel methods to overcome in situ data shortage will be topics
for our future work.
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