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Abstract: One of the ways for measuring water content is
using global navigation satellite system (GNSS) multipath
signals. By analyzing those signals, we will get useful infor-
mation about the reflection surface. This technique is
called GNSS interferometric reflectometry. Some receivers
can record signal-to-noise ratio (SNR) data, which includes
the SNR component of reflected signals and is strongly
related to soil moisture. Here, we will use the data for
station P038 in Mexico for 4 years, from 2017 until 2020.
The calculation steps include extracting SNR data from
RINEX files, estimating the prior reflector height and phase,
calculating SNR metrics, and removing the vegetation effect
to obtain volumetric water content (VWC). The results show
that the VWC level has increased from 8.88 to 12.49% from
2017 to 2020. We have used long short-term memory neural
networks with tuned hyperparameters by Bayesian optimi-
zation for predicting the time series of soil moisture. Our
model is trained using 80% of the station observations. The
accuracy of the network is checked using different metrics
on the train, test, and all data. The mean absolute error, root
mean square error, and a20-index of the test data are
obtained as 0.002, 0.041, and 0.727, respectively. The mod-
eling results will help farmers arrange their irrigation sche-
dules more professionally.
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1 Introduction

In the modern era, per capita cultivable land is declining
due to the rapid increase in population. Additionally, the
shortage and cost of fresh water have become serious chal-
lenges. For this reason, agricultural professionals should use
innovative technologies and solutions to improve produc-
tivity, save on initial costs, and optimize the consumption
of environmental resources, especially water. Therefore,
measuring, monitoring, and estimating soil moisture are
very important.

One of the main parameters for expressing the amount
of water in the soil and the state of irrigation is the volu-
metric water content (VWC). The VWC is the ratio of the
volume of water to the unit of soil volume. It can be
expressed as a ratio, a percentage, or a depth of water at
any soil depth (assuming a unit of surface). VWC indicates
how much of the soil volume is filled with water. In this
study, VWC is expressed as a percentage, with values ran-
ging from zero to 100%. A value of zero indicates that the
soil is completely dry and devoid of water, while a value of
100% indicates that all voids and empty soil spaces are
filled with water.

Soil moisture measured in large areas shows how
much rainfall has returned to the atmosphere. Therefore,
soil moisture is an essential component of the hydrological
cycle and a major observational quantity for optimizing
irrigation management in agriculture. In addition to the
main applications such as positioning, navigation, and
timing, global navigation satellite systems (GNSSs) have
other applications such as atmospheric remote sensing,
reverse problem-solving related to earthquakes to deter-
mine the degree of fault dislocation, and crustal deforma-
tion monitoring (Chen et al., 2018; Li et al.,, 2015). The new
application of GNSS is reflection measurement interfer-
ence with GNSS, which is called GNSS interferometric
reflectometry (GNSS-IR). It is an approach to approxi-
mating environmental and geophysical parameters around
a GNSS station with the quality of other geodetic products.
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Reflected signals are used for this purpose. Signal reflec-
tion is known as multipath. When the goal is to determine
the position, multipath is considered one of the most
important sources of error. This is because the reflected
signals are bounced off the ground surface before being
received by the antenna, resulting in a recorded distance
between the satellite and the antenna that is greater than
the actual value. This systematic error affects the accuracy
of positioning.

In recent years, GNSS-IR has been proposed and tested
as a possible solution to obtain continuous information on
soil moisture at a local scale. The feasibility of this solution
is due to the fact that GNSS satellites send L-band signals
(microwave frequency), which are suitable for near-sur-
face use. Signals that are reflected by adjacent surfaces
and recorded by the antenna contain information about
the antenna’s surroundings on a scale of about 1,000 m% For
these frequencies, the coefficient of signal reflection and soil
permeability depend on soil moisture (Chew et al., 2013;
Larson et al., 2009; Larson et al.,, 2008). Therefore, a signal
reflected from the ground surface measured by a receiver
can be used to understand the temporal changes in soil
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moisture near the ground surface. In this method, changes
in the interference pattern of direct and reflected signals are
analyzed. The main data recorded by GNSS receivers are
code and carrier phase observations.

The third observation recorded by some receivers is
the signal-to-noise ratio (SNR). SNR represents the ratio of
signal power to noise measurement and is expressed using
logarithmic decibel (dB) or decibel-Hertz (dB-Hz) units. The
changes in the interference pattern of the direct and
reflected signals, recorded in the SNR data, are plotted as
interference diagrams. The temporal fluctuations of the
interference diagrams indicate changes in the volume of
soil moisture near the surface of the ground at a depth of
approximately 5 cm.

Figure 1(a) represents the extracted SNR curve obtained
from the reflection of bare soil. In Figure 1(b), the presence
of snow covering the soil causes significant changes in the
SNR curve compared to the bare soil. Figure 1(c) shows a
layer of vegetation on the soil, which results in noticeable
changes to the SNR curve. Figure 1(d) illustrates the SNR
curve created by the reflection of wet soil. Soil moisture
induces slight changes in the SNR curve, making it

The reflections of bare soil produce

this SNR curve

A snow layer is added

Add Vegetation

|\ Vs
/ N\ / A\
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Figure 1: Changes occurred in the SNR curve in (a) bare soil, (b) snowy soil, (c) vegetated soil, and (d) wet soil.
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challenging to obtain accurate information about soil moisture
levels solely from SNR data analysis. However, recent studies
have demonstrated that GNSS-IR has a strong capability to
measure soil moisture content (SMC). For instance, SNR can
be utilized to observe small changes in surface reflection and
SMC (Larson et al., 2009; Mao et al, 2009). GNSS receivers
receive both direct and reflected signals. GNSS-IR works based
on the fact that SNR data values change as soil moisture
changes (Dobson et al, 1985). Building on the relationship
between soil reflection coefficient and soil moisture, Luo
et al. (2016) developed an experimental model. Chew et al.
(2014) proposed an estimation model to acquire soil moisture
for a depth of 5 cm from the top of the uncoated soil.

Several studies have been conducted on soil volumetric
moisture estimation using interferometry to measure the
reflection of GNSSs. One such case study was published
by the European Union for Geosciences and focused
on GNSS interference reflection at the Cajamar testing
center in Valencia, Spain. The study aimed to monitor
soil moisture for 66 days, from December 3, 2018, to
February 6, 2019. In this study, GNSS observations were con-
ducted by integrating the satellite systems, global positioning
system (GPS), GLONASS, and GALILEO. Simultaneously, local
soil sampling at a depth of 5cm was performed to determine
soil moisture and create a validation dataset. The comparison
of satellite reflection measurement interference data with field
datasets revealed that the GNSS reflection interference mea-
surement method has high potential for estimating soil
moisture changes and assessing plant growth near the sta-
tion (Martin et al., 2020).

Another study focused on changes in soil moisture
volume and wheat growth on a farm in Beijing, China.
The study utilized SNR data from the Beidou satellite
system, in addition to GPS, and evaluated the results by
comparing them with field observations. The study con-
cluded that GNSS reflection interferometry technology has
the desired ability and potential to monitor soil volumetric
moisture and plant growth in agricultural fields (Zhang
et al., 2021).

Accurately estimating future soil moisture holds prac-
tical significance for eco-hydrologists, agriculturists, and sta-
keholders involved in environmental health monitoring. It
enables the development of a comprehensive understanding
of hydro-physical and soil dynamic systems.

Artificial neural networks (ANNSs) possess the cap-
ability to capture complex non-linear relationships among
input variables and exhibit strong resilience toward data noise,
as highlighted by the research conducted by Twarakavi et al.
(2006). ANNs have found extensive application across diverse
fields and disciplines. Their effectiveness and contributions
are widely acknowledged in the field of water resources,

GNSS-IR soil moisture estimation using deep learning =— 3

hydrology, and structures (Ahmad and Simonovic, 2005; Arma-
ghani et al., 2019; Asteris et al., 2021; Asteris and Nguyen, 2022).
Over the past two decades, ANNs have emerged as a crucial
methodology within the scientific community for compre-
hending intricate data patterns. Chai et al. (2009) employed
ANNSs to retrieve soil moisture by utilizing microwave data
collected from a polarimetric L-band multi-beam radiometer.
The findings of their study demonstrated significant enhance-
ments in soil moisture retrieval through the utilization of the
ANN model. Several authors have reported a multitude of
studies focused on soil moisture retrieval utilizing microwave
data (Alexakis et al., 2017; Gupta et al., 2017; Kumar et al., 2019;
Paloscia et al., 2013). The application of the ANN model has also
extended to the retrieval of soil moisture from optical data,
including parameters such as land surface temperature and
normalized difference vegetation index (Ahmad et al,, 2010;
Kumar et al,, 2019). In a study conducted by Hassan-Esfahani
et al. (2015), an evaluation was conducted on the performance
of an ANN model in estimating soil surface moisture using
spectral images.

Dabboor et al. (2023) introduced a deep learning fra-
mework for SMC prediction from satellite data. The frame-
work incorporated various optimized machine learning
models, including ANN, Gaussian process regression, sup-
port vector machines, decision trees, and elastic net regres-
sion. To enhance the prediction performance of the machine
learning models, the Bayesian optimization strategy was
utilized by the researchers for fine-tuning the hyperpara-
meters. Augmenting the data resulted in improved perfor-
mance of the five machine learning prediction models, as
indicated by the outcomes of their study.

In a study conducted by Ahmed et al. (2021), the effec-
tiveness of a hybridized long short-term memory (LSTM)
predictive framework in emulating soil moisture patterns
under global warming scenarios was demonstrated. The
ability to simulate future soil moisture under the influence
of climate change is demonstrated in their study through the
utilization of the LSTM algorithm in conjunction with Boruta-
random forest feature selection. Consequently, their approach
holds promise for successful implementation across a range of
domains, including hydrology, agriculture, soil use manage-
ment, and environmental management.

Given that deep learning is often regarded as a black
box approach, researchers have limited opportunities to
manually fine-tune parameters due to the hidden layers
and numerous hyperparameters associated with network
structure and training algorithms. When it comes to opti-
mizing the hyperparameters of a deep neural network,
Bayesian optimization proves to be highly valuable, espe-
cially in scenarios where assessing the model’s accuracy
might require a long time. The objective of hyperparameter
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optimization is to identify an algorithm that yields the best
and most accurate performance based on results obtained
from a validation set. The optimizer determines the optimal
hyperparameters that result in the highest score on the test
set (Victoria and Maragatham, 2021). A variety of design
problems in different fields have benefited from the wide-
spread application of Bayesian optimization. These fields
include gait recognition (Feurer et al., 2019), environmental
sustainability and monitoring (Marchant and Ramos, 2012),
algorithm configuration through optimization (Brochu et al.,
2010), automated machine learning (Bergstra et al, 2011;
Hoffman et al., 2014; Snoek et al., 2012), reinforcement
learning (Brochu et al., 2010), and big data applications
(Shahriari et al., 2015).

The algorithm used in this study is implemented to
estimate soil moisture across the entire EarthScope PBO
(Plate Boundary Observation) H,O network stations, mostly
located in the western United States and with the largest
variation in vegetation cover (Chew et al., 2013). The PBO
H,0 project is defined to study the water cycle and uses
GNSS reflective data related to the PBO network. All PBO
H,0 network stations have choke-ring antennas, and almost
all use Trimble NetRS receivers. Stations are located in areas
with low topographic variations and in ecosystems known
as grass fields or shrubs. Some stations record data in time
intervals of 1 s and some in time intervals of 15s.

In this article, the p038 station was selected from the
network to conduct research. The reason for choosing this
station is the presence of undefined and unchanged reflec-
tive observations of the station specifications for a period
of 4 years during the years 2017-2020. SNR data were
extracted from RINEX files, and the algorithm provided
by Larson et al. (2009) was used to estimate soil moisture
changes during 2017-2020. An ANN of LSTM with hyper-
parameters tuned using Bayesian optimization was also
used to model and predict the time series of soil moisture,
and the data were evaluated based on its results. The
results of the estimates show that soil moisture in this
area is on an upward trend.

2 Soil moisture estimation
algorithm using GNSS

This algorithm is used to generate soil moisture estima-
tions for all stations in the PBO network. The algorithm
consists of four main steps. The first step involves selecting
useful satellite tracks. In the second step, a prior reflection
height is estimated for each track. The third step approximates
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the SNR metrics. Finally, in the fourth step, vegetation effects
are quantified and removed.

2.1 Selection of useful satellite tracks

Not all satellite tracks are useful for our research. There
are certain conditions that help us choose the appropriate
cases. Satellite tracks should exhibit steady reflections
within satellite elevation angles of 5°-25° or 5°-30°. When
selecting the analysis area, we need to consider the pre-
sence of buildings and man-made surfaces, such as roads,
as they can interfere with the tracks. Generally, sites with a
higher number of satellite tracks used tend to produce
more reliable soil moisture estimates.

2.2 A prior reflection height estimation for
each track

Figure 2 depicts a simplified illustration of a reflected
signal. This figure presents information regarding the dis-
tance between the reflecting surface and the receiver,
referred to as the reflector height (RH). The initial height
of the reflector (Hp) is not entirely known and needs to be
estimated based on the SNR data.

The SNR of the direct signal, as displayed in equation
(D, is a function of the voltage and the cosine of the signal
phase:

SNRgir = V cos(@). @
Compared to the direct signal, the reflected signal has

a weakened voltage range and phase shift (equations (2)
and (3)):

SNRyer = BV cos(¢ + Ap); 0 < B <1, V)

A=pV. 3

As mentioned in equation (4), phase shift, which is the
phase difference between direct and reflected signals, can

be expressed based on the difference in length traveled by
the two signals and the signal wavelength

A = 27/A x L. @

In equation (4), A is the GNSS wavelength. In the right-
angled triangle on the left side of Figure 2, as displayed in
equation (5), the length difference can be written as a func-
tion of the satellite elevation angle e and length D

L = Dsin(e). (5)



DE GRUYTER
%,
%
&
%
\\
AN A
N el
LN
,%/7@&\ e
Of \, /”
Sy N ‘
7. | N\
%, \Q L p :
00-,/ ~ L . H
\, 4 |
N , :H
LN - |

Figure 2: In interferometric reflection measurement using the GNSS, the
received signals comprise a combination of direct and reflected signals.
In this context, H represents the height of the antenna, e denotes the
elevation angle of the satellite, and L represents the distance traveled by
both the direct and reflected signals.

In the equilateral triangle on the left side of Figure 2,
the barycentric of triangle D is twice the height of the
antenna H. Therefore, by combining equations (4) and
(5), we can write equation (6):

A¢ = 4nH/A x sin(e). (6)

By placing equations (4) and (3) in equation (2), we will
have equation (7):

SNRyf = A cos(4nH /A x sin(e) + ¢). 7

As mentioned previously, it is assumed that the SNR
data exhibit a constant frequency and amplitude in relation
to the sine of the satellite elevation angle, which is a simpli-
fication. Simulations conducted by Larson et al. (2008)
demonstrate that ¢ is directly correlated with the apparent
reflection depth of the GPS signal. When the soil is wet, the
apparent reflector is located close to the surface, while as
the soil dries, the reflection depth increases by several cen-
timeters. The initial height of the reflector is approximately
equal to H, and it is estimated from the SNR data of the
reflected signals using equation (7). The data from each
satellite orbit can be utilized to estimate the initial height
of the reflector for the station. The phase and amplitude are
also estimated using the least squares method.

2.3 SNR metrics estimation

The Lomb-Scargle periodogram (LSP) can be used to esti-
mate temporal variations in the dominant frequency of
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SNR interference. This method has been employed to esti-
mate snow depth from GPS-IR (Larson and Nievinski, 2013).
The LSP is similar to the fast Fourier transform, with the
distinction that it can be applied to irregularly sampled
data. The dominant frequency can be converted into the
effective height of the reflector (Heg) using equation (8)

1
Hegrry = Efm,zA’ ®

where f, is the LSP peak frequency and t is the day
counter. The change in the effective height of the reflector
(AH,g) during the year is defined as equation (9):

AHegr(ry = Ho = Hegt(r). 9)

The peak power of LSP frequency or LSP amplitude
(ALsp) is also affected by soil moisture, vegetation, and
other station conditions such as topography. The metrics
obtained from SNR data (AHg, A, Arsp, ¢) are influenced to
varying degrees by changes in soil moisture (Chew et al.,
2014; Larson et al., 2009; Larson et al., 2008), vegetation
coverage (Wan et al.,, 2015), and snow depth (Larson and
Nievinski, 2013). Two modeling studies have shown that phase
is the most reliable indicator of soil moisture changes (Chew
et al,, 2014), and A is the metric most closely related to changes
in vegetation permeability and canopy height (Chew et al,
2014). However, phase was also found to be significantly
affected by changes in vegetation cover (Chew et al., 2014).
Therefore, before estimating soil moisture from SNR
data, it is necessary to quantify and remove the effect
of vegetation, depending on the extent of vegetation in a
station. SNR metrics are calculated for each day and
each satellite orbit. The absolute magnitude of A and
Apsp is not related to soil moisture or vegetation changes
and instead primarily depends on satellite transmit power,
antenna gain, and receiver temperature. A and Apsp are
normalized as per equations (10) and (11)

Arsprorm(t) = Arsp(t)[ALsPygo s 10)

Anorm) = Ay/Az0%- 1

The lower index of 20% indicates the average of the
upper 20% of A or A;sp values in the time series for a single
satellite orbit. The parameter of 20% may vary depending
on the amount of noise in the time series or the total length
of the time series. Any normalized value greater than one
is set equal to one.

Changes in the H.g time series are calculated using
equation (9). Generally, AHyg does not vary by more than
5 cm throughout the year, although a significant amount of
snow or plant water at the station can cause larger changes.
In the next step, the effects of vegetation are quantified
using these criteria.
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2.4 Vegetation effect quantification

In previous studies (Chew et al., 2014), it has been shown
that an increase in soil moisture leads to a decrease in SNR
amplitude. If the moisture content increases by 0.4 (cm)®
(cm)™3, Aporm Will decrease from 1.00 to 0.78. Since the dif-
ference between residual soil and saturated soil for stan-
dard soil is approximately 0.4 (cm)? (cm)™3, Aporm, there
should not be a decrease in Apqm beyond 0.78, unless there
is vegetation growth present. Therefore, if a satellite track’s
Aporm time series remains below 0.78, it indicates the effect
of something other than soil moisture variations, such as
changes in vegetation water content. Conversely, a track with
a time series above 0.78 shows minor vegetation effects,
making it difficult to determine whether the decrease in
Anorm 18 due to vegetation or soil moisture changes. If there
is a significant vegetation effect around the station, as deter-
mined by the Ao, time series, the vegetation effects should
be removed before estimating soil moisture.

If there is a significant vegetation effect but it occurs for
a short time period, the time phase data with Apom  less
than 0.78 can be removed without using the vegetation filter.
However, simply removing the phase data without imple-
menting vegetation correction leads to errors in the periods
around the affected interval, which are still influenced by
vegetation growth. Figure 3 provides a summary of the soil
moisture estimation algorithm for a single station. To remove
the vegetation effect, a linear regression model is used. Linear
regression is a statistical modeling technique employed to
establish a linear relationship between a dependent variable
and one or more independent variables. In the context of
removing the vegetation effect before measuring soil
moisture, linear regression can be utilized to model the
relationship between the GNSS-IR measurements (depen-
dent variable) and the vegetation parameter (independent
variable). Equation (12) represents a general equation for a
simple linear regression model

y=p+Bx+e (12)

where y represents the dependent variable (GNSS-IR measure-
ment), x represents the independent variable (vegetation para-
meter), Bo is the intercept, which represents the value of y
when x is 0, B, stands for the coefficient of the independent
variable, indicating the change in y for a unit change in x and &
represents the error term or residual, accounting for the varia-
bility in y that is not explained by the model. The goal of linear
regression is to estimate the values of o and f; that minimize
the sum of squared residuals (errors) between the predicted
values and the actual values of y. This process is typically done
through a technique called ordinary least squares (OLS) regres-
sion, which calculates the bestfitting line by minimizing the
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of time?

Remove vegetation effect
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Figure 3: Flowchart displaying soil moisture estimating algorithm for a
GPS site.

sum of squared residuals. The estimated coefficients, denoted
as bo and b, , are obtained using equations (13) and (14) derived
from the OLS method:

by = Z((6 - )~ INIY (% = %)),
bo =y - biX,

(13)
(14)

where x; and y, represent the individual data points of the
independent and dependent variables, respectively, and x
and y represent the means of the independent and depen-
dent variables, respectively.

Once the coefficients (bo and b,) are estimated, the linear
regression equation can be used to predict the GNSS-IR measure-
ment (y) based on the vegetation parameter (x). It is important to
note that linear regression assumes a linear relationship between
the variables and certain underlying assumptions, including the
independence of errors, constant variance of errors, and normally
distributed errors. These assumptions should be validated or
addressed during the model evaluation process.

3 LSTM neural network

LSTM is a type of recurrent neural network (RNN) architec-
ture that was introduced by Hochreiter and Schmidhuber
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Figure 4: The RNN block, by looking back, indicates short-term memory.

(1997). It was later improved by Gers et al. (2000), as well as
by Greff et al. (2017). The structure of a RNN is very similar
to that of an LSTM network. In fact, LSTM can be seen as an
updated version of RNN. As shown in Figure 4, the RNN
block looks back and has short-term memory, just like
LSTM. The network takes the output of the previous block
(h¢-1) and the input vector (x;) and produces the output of
the current block (h;). The order of input data (x;) is
important for this network.

The relationships of the RNN are defined in the fol-
lowing equations:

he = f, (he-1, Xo), (15)
he = tanh(Wpph-1, wanXe), (16)
Y= Whyht—L @

where w stands for weights and y, for network output.
Figure 5 shows the block diagram of the RNN, in which
W shows weights and L displays the memories. The hyper-
bolic tangent function (tanh) is the main part of the blocks.
A part of the outputs ();) is sent to the memories L;.

3.1 Types of gates in the LSTM network

The LSTM network has three gates. The forget gate, which
deletes and forgets information; the input gate, which
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receives information; and the output gate. Memory in the
LSTM network is managed using these three gates (Gers
et al, 2000). The gate-based block diagram of the LSTM
network is shown in Figure 6.

Figure 7 shows the complete structure of the LSTM
network, with two sets of weights w; and wy, as defined
in equations (18) and (19) each containing four weight coef-
ficients. The first index specifies the type of weight, and the

second index specifies the type of gate
w; = {Wy, Wy, Wig, Wio}, (18)

Wh = {Wnf, Whi, Whg, Who}. (19)

3.1.1 Forget gate

The forget gate itself is similar to a neural network (Figure
8). The relationship of the forget gate in the LSTM network
is depicted by equations (20) and (21).

fi = o(Wpshe-1 + WisXe + bye + by), (20)

Forget Update Output
C,-] /M \ ) C,
f g i 0
h,_l r r r _) h,
| ] |

X;

Figure 6: The gate-based block diagram of the LSTM network which
includes three gates: forget gate (f), input gate (i), and output gate (o).

L
e

1 — L Y2 —> L, V3 = Lg
hy — tanh — = tanh — h2—> tanh — hs w  Tip
% t ot ¢
X1 X X3

W

Figure 5: The block diagram of the RNN shows that the weight matrix W affects both the input vectors x and the hidden states h.
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Figure 7: The complete structure of the LSTM network.

where f; represents the vector output of the forget gate at
time step t. It determines how much of the previous cell
state should be forgotten or retained. ¢ symbol denotes
the sigmoid activation function, which is commonly used
in LSTM networks to squash the output values between
zero and one, representing the strength of the gate. wys
stands for the weight matrix associated with the previous
hidden state (h) that is multiplied by the forget gate’s
weight. h;; displays the previous hidden state at the
time step (¢ — 1). It is the output of the LSTM cell at the
previous time step. wyr represents the weight matrix asso-
ciated with the current input (x;) at time step ¢ that is
multiplied by the forget gate’s weight. by is the bias term
associated with the previous hidden state (h), and by is the
bias term associated with the current input. f; is multiplied

element-wise with ¢;—1.
¢ =C-10 f, 21

where ¢; represents the current cell state at time step ¢. It is
the output of the forget gate and determines the memory

—h

Figure 8: The position of the forget gate in the overall structure of the
LSTM network is highlighted in yellow.
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information to be stored in the current time step. ¢
denotes the previous cell state at time step (t — 1). It is
the cell state output of the LSTM at the previous time
step, which carries the memory information from the
past. The symbol ® represents the element-wise multipli-
cation (also known as the Hadamard product) operation. It
multiplies the elements of the forget gate output f; and the
previous cell state (c;-1) element-wise.

If information is to be discarded, the value of the
forget layer is set to zero. Conversely, if the information
is to be retained in memory, the value of the layer is set to
one. If the information is modified by the layer, the value
of g lies between zero and one. Thus, the role of the forget
gate is to delete, retain, or modify information.

3.1.2 Input gate
Input gate refers to the mechanism for reviewing and

storing new information in long-term memory. The relation-
ships of the input gate are specified in equations (22)—(24):

i = a(Wyihe-q + WXy + by + by), (22)
g =80Ii, (23)
C = C + gtl' (24)

Figure 9 highlights the position of the input gate in the
overall structure of the LSTM network in yellow.

3.1.3 Output gate
There should be a gate that determines which pieces of

information are valuable and should be retained, and
which pieces are no longer needed and should be

C C
Ceq COH—+—+ L C
ft ' gt
it It
g
T g tanh tanh
AR §
s "
hi_1 = —+ [ — h;
Wi
1

R

Figure 9: The position of the input gate in the overall structure of the
LSTM network is colored in yellow.
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discarded. This process is known as the memorization pro-
cess, and it is performed by the output gate. The relation-
ship for memorization in the LSTM network is defined by
equation (25).

& = tanh(Wpgh(-1 + WigX; + bpg + byg). (25)

The value of g, determines whether the information
should be stored in memory or forgotten. The assessment of
the importance or irrelevance of g, is the responsibility of the
output gate. The output gate is similar to the forget gate, as it is
positioned along the path of g, or the memorization process to
determine its significance or irrelevance. In Figure 10, the
placement of the memorization process within the overall
structure of the LSTM network is highlighted in yellow.

So, the output gate determines how much of the infor-
mation in long-term memory should be transferred to the
output. The structure of the output gate is similar to other
gates in the LSTM network. Figure 11 highlights the posi-
tion of the output gate in the overall structure of the LSTM
network, indicated in yellow.

(26)
27

0t = 0(Wpohy-1 + WipX¢ + bpo + by),
h¢ = o, ® tanh(c).

In equations (26) and (27), ¢; and h; are the outputs of
the output gate and the entire LSTM structure, respectively.

In this article, LSTM neural networks are used for
modeling and predicting the time series of SMC.

3.2 Hyperparameter optimization

Hyperparameters encompass a collection of parameters
utilized for both the training and testing phases to facilitate
the learning process. The deep learning model is designed to
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Figure 10: The position of the memorization process in the overall
structure of the LSTM network is highlighted in yellow.
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learn distinct feature combinations and patterns through a
diverse set of instances and weights. Typically, hyperpara-
meters encompass a range of factors such as the learning
rate, number of iterations, hidden layers, batch size, activa-
tion functions, momentum, and regularization. The selec-
tion of hyperparameters varies depending on the specific
problem and the deep learning model being used. Different
models do not have a universally applicable set of optimal
hyperparameters. Effectively choosing hyperparameters greatly
influences the enhancement of predictive performance. The
objective of hyperparameter optimization is to select the values
that yield the most optimal results during the validation pro-
cess. The following equation provides a representation of hyper-
parameter optimization:

y* = argminf(y). (28)

The variable y is an element of the domain space Y.
The objective score, denoted as fly), corresponds to the
evaluation of the error rate on the validation set, with
the goal of minimizing it. Conversely, y denotes a set of
hyperparameters that reside within a domain where the
evaluation of hyperparameter optimization is character-
ized by higher costs. The training time for complex deep
neural network models, coupled with a multitude of hyper-
parameters, exceeds human capacity and becomes infeasible
to manage. Various techniques are employed for hyperpara-
meter optimization, including grid search, random search,
and Bayesian search.

3.2.1 Grid search

The most fundamental approach to hyperparameter tuning
is grid search. In summary, the hyperparameters are parti-
tioned into a discrete grid, simplifying their domain. Next,
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Figure 11: The position of the output gate in the overall structure of the
LSTM network is highlighted in yellow.
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employing cross-validation, we explore all potential combi-
nations of values within the grid, evaluating multiple per-
formance metrics in the process. The point on the grid that
maximizes the average value in cross-validation represents
the optimal combination of hyperparameter values. Grid
search is a thorough and exhaustive approach that takes
into account all conceivable combinations to identify the
optimal point within the given domain. A notable drawback
is its relatively slow speed, which is its primary disadvantage.

3.2.2 Random search

Random search involves defining distributions for each hyper-
parameter, which can be uniformly defined or sampled using
a specific method. Random search differs from grid search in
that it does not evaluate all values and instead randomly
selects and tests values during the search process. In order
to carry out the search, it is essential to specify the number of
iterations that will be tested. Compared to grid search, random
search demonstrates a relatively faster performance.

3.2.3 Bayesian search

Grid and random search are conventional hyperparameter
optimization techniques that offer slight improvements
over manual tuning. However, these methods lack the
ability to incorporate past results, which hinders their
capacity to select the subsequent set of hyperparameters
during model training. Grid and random search, as optimi-
zation techniques, do not take into account previous evaluations,
which is a significant limitation when utilizing these methods
(Bergstra and Bengio, 2012). Bayesian model-based optimization
provides a potential solution to overcome this limitation. In the
context of hyperparameter optimization, Bayesian optimization,
as discussed by Dewancker et al. (2015), effectively utilizes prior
results to select the optimal hyperparameters for evaluation. The
application of Bayesian optimization has been documented
in the field of machine learning models and simulations, as
explored in the work of Bergstra et al. (2013). It assists in the
formulation of the laborious process of optimizing a consid-
erable number of parameters.

In the realm of optimization, the utilization of Bayes’
theorem within an equation is fundamental, as it estab-
lishes the relationship between a given model m and the

corresponding observation d (Kramer et al., 2011):
P(m | d) = P(d | m)P(m)/P(d), (29)

where P(m|d) represents the posterior probability of m
given d, P(d|m) indicates the likelihood of d given m, P(d)
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signifies the prior probability of d, and P(m) denotes the

marginal probability of m. Bayesian optimization is employed

to search for the minimum value of a function, f{y), within a

specified bounded domain, Y, by iteratively evaluating dif-

ferent points in the parameter space.

Tuning the hyperparameters of an LSTM neural net-
work using Bayesian optimization follows a similar process
to that of any deep neural network. However, there are
specific hyperparameters that are relevant to LSTM net-
works that can be optimized.

Some of the hyperparameters that can be tuned using
Bayesian optimization for an LSTM network include
1. Number of LSTM units: This hyperparameter deter-

mines the number of memory cells in the LSTM layer.

2. Learning rate: The learning rate controls the step size
during the optimization process.

3. Dropout rate: Dropout is a regularization technique
used to prevent overfitting. The dropout rate determines
the probability of dropping out units during training.

4. Batch size: The batch size determines the number of
training samples used in each iteration of the optimiza-
tion process.

5. Number of LSTM layers: This hyperparameter deter-
mines the depth of the LSTM network by specifying
the number of LSTM layers.

6. Activation function: The activation function defines the
non-linear transformation applied to the LSTM units.

By defining the search space for these hyperpara-
meters and using Bayesian optimization, the process can
efficiently explore and find the optimal set of hyperpara-
meters for an LSTM neural network, leading to improved
performance and generalization.

Tuning the hyperparameters of a neural network using
Bayesian optimization involves several steps:

1. Define the search space: First, we need to define the
hyperparameters we want to optimize and specify their
ranges or distributions.

2. Choose an objective metric: Select an objective metric
that quantifies the performance of the model. This can
be accuracy, loss, or any other suitable metric that
reflects the quality of the model’s predictions.

3. Select a probabilistic model: Bayesian optimization uses
probabilistic models to model the unknown objective
function, which maps hyperparameter configurations
to their corresponding metric values. Gaussian pro-
cesses (GPs) are commonly used as the probabilistic
model in Bayesian optimization. GPs define a distribu-
tion over functions and provide a flexible way to model
the unknown objective function mapping hyperpara-
meter configurations to metric values. GPs capture the
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uncertainty in the function estimates and allow for effi-
cient posterior inference.

4. Specify an acquisition function: Acquisition functions
guide the search process by evaluating the utility or
potential benefit of evaluating a specific hyperparameter
configuration. These functions balance exploration and
exploitation to effectively search the hyperparameter
space. Common acquisition functions include Expected
Improvement (EI), Probability of Improvement (PI), and
Upper Confidence Bound (UCB).

— El is a popular acquisition function that quantifies the
expected improvement over the current best metric
value. It considers both the mean and variance esti-
mates from the probabilistic model and focuses on
regions where the expected improvement is high.

— PImeasures the probability of finding a hyperparameter
configuration with a metric value better than the cur-
rent best. It aims to maximize the probability of finding
an improvement.

— UCB balances exploration and exploitation by adding an
exploration term to the mean estimate of the probabil-
istic model. The exploration term encourages sampling
from regions with higher uncertainty.

5. Iterative search process: The Bayesian optimization pro-

cess involves an iterative search procedure. It starts
with an initial set of hyperparameter configurations,
often selected randomly or using heuristics. The model
is trained and evaluated using these configurations to
obtain the corresponding metric values.
Bayesian optimization can be computationally expen-
sive for large and complex neural networks. Several
techniques can be employed to make the search process
more efficient:

— Parallelization: Evaluating multiple hyperparameter con-
figurations in parallel can speed up the search process. This
can be achieved by utilizing multiple compute resources or
distributed computing.

— Warm-starting: Warm-starting involves using the knowl-
edge gained from previous optimization runs to initialize
the probabilistic model. This can help accelerate the con-
vergence of the optimization process.

— Sequential model-based optimization (SMBO): SMBO
combines Bayesian optimization with other optimiza-
tion techniques, such as random search or grid search, in
the early stages of the search. This approach balances
exploration and exploitation, leveraging the strengths of
both methods.

— Bayesian optimization can handle constraints on hyper-
parameters by constraining the search space or using
constraint-aware acquisition functions. For example, if
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a hyperparameter has a range constraint, the search
space can be restricted to that range.

6. Update the probabilistic model: The probabilistic model
is updated with the observed hyperparameter config-
urations and their metric values. The GP model, for
example, is updated using a process called Bayesian
inference, which uses the observed data to update the
prior distribution and obtain a posterior distribution.

7. Select the next hyperparameter configuration: The acqui-
sition function is used to determine the next hyperpara-
meter configuration to evaluate based on the current
probabilistic model. The acquisition function evaluates
the potential benefit of sampling different hyperpara-
meter configurations, considering both exploration and
exploitation.

8. Evaluate the model with the selected configuration: The
model is trained and evaluated using the selected hyper-
parameter configuration. The corresponding metric value
is then used to update the probabilistic model.

9. Repeat iterations: Steps 7 and 8 are repeated for a spe-
cified number of iterations or until a termination cri-
terion is met. The iterations progressively refine the
probabilistic model and guide the search toward hyper-
parameter configurations that are likely to yield better
results.

10. Select the best hyperparameters: Once the search pro-
cess is complete, the hyperparameter configuration
corresponding to the best metric value is selected as
the optimal configuration. This configuration can then
be used to train the final model.

Bayesian optimization efficiently explores the hyper-
parameter space by iteratively updating the probabilistic
model based on the observed data. It intelligently selects hyper-
parameter configurations to evaluate, focusing on regions
likely to yield good results. However, it is important to note
that the effectiveness of Bayesian optimization depends on
factors such as the complexity of the problem, the size of the
search space, and the availability of computational resources.
Experimentation and tuning of the optimization process itself
may be necessary to achieve the best results.

3.3 Performance evaluation

Numerous performance statistical indices have been sug-
gested in scholarly works to aid in evaluating the predic-
tive capability and accuracy of diverse models.

In this article, root mean square error (RMSE), normal-
ized root mean square error (NRMSE), Pearson’s rank



12 —— Patricia Daneghian and Asghar Rastbood

correlation coefficient (p), and coefficient of determination
(R?) were employed to assess the performance of the
derived model.

In principle, a lower RMSE value signifies more precise
prediction outcomes (a null value indicates a perfect fit),
whereas higher R? values indicate a stronger correspon-
dence between the analytical and predicted values (a value
of one signifies a perfect fit).

The predictive ability of a model is assessed by Pearson’s
correlation coefficient, R, which quantifies the variance explained
by the model. R values range from zero to one, with values close
to one indicating a strong predictive ability and values close to
zero indicating inadequacy.

These performance metrics provide a reliable assess-
ment of the overall predictive accuracy of an ANN. The
mentioned statistical parameters have been computed using
equations (30)—(33) (Apostolopoulou et al., 2020; Armaghani
and Asteris, 2021):

RMSE = %é(xi -2, (30)
NRMSE = “MSE 31

X
N I

where n is the number of observations, x; and y, represent
the predicted and target values, and d; is the difference
between the two ranks of each observation.
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In addition to the aforementioned indices, the authors
have introduced a novel performance index, referred to as
the a20-index, specifically designed to assess the reliability
of the developed soft computing techniques:

. m20
a20-index = T (34)

In equation (34), M represents the total count of dataset
samples, and m20 denotes the count of samples where the ratio
of “Experimental value” to “Predicted value” falls between 0.80
and 1.20. It should be noted that in an ideal predictive model,
the a20-index is anticipated to be one. The proposed a20-index
signifies the percentage of samples with predicted values that
deviate within +20% of the corresponding experimental values.

4 Case study

Our discussion focuses on PBO station P038, located in
Portales, New Mexico, at 34.14726°N and -103.40734°W, as
shown in Figure 12(a). The monument at P038 is of the
deep-drilled braced type. Both the station and its monu-
ment have been installed since 2015 and have been opera-
tional up to the present day. For our study, we will analyze
the data collected from 2017 to 2020.

Our analysis consists of two main steps. In the first step,
we will analyze the data using the normal RH (GNSS-IR). In
the second step, we will utilize the results obtained from the
first step to run the soil moisture code.

Before we start our study, we have to calculate the
GNSS reflection zones to make sure that we can sense

(2)

(b)

Figure 12: (a) Photograph of a GPS site, called P038, in Portales, New Mexico. The antenna phase center at this site is approximately 2 m above the soil
surface. The station has been installed since 2015. (b) Google Earth image for PBO site p038 and reflection zones for 2-m RH and satellites with

elevation angles between 5° and 15°.
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the surface we want to measure. For this, we need to check
the position of our site and get the gaps in sensing zones
and barriers exact position that may cause distortion in
our work so if there is a need we can have an azimuth
or elevation angle mask. As displayed in Figure 12(b), there
is a gap in the reflection zone for our site. These are the
areas where GPS signals are weak or unavailable, this can
happen for several reasons such as obstructions, atmo-
spheric conditions, or receiver limitations. Sometimes GPS
receives have limitations in terms of their sensitivity and
accuracy, which can result in weak or inaccurate signals in
certain areas. The reflective areas are constant over time
and is actually not a function of time, but it is a function of
the position of the receiver. The inclination angle of the
global positioning system (GPS) satellites’ orbit relative to
the equator is different depending on the type of satellite.
The orbital inclination angle for USA GPS satellites is about
55°, Russian GLONASS satellites are about 65°, EU Galileo
satellites are about 56°, and China BeiDou satellites are
about 55°. Therefore, the usual inclination angle of the orbit
of GNSS satellites varies between 55° and 65°, and from this
inclination angle to the North Pole, practically no satellite
rises or sets, and for this reason, in a range around the
north, the reflected signal to be received by the receiver
practically does not exist.

Northeast

Southeast

reflector height (m)

(c)
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The gap below shows the area that satellites have not
been able to cover; as there is not any data recorded in that
azimuths, there is no need to use azimuth mask. According
to Figure 12(b) all chosen elevation angles and azimuths are
suitable. After analyzing the reflection zones of our site and
choosing the best elevation angle and azimuths, we will
generate SNR data from RINEX files; SNR data are converted
from dB-Hz to a linear scale (volts/volts) for each rising and
setting satellite track. We are going to use multipath signals
to generate SNR data. We can take a quick look at our data to
quickly test various options (elevation angles, frequencies,
azimuths, and quality control [QC] parameters) of our site so
we can choose the most suitable ones.

Figure 13 illustrates the LSP of the SNR data extracted from
the L.2C observations received by the P038 station for the 100th
day of 2019. The periodogram is presented for the four quad-
rants: northeast, northwest, southeast, and southwest.

In the case of a flat reflector, the LSP diagram would
exhibit a single peak indicating the height of the reflector,
and any variations in the peak would indicate changes in
the reflector’s height over time. However, if the monitored
area has topography, multiple peaks will be present in the
LSP diagram.

It is important to note that the x-axis of the diagram
does not exceed 6 m, and the results on the x-axis start at

Northwest

volts/volts

volts/volts

reflector height (m)

(d)

Figure 13: LSP periodogram of SNR data extracted from L2C observations in four quadrants (a) northeast, (b) northwest, (c) southeast, and (d)

southwest for station P038 on the 100th day of 2019.
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0.5 m. This means that RHs below 0.5 m cannot be resolved
using this method.

The LSP periodograms enable us to determine whether
there is a planar reflector beneath our antenna. In this
case, the peaks in the periodograms cluster around 2m,
suggesting that the antenna phase center is approximately
2m above the ground at this site. Each color in the diagram
represents a different satellite. The data plotted in gray indi-
cate failed reflections. The quadrants referenced are the
northwest, northeast, southeast, and southwest quadrants.

According to Figure 14(a), the blue dots represent suc-
cessful retrievals of reflector height (RH), while the gray
dots indicate unsuccessful retrievals. In Figure 14(b), the
peak-to-noise ratios are shown, and Figure 14(c) displays
the amplitude of the spectral peak. The dashed lines in the
figures represent the QC metrics used for the quick look
analysis.

From Figure 14(a), we observe that the retrieved RHs
are relatively stable at azimuths between 130° and 250° for
our station. Figure 14(b) suggests that a peak-to-noise QC
metric of 3 is acceptable. Additionally, as shown in Figure
14(c), the amplitudes generally exceed 11, so a minimum
value of 8 can be accepted.

Next, we need to estimate prior RHs for our site. The
soil moisture algorithm utilizes GPS satellites, and for accu-
rate soil moisture measurements, it is preferable to use a
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flat area. In our case, L2C data are more effective as it
provides higher quality compared to other GPS signals.
L2C refers to a specific frequency used in GNSS, such as
GPS. The L2C frequency is transmitted by GPS satellites and
is primarily utilized for civilian applications.

When employing GNSS-IR for measuring soil moisture,
the L2C frequency offers several advantages. First, it has a
longer wavelength compared to higher GNSS frequencies.
Longer wavelengths are less affected by vegetation and can
penetrate through vegetation canopy to some extent. This
characteristic enables GNSS-IR to provide soil moisture
measurements beneath vegetation cover, which is valuable
for agricultural and hydrological applications.

Another reason for considering L2C frequency as more
suitable in our study is its sensitivity to changes in the soil’s
dielectric properties, which are influenced by SMC. By ana-
lyzing the reflected L2C signals from the ground, it is pos-
sible to estimate soil moisture with reasonable accuracy.
This sensitivity to soil moisture variations is exploited in
GNSS-IR techniques.

Availability and compatibility of L2C data are addi-
tional factors to consider. L2C frequency is widely avail-
able in modern GPS receivers and is designed to enhance
positioning accuracy and reliability. This makes it conve-
nient to utilize L2C signals for GNSS-IR soil moisture mea-
surements, as compatible receivers are more accessible.
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Figure 14: A summary of various QC metrics: (a) RH, (b) peak-to-noise ratio, and (c) spectral peak amplitude.
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Figure 15: Phase results of all satellites for each day for four geographic quadrates: (a) northwest, (b) northeast, (c) southwest, and (d) southeast.

To summarize, using the L2C frequency in GNSS-IR can
be effective for measuring soil moisture due to its longer
wavelength, sensitivity to soil moisture changes, and com-
patibility with modern GPS receivers. However, it is impor-
tant to note that GNSS-IR is a developing technology, and
further research and advancements are needed to improve
its accuracy and expand its applications.

In this case, the sites supported are those that are
1-3m above the soil. In station P038, the antenna is posi-
tioned 2m above the ground. High-rate data is not neces-
sary, so it can be decimated to 15s when translating the
RINEX file to the SNR file format. The elevation angle is
limited between 5° and 30°, as data below 5° may be
obstructed by trees or tall buildings. However, the eleva-
tion angles used here are primarily affected by multipath.

In the second step, the best satellite tracks are identi-
fied, with the default being all rising and setting L2C satel-
lite arcs. It is advisable, if possible, to choose the latest
year’s data to ensure the availability of the most L2C satel-
lites. L2C data are used because the case pertains to soil
moisture. To ensure access to L2C data, RINEX 3 files can be
utilized. Following this, the phase estimation for each

satellite track on each day is performed. The results of
the phase estimation will be plotted for four geographic
quadrants, as depicted in Figure 15.

The phase results obtained in the previous stage, as
displayed in Figure 16, will be converted to VWC. However,
vegetation has a significant impact on the phase results,
and it is necessary to remove this effect to achieve accurate
soil moisture estimates. Therefore, before changing the
units from phase (degrees) to VWC, we will model and
eliminate the vegetation effects using spectral altitude.
Figure 17(a) illustrates the phase results with and without
vegetation correction. The vegetation correction helps to
mitigate the influence of vegetation and improve the accu-
racy of the soil moisture estimates. Finally, by incorporating
soil texture profiles specific to our site, we can normalize the
data shown in Figure 17(b). It is important to note that non-
sensical soil moisture values, such as negative values, are
not permissible in this context.

As depicted in Figure 17(b), the VWC level was 8.88% in
2017, which increased to 11.74% in 2018. There was a slight
decrease in the following year, with the level reaching
10.88% in 2019. In 2020, the level rose to 12.49%.
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Figure 16: Daily L2C phase results.
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Figure 17: (a) Phase results with and without vegetation correction. (b) VWC and its leveling.
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Figure 18: Final VWC for P038.

Figure 18 presents the final result of our work. The
horizontal axis represents the dates, spanning from 2017
to the end of 2020, reflecting the duration of our study. The
vertical axis represents the volumetric soil moisture on
each day during this time period.
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Figure 19: (a) Original, mean = 0.1322, std = 0.073749 versus (b) nor-
malized, SMC data.
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VWC is a measure of the ratio of water volume to soil
volume unit. It represents the volume of water contained
within a given volume of soil. VWC can be expressed as a
ratio, percentage, or depth of water in each soil depth,
assuming a unit surface. It indicates the proportion of
the soil volume that is filled with water. Typically, VWC
is expressed as a percentage and ranges from 0 to 100%. A
VWC of 0 signifies completely dry soil with no water, while
a VWC of 100% indicates that all voids in the soil are filled
with water.

In the final step of this article, the objective is to accu-
rately predict soil moisture several days in advance. This
prediction solution will assist farmers in optimizing their
irrigation schedules more efficiently. For predicting soil
moisture time series, the assumption is made that the
behavior of the time series remains relatively consistent
over different time periods. By considering a limited his-
tory of the time series, future values can be predicted using
LSTM neural networks with hyperparameters tuned using
Bayesian optimization.

Figure 19 displays the original SMC data with a mean
of 0.132 and a standard deviation of 0.074, along with the
normalized data. The normalization process is used to
transform the data to a common scale, typically between

Table 1: Optimum architecture LSTM-tuned hyperparameters using
Bayesian optimization

Initial
learning rate

Number of
units

Number of
layers

L2 regularization

1 m 0.011481 0.0096801
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Figure 20: Observed (blue) and forecasted (brown) SMC data.

Table 2: Statistical indexes of the optimal LSTM model with hyper-
parameters tuned by Bayesian algorithm

Data Indices

RMSE NRMSE R? P a20-index
Train 0.040854 0.29302 0.54427 0.829 0.7719
Test 0.040636 0.41276 0.43659 0.857 0.7273
All 0.040886 0.31158 0.55004 0.849 0.7362

0 and 1, to facilitate the training and performance of the
LSTM neural network.

Splitting the dataset into separate training, validation,
and test sets is crucial for evaluating the model’s perfor-
mance and preventing overfitting. The training set is utilized
to train the model, while the validation set is employed to
fine-tune hyperparameters such as the number of layers,
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Figure 21: Minimum objective versus number of function evaluations.

number of units, initial learning rate, and L2 regularization.
Additionally, the validation set helps monitor the model’s
performance during training. Finally, the test set is used to
assess the model’s final performance after completing the
training and hyperparameter tuning processes. It is essen-
tial to ensure that the test set remains completely separate
throughout the training and validation procedures to obtain
an unbiased evaluation.

Table 1 shows the optimum architecture of LSTM-tuned
hyperparameters using Bayesian optimization. Observed
and forecasted SMC data after LSTM hyperparameters opti-
mization with the Bayesian algorithm is shown in Figure 20.
The performance is evaluated in terms of RMSE, NRMSE, R?,
p, and a20-index during training, validation and testing of
models. Table 2 presents the results of the optimum LSTM
model developed for SMC modeling. The proximity of statis-
tical indices between train and test data shows no overfit-
ting in the modeling.
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Figure 22: Error evaluation for test data by (a) hand tuning and (b) Bayesian optimization.
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Figure 23: Scatter plot of the target (observed, in blue) versus modeled (outputs, in brown) for test data by (a) hand tuning and (b) Bayesian

optimization.

The evaluation of the LSTM neural network function is
both resource-intensive and time-consuming. To mitigate
this, an acquisition function is employed to efficiently
explore the search space and limit the evaluation of the
expensive function to specific regions within that space. The
objective function, represented as a GP model, trains the
model by evaluating the objective function. The Gaussian
function is chosen for analytical tracking as it can induce
a posterior distribution over the objective function.

Figure 21 illustrates the evaluation of the function,
demonstrating how the minimum objective is achieved
through iterations. In each iteration, samples generated
from the acquisition function are evaluated by the objec-
tive function. The evaluated samples are then incorporated
into the data to update its posterior distribution using
Bayes’ theorem. This process optimizes the hyperpara-
meters across the layers and performs global optimization
on the validation set, leading to reduced time consumption
and improved model performance.

It is evident that there exists a tradeoff between the
time required for model training and hyperparameter
tuning. This tradeoff proves valuable when the trained
model is applied to diverse domains beyond its initial
training context.

For train data, mean absolute error (MSE) = 0.0016691,
RMSE = 0.040854, NRMSE = 0.29302, for test data, MSE =
0.0016513, RMSE = 0.040636, NRMSE = 0.41276 and for all
data, MSE = 0.0016717, RMSE = 0.040886, and NRMSE =
0.31158. Figure 22 shows the error evaluation for test data
by hand tuning and Bayesian optimization. The process of
reproducing hand tuning is exceptionally challenging due
to its reliance on the trial and error approach, making it a
formidable procedure to replicate.

For train data, mean = 0.00021974, StD = 0.040949, for
test data, mean = —-0.0074623, StD = 0.040085 and for all
data, mean = -0.0013178, StD = 0.04088. In all cases, the error
mean is around zero. For train data, R?> = 0.54427, for test
data, R* = 0.43659, and for all data R* = 0.55004. Increasing
the number of data can lead to improved regression results.
Figure 23 displays the Scatter plot of the target (observed)
and modeled (outputs) for SMC test data by hand tuning and
Bayesian optimization. Rank correlation for train, test, and
all data equals 0.829, 0.857, and 0.849, respectively.

5 Conclusions

This article presents a multi-stage process for estimating
near-surface soil moisture around a PBO (Plate Boundary
Observatory) station named P038 from 2017 to 2020. The
required data are obtained from the special archive section
in UNAVCO. The Chew et al. (2014) algorithm is utilized to
model and remove the vegetation effects in the estimated
soil moisture time series. Since the focus of the research is
on soil moisture, only L2C data are used. The utilization of
SNR data from the new L2C signals is attributed to their
higher data quality in comparison to both the legacy L1 and
L2P signals. The maximum depth of penetration, up to
5 cm, corresponds to the frequency of the L2C signal.

The initial step involves generating SNR data from
RINEX files. Through several stages, the phase for each
satellite on each day is obtained. The vegetation effect is
then mitigated, and the resulting data are converted into
VWC. According to the results, the VWC level has increased
from 8.88 to 12.49% between 2017 and 2020.
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According to the research results, GNSS-IR can be con-
sidered as another remote sensing method for monitoring
soil moisture continuously and of course on a local scale,
which can be used in different weather conditions such as
rainy and foggy conditions and in different lighting condi-
tions such as day and night are applicable.

Furthermore, soil moisture prediction is conducted for
multiple days in advance, which can assist farmers in pre-
paring irrigation schedules more efficiently. To achieve the
best results, the hyperparameters of the LSTM model are
tuned using the Bayesian optimization algorithm. The
accuracy of the network is evaluated using various metrics
on the train, test, and all data. The RMSE, NRMSE, R?, p,and
a20-index of test data are obtained as 0.041, 0.413, 0.436,
0.857, and 0.727, respectively.

GNSS-IR has certain limitations. First, it provides coarse-
scale measurements with limited spatial resolutions, making
it difficult to capture fine-scale variability in soil moisture
within a specific area. Vegetation can also pose challenges as
it obstructs direct signals from satellites, leading to less accu-
rate soil moisture data. Atmospheric conditions like rain,
snow, and fog can attenuate GNSS signals, introducing
errors in the estimation. Moreover, surface roughness can
affect the reflection of GNSS signals, causing uncertainties in
soil moisture measurements.

Future research in GNSS-IR should focus on addressing
the limitations mentioned earlier. This can be achieved
through various approaches, such as multi-sensor fusion,
data assimilation techniques, improved signal processing,
and ground truth validation. Models and correction methods
should be developed to account for surface roughness and
minimize errors. Increasing the number of samples and
expanding the study area can enhance the robustness and
generalizability of findings. Additionally, conducting experi-
ments on a larger scale will facilitate the practical application
of the research in real-world agricultural irrigation settings.
Considerations regarding data acquisition, resource alloca-
tion, and methodology design will be explored to ensure reli-
able and accurate results.
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