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Abstract
A common practice to capture the non-stationary characteristics of the time series data in Artificial Neural Network (ANN) 
is by randomly dividing the whole set of available data into training, validation and testing, i.e. the data in validation and 
testing are represented in the training data. Consequently, the usability of the developed model on data not represented by 
the training data used during the network model development process is always doubtful. In this work, we present a back-
propagation neural network (BNN) model trained using one-day history data to predict soil moisture data at 1 km resolu-
tion for two future dates. Specifically, high soil moisture values were observed in the training data while the testing data 
were characterized by drier conditions due to minimal or no rainfall. Our model uses separate mean and standard deviation 
statistics values from the training and testing data, respectively, to the z-normalized data. With data pre-processed using 
this method, the BNN model next uses a moving window of size 4 km × 4 km to capture the spatial variability of the soil 
moisture throughout the 40 km × 40 km study area. The coupling of the normalization and moving window method managed 
to achieve average soil moisture with Root Mean Square (RMSE) of 3.67% and correlation coefficient, R2 of 0.89. By only 
using the suggested normalization without the moving window method, the BNN model managed to achieve an average 
RMSE of barely 5.82% with R2 = 0.83. When comparing with the normal practice of using the same mean and standard 
deviation statistics of the training data in the testing data, the retrieval accuracy of the BNN model deteriorates to 8.86% 
with R2 = 0.32. The experiment results demonstrated that the proposed coupling method performed better in terms of both 
RMSE and  R2 for soil moisture retrieval.
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1 Introduction

Surface soil moisture content is a critical parameter for vari-
ous disciplines. Therefore, accurate large-scale estimation 
of the value is vital in improving hydrology and climatic 
modeling and prediction [1, 2]. Due to the high spatial–tem-
poral variability of the surface soil moisture [3], monitor-
ing surface soil moisture over big areas is a tough task as 
accurate soil moisture values will need to be obtained at fine 
resolution. Low frequencies microwave remote sensing has 
shown to be the best performing approach among the differ-
ent satellite remote sensing methods for large areas integra-
tion information on soil moisture [4–6]. Among the active 
and passive microwave data, soil moisture is successfully 
retrieved from passive microwave sensors [7]. The most par-
ticular benefit of passive microwave sensors is that, on the 
received signal, in the lack of substantial vegetation cover, 
soil moisture has the dominant effects [8].
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Artificial Neural Network (ANN) has proved to be the 
method that could determine the distribution of soil moisture 
most accurately [9]. Before applying the ANN model, some 
major issues that need to be considered include: network 
topology, learning parameters and data normalization meth-
ods [10–12]. In applying the ANN model for soil moisture 
retrieval, the available data is normally decomposed ran-
domly into training, validation and testing set in the pre-
processing stage. A few examples of such work could be 
found in [13–18]. The general practice is to decompose the 
total data into 60%, 20% and 20% for training, validation 
and testing. That is to say, the trained network will only 
need to interpolate in between the training points [19] as 
the validation and testing data were represented in the train-
ing data. Prediction of the neural network is only possible 
if the future event does not extend the input range used to 
train the network model. When the trained model is tested 
on data that is outside the range of the training points, i.e. 
extrapolation, the network will not be able to perform well. 
Yet, in real-life applications, especially in research related to 
weather forecasting, unpredictable conditions do happen and 
the use of the neural network models on these unpredictable 
conditions is always skeptical. To handle the different condi-
tions, the neural network models will need to be trained with 
all possible data so that the trained models could produce 
decent accuracy. Consequently, the training data set must 
be large enough to include all possible data ranges. This 
would mean, long history data would be needed. However, 
this could be a problem if the target area is new and long 
history data on this area is not available. We termed this as 
an “out-of-range” problem, which would be explored using 
our proposed model. In our work, our model predicts the 
extreme soil moisture values which were not covered within 
the training data.

For any application, after the data is obtained, the data 
will need to go through pre-processing steps to acquire qual-
ity data from the raw data. Data normalization aims to elimi-
nate the magnitudes discrepancy between the dimensional 
data. Moreover, data normalization also can help to avoid 
huge errors in prediction due to magnitudes discrepancy 
between the input and output data [20]. Min–max, z-nor-
malization and decimal scaling normalization are some of 
the commonly used data normalization methods [21, 22]. 
Data normalization has been proved to enhance neural net-
work training speed and performance [23–25]. According to 
[26], to normalize the data in the neural network model, the 
validation and testing data must be standardized using the 
statistics calculated from the training data. To the best of our 
knowledge, no research has been carried out on the effects 
of using separate statistics in the training and testing stages, 
especially in the extrapolation situation. The procedure to 
normalize the data in the pre-processing step in the neural 
network model is not reported in most of the study.

In our previous study [9], the use of the “windowing” 
method had been demonstrated to capture the spatial vari-
ability of the soil moisture. Different windows sizes ranging 
from 2 km × 2 km, 3 km × 3 km, 4 km × 4 km, 5 km × 5 km, 
6 km × 6 km, 7 km × 7 km and 8 km × 8 km were used in the 
BNN model to retrieve the soil moisture at 1 km resolution 
over the target area of 40 km × 40 km. From this particular 
study, it was found that, the retrieval accuracy deteriorated 
with the increase of the window size. The optimum win-
dow size found was 4 km × 4 km. In this previous work, we 
managed to achieve an average accuracy of soil moisture 
retrieval with RMSE = 7.5% and R2 = 0.8. Therefore, in this 
current study, using the same field experiment data, the win-
dow size of 4 km × 4 km will be used.

Therefore, this paper intends to propose an approach to 
solve the “out-of-range” problem described earlier by cou-
pling the normalization with moving window in Backpropa-
gation Neural Network (BNN). In particular, the contribu-
tions of this paper include:

 (i) Exploration of Backpropagation Neural Network 
(BNN) model to forecast out-of-range soil moisture 
values, i.e. the data used in the testing are outside 
the range of the training data set. Specifically, the 
capability of the BNN in dealing with extrapolation 
problem is explored.

 (ii) The effects of using the input and output normali-
zation factors of each data set on the soil moisture 
prediction accuracy vs. the use of the same normali-
zation factor calculated from the training data in the 
testing data.

 (iii) Coupling of the suggested normalization method 
with moving window technique in BNN for soil 
moisture retrieval.

The remaining of this paper is organized as below. The 
related work on BNN for soil moisture retrieval is first pre-
sented. This is followed by the data and methodology. The 
results obtained and the conclusion highlighting the contri-
butions of this paper are presented at the end of the paper.

2  Literature Review

2.1  Research Background

The effectiveness of ANN models in solving remote sens-
ing applications is well demonstrated. Since 1988, there has 
been a rise of ANN usage to classify remotely sensed images 
[27]. Among the various ANN models, the multi-layer feed-
forward network with error back-propagation learning algo-
rithm, i.e. Backpropagation neural network (BNN), is the 
most popular ANN model in use [28–30]. This is mostly 
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owing to the BNN model's excellent nonlinear mapping abil-
ity, which is critical in soil moisture time series prediction 
[31]. Figure 1 shows a general BNN model. The following 
is an overview of some of the recent research studies on soil 
moisture retrieval using microwave data, with an emphasis 
on the BNN model.

In the domain of soil moisture retrieval using microwave 
data, the Soil Moisture Active Passive (SMAP) and Soil 
Moisture and Ocean Salinity (SMOS) satellites have a mis-
sion objective of ± 0.04  m3/m3 or 4% accuracy of the volu-
metric soil moisture within the first five centimeters of the 
soil [32]. The use of BNN for soil moisture retrieval using 
microwave data has shown great successes in fulfilling this 
mission. In a recent study on sensitivity analysis with SMAP 
soil moisture estimates on a monthly basis over Mainland 
China [33], a back-propagation artificial neural network was 
used to build a model utilizing data spanning more than two 
years. The developed model was utilized to create long-term 
and continuous soil moisture maps across Mainland China. 
The back-propagation neural network structure employed 
in the study was: input layer comprises of seven nodes (sur-
face reflectivity, Normalized Difference Vegetation Index 
(NDVI), vegetation water content, elevation, slope, precipi-
tation, roughness). The anticipated soil moisture values were 
represented by a single node in the output layer. There were 
two hidden levels with a total of eight nodes. The activation 
function selected was the hyperbolic tangent. A regression 
layer with no activation function was the last layer. The max-
imum number of training sessions was set to 6000, the error 
measure was set to Root Mean Square Error (RMSE), the 
error threshold was set to 0.001, and the learning rate was 
set to 0.05. Prior to training, the dataset was normalized to 
values between 0 and 1. The predicted soil moisture showed 
a strong and positive linear relationship with SMAP in-situ 

soil moisture with correlation coefficient, R2 of 0.840 and 
RMSE of 0.068  m3/m3.

An evaluation study of soil moisture estimation using 
BNN and two empirical models, namely, modified Dubois 
model and multiple linear relationship analysis, was con-
ducted using backscattering coefficients extracted from Sen-
tinel-1 images and in-situ soil surface parameter measure-
ments [34]. It was concluded that the BNN model produced 
a better correlation coefficient with in-situ soil moisture val-
ues than the empirical models. The input layer of the BNN 
model in their study comprised of local incidence, vertical 
polarization, vertical and horizontal polarization, and sur-
face roughness, with one hidden layer of 20 neurons and the 
soil moisture as the output. The data was normalized to the 
value between 0 and 1. The average RMSE value obtained 
using the BNN model was 4.98% with R2 of 0.49, whereas 
for the multiple regression analysis, the RMSE value was 
4.52% with R2 of 0.31. The modified Dubois model only 
managed to produce an average RMSE of 8.65% with R2 
of 0.26.

In another study by [35], BNN was developed to retrieve 
soil moisture from Advanced Microwave Scanning Radi-
ometer 2 (AMSR2). Their research work could be divided 
into two parts. In the first part, the BNN was developed to 
reproduce the soil moisture values of the SMAP satellite. 
The one hidden layer BNN model was trained with data 
from 2015 to 2017 to predict the soil moisture values in the 
year 2018. They reported a good accuracy with a correla-
tion coefficient of 0.74, Root Mean Square Error (RMSE) of 
0.033  m3/m3. However, when the trained BNN model was 
used to develop a global soil moisture data for the year 2012 
to 2018 and compared the retrieved values with in-situ Soil 
Climate Analysis Network (SCAN) sites, they only managed 
to obtain retrieval results with RMSE of 0.113  m3/m3 and 
correlation coefficient of 0.44.

Ge, Hang, Liu and Liu [36] attempted to compare deep 
convolutional neural network and BNN with multi-source 
input including L-band Soil Moisture and Ocean Salinity 
(SMOS) brightness temperature (TB), C-band Advanced 
Scatterometer (ASCAT) backscattering coefficients, Mod-
erate Resolution Imaging Spectroradiometer (MODIS) 
Normalized Difference Vegetation Index (NDVI) and soil 
temperature. Their experiment was divided into learning 
and testing phases. In the learning phase, the network mod-
els were trained using the simulated soil moisture values of 
the European Center for Medium-range Weather Forecasts 
Re-Analysis Interim (ERA-interim) for data from 1 Janu-
ary to 31 December 2015. In the testing phase, in-situ soil 
moisture measurements from Soil Climate Analysis Network 
(SCAN) from 1 January to 31 December 2016 was used. The 
data of the ascending and descending orbits were processed 
separately. From their study, they found that, both BNN and 
deep convolutional neural network methods are effective in 

Fig. 1  General schematic diagram of a Backpropagation Neural Net-
work model
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estimating soil moisture from satellite observations and the 
performance of the deep convolutional neural network is 
slightly better than BNN. Nevertheless, the convolutional 
neural network has a more complex structure and it usually 
costs much more time than BNN to estimate soil moisture 
values. In their work, they reported that, the data for BNN 
was normalized using the Min–Max normalization method 
to scale all data into the range [0,1]. The average values of 
RMSE and correlation coefficient obtained for convolutional 
neural network (BNN) were 0.564 (0.531) and 0.099 (0.140) 
for ascending orbit and 0.530 (0.517) and 0.102 (0.156) for 
descending orbit.

Yao et al. [37] had developed a one hidden layer BNN 
model to produce a long-term soil moisture time series data 
for the year 2003 to 2015. The BNN model was trained 
using data from July 2010 to June 2011, and the entire year 
of 2013 with the reflectivities (Rs) of the C/X/Ku/Ka/Q 
bands, MVI (Microwave Vegetation Index) derived from 
Advanced Microwave Scanning Radiometer-Earth Observ-
ing System/ Advanced Microwave Scanning Radiometer 2 
(AMSR-E/AMSR2) brightness temperature (TB data), as 
input. The predicted soil moisture values from the BNN 
model was compared with the Soil Moisture and Ocean 
Salinity (SMOS) Level 3 soil moisture and the results of 
RMSE = 0.55  m3/m3 and correlation coefficient of 0.67 
were obtained. When evaluating the BNN retrieved soil 
moisture with in-situ soil moisture from the SCAN (Soil 
Climate Analysis Network) sites, the accuracy acquired was 
RMSE = 0.084  m3/m3 with a correlation coefficient of 0.52.

According to the review, the use of BNN for soil mois-
ture retrieval has demonstrated good agreement with both 
satellite soil moisture products and in-situ measurements. 
However, it was evident that the retrieval accuracy would fall 
short of the mission's ± 0.04  m3/m3 or 4% goal. Furthermore, 
based on the review, the testing data was mostly partitioned 
from the dataset available, or a long history of soil moisture 
data would be required to develop a robust prediction model. 
In our work, we would concentrate our efforts on the chal-
lenge of "out-of-range" prediction, which involves predicting 
data from the same geographic region but with extreme soil 
moisture levels not covered by the training data. In particu-
lar, our approach to solving this problem emphasizes the use 
of normalization and the moving window method.

2.2  Normalization: Input and Output Vectors

The type of problem will determine the number of input and 
output nodes of the network model, as well as the model 
selected for this particular problem [38]. The input vectors 
for a neural network model will be either raw data, pre-
processed data or a set of parameters. The benefits of data 
normalization included increase the speed of calculation, 
improve performance and results, as well as enhance the 

reliability of the network model [12, 39–42]. Depending on 
the activation function used in the BNN model, the input 
vector can be normalized between 0 and 1 (for standard sig-
moid function) or − 1 to 1 (for hyperbolic tangent).

A neural network model is a series of neurons. Within 
each neuron is a set of input, weight and a bias value. Before 
learning initially begins, the neural network model will ran-
domize both the weight and bias values. The weight can be 
deemed as the strength of the connections while bias rep-
resents the distance between the predictions and intended 
value. In principle, the objective of normalization is to 
rescale the input vector to adjust the weight and bias corre-
sponding to the relevant vector for obtaining the same output 
features [12]. Enabling the input and output values to be at 
the same interval via normalization is essential to determine 
the very high or very low values in the data [43]. These very 
high or very low values may result in wrong outputs of the 
neural network model. Therefore, normalization of input 
and output data has sound effects on the consistency of the 
results obtained.

2.3  Normalization Method: Statistical 
or Z‑normalization

This method normalizes each input feature vector using the 
mean (µ) and standard deviation (σ) of each feature across 
the training data. The normalization is done using the fol-
lowing equation:

where: x′

i
 is the new x value,

x
i
 is the current x value,

�
i
 is the mean of the current feature vector, and

�
i
 is the standard deviation of the current feature vector.

This produces data where each feature has a zero mean 
and one-unit variance [12] and efficiently reduces the effect 
of an outlier in the data. Before training is commenced, all 
the feature vectors in the data set will undergo this nor-
malization technique, resulting in a new training set. Once 
the mean and standard deviation values are computed for 
each feature over a set of training data, these values must be 
retained and used as the weight in the final system design 
[12].

3  Data

This study uses the National Airborne Field Experiment 
2005 (NAFE’05) data in the Goulburn catchment, south-
eastern Australia, in November 2005. The area monitored 
was a square of approximately 40 km × 40 km area. The 
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campaign included extensive airborne passive microwave 
observations together with spatially distributed and in-
situ ground monitoring of soil moisture. This aircraft was 
equipped with the Polarimetric L-band Multibeam Radiom-
eter (PLMR) and thermal imager. The PLMR obtains data of 
both H- and V-polarized brightness temperatures (Tb). The 
soil moisture (SM) data for the 40 km × 40 km study area 
at 1 km nominal resolution was derived using the L-band 
Microwave Emission from the Biosphere (L-MEB) model. 
The ground monitoring includes soil moisture profile moni-
toring stations, supplementary monitoring stations, spatial 
soil moisture mapping and supporting data. Stevens water 
HydraProbe® sensors were inserted vertically in the ground 
to measure soil moisture in the top 5 cm. In addition, sup-
plementary sensors were deployed to provide information on 
the near-surface soil temperature profile. The main purpose 
of these continuous ground observations is to relate the air-
to-ground measurements throughout the day. Figure 2 shows 
the soil moisture distribution of the L-MEB model product 
at 1 km resolution. Further detail of the data used could be 
found in [44].

4  Methodology

4.1  Data Partitioning

The input of the BNN model consists of TbH, TbV and 
Ts.  For the training of the BNN model, the data from 7th 
November 2005 was used. The trained model was tested 
using data from 14th November 2005 and 21st November 
2005. During training, the data on 7th November 2005 was 

randomly subdivided into 90% for training, 5% for validation 
and another 5% for testing purpose. Figure 3 summarizes 
this data partitioning process. The main goal of this data 
arrangement method is to allow the trained network to pre-
dict soil moisture that is outside of the training data range. 
The focus of this study would be on training using the wet 
conditions on November 7th, 2005 to predict soil moisture 
values on the other future dates of November 14th and 21st, 
2005, when the weather was getting drier. The trained net-
work's ability to predict values outside of the training data 
range is an important feature for the network model's trans-
ferability and reusability.

4.2  Statistics Description of Training and Testing 
Data

The statistical properties of the H- and V-polarized bright-
ness temperature (TbH, TbV), surface temperature (Ts) 
and soil moisture (SM) at 1 km resolution on 7th, 14th and 
21st November 2005 are listed in Table 1. For each date, 
each feature has 1600 data points at 1 km resolution (area 
size 40 km × 40 km). Table 1 summarizes the fact that the 
study area was becoming drier. The retrieved soil moisture 

Fig. 2  L-MEB retrieved soil moisture at 1  km resolution on a 7th 
Nov, b 14th Nov and c 21st Nov 2005. The boundaries of the focus 
farms and the whole study area are shown as polygons

Fig. 3  The data used for training, validation and testing of to form the 
trained ANN model. The trained ANN model is tested on the data on 
14th and 21st Nov 2005 which was not used in forming the trained 
ANN model

Table 1  Statistics properties of the regional L-MEB soil moisture 
product (v/v) at 1 km resolution together with brightness temperature 
at H- and V-polarized (TbH and TbV)(K) and surface temperature 
(Ts)(K) data

The mean and standard deviation values of each data type for each 
date are listed

Date TbH (K) TbV (K) Ts (K) Soil Moisture 
(v/v)

7th Nov 
2005

241.5 ± 10.1 261.4 ± 7.8 297.1 ± 3.1 0.39 ± 0.12

14th Nov 
2005

266.0 ± 6.5 279.3 ± 5.4 298.2 ± 6.4 0.17 ± 0.10

21st Nov 
2005

271.3 ± 3.9 282.6 ± 3.1 313.8 ± 3.9 0.16 ± 0.08
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(SM) exhibits intriguing spatio-temporal dynamics, reflect-
ing the rainfall regime experienced by the area during the 
field experiments. The high soil moisture values on Novem-
ber 7, 2005 were caused by heavy rainstorms that passed 
through the study area. The drier conditions on 14th and 21st 
November 2005 were due to little or no rainfall experienced 
during the field experiment. For the drier conditions on both 
14th November 2005 and 21 November 2005, the TbH, TbV 
and Ts were showing increasing values. In addition to this, 
another interesting observation is that the standard deviation 
values of the H- and V-polarized brightness temperatures 
(TbH and TbV) were high for the date 7th November 2005, 
decreasing to the smaller on November 14, 2005, and the 
smallest on November 21, 2005. This trend is in accord-
ance with the soil moisture (SM) values. It should be noted 
that, the data on 21st November 2005 was less spread out 
as compared to the data on 14th November 2005 while the 
data on 7th November 2005 was the most spread out among 
these three days. This is demonstrated by higher standard 
deviation values for soil moisture, TbH, and TbV.

4.3  BNN Architecture

Aside from the input and output layers, the number of hid-
den layers and neurons must be determined. While ANNs 
with two hidden layers can represent any function, there is 
currently no theoretical reason to use neural networks with 
more than two hidden layers. As a result, the ANN architec-
ture under consideration here employs one and two hidden 
layers. Using too few or too many hidden neurons may jeop-
ardize any application. Too few hidden neurons will result 
in underfitting, which means that the ANN will be unable to 
detect complex signals within the data accurately. Using too 
many hidden neurons, on the other hand, will result in over-
fitting, in which the neural network has so much information 
processing capacity that the limited amount of information 
contained in the training set is insufficient to train all the 
neurons in the hidden layers. Furthermore, if too many hid-
den neurons are used, the training time will increase. In this 
study, the trial-and-error method is employed to determine 
the optimal number of hidden layers and hidden neurons.

In our earlier study [9], the optimal window size was 
reported to be 4 km × 4 km. To identify the best architecture, 
the BNN model with varying numbers of hidden neurons 
for both one and two hidden layers was examined using this 
window size. It should be noted that only training data was 
used during this process.

Figure 4 and Table 2 show that a single hidden layer BNN 
with 2, 4, and 6 neurons had a lower Root Mean Square 
Error (RMSE) than two hidden layers with 2:2, 4:4, and 5:5 
neurons. The RMSE increased when 8 hidden neurons were 
used in a single hidden layer, but began to decrease when 10 
and 20 hidden neurons were used. The RMSE increased with 

hidden neuron 50 and decreased with hidden neuron 100 in a 
single layer. The pattern observed for two layers was nearly 
identical. This indicated that there was no compelling reason 
to employ two hidden layers. The first minimum achieved 
before the first raised of RMSE was used as the criterion 
for selecting the optimal number of hidden neurons. As a 
result, the optimal number of hidden neurons is 6 in one 
single layer.

4.4  Performance Evaluation Metrics

To evaluate the performance of the developed BNN model, 
the coefficient of determination (R2) and Root Mean Square 
Error (RMSE) were used. The R2 examines the goodness 
of fit and measures how well the BNN model predicts the 

Fig. 4  Graph showing the trends of RMSE and R2 obtained using one 
and two hidden layers in BNN with varying hidden neurons

Table 2  RMSE and R2 obtained using single and two hidden layers of 
BNN with varying hidden neurons

Hidden Neurons RMSE R2

Single Layer 2 5.66 0.54
4 5.35 0.66
6 4.87 0.56
8 5.31 0.43
10 4.56 0.69
20 2.86 0.88
50 3.57 0.75
100 3.08 0.84

Two Layers 2:2 6.24 0.29
4:4 5.28 0.53
5:5 5.60 0.74
10:10 4.95 0.55
20:20 3.63 0.79
50:50 3.50 0.78
100:100 3.25 0.82
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soil moisture values. This metric is expressed as a number 
between 0.0 and 1.0, with 1.0 indicating a perfect fit and 
consequently a highly dependable model for future pro-
jections, and 0.0 indicating that the model fails to predict 
the data effectively. Another commonly used performance 
evaluation metric for soil moisture retrieval is the RMSE. 
This metric, on the other hand, assesses the prediction's 
accuracy. In this study, the RMSE would measure the soil 
moisture prediction accuracy using the proposed model. The 
Soil Moisture Active Passive (SMAP) and Soil Moisture and 
Ocean Salinity (SMOS) satellites have a mission objective 
of 0.04  m3/m3 or 4% accuracy of volumetric soil moisture 
within the first five centimeters of the soil in the area of soil 
moisture retrieval utilizing microwave data. We would evalu-
ate our model on the basis of this mission.

4.5  Method Design

The method design is divided into three parts. In the first 
part, the mean and standard deviation values for each input 
and output feature are computed from the training data set. 
The calculated normalization factors are then used to nor-
malize both validation and testing data. In the second part of 
the method design, the mean and standard deviation of the 
input and output for each feature are computed separately in 
the training, validation and testing stages. During training, 
the mean and standard deviation of each input and output 
feature is used to normalize the data, while in the valida-
tion and testing stage, the mean and standard deviation of 
each feature for each data set is used (Fig. 5). To deal with 
the high spatial and temporal variability characteristics of 
the soil moisture over the 40 km × 40 km field, the “moving 
window” of the size 4 km × 4 km suggested in our previous 
study [9] was developed and applied. The “moving window” 
slides from the first pixel until the last pixel on the image of 

the 40 km × 40 km target field. During each slide, the mean 
and standard deviation of the input and output vectors were 
calculated at 4 km × 4 km resolution. Using the normaliza-
tion factors calculated within this 4 km × 4 km resolution, 
soil moisture prediction at 1 km resolution was done for the 
whole 40 km × 40 km target field. This is shown in Fig. 6.

5  Results and Discussions

A BNN with the architecture of 3 inputs (TbH, TbV and 
Ts), 6 hidden neurons and 1 output (SM) was trained using 
the data on the date 7th November 2005. The 1 km L-MEB 
soil moisture product was used as the target values of the 
BNN model. The trained network will be tested using the 
data on 14th and 21st November 2005. The z-normalization 
was used to normalize the data. The results obtained for the 
three parts of the experiments are presented in the follow-
ing sections. We would evaluate our model based on of 0.04 
 m3/m3 or 4% accuracy of volumetric soil moisture within 
the first five centimeters of the soil in the area of soil mois-
ture retrieval utilizing microwave data, which is the mission 
objective of the Soil Moisture Active Passive (SMAP) and 
Soil Moisture and Ocean Salinity (SMOS) satellites.

5.1  Using Normalization Factors of the Training 
Data Set

In this part of the experiment, the mean µ and standard 
deviation σ for each feature of the input and output data 

Fig. 5  The procedure of normalization used in part 2 of the experi-
ment. The normalization factors used are of the feature of each data 
set in the testing of the trained BNN model

Fig. 6  The start of the 4 km × 4 km “moving window” and its moving 
direction
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from the training data are calculated and used in both the 
training and testing of the BNN model. Table 3 shows the 
results obtained. It is noted that, the correlation coefficient, 
R2 obtained was very low, showing that, the relationships 
among the actual and forecast soil moisture (SM) values are 
not strong. Moreover, the soil moisture retrieval accuracy 
obtained was at an average of RMSE = 8.85% and R2 = 0.32. 
It should be emphasized that, the R2 obtained for testing on 
21st Nov 2005 was extremely low (0.05) which indicates 
that, the relationships between the actual and predicted soil 
moisture were very minimal. As a comparison, the results 
obtained during training on 7th Nov 2005 were also included 
in Table 3. When compared to the findings produced on 
November 21, 2005, the retrieval accuracy on the training 
data on November 7, 2005 was closer to the retrieval accu-
racy on November 14, 2005. This is mostly owing to the fact 
that the weather on the 21st of November 2005 was drier 
than on the 14th of November 2005, which was one week 
away from date of the training data. It should also be empha-
sized that, as previously stated, heavy rainstorms occurred 
across the research region on November 7, 2005, resulting 
in high moisture levels.

5.2  Using the Normalization Factor of Each Data Set

During this experiment, the normalization factors from the 
training data set were not retained. It should be noted that 
the same BNN model developed in the previous section 
was employed in this section. The normalization factors are 
calculated separately for each set of data during training, 
validation and testing. This is summarized in Fig. 5. In other 
words, during training, the normalization factors used were 
calculated from the training data set, while for the validation 
and testing, the normalization factors were calculated from 
each of the datasets. Table 4 shows the results obtained. 
The RMSE obtained for both dates are lower as compared 
to the first part of the experiment and the R2 of the predicted 
and actual SM was strong. Average accuracy obtained was 
5.82% with R2 = 0.83. An important observation from this 
experiment is that, the R2 values obtained were good for both 
dates, indicating that the relationships between the actual 
and predicted soil moisture values were strong.

5.3  Using the Normalization Factor of Each Data Set 
Coupling with a Moving Window

Although the normalization factor for each data set man-
ages to lower the RMSE value with strong  R2 as shown in 
Table 4, the retrieval accuracy obtained is still considered 
poor as compared to the SMAP and SMOS mission of 4%. 
According to our previous study [9], the retrieval accuracy 
is poor as the soil moisture is highly spatial and temporal 
variable over the 40 km × 40 km field. To solve this problem, 
a “moving window” of 4 km × 4 km is used. The mean and 
standard deviation of the input and output vectors within this 
“moving window” is calculated. In practical, these values 
could be estimated with satellite data. For simulation pur-
pose, in this study, an upscaling to 4 km × 4 km resolution 
using the 1 km × km resolution data is done. The mean and 
standard deviation of the 4 km × 4 km resolution is used to 
normalize the input and output data. The “moving window” 
slides from the top left of the image until the end of the 
image during the prediction process and this is shown in 
Fig. 6.

Table 5 clearly shows that, using the same BNN model 
built, the RMSE obtained is lower than the targeted 4% 
(RMSE = 3.67%) with high R2 showing a very strong rela-
tionship (R2 = 0.89) between the predicted and actual soil 
moisture value. In addition, the prediction on each date was 
stable with both RMSE achieved less than 4% and R2 more 
than 0.85. More fluctuation could be seen in the prediction 
results in the previous two experiments.

6  Conclusions and Future Directions

The use of data-driven methods, especially ANN models 
has proven to be effective for inversion of soil moisture esti-
mation, thanks to the capabilities of ANN in mapping the Table 3  RMSE (%) and R2 obtained for testing data on 14th and 21st 

Nov 2005 using the standard normalization procedure

For comparison, the results produced for training data on November 
7, 2005 are given

Date RMSE (%) R2

Training 7th Nov 2005 8.09 0.69
Testing 14th Nov 2005 9.97 0.58

21st Nov 2005 7.74 0.05

Table 4  RMSE (%) and R2 obtained when the trained network is 
tested on data on 14th and 21st November 2005 using the normaliza-
tion factor from each date

Date RMSE (%) R2

14th Nov 2005 6.37 0.86
21st Nov 2005 5.26 0.80

Table 5  RMSE (%) and R2 obtained using normalization factors of 
each data set and “moving window” method

Date RMSE (%) R2

14th Nov 2005 3.92 0.91
21st Nov 2005 3.41 0.86
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nonlinear and complex functions of soil moisture. The BNN 
is the most commonly used ANN model for soil moisture 
retrieval. The common method in fitting the network model 
is to divide the available data set into training, validation 
and testing subsets. This way of data splitting ensures that 
the validation and testing data are represented in the training 
data. With this, the developed network model would be use-
ful if and only if the model was trained with all unforeseen 
circumstances. However, in the atmospheric disciplines, 
unpredicted circumstances do happen. In addition, for a 
totally new target, long history data might not be available. 
In situations like this, the model developed with the whole 
available data splitting method while fitting the model would 
fail to produce decent results. This is clearly shown in this 
paper whereby the retrieval accuracy of soil moisture was 
low when the BNN model is trained on a wet condition and 
tested on two future dates whereby the conditions were get-
ting drier and drier.

Before developing the network model, one of the major 
steps during the pre-processing stage is data normalization. 
In common practice, the statistics used to normalize the data 
should be obtained from the training data set. Such mecha-
nism assumes data stationary and uniformity and poses 
problems, particularly in extrapolation problem as in the 
scenarios dealing within this study. In our study, the use of 
separate statistics to normalize the training, validation and 
testing data in the BNN model was demonstrated to cope 
with such a situation. As a comparison, the soil moisture 
prediction was also done with BNN model which used the 
same statistics calculated from the training data to normal-
ize the data in the validation and testing stages. It was found 
that, when using separate statistics to normalize the data in 
training, validation and testing stages, the average accuracy 
improves from RMSE = 8.89% (R2 = 0.32) to RMSE = 5.82% 
(R2 = 0.83).

Owing to the soil moisture high spatial–temporal variabil-
ity characteristics, we adopted the “moving window” method 
to compute the mean and standard deviation statistics to nor-
malize the data. Coupling the separate normalization statis-
tics with the “moving window” method, the trained BNN 
model manages to capture the spatial and temporal variabil-
ity of the soil moisture values. With this suggested method, 
the trained BNN model managed to achieve an average accu-
racy of RMSE = 3.67% (R2 = 0.89), which is an increase of 
58% from without utilizing the “moving window” technique. 
Another important observation from this experiment was 
that, the RMSE and R2 values were very consistent as com-
pared to the results obtained from the previous two experi-
ments. This indicated that, the suggested coupling method 
managed to produce stable prediction results.

Estimating soil moisture is critical for detecting early-
stage water deficit conditions and developing drought situ-
ations. The two severe circumstances have a big impact on 

crop production uncertainty and food security. Accurate soil 
moisture prediction would help with agricultural insurance, 
policymaking and decision-making, and crop planning, par-
ticularly in dry and semi-arid regions of the world. Surface 
soil moisture referred to the water content approximately 
5–15 cm of the top soil layer. This thin layer of soil plays an 
important role in hydrology, biochemistry, ecology, agricul-
ture, and other Earth processes. Machine learning techniques 
have yield promising results for soil moisture prediction. 
Nevertheless, there are numerous unique instances where 
machine learning may be used to improve remotely sensed 
soil moisture products. In our work, we propose a possible 
solution to the problem of not having enough long-term data 
to cover all possible scenarios, which could be a possible 
condition for a new geographic area for weather prediction 
problems. The developed model would be able to handle 
such unforeseen circumstances using the proposed method 
while maintaining the robustness of the trained model. We 
must admit that the study's limitation is that it used only 
one wet condition to train the network and tested it with 
two drier conditions. As a result, we propose that a further 
verification on more contrasting circumstances for training 
and testing be performed to validate the proposed methodol-
ogy in this study.
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