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GENERAL DESCRIPTION OF THE THESIS

Introduction

Forecasting of vegetation is closely related to many important international problems such
as global climate changes and monitoring of usage of energy, natural resource consumption
management, forecasting of the prevalence of invasive plant species and protection of
endangered plant species [7]. Collection of data on vegetation cover of Earth’s surface is
usually done by using remote sensing. Remote sensing is remote surveillance of Earth’s
surface by aircraft or satellite using different sensors [73]. Remote sensing usually provides
satellite images where time series can be obtained from each smallest element (pixel) in the
image [107].

Topicality

Analysis and forecasting of the life cycle of vegetation are essential in planning agricultural
work as well as monitoring of agricultural crops and forecasting their productivity. In practice,
vegetation indices are often used that are calculated from the values of satellite image pixels like
normalized difference vegetation index (NDVI). Forecasting of this index in precision
agriculture allows indicating problems which are related to agricultural crop growth on time and
making timely decisions about necessary measures to fix these problems.

Research Aim and Tasks

The aim of the Doctoral Thesis is to develop a forecasting system of normalized
difference vegetation index time series based on signal decomposition and sub-signal
approximation approach, specialized data preprocessing methods and machine learning
methods. The following tasks have been set to achieve the aim of the Doctoral Thesis.

1. Comparative research of methods and systems of time series of normalized difference
vegetation index aimed at discovering its advantages and potential disadvantages that
determine the accuracy of NDVI time series.

2. Comparative research of signal decomposition methods to be used for frequency
analysis with the aim to identify methods that provide high prediction accuracy and
identify possible gaps in forecasting tasks of different time series.

3. Development of a sub-signal approximation approach to forecasting time series of
normalized difference vegetation index.

4. Development of a forecasting system that uses signal decomposition-based approach,
data preprocessing and machine learning methods.

5. Evaluation of the developed forecasting system and comparison of its accuracy with
other forecasting methods.



Research Object and Subject

The object of the Doctoral Thesis is the process of forecasting nonlinear and
nonstationary time series of normalized difference vegetation index. The subject of the Thesis
is methods of data preprocessing, signal decomposition and forecasting, which are suitable for
forecasting time series of nonlinear and nonstationary normalized difference vegetation index.

Research Hypotheses

Two hypotheses have been put forward for verification during the development of the
forecasting system and sub-signal approximation approach.
1. The forecasting accuracy of normalized difference vegetation index increases when
the approximation approach based on signal decomposition method is applied.
2. The forecasting model trained on normalized difference vegetation index and obtained
preprocessed data parameters can be used for preprocessing and forecasting of other
NDVI time series obtained from other locations with similar accuracy.

Methods of the Research

The following methods are used for theoretical development of the Thesis: machine
learning, linear algebra, digital signal processing, mathematical statistics, and probability
theory. The MATLAB application, which is also a numerical analysis environment and high-
level programming language, is used for the practical realization of the forecasting system.

Scientific Novelty and Value of the Thesis

The Doctoral Thesis presents the developed forecasting system which allows performing
short-term forecasting of NDVI time series. Several new approaches have been designed in
the system development process as well as a set of methods and approaches that are necessary
for the system implementation and evaluation.

1. The approximation approach for a sub-signal obtained from a modified variational
mode decomposition method is developed, which allows calculating approximate sub-
signal values during every time step where historical observations for the appropriate
time series of normalized difference vegetation index are available.

2. A set of methods and approaches is developed that provides high accuracy for short-
term forecasting of time series of normalized difference vegetation index.

3. A transferring approach for data preprocessing parameters and forecasting model is
developed that provides forecasting of other normalized vegetation index time series
without new preprocessing and training if the Euclidean distance between the time
series used in the training and the time series using the data processing parameters and
the forecasting model is small enough.



The Practical Significance of the Thesis

A forecasting system is developed that allows performing short-term forecasting with
good accuracy of time series of normalized difference vegetation index using a sub-signal
approximation approach obtained from modified variational mode decomposition method.
The system has two applications for precision agriculture.

1. Itis necessary to be able to identify on time the number of nutrients needed to ensure

that no additional costs are incurred.

2. It provides the opportunity to use forecasts of normalized difference vegetation index

for crop yield models and to calculate expected income on time.

Approbation

The Thesis studies and results have been presented in nine international

scientific conferences.

1. International Conference on Aerospace Engineering, Applied Sciences, Information
Technology, Electrical & Mechanical Engineering, Amsterdam, Netherlands, April
27-28, 2019.

2. 2nd International Conference on Research in Engineering and Fundamental Applied
Sciences, Barcelona, Spain, April 20-21, 2019.

3. RTU 58th International Scientific  Conference, Riga, Latvia, October
12-15, 2017.

4. 11th International Scientific and Practical Conference “Environment. Technology.
Resources”, Rezekne, Latvia, June 15-17, 2017.

5. RTU 57th International Scientific Conference, Riga, Latvia, October 14-18, 2016.

6. 5th International Virtual Scientific Conference on Informatics and Management Sciences,
Zilina, Slovakia, March 21-25, 2016.

7. 3rd Virtual Multidisciplinary Conference QUAESTI Zilina, Slovakia, December
7-11, 2015.

8. RTU 56th International Scientific Conference, Riga, Latvia, October 14-16, 2015.

9. 10th International Scientific and Practical Conference “Environment. Technology.
Resources”, Rezekne, Latvia, June 18-20, 2015.

The Thesis studies and results are reflected in eight publications in international

scientific journals.

1. Stepchenko, A. Land Cover Classification Based on MODIS Imagery Data Using
Artificial Neural Networks. In: Proceedings of the 11th International Scientific and
Practical Conference “Environment. Technology. Resources”, June 15-17, 2017,
Rezekne, Latvia. Rezekne: Rezekne Academy of Technologies, 2017, pp. 159-164.
Indexed in: Scopus.

2. Stepchenko, A., Chizhov, J., Aleksejeva, L., Tolujew, J. Nonlinear, Non-stationary
and Seasonal Time Series Forecasting Using Different Methods Coupled with Data
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Series  Forecasting. Information Technology and Management Science.
2016, vol. 19, pp. 39-44. Indexed in: EBSCO, CSA/ProQuest and VINITI.

4. Stepchenko, A. NDVI Index Forecasting using a Layer Recurrent Neural Network
Coupled with Stepwise Regression and the PCA. In: Proceedings of the 5th Virtual
International Conference of Informatics and Management Sciences, March 21-25,
2016, Zilina, Slovakia. Zilina: EDIS-Publishing Institution of the University of Zilina,
2016, pp. 130-135. Indexed in: Google Scholar and Index Copernicus. Cited: 2.

5. Stepchenko, A. Normalized Difference Vegetation Index Forecasting using a
Regularized Layer Recurrent Neural Network. In: Proceedings of the 3rd Virtual
Multidisciplinary Conference QUAESTI, December 7-11, 2015, Zilina, Slovakia.
Zilina: EDIS-Publishing Institution of the University of Zilina, 2015, pp. 261-266.
Indexed in: Google Scholar.
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Forecasting of Latvian Regions. Information Technology and Management Science.
2015, vol. 18, pp. 57-61. Indexed in: EBSCO, CSA/ProQuest and VINITI. Cited: 2.

7. Stepchenko, A., Chizhov, J. NDVI Short-Term Forecasting Using Recurrent Neural
Networks. In: Proceedings of the 10th International Scientific and Practical
Conference “Environment. Technology. Resources”, June 18-20, 2015, Rezekne,
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8. Stepchenko, A., Borisov, A. Methods of Forecasting Based on Artificial Neural
Networks. Information Technology and Management Science. 2014, vol. 17, pp. 25-31.
Indexed in: EBSCO, CSA/ProQuest and VINITI.

The results of the Doctoral Thesis have been developed in relation to the project
“Estimation of forest inventory parameters for afforested agricultural lands and non-
inventoried forest lands using remote sensing data” implemented by “Forest Sector
Competence Centre of Latvia” Ltd., Ventspils University of Applied Sciences, Latvian State
Forest Research Institute “Silava” and “Microcode” Ltd. (14.04.2014-30.09.2015).

This Doctoral Thesis has been developed with the support from Ventspils City Council in
accordance with the regulation of granting a scholarship “Support for Ph.D. candidates at
Ventspils University of Applied Sciences”.

Structure and Content of the Thesis

The Thesis contains an introduction, five chapters, conclusions, bibliography, and
appendices. The Thesis is written in Latvian.

The introduction describes the topicality of the chosen topic and the aim and tasks of the
research, puts forward hypotheses, lists the scientific methods used in the development of the
Doctoral Thesis, demonstrates the scientific novelty of the research and the practical value of
the results obtained, as well as provides the characterization of the work.



Chapter 1 describes the theoretical basis of a normalized difference vegetation index
including the basics of remote sensing and satellite image preprocessing, gives the current
situation analysis dedicated to the normalized vegetation index forecasting, as well as
analyses to the use of signal decomposition methods in forecasting tasks of time series.

Chapter 2 presents data preprocessing methods and time series forecasting methods used
in the development of normalized difference vegetation index forecasting system NVDI FS.

Chapter 3 experimentally tests the applicability of the original variational mode
decomposition method in the forecasting task of time series of normalized difference
vegetation index. Based on the analysis of experimental results, a modified variational mode
decomposition method is developed, which is experimentally tested. The approximation
approach is developed for the sub-signal that is obtained from the modified variational mode
decomposition method.

Chapter 4 presents forecasting system NDVI FS. The system architecture has been
represented which consists of the user interface, data preprocessing module, and machine
learning module and data store, as well as the flow of data store operations and computing
flow in this system. The computing flow of each block in modules is shown, and the
description of each block is given.

Chapter 5 describes the experiments with the developed system and the results obtained.
The system with the use of approximation approach and without the use of this approach is
evaluated in forecasting of time series of normalized difference vegetation index. The
accuracy of the forecasting system is compared with the accuracy achieved using classical
forecasting methods. Experiments on the transfer of preprocessed parameters and forecasting
models are performed.

The last chapter contains the results and conclusions of the work based on the performed
experiments and development and application of the proposed system NDVI FS.



1. TIME SERIES OF NORMALIZED DIFFERENCE
VEGETATION INDEX AND ITS FEATURES

The chapter provides an insight into the theoretical basis in normalized difference
vegetation index, abbreviated NDVI, and forecasting of time series of this index. The formal
statement of the forecasting task is defined. Problems are identified that are related to
forecasting of time series of normalized difference vegetation index and application of
decomposition methods in forecasting tasks of different time series. A scheme with a time
series decomposition, phase space reconstruction, feature selection, feature extraction, and
forecasting method is provided.

1.1. Analysis of NDVI Time Series and Forecasting Research

Normalized difference vegetation index (NDVI) is a numerical indicator of photosynthetic
active biomass [108], calculated by Equation (1.1):

_ NIR-RED
NIR+RED '

where NIR — reflectance in the near infrared band;
RED - reflectance in the red band.

NDVI (1.1)

The research area used in the Thesis is Ventspils municipality of the Republic of Latvia.
Agricultural land in Ventspils municipality covers an area of 511 000 ha or 20.9 % of the area
of the municipality, while forest land occupies 64 % of the total area of the
municipality [104]. The data set of the Doctoral Thesis consists of 814 smoothed NDVI
images obtained from Moderate Resolution Imaging Spectroradiometer (MODIS) Terra
satellite images with 250 m spatial resolution, the temporal resolution of seven days and 16-
bit radiometric resolution. These images cover the territory of Ventspils municipality.

NDVI images were downloaded from data service platform for MODIS vegetation indices
time series processing at Vienna University of Natural Resources and Life Sciences, which
also performs preparing of MODIS Terra NDVI images that includes smoothing pixel values
and filling missing values due to cloud cover or bad weather conditions [106].

In the Thesis, nonlinear and nonstationary univariate NDVI time series with elements of
additive noise and seasonal components are used [37]. Each element of time series is obtained
with a period of one week. The number of observations for each NDVI time series is 814 and
an interval of values [-1; 1].

The Doctoral Thesis solves a forecasting task where a short-term forecast of the NDVI
time series has been calculated for one week, using data preprocessing, signal decomposition,
linear algebra, and machine learning methods. For estimating accuracy, the following loss
functions have been used: root mean square error RMSE, directional symmetry DS and
adjusted coefficient of determination Rgd,..

The comparison of used methods [5], [13], [24], [38], [40], [60], [61] of forecasting
NDVI time series according to their suitability for forecasting nonlinear, nonstationary and
noisy time series is given in Table 1.1.
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Table 1.1

Comparison of Methods Used in NDVI Time Series Forecasting

Method§ e ARIMA Multiple linear | Feedforward
algorithms :
model regression neural network
Features
Suitability for modelling 3 3 +
nonlinear processes
Suitability for modelling + 3 +
nonstationary processes
Robustness against noise - - +

The studies [5], [13], [24], [38], [40], [60], [61] do not always achieve high forecasting
accuracy, but it depends on various factors, e.g. the use of additional data. Several studies
used additional input data such as data of temperature or rainfall data. Obtaining additional
data may be difficult, because:

e these data may not always be available for the specific pixel; more often these data are

available for large areas (average values in the municipality, district, etc.);

e additional data may not be available for free.

In all examined studies little attention is paid to the data preprocessing phase.
Preprocessing methods, which help to prepare input data set for time series forecasting tasks
so that forecasting accuracy can be increased, such as feature selection and feature extraction,
are not used.

Box-Jenkins ARIMA model as well as linear regression analysis used to forecast NDVI
time series in several studies are linear forecasting methods and are not robust to noise, while
NDVI time series are nonlinear and noisy [37]. Moreover, the identification of a suitable
ARIMA model is a time-consuming and resource-consuming procedure.

1.2. Analysis of Time Series Forecasting Studies With Signal Decomposition

Analysis of many time series forecasting studies, where decomposition methods are used,
is shown in Table1.2. The columns contain three decomposition methods: wavelet
decomposition [33], [84], empirical mode decomposition [33], [34], [51], [64], [95] and
variational mode decomposition [34], [51], [64], [84], [95], but the rows contain the relevant
forecasting methods used in different studies. Besides, two of those time series decomposition
methods are used in each study, providing an option of comparing the forecasting accuracy.

First, the forecasting method is used together with the first decomposition method, and
then with the other decomposition method. For the decomposition method, which is used to
achieve the highest forecasting accuracy, in the corresponding field “+” is applied , but for
other decomposition method used in the research “— is applied , as shown in Table 1.2. The
third decomposition method is not used in these studies.
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Table 1.2

Comparison of Decomposition Methods Used in Time Series Forecasting

s s s
Decomposition method b= 2l =
(7] = (%2] [72]
-9 8 ol § g
v o = ol .= Q|
E e g_ o £ E @ g
Forecasting method s3 £83| 8838
=5 WEB|>ED
Feedforward neural network [33] - +
Least squares support vector machine, extreme learning 3 4
machine [84]
Weighted regularized extreme learning machine [34] - +
Spiking neural network [95] - +
Generalized regression neural network [51] - +
Multi-kernel regularized pseudo inverse neural network [64] - +

Therefore, the field where the third decomposition method and corresponding forecasting
method intersect is coloured grey. It seems that most often the highest forecasting accuracy
for time series is achieved using VMD method.

Some of the authors in their studies [33], [95] use decomposition method to entire input
time series in the forecasting task and only then a training and test data set are created and
training of forecasting model is performed. However, the results that usually show a high
forecasting accuracy do not show the real situation for use of this approach, because only
historical observations are forecasted. In this case, a test data set is made from a part of
historical observations to which decomposition was previously applied. But in real time, there
are new values of time series, and their forecasting in these scientific articles [33], [95] is not
discussed. Therefore, it is impossible to determine whether these trained forecasting models
can forecast with equal accuracy new values of time series that will come to the time series
behind the last element of historical observations.

Other authors divide input time series into smaller fragments according to the length of
the window and apply the decomposition to each fragment separately [30], [34]. This means
that decomposition is applied to each data entry from the reconstructed phase space. In this
way, the signal decomposition methods used for frequency analysis can also be used to
forecast new values of time series (to forecast the values that come after historical data).

However, the main drawback of all studies of signal decomposition methods is that they
are not intended for decomposition of time series within the framework of forecasting tasks.
The first problem, if the VMD method in the input receives all historical time series
observations, is that calculating sub-signal values at some point of time, decomposition
methods use all values of input time series, including future observation values by time.
Accordingly, if the decomposition method uses all historical observations of input time series,
then each time, when a new observation arrives, the values of the sub-signals must be

12



recalculated by using decomposition method, which is applied on all historical observations
that also include latest observation, and all previously calculated values of sub-signals change
in all time steps. The second problem is that studies [33], [95] that use decomposition method
for entire input time series do not examine if it is possible to forecast a new value of time
series with an equivalent accuracy compared to what was obtained from historical NDVI
observation forecasting.

1.3. The Formal Statement of Task

To determine the value of processy = {y(t), t=1,2, ..., N}attimet=N + 1, where N is
the number of historical observations, it is necessary to establish a functional relationship
between y = {y(t)} values of historical observation and future values. Besides, it must be
noted that for this relationship the influence of historical values of the derived time
series uy = {ui(t)}, uz = {uz(t)}, ..., uk = {ux(t)} on the input time series should be taken into
account, as described in Equation (1.2):

y(t+1)=f(y(t),y(t-1),....,y(t-m+1),u,(t),u,(t-1),...,
u (t=m, +1),...uc (t),u (t=1),...,u (t=m +1))+&(t),
where y — input time series;
K — number of derived time series;
uy — the first derived time series;
uk — K-th derived time series;
m — length of the window, used for the input time series;

(1.2)

ms — length of the window, used for the first derived time series;
mk — length of the window, used for the K-th derived time series;
t—time;

€ — white noise.

Functional relationship (1.2) is a forecasting model. It is necessary to obtain a forecasting
model for which root mean square error (RMSE) value between true and forecasted values of
time series y = {y(t)} is minimal.

1.4. Conceptual Description of a Forecasting System

Based on the formal statement of the task, the structure of analysed data, as well as
literature review and analysis, and a conceptual scheme of forecasting system is proposed,
which includes methods and approaches of:

e signal processing (time series decomposition);

e (data preprocessing (phase space reconstruction, creating data sets, feature selection

and extraction);

e and machine learning.
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Based on the literature review and analysis, the requirements for forecasting system
are developed.

1.
2.

The forecasting system at the input receives only historical data of NDVI time series.

An approach should be developed that allows to approximate sub-signal values in each

time step ensuring the following:

e the values of sub-signal are available for all time steps where historical
observations of NDV1 time series are available;

e in each time step, the values of sub-signals are obtained without using the
variational mode decomposition method;

e when calculating the values of sub-signals in each new time step, the values of
sub-signals in previous time steps do not change.

To improve the forecasting accuracy of the forecasting model, it must be combined:

e with the data preprocessing methods (feature selection and feature
extraction methods);

e with the proposed sub-signal approximation approach.

In developing a forecasting system based on the requirements there are several
limitations:
1. The NDVI time series, each obtained from one pixel, are analysed and processed.

2.

Only short-term forecasting is performed — one-step ahead (for MODIS Terra NDVI
images used in Thesis, it is seven days).

The additional data are not used (such as data of air temperature, data of rainfall, other
vegetation indices, and data of land surface categories).

It is proposed to use the decomposition for data preprocessing to obtain a certain number
of sub-signals. Phase space reconstruction can be used to obtain an initial data set from the
scalar time series, which is divided into three parts. Feature selection can be used to determine
the informativeness of the features and to exclude non-informative features from all sets that
may reduce the accuracy of the forecasting. It is proposed to use the feature extraction in the
reduced feature sets to transform these sets according to certain criteria. Then these data sets
are passed into the input to forecasting method, which by learning on these data sets finds the
functional relationship (see Equation (1.2)) thus obtaining forecasting model that can be used
to forecast new values of the NDVI time series.
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2. OVERVIEW OF METHODS USED IN THE DEVELOPMENT
OF THE FORECASTING SYSTEM

The chapter gives an insight into the methods of data preprocessing and forecasting used
in the development of the forecasting system. One of the modern trends in the development of
forecasting systems is a combination of different methods and approaches; usually, different
data preprocessing methods are combined with one or more time series forecasting methods
[35], [80], [81], [85], [110]. That allows to compensate weaknesses of separate methods or
approaches and increase forecasting accuracy.

According to literature analysis, it is proposed to use a variational mode decomposition
(VMD) method [118] as time series decomposition method. To divide the scalar NDVI time
series and obtained sub-signals into fragments according to window length and obtain the
initial data set, the phase space reconstruction can be used. For phase space reconstruction, it
is proposed to use the popular time delay method [48]. The initial data set is divided into
training, validation and test data sets, where each of these sets consists of attribute (or feature)
set and forecasting parameter.

Each attribute in the data sets is a lagged value of NDVI time series and sub-signals. To
reduce training, validation and test attribute sets by selecting only informative attributes,
feature selection methods [26], [77] can be used. The popular feature selection method, which
can be used in time series forecasting tasks, is a stepwise regression analysis [99], which is
proposed to use in the developed system. It is important that the features do not linearly
correlate with each other and do not complicate the forecasting model training. Principal
component analysis (PCA) is a method that is often used for obtaining a linear uncorrelated
feature set [79]. The principal component method is proposed to use in the developed system
as a feature extraction method. As a forecasting method in the system, it is proposed to use the
layer recurrent neural network (LRNN), due to its ability to forecast nonlinear, nonstationary
and noisy time series with good accuracy [71].

2.1. Variational Mode Decomposition

In variational mode decomposition model, it is assumed that the real signal f consists of
several sub-signals ux, where k=1, ..., K is sub-signal number and K is the number of
sub-signals. A sub-signal or intrinsic mode function is an amplitude and frequency modulated
(AM-FM) signal [118] and can be described with Expression (2.1):

u, (t)= A (t)cos(4, (). (2.1)
where Ag(t) — k-th sub-signal amplitude;
ok(t) — k-th sub-signal phase;
t —time.
For any sub-signal, frequencies o change in a small range. Each of K sub-signals must be

centred around the centre frequency wk, which is calculated during decomposition. To
calculate sub-signals, it is necessary to minimize the sum of K sub-signal frequency
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bandwidth, provided that the sum of all K sub-signals is equal to the original signal [118]. The
unknowns are K sub-signal centre frequencies and K intrinsic mode functions that are centred
on these frequencies. Since some of the unknowns are functions, variational calculations are
used in VMD method.

To obtain the correct results in both signal endpoints, using the algorithm of variational
mode decomposition, the original signal is expanded, using “mirroring” [118]. The expanded
signal is twice as long as the original signal, and its length is T.

2.2. Phase Space Reconstruction With Time Delay Method

The phase space is an abstract space, which describes a set of possible states of the
system, where each possible state corresponds to the point in phase space [11]. For a chaotic
time series, a phase space reconstruction with a time delay method according to Taken’s
theorem [48] is used. Using Taken’s theorem, a chaotic and dynamic system can be described
with a set of delayed vectors. Using the phase space reconstruction method with a time delay,
it is necessary to find two parameters — the suitable values of the embedding dimension m and
time delay t. The accuracy of the time series prediction depends on these parameters. In the
formal statement, when searching for a functional relationship (1.2), as the window length m,
before the data preprocessing is finished, the reconstructed phase space dimension is used.

2.3. Stepwise Regression Analysis

Stepwise regression analysis is a systematic method for sequent feature selection, where
features (or attributes) are added to the multi-linear model and removed from it as a result of
automatic procedures, based on the statistical significance of the attribute in the regression
analysis [99].

The original stepwise regression model does not include any attribute. Then in each step
F-statistic p-value is calculated to test models with certain attributes [111]. The attribute with
the smallest p-value is added to the model, if it does not exceed the specified addition
threshold and if the null hypothesis of if this attribute having a zero coefficient is rejected.
Out of attributes that are already in the model, the attribute with the highest p-value is
removed from the model, if p-value of attribute exceeds the specific removal threshold, and if
the null hypothesis that this attribute has a zero coefficient is not rejected. However, the
stepwise regression analysis is not globally optimal [16].

2.4. Principal Component Analysis

Principal component analysis (PCA) is a statistical feature extraction method, which is
using the orthogonal transformation to transform a potentially correlating data (attributes

X,,%,,..., X in this work) set to linearly uncorrelated data set X;,%,,,...,X,, where m is the

p 1
dimensionality of original data set but p is the number of principal components [79].
The first step in the PCA algorithm is to normalize data so that the mean value of each
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attribute would be zero. Then, based on the normalized data, principal components are
calculated. Based on the attributes, a covariance matrix ¢ of a sample set is calculated for
which an eigenvector set M is obtained by performing the eigenvalue decomposition.
Principal components % are chosen in such a way that the first principal component X

contains the most variance of the original data, the second contains the second largest
variance of the original data; besides, it linearly does not correlate with X, , and so on.

2.5. Artificial Neural Networks

Artificial neural networks (ANN) is a form of artificial intelligence, which tries to imitate
the function of biological neurons that work in the human brain [85]. One of the most
common artificial neural network models is a multi-layer perceptron, which includes an input
layer, output layer and one or more hidden layers [85].

In the case of the prediction task addressed in this Thesis, the output layer contains one
neuron that gives the forecasted value of the time series. Each neuron in every layer receives
the weighted inputs from the previous layer, and these weighted inputs are summed up using
the combination function; this result of summing up is fed as an argument to activation
function, such as hyperbolic tangent, logistic or linear function [46], where this function value
is the output of the neuron, and it is fed to the next layer [85].

The aim of the neural network training is to reduce the global error, which is calculated
using a specific goal function. One of the most popular and effective non-linear optimization
methods is the Levenberg-Marquardt backpropagation algorithm with a Bayesian
regularization [85]. Bayesian regularization minimizes a linear combination of squared errors
and weights, leading to a smaller weights for neural network model; it allows obtaining
smoother forecasts and reduces overfitting capability for forecasting data [23]. As goal function,
using Bayesian regularization, the regularized mean square error MSEreg [23] is used.

Layer recurrent neural network (LRNN) is one of the dynamic, recurrent neural network
forms, which is created by adding the feedback connections from the hidden layer to
the context layer in multi-layer perceptron [18], [71]. The context layer stores the values of
the hidden layer with a time delay, thus providing useful information about the previous input
vector; besides, it determines the main quality — sequence memorizing [19].
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3. DEVELOPING THE SUB-SIGNAL APPROXIMATION
APPROACH

The chapter is devoted to the development of modification of variational mode
decomposition (VMD) method and development of approximation approach to the sub-signal,
obtained from modified VMD method, which allows to approximate value of sub-signal in
each time step.

3.1. The Usage of Original VMD Method in NDVI Time Series Forecasting

Two experiments are performed to evaluate the applicability of the original variational
mode decomposition (VMD) method in the NDVI time series forecasting task. The
experiment uses 100 NDVI time series that are selected by generating random numbers
corresponding to pixel rows and columns numbers in MODIS NDVI images. Each of the two
experiments is repeated 100 times.

The accuracy of NDVI time series forecasting is first tested using the original VMD method
to all historical observations of NDVI time series as it is done in the studies [33], [95]. In the
experiment, the NDV1 time series is fed into the input of the VMD method, obtaining a certain
number of sub-signals. Data sets consisting of sets of attributes and a forecasting parameter are
generated from the NDVI time series and all sub-signals. The data sets are preprocessed by
selecting informative, linearly uncorrelated features. The preprocessed data sets are fed into an
input to a layer recurrent neural network obtaining a forecasting model. The values of loss
functions obtained in the experiment: root mean square error RMSE, directional symmetry DS,
and adjusted coefficient of determination are given in Table 3.1.

In the next experiment, NDVI time series forecasting accuracy is tested using the original
VMD method for each NDVI time series fragment with a certain window length as it is done
in studies [30], [95]. The NDVI time series is divided into fragments with a certain window
length, resulting in data sets consisting of attribute sets and a forecasting parameter. Attribute
sets are preprocessed and the most informative, uncorrelated attribute sets are obtained. The
preprocessed data sets are fed into an input to a layer recurrent neural network obtaining a
forecasting model. The experiment is repeated for all 100 time series. The mean values of loss
functions for all 100 time series obtained in this experiment are given in Table 3.1.

Table 3.1
The Mean Values of Loss Functions in Experiments With Original VMD Method
Experiment No. 1 Experiment No. 2
Data set RMSE DS R? | RMSE DS R?

Training data set | 0.000027 | 99.94% | 1.00 | 0.0013 |97.53% | 0.99

Validation data set | 0.000040 | 99.99 % | 1.00 | 0.0016 |97.45% | 0.99
Test data set 0.046000 | 85.59% | 0.96 | 0.0011 |97.69 % | 0.99
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In the first experiment obtained values of forecast loss functions, which are shown in
Table 3.1.1, present a high forecast accuracy on training and validation data set. However,
obviously mean value of all three loss functions on test data set present unsatisfactory forecast
accuracy, and this forecasting model is not practically suitable for NDVI time series
forecasting. This is because the variational mode decomposition, calculating sub-signal values
in every time step t, uses all input signal values. In other words, each sub-signal value in
every time step t contains information about time series values in previous and future time
steps. To make the signal data available before the first and after the last NDVI time series
observation, the authors of original VMD method use signal “mirroring” extending time
series with values from historical observations [118]. In the second experiment the mean
values of loss functions, as can be seen in Table 3.1, show stable forecast accuracy on all
three data sets.

3.2. Modification of Variational Mode Decomposition Method

The original VMD method uses a “mirroring” algorithm [118]. If the signal input length
is N, then the signal midpoint is calculated: an integer from N /2. From the input signal all
elements from the first to N / 2 are taken and in reverse order are placed in front of the input
signal. Then all elements from N/ (2 + 1) to N are taken and in reverse mode are placed at the
end of the input signal. Thereby variational mode decomposition method works with a signal
whose length is T. However, from the perspective of time series forecasting, this “mirroring”
approach causes certain problems — extended parts of time series give investment in sub-
signal computing process, and hence affect the sub-signal values in time steps fromt=1 to
t=N. It leads to a problem that they can forecast with high accuracy only historical
observations of time series when developing forecasting models.

To solve the problem caused by “mirroring”, one of the options is not to use the extension
of time series but twice cut the number of original signal observations received by the VMD
method at the input. If all the original time series (that is used as extended time series) is with
the number of observations T, then the middle part of time series contains N observations,
and the obtained sub-signal is corresponding to those N observations. Now, the real
observations of the original time series will be replacing the extensions, and sub-signal values
will contain information about the true value of input time series in the next time steps. The
division of time series in the “extended” and “original” parts is shown in Fig. 3.1.
Accordingly, the extension at the beginning of the time series will include observations from
the first observation to the point obtained by the formula (3.1):

T
A=—+1. .
4+ (3.2)

The extension at the end of the time series corresponds to the observations of the original
time series from point C to the last observation. The endpoint of the new “original” NDVI
time series C is obtained by calculating the formula (3.2):
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c-3l1. (3.2)
4
The calculated proportionality of “original” (fragment AC) and “extended” time series
correspond to the proportionality of original and extended time series obtained using the
original VMD method. In other words, the length of original times series is half of the length
of extended time series; besides, the extended values are located at both endpoints of the
original time series.

The "extended” (original) NDVI time series

o8- n Mo
N \
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NDVI value
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Fig. 3.1. Division of NDVI time series to the “extended” and “original” part.

However, this modification is not yet applicable for forecasting new values of the NDVI
time series, because the obtained sub-signal values are available only for the middle part of
the input time series, as shown in Fig. 3.1. Accordingly, the time series value that can be
forecasted one time-step ahead will be located behind these middle part observations — in time
stept =N+ 1, while in the NDVI forecasting task the value has to be forecasted in time
stept=T+ 1.

An experiment is being conducted to test the accuracy of forecasting using the modified
VMD method for all historical observations of the NDVI time series. In the experiment
100 NDVI time series is used where each time series originally contains 814 observations.
Each time series is taken, and several iterations are performed, where first the first 70 %
observations are selected from time step t=1 tot=570, which together compose
570 observations (T = 570). The selected 570 observations are fed to modified VMD method
input and then sub-signals are obtained in time steps from t =143 tot =428, and together
each sub-signal contains 285 observations (N = 285). From NDVI time series and obtained
sub-signals reconstructed phase spaces are combined into a single data set, which is divided
into training and validation data sets. On these sets the selection of informativeness features is
performed using stepwise regression analysis, and obtaining of linearly uncorrelated features
using principal component analysis. The preprocessed training and validation data are fed to
an input of the layer recurrent neural network, which is learning on data.

When the forecasting model is obtained, it is used to forecast the value of NDVI time
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series in time stept=N+1. When the forecast is obtained, the first iteration of the
experiment is completed and the next 70 % observations are taken, and the process is
repeated. The observations of NDVI time series fromt=N+ 1 to t =T form a test data set.
Mean values of the loss functions from all 100 NDVI time series overall data sets obtained in
the third experiment are shown in Table 3.2.

Table 3.2
The Obtained Mean Values of Loss Functions in the Experiment With Modified
VMD Method
Data set RMSE DS R2

Training data set | 0.000058 | 99.88 % | 1.00

Validation data set | 0.000076 | 100% | 1.00
Test data set 0.000074 | 100% | 0.99

RMSE values obtained depending on the balancing parameter of the data-fidelity
constraint a at different sub-signal number K are shown in Fig. 3.2. Analysing Fig. 3.2, it can
be concluded that, firstly, RMSE values have a tendency to grow by increasing the accuracy
of the sub-signal sum values regulating parameter a. Secondly, the lowest RMSE values are
achieved using only one sub-signal. While analysing Table 3.2, it can be concluded that
forecasting new values of time series (one value forward in the selection of observations) now
shows high accuracy.

.10* RMSE values depending on parameter a on the test data sets
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Fig. 3.2. RMSE values depending on parameter a.

However, due to the reduction of the original time series forecasting is only possible in the
middle part of the original NDVI time series. It is also necessary to perform an experiment to
evaluate how the RMSE values change depending on how many digits of decimal places the
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sub-signal is using. The description of experiment matches the description of the third
experiment, where the modified VMD method for all historical observations of the NDVI
time series was used, except that a certain number of the last digits is successively discarded
for sub-signal. In the fourth experiment, 16 mean RMSE values (see Fig. 3.3) are obtained
using the sub-signal with the different number of decimal places.

«10™* RMSE values depending on the number of decimal places on the test data sets
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Fig. 3.3. RMSE values depending on decimal places of sub-signal.

Analysing Fig. 3.3 it can be concluded that RMSE value falls sharply from one to five
decimal places. The changes of RMSE values from six to sixteen digits of the decimal places
are small. The mean RMSE values from one to three digits of the decimal places vary
between 0.00164 and 0.0024. The mean RMSE value with four digits of the decimal places
is 0.00067. The mean RMSE values starting from five to sixteen digits of the decimal places
vary between 0.00049 and 0.000074.

In the second experiment the original VMD method is used for each fragment of NDVI
time series, and on the test data set obtained mean RMSE value is 0.0011. Therefore, in order
to obtain highest forecasting accuracy of NDVI time series, for approximated sub-signal at
least four correct digits of decimal places should be obtained compared with an original sub-
signal given by the modified VMD method.

3.3. Approximated Calculation of Sub-Signal Values

In order to perform NDVI time series prediction using sub-signal values as attributes, and
to look for a functional relation calculated by Equation (1.2), it is necessary to develop an
approach that allows approximate calculation of sub-signal values at any time step t. For this
purpose, the author proposes to use the solutions of linear equation systems (LES). The
system of linear equations [55] is described by Equation (3.3):

Aw =D, (3.3)
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where A — the coefficient matrix (m x n);
b — the vector of constant terms (m x 1);
w — the vector of unknowns (n x 1);
m — the number of equations;
n — the number of unknowns.

The kernel functions used in machine learning can be used to obtain a quadratic
coefficient matrix. The kernel function provides the transformation of data from an input
space to a multi-dimensional attribute or feature space [74]. If the data set used in
approximation algorithm consists of sub-signal u, whose number of observations is N, then by
submitting this sub-signal as a vector to the linear kernel function, N x N matrix is obtained
by Equation (3.4):

K () u(2)u() u(2)u(2) ... u(2)u(N)

= : (3.4)
(U(N)u(®) u(N)u(2) ... u(N)u(N)]
Solving the homogenous linear equations system with the singular value decomposition

(SVD) method where matrix (3.4) is used as the coefficient matrix, null space x is obtained
where the set of linearly independent solutions x describes Matrix (3.5):

x(1) x(2) %@  x(N) ]
(1) %(2) %(3) . %(N)

X= : (3.5)

_fol(l) Xva(2) X1 (3) . fol(N)_

Matrix (3.5) consists of N —1 linearly independent solutions and N variables. Now it is
possible to overwrite the linear kernel function (3.4) as a linear kernel function, which at the
input receives a data set of two vectors: NDVI time series Y with N observations and sub-

signal u, as shown in Matrix (3.6):

Cy@)y(@)+u@)u) .. y(@)y(N)+u(D)u(N)
K ([yu], [yu])= y(2)y(»)+u(2u() ... y(2)y(N)+u(2)u(N)

(3.6)

(N +u(N)u) . y(N)y(N)+u(N)u(N),

The null space (3.6) has one solution less than the number of unknowns. It is necessary to
obtain one more equation —to find the particular solution w of the first non-homogenous
linear equations system, where Matrix (3.7) is used as coefficient matrix As:
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1 y@y@)+u()u@)
1 y@y@)+u(2)u@)

yOY(N-3)+u(L)u(N-3) y() |
y(2)y(N-3)+u(2)u(N-3) y(2)

|1 y(N)Y@+u(N)u@) ... y(N)Y(N-3)+u(N)u(N-3)y(N)

(3.7)

In Matrix (3.7) with size N x (N—1), the first attribute is one’s vector, which allows
calculating the regression constant, but starting from the second to the penultimate attribute
has the corresponding attributes from linear kernel function (3.6). For depending parameter b
it is proposed to use the NDVI time seriesy. The solution is obtained using the non-linear
least squares method. Function (3.8) is used as a non-linear function f:

2 f—
f :W(1)+—‘S;r11+8+yw(N), (3.8)
where S — the weighted sum.
While the element of the weighted sum S(t), where t =1,...,N is calculated by (3.9):
N-2 . ] .
S(t)=w(2)+ > At iw(j), j=3,...N -1, (3.9)
i=2

By adding the obtained solution vector w to the null space solutions, the coefficient
matrix Az is obtained as shown in Equation (3.10):

() %(2) % (N-2)
%1 x(2) X, (N-2)

fa@) 0a(2) o %a(N=2) % a(N-D) %, 4(N)
L w(3) w(4) .. 0 0 0

X (N -1)
Xz(N _1)
(3.10)

The vector of constant terms by used in the second non-homogenous LES is also composed
of N elements. The elements of vector b(i), where i=1, ..., N—1 in the time stept are
obtained using the equation system (3.11):

(3.11)

YOYOx (L) + YOYx(2) +
Using the particular solution w and the vector of constant terms b, an unknown weighted

sum S can be calculated (from Equation (3.7). The vector element bx(i), where i = N then is
calculated by Equation (3.12):
b(i)=S(t)-w(2). (3.12)
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Thus, by solving the second non-homogenous linear equation system using the least
squares method in every time step t, where the coefficient matrix A, is obtained by Equation
(3.10) and the vector of constant terms b after equation system (3.11)) and Equation (3.12),
the particular solution w is obtained. To obtain sub-signal u approximated value in the time
step t, first Equation (3.13) is used, which allows obtaining N different U, (t) values, where

i=1,...,N:

(w()-y(®)y(@)

G (1) = 3.13
G, (1) 0 (3.13)
And by all i the average value is calculated by Equation (3.14):
N
U (t
a(t)= 2,00 , (3.14)

N

The result obtained by Equation (3.14) is an approximated value of sub-signal u in time
step t. Depending on the condition number of the coefficient matrix (see matrix (3.10)) used
in the second non-homogeneous system of linear equations, the resulting approximated values
may have different degrees of precision. Using the condition number of the matrix of
coefficients (3.10), the approximate number of digits can be calculated (Expression (3.15)),
by which the accuracy decreases, having obtained a solution to the system of linear equations:

M =log,,(cond(A,)). (3.15)

The second factor that affects the accuracy of the approximated sub-signal is the error
values of the solutions of the linear equation systems. This approximation approach uses
quadruple precision, which uses 34 decimal places.
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4. DEVELOPMENT OF FORECASTING SYSTEM NDVI FS

The chapter is devoted to the development of the NDVI time series forecasting system
(NDVI FS). The forecasting system NDVI FS consists of a user interface, data preprocessing
module, machine learning module, and a data store. The user interface is responsible for the
input of the pixel coordinates, as well as an option of sub-signal approximation approach (use
or not) obtained from modified VMD method.

When getting started, the user enters into the system three required element values via the
appropriate interface:

e The X coordinate or geographic longitude in the MODIS NDVI images according to

the coordinate system of these images.

e The Y coordinate or geographic latitude in MODIS NDVI images according to the

coordinate system of these images.

e The value of the optional element (1: use VMD sub-signal approximation approach, 0:

not use).

In the data preprocessing module, the data sets are created and preprocessed. In the
machine learning module, the forecasting model is trained and the NDVI time series
forecasting is performed. If the forecasting model and data preprocessing parameters for user-
selected (according to the input pixel coordinates) time series are not available in the data
store, then all available NDVI historical values are selected for the given pixel and saved in
the comma-separated value (CSV) file. This time series is fed to data preprocessing module.

4.1. Data Preprocessing Module

In the data preprocessing module in the block “DP1”, a decomposition of NDVI time
series and obtained sub-signal approximation is performed, if the user has chosen it (see
Fig. 4.1).

e The phase spaces are reconstructed for both time series using time delay method (or
only for the NDVI time series if the user has not selected the approximation of
the sub-signal).

¢ In the data set creation block, phase spaces are merged (if there are two phase spaces)
and then are divided into training (70 % of records), validation (15 % of records), and
test (70 % of data records) data sets. Each data set consists of the attribute (feature) set
and forecasting parameter.

e In block “DP3”, informative features are selected from all sets using stepwise
regression analysis, and linearly uncorrelated feature sets are obtained using principal
component analysis.

Now the obtained linearly uncorrelated training, validation and test attribute (feature) sets
with a forecasting parameter of training, validation, and test data sets are the output of data
preprocessing module.
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Fig. 4.1. Sub-signal approximation block “DP1”.

All the necessary data preprocessing parameters: coefficient matrix Az; particular solution
w; indices of informativeness features; the mean values of features and set of eigenvectors M
are saved in the data store with a unique identifier linking them with the particular NDVI
time series.
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4.2. Machine Learning Module

The machine learning module consists of two components: a training block and
forecasting block. In the input, the module receives a preprocessed training, validation, and
test data set from data preprocessing module. The output of the module is a forecast that is
provided to the user.

e In the training block the layer recurrent neural network performs training on the
training data set, evaluating the RMSE on validation data set. As a most suitable
LRNN forecasting model is chosen the one for which the smallest value of loss
function RMSE is achieved.

e With the best-found forecasting model short-term forecasting is performed on training,
validation and test data set forecasting parameter, and the values of loss
functions RMSE, DS and R;fdj on each of these sets are evaluated.

e When the most suitable LRNN forecasting model is found, then the parameters of this
model (weights and bias) are saved in the data store linking them by the unique
identifier with other data preprocessing parameters. The block output is the
forecasting model.

e When the forecasting model is obtained, it can be used for forecasting the new values
of NDVI time series by performing it in the forecasting block of NDVI time series
(see Fig. 4.2). After a certain time period, which in case of MODIS NDVI images is
seven days, the system receives a new available image, and the forecasting process can
be repeated by forecasting the next value.

The practical implementation of the NDVI FS system in the form of an application is done
using the high-level programming language MATLAB. The system is implemented using a
set of interrelated MATLAB functions (both built-in and author-developed) and script for
business logic, a Character-based User Interface (CUI), and a data store. The script is used to
start the system and call up all the necessary functions in a specific order, starting with
entering the user parameters. The data store is implemented in the form of data files stored on
the user’s data carrier.

The system's business logic includes calculating the NDVI time seriesshort-term forecast
using user input parameters, MODIS NDVI images in the data store, and certain algorithms.
In the developed system NDVI FS, all data preprocessing, LRNN model training and time
series forecasting are fully automated.

The development of the modified VMD method vmd_modified code is based on the
original VMD method code created by the authors of this method [119]. The development of
the sub-signal approximation approach, the search for suitable values for all required data
preprocessing parameters, as well as the search for suitable values of the LRNN parameters
are realized using the author’s MATLAB functions. The author is developing the sub-signal
approximation approach code using the MATLAB built-in function for null space calculation
(function null), nonlinear regression analysis with the least squares method (function
Isqcurvefit), and linear regression analysis with the least squares method (function Isglin).
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Fig. 4.2. Forecasting block.

Phase space reconstruction with time delay method is implemented with the help of the
function phasespace, which is part of the Chaotic Systems Toolbox [54]. For stepwise
regression analysis the built-in function stepwisefit is used. Principal component analysis
(PCA) is performed using the MATLAB Toolbox for Dimensionality Reduction [59]. For the
layer recurrent neural network (LRNN) model training the built-in function layrecnet is used.

The architecture, computing flow and data store operations of forecasting
system NDVI FS are shown in

Fig. 4.3. The NDVI FS system receives images from the preparation platform of the
MODIS images. The output of system NDVI FS is a short-term forecast of the NDVI time
series selected by the user (e.g. a farmer).
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Fig. 4.3. NDVI time series forecasting system NDVI FS.

Thus, the developed forecasting system NDVI FS is the stage in precision agriculture that
provides input data for the decision support system (see Fig. 4.4).
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Fig. 4.4. The developed system NDVI FS in precision agriculture.

On the basis of the NDVI index forecast the decision support system makes certain
decisions and issues recommendations to farmers.
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5. ASSESSMENT OF ACCURACY OF THE DEVELOPED
FORECASTING SYSTEM

The chapter is devoted to experiments with the developed forecasting system NDVI FS.
The accuracy of the forecasting system is compared with the accuracy that is achieved using
other forecasting methods. Each experiment is repeated 100 times each time taking a different
NDVI time series.

5.1. NDVI Forecasting With the Classical Methods

There are three experiments using classical prediction methods. The aim of one
experiment is to explore the simple moving average accuracy of forecasting task of NDVI
time. In the experiment for the NDVI time series phase space with different values of
dimension m is reconstructed. The phase space dimension m is searched in the interval [1; 50],
but time delay T = 1. The appropriate dimension m, and accordingly simple moving average
period is the value at which the minimum value of loss function RMSE is reached.

The aim of the next experiment is to explore the accuracy of continuous state space
Markov chains in the forecasting task of NDVI time series. The author described an
experiment using discrete time, discrete state space Markov chains for NDVI time series
forecasting in a study [91], while the use of m-th order discrete time, continuous state space
Markov chains for NDVI time series forecasting is described in the author’s paper [93]. In
the experiment, the continuous state space Markov chains with memory m are used. Since
the m-th order Markov chain is used, last m states or last m observations of time series are
used to forecast the next state. This combination of m states of Markov chain creates a
vector that is formally identical to state vector in the reconstructed phase space.

To forecast the next value of time series, the Euclidean distance between the last delayed
vector in phase space and all other delayed vectors is calculated. For the delayed vectors with
a low Euclidean distance the next values of time series that follows this vector in time are
taken and the forecast is obtained as the average value of all those next values.

The aim of the last experiment is to explore the accuracy of ARIMA methods in the
forecasting task of NDVI time series. In the experiment, the first 70 % observations are
selected for the NDVI time series on which model of ARIMA(p, d, q) is trained, where p is the
order of the autoregressive polynomial, d is differential operator order, and q is the order of
moving average polynomial. A model with the different value of p, d and q is created and the
forecast one time series unit forward is performed. Then the next 70 % of observations of
NDVI time series are selected, starting from time step t = 2, and forecasting for the next value
of time series is performed.

All values of time series corresponding to forecasted values of time series create a test
data set. In the end, those values of p, d and q are selected where the value of the loss function
RMSE between forecasted and observed values from the test data set is minimum.
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5.2. Characteristics of the Forecasting System NDVI FS Experiments

Two experiments are performed to evaluate the accuracy of the developed forecasting
system NDVI FS. The author described an experiment with Elman recurrent neural networks
for NDVI1 time series forecasting in a study [92], an experiment with LRNN for NDVI time
series forecasting in a study [87], and the use of a forecasting system NDVI FS that does not
apply VMD based approximation approach is described in the author's studies [88], [94].

The aim of the first experiment is to explore the accuracy of forecasting system NDVI FS
in forecasting task of NDVI time series without using the sub-signal approximation approach
obtained from the modified VMD method. The experiment is repeated 100 times.

The phase space with dimension m =50 and time delay T =1 is obtained from time
series of normalized difference vegetation index and thus input data set is obtained.
Input data set is divided into two parts: a set of attributes and forecasting parameter.
Both the set of attributes and forecasting parameter are divided into three parts,
providing training, validation and test data set.

From each feature set informative features are selected using stepwise regression
analysis, and the linearly uncorrelated feature sets are obtained using principal
component analysis.

Preprocessed training and validation data set are passed in layer recurrent neural
network input for training and for obtaining forecasting model.

The aim of the next experiment is to explore the accuracy of the forecasting system
NDVI FS of forecasting task of NDVI time series, using the sub-signal approximation
approach obtained from the modified VMD method.

Using the developed modification of the variational mode decomposition (VMD)
method with the sub-signal value approximation approach obtained from this method,
an appropriate sub-signal is obtained for normalized difference vegetation index. A
phase space with m =50 and time delay t = 1 is reconstructed for sub-signal as well as
phase space is reconstructed with the same parameters for the NDVI time series.

Phase spaces are combined to produce an input data set that is divided into two parts:
an attribute set and a forecasting parameter. Both the attribute set and forecasting
parameter are divided into three parts providing training validation and test data set.
From each feature set informative features are selected using stepwise regression
analysis, and linearly uncorrelated feature sets are obtained using the PCA.

The preprocessed training and validation data set are passed in layer recurrent neural
network input for training and for obtaining forecasting model.

In five experiments, the mean values of three loss functions: root mean square error
RMSE, directional symmetry DS, and adjusted coefficient of determination Ridj on the test
data sets are given in Table 5.1.
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Table 5.1
The Mean Values of Loss Functions

Forecasting method or system RMSE DS Rfd,-

The simple moving average 0.0442 | 93.40% | 0.94

A discrete time, continuous state space m-th order 00214 | 8376 % | 0.90
Markov chains ' ' '

Autoregressive integrated moving average 0.0108 | 93.85% | 0.96

Developed forecasting system NDVIFS without 00012 | 97.28% | 0.99
sub-signal approximation approach ' ' '

Developed forecasting system NDVIFS with 0.0009 | 98.80% | 0.99
sub-signal approximation approach ' ' '

Forecasting methods and systems in Table 5.1 are arranged by the decrease of the average
RMSE values or the increase of forecasting accuracy. It is concluded that a higher forecasting
accuracy is shown by the developed NDVI FS using the sub-signal approximation approach
obtained from modified variational mode decomposition method (RMSE = 0.00009,
DS = 98.80 % and adjusted R74; = 0.99).

5.3. Transfer of the Data Preprocessing Parameters and Forecasting
Models

Two experiments are carried out with transferring of the data preprocessing parameters
and models. The aim of one experiment is to explore the transfer of forecasting models to
NDVI time series of neighbouring pixels by forecasting without the new training, and without
using the sub-signal approximation approach.

e When on randomly chosen NDVI time series data preprocessing and training is
performed using the developed NDVI FS without approximation approach, all the
necessary parameters are saved, and a suitable forecasting model is obtained.

e Around this corresponding pixel of NDVI time series in satellite image, a grid is
drawn that corresponds to radius r = 5. Thus, around the chosen corresponding pixel
of NDVI time series a large grid of size 11 x 11 is drawn, where there are 120 pixels
excluding the trained central pixel.

e For each of these neighbouring pixels 120 NDVI time series are obtained and each of
these time series first is preprocessed and forecasted using from the training time
series obtained data preprocessing parameters and forecasting model.

e Then, on each of these time series data preprocessing parameters and the forecasting
model are individually obtained, then forecasts and RMSE values are calculated.

For each time series both RMSE values are compared. The experiment is repeated 100
times, each time forecasting 120 time series. In fifteen cases of the experiment obtained
results are shown in Fig. 5.1.
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Fig. 5.1. Application of the forecasting model without approximation approach.

On the left side of the binary image (see Fig. 5.1), the pixels that are marked yellow (the
value is one) are the ones on which time series can use transferred data preprocessing
parameters and forecasting model. The pixels that are marked blue (the value is zero) are the
ones on whose time series it is necessary to individually use the obtained data preprocessing
parameters and original forecasting model. On the right-hand side of Fig. 5.1, a Euclidean
distance with a threshold 0.8 is shown. Euclidean distances are calculated between the central
pixel time series and all other time series. Analysing Fig.5.1, it is concluded that by
transferring preprocessing parameters and forecasting models and by performing the
forecasting a similar RMSE value can be obtained, if between time series used in training the
and time series where there are used transferred parameters and models the Euclidean distance
is similar or lower than the value of threshold 0.8.

The aim of the next experiment is to explore the transfer of forecasting models to NDVI
time series of neighbouring pixels by forecasting without the new training, and using the sub-
signal approximation approach.

e The 11 x 11 pixel grid is obtained from the satellite image (121 pixels in total), where
the central pixel is the pixel on which NDVI time series preprocessing and training
are performed.

e Each of the 120 time series is preprocessed and predicted, first, using the transmitted
parameters and models derived from the central pixel NDVI time series, and then using
the individual parameters and models obtained on each time series, in both cases
calculating the RMSE values between the observed and the predicted NDVI time series.

The experiment is repeated 100 times each time forecasting 120 time series. The results
obtained from the first fifteen cases of the experiment are shown in Fig. 5.2.
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Fig. 5.2. Application of the forecasting model with approximation approach.

Also, on the left in Fig. 5.2. there is a binary image where in yellow are marked those
pixels on which time series can transfer data preprocessing parameters and forecasting model,
but in blue are marked those pixels on which time series it is not possible to perform transfer.
On the right in Fig. there is the binary image of the Euclidean distance with a threshold 0.1
where Euclidean distances are calculated between time series from the central pixel and all
other time series. Analysing Fig., it is concluded that transferring of preprocessing
parameters and forecasting model that are obtained from central pixel time series of
normalized difference vegetation index can be used to forecast other NDVI time series with
the similar values of RMSE if between the time series used in training and time series where
transferred parameters and models are used, a Euclidean distance should be lower or equal
than the value of threshold 0.1.
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RESULTS AND CONCLUSIONS

Within the framework of the Doctoral Thesis, a forecasting system of NDVI time series
NDVIFS has been developed, which provides forecasts of dynamics of the
short-term vegetation changes that are extremely important in precision agriculture. The
developed forecasting system is evaluated using the author’s proposed approximation
approach and without this approach to test the first hypothesis. To test the second hypothesis,
model transfer experiments were performed, using parameters and models of one NDVI time
series to forecast other NDVI time series. When the tasks set in the Doctoral Thesis were
solved, the following main results were obtained.

1. Analysis of scientific literature on forecasting time series of normalized difference
vegetation index was performed. Defined requirements and the choice of forecasting
method for developing the system were reasoned.

2. Analysis of scientific literature on forecasting time series using a different signal
decomposition method used in frequency analysis was performed. The choice of the
decomposition method in forecasting task of NDVI time series and the need for
approximation of the sub-signal was justified.

3. Approximation approach of sub-signal that is obtained usingmodified variational
mode decomposition method is developed, which allows to approximate sub-signal
values for all time steps for which historical observations of normalized difference
vegetation index are available.

4. The forecasting system of time series of normalized difference vegetation index is
developed, which is based on a set of specialized methods and approaches. It allows
increasing the accuracy without using additional input data such as air temperature,
rainfall, and land surface categories, as well as other vegetation indices. The whole in
the system implemented data preprocessing process, LRNN model training and time
series forecasting is automatized.

5. Evaluation of the developed system NDVI FS was performed, its accuracy both using
and without using sub-signal approximation approach has been compared to a simple
moving average, a discrete time, continuous state space m-th order Markov chains and
an autoregressive integrated moving average accuracy in  NDVI time
series forecasting.

6. An approach is developed for transferring the trained forecasting model and
appropriate data preprocessing parameters to the territory where forecasting models
are not available. The forecasting accuracy in many cases is similar to the results
provided by a trained forecasting model for a specific time series of normalized
difference vegetation index.

The following conclusions were reached during the development of the Doctoral Thesis.

1. In studies on forecasting of time series of normalized difference vegetation index data
preprocessing methods are not sufficiently used, which does not allow to achieve high
forecasting accuracy.
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2. The developed forecasting system performs a short-term forecast of the new value of
the time series of normalized difference vegetation index using only the NDVI
historical values.

3. The developed approach approximates the sub-signal of the variational mode
decomposition at any time step where the historical values of the time series of
normalized difference vegetation index are available; it allows using the approximated
sub-signal to forecast the new values of the NDVI time series.

4. The accuracy of the approximated sub-signal depends on the condition number of the
coefficient matrix of the second linear equations system and the error size of the
particular solution of the first linear equations system.

5. The accuracy of forecasting that uses the system developed with the approximation
approach proposed by the author is higher than without using this approach, which
confirms the first hypothesis.

6. The forecasting accuracy of forecasting system NDVIFS used with or without the
approximation approach proposed by the author is higher than the accuracy achieved
by forecasting NDVI time series with a simple moving average, a discrete time,
continuous state space m-th order Markov chains and an autoregressive integrated
moving average.

7. Using forecasting system NDVIFS and training on NDVI time series the data
preprocessing parameters and forecasting model can be obtained, which can be used to
forecast other NDVI time series with similar accuracy compared to the accuracy that
can be achieved by forecasting the time series with individually obtained data
preprocessing parameters and forecasting model, if a Euclidean distance between both
the time series is less or equal to the defined threshold, which confirms the
second hypothesis.

8. The developed system NDVI FS without approximation approach can be used, if it is
necessary to forecast values of the time series of normalized difference vegetation
index for a large area in a relatively short period and where a slight decrease in
forecasting accuracy is allowed.

9. The developed forecasting system NDVI FS with the approximation approach can be
used when forecasts of the time series of NDVI with higher accuracy are needed, but
for a relatively small area.

Further research is related to the improvement of the models and parameters transfer
approach with a more precise definition of conditions where such a transfer can be performed
as well as an improvement of the sub-signal approximation approach.

37



10.

11.

12.

13.

14.

15.

16.

BIBLIOGRAPHY

Adhikari, R., Agrawal, R. K. An Introductory Study on Time series Modeling and
Forecasting. Germany: LAP Lambert Academic Publishing, 2013. 76 p.

ADVANPIX. Multiprecision Computing Toolbox [online]. [viewed 2 March 2019].
Available from: https://www.advanpix.com/.

Ahmed, D., Elkettan, Y., Kasem, A. Application of Statistical Methods of Time-Series
for Estimating and Forecasting the Wheat Series in Yemen (Production and Import).
American J. Applied Mathematics. 2016, vol. 4, no. 3, pp. 124-131.

Allisy-Roberts, P., Williams, J. Farr's Physics for Medical Imaging. 2" ed. Saunders
Ltd, 2007. 216 p.

Asoka, A., Mishra, V. Prediction of Vegetation Anomalies to Improve Food Security
and Water Management in India. Geophysical Research Letters. 2015, vol. 42, no. 13,
pp. 5290-5298.

Atsalakis, G. S., Skiadas, C. H., Nezis, D. Forecasting Chaotic Time Series by a Neural
Network. In: Proc. of the 1% Chaotic Modeling and Simulation Intern. Conf., June 3-6,
2008, Chania, Greece. Chania: CRC Press, 2008, pp. 77-82.

Badamasi, M. M., Yelwa, S. A., Abdul Rahim, M. A., Noma, S. S. NDVI Threshold
Classification and Change Detection of Vegetation Cover at the Falgore Game Reserve in
Kano State, Nigeria. Sokoto J. of the Social Sciences. 2015, vol. 2, no. 2, pp. 174-194.
Bell, A. A, Seiler, C., Kaftan, J. N., Aach, T. Noise in High Dynamic Range Imaging.
In: Proc. of 15" IEEE Intern. Conf. on Image Processing, October 12-15, 2008, San
Diego, USA. IEEE, 2008, pp. 561-564. Bronson, R., Costa, G. B. Linear Algebra: An
Introduction, 2" ed. USA: Academic Press, 2007. 520 p.

Bortolot, Z. J., Wynne, R. H. Estimating Forest Biomass Using Small Footprint LIDAR
Data: An Individual Tree-Based Approach That Incorporates Training Data. ISPRS J. of
Photogrammetry and Remote Sensing. 2005, vol. 59, no. 6, pp. 342-360.

Bronson, R., Costa, G. B. Linear Algebra: An Introduction. 2" ed. USA: Academic
Press, 2007. 520 p.

Chakrabarti, G., Sen, C. Anatomy of Global Stock Market Crashes. Springer India,
2012. 62 p.

Choi, G., Oh, H. S., Kim, D. Enhancement of Variational Mode Decomposition with
Missing Values. Signal Processing. 2018, vol. 142, pp. 75-86.

Clements, N., Sarkar, S., Wei, W. Multiplicative Spatio-Temporal Models for Remotely
Sensed Normalized Difference Vegetation Index Data. J. of International Energy
Policy. 2014, vol. 3, no. 1, pp. 1-14.

Coulibaly, P., Baldwin, C. K. Nonstationary Hydrological Time Series Forecasting Using
Nonlinear Dynamic Methods. J. of Hydrology. 2005, vol. 307, no. 1, pp. 164-174.

Crone, S. F. Prediction of White Noise Time Series Using Artificial Neural Networks
and Asymmetric Cost Functions. In: Proc. of the Intern. Joint Conf. on Neural
Networks, July 20-24, 2003, Portland, USA. IEEE, 2003, 3582 p.

Draper, N. R., Smith, H. Applied Regression Analysis. 3" ed. Hoboken, New Jersey:

38



17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Wiley, 1998. 736 p.

Du, R., Yang, H. An Improved Weighted Moving Average Methods Based on
Transferring Weights for an Analytical Process Data. The Open Automation and
Control Systems Journal. 2014, vol. 6, pp. 1886-1890.

El-Sharkh, M. Y., Rahman, M. A. Forecasting Electricity Demand Using Dynamic
Anrtificial Neural Network Model. In: Proc. of the 2012 Intern. Conf. on Industrial
Engineering and Operations Management, July 3-6, 2012, Istanbul, Turkey. 2012,
pp. 1691-1694.

Elman, J. L. Finding Structure in Time. Cognitive Science. 1990, vol. 14, no. 2,
pp. 179-211.

Elsner, J. B. Predicting Time Series Using a Neural Network as a Method of
Distinguishing Chaos from Noise. J. of Physics A: Mathematical and General. 1999,
vol. 25, no. 4, pp. 843-850.

Fan, J., Yao, Q. Nonlinear Time Series: Nonparametric and Parametric Methods. New
York: Springer, 2003. 552 p.

Fattahi, S., Ravandi, S. A. H., Taheri, S. M. Two-Way Prediction of Cotton Yarn
Properties and Fiber Properties using Multivariate Multiple Regression. J. of the Textile
Institute. 2011, vol. 102, no. 10, pp. 849-856.

Fernandez, M., Caballero, J., Fernandez, L., Sarai, A. Genetic Algorithm Optimization
in Drug Design QSAR: Bayesian-regularized Genetic Neural Networks (BRGNN) and
Genetic Algorithm-optimized Support Vectors Machines (GA-SVM). Molecular
Diversity. 2011, vol. 15, no. 1, pp. 269-289.

Fernandez-Mansoa, A., Quintanob, C., Fernandez-Mansoa, O. Forecast of NDVI in
Coniferous Areas using Temporal ARIMA Analysis and Climatic Data at a Regional
Scale. Int. J. Remote Sensing. 2011, vol.32, no. 6, pp. 1595-1617.

Fletcher, T., Redpath, F., Alessandro, J. D. Machine Learning in FX Carry Basket
Prediction. In: Proc. of the World Congress on Engineering, vol. Il, July 1-3, 2009,
London, United Kingdom. Newswood Limited, 2009, pp. 1371-1375.

Foresti, L., Tuia, D., Timonin, V., Kanevski, M. Time Series Input Selection using
Multiple Kernel Learning. In: Proc. of the 18" European Symposium on Artificial
Neural Networks, Computational Intelligence and Machine Learning (ESANN 2010),
April 28-30, 2010, Bruges, Belgium. D-side Publishing, 2010, pp. 123-128.

Gallaher, D., Campbell, G. G., Meier, W., Moses, J., Wingo, D. The Process of
Bringing Dark Data to Light: The Rescue of the Early Nimbus Satellite Data. GeoResJ.
2015, vol. 6, pp. 124-134.

Geoimage. Satellite Overview [online]. [viewed 2 March 2019]. Available from:
https://www.geoimage.com.au/.

Grinchenko, N. N., Baranchikov, A. I., Tokarev, A. V. Terrain Objects Edge Detection
in Noisy GPS Images. In: ITM Web of Conferences: 6" Seminar on Industrial Control
Systems: Analysis, Modeling and Computation, February 25-26, 2016, Moscow,
Russia. EDP Sciences, 2016, article no. 03004.

Haykal, V., Cardot, H., Ragot, N. A Combination of Variational Mode Decomposition

39



31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

with Neural Networks on Household Electricity Consumption Forecast. In: Proc. of
Intern. Work-Conf. on Time Series (ITISE 2017), September 18-20, 2017, Granada,
Spain. Granada: Godel Impresiones Digitales S. L., 2017, pp. 740-752.

Hazledine, S., Sun, J., Wysham, D., Downie, J. A., Oldroyd, G. E. D., Morris, R. J.
Nonlinear Time Series Analysis of Nodulation Factor Induced Calcium Oscillations:
Evidence for Deterministic Chaos? PLoS ONE. 2009, vol. 4, no. 8, p. e6637.

Hossain, A., Nasser, M. Recurrent Support and Relevance Vector Machines Based
Model with Application to Forecasting Volatility of Financial Returns. Journal of
Intelligent Learning Systems and Applications. 2011, vol. 3, pp. 230-241.

Huang, D., Wu, Z. Forecasting Outpatient Visits using Empirical Mode Decomposition
Coupled with Back-Propagation Artificial Neural Networks Optimized by Particle
Swarm Optimization. PLOS One. 2017, vol. 12, no. 2, p. e0172539.

Huang, N., Yuan, C., Cai, G., Xing, E. Hybrid Short Term Wind Speed Forecasting
Using Variational Mode Decomposition and a Weighted Regularized Extreme Learning
Machine. Energies. 2016, vol. 9, no. 12, pp. 1-19.

Huang, S. C., Hsieh, C. H. Wavelet-based Relevance Vector Regression Model Coupled
with Phase Space Reconstruction for Exchange Rate Forecasting. Int. J. Innovative
Computing, Information and Control. 2012, vol. 8, no. 3, pp. 1917-1930.

Huete, A. R. Environmental Monitoring and Characterization. Academic Press, 2004.
410 p.

Jensen, J. R. Introductory Digital Image Processing: A Remote Sensing Perspective. 3"
ed. Upper Saddle River, N.J.: Pearson/Prentice Hall, 2005. 526 p.

Ji, L., Peters, A. J. Forecasting Vegetation Greenness with Satellite and Climate Data.
IEEE Geoscience and Remote Sensing Letters. 2004, vol. 1, no. 1, pp. 3-6.

Joo, J. M. Diversity and Temporality of Chaotic Events. Industrial Data. 2016, vol. 19,
no. 1, pp. 125-130.

Kang, L., Di, L., Deng, M. Forecasting Vegetation Index Based on
Vegetation-Meteorological Factor Interactions with Artificial Neural Network. In: Proc.
of the 5th Intern. Conf. on Agro-Geoinformatics (Agro-Geoinformatics 2016), July 18—
20, 2016, Tianjin, China. Tianjin: IEEE, 2016, pp. 1-6.

Kantz, H., Holstein, D., Ragwitz, M., Vitanov, N. K. Markov Chain Model for
Turbulent Wind Speed Data. Physica A: Statistical Mechanics and its Applications.
2004, vol. 342, no. 1-2, pp. 315-321.

Karaca, E., Durmaz, B., Aktug, H., Yildiz, T., Guducu, C., Irgi, M., Gulcihan, M.,
Koksal, C., Ozkinay, F., Gunduz, C., Cogulu, O. Erratum to: The Genotoxic Effect of
Radiofrequency Waves on Mouse Brain. J. of Neuro-Oncology. 2012, vol. 107, no. 3,
pp. 665-671.

Kay, S. M. Fundamentals of Statistical Signal Processing: Estimation Theory. Upper
Saddle River, New Jersey, USA: Prentice-Hall, 1993. 608 p.

Kayri, M. Predictive Abilities of Bayesian Regularization and Levenberg-Marquardt
Algorithms in Artificial Neural Networks: A Comparative Empirical Study on Social
Data. Mathematical and Computational Applications. 2016, vol. 21, no. 20, pp. 1-11.

40



45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Khan, M. J., Yousaf, A., Khurshid, K., Abbas, A., Shafait, F. Automated Forgery
Detection in Multispectral Document Images Using Fuzzy Clustering. In: Proc. of 13"
IAPR Intern. Workshop on Document Analysis Systems (DAS), April 24-27, 2018,
Vienna, Austria. IEEE, 2018, pp. 393-398.

Khashei, M., Bijari, M. An Artificial Neural Network (p, d, q) Model for Timeseries
Forecasting. Expert Systems with Applications. 2010, vol. 37, no. 1, pp. 479-489.

Kim, T. Y., Oh, K. J., Kim, C., Do, J. D. Artificial Neural Networks for Non-stationary
Time Series. Neurocomputing. 2004, vol. 61, pp. 439-447.

Klapetek, P. Quantitative Data Processing in Scanning Probe Microscopy. SPM
Applications for Nanometrology. 2" ed. Elsevier, 2018. 416 p.

Klikova, B., Raidl, A. Reconstruction of Phase Space of Dynamical Systems Using
Method of Time Delay. In: WDS'11 Proceedings of Contributed Papers, Part Ill, May
31-June 3, 2011, Prague, Czech Republic. Prague: Matfyzpress, 2011, pp. 83-87.
Kochura, Y. P., Stirenko, S., Alienin, O., Novotarskiy, M, Gordienko, Y. G.
Performance Analysis of Open Source Machine Learning Frameworks for Various
Parameters in Single-Threaded and Multi-Threaded Modes. In: Proc. of CSIT 2017:
Advances in Intelligent Systems and Computing I, September 5-8, 2017, Lviv, Ukraine.
Springer, Cham, 2017, pp. 243-256.

Lahmiri, S. A Variational Mode Decomposition Approach for Analysis and Forecasting
of Economic and Financial Time Series. Expert Systems with Applications. 2016,
vol. 55, pp. 268-273.

Lau, K. T., Guol, W., Kiernan, B., Slater, C., Diamond, D. Non-Linear Carbon Dioxide
Determination using Infrared Gas Sensors and Neural Networks with Bayesian
Regularization. Sensors and Actuators B: Chemical. 2009, vol. 136, no. 1, pp. 242-247.
Leine, R., Wouw, N. V. D. Stability and Convergence of Mechanical Systems with
Unilateral Constraints. Berlin: Springer, 2008. 236 p.

Leontitsis, A. Chaotic Systems Toolbox [online]. [viewed 2 March 2019]. Available
from: https://se.mathworks.com/matlabcentral/fileexchange/1597-chaotic-systems-
toolbox.

Li, Z. C., Chiend, C. S., Huang, H. T. Effective Condition Number for Finite Difference
Method. J. Computational and Applied Mathematics. 2007, vol. 198, no. 1, pp. 208-235.
Li, Y., Voos, H., Darouach, M., Hua, C. An Application of Linear algebra Theory in
Networked Control Systems: Stochastic Cyber-Attacks Detection Approach. IMA J. of
Mathematical Control and Information. 2016, vol. 33, no. 4, pp. 1081-1102.

Lindgren, A. C., Johnson, M. T., Povinelli, R. J. Speech Recognition using
Reconstructed Phase Space Features. In: Proc. of the IEEE Intern. Conf. on Acoustics,
Speech, and Signal Processing (ICASSP '03), April 6-10, 2003, Hong Kong, China.
IEEE, 2003, pp. 60-63.

Liu, Z. Chaotic Time Series Analysis. Mathematical Problems in Engineering. 2010,
vol. 2010, Article ID 720190, 31 p.

Maaten, L. V. D. Matlab Toolbox for Dimensionality Reduction. [online]. [viewed 2
March 2019]. Available from: https://lvdmaaten.github.io/drtoolbox/.

41


https://www.sciencedirect.com/science/article/pii/S0925231204002371#!
https://www.sciencedirect.com/science/article/pii/S0925231204002371#!
https://www.sciencedirect.com/science/article/pii/S0925231204002371#!
https://www.sciencedirect.com/science/article/pii/S0925231204002371#!

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.
74.

75.

Manobavan, M., Lucas, N. S., Boyd, D. S., Petfor, N. Forecasting the Interannual
Trends in Terrestrial Vegetation Dynamics using Time Series Modelling Techniques.
In: ForestSAT Symposium, August 5-9, 2002, Heriot Watt University, Edinburgh,
United Kingdom. London: Kingston University Publishing, 2002, pp. 1-7.

Marj, A. F. Agricultural Drought Forecasting using Satellite Images, Climate Indices and
Artificial Neural Network. Int. J. Remote Sensing. 2011, vol. 32, no. 24, pp. 9707-9719.
Mitrea, C. A., Lee, C. K. M., Wu, Z. A Comparison between Neural Networks and
Traditional Forecasting Methods: A Case Study. Int. J. Engineering Business
Management. 2009, vol. 1, no. 2, pp. 19-24.

Nai, W., Liu, L., Wang, S., Dong, D. An EMD-SARIMA-Based Modeling Approach
for Air Traffic Forecasting. Algorithms. 2017, vol. 10, no. 4, article no. 139.

Naik, J., Dash, S., Dash, P. K., Bisoi, R. Short Term Wind Power Forecasting using
Hybrid Variational Mode Decomposition and Multi-Kernel Regularized Pseudo Inverse
Neural Network. Renewable Energy. 2018, vol. 118, pp. 180-212.

NASA. Landsat Science [online]. [viewed 2 March 2019]. Available from:
https://landsat.gsfc.nasa.gov.

NASA. LP DAAC. Land Process Distributed Active Archive Center [online]. [viewed 2
March 2019]. Available from: https://Ipdaac.usgs.gov/.

NASA. MODIS. Moderate Resolution Imaging Spectroradiometer Data [online].
[viewed 2 March 2019]. Available from: https://modis.gsfc.nasa.gov/.

Neumann, A., Krawczyk, H., Borg, E., Fichtelmann, B. Towards Operational
Monitoring of the Baltic Sea by Remote Sensing. In: Baltcoast 2004 — Managing the
Baltic Sea, April 26-28, 2004, Rostock- Warnemiinde, Germany. Rostock-Warnemiinde:
EUCC, 2004, pp. 211-218.

Ng’andwe, P., Mwitwa, J., Muimba-Kankolongo, A. Forest Policy, Economics, and
Markets in Zambia, 1st ed. Academic Press, 2015. 186 p.

Niaki, S. T. A., Hoseinzade, S. Forecasting S&P Index using Artificial Neural Networks
and Design of Experiments. J. of Industrial Engineering International. 2013, vol. 9,
no. 1. Available from: http://www.jiei-tsb.com/cjntent/9/1/1.

Nordin, F. H., Nagi, F. H., Abidin, A. A. Z. Comparison Study of Computational
Parameter Values between LRN and NARX in Identifying Nonlinear Systems. Turkish
Journal of Electrical Engineering and Computer Sciences. 2013, vol. 21, no. 4,
pp. 1151-1165.

Oyafuso, M., Carvalho, F. C., Takeshita, T., etc. Development and In Vitro Evaluation
of Lyotropic Liquid Crystals for the Controlled Release of Dexamethasone. Polymers.
2017, vol. 9, no. 8, pp. 330-346.

Panigrahi, N. Computing in Geographic Information Systems. CRC Press, 2014. 303 p.
Parikh, K. S., Shah, T. P. Support Vector Machine — A Large Margin Classifier to
Diagnose Skin Ilinesses. Procedia Technology. 2016, vol. 23, pp. 369-375.

Plessis, L. D., Xu, R., Damelin, S., Sears, M., Wunsch, D. C. Reducing Dimensionality
of  Hyperspectral Data with Diffusion Maps and Clustering  with
K-means and Fuzzy ART. Int. J. Systems, Control and Communications. 2011, vol. 3,

42



76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

no. 3, pp. 232-251.

Ram, R., Patra, S., Mohanty, M. N. Application of Variational Mode Decomposition on
Speech Enhancement. In: Proc. of the 2nd Intern. Conf. on Research in Intelligent and
Computing in Engineering, March 24-26, 2017, Gopeshwar, Uttrakhand, India.
Warsaw: Polskie Towarzystwo Informatyczne, 2017, pp. 293-296.

Ribeiro, G. H. T., Neto, P. S. G. de M., Cavalcanti, G. D. C., Tsang, I. R. Lag Selection
for Time Series Forecasting using Particle Swarm Optimization. In: The 2011 Intern.
Joint Conf. on Neural Networks (IJCNN), July 31 — August 5, 2011, San Jose, CA, USA.
IEEE, 2011, pp. 2437-2444.

Sahebjalal, E., Dashtekian, K. Analysis of Land Use-Land Covers Changes using
Normalized Difference Vegetation Index (NDVI) Differencing and Classification
Methods. African J. Agricultural Research. 2013, vol. 8, no. 37, pp. 4614-4622.

Saleh, J. M., Hoyle, B. S. Improved Neural Network Performance Using Principal
Component Analysis on Matlab. Intern. J. of The Computer, the Internet and
Management. 2008, vol. 16, no. 2, pp. 1-8.

Sallehuddin, R., Shamsuddin, S. M. H., Hashim, S. Z. M., Abraham, A. Forecasting
Time Series Data Using Hybrid Grey Relational Artificial Neural Network and Auto
Regressive Integrated Moving Average Model. Neural Network World. 2007, vol. 17,
no. 6, pp. 573-605.

Sallehudin, R., Shamsuddin, S. M. H., Hashim, S. Z. M., Abraham, A. Hybrid Grey
Relational Artificial Neural Network and Auto Regressive Integrated Moving Average
Model for Forecasting Time-Series Data. Applied Artificial Intelligence. 2009, vol. 23,
no. 5, pp. 443-486.

Satellite Imaging Corporation. Satellite Sensors [online]. [viewed 2 March 2019].
Available from: https://www.satimagingcorp.com/.

Seelan, S. K., Laguette, S., Casady, G. M., Seielstad, G. Remote Sensing Applications
for Precision Agriculture: A Learning Community Approach. Remote Sensing of
Environment. 2003, vol. 88, no. 1, pp. 157-169.

Seo, Y., Kim, S., Singh, V. P. Machine Learning Models Coupled with Variational
Mode Decomposition. A New Approach for Modeling Daily Rainfall-Runoff.
Atmosphere. 2018, vol. 9, no. 7, pp. 251-277.

Shabri, A., Samsudin, R. Daily Crude Oil Price Forecasting Using Hybridizing Wavelet
and Artificial Neural Network Model. Mathematical Problems in Engineering. 2014,
vol. 1, pp. 1-10.

Soloviev, V., Saptsin, V., Chabenko, D. Markov Chains Application To The Financial-
Economic Time Series Prediction. Computer Modelling and New Technologies. 2011,
vol. 14, no. 3, pp. 16-20.

Stepchenko, A. Normalized Difference Vegetation Index Forecasting using a Regularized
Layer Recurrent Neural Network. In: Proc. of the 3™ Virtual Multidisciplinary Conf.
QUAESTI, December 7-11, 2015, Zilina, Slovakia. Zilina: EDIS-Publishing Institution of
the University of Zilina, 2015, pp. 261-266.

Stepchenko, A. NDVI Index Forecasting using a Layer Recurrent Neural Network

43


https://www.satimagingcorp.com/

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.
101.

102.

Coupled with Stepwise Regression and the PCA. In: Proc. of the 5" Virtual Intern.
Conf. of Informatics and Management Sciences, March 21-25, 2016, Zilina, Slovakia.
Zilina: EDIS-Publishing Institution of the University of Zilina, 2016, pp. 130-135.
Stepchenko, A. Land Cover Classification Based on MODIS Imagery Data Using
Avrtificial Neural Networks. In: Proc. of the 11" Intern. Scientific and Practical Conf.
“Environment. Technology. Resources”, June 15-17, 2017, Rezekne, Latvia. Rezekne:
Rezekne Academy of Technologies, 2017, pp. 159-164.

Stepchenko, A., Borisov, A. Methods of Forecasting Based on Artificial Neural
Networks. Information Technology and Management Science. 2014, vol. 17, pp. 25-31.
Stepchenko, A., Chizhov, J. Applying Markov Chains for NDVI Time Series
Forecasting of Latvian Regions. Information Technology and Management Science.
2015, vol. 18, pp. 57-61.

Stepchenko, A., Chizhov, J. NDVI Short-Term Forecasting Using Recurrent Neural
Networks. In: Proc. of the 10" Intern. Scientific and Practical Conf. “Environment.
Technology. Resources”, June 18-20, 2015, Rezekne, Latvia. Rezekne: Rezeknes
Augstskola, 2015, pp. 180-185.

Stepchenko, A., Chizhov, J. Markov Chain Modelling for Short-Term NDVI Time
Series Forecasting. Information Technology and Management Science. 2016, vol. 19,
pp. 39-44.

Stepchenko, A., Chizhov, J., Aleksejeva, L., Tolujew, J. Nonlinear,
Non-stationary and Seasonal Time Series Forecasting Using Different Methods Coupled
with Data Preprocessing. Procedia Computer Science. 2016, vol. 104, pp. 578-585.
Sun, G., Chen, T., Wei, Z., Sun, Y., Zang, H., Chen, S. A Carbon Price Forecasting
Model Based on Variational Mode Decomposition and Spiking Neural Networks.
Energies. 2016, vol. 9, no. 1, pp. 1-16.

Susac, M. Z., Sarlija, N., Pfeifer, S. Combining PCA Analysis and Artificial Neural
Networks in Modelling Entrepreneurial Intentions of Students. Crotian Operational
Research Review. 2013, vol. 4, no. 1, pp. 306-317.

Savelis, Rolands. Signalu diskretizdcijas un atjaunoSanas panémienu izpéte. Promocijas
darbs. Riga: [RTU], 2013. 132 Ipp.

Teal, R., Tubana, B., Girma, K., Freeman, K. W., et al. In-Season Prediction of Corn
Grain Yield Potential Using Normalized Difference Vegetation Index. Agronomy
Journal. 2006, vol. 98, no. 6, pp. 1488-1494. ISSN 0002-1962.

Templ, M., Kowarik, A., Filzmoser, P. Iterative Stepwise Regression Imputation using
Standard and Robust Methods. Computational Statistics & Data Analysis. 2011, vol. 55,
no. 10, pp. 2793-2806.

Trefethen, L. N., Bau Ill, D. Numerical Linear Algebra. SIAM, 1997. 361 p.
Vaidyanathan, S. Analysis, Control, and Synchronization of a 3-D Novel Jerk Chaotic
System with Two Quadratic Nonlinearities. Kyungpook Mathematical Journal. 2015,
vol. 55, no. 3, pp. 563-586.

Valters, Gatis. FPGA Implementation of Parametrical Orthogonal Transform-Based
Experimental DSP Devices. Doctoral Thesis. Riga: [RTU], 2012. 180 p.

44



103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

Vasermanis E., Skiltere D., Krasts J. PrognozéSanas metodes. Riga: Latvijas
Universitate, 2004. 121 Ipp.

Ventspils novada pasvaldiba. Ventspils novada teritorijas planojums [tieSsaiste].
[skatits 2019. g. 2. marta]. Pieejams: http://www.ventspilsnovads.lv/
images/stories/Teritorijas%20planojumi/2016/Paskaidrojuma_raksts.pdf.

Vilde, A., Rucin§, A., Viesturs, D. Globalas PozicionéSanas Tehnologijas
Lauksaimnieciba. Jelgava: LLU Lauksaimniecibas tehnikas zinatniskais institiits, 2008.
47 lpp.

Vuolo, F., Mattiuzzi, M., Klisch, A., Atzberger, C. Data Service Platform for MODIS
NDVI Time Series Pre-Processing at BOKU Vienna: Current Status and Future
Perspectives. In: Proc. of SPIE — Earth Resources and Environmental Remote
Sensing/GIS Applications 111, September 25-27, 2012, Edinburgh, United Kingdom.
Vol. 8538. SPIE Press, 2012, p. 85380A.

Wafi, A. F. Historical Land Use/Land Cover Classification Using Remote Sensing. A
Case Study of the Euphrates River Basin in Syria. Heidelberg: Springer, 2013. 204 p.
Wang, Y. Remote Sensing of Coastal Environments (Remote Sensing Applications
Series). 1% ed. CRC Press, 2009. 458 p.

Xanthopoulou, G., Salamanis, A., Kehagias, D., Antoniou, ., Bratsas, C., Tzovaras, D.
Forecasting Power Output of Photovoltaic Systems Using Linear, Non-Linear and
Enhanced Models. In: Proc. of Intern. Work-Conference on Time Series (ITISE 2017),
September 18-20, 2017, Granada, Spain. Vol. 1. Godel Impresiones Digitales S.L.,
2017, pp. 129-140.

Yan, Q., Wang, S., Li, B. Forecasting Uranium Resource Price Prediction by Extreme
Learning Machine with Empirical Mode Decomposition and Phase Space
Reconstruction. Discrete Dynamics in Nature and Society. 2014, vol. 5, pp. 1-10.
Yusof, Z. M., Abdullah, S., Soaad, S., Yahaya, S. S. S. Comparing the Performance of
Modified Ft Statistic with ANOVA and Kruskal Wallis Test. Applied Mathematics &
Information Sciences. 2013, vol. 7, no. 2L, pp. 403-408.

Zhang, G. P. Time Series Forecasting using a Hybrid ARIMA and Neural Network
Model. Neurocomputing. 2003, vol. 50, pp. 159-175.

Zhang, G., Patuwo, B. E., Hu, M. Y. Forecasting with Artificial Neural Networks: The
State of the Art. Int. J. Forecasting. 1998, vol. 14, no. 1, pp. 35-62.

Zhang, G. P., Patuwo, B. E., Hu, M. Y. A Simulation Study of Artificial Neural
Networks for Nonlinear Time-Series Forecasting. Computers & Operations Research.
2001, vol. 28, no. 4, pp. 381-396.

Zhang, H., Liang, J., Chai, Z. Stock Prediction Based on Phase Space Reconstruction
and Echo State Networks. J. Algorithms & Computational Technology. 2013, vol. 7,
no. 1, pp. 87-100.

Zhang, J. S., Xiao, X. C. Predicting Chaotic Time Series Using Recurrent Neural
Network. Chinese Physics Letters. 2008, vol. 17. no. 2, pp. 88-90.

Zhao, J. H., Dong, Z. Y., Xu, Z. Effective Feature Preprocessing for Time Series
Forecasting. In: Proc. of the 2nd Intern. Conf. on Advanced Data Mining and

45


http://www.ventspilsnovads.lv/

118.

119.

120.

121.

Applications, ADMA 2006, August 14-16, 2006, Xi‘'an, China. Springer, 2006,
pp. 769-781.

Zosso, D., Dragomiretskiy, K. Variational Mode Decomposition. IEEE Transactions on
Signal Processing. 2013, vol. 62, no. 3, pp. 531-544.

Zosso, D. Variational Mode Decomposition [online]. 2013 [viewed 2 March 2019].
Available from: https://se.mathworks.com/matlabcentral/fileexchange/44765-
variational-mode-decomposition.

GIS-Lab. NDVI - meopus u npakmuxa [online]. [viewed 2 March 2019]. Available
from: http://gis-lab.info/ga/ndvi.html.

GIS-Lab. NDVI - meopus u [npaxmuxa] [online]. [viewed 2 March 2019]. Available
from: http://gis-lab.info/ga/ndvi2.html.

46


https://se.mathworks.com/matlabcentral/fileexchange/44765-variational-mode
https://se.mathworks.com/matlabcentral/fileexchange/44765-variational-mode
http://gis-lab.info/qa/ndvi.html

