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Abstract

Knowledge Discovery from Satellite Images for Drought
Monitoring

Getachew Berhan Demisse

Addis Ababa University, 2013

Drought is one of the most important challenges facing the planet. When it
happens, it usually results in serious economic, environmental, and social crises.
Despite the growing number of freely available biophysical, climate, and satellite
data for characterizing and modeling drought., research efforts have been
constrained to using only meteorological point data, such as the amount of rainfall,
for drought monitoring information. This point data is insufficient for representing
diversified ecosystems, and the data has coarse resolution levels (limited spatial
coverage). Researchers also have limited tools for data retrieval and integration for
improved drought identification and modeling, which usually results in a time delay
for information to reach decision makers. Taking this into account, this dissertation
research has three objectives: 1) identify the most relevant attributes for efficiently
implementing drought monitoring, 2) develop a new approach for extracting
knowledge from satellite imageries for improved identification and prediction of
drought, and 3) evaluate the new approach for national and regional drought
prediction applications. Using an exploratory research approach and modeling
research method, different data collection and analysis techniques were executed
using knowledge discovery in a database approach. The data mining models
developed using artificial neural network and regression tree models were able to
predict DroughtObject with accuracy of 0.70 — 0.95 correlation coefficients. in one-
to four months’ time lag. The developed DroughtObject model was evaluated for its
application in showing drought severity and food deficit status. There were positive
relationships between DroughtObject products and crop yield data up to 0.91 R®

values. The results confirmed that the model can directly be used by those who are
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currently responsible for drought monitoring and risk management. The new
concept developed in this research was prototyped and demonstrated in an easy-to-
use approach, with a focus on demonstrating the concept of DroughtObject
characterization and identification from a group of pixels. This demonstration also

revealed possible future system developments.

This dissertation research could help decision makers use advanced satellite
technology for effective drought monitoring and early warning systems in various
regions. Combined with proper policies, these systems can help to prevent famine
and starvation in food-insecure regions. Up to now, satellite technologies have been
used primarily in areas of meteorological applications. In this research, the main
emphasis is on mining knowledge from satellite images for drought risk assessment
and saving the lives of individuals who are affected by recurring droughts. The
findings of this research can help decision makers take timely and appropriate

actions to save lives in drought-affected areas using advanced satellite technology.

Keywords: Drought Monitoring; Drought Prediction; Geo-spatial Information;

Knowledge Discovery; Satellite Image
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1. Introduction

Chapter 1 Introduction

1.1  Knowledge Discovery in Database

Knowledge is power [1] and very important for solving human challenges [1. 2].
Nonaka [3] defined knowledge as justified true belief, and it is created and
organized by the flow of information. Useful knowledge for solving human
challenges is produced from the collection of useful information, which occurs in
the process of interaction between people sharing their experiences and information
sources [4]. In this process, information is a flow of messages. while knowledge is
created and organized by the flow of information, anchored on the commitment and
beliefs of its holder [3]. This understanding emphasizes an essential aspect of

knowledge that relates to human action [3, 4].

Nonaka [3] described two types of knowledge: explicit and tacit. Explicit
knowledge is a type of knowledge that is transmittable in formal, systematic
language. Tacit knowledge has a personal quality. which makes it hard to formalize
and communicate, and it is deeply rooted in action, commitment, and involvement

in a specific context.

This research is concerned with explicit knowledge [5]. specifically with the
patterns observed from data, where this pattern can easily be understood by humans
and validated by test data with some degree of certainty [6]. The practice of finding
useful patterns in data has been given a variety of names, including data mining [6].
knowledge extraction[7], information discovery [8], information harvesting [7, 91,
data archaeology [8]. and data pattern processing [7. 9. 10]. All of these terms
describe a robust computational technique known as Knowledge Discovery in
Database (KDD) [9]. Fayyad et al. [7] defined KDD as the overall process of
discovering useful knowledge from data, including data preparation, data selection,
data cleaning, incorporation of appropriate prior knowledge, and proper

interpretation of the results of mining.
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The KDD process has been described in several articles [7. 11, 12]. From these
articles, it is possible to divide the KDD process into four major steps: developing
and understanding the background domain. data preprocessing, data mining, and
knowledge construction. Background analysis is usually done to get an
understanding of the application domain. Data pre-processing includes data
selection, data cleaning. and data reduction. Data mining includes choosing the data
mining task and technique and applying the technique to search for interesting
patterns. Knowledge construction includes interpreting the mined patterns. often
through visualization, and consolidating the discovered knowledge, either by
incorporating the knowledge into a computational system or through documenting
the knowledge and reporting it to interested parties [10]. Data mining, which is the
application of specific algorithms for extracting patterns (models) from data, is an

important step in the KDD process [7].

Data mining is an interdisciplinary field. combining artificial intelligence. computer
science. machine learning, database management, data visualization, mathematical
algorithms, and statistics [1]. It is a tool and technology for KDD, which provides
different methodologies for decision making, problem solving, analysis,
integration, learning and innovation [1, 9]. For example, scientific understanding of
complex geographic problems often depends on the discovery, interpretation, and
presentation of the spatial patterns [13]. Guo et al. [13] indicated that identifying
such patterns becomes ever more challenging as powerful data collection and
distribution techniques produce geographic datasets of unprecedented size in many
application and research areas. These datasets are not only large in data volume but
also characterized by a high number of attributes or dimensions [14]. A spatial
dataset consists of two major components: a spatial location (longitude and latitude)
and a set of variables (descriptive data about a location) [13]. These datasets have
to exist to be considered as spatial dataset. In such a context, it is extremely
challenging to effectively and efficiently detect and understand relationships and
patterns in voluminous and high-dimensional data [10]. For such scenarios, data
mining is a tool for distilling data into information or facts implied by the data [I.

15-19]. In this study, for characterizing drought from satellite images and

(3]
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developing a model for discovering knowledge. recent developments in data mining

technologies were used.

1.2 Drought Modeling

Drought is a recurring extreme climate event characterized by below-normal
precipitation over a period of months to years, and it is a temporary dry period, in
contrast to the permanent aridity in arid areas [20]. Drought is manifested in erratic
and uncertain rainfall distribution in rainfall-dependent areas. Frequent and severe
droughts have become one of the most important natural disasters. In sub-Saharan
Africa, for example, drought is causing serious economic, social and environmental
crises [21]. Its effect is manifested by creating uncertainties in agricultural

economies [22].

Modeling drought is crucial for its management and predictions. In this study,
modeling is the process of discretizing the geographic phenomenon [23] of drought
in a space and time dimension [24-26]. The onset, duration and severity of droughts
are often difficult to determine, and their characteristics may vary significantly
from one region to another [27], which makes the modeling task challenging. One

of the most important attributes for modeling drought is rainfall records [28, 29].

Africa has a long history of rainfall fluctuations of varying lengths and intensities
[30]. Past studies showed differences in behavior of rainfall trends in Africa. at
different spatial and temporal scales. These studies also demonstrated a decrease in
rainfall in eastern Africa between 2003 and 2008 [31] where drought and famine
situations were periodically reported [32]. The causes of these droughts usually
remain unknown, which makes modeling and information system development

challenging.

Many studies have shown that the recent Sahel droughts resulted primarily from a
southward shift of the warmest sea surface temperatures (SSTs) and associated
Inter-Tropical Convergence Zone (ITCZ) [33], and the steady warming in the
Indian Ocean [20, 34]. ITCZ is the area encircling the earth near the equator where

winds originating in the northern and southern hemispheres come together; it is
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formed by vertical motion largely appearing as convective activity of thunderstorms
driven by solar heating [35]. Other studies [36. 37] also indicated that reduced
vegetation cover and surface evaporation may have provided a positive feedback

that enhanced and prolonged drought.

Drought has a particularly negative impact on agricultural production in the eastern
African region because most of the area’s agriculture is dependent on rainfall [38],
thus underscoring the need for simple and improved drought monitoring and early
warning information systems. The conventional approach to drought monitoring
and early warning systems using ground-based data collection is tedious, time
consuming and difficult [39]. In recent years, remote sensing data has increasingly
been used for monitoring agro-climatic conditions, the state of the agricultural
fields. and vegetation cover and for estimating crop yield in various countries. For
example. the Advanced Very High Resolution Radiometer (AVHRR) Normalized
Difference Vegetation Index (NDVI) data has been used in vegetation monitoring.
crop yield assessment and forecasting [40-44]. The National Oceanic and
Atmospheric Administration (NOAA) AVHRR series satellite data provide a long-
term record of NDVI data that can be used in the prediction of crop yields [39].
Prediction of crop yields is an important part of drought monitoring systems, as it is

one of the most important factors for ensuring the food security of a given region.

For drought and food security monitoring, the Famine Early Warning System
Network (FEWS NET) uses data from two operational remote sensing products on
a near-real time and spatially continuous basis [45]. These data include dekadal (ten
days) AVHRR NDVI images produced by the National Aeronautic and Space
Administration (NASA) and rainfall estimates (RFE) produced by the Climate
Prediction Center of NOAA. For the African continent, blended satellite RFE

images are produced by NOAA at 10 km spatial resolution [46].

Currently there are more than ten satellite rainfall products at different spatial and
temporal resolutions [47. 48]. The RFE data for this research was obtained from
Tropical Applications of Meteorology using Satellite (TAMSAT), which is
produced by the TAMSAT group at Reading University in the United Kingdom



1. Introduction

[48]. For the present research, the three-month Standard Precipitation Index (SPI)

was calculated from this RFE data.

The three-month SPI of a given month uses the precipitation total of the previous
two months and also the precipitation total of the specific month of interest. For
example, the SPI of September uses the precipitation total of July, August and
September itself. The three-month SPI is selected in this research because it gives
optimum estimation of short-term drought condition information and provides a

seasonal estimation of precipitation [49].

In this research, in addition to the three-month SPI, which was obtained from RFE
data, other biophysical, climate and satellite data were used for characterizing and
modeling drought. These datasets were combined using KDD computational
techniques. Using this computational technique. the state of the art of drought
identification, modeling and predictions in one to four months’ time periods were
demonstrated. Some of the results were also published in reputable journals [50,

51], a book chapter [52] and conference proceedings [53, 54].

1.3 Motivation

Because of climate change and uncertainties in future weather conditions, drought
information extraction research has gotten the attention of both politicians and
scientists [21]. The motivation for the research reported here was threefold: 1) to
contribute to drought risk-management efforts to monitor drought, which is one of
the top challenges to society, 2) to exploit the huge dataset from biophysical.
climate and satellite sources for drought monitoring research and risk-management,
and 3) to make this research applicable to real-life problem solving in Ethiopia.

where recurrence of drought is common.

The knowledge discovery and information extraction analysis in this research was
tested on real-life problem-drought monitoring. Most regions of the world are
affected by drought from time to time. Drought has had and will continue to have
some of the greatest impacts on climate. Drought has brought ancient civilizations

to their knees and led to famine, food scarcity, and loss of lives and property [55].
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Evidence suggests that the arcas affected by drought are increasing globally [56].
Many climate predictions anticipate a further increase in drought-affected regions
in the future [55]. Therefore. designing drought monitoring information is one of
the most important issues that needs to be researched for the world community [57.
58]. especially sub-Saharan African countries such as Ethiopia [21, 59]. Huge
datasets from biophysical. climate and satellite observations are extremely useful

for this problem solving research.

Despite the enormous economic, environmental, and societal impacts of drought,
there has never been a coordinated and integrated drought information system.
Given the importance of this extreme form of climate variability, it is critical that
drought should be studied appropriately and its information system designed
properly. with the hope of better understanding its nature and anticipating its

occurrence on short and long time scales [55].

Since drought is closely related to climate change [20. 60]. its behavior is
unexpected. This makes designing information systems for drought monitoring
challenging [57]. Fortunately, in this research, KDD can see the dimensions of both
the expected and unexpected aspect of the attribute under investigation [7. 10], such
as drought prediction in space-time dimensions.

The main purpose of this study was to design a new information system by
integrating the outputs from different research efforts using KDD. the new
computational technique, for the purpose of reducing the impact of drought on the
environment and people. It is also hypothesized that it is possible to identify. track
and model drought as a spatial object for its improved prediction and management.
DroughtObject here is the geographic phenomenon of drought characterized by a
group of pixels, where these pixels can be segmented into separate regions with
defined spatial location and attributes [61]. This concept is demonstrated in Figure
1.1. The assumption in this research was that it is possible to identify, model and

predict drought incidence by combining its key attributes with KDD.
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SDNDVI

Pixel location in X axis

Figure 1.1: Hypothesized graphical representation of DroughtObject identification and
modeling using 3D representation. The graph surfaces represent relatively low SDNDVI
deviation in the blue areas and the highest deviations in the deep red areas. High deviation
from historical mean means the occurrence or incidence of drought spatially.

1.4 Problem Statement

Drought is one of the most important challenges to humans [20]. When it happens,
it usually results in serious economic, environmental, and social crises [21, 55]. In
the past, drought was perceived as an extreme event in climatic systems, whereas in
reality it needs to be recognized as a normal occurrence [57], and its recurrence is
inevitable [55]. Drought has occurred many times in different parts of the world and
will continue to occur, and its adverse consequences are likely to increase because

of global warming and climatic change [20].

Between 1967 and 1992, droughts affected 50% of the 2.8 billion people who
suffered from all natural disasters [62]. In the past, out of a total of 3.5 million
people killed by disasters, 1.3 million were lost because of direct and indirect
impacts of droughts [62, 63]. Nearly 50% of the world’s most populated areas are
highly vulnerable to drought [22]. More importantly, almost all of the major
agricultural lands are located in these areas [64].

A report compiled by the United Nations Environmental Program (UNEP) and
World Bank indicated that about 180 million people in Africa live in drought-prone
areas, and 50 million people are threatened with starvation in case of rain failure
[22]. This report further indicated that from 1965 to 1999, a total of 330 drought
incidences were reported in Africa and caused about 880,000 deaths. In 1984/1985
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example, in some districts there are up to three meteorological stations whereas in
other districts there is only one station. Limited tools for data retrieval and
integration for improved drought identification and modeling have often resulted in

delayed delivery of information to decision makers.

In the past, computational techniques such as KDD were underutilized for
integrating the different data sources in drought risk-management applications. Past
efforts to use the data mining aspect of KDD on drought-related research include
Harms et al. [67, 68], Tadesse et al. [69-71], and Brown et al. [72]. KDD, the new
computational technique, has interesting data integration and knowledge delivery
methods. Unfortunately, past research in using KDD for drought monitoring
applications was very limited. In the present study, attempts have been made to
demonstrate the state of the art of KDD application for improved drought

monitoring information system design and development.
1.5 Research Questions and Objectives

To address the above-stated drought monitoring challenges, drought identification
and characterization from satellite images were examined using an object-oriented
approach. Here the assumption is that the episode or spatial extent of drought
depends on different parameters or attributes (e.g.. amount of rainfall, land cover,
elevation, etc.). These relevant attributes can be included in the analysis to improve
identification and characterization of drought. After including the most relevant
attributes, the basic processing units of image analysis are image segments (groups
of pixels characterizing drought). not single pixel [23, 61]. Based on this context,

this study has the following research questions:

I. What are the most relevant attributes for drought monitoring?

rJ

How is drought modeled as spatial object for improved identification and

prediction?

3. How is DroughtObject identified on satellite imagery evaluated using

ground observation data?
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To address these questions, the main objective of this research was to investigate
and develop a new spatial object modeling approach for detecting and predicting

drought using satellite images. In line with this, the specific objectives were to:

I. identify the most relevant attributes for efficiently implementing drought

monitoring.

2. develop a new approach for extracting knowledge from satellite imageries

for improved identification and prediction of drought, and

3. evaluate the new approach for national and regional drought prediction

applications.

Advanced satellite technology products with high temporal resolution are cost
effective and can serve to detect the onset of a drought. its duration and magnitude.
Such information can help decision makers to take appropriate actions in a timely
manner, as well as reduce the impact of drought and mitigate its adverse effects on

the environment and the society.

1.6 Research Framework

There are “two research paradigms in information systems (IS): behavioral science
and design science paradigms” [73]. As described by Hevner et al. [73]. the
behavioral science paradigm seeks to develop and verify theories that explain or
predict human or organizational behavior, whereas the design science paradigm
extends the boundaries of human and organizational capabilities by creating new
and innovative artifacts. From these two IS research paradigms, this PhD study
used the design science research paradigm and framework. The research framework
was chosen because of the nature of this research, which aims at developing a new
approach for extracting knowledge from satellite imageries for improved
identification and prediction of drought. Gregor [74] indicated that “design theory™
gives explicit prescriptions for constructing an artifact and mainly answers the

question of how to do something.
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Design science inherently is a problem solving process [73, 75]. In its problem
solving process, Hevner et al. [73] presented seven guidelines on how to conduct
design science research: design as artifact, problem relevance, design evaluation,
research contribution, research rigor, design as a search process, and
communication of research. These guidelines have been adapted for this research,
and the seven steps have been condensed into four: identification (which is design
as artifact), modeling (which includes problem relevance, design evaluation,
research contribution, and research rigor), prediction (which includes design as a
research process) and communication with stakeholders. The artifact for the process
of knowledge discovery from satellite imageries is presented in Figure 1.2. Detailed

discussions of the steps are presented in the following subsections.

Object

Modelli
Identification fling

® — - - Most relevant attributes

Prediction

Tracking
in time .
ot [

Quality control Stakeholders

Earth

Figure 1.2: An artifact for the process of knowledge discovery from satellite imageries
(adopted from Stein et al. [25]).

1.6.1 Identification

Identification of DroughtObject requires the conversion of raster pixel values to
objects. In remote sensing this means a segmentation of imagery followed by
classification of the individual imagery pixels. Typically, identification is done by
applying a segmentation routine, in which both the object and the uncertainty are
modeled [24]. The basic assumption here is that drought pixels have similar values,

which are different from non-drought pixel values in the vicinity.
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1.6.2 Modeling

The modeling steps developed by Jakeman et al. [76] were followed in this
research. According to their recommendation, there are about ten steps for
developing a scientific model: define model purpose, specify modeling context,
conceptualize and specify data, select model features, determine model structure
and parameter values, choose performance criteria and algorithm, identify model
structure and parameter values, verifications, quantification of uncertainty, and
model evaluation [24, 76]. These steps were followed in our DroughtObject

modeling process.
1.6.3 Prediction

Stein [24] indicated that when modeling and tracking an object over time, one way
to proceed is to define a parametric curve for the centroid and possibly other
parameters of membership functions and then predict at which location the curve
most likely will happen in a space-time dimension. These functions were developed
and then iterative tests were conducted for predicting DroughtObject in space-time

dimensions.
1.6.4 Communication to Stakeholders

Communication to stakeholders can be expressed in different ways: it may range
from visualization to assessment of cost and benefit of the research output [24].
Hevner et al. [73] indicated that design-science research must be presented both to
technology-oriented as well as management-oriented audiences. Technology-
oriented audiences need sufficient detail to enable the described artifact to be
implemented and used within an appropriate organizational context. This enables
practitioners, such as decision makers, to take advantage of the benefits offered by
the artifact, and it enables researchers to build a cumulative knowledge base for
further extension and evaluation. It is also important for such audiences to
understand the processes by which the artifact was constructed and evaluated. This
establishes repeatability of the research project and builds the knowledge base for

further research by design-science researchers in information systems. The outputs
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of this research were presented using cartographic technology or maps so that
decision makers can make intelligent decisions using recent satellite technology
products,

In this research, the hypothesis is that it is possible to model, monitor and predict
drought by integrating satellite and ground-based data. The conceptual frame of this
hypothesis is presented in Figure 1.3. This figure presents the conceptual
framework for understanding, executing and evaluating the new object-oriented
information extraction process using a design science paradigm in IS. The
information obtained using this framework can help decision makers in setting an

action plan that is likely to save drought victims in food-insecure areas.

Satellite data Ground data
1
Y Y
Biophyaical NOVI and KFE
Data Data
h
Mode! Buiding Mode! Evalustion Data
Procesung
I Mode! Evaluanon ]
l New approach for drought monitorng and early warming swstem J
b4

Cmsm Moniforing and Early wcmD
Information Delivery System

Figure 1.3: Flow chart showing the major steps in knowledge discovery from satellite
images for near real time drought monitoring and early warning systems. The last arrow
in this figure is a broken line, because the information delivery system will be addressed in
future research.

1.7 Research Contribution

The contribution of this research will be the applicability of the method developed
for drought monitoring information systems, and also the extension of the state-of-
the-art KDD problem solving approach. These two contributions are described in

this subsection.
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KDD. which is the nontrivial process of identifying valid, novel. potentially useful
data [7]. has an enabling role in managing and understanding patterns in drought
risk-management. From the actual applicability of the method for drought
monitoring information systems, this rescarch develops concept implementation
algorithms that enable drought monitoring institutions to improve drought risk

management. These include:

I. integrating different attributes from biophysical, climate and satellite data
sources,

2. extracting relevant data/information from drought episodes for near real
time decision making and/or prediction,

3. developing an applicable and easy-to-use model evaluation approach using

crop-yield data.

The developed algorithms can help drought experts and decision makers understand
the spatial and temporal relationships that exist between DroughtObject and global
climate events, which in turn can help them to get up-to-date information for
drought risk management. It is also hoped that this kind of frequently updated
information can lead to a risk-based drought management approach rather than a
crisis-based approach [21, 57]. This kind of drought management eventually leads
to proactive drought mitigation and gives decision makers the opportunity to relieve

the most suffering at the least expense [77].

In extending the state of the art of KDD, this research contributes in two major
aspects: 1) KDD is extended in the drought monitoring domain for practical
problem solving, and 2) KDD in this research is used in spatial context, whereas

past efforts were focused on non-spatial data or non-spatial context [10].

In implementing the steps in the KDD process in the drought monitoring domain,
all the steps. namely data selection, pre-processing, transformation, and data mining
using geo-information data [10], were demonstrated. Data mining in this case is
only one step of the KDD process. It involves the application of techniques for
distilling data into information or facts implied by the drought data. KDD in this

research is the higher level process of obtaining facts through data mining and



1. Introduction

distilling this information into knowledge to be used by decision makers at different
levels. This generally requires a human-level intelligence to guide the process and
interpret the results based on pre-existing knowledge [10]. The data miner, as
indicated by Gahegan et al. [78], is the critical interface between the syntactic
knowledge or patterns generated by machines and the semantic knowledge required
by humans for reasoning about the real world. In this case. a group of pixels was
identified and segmented from the input image on the real ground. Here, the KDD
process does not seek any arbitrary pattern from a database; rather, it seeks only
those that are interesting. These patterns are valid (a generalizable pattern, not
simply a data anomaly), novel (unexpected), useful (relevant) and understandable
(can be interpreted and distilled into knowledge) [7]. These interesting concepts are

practically demonstrated in the present research using drought as a domain.

The second important aspect, showing the practical applicability of KDD in spatial
context, means that DroughtObject has two important components, spatial and non-
spatial [13, 23] attributes (e.g., drought severity status). The spatial component of
DroughtObject is the spatial location (longitude and latitude) or the geometric
aspect of the data. which is usually challenging to represent and manage in the
database. Although the spatial aspect is challenging from data management
perspectives, it can add value to the data and make it easier for decision makers to

visualize and implement the information [10],

For drought monitoring applications of KDD, non-spatial data is not sufficient. The
reason for this is that drought data by its nature has a spatial location on earth.
Shekhar et al. [79] indicated that in the KDD analysis, if the object of interest has a
spatial component, standard KDD techniques with non-spatial data are not
sufficient. Specific reasons include the nature of geographic space, the complexity
of spatial objects and relationships as well as their transformations over time, the
heterogeneous and sometimes ill-structured nature of geo-referenced data, and the
nature of geographic knowledge. Taking this fact into account, the KDD analysis in
this research was done using spatial data for practically visualizing and managing
drought risk-management. In the past there were limited efforts to use spatial data
in KDD analyses [10].
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In general, the overall research output is expected to contribute to improving
drought monitoring information systems and preventing social and economic crises
in drought-prone areas, The method developed here can be directly implemented in
drought monitoring related risk management and mitigation efforts. The concepts

developed in this research were also prototyped as a startup for future full system

development.

1.8 Scope of the Study

This study is delimited by research approach, study area and dataset inputs. The
most usual way to classify the research approach is to distinguish the underlying
philosophical assumptions guiding the overall research. There are three different
philosophical assumptions: positivist. interpretive and critical research. According
to Myers [80], a positivist assumption is that reality is objectively given, and it can
be described by reference to the measurable properties that are independent of the
researcher. An interpretive paradigm. on the other hand. considers that reality can
only be accessed through social constructions, such as shared meanings. Critical
research makes the assumption that social reality is historically constituted and that
people are constrained in their actions by various forms of cultural and political
domains. From these three different paradigms, this PhD research is delimited by
the positivist philosophical paradigm, with the assumption that reality can be
described objectively by reference to the measurable properties of the geographic
phenomenon of drought. Furthermore. in this philosophical paradigm. the design
science research framework was used for explicitly modeling drought episodes in

space time dimensions.

In the context of the study site, the KDD drought modeling experiment was
executed in the ecosystems of Ethiopia. With coarse generalization, Ethiopia has
about nine different ecosystems (using vegetation type as a classification
parameter) [81]. This was decided because of the unavailability of ecosystem data
representing the diversified ecosystem types of Ethiopia. The result of this

modeling experiment can be generalized with optimum accuracy to the study area,
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and it was also assumed that the results may be generalized and applied to other

similar ecosystems in other parts of the world.

The dataset used for the modeling experiment has a spatial resolution of 8km,
which is a coarse resolution for capturing the diversified ecosystems of the country.
The 8km spatial resolution imagery data was used because the major NDVI data for
modeling drought was produced by NOAA with this resolution standard to the
global application. To fit this standard, all the data inputs gathered from different
sources were downgraded to this resolution for fitting the model implementation

experiment in Mapcubist software.

The drought monitoring experiment was done only for the growing season of June
to October. An assessment of the overall growing seasons of Ethiopia revealed
about four different growing seasons in the country. The current research focused
on the June to October growing season, since this season covers the highest spatial
extent of Ethiopia. It was also assumed that the modeling and information system
design for the remaining three growing seasons can be developed using the
approaches developed in the June to October growing season. The modeling
experiment also included only biophysical, climate and satellite datasets and does
not include any other socio-economic and infrastructure factors. Therefore, the
research was focused on the use of geo-spatial information for drought monitoring

for improved drought mitigation.

Drought monitoring in this research is in the context of early awareness and
prediction of drought in one- to four-month periods. Research on predictions was
carried out on a monthly period of time, since that is the timeframe in which the
information is most helpful to decision makers for their appropriate risk
management and mitigation activities. Therefore. the highest temporal resolution of

the information produced is one month,

This research is also limited to presenting the concept for identifying, modeling and
predicting drought using the KDD approach. In this process, the different data
mining tools available were not compared for their accuracy level for distilling the

pattern for the actual knowledge construction.
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1.9  Thesis Outline

This thesis is presented in monograph style with the order of introduction. review
of literature, related works, methodology, results and discussions, concept
implementation and future works. A preceding chapter is also assumed to be a
prerequisite of the subsequent chapter and serve as a building block of the whole
thesis. Therefore, one chapter may not be complete if the preceding chapter is

missing. Accordingly, the seven chapters are presented in the following order.

Chapter | presents the introduction and provides a brief background of KDD and
the approaches to characterizing drought as spatial object, as well as introducing
our new approach to identify, model and predict drought as spatial object. This

chapter also includes the research questions, objectives and outline of the thesis.

In Chapter 2. a detailed review of literature relevant for drought and drought
monitoring information systems is presented. Chapter 3 presents related works with
the present research, the state of the art of drought monitoring, explores the
different methods applied, and identifies the research gap. In Chapter 4, the detailed
methodology of the dissertation is presented for the use of satellite imageries in

detecting and identifying drought as spatial object.

Chapter 5 presents the results of the research and puts the thesis into context by
presenting the actual identification, modeling and predicting of DroughtObjects.
The results obtained are also discussed, and the chapter provides a necessary
preamble to the investigations of how to model drought in the study areas. The

model evaluation results are also discussed in this chapter.

In Chapter 6 (implementation and discussion), the new concepts tested and
discussed in the preceding chapters are practically implemented. The concepts
discussed are implemented using Matlab software. The implementation codes are
demonstrated with real world data and with the focus of demonstrating the concept

developed in the thesis.

Finally, Chapter 7 presents conclusions and future works, including a synthesis of

the findings of the thesis and a discussion of the implications of the results for
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modeling drought as spatial object using satellite technologies. The implications
and overall outcomes of the research for the decision makers are also discussed in

this chapter.
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Chapter 2 Literature Review

The literature review in this chapter highlights the state of the art of design science
research in information systems and drought monitoring. In the first subsection, the
review presents the nature of design science in information systems. The second
subsection presents definition and types of drought, and sets the boundary of this
dissertation research. In the third subsection. the concept of DroughtObject
modeling is presented. In subsection four, object-oriented image analyses with the

selected methods are discussed.

2.1  Design Science Research in Information Systems

Information systems are implemented in organizations to improve the efficiency
and effectiveness of organizations' objectives [73, 75, 82-84]. In line with this, the
role of research in information systems is to acquire knowledge and understanding
that enables the development and implementation of technology-based solutions to
previously unsolved and important business problems [73]. Acquiring such types of
knowledge involves two complementary but distinct research paradigms,
behavioral science and design science [85]. Hevner [73] noted that the behavioral-
science paradigm has its roots in natural science research methods. It secks to
develop and justify theories (i.e., principles and laws) that explain or predict
organizational and human phenomena surrounding the analysis, design,
implementation, management, and use of information systems. On the other hand,

the design-science paradigm has its roots in engineering and the sciences of the
artificial [86].

Differentiating behavioral science and design science research, Hevner et al. [73]
noted that behavioral science addresses research through the development and
Justification of theories that explain or predict phenomena related to the identified
business need: and design science addresses research through the building and

evaluation of artifacts designed to meet the identified business need. The goal of
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behavioral science research is truth and the goal of design science research is
utility. Within this context, the design-science research paradigm is proactive with
respect to technology, and it focuses on creating and evaluating innovative IT
artifacts that enable organizations to address important information-related tasks.
The behavioral science research paradigm is reactive with respect to technology in
the sense that it takes technology as given. Hevner et al. [73] further noted that one
issue that must be addressed in design science research is differentiating routine
design or system building from design research. The difference is in the nature of
the problems and solutions. Routine design is the application of existing knowledge
to organizational problems, such as constructing a financial or marketing
information system using best practice artifacts (constructs. models. methods, and
instantiations) existing in the knowledge base. On the other hand. design-science
research addresses important unsolved problems in unique or innovative ways or
solved problems in more effective or efficient ways. The key differentiator between
routine design and design research is the clear identification of a contribution to the

archival knowledge base of foundations and methodologies.

Design-science basically is a problem solving paradigm and seeks to create
innovations that define the ideas. practices, technical capabilities. and products
through which the analysis, design, implementation, management, and use of

information systems can be effectively and efficiently accomplished 73, 87].

Walls et al. [83] indicated that design is both a process (set of activities) and a
product (artifact) and it describes the world as acted upon (processes) and the world
as sensed (artifacts). The design process here is a sequence of expert activities that
produces an innovative product (i.e.. the design artifact) [73]. There are two design
processes and four design artifacts produced by design-science research in IS [85].
The two processes are build and evaluate, and the artifacts are constructs, models.

methods, and instantiations [73, 85].

Hevner et al. [73] indicated that purposeful artifacts are built to address heretofore
unsolved problems and they are evaluated with respect to the utility provided in

solving those problems. Hevner et al. [73] and March and Storey [75] described
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that constructs provide the language in which problems and solutions are defined
and communicated. Models use constructs to represent a real world situation or the
design problem and its solution space. Models aid problem and solution
understanding and frequently represent the connection between problem and
solution components enabling exploration of the effects of design decisions and
changes in the real world. Methods define processes. They provide guidance on
how to solve problems, that is, how to search the solution space. These can range
from formal, mathematical algorithms that explicitly define the search process to
informal, textual descriptions of best practice approaches, or some combination.
Instantiations show that constructs, models, or methods can be implemented in a
working system. They demonstrate feasibility, enabling concrete assessment of an
artifact’s suitability to its intended purpose. They also enable researchers to learn

about the real world, how the artifact affects it, and how users appropriate it.

The innovative or basic contribution of this PhD study is that it recognized drought
as spatial object and accordingly modeled drought using its most relevant attributes.
The concept of modeling drought using an object-oriented approach was proposed
by Rulinda et al. [27], and it is a new approach for characterizing and modeling
drought. For this purpose, the artifacts (constructs, models, methods, and
instantiations) were developed for improved drought monitoring. The concept of
object identification from remote sensing data was also demonstrated by past
research, such as Stein [24], Stein et al. [25] and Benz et al. [61]. These concepts
were used in the current study for designing a drought monitoring information
system (from data selection up to knowledge construction) using design processes

and artifacts principles from a design science research approach.

2.2 Definition and Types of Drought

Drought is an adverse environmental phenomenon that influences almost all aspects
of society [57]. It is a normal feature of climate and its occurrence is inevitable [77,
88]. Drought is defined as “the naturally occurring phenomenon that exists when
precipitation has been significantly below normal recorded levels, causing serious

hydrological imbalances that adversely affect land resource production systems”



2. Literature Review

[20, 89]. Drought is also defined as a prolonged abnormally dry period when there
is not enough water for users’ normal needs. resulting in extensive damage to crops
and loss of yields [55]. These definitions of drought are conceptual definitions and
are the basis for the operational definition. The operational definition of drought
focuses on identifying the beginning, end, spatial extent and severity of the drought
in a given area, and it is based on scientific reasoning [20]. The analysis is done
using hydro-meteorological information and is beneficial in developing drought

policies, early warning monitoring systems, mitigation strategies and preparedness
plans [90].

There are three types of drought. namely meteorological drought. agricultural
drought and hydrological drought [20. 91]. Meteorological drought is a period of
months to years with below-normal precipitation, and it is often accompanied by
above-normal temperatures [20]. Agricultural drought is a period with dry soils that
results from below-average precipitation, intense but less frequent rain events or
above-normal evaporation, all of which lead to reduced crop production and plant
growth [20, 91]. While meteorological drought is usually defined by a precipitation
deficiency over a pre-determined period of time; agricultural drought is defined
more commonly by the lack of availability of soil water to support crop and forage
growth than by the departure of normal precipitation over some specified period of
time [91]. Hydrological drought is normally defined by deficiencies in surface and
subsurface water supplies relative to average conditions at various points in time
through the seasons [20]. These three types of drought gradually contribute to
socioeconomic drought, which involves an imbalance between supply and demand
for economic goods such as water, livestock forage, hydroelectric power, and others
that are dependent on precipitation [91]. The three drought types are
diagrammatically demonstrated and presented in Figure 2.1a. To explicitly set the
boundary, the focus of this research is on agricultural drought analysis and carly

warning information systems.

In the modeling process, drought is characterized by three main aspects: intensity,
duration, and spatial coverage [20]. Dai [20] noted that intensity is the degree of the

precipitation, soil moisture, or water storage deficit; it may include consideration of
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the severity of the associated impacts. Drought typically lasts for several months to
a few years, but extreme drought can persist for several years, or even decades for
so-called mega-drought [92]. The frequencies of agricultural drought in Ethiopia
[66] are presented in Figure 2.1(b and ¢). These maps show the general pattern of
drought frequencies in the country. The frequency values show the increase of

drought frequency in the contour values as one moves west to east and south to
north.
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Figure 2.1: Diagrammatic representation of (a) drought classification (adapted from
UNISDR [91], (b) frequency of agricultural droughts in Ethiopia during the first rainy
seasons (February — May), and (c) second rainy seasons (July - September) (adapted from
NMSA [66]).
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Drought is a natural phenomenon, and it may happen at any time and at any place
as an episode. Therefore, there must be an advanced information system that helps
to mitigate the negative impact of drought on both human life and the environment.
This mitigation effort has to be supported by the available technology and research.
Drought research needs to be based on a long historical record that leads to the
compilation of historical data on climatic, oceanic and other environmental
fluctuations. With this in mind, drought spatial object modeling and the different

approaches used in the past are presented in the subsequent subsections.

2.3 DroughtObject Modeling

The concept of object identification and modeling has been the subject of a long
scientific effort to convert remotely sensed image into geographic phenomenon
[25]. This concept was also discussed by past research as geographical data
modeling [23]. computer science object-oriented (00) programming [93] and OO
data modeling [94].

Goodchild [23] described that the OO notion of object identity is the same as
geographic object entity identification. There are two different types of geographic
phenomenon: geographic object and geographic field [95]. Here a geographic
object entity is a geographic phenomenon that populates the concern area and is
usually well distinguished, discrete and bounded [23, 95]. The geographic field is a
geographic phenomenon, with continuous data values in the concern area [95]. In
this research, the drought spatial object is the geographic phenomenon of drought
characterized by a group of pixels, where these pixels can be segmented into

separate regions with defined spatial locations and attributes [61].

Object identification in remote sensing is usually done by converting raster pixel
values to geographic objects. Usually the image is first segmented, providing
approximately homogeneous segments, and then classified [25]. Stein et al. [25]
noted that various procedures for image segmentation are well documented, and
include procedures based on mathematical morphology, edge detection and

identification of homogeneity in one band or in a set of bands. Classification
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routines include statistical routines, such as k-nearest neighbor classifiers, and

increasingly fuzzy classification methods.

The objective of many remote sensing studies is to identify objects that have an
ontological representation on the earth’s surface. These objects can have different
meanings, and they can be of various types and shapes. Commonly, a segmentation

procedure is first applied, identifying homogeneous sets of pixel values, in one or
more bands [25]

In this research, the object is in the context of object-oriented modeling [94]. This is
based on the basic principle that an object has two characteristics: state and
behavior [93, 94]. In this case, state is the attribute or information contained by an
object and the behavior is the set of actions that an object performs to be perceived
[93]. In identifying and modeling the DroughtObject using satellite images, state
means the actual reflectance attributes (digital numbers registered by the sensor of
satellites as pixel values or any index values, such as NDVI); behavior means when
the DroughtObject happens on the ground, plants start dving or stop
photosynthesizing (red band of the spectrum not used by plants and reflected back
to the satellite sensor) and as a consequence the NDVI value is low. In the long run

this can result in reduced crop vield [91. 96].

There are two key questions to be asked that help in identifying the state and
behavior of any object: 1) “what possible states (attributes) can a given
DroughtObject be in?", and 2) “what possible behavior (actions) can this object
perform when it happens?” [93]. In this research, the geographic object that we are
interested in is agricultural drought. Agricultural drought usually results in reduced

biomass and yield [55].

The concept of identifying and modeling drought as an object is new [27]. Rulinda
et al. [27] further indicated that “a next step in drought modeling is an approach
focusing on spatial object and this kind of object can be built from different
temporal resolution images”. In remote sensing, objects are identified and
subsequently classified on the basis of pixel information, and the objects are

subsequently tracked in time. during which their behavior may be governed by
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external factors (most relevant attributes) that also have to be identified and

quantified [25].

In remotely sensed images, a pixel or group of pixels with similar spectral
reflectance are considered to characterize the objects of interest. Remote sensing
object classification methods usually consider texture information of features on the
carth. The pixels identified as having the same texture are grouped and the groups
are considered as objects [61]. These objects can represent physical features on
carth, such as roads, parcels, or water bodies. When these physical features are
classified based on texture, they are considered to be physical objects [61]. One
step ahead of this basic concept, this research identifies virtual objects by using
vegetation stress during drought incidence for identifying virtual drought spatial
objects (extreme drought, severe drought, moderate drought, near normal and above

optimum drought classes) on the real ground.

2.4 Object-Oriented Image Analysis

Benz et al. [61] explained principal strategies of object-oriented image analysis.
They noted that the basic processing units of object-oriented image analysis are
segments and image objects, and not single pixels. Advantages of object-oriented
analysis include meaningful statistic and texture calculation. an increased
uncorrelated feature space using shape (e.g., length, number of edges, etc.) and
topological features (neighbor, super-object. etc.). and the close relation between
real-world objects and image objects. This relation improves the value of the final
classification and cannot be fulfilled by common, pixel-based approaches. Initial
segmentation relies on low-level information, e.g., the pixel values and basic
features of the intermediate image objects. Image objects are contiguous regions in
an image. In their study, Benz et al. [61] distinguish between image object
primitives and objects of interest. Only objects of interest match real-world objects,
¢.g., the building footprints or whole agricultural parcels. Object primitives are
usually the necessary intermediate step before objects of interest can be found by
segmentation and classification process. According to Benz et al. [61], the smallest

image object is one pixel. In practical terms, to identifv any geographic
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phenomenon on the planet earth, the object on the ground should be bigger than the

pixel size (spatial resolution).

For defining the minimum mapping unit. Jensen and Cowen [97] recommended a
minimum of four pixels on the actual ground. This means that the satellite sensor
spatial resolution should be one-half the diameter of the smallest object of interest.
Cowen et al. [98] also indicated that to identify a given geographic phenomenon
that is Sm wide (in diameter), the minimum spatial resolution (pixel size) of high
quality imagery without haze or other problems is 2.5 x 2.5m pixels. The
DroughtObject identification and modeling was also done based on these scientific

recommendations. For this purpose, a number of image pre-processing steps were

also implemented.

The image analysis in this research has two major steps: image pre-processing
using anisotropic diffusion (AD) and image segmentation. These steps are

described in the following subsections.
2.4.1 Image Pre-processing Using AD

AD is a technique aiming at reducing image noise without removing significant
parts of the image content, typically edges, lines or other details that are important
for the interpretation of the image [99, 100]. Diffusion algorithms remove noise
from an image by modifying the image via a partial differential equation.
Modifying the image according to isotropic (uniformly in all orientations) diffusion

is filtering an image with a Gaussian filter.

As an advancement to the AD concept, Perona and Malik [99] replaced the classical
isotropic with anisotropic diffusion equation, and qualitatively, the effect of
anisotropic diffusion is to smooth the original image while preserving brightness
discontinuities [101]. Perona and Malik [99] suggested a new definition of scale-
space and introduced a class of algorithms that realize their method using a
diffusion process. They indicated that the scale-space technique generates coarser
resolution images by convolving the original image with a Gaussian kernel. This
approach has a major drawback in that it is difficult to accurately obtain the

locations of the semantically meaningful edges at coarse scales. In their research,
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they suggested a new definition of scale-space, and introduced a class of algorithms
that realize it using a diffusion process. The diffusion coefficient is chosen to vary
spatially in such a way as to encourage intra-region smoothing in preference to
inter-region smoothing. As the region boundaries in their approach remain sharp,
they obtain a high quality edge detector that successfully exploits global
information. The detail of the algorithm is presented in the authors’ detailed work
[99] and it is applicable for our drought virtual object analysis. The concept of
anisotropic diffusion is also described by Black et al. [101] and Yu and Acton
[102]. The diffusion algorithms removed noise from the Mapcubist output image by
modifying the image via a partial differential equation. This was actually applied to

reduce the image noise before segmentation and object extraction.
2.4.2 Image Segmentation

Image segmentation is defined as “the process of completely partitioning a scene
into non overlapping regions in scene space (image space)” [103]. In addition to
pixel information, texture and shape information are useful for object identification
and segmentation [104]. In image analysis and classification, much information is
contained in the relationship between adjacent pixels, including texture and shape
information, which allows for identification of individual objects as opposed to
single pixels [104]. Such an object-oriented approach allows the user to apply
locally different strategies for analysis. Incorporating both spectral information
(tone, color) as well as spatial arrangements (size, shape, texture, pattern,
association with neighboring objects) comes closer to the way humans interpret
information visually from different remotely sensed products. Franklin et al. [105]
found that the incorporation of texture in addition to spectral information increased
classification accuracy on the order of 10-15%. In this case, pixels are aggregated
into image objects by segmentation, which is defined as the division of remotely
sensed images into discrete regions or objects that are homogenous with regard to
spatial or spectral characteristics [ 106]. Homogenous, in this case, refers to the fact

that the within-object variance is less than the between-object variance [107].
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Image segmentation is appealing for remote sensing applications because human
vision tends to generalize images into homogenous areas. Research into image
segmentation is not new. The works of Haralick et al. [108], for example, date back
to the 1970s, and several methods now exist. They can be broadly categorized into
measurement-space-guided spatial clustering, single-linkage region growing,
spatial clustering, hybrid-linkage region growing. centroid-linkage region growing,
and split and merge methods [109], or more simply. into edge-based and area-based
algorithms [110]. Reed and Wechsler [111] used a filter-based approach to segment
texture images, while Haddon and Boyce [112] incorporated edge detection into
their segmentation algorithm. Other approaches include a probability-based image
segmentation approach [113] and a fractal net evolution approach (FNEA), which is
a multifractal approach [114]. With the FNEA, images are segmented at different
scales, which adds a scale hierarchy to the analysis [115. 116]. Such a multi-
resolution analysis using image segmentation is driven by remotely sensed data as
well as expert knowledge, leading to a better understanding of the image content

because image information is fractal in nature [107].

Many image segmentation methods are based on crisp relationships between or
within the individual regions to be segmented. In many cases, however, these
relationships may vary across the image because of noise, uneven illumination,
limited spatial resolution, partial occlusions, and other phenomena [117]. The fuzzy
connectivity segmentation approach takes these uncertainties into consideration.
Rather than defining crisp relations, it attempts to describe the segmentation task
with fuzzy rules, such as if two regions have about the same gray-value and if they
are relatively close to each other in space, then they likely belong to the same object
[117, 118]. A framework for such a reasoning approach is called fuzzy logic [117).

In the case of DroughtObject identification and modeling, there is a gradual change
from drought pixels to non-drought pixels. These transitional regions on the actual
ground can be captured if we use a fuzzy segmentation approach. Therefore, it

makes sense to use fuzzy image segmentation in our current context.
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2.4.3 Fuzzy Set Theory and Image Segmentation

In fuzzy connectivity segmentation, the basic assumption is that the image pixels
seem to hang together when forming an object [117]. The hanging togetherness

property is then described using fuzzy logic. There are a number of past studies on

fuzzy connectivity [119-123].

Rosenfeld [119] indicated that topological relationships among parts of a digital
picture, such as connectedness and surroundedness, play an important role in
picture analysis and description. This paper generalizes these concepts to fuzzy
subsets, and develops some of their basic properties. Rosenfeld [120] also presented
another study on the fuzzy geometry of image subsets. This study summarizes

efforts done on such fuzzy geometric concepts.

Bloch [121] presented associations between fuzzy sets and mathematical
morphology by proving equivalence between two concepts: degree of
connectedness for fuzzy sets, and connection cost for gray-level mathematical
morphology. Dellepiane and Fontana [122] modified the traditional concept of
fuzzy connectedness and described the concept, which extends the basic ideas to

gray-level objects.

In another study. Udupa et al. [124] presented a novel methodology and a system
that can be routinely used for segmenting and estimating the volume of multiple
sclerosis lesions via dual-echo fast spin-echo magnetic resonance imagery. Based
on several evaluation studies, the authors conclude that the methodology is highly
reliable and consistent. Udupa et al. [125] also introduced the notion of relative
connectedness that overcomes the need for a threshold and that leads to more
effective segmentations. The central idea is that an object gets defined in an image
because of the presence of other co-objects. Each object is initialized by a seed
element. An image element ¢ is considered to belong to that object with respect to
whose reference image element ¢ has the highest strength of connectedness. In this
fashion, objects compete among each other utilizing fuzzy connectedness to grab
membership of image elements. In this study. Udupa et al. [125] presented a

theoretical and algorithmic framework for defining objects via relative
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connectedness and demonstrated utilizing the theory that the objects defined are
independent of reference elements chosen as long as they are not in the fuzzy
boundary between objects. An iterative strategy is also introduced wherein the
strongest relative connected core parts are first defined and iteratively relaxed to

conservatively capture the more fuzzy parts subsequently.

Sonka et al. [117] noted that object definition in images may be considered to
consist mainly of two related tasks: recognition and delineation. Recognition is the
process of determining roughly the whercabouts of the object in the image.
Delineation, on the other hand, is a process that defines the precise spatial extent

and composition of the object in the image.

Udupa and Samarasckera [118] described a theory and algorithms for fuzzy
connected object definition, treating a given image as a fuzzy subset of the set of
spatial image elements (pixels) that make up the image. This approach consists of
defining a local fuzzy relation called affinity on the set of pixels. The affinity value
assigned to a pair of pixels is based on how close the pixels are spatially and in
terms of intensity and intensity-based properties. A global fuzzy relation called
connectedness is defined on the set of pixels based on affinity. The connectedness
value assigned to a pair of pixels is the strength of the strongest of all paths from ¢
to d. The strength of a path is simply the smallest affinity along the path. It was
shown that fuzzy connectedness is a similitude relation and that the fuzzy
components defined by this relation are an appropriate choice for characterizing
objects in images. It was also shown that in spite of its enormous combinatorics,
fuzzy component extraction can be done computationally elegantly via dynamic
programming. This is an established method that is currently routinely utilized in
several imaging applications [124, 126, 127]. This method is used in our

DroughtObject segmentation.
2.4.4  Artificial Intelligence System

Artificial Intelligence (Al) is the science and engincering of intelligent machines,
with the aim of replicating human-level intelligence in a machine [128]. It is related

to the similar task of using computers to understand human intelligence, but Al
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does not have to confine itself to methods that are biologically observable. Al is a
broad field that includes specialty areas, such as problem solving and planning,
expert systems, natural language processing, robotics, computer vision, learning,

genetic algorithms, and neural networks.

Stair and Reynolds [129] described the specialty areas. According to Stair and
Reynolds [129], problem solving and planning deals with systematic refinement of
goal hierarchy, plan revision mechanisms and a focused search of important goals.
Expert systems deal with knowledge processing and complex decision-making
problems. Natural language processing areas include automatic text generation, text
processing, machine translation, speech synthesis and analysis, grammar and style
analysis. Robotics deals with the controlling of robots to manipulate or grasp
objects and using information from sensors to guide actions. Computer vision deals
with intelligent visualization, scene analysis, image understanding and processing
and motion derivation. Learning deals with research and development in different
forms of machine learning. Genetic algorithms are adaptive algorithms that have
inherent learning capability and are used in search, machine learning and
optimization. Neural networks deal with simulation of learning in the human brain
by combining pattern recognition tasks, deductive reasoning and numerical
computations. For the actual DroughtObject predictions, Al specialty areas, such as
expert system, artificial neural network (ANN), and theoretical modeling
approaches were assessed.

An expert system (ES) is a computer program that mimics the human reasoning
process, which relies on logic, belief, rules of thumb, opinion, and experience [130-
132]. Basheer and Hajmeer [132] indicated that in rule-based ES, the knowledge
and experience of the expert are coded as a series of [IF-THEN rules. An inference
engine traverses the rules in the stored knowledge base, draws conclusions, and
provides the user with a solution (such as a medical diagnosis). Unlike ANNs, ESs
suffer from serious limitations, mainly their hypersensitivity to incomplete and
noisy data [131]. Moreover, some human knowledge cannot be expressed explicitly
in terms of rules [132]. These and several other limitations have stimulated the

exploration of ANNs for data modeling [133]. ESs work in sequential manner,
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whereas ANNs are parallel data manipulators, and sometimes viewed as a reverse
approach to ESs [134]. Other differences relate to information processing,
connectivity, self-learning ability, fault tolerance, and relation to neurobiology
[131]. In order to capture the desirable features of both systems, ESs and ANNs are
integrated into one hybrid system [135]. In this system, ANNs learn the hidden
rules from the examples, and the ES extracts them in explicit forms, thus roughly
simulating a whole-brain operation [134],

The decision to use ANNs, ESs, or theoretical modeling for an arbitrary problem
depends primarily on the availability of both the theory explaining the underlying
phenomena and the data, as presented in Figure 2.2 [136]. Basheer and Hajmeer
[132] indicated that for a problem with abundant data but unclear theory. ANNs can
be a perfect tool. Conversely, when both the data and theory are inadequate, the
human expert’s opinion should be sought, followed by coding this knowledge into a
set of rules using ES techniques. Finally, when the problem is rich in both data and
theory, it is possible to derive a physical (theoretical) model in which the data are
used for model calibration and verification. Basheer and Hajmeer [132] further
noted that overlapping areas are added to Figure 2.2 to characterize some other
common scenarios, such as sufficient data and limited theory (i.e., a partially
understood phenomenon), that dictate the need for a semi-empirical model.
Alternatively, when both theory and data are abundant but a physical model is hard
to formulate, the modeler may resort to empirical modeling such as ANNS. It is also
obvious that Figure 2.2 supports hybrid ANN-ES systems (along the ANN-ES
borderline) [132].

In identifying and tracking drought spatial object, there are huge datasets from
different satellite sensors and limited theories [58]. According to Basheer and
Hajmeer [132] and Rumelhart et al. [136], and also from our practical observations,
it is appropriate to use ANN for DroughtObject exploration and predictions. After
getting a clear understanding of the DroughtObjects from satellite pixels, it is quite
reasonable to experiment with the theoretical modeling approaches, such as

regression tree data mining technique [137].
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Chapter 3 Related Work

In this chapter, related works in drought monitoring researches and drought
monitoring information system are presented. The objective of the chapter is to
assess past efforts in drought monitoring information system and to identify
research gaps in coming up with an improved and efficient drought monitoring
information system. The first subsection presents drought monitoring approaches.
The second subsections presents past research in using data mining for drought
monitoring, and lastly subsection three presents the currently available drought

monitoring information systems.

3.1  Drought Monitoring Approaches

In drought monitoring, there are two major approaches: (i) climate-based, and (ii)
remote sensing based (satellite-derived vegetation indices (VIs)) approaches.
Various studies have also demonstrated the relationships between climate variables
(e.g., precipitation) and satellite-derived Vls [49, 138, 139]. These two approaches

are discussed in the following subsections.
3.1.1 Climate-Based Drought Monitoring Approaches

Climate-based drought monitoring approaches fall into two categories: 1) climate
variable rainfall only, and 2) indices-based. These two approaches are discussed in

this subsection.
3.1.1.1 Rainfall-Based Drought Monitoring Approaches

The rainfall-based drought monitoring approach is a direct approach using rainfall
records from meteorological stations and satellites to estimate the rainfall attribute.
Verdin et al. [59] reviewed background materials on food security assessment,
drought monitoring, flood monitoring, and changing climate and food security
issues with special focus on Ethiopia. They indicated that the Climate Hazards

Group at the University of California, Santa Barbara, in 2005 completed a study of
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rainfall variability in Ethiopia for the period 1960-2004, with a focus on the key
growing seasons. Monthly data from 162 stations of the National Meteorological
Service Agency were supplemented with observations from the Global Historical
Climate Network and archives of the FAO and FEWS NET. In all, 186 stations
within Ethiopia, and 373 in neighboring countries, were used. Block kriging was
used to interpolate the station data and create spatial averages for zonal
administrative units. The administrative units were then grouped into four regions
based on similarity of their rainfall patterns. Figure 3.1 illustrates these regions
along with the pattern of time-series of seasonal rainfall totals in the country. In this
map, seasonal plots of rainfall for the country as a whole are also shown, for

March-May (*Belg’). June-September (*Kiremt') and March-September periods.

Examination of Figure 3.1 shows that nationally, “Kiremt™ rains have been quite
consistent since 1960, with 7-year trends staying within 50 mm of the long-term
mean of 760 mm. “Belg" rains, on the other hand, have fallen off consistently since
1996. This decrease is seen to carry through in the graph of national rainfall totals
for the full March-September season, though the downward turn is less dramatic.
Turning to the regions, the annual rains in the northwest are seen to be most stable.
The southwest, on the other hand, shows a steady decline throughout the entire
period examined. Fortunately, rains are still abundant and there are no adverse
implications for crops. The northeast and southeast give cause for concern. In the
former case, we see dryness since 1996, and in the latter, dryness persists since
about 1980. They also indicated that station data, satellite precipitation estimates,
reanalysis fields and lake levels all suggest recent dryness in eastern Africa,
primarily during the “Belg” (March-May) scason. The associated circulation
changes appear consistent with the expected response to diabatic heating in the

southeastern Indian Ocean.

Recently, Ephrem and Meissner [140] analyzed the relationships between NOAA
satellite rainfall estimates (RFE) and National Meteorological Agency (NMA)
rainfall records. They indicated that there is higher correlation (r) during summer
and spring seasons and weak correlation during winter. The correlation values are

higher for the months with higher rainfall and lower during the period of little rain.
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They also indicated that an in-depth study on the algorithm of RFE is needed to
know exactly why it shows this kind of seasonal variation of correlation values.
The good correlation between the two datasets during the main rainy seasons shows
that the RFE data can be used to analyze the spatial and temporal extent of climatic
variability occurring in large parts of the country during recent decades. Finally,
they concluded that the two datasets are well correlated during the important rainy
seasons, summer and spring. As a result, RFE images are reliable enough to be used
for timely spatio-temporal analyses of disasters in times characterized by late
inception, dry spells and early cessation of rainfall. The analysis of RFE images is a
key tool for an advanced ecarly warning system in the country. Ephrem and
Meissner [140] note that the RFE images are very useful for a timely showing of
rainfall stress in areas where there are few meteorological stations. Based on this
recommendation, the three-month SPI of the current research was calculated from
RFE data.
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Figure 3.1: Time-series trends of seasonal rainfall totals for Ethiopia. The four colored
maps are the four categories of rainfall pattern. The polygon maps are zones of Ethiopia
and the black dots are rainfall gauge locations (adopted from Verdin et al [59]). The green
color for the northwestern part of the country is fairly constant over the period of record,
with a decline in mid-1980 followed by a gradual recovery to present. The yellow color in
the northeast part of the country shows decline since 1996, with an average of 2003, 2004
and 2005 very low. The golden color in the southeast/east part of the country shows decline
since the early 1980s. The red color in southwest/west part of the country shows overall
decline since the 1960s and a steep drop after 1996.
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3.1.1.2 Climate Indices Based Drought Monitoring Approaches

Drought indices measure the departure from the local normal condition of a
moisture variable based on its historical distribution [20]. These indices integrate
various hydrological, meteorological, evapotranspiration, runoff and other

parameters into a single number and give a comprehensive picture for decision
making [20, 141, 142].

A number of climate indices are available for monitoring drought at optimum
accuracy for assessing and responding to drought incidence. Among the various
indices, the Palmer Drought Severity Index (PDSI) [143] and the Standardized
Precipitation Index (SPI) [28] are extensively used. These drought indices are
designed to provide a concise overall picture of droughts. They are often derived
from massive amounts of hydro climatic data and are used for making decisions on
water resources management and water allocations for mitigating the impact of
droughts [142]. The input data for these different drought monitoring indices
include precipitation, temperature, evapotranspiration, soil moisture and runoff.

These climatic indices are briefly presented in Appendix 1.

Guttman [144] has compared the PDSI and the SPI and showed that the spectral
characteristics of the PDSI vary from site to site throughout the United States,
while those of the SPI do not vary from site to site. This research also showed that
the PDSI has a complex structure with an exceptionally long memory, while the
SPIL is an easy to interpret, simple moving average process. From this finding, it is
possible to conclude that the SPI is a more appropriate precipitation index to use for

characterizing and validating drought from satellite sources.

Ntale and Gan [145] analyzed and modified the properties of three drought indices:
the PDSI, the BMI (Bhalme-Mooley Index) and the SPI. They suggested that
precipitation alone could explain most of the variability of East African droughts.
Finally, Ntale and Gan [145] indicated that among the three indices, the SPI is more
appropriate for monitoring East African droughts because it is more easily adapted

to the local climate, has modest data requirements, can be computed at almost any

39



3. Related Work

time scale, provides relatively consistent power spectra spatially, has no theoretical

upper or lower bounds, and is easy to interpret.

The data inputs of the indices-based drought monitoring approaches are
conventional meteorological networks, which are sparse and often report with
significant delays [146], Consequently, the requirements of drought carly warning

have inspired creative uses of remote sensing, numerical modeling and GIS to adapt

traditional methods of drought monitoring.
3.1.2 Remote Sensing Based Drought Monitoring Approaches

Remote sensing is the science and art of obtaining data and/or information about an
object, area or phenomenon through the analysis of data acquired by a device that is
not in contact with the object, area or phenomenon under investigation [147]. In
acquiring remote sensing data, depending on the platforms used, there are two
major categories: airborne remote sensing and space-borne remote sensing.
Airborne remote sensing is carried out using aircraft with specific modifications to
carry sensors (cameras), with a flight height of 100m up to 40km [147]. Space-
borne remote sensing is carried out using satellites positioned at orbit about 150km
and above in space [147]. This research mainly uses satellite remote sensing

products for drought monitoring.

The primary interest of earth observing satellites in an environmental context is to
study the role of terrestrial vegetation in large global process with the goal of
understanding how the earth functions as a system [148]. This requires an
understanding of the global distribution of vegetation types as well as their
biophysical and structural properties and spatial variation [148]. Vegetation indices
(VIs) are used to extract such information. VIs are spectral transformations of two
or more satellite bands designed to enhance the contribution of vegetation
properties and allow reliable spatial and temporal intercomparisons of terrestrial
photosynthetic activity [148]. Several studies have been done, including Peters et
al. [149], Lacaze and Berges [150], Wang and Li [151], and Rulinda et al. [152).

Peters et al. [149] indicated that reliance on weather data alone is not sufficient to

monitor areas of drought, particularly when these data can be untimely, sparse, and
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incomplete. Their research demonstrated that the Standardized Vegetation Index
(SVI) is a very effective drought monitoring approach during the growing season.
Their overall findings also showed that the SVI. along with other drought
monitoring tools, is useful for assessing the extent and severity of drought at a
spatial resolution of 1 km. The SVI is capable of providing a near-real-time
indicator of vegetation condition within drought regions, and more specifically

areas of varying drought conditions.

Wang and Li [151] developed the Vegetation Temperature Condition Index (VTCI)
drought monitoring approach for using Terra-MODIS reflective and thermal
infrared data, and used it to monitor drought at a study area in the southern Great
Plains of the United States. They indicated that because meteorological data (such
as precipitation and land-surface air temperature) collected by surface observation
stations often possess poor spatial resolution, especially in remote regions with
difficult access and in some developing countries, remotely retrieved NDVI and
Land Surface Temperature (LST) data may provide a valuable source of
information for monitoring drought. In this article, it was indicated that LST is a
good indicator of the energy balance at the earth's surface because it is one of the
key parameters in the physics of land-surface processes on regional and global
scales. In this research, the concepts of NDVI and LST are combined and expressed
as Vegetation Temperature Condition Index (VTCI). VTCI is not only related to
NDVI changes in the region, but also related to LST changes of pixels with a
specific NDVI value.

Lacaze and Berges [150] presented a comparison of NDVI data derived from two
satellite sensors (i.c., SPOT-VEGETATION and MSG-SEVIRI) for the whole
continent of Africa. Their findings suggest that because of higher temporal
frequency, MSG-SEVIRI data can be used to obtain improved NDVI products
through better removal of cloud-contaminated pixels, Rulinda et al. [152] also
proposed a validation method for the MSG SEVIRI derived NDVI values with
regard to vegetation health from ground observations. They recommended that

NDVI can reliably be used for drought monitoring.
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In the past, there were various efforts to monitor drought using remote sensing
approaches [27, 149, 150, 152, 153]. Recently, Rulinda et al. [27] indicated that
drought can be studied as a spatial object, an approach that had not vet been
explored. Therefore, the main focus of the current research is in characterizing,

identifying and modeling drought as spatial object by using the available remotely
sensed data.

3.2 Application of Data Mining in Drought Monitoring

Data mining is a technique that uses a variety of data analysis tools to discover
patterns and relationships of physical variables [6]. This technique has shown
promise in multiple disciplines, bringing together techniques from machine
learning, pattern recognition, statistics, databases, and visualization to address the
issues of information extraction from large databases [154, 155]. Studies in
ecological research have also introduced data mining techniques and found that it is
a powerful tool in addressing complex ecological problems handling both numeric
and categorical data [156]. Although drought effects on vegetation result from
complex atmospheric and biophysical phenomena, data mining could provide
mechanisms for understanding drought characteristics in space and time [67, 69].
These studies illustrate the potential of data mining for drought analysis and

prediction.

In data mining, a model is a high level description of a dataset that can be
subdivided into two categories: descriptive and prescriptive [157). The descriptive
category is used for summarizing the data in a convenient and concise way while
the predictive model allows researchers to make statements about the populations
from which the data is drawn or to likely be future values [10]. Data mining
methods often ignore the appropriateness of the model for the data, namely the
goodness of the fit, and usually find the best model in a given class of models. It is
important to determine the classes of models that best fit the data, and in order to
determine the appropriate class of models for specific data. it is important to
understand the data [10].
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Data mining is part of a larger process called knowledge discovery. Essentially,
data mining discovers patterns and relationships hidden within large amounts of
data. Data mining may be considered as advances in statistical analysis and
modeling techniques to find useful patterns and relationships [158]. Data mining
algorithms are also useful for data automation that is designed to allow users to
create intelligent datasets by discretizing or converting data from many formats into
compatible and user friendly formats. This process of automation makes it easier to
exccute different functions of the algorithms for the desired output without human
interference and within a relatively short time. Thus, data mining tools can answer
questions that traditionally were too time-consuming to resolve. These tools search
databases for hidden patterns and find predictive information that experts may miss

because it lies outside their expectations.

Recent developments in computing have provided the basic infrastructure for fast
data access as well as many advanced computational methods for extracting
information from large quantities of data. These developments have created a new
range of problems and challenges for data analysts, as well as new opportunities for
intelligent systems in data analysis. According to Thearling [159], data mining
techniques are the result of a long process of research and product development.
Thearling [159] indicated that this evolution began when business data were first
stored on computers, continued with improvements in data access, and, more
recently, generated technologies that allow users to navigate through their data in
real time. Data mining takes this evolutionary process beyond retrospective data
access and navigation to prospective and proactive information delivery. Data
mining algorithms represent techniques that have recently been implemented as
mature, reliable, understandable tools that are consistently outperforming older
statistical methods in commercial applications [159]. Studies by Bigus [160] and
Cabena et al. [154] show that data mining tools can also be used in predicting future
trends and behaviors, allowing businesses to make proactive, knowledge-driven
decisions. Similarly, data mining algorithms and models such as decision trees,
associations, clustering, classification, regression, sequential patterns, and time

series forecasting have the potential to identify drought patterns and characteristics
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[69]. For example, time series data mining can be applied in monitoring patterns of
drought events,

One of the challenges in understanding drought is the large volume of data for
numerous climate and hydrologic variables and indices, and the variety of spatial
and time scales for which these data exist. Data mining is a technique that might
help solve this problem, improving drought monitoring by identifving spatial and
temporal patterns of drought characteristics [69]. It is a recent technology with
great potential for identifying the most important information in databases. The
information that can be derived through data mining can be used in making
knowledge-driven decisions to reduce the impacts of drought through better
monitoring. The already available algorithms in data mining increase efficiency in
decision making and allow decision makers to make optimal choices for planning
and preparedness. These tools are useful for proactive management of drought and
improving the reliability of drought predictions [69]. Past studies on this domain
include Tadesse et al. [69, 70], Rulinda [26]. and Rulinda et al. [27].

Tadesse et al. [69] assessed the relationships between oceanic/atmospheric indices
and drought, and identified the drought episodes within a certain time lag of the
occurrences of oceanic and atmospheric indices so that the product could be used
by decision makers in Nebraska, USA. In this study, the use of data mining
techniques is introduced to find associations between drought and several oceanic
and climatic indices that could help users in making knowledgeable decisions about
drought responses before the drought actually occurs. They used two time-series
data mining algorithms to find the relationships of drought and oceanic/atmospheric
indices by considering time lags of their occurrences. These algorithms are the
Representative Episodal Association Rule (REAR) and the Minimal Occurrences
With Constraints and Time Lags (MOWCATL). The REAR algorithm converts the
time-series data into discrete representations and generates association rules. The
pre-processing of the time-series data for the REAR algorithm begins by

discretizing (segmenting into groups of records) the data.
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In another study, Tadesse et al. [70] introduced a prototype vegetation stress map
called VegPredict that depicts vegetation conditions several weeks in advance and
demonstrates the potential use of data mining for drought research. In this study,
they present a data mining approach to modeling vegetation stress due to drought
and mapping its spatial extent during the growing season. Rule-based regression
tree models are generated to identify relationships between satellite-derived
vegetation conditions, climatic drought indices, and biophysical data, including
land-cover type, available soil water capacity, percent of irrigated farm land, and
ccological type. The data mining method builds numerical rule-based models that

find relationships among the input variables.

In Tadesse et al. [69, 70], the focuses were in using data mining tools for
integrating drought-related attributes, such as vegetation stress, climate and
biophysical data, and relating these datasets to satellite images. There were also
other efforts in applying image mining techniques to the huge datasets available
from different sources. These include Rulinda [26] and Rulinda et al. [27], who

mtroduced the use of image mining for drought modeling.

Rulinda [26] developed a framework that uses image mining technigues to monitor
drought by considering both vegetation stress intensity and duration. In this
rescarch, after the data was acquired, the NDVI deviations values were calculated
for each location of the study area, and a function was selected to characterize
drought severity over space, based on vegetation response. Then drought pixels
were defined and extracted from the analyzed images. One of the research
limitations identified by Rulinda [26] was that their study was conducted based on
pixel-level analysis and remained at low information level. It was further
recommended that the pixel-level definition of objects be replaced by a higher

object-based level for facilitating processing tasks and interpretation of results.

In another study, Rulinda et al. [27] attempted to improve the carly detection of
drought using MSG SEVIRI data in eastern Africa. They used an image mining
approach to handle the large amount of data used in the processing of hourly NDVI

images to obtain drought indicator metrics. They also recommended that a next step
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in drought modeling is to develop an approach focusing on spatial objects. To do
s0, objects have to be built from collected images.

3.2.1 ANN for DroughtObject Prediction

ANN is an information processing paradigm that is inspired by the way biological
nervous systems, such as the brain, process information [161]. The human brain
provides proof of the existence of massive neural networks that can succeed at
those cognitive, perceptual, and control tasks in which humans are successful [162].
This natural behavior of biological neurons led to the derivation of a novel structure
of the information processing system in a computing environment. It is composed
of a large number of highly interconnected processing elements (neurons) working
in unison to solve specific problems. ANNs, like people, learn by example [162].

The main objective of ANN-based computing is to develop mathematical
algorithms that will enable ANNs to learn by mimicking information processing
and knowledge acquisition in the human brain [132]. ANN-based models are
empirical in nature; however, they can provide practically accurate solutions for
precisely or imprecisely formulated problems and for phenomena that are only

understood through experimental data and field observations.

Ashish et al. [163] noted that ANNs are computational mathematical models that
emulate some of the observed properties of biological neural systems and draw on
the analogies of adaptive biological learning. An ANN is composed of a number of
interconnected processing elements that are similar to biological neurons. These
processing elements are joined by weighted connections that are analogous to

synapses in the human brain.

Abraham [164] indicated that there are two approaches that can be used to
configure the neural networks so that the application of set inputs produces the
desired set of outputs. These approaches involve either setting the weights manually
or teaching the neural network to learn certain patterns. The latter approach is the

most commonly used, and the network learns the pattern by itself and accordingly
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updates its weights. Abraham [164] further noted that at a high level, the tasks
performed using neural networks can be classified as those requiring supervised or
unsupervised learning. In supervised learning, a teacher is available to indicate
whether a system is performing correctly, to indicate a desired response, to validate
the acceptability of a system's responses, or to indicate the amount of error in
system performance. This is in contrast with unsupervised learning, where no
teacher is available and learning must rely on guidance obtained heuristically by the
system examining different sample data or the environment. A concrete example of
supervised learning is provided by classification problems, whercas clustering
provides an example of unsupervised learning. Because of the nature of the
problem to be solved by the current research, which is the prediction of drought
spatial objects classes (severe drought, drought, near normal and above optimum),
the supervised learning method is preferred. Supervised learning in an ANN
typically occurs by example through training or exposure to a known set of input
and corresponding output data. The training algorithm adjusts the connection
weights through an iterative procedure in which the error is minimized.

Usually, the back-propagation algorithm is used in layered feed-forward ANNs
[162]. Rumelhart et al. [162] further noted that the artificial neurons are organized
in layers and send their signals forward, and then the errors are propagated
backward. The network receives inputs by neurons in the input layer, and the output
of the network is given by the neurons on an output layer. There may be one or
more intermediate hidden layers. The back-propagation algorithm uses supervised
learning, which means that the experimenter provides the algorithm with examples
of the inputs and outputs that the network is expected to compute, and then the error

(difference between actual and expected results) is calculated.

Past research, such as Bischof et al.[165], Paola and Schowengerdt [166), Blackard
and Dean [167], Giraudel [168], and Ashish et al.[163], has shown the superiority
of ANNs to some of the classical statistical methods in various problems, including

classification challenges. ANNs are commonly used for segmentation and
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classification purposes and are recommended for problems where data diversity is
large [169] or complex [170].

Kumar et al. [171] indicated that ANN is recommended for three reasons. First. the
application of a neural network does not require a priori knowledge of the
underlying process. Second, all the existing complex relationships between various
aspects of the process under investigation need not be known. Third, ANNs are data
driven when compared to conventional approaches, which are model driven.
Furthermore, Kumar et al. [I171] noted that neural networks offer several
advantages over conventional approaches. The most important aspect is their ability
to develop a generalized solution to a problem from a given set of examples and to
combine and adapt to changing circumstances with exposure to new variations in
the problem. This attribute of generalization permits them to be applied to a variety
of problems and to produce valid solutions even when there are errors in training
data or in the description of the problem. For these advantages, the ANN models
were used for exploring DroughtObject monthly prediction in the current research.
Past researches, such as Kim and Valdes [172], Mishra and Desai [62], Morid et al.
[173], and Marj and Meijerink [174] used ANN for modeling and predicting
drought.

Kim and Valdes [172] presented a conjunction model in order to improve forecast
accuracy for regional droughts. In their research, the proposed conjunction model is
based on dyadic wavelet transforms and neural networks, Neural networks have
shown great ability in modeling and forecasting nonlinear and nonstationary time
series in a water resources engineering, and wavelet transforms provide useful
decompositions of an original time series. The wavelet-transformed data aids in
improving the model performance by capturing helpful information on various
resolution levels. Neural networks were used to forecast decomposed sub-signals in
various resolution levels and reconstruct forecasted sub-signals. The performance
of the conjunction model was measured using various forecast skill criteria. Their
results also confirmed that the conjunction model significantly improves the ability

of neural networks for forecasting the indexed regional drought.
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Mishra and Desai [62] compared lincar stochastic models, recursive multi-step
neural network and direct multi-step neural network for drought forecasting. Their
models were applied to forecast droughts using standardized precipitation index
(SPI) series as drought index. The results obtained from their models show that
recursive multi-step approach is best suited for one month-ahead prediction. When
longer lead time of four months is considered direct multi-step neural network
approach outperforms recursive multi-step and autoregressive moving average
models. They also showed that the performance of the autoregressive moving
average models provides good result up to two-month lead time but inferior in

comparison to direct multi-step neural network approach.

Morid et al. [173] examined the utility of ANN approach for medium and long-term
forecasting of both the likelihood of drought events and their severity. The indices
used for their research are the Effective Drought Index (EDI) and the Standard
Precipitation Index (SPI). The forecasts are attempted using different combinations
of past rainfall, EDI and SPI drought indices in preceding months and climate
indices, such as Southern Oscillation Index (SOI) and North Atlantic Oscillation
(NAO) index. A number of different ANN models for both EDI and SPI with the
lead times of one to 12 months have been tested at several rainfall stations in their
study area. The structure of the model inputs (previous rain and drought indices)
does not vary with the lead time, which makes the models very convenient for the
operational purposes. They recommended that their final forecasting models can be

utilized by drought early warning systems.

Marj and Meijerink [174] related a forecast of NDVI with two climatic signals by
using ANN analysis. In their research, the applied ANN is a feedforward multiple
neural network. The inputs of the model are the climatic signals Southern
Oscillation Index (SOI) and North Atlantic Oscillation (NAO). In order to forecast
NDVI with ANN, the normal method was used for the recent period, and for

evaluation, the moving window method was used for a longer (18 years) period.
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Their results showed that in spring, NDVI can be predicted using ANN, with the
input of SOI and NAO indices of the preceding (one year) spring period.

3.2.2 Regression Tree for DroughtObject Prediction

Regression tree performs induction by means of an efficient recursive partitioning
algorithm [175]. The choice of the test at each node of the tree is usually guided by
a least squares error criterion, Regression trees obtain good predictive accuracy on
many domains, and they provide interpretable models of the data and have low
computational demands (both running time and storage requirements) [137, 178,
176].

Classification and regression tree (CART) analysis is an increasingly popular form
of statistical analysis available through widely used statistical packages [176-178].
Lawrence and Wright [176] noted that CART operates by recursively splitting the
data until ending points or terminal nodes are achieved using preset criteria. CART
therefore begins by analyzing all explanatory variables and determining which
binary division of a single explanatory variable best reduces deviance in the
response variable [176, 177]. For each portion of the data resulting from this first
split, the process is repeated, continuing until homogeneous terminal nodes are

reached in a hierarchical tree [176].

Lawrence and Wright [176] described the result of the CART analysis as a
dichotomous decision or classification tree. Each path through the tree, defined by a
series of dichotomous splits, specifies the conditions that lead to a most probable
class. The tree, therefore, might be viewed as a series of rules that can be used for
unknown observations to predict likely class membership. CART also performed

well in drought prediction analysis [71, 72].

Brown et al. [72] used regression tree in CART to analyze the historical data in the
training database and generate the three scasonal, rule-based, piecewise lincar
regression VegDRI models. The rules and instances option available in Cubist were

utilized for their model development. The Cubist models are composed of an
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unordered set of rules, with each rule having the syntax, “if x conditions are met
then use the associated linear regression model.”

Tadesse et al. [71] used regression tree in CART to 18 years of historical dataset in
the training database for each of the targeted. scasonal bi-weeks analysis of VegOut
model. In VegOut the regression tree was used to analyze the historical data in the
training database and generate rule-based, piecewise linear regression models for
cach biweekly period. In their research, the regression tree algorithm in CART
performs a binary, recursive partitioning process that splits the initial set of training
observations (root or parent node) into two child nodes that each contains a subset
of more homogencous training observations, This process is repeated, further
subdividing the training data into pairs of child nodes until the partitioning process
is terminated by user-defined criteria. This algorithm produces a series of rule-
based models from this partitioning. Each rule set has a corresponding multivariate
linear regression equation that can be used to predict the target value. Tadesse et al.
[71] also described that the regression tree models in their analysis can account for
nonlinear relationships between predictive and target variables through a series of

regression equations associated with different rule sets.

In DroughtObject modeling and prediction, regression tree models were used as
white-box theoretical modeling, following ANN DroughtObject exploration and in
the actual monthly predictions. The rules generated from this analysis were also
implemented on Mapcubist software for pattern recognitions and spatial analysis of

the DroughtObjects.

3.3 Existing Drought Monitoring Information Systems

The purpose of this subsection is to assess the currently available drought
monitoring information systems and present some related works with a focus in
coming up with an efficient drought early warning information system. The most
related works with this PhD research include U.S. Drought Monitor (USDM) [179],
Vegetation Drought Response Index (VegDRI) [72], Vegetation Outlook (VegOut)
[71]. Drought Mitigation Decision Support System of NASA [180], Early Warning
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Information systems in South Africa, Famine Early Warning Systems Network
(FEWSNET) [45]. and Early Warning and Disaster Risk Monitoring Directorate of
Disaster Risk Management and Food Security Sector (DRMFSS) of Ethiopia [181].
The USDM is produced in partnership with numerous agencies including NOAA,
the U.S. Department of Agriculture, and the National Drought Mitigation Center
(NDMC) [179]). Svoboda et al. [182] described that the USDM. operational since
1999, is developed using a hybrid approach that considers a number of variables
such as short- and long-term climate-based drought indicators, hydrologic indices,
and remote sensing information. The USDM map provides a general assessment of
drought conditions across the nation. The USDM map is updated weekly and has a
spatial resolution at the approximate scale of a climate division. Climate divisions
are administrative construct of the NOAA that can vary in area from tens to
hundreds of km® across the conterminous U.S. The coarse spatial resolution of the
USDM limits its utility for drought response and mitigation at a more localized
level. The USDM maps are released at the website http://droughtmonitor.unl.edu.
To overcome the spatial resolution limitations of USDM, VegDRI has been
introduced in 2006 [179] for U.S. VegDRI is based on monitoring drought-induced
vegetation stress [72]. VegDRI integrates traditional climate-based drought
indicators and satellite-derived vegetation index metrics with other biophysical
information to produce a | km map of drought conditions that can be produced in
near-real time. The results from this product demonstrate that more spatially
detailed drought patterns can be characterized and monitored in the | km VegDRI
maps. compared to the commonly used USDM map. This provides more localized
drought information, which is currently at a county to sub-county scale [72. 179].
VegDRI product is being released at the website
http://www.drought.unledu/MonitoringTools'VegDRLaspx. The  limitation of
VegDRI product is that the information is being released at near real-time basis and
the information is at pixel level (low information level).

The other drought product for U.S. is VegOut. VegOut tool provides accurate carly
warning drought prediction [71]. VegOut integrates climate, oceanic, and satellite-

based vegetation indicators to identify historical patterns between drought and
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vegetation conditions indices and predict future vegetation conditions based on
these patterns at multiple time steps (two, four and six-week outlooks) [68]. Even
thought, the tool is looking into the future and has prediction capability of the
future drought condition, the same as VegDRI product, the information is produced
at pixel level (low information level).

Drought Mitigation Decision Support System of NASA is producing an integrated
system solution (ISS), which is designed to incorporate the NASA earth science
model, Global Modeling and Assimilation Office (GMAO), climate and hydrologic
prediction models, and decision analysis modules into the Drought Monitor-
Decision Support System (DM-DSS) [180]. The main objective of DM-DSS is to
develop seasonal predictive capacity for the Drought Monitor-Decision Support
System (DM-DSS), using Earth science models and satellite products. An extended
framework of this tool is presented in Figure 3.2. This tool is under development
and it is not possible to get detail information.

Early warning information systems in South Africa uses decile rainfall, the water
satisfaction index (WSI), the NOAA Normalized Difference Vegetation Index
(NDVI), and other crop- and rangeland-based models for their drought early
warning information. Their drought early warning system remains dormant until the
need arises mainly due to limited resources available to run the system [183]. There
is lack of integrated tool and coordination between the institutions involved in

South African drought monitoring information system [184].
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Figure 3.2: An extended drought monitoring DM-DSS framework of NASA[180].

Famine Early Warning System Network (FEWS NET) produces drought
monitoring products for Ethiopia. FEWS NET was started in 1985 [65], after the
worst drought in Ethiopia [66]. The FEWS NET data portal provides access to
spatial data, satellite imagery, and other data and graphic products in support of the
FEWS NET activities in Ethiopia and other African countries [185]. The limitation
of FEWS NET product is the coarse resolution of the products. FEWS NET
products are being released at the website
http:/www.fews.net/pages/country.aspx?gb=ct. FEWS NET for Ethiopia is closely

working with Ethiopian government, specifically DRMFSS.

DRMFSS has one directorate, which is responsible for the general management and
overall coordination of the early warning disaster risk monitoring and response to
disasters at national level. The directorate works in collaboration with regional,
zonal and woreda (district) level offices. The offices are organized under Bureaus
of Agriculture at regional levels with similar set ups at zonal and woreda levels.
The case teams under the directorate use LEAP (Livelihood, Ethiopia, Assessment,
Protection) software for drought episode assessment in coordination to World Food
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Program (WFP) [186], LEAP software products can give a general guide to real-
time drought monitoring and not yet evaluated using ground observation data
(Personal communication at WFP in 2012). DRMFSS drought carly warning

products are being released at the website hitp://www.dppe.gov et/Pages/maps html.
Table 3.1 presents the summary of the currently available drought monitoring

information systems. This table is presented with the focus on presenting the

limitation of existing systems for drought monitoring, which lead for the current
PhD research,

Table 3.1: Summary of existing drought monitoring approaches and their limitations

No | Existing System Achlevements Limitations
! USDM [179] The map provides a general *  Coarse spatial resolution at the approximate scale
asscssment of drought conditions of & climate division (tens 10 hundreds of km')
acroas the nation and has a *  The coarse spatial resolution of the LISDM limits
temparal resolubon of one week its utility for drought response and mitigation & 4
more localized level
2 VegDRI [72] Real time drought monitormg. *  The system autput 15 at pixel level (Tow
information content)
*  The model was not evaluated uving ground
observation data
3 VegOUT [71] Six weeks drought predictions *  The xystem output is st pixel level (low
information content)
*  The model was not evaluated using ground
observation data
4 Drought Scasonal predictive capacity forthe | ®  Not yet functional and it ts not possible to get
Mitigation Drought Monitor-Dectsion Support detasl information
Decision Support System (DM-DSS), using Earth
System of NASA | science models and satellite
[180] products

Early waming

Provide drought information when

The information 1 not continuously avatlable for users

information the need anse and henoe lack of complete information
systems in South
Africa [183, 184]
& FEWS NET [45] The FEWS NET data portal The FEWS NET product is & coarse spatial resotution
provides access 1o spatial data,
satellite imagery, ard other data
and graphic products
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Chapter 4 Materials, Methods and
Analysis

4.1  Introduction

From the two research paradigms (behavioral and design science) [187, 188] in
information systems, this PhD research employed the design science paradigm with
an exploratory research approach. This is because the research was mainly focused
on exploring, identifying key attributes, and investigating possible relationships of
the identified attributes with DroughtObject for its improved characterization and
modeling.

The method employed for the exploratory investigation of DroughtObject was
modeling. As defined and described by Jenkins [189], modeling is a closed
deterministic system, in which all of the independent and dependent variables are
known and included in the model. The reason for selecting the modeling research
approach was that drought by its nature is virtual (i.c., it is not a physical
phenomenon that can be observed on the actual ground). In this kind of scenario,
some attributes (such as lack of precipitation) have to be used for its
characterization and representation using scientific modeling approaches. This
representation has to use some mathematical representation or modeling [189]. In
modeling DroughtObject dependent attributes using the identified key independent
attributes, a regression data analysis technique ([ 190, 191]) was used.

Using the exploratory research approach and modeling research method, different
data collection and analysis techniques were employed with a KDD approach. This
chapter presents the KDD process followed in extracting drought information from

satellites.

KDD has clearly defined steps and processes [192]. In this study, these steps were
divided into four: 1) data selection, 2) data pre-processing (which includes data pre-

processing and transformation), 3) data mining (including interpretation), and 4)
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knowledge construction [10]. Each of these steps is diagrammatically presented in

Figure 4.1.
[ Inerygcien: | Knowledd

Figure 4.1: Major steps in KDD for finding patterns from data (adapted from Hamilton [192]).

4.2 Study Area

The study area for this research was Ethiopia. Ethiopia occupies the interior of the
Horn of Africa, stretching between 3° and 14° N latitude and 33° and 48° E
longitude, with a total area of 1.13 million km” [193].

Ethiopia is located in the tropics, and variations in altitude have produced a variety
of microclimates. Mean annual rainfall ranges from 2000 mm over some pocket
areas in the southwest highlands to less than 250 mm in the lowlands. In general,
annual precipitation ranges from 800 to 2200 mm in the highlands (> 1500 meters
above sea level) and varies from less than 200 to 800 mm in the lowlands (<1500
meters above sea level)[66, 193]. Rainfall also decreases northward and castward
from the high rainfall pocket area in the southwest [66].

4.3 Sampling Scheme

The sample frame for this research was determined based on the spatial resolution
of Tropical Applications of Meteorology using Satellite (TAMSAT) rainfall data.
This was used because agricultural drought is highly related to the amount of
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precipitation. TAMSAT data has a spatial resolution of 10km. Using this spatial

resolution, a total of 11261 pixels cover the spatial extent of Ethiopia.

For selecting the appropriate samples, different sampling schemes, specifically for
analyzing remote sensing data [194), were reviewed. The reviewed sampling
schemes were systematic sampling [194, 195], simple random sampling [194],
stratified random sampling [196] and clustered sampling [194, 197], which were
frequently used for remote sensing data in the past [194, 198, 199]. From the
reviewed sampling schemes, systematic sampling was found to be relevant, This is
because of the nature of the remote sensing data used in this research. All the
biophysical, climate and satellite data were originally acquired with regular grids,

and there was no possibility for stratification and clustering of the different

attributes.
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Figure 4.2: Map showing the distributions of the 2812 sample points in Ethiopia.

Using a systematic sampling approach, the sampling points were spaced at a regular
intervals over the study area. From the 11261 pixels covering all of Ethiopia,
starting at the north corner of the country, every other pixel was selected for the

current study. Here the assumption was that these pixels can capture the maximum
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information from the heterogeneous ccosystems of Ethiopia. This has resulted in a
total of 2812 sample points covering the whole country (Figure 4.2). This means
that one observation was sampled for almost every 20km distance, and this can

capture heterogencous elevations, land covers, ccosystems and soil types of
Ethiopia,

4.4 Attribute Selection and Data Analysis

To identify the most relevant attributes for drought monitoring, detailed reviews of
past research and document analysis of possible sources of qualitative evidence
(both direct observations of drought monitoring institutes and archival records)
were conducted. Currently, hundreds of attributes are available for drought
monitoring (Appendix 1). To select the most relevant attributes, two criteria were
used: 1) availability of the attribute for modeling (cost or affordability), and 2)
relevance for agricultural drought. In all of the selection process. the attributes
selected were the ones that are freely available for experiment from different

national and international organizations.

The general idea behind attribute relevance analysis here is to compute some
measure that is used to quantify the relevance of an attribute with respect to the
concept of drought modeling and monitoring. Such measures include information
gain, gini index, uncertainty, and correlation coefficients [200]. There have been
many studies in machine learning on attribute relevance analysis [6, 200-202]. In
this research, the potential attributes were identified from past studies, and then the
data values of these potential attributes were extracted for modeling drought
episode. In this experimental analysis, Standardized Deviation of Normalized
Difference Vegetation Index (SDNDVI) was selected as dependent variable. This
variable was selected as dependent variable because NDVI can capture agricultural
drought with optimum accuracy in the past [49, 71, 72, 149]. All the data obtained
from the potential attributes were iteratively selected and statistically tested for
their relationships to the dependent attribute. For this statistical exploration,
Ordinary Least Square (OLS) was used (equation 1). The experiment was
implemented on ArcGIS 10 [203] and Matlab software Version 7.9.0 [204],
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Yors =ap + ‘zaixu +e, Equnlion 1

where y,,cis the DroughtObject, a, is the intercept, x, is the value of the

predictor variable, a, is the coefficient for the predictor variable. and e, is the error.

After identifying the key attributes for DroughtObject modeling, detailed
exploratory analyses were conducted for understanding the relationship of these
variables to SDNDVI. Linear regression analysis scatter plots were used to examine
the relationship of the identified attributes with SDNDVI. Emphasis was given to
the strong relationship between the identified key variables and the dependent
variable (SDNDVI). During these analyses, variables that were redundant and had
non-significant relation with the dependant variables were excluded. Experiments
were also done on the different models for their statistical significance using OLS
in ArcGIS 10 software [203]. In this process, the adjusted R® value, Akaike’s
Information Criterion (AIC) [203, 205, 206], Variance Inflation Factor (VIF) [203,
207, 208]. Moran’s | index [203, 209], the coefficient sign (+/-) and magnitude of
cach explanatory variable’s relationships values were used as criteria for attribute
relevance. When the coefficient is positive, it means that the explanatory variable
has a positive relationship with DroughtObject. A large positive coefficient is a
strong relationship. Probabilities were also computed for each coefficient to
evaluate whether or not the identified key attribute was helping the DroughtObject
model. Here the assumption was that effective explanatory variables should be
statistically significant. When the identified variables were not statistically
significant (both their coefficient and constant), then they were not helping the
DroughtObject model, and they were dropped from the model. At the beginning of
the analysis, floristic_region data was included, but after some experimenting, it
was realized that it has no relationship (with R value < 0.01) with drought
episodes, and the data was excluded from the model. For other attribute, such as
DEM, the R? was 0.095, AIC was 8012.92 and spatial autocorrelation (Global
Moran’s I index) was 0.58 (p < 0.01), The interpretation for this is that DEM alone
can explain about 10% of the variability of DroughtObject. The spatial

autocorrelation also showed that there is statistically significant clustering of the
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OLS residuals in this prediction process. The null hypothesis is that there is
clustering of the residuals and this hypothesis cannot be rejected. This means that
all the key attributes that explain SDNDVI are not included in the model. This is a
logically meaningful statistical output in that only DEM is included from the other
potential attributes collected from previous research. Each of these attributes was
tested using the same procedure as DEM attribute.

In overall attribute selection process, the AIC, VIF and Moran's | index were very
important criteria. The AIC was used as a model performance by including a given
potential attribute; the VIF as parameter for controlling the duplication of the
information of the potential attribute with previously selected attributes; and
Moran’s | index as a parameter for controlling absence of key attributes and for
avoiding misspecification of the DroughtObject model. The three parameters used
for selecting the relevant attributes in the whole experimental process are presented
in Figure 4.3 for the subsequent modeling experiment. In this figure, floristic region
(flor_Rgion) is not connected with the relevance metrics, since this attribute was
not related with the dependent attribute. Using these criteria, a total of 11 attributes
were identified for modeling DroughtObject. The lists, acronyms, data type, format,
sources and references of these attributes are presented in Table 4.1. These
attributes were also classified into biophysical, climatic and satellite sources and
they are described in the following subsections.
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Figure 4.3: Diagrammatic illustration of the iterative process for selecting relevant attributes,
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Table 4.1: Attributes identified for DroughtObject modeling experiment.

No Attribute Actomym Ty ;
™ Forma Source Reference (3)
1 Standardized Deviation of SDNDVI Sateline Rastes NOAA TIRL -.1‘} .
Normalized Difference AVHRR 3
Vegetation Index
2 Digital Elevation Model DEM Diophyucal | Raser USGS 211
.J: imll\!faw :oldm‘ Capacity | WHC Biophysical Raster LSGS 211}
“cological Regions veg_FEthi Biophysical V. 5
(Ecosystems of Ethiopia S -, e Ry 1
represented by veg Fihi
$ Land Cover Landcover Buophysical | Raster E
SA 1313, 214)
6 Three Month Standard SP1_3month Cl
i b e i b7 Imate Raster IRI [47.21%]
7 Pacific Decadal Oscillation PDO Oceanic/Atm | Point data | NOAA [214]
osphenic
8 Atlantic Multi-decadal AMO Oceamc/Amm | Point data | NOAA [218,217)
Oscillation Index ospheric }
9 North Atlantic Oscillation NAO Oceanic/Atm | Pont data | NOAA (216, 21K
ospheric 219]
10 Pacific North Amenican PNA Oceamc/Atm | Point data | SOAA [218]
Index _osphetic
1] Multivariate ENSO Index MEI Oceanic/Atm | Point data | NOAA [218, 220]
osphenic

4.4.1 Biophysical Attributes

The biophysical attributes include water holding capacity (WHC), land cover,
digital elevation model (DEM) and ecosystem type of Ethiopia (veg ethiopia).
These attributes are described in the following subsections.

4.4.1.1 Water Holding Capacity (WHC)

WHC data is the specific ability of a particular type of soil to hold water against the
force of gravity. Different types of soils have different capacity for holding soil
moisture. For example, sand soil has a lower capacity to hold water compared to a
clay soil. The nature of the soil, composition of the soil, amount of organic
component and size of the soil particles determine its ability to retain water. Water
molecules are held closely to the individual soil particles by forces of cohesion
[221].

The WHC data was obtained from the USGS-Earth Resources Observation and
Science (EROS) Center with a spatial resolution of 1km [211]. This attribute in the
current research was included with the assumption that when soil has high WHC it
can resist drought severity and when soil has low WHC it has low resistance to
drought severity. These properties of the soil eventually affect agricultural drought
(vegetation condition). Churkina et al, [222] also indicated that WHC represents the
potential of the soil to hold moisture and make it available to plants, which exerts
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control over plant growth and influences the sensitivity and response of vegetation
to agricultural drought.

4.4.1.2 Land Cover

Land cover is the physical material at the surface of the earth [214]. This attribute is
included in the DroughtObject model to represent the different monthly NDVI
signals and climate-agricultural drought responses that are exhibited by different
land cover types (such as crop land versus forest land). The land cover data is
derived by an automatic and regionally tuned classification of a time series of
global MERIS (Medium Resolution Imaging Spectrometer) mosaics for the year
2009 with spatial resolution of 300m [213]. This data was found to be one of latest.
and highest spatial resolution data available. For Ethiopia, a total of 14 different
land cover classes were identified in [213]. The different land cover class

representations of the original raster data and the label explanations are presented in
Table 4.2.

Table 4.2: Land cover data raster representation and label explanation [213]

No Raster atribute | Label descriptions
value
| 14 Raunfed croplands
2 20 Mosasc cropland (50-70%) / vegetavon ( grassiand/shrubland/forest) (20-50%)
3 30 Mosaic vegetation (grassiand/shrubland/forest) (S0-70%) / cropland (20-50%)
4 40 Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m)
s 60 Open (15-40%) broadleaved deciduous forest'woodland (>Sm}
6 110 M forest or shrubland (50-70%) / grassland (20.50%)
7 120 Mosaic grassland (50.70%) / forest or shrubland (20-50%)
8 130 Closed to open (>15%) (broadicaved or needicleaved, evergroen of deciduous) shrubland (<Sm)
9 140 Closed 1o open (> | $%) herbaceous vegetabon (grasstand, svannas or fichens/monses)
10 150 Sparse (<15%) vegetation
R 180 Closed to open (>15%) grassland or woody vegetation on regularly Nooded or waterfogged sl -
Fresh, brackish or saline water
12 190 Antificial surfaces and associated areas (Urhan areas >50%)
13 200 Bare arcas
14 210 Water bodies

4.4.1.3 Digital Elevation Model (DEM)

A digital elevation model (DEM) is a digital model or 3D representation of a
terrain’s surface [223]. The DEM data was obtained from EROS with a spatial
resolution of Ikm [211]. The DEM was included in the DroughtObject model to
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account for the diversified elevations of Ethiopia (ranging from -120m below sea

level to 4600 above sca level), which are assumed to have great influence on the
spatial extent of agricultural drought.

4.4.1.4 Vegetation Type of Ethiopia (veg_ethiopia)

Vegetation type is a general term for the type of plant life of a region; it refers to
the ground cover provided by plants. It is broader than the term flora, which refers
exclusively to species composition [224]. Ecosystems of Ethiopia are mainly
determined based on vegetation types [81]. Using vegetation type as major
attribute, Ethiopia has about fourteen major ecosystems [81, 212]. The data was
obtained from the Royal Danish Academy of Sciences [212]. The ecosystem data
(veg_Ethiopia) was included in the DroughtObject model to account for the
different response of the different vegetation types (such as semi-arid desert
vegetation and evergreen afromontane forest), which assumed to have great
influence on the spatial extent and severity of agricultural drought. The raster

attribute value and label descriptions of this data are presented in Table 4.3,

Table 4.3: Ecosystem of Ethiopia raster data representation and label explanation [212].

No Raster attnibute | Label descriptions
value
1 1 Desert and semi-desent Scrubland (DSS)
2 2 Acacta-Commiphora woodland and bush land proper (ACH)
3 3 Acacia wooded grassiand of the Rift Valley (ACB/RY)
4 4 Wonded grassland of the Western Gambela region { WGG)
5 5 Combretum.T lia woodiand and wooded grassiand (CTW)
L 6 Dry evergreen Afro-Montane Forest and Grasaland complex (DAF)
7 7 Moist Evergreen Afro-Montane Forest (MAF)
8 El Transitional Ramn Forest (TRF)
9 9 Ericaceous Belt (EB)
10 10 Afro-alpine vegetation (AA)
I 12 Freshwater lakes - open water vegetation (FLVOW)
12 13 Freshwater marshes and swamps, Floodpiains and Lake Shore vegetation (FLVAMFS)
13 14 Salt Lake open watet vegetation (SLVOW)
14 15 Salt Pans, Saline/brackish and Intermittent wetlands and Salt-lake Shore Vegetation
(SLV/SSS)
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4.4.2 Climate Attributes

4.4.2.18P1

Because this study was primarily focused on the effect of precipitation deficits on
the spatial patterns of vegetation health and vigor (agricultural drought). the SPI
was selected, representing climatic data input. For this research, the rainfall ¢limatic
data for the SPI derivation was obtained from satellite rainfall estimates (RFE).
RFE was used because the number of rain gauges in Ethiopia is very small, and
they are unevenly distributed.

Currently there are more than ten satellite rainfall products at different spatial and
temporal resolutions [47, 48]. The RFE data for this research was obtained from
TAMSAT, which is produced by the TAMSAT group at Reading University in the
United Kingdom [48].

TAMSAT generates 30-year time series of rainfall estimates for Africa based
entirely on data from the Meteosat satellite calibrated against local gauges. These
estimates are combined with the observations from over 600 rain gauges. The result
is a unique, high-quality dataset, which has been shown to be more accurate than
any other long-term, satellite-based time series data [48].

The TAMSAT method is based on the assumption that cold cloud-top temperatures
of tropical storms identify raining clouds. These temperatures are obtained from
Meteosat thermal-infrared images, The length of time that a satellite pixel is colder
than a given temperature threshold is then summed over 10 days to create cold-
cloud-duration (CCD) images. The parameters of this relationship are found
through calibration using rain gauge data [47]. The detailed descriptions of these
products are presented in Dinku et al. [47] and Dinku et al. [48].

For this PhD research, RFE products from 1983 to 2006, which were accumulated
to 10-daily totals, were obtained from the International Research Institute for
Climate and Society [215] with spatial resolution of 10km. Then these dekadal (10
days) values were summed and monthly values were taken for DroughtObject

modeling.
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4.4.2.2 Teleconnections and Oceanic Indices

Teleconnection in atmospheric science refers to anomalies being related to each
other at large distances of thousands of kilometers [225]. Climate scientists use
teleconnection to correlate or make teleconnection patterns to describe relationships
in the variability of large-scale features of the atmospheric circulation as well as
tropical and extra-tropical precipitation and temperature relationships, especially
those related to the El Nino-Southern Oscillation (ENSO) (225, 226).

Trenberth et al. [225] noted that ENSO is characterized by variations in the
temperature of the surface of the tropical eastern Pacific Ocean warming or cooling
known as EI Nifio and La Nifa, respectively, and air surface pressure in the tropical
western pacific (the Southern Oscillation). The two variations are coupled: the
warm oceanic phase, EI Nifio, accompanies high air surface pressure in the western
Pacific, while the cold phase, La Niiia, accompanies low air surface pressure in the
western Pacific. Using these principles, the physical modeling of the inter-annual
variability of sea surface temperature (SST) over the eastern tropical Pacific Ocean
revealed the predictability of ENSO [227], ENSO predictability then led to
potential predictability of seasonal climate over many tropical and some extra-
tropical regions. Other studies have also indicated that northern summer rainfall in
the Sahel responds partly to ENSO fluctuations [228]. Research devoted to the
twentieth-century Sahel drought focused heavily on the impact of regional and
global SST anomalies on inter-decadal time scales [229].

Atmospheric circulation patterns (high pressure and anticyclonic patterns) have
been shown to exert influence on the occurrence of droughts [230]. Oceanic indices
have been widely used in weather and climate forecasts because they collect
quantitative data about current conditions that can be used to project how the
complex relationships with climate and drought conditions evolve [231]. Thus,
understanding such relationships improves drought monitoring (71 ].

There are various oceanic indices to account for temporal and spatial relationships
between ocean-atmosphere dynamics and climate (ic., teleconnection patterns),
especially in the case of predicting droughts that are located in different parts of the

world. In this research, for investigating the impact of oceanic-atmospheric
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dynamics and climate-drought interactions (i.c.. teleconnection patterns), the
Atlantic Multi-decadal Oscillation Index (AMO) [216, 217), Pacific Decadal
Oscillation (PDO) [216]. North Atlantic Oscillation (NAO) [216, 218, 219),
Multivariate ENSO Index (MEI) [216, 220}, and Pacific North American Index
(PNA) [216] were selected and included in DroughtObject modeling. The statistical

relationships and the strength of these attributes to the DroughtObject model were
also tested.

4.4.3 NOAA AVHRR Satellite Attribute

NDVI data was obtained from NOAA AVHRR [232]. NOAA is owned by the U S.
government. The sensor on board NOAA missions that is relevant for earth
observation is the AVHRR. The datasets are 10-day composites of daily data (red,
near-infrared (NIR)), mapped to a global equal arca projection [185]. There are
three 10-day composites per month; the first is for days | through 10, the second is
for days 11 through 20, and the third is for the remaining days. The data contain
NDVI, a highly correlated parameter to surface vegetation, derived from the visible
and near IR channel reflectance [185, 210]. This pathfinder dataset has gone
through many stages of calibration and correction [233].

From NOAA AVHRR historical data for this study. a total of 24 years of time
series (1983-2006) of monthly composited 8km AVHRR NDVI data was used to
calculate the vegetation related metrics. The monthly NDVI data was obtained by
summing (the three dekadal data) from the previously compiled dekadal data. The
three dekadal data were summed, since it was believed that the effect of agricultural
drought can easily be observed in the overall monthly NDVI values. This dataset is
also one of the major dynamic data, and the standardized deviation of the NDVI
(SDNDVI) value of a specific time period from its historical mean value is assumed

to represent agricultural drought [49, 71, 149].

4.5 Data Pre-processing and Transformation

The data pre-processing step in KDD includes all the methods applied to the data to

make them fit for the study [7). The data obtained from different sources were
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checked for accuracy and precision. In the data pre-processing step, data cleaning

(noise removal) and data reduction. including transformations and projections to
their respective geographical locations, were conducted.

Originally, the data were found in different formats and spatial resolutions, and all
of them were resampled to 8km so that they could geometrically fit with other
datasets during analysis and model development. In the entire modeling experiment
in this research, there were two major types of attributes: static and dynamic. Static
attributes were the ones that do not change in the modeling experiment, These
attributes were DEM, land cover, ecosystem type (veg_Ethiopia) and WHC, Their
values remain the same in the modeling process. On the other hand. the dynamic
attribute values change in the modeling experiment for each monthly period. These
attributes were three-month SPI, SDNDVI, PDO, AMO, NAO. PNA and MEL. The
values of the dynamic variables change for each monthly period during the

modeling experiment.

4.5.1 SPI Data Pre-processing and Transformation

The three-month SPI was obtained from RFE data, which were blended with
rainguage rainfall measurements in Ethiopia. Using this RFE image data, a total of
2812 point data were extracted for Ethiopia (almost one point data for every 20km).
Using these point data, the SPI was calculated.

The SPI was calculated by fitting historical precipitation data to a Gamma
probability distribution function for a specific time period and location, and
transforming the Gamma distribution to a normal distribution with a mean of zero
and standard deviation of one [49]. Since the SPI is equal to the Z-value of the
normal distribution, McKee et al. proposed a seven-category classification for the
SPI: extremely wet (z > 2.0), very wet (1.5 to 1.99), moderately wet (1.0 to 1.49),
near normal (-0.99 to 0.99), moderately dry (-1.49 to -1.0), severely dry (-1.99 10 -
1.5). and extremely dry ( <-2.0).

Computation of the SPI involves fitting the Gamma probability density function to
a given frequency distribution of precipitation totals for a station. The probability
density function of the gamma distribution can be expressed in terms of the gamma

function parameterized in terms of a shape parameter. The alpha and beta
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parameters of the Gamma probability density function were estimated for each

point location, for each time scale of interest (1, 3. 6. 9, 12 months), and for cach

month of the year. The Gamma distribution was defined by its frequency or

probability density function using equation 2 [145, 234]:

(x)= - %P’ i
8\ ﬁ”l‘(a) Equation 2

where g(x)is probability function, ris the precipitation amount, I'(ez) is the
gamma function, @ and f are shape and scale parameters, respectively.

Maximum likelihood solutions were used to optimally estimate « and /i using
equation 3 [235].

a =4—lj[l +JE§] ,b =2 and A= In(.;')— Zl:(x) Equation 3

o

where 7 is the number of precipitation observations.

The resulting parameters were then used to find the cumulative probability of an
observed precipitation event for the given month and time scale for the station in
question. Since g(x) is undefined for x=0 and a precipitation distribution may

contain zeros, the cumulative probability is obtained using equation 4 [235]:
H(x) =q+ (l -—qb(x) Equation 4

where ¢ is the probability of a zero and G(x) is the cumulative probability of the

incomplete gamma function. If m is the number of zeros in a precipitation time
series, then q can be estimated by m/n. By applying Equation 4, errors are
eventually introduced to parameters a and b of the Gamma distribution. These
errors depend on the number of months with null precipitation (x=0), and they are
evident only for the 1-month precipitation. For larger time scales (e.g., 3-month, 6-
month, etc.), the probability of null precipitation is usually zero [145].

After its computation, the cumulative probability, H(x), is transformed to the
standard normal random variable Z with mean equal to zero and variance of one,

which is the value of the SPI. SPI value is more asily obtained computationally
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using an approximation that converts cumulative probability to the standard normal

random variable Z using equation 5 and 6 [236).

- Co+CitaC?
Z = SPF it Yo 4Gy s _
{ !+d,:+dzf=+,,:-‘]f"'""’""""“-s Equation §

Co +Cit +C,yt°
I +dyt +dyt* +dyt’

| 1
where 1 = [In——— for 0 < H(x)<=0.5 and 1 = |In —_— for
(H(x)) (1.0=H(x))

0.5 < H(x)<=1. Estimations are done for the variables C,=2.515517.C, =

Z'=SPl= [f - } for 0.5 < H(x)<=| Equation 6

0.802853 1, C, =0.010328, d, = 1.432788, d, = 0.189269 and d, = 0.001308.

The SPI was incorporated to represent meteorological dryness during the growing
scason. Because this PhD study was primarily focused on the effect of precipitation
deficits on the spatial patterns of vegetation health and vigor. the analysis has been
restricted to a time period roughly aligned with the growing season (June to
October).

From the SPI equation, it was observed that the three-month SPI of a given month
would use the precipitation total of the previous two months and also the
precipitation total of that specific month of interest. For example, the SPI of
September uses the precipitation total of July, August and September itself. In the
current research, the three-month SPI was used as a model input for getting the

optimum estimation of short-term drought conditions.

4.5.2 NDVI Data Pre-processing and Transformation

The NDVI data preprocessing and transformation include image pre-processing,
coordinate system creation, geo-referencing each individual image and re-sampling
the image for matching NOAA AVHRR 8km data. A sample workflow for this
process is presented in Figure 4.4,

Historical NOAA AVHRR data was obtained from the FEWS NET website [32].
The metadata for this image was well documented and accordingly the pre-

processing was done. The data was in 8-bit format and according to the metadata,
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water and cloud pixels were with value 255 and bad NDVI with value 253. Taking
these into consideration, the image values were converted to an NDVI value based
on the recommendation of the metadata using an ILWIS 3.7 software script as
NDVLmpl: = maplistcalculate (“@1/250"),

A NOAA AVHRR image was found for all of Africa and a sub-map of Ethiopia
was re-sampled from this image. For this purpose, a new geo-reference with
GeoRef corners in ILWIS 3.7 software was created. Using this new geo-reference,
all the NOAA AVHRR historical image data was re-sampled and the process was
automated using a script in [LWIS software. This re-sampled image data was used
as input to the subsequent DroughtObject analysis.

A total of 24 years’ time series (1983-2006) of monthly composited 8km AVHRR
NDVI data was used to calculate the vegetation-related metrics. The modeling
period from 1983 to 2006 was used because NOAA AVHRR data was fully
available in these time periods. From the year 2006 onward, there were missing
NOAA AVHRR data in the growing season, June to October.

The monthly NDVI data was obtained by summing the three dekadal data from the
previously compiled dekadal data. The three dekadal data were summed because it
was believed that the effect of the drought could easily be observed on the overall
monthly NDVI values. A script was written in ILWIS 3.7 software to automate the
data extraction process.

The NDVI data calculated at monthly time periods was integrated for the monthly
growing periods using equation 7. In order to calculate the cumulative NDVI
(CNDVI), the starting month of the vegetation growth was taken as June and the
end of the growing season was taken as October. Then, the CNDVI was calculated

for all the growing months (June to October) for all 24 years in the time series.
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Figure 4.4: Flow chart for image processing for deriving NDVI of area of interest.

In this analysis, CNDVI represents the accumulated NDVI above a baseline (i.e.,
latent or background NDVI) within each monthly growing period. To monitor
vegetation conditions, sequential NDVI values across the growing season were
summarized using CNDVI, which can be used as a general proxy for vegetation
performance (i.e., gross primary productivity (GPP) (72, 237]). Here, the CNDVI
represents the integrated NDVI above a baseline latent NDVI value (representative
of the non-vegetative background signal from soil and non-photosynthetic litter)
from the start of the growing season 10 a specific time during the year [71].

High CNDVI values reflect high green biomass conditions, whereas low CNDVI

values reflect lower biomass levels [72]. In this study, the CNDVI values were
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calculated at the 8km pixel level for all of Ethiopia for the growing period of June
to October from 1983 to 2006 using equation 7 [71 ).

CNDVI = i.-\*m'f, = i(,\'m':, - NDVI, ).+ i(.\'nw, - NDV1,) Equation 7
n n Pou

where CNDVI is cumulative NDVI (scasonal greenness), NOV7is monthly
normalized vegetation index, NDVI, is latent NDVI (in this study, N0¥7, value was
taken as the monthly May NDVI value, which is before the start of the growing
period in June. The assumption here is that all background NDVI values that are
out of the growing period can be removed by subtracting this month’s NDVI

values). p,, p,,p, . refer to the first, second and end of monthly growing periods,

respectively. Then the NDVI values were extracted for each year, for each growing
month (June~October), and the process was automated using an ILWIS script.

The pixel-level CNDVI values were then converted to standardized deviation of
CNDVI (SDNDVI), which provided a measure of how the general vegetation
conditions [71] for a monthly growing period in a specific year compared to
historical average conditions for that same period in the season over the 24 years of
satellite data records. SDNDVI can show the condition of a pixel compared to
historical period. If a pixel is highly deviated (low negative value), that pixel is
showing the drought condition.

SDNDVI values were calculated at monthly time steps during the growing season

for each year using equation 8 [ 149].

CNDVI, =CNDVI
a

SDNDVI = Equation 8

where spavpyr s standardized deviation of NDVI, CNDVI is the cumulative
NDVI at a particular period within a growing month for a specific year, cvoiz  is
the 24-year historical mean cumulative seasonal NDVI for the same period, and o

is the standard deviation of the historical record.
After DroughtObject was well characterized using SDNDVI, for cach monthly

growing period (June to September), point data were extracted using the point data
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extraction tool of ArcGIS 10 [203] for the historical 24-year period, These point
data were used for the model building experiment.

4.5.3 Oceanic Indices Pre-processing and Transformation

As indicated above, the oceanic indices in this research include PDO, AMO, NAO,
PNA and MEIL These indices were found to have a constant value for a monthly
time period. These values were changed 1o grid images using the create constant
raster tool of ArcGIS 10 [203]. This tool creates raster in which the output values
are based on a constant value of the monthly indices obtained from the NOAA
[216] website. Since the values were floating points, the constant raster were
multiplied by 100 to convert them to integer value. This was done to remove the
decimal values for Mapcubist software during model implementation and
knowledge construction (since Mapcubist accepts only integer values). After this
preprocessing, point data were created from each oceanic index for all of the 2812

points selected for model input for the whole 24-year time period.

4.5.4 Geo-referencing and Data Extraction

All the biophysical, climate and satellite data were preprocessed and structured in
such a way that they fit geometrically. For this purpose, one standard data frame
was created on ArcMap [203] and all the data were converted to this standard data
frame. This data frame was defined based on NOAA NDVI metadata, which was
described by the FEWS NET website [32]. The data frame was defined with
projection: Albers, false easting: 0.00, false northing: 0.00, central meridian: 20,
standard parallel_1:-19, standard parallel 2: +21, latitude of origin: | and linear
unit: meter. All the data were then added to one data frame, which had this standard
coordinate system, and then exported with the defined data frame spatial reference
as GRID data format with cell size resolution of 8km, The spatial resolutions of all
the data were converted to 8km, because the main modeling data input NDVI was
obtained from NOAA AVHRR, with a spatial resolution of 8km for the whole
globe [32].

After preprocessing and geometrically fitting all the data inputs from biophysical,

climate and satellite data sources, a 2812-point map was created on ArcMap [203]
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and overlaid on the datasets. First, the static data (DEM, land cover, WHC,
veg_Ethiopia) were extracted and added to the point map data as an attributes using
the batch processing tool of the ArcMap data extraction tool [203]. These static
datasets were used for the whole model building process.

For the dynamic variables, three-month SPI, SONDVI. AMO. PDO, NAO, MEI
and PNA (monthly values for the growing months (June-October) from 1983 to
2006) were extracted and added to the point map of the 2812 points, For the 24-
year time period. a total of 67488 records (five months of a year, and for a total of

24 years) were extracted and added to the point map of the 2812 points for the
model building experiment.

4.5.5 Assessing the Relationships between RF and NDVI

In the modeling process, the two most important attributes were the NDVI and RF
data. To observe the relationships between NDVI and RF, a total of twenty-one 2 x
2 degree grids were produced (Figure 4.5). The historical average RF gauge data
and NOAA AVHRR NDVI data inside these grids were calculated and their
relationships were assessed. This analysis was done to assess the temporal and
spatial strength of the relationships between these two important attributes.

To observe the relationship between RF and NDVI, the RF recorded by all stations
inside the grids were averaged from 1982 to 2004 and an average point data was
generated. The same procedure was followed for the NOAA AVHRR NDVI values
of the 2 x 2-degree grids. The RF patterns inside these grids were also analyzed
separately. From this analysis, different patterns were observed for different parts

of the country. All the patterns observed are presented in the result section.
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Figure 4.5: Map of Ethiopia with 2 x 2 degree grids.

4.6 DroughtObject Modeling using Data Mining
In this study, the two data mining approaches, ANN and regression tree, were used.

These modeling approaches are described in the following subsections.

4.6.1 ANN Model

In the ANN modeling. the network was used for predicting one- to four-month
SDNDVI values (agricultural drought) using the identified 11 key attributes of
DroughtObject. In this analysis, DroughtObject attributes were received as input

signals and were aggregated based on an input function / . Then the function /,

generated an output DroughtObject severity extent based on an output transfer

function O,. This conceptual representation of DroughtObject in the ANN model is

presented using equation 9 [162].
[, = Z W0 +9, Equation 9

where 7, is input function characterizing DroughtObject key attributes, O is output
function characterizing DroughtObject severity extent output of unit ¢, W is

connection weight between unit / and j and ¢ = bias of unit 7.
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The output of DroughtObject severity extent i was computed using equation 10
[162].

1
1+ Equation 10

0=

where O,is the function characterizing DroughtObject severity extent output of unit

i.and 7, is the input function characterizing DroughtObject key attributes.

As a typical neural network model [162], the network in the DroughtObject model
had three types of processing units. The first units were the input DroughtObject
attributes (consisting of the identified 11 attributes). The second units were
functions characterizing DroughtObject severity extent and the third units were the
hidden units (the weights characterizing the DroughtObject attributes and the output
DroughtObject severity extent). The weights associated with these connections (w)
constitute what a neural net knows and determine the output from an arbitrary input
from the environment [162, 238]. Using this principle, a feed-forward network with
an appropriate weight (w) was used to model the relationships between the key
attributes and the target DroughtObject. In this process, the network learning
algorithm searched through the space of w for a set of weights offering the best fit
with the training sample data. From the available learning algorithms in ANN, a
back propagation algorithm is an effective learning technique that is capable of
exploiting regularities and exceptions in training sample data [238]. This algorithm
was also used for drought forecasting [62] in the past, and interesting results were
obtained. For these reasons. a back propagation algorithm was used in
DroughtObject exploratory analysis and predictions,

In using the back propagation algorithm in the DroughtObject model, the key

attributes X, were fed into the input layer, and an output value of DroughtObject ¥,
was then compared with the actual (or desired) output D by calculating the
squared error ((v, =d,)'1 Si<n,) at each output unit. Output differences were

summed up to generate an error function £ (equation 11) [238].
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' " (y‘ _d")l
B Equation 11

iml jw|

The overall objective here was to minimize £ by changing the w, so that all input
vectors are correctly mapped to their corresponding output vectors [238].

To build the models for predicting DroughtObject, each network was processed
through three stages: (1) the training stage, where the network was trained to
predict future data based on the historical 24 years data; (2) the testing stage, where
the network was tested to stop training or to keep in training (to avoid overfitting);
and (3) the evaluation stage, where the network ceased training and was used to
forecast future data and calculate different measures of error. The input nodes are
the previous lagged observations while the outputs are the predictions for the future
monthly SDNDVI values. Hidden nodes with appropriate non-lincar transfer
functions were used to process the information received by the input nodes.

The ANN model in this experiment was based on multiple outputs, where several
nodes are included in the output layer, and each output node represents one time
step to be predicted. For the five plant-growing periods, the prediction started with
June and ended with September. June data has the possibility of predicting July,
August, September and October (four months); the last month, September, can
predict only one month ahead (October).

To get the appropriate ANN models, four steps were followed: assembling the data
for the actual training, creating the network object, training the network, and
simulating response to new inputs (model testing). For training and testing, a total
of 67488 records from the 24 years of historical data were used. Of these, 80%
were used for training and 20% for testing the models. The data split, 80-20% (80%
for training and 20% for testing) was decided based on past similar research, where
improved result was found for 80-20% split compared to other splits, such as 50-
50%, 60-40%, and 70-30% [239]. The training and test datasets were randomly
selected using the RANDBETWEEN function in Microsoft Excel. After generating
the random number, sorting was done to split the training and test datasets. The

Neural Network Toolbox on Matlab v7.9.0 [204] was used to build the ANN

78



4. Materials, Methods and Analysis

e TN i

models. All the discussed concepts  were

prototyped and are practically
demonstrated in the implementation section of this thesis.

4.6.2 Regression Tree Model

In the regression tree modeling, Classification and Regression Tree (CART)

algorithm Cubist software [137], originally developed by Breiman et al. [240), was

used. The default splitting rule in CART is the Gini index (or Gini impurity
measure), a measure of heterogeneity. The Gini impurity measure at node 1t is

defined using equation 12 [241].

glr)= Z Pli)pli) Equation 12

where p(j) and p(i) are the probability of class j and i at node 1 The Gini index
ranges from 0 to 1; it is equal to 0 if all observations in a node belong to the same
class, and it is 1 when different class sizes at the node are equal [240, 242).

In CART software, a maximal tree was grown and then pruned back to obtain the
optimal tree by determining the lowest misclassification errors. The maximal tree is
always overfit, because it represents all idiosyncrasies of the learning dataset. Error
rates from the trees were combined to yield estimated error rates for the nodes in
the maximal tree. This allowed for determination of error rates for trees of different
sizes, and gave an indication of the optimal tree size [242]. In addition, to prevent
overfitting of the tree, splitting was stopped when a terminal node had less than ten
cases [137].

The software produces three parameters for evaluation of the output model: the
average error, relative error and correlation coefficients. Average error was the
error for estimating the average value. The relative error magnitude was the ratio of
the average error magnitude to the error magnitude that would result from always
predicting the mean value; for useful models, this should be less than 1. The
correlation coefficient measures the agreement between the cases’ actual values of
the target attribute and those values predicted by the model [137).

The rules and instances options available in Cubist were utilized for DroughtObject
model development. Some of the available options in the actual model development

are presented in Figure 4.6 from GUI of Cubist v202. The Cubist models are
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composed of an unordered set of rules, with each rule having the syntax “if x
conditions are met then use the associated lincar regression model”,
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Figure 4.6: Regression tree, (a) GUI of Cubist software, and (b) its model development options.

4.6.3 Regression Tree Rule Interpretation

During the model development, the SDNDVI and SPI attributes were multiplied by
100 to remove the small decimal values. This was done because during the model
implementation, Mapcubist does not accept the decimal values. Therefore, the
values were standardized, which range from -4 to +4 in terms of standardized
values (-400 to 400 after multiplied by 100). For instance, the value 100
DroughtObject in our modeling is similar to | SONDVI or SPI values.

In this research, drought severity (represented by SDNDVI and referring to
agricultural drought severity) has seven classes. These classes are similar to the SPI
drought classes 28, 29] and have been adapted for vegetation condition to indicate
levels of agricultural drought [71]. These seven classes are presented in Table 4.4,

Table 4.4: Drought severity classes using SDNDVI values |[71)

No__ | SDNDVI Value Vegeution Condtom Drought Soorn Canes
=20 and less Extreme Swress Eutreme

2 101020 Scvere Swess Svere Drought

3 10008 Poor Vegeunon Maderate Drough

4 H51005 Fait {Neat Noemal) Neur Nosmal

5 fSwild (oo Vegetatiom Morst

6 |0w20 Very Good Vegetation Viery Mowt

7 2 0 anil groater Excellent Vegeution £ xtreme Mosst

A number of trials with different options were done before selecting a given rule.
The criteria for selection of rules were the accuracy level (quantified by correlation
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coefficient) and amount of both
this rule:

absolute and relative errors. The interpretation for

RMF; L: [124 cases, mean -59.0, range -251 to 183, est err 62.0)
i

3 Month SPI <= .20

SDNDV] <=0

Land cover in 14 (rain fed croplands), 20 (mesaic cropland (30-70%) / veget
(grassland/shrub land forest) =5 w
then

DroughtObject = 57.6 + 0.83 3 Month SP1 - 0023 DEM + 0,15 SONDVI

means that among the 53990 training cases (since 20% of the data was used for
testing), there are 124 cases that satisfy all three conditions.

In this case, DroughtObject ranges from =251 to 163 with an average value of -59.0.
The regression tree model finds that the target value of these or other cases
satisfying the conditions can be modeled by the following formula:

DroughtObject = 57.6 + 0.83 3 Month SPI - 0.023 DEM + 0.15 SDNDVI

During this modeling, the estimated error is 62.0, and for a case covered by this
rule, 3 Month SPI has the greatest effect on DroughtObject, DEM a lesser effect,
and SDNDVI the least effect. Each rule gencrated during the modeling was
interpreted this way, and whenever a case satisfied all the conditions, the lincar
model was used for predicting the value of the target attribute. If two or more rules
applied to a case, then the values were averaged to arrive at a final prediction.

4.6.4 DroughtObject Model Implementation

The regression tree model developed with Cubist software was implemented using
Mapcubist software. This software was developed at EROS. During the process of
model implementation, a mask file was prepared for the spatial extent of Ethiopia,
This file was prepared in such a way that all areas inside the Ethiopian boundary
have a pixel value | and all areas outside the Ethiopian boundary have a value 0,
This was done to reduce the processing time. A mask pixel value of 0 indicates that
pixel should not be processed and a mask value of | indicates that the pixel should
be processed. Then the developed models were applied for each pixel using all key
attributes of the DroughtObject model.
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the month of June, these dynamic variables were prepared and od 1
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experiment, the drought years 1984, 2002 and 2011 were used

During the implementation, Mapcubist software was run from the command
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Figure 4.7: Running Mapcubist software on command line on a Windows XP operating system

Besides the regression tree modeling output files, two files w

"

running Mapcubist software. These files were .names and .icases. The .nas

was the list of both the dependent attribute (SDNDVI) and explanatory attribut
(the 11 key attributes) with their corresponding data type for the DroughtObject
model (Figure 4.8a). The .icases file (Figure 4.8b) was the hist of both tl

. . iee with the ppn relee : the n
dependent attribute and explanatory attributes with the same order as the .na
by mace tvpes and their ban

file, and its main purpose was to present the image ty]

for Mapcubist software
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Figure 4.9; Flow chart for regression tree model implementation.

The .names, .icases, regression model outputs, static attributes, and dynamic
attributes were collected and put in the same folder as Mapcubist software. This
software was run on the DOS “mapcubist v202 MonthlyPredictionModel HFA
DroughtMap mask.img" command line. In this command line, mapcubist_v202 was
Mapcubist software version 202, MonthlyPredictionModel was the name of the
regression tree model, HFA was an ERDAS image (.img) format for the model
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output, DroughtMap was the name of the output image, and mask.img was the
mask file. The flow chant for this model implementation is presented in Figure 4.9.

4.7 DroughtObject Fuzzy Segmentation

The fuzzy segmentation was done using fuzzy affinity o [ca] and fuzzy
adjacency u(c,d) concepts, Fuzzy rules (such as if two regions have about the same

gray value and if they are relatively close to each other in space, then they likely
belong to the same object [117, 118]) were used in this experiment.

In this analysis the basic assumption was that pixels (SDNDVI pixels) seem 1o hang
together when forming a DroughtObject. The hanging togetherness property was
then represented using fuzzy logic. The spatial relationships were determined for
cach pair of image elements in the entire image.

The fuzzy adjacency u(c. d)efo.1] of two elements (pixels) ¢, d was determined by
the fuzzy adjacency function. The 2D drought (SDNDVI1) fuzzy pixel adjacency

was obtained using equation 13 [117].

ule.d)= { ...,;}2‘”'.,[:.-«,)’ ¥ Loderdien Equation 13

where ¢ and d are pixel values, k; is a non-negative constant, ¢ and d are any pixels
in the SDNDVI image, and n is the total sample size (the image size).

The affinity function y [c.4 | was determined for pixels ¢, d that are fuzzy adjacent
(i.e., which have adjacency value u(c,d )= 0). Fuzzy connectedness 4 is a global
fuzzy relationship that assigns every pair of image elements ¢ and d a value in the
interval [0, 1] based on the affinity values y along all possible paths between these
two image elements. The elements ¢ and d are not expected to be nearby. They are
connected by a path 7 =(c),....c™') of pixels, with ¢ =¢" and d =c™*'. Each
pair of consecutive pixels is characterized by a fuzzy  affinity
w(c“",c"" ){)Sns N =1 [117). For cach path, its strength was defined as the

minimum affinity value of all pair wise consecutive clements on the path, so the
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strength of the entire path is defined by the strength of its weakest local connection,

and quantified by equation 14 [| 17)

w'(r)=  min ‘I’(c‘".c'”lT

0ZnsN -] Equation 14

Many different paths may connect two pixels ¢ and d. Let M denote the set of all
paths joining ¢, d. Then the fuzzy connectedness was derived using equation 15

[117).

My, 4y = Max W)

) ) 5
iy Equation |

The local fuzzy relation is called fuzzy affinity, denoted by r.;[{lll [117], and
represents a strength of hanging togetherness of nearby image clements. The
affinity is a function of the spatial distance between two fuzzy adjacent image
elements considering their image intensities or other image-derived properties. As
such, any image / can be represented by a pair, / = [l '.Fl[ 117]. In our context, C
represents the image domain (SDNDVI values, which range from -400 to +400)
and F represents local image properties (the value contained by the target pixels).
Then, f(c)r.[ﬂ.l] represents a normalized image property (feature) associated with
pixel ¢. The fuzzy affinity t;.r[c.d] is a function of fuzzy adjacency ule,d), pixel
properties f(c), f(d), and in spatially variant cases of ¢ and d, and in this case

was obtained using equation 16 [117, 118].

yedje—ted)

Equation 16
Lk fi - "},;.l

where x is the fuzzy adjacency defined by equation 13 and k; is a non-negative
constant.

DroughtObject identification from images in this study has two major steps:
segmentation (identification) and classification. The segmentation step was the
process of determining roughly the whereabouts of the object in the image, whereas
classification, was the process that defines the precise spatial extent and

composition of the DroughtObject in the image

RS




Figure 4.10: Major steps in DroughtObject identification and classification.

eCognition Developer software [243] was used for this experiment. In this
experiment, the segmentation algorithm groups similar and adjacent pixels together
into polygons or image objects and uses a bottom-up, low-to-high value region
growing approach. In this multi-resolution segmentation algorithm, a seed pixel
was selected from within the image, and then neighboring pixels with similar
values were consolidated into objects based on the smallest growth of
heterogeneity. The segments (DroughtObjects) were then classified through fuzzy
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logic based object metrics and statistics [61, 243] such as pixel values, texture

shape, and size. In this process, eCognition software uses a hierarchical process tree
when classifying the image pixels. The processes are defined by a ‘Parent-Child’
concept, with parents being the root and children being the branches [243]. The

work flow for the image segmentation and classification process is presented in
Figure 4.10.

4.8 DroughtObject Model Evaluations

This section relates to research question three (how is DroughtObject identified on
satellite imagery evaluated using ground observation data?). The methods followed

for evaluating DroughtObject identified on satellite pixels with ground observed
yields are presented.

4.8.1 Using Crop Yield Data for Model Evaluation

The evaluation of the DroughtObject product was done using the “Meher” season
vield data obtained from Central Statistical Authority (CSA). The “Meher” scason
yield accounts for 90-95% of the annual crop production of Ethiopia [244]. The
vield data anomaly observed in this season is crucial for characterizing the food
security status of Ethiopia. Crop vield data was obtained from CSA yearly reports
(from 2000 to 2006) [245] at the zonal administrative level. The years 2000 to 2006
were used for model evaluation because complete datasets from both CSA crop
vield data and DroughtObject model output were found for these time periods. The
vield data was also obtained using standard statistical data collection and analysis
by CSA of Ethiopia within these time periods.

After standard statistical data processing, CSA [245] produced the yield data at the
zonal (district) administrative level. The zonal administrative level in Ethiopia is
next to the regional administrative level. Currently there are 72 zones in the
country. From the 72 zones, 41 were selected for the current study (Figure 4.11),
The zones were selected based on two criteria: 1) availability of yield data in the

years 2000 to 2006 for the “Meher” season, and 2) location of the zones in the
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“Meher” crop growing district whe
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months June to October).
From the 41 selected zones, the cereals vield dats was considered for

DroughtObject evaluation. According to CSA [245], cereals are the maior food

crops both in terms of the area in which they are planted and the volume of

production obtained in the selected zones. Cereals are also produced in larger

volumes compared to other crops because they are the principal staple crops in

these zones.

Selected Zones for DonghtObject Model By alwations

Legend
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.

Figure 4.11: Spatial distribution of zones (districts) on the map of Ethiopia,

The yield data that was obtained from CSA was assessed for its suitability for
DroughtObject model evaluation. A trend of yield data increase was observed for
almost all crop vyields assessed. Analysis detected a trend toward crop yield
temporal increase due to farm management practices; this has 1o be detrended in
order to use the data for model evaluation.

The detrending of yield data was done in two steps The first step was fitting a
smooth curve through the yield statistics. This Kind of fitting is described by Wu et

al. [246). where the detrending is the operation of removing the trend. The second
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step was calculating the actual detrended vield. Mat

lab software v 7.9 [204]) was
used for this deterending analysis,

Detrending in this research is the operation of remos ing the crop yield increasing

trend from 2000 to 2006, and after detrending, what remains is the variability of the

residue of the crop vield data. It was believed that determining trend and

implementing detrending operations are important steps in our data analysis. This is

because the detrended crop yield data define a more meaningful variability of the
vield variation caused by drought (weather variability) through the study periods. It
was also assumed that the DroughtObject model captured the weather variability

and that it is possible to correlate the two attributes using regression analysis,

4.8.2 Zonal Statistics Extraction for DroughtObject

The raw DroughtObject data was extracted at the zonal administrative level using
the zonal statistics tool of ArcGIS 10.0 [203]. This tool generated the majority,
maximum. mean. median, minimum, minority, range, standard deviation of the
population, sum and variety of the DroughtObject pixel values for each
administrative district. In this output, the majority is the most frequently occurring
and minority is the least frequently occurring DroughtObject value in each zone.
The variety attribute is the number of unique DroughtObject values observed in
each zone. For this model evaluation research, the mean of the zonal statistics was

used. The overall data extraction process is presented in Figure 4.12.

Tonal Map ol | iheyes

Dicught Object Image

Zonal Output
Anvibutes

From DroughtObject
lmage er each Zome

Figure 4.12: Data extraction for DroughtObject zonal statistics (adapted from ESRI |203]).
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Chapter 5 Results and Discussions

The results and discussions in this chapter are presented based on the order of the

rescarch questions. The answer 1o the first research question was found by
reviewing and analyzing past research for identifying the key attributes for

DroughtObject modeling (sce Chapters 2, 3 and 4). The key attributes identified

from past research were statistically tested for their relationship with the
DroughtObject target variable (see subsection 5.1). The results of the second
research question and the actual modeling of DroughtObject are presented in
subsection 5.2. The evaluation of DroughtObject identified on satellite images
using crop vield data, which is a response to the third research question, is
presented in subsection 5.3. In each subsection, detailed discussions of the results
are presented. Finally, subsection 5.4 presents application of DroughtObject models
for assessing the 2011 drought status in Ethiopia. A way to use the developed

models for 2012 and future years' drought predictions is also recommended.

5.1 DroughtObject Model Attributes Selection

To select the key attributes, all attributes that were identified from past research
were statistically explored for their relationships with the new DroughtObject
model developed in this study. Since |1 explanatory attributes were identified, it
was not possible to present all the statistical explanatory analysis in this subsection.
For this reason, four key attributes were selected and the steps followed for all key
attributes are presented using these sample attributes. These four attributes were
also assumed to be the most significant and also the most repeatedly used by past
research [49, 71, 72]. The selected attributes were DEM, WHC, three Months SPI
and SDNDVI.

In an iterative way, different combinations of the explanatory variables were tested
Some of the iterative combinations are presented in Table 5.1, In all of the

combinations, the expected signs of the coefTicients have been checked. All of the
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explanatory variables were found to have coefficient v

instance, as the three-month Sp) values decrease, the SDNDVI values have 1o

month SPI valyes increase, the SONDVI values
have to increase. This is because both values are

drought situation of a given location as confirmed

decrease; conversely, as the three-

showing the drought and non-
by past research [49, 71, 72).

Therefore, these attributes can be reliably used for representing DroughtObiject.

The 3D scatter plots are presented in Figure 5.1, The blue points are the scatter

points. The 3D scatter surface represents the two predictor independent variables

and the dependent variable DroughtObject. Interestingly, all of the 3D scatter plots
showed a strong statistical relationship between the two predictors and the
dependent variable DroughtObject (Figure $.1a-f). The best scatter plot was
observed for Figure 5.1d (using SDNDV] August, August three-Months SPI
attributes for predicting DroughtObject). These attributes are the two major
attributes obtained from NDVI and rainfall estimates showing the drought severity
in space-time dimensions. Detailed investigations are also presented on these two

attributes in subsections 5.1.1 and 5.1 2

The R’ values were used as a model fitness criterion. From the various
combinations, the R’ ranged from 0.11 to 0.85. This means that these models can
explain from 11% to 85% of the DroughtObject variability. It was also realized that
as the number of attributes increase the R* was found to increase. The highest R*
(le.. 0.85) was found when SDNDVI August was included in the various
combinations. SDNDVI of August 1984 alone can also explain about 82% of the
variability of SDNDVI of September 1984. This is expected because the NDVI
value of the previous month (August) is correlated with the following predicted

month (September).

The Akaike’s Information Criterion (AIC) ranges from 6797 to 8017. The AIC
model selection criterion is based on the fact that there is no single model that
represents the whole truth or complete information about the phenomenon under
investigation, and models only approximate reality [205]. Based on this principle,
Akaike [206] developed a relative index for getting a model that would best

9l
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approximate reality using some set of explanatory variables. Since it is a relative

value (the smaller the value, the hetter the model is) for comparing models [2

247], the AIC in this research was used to compare the

models for relatively better
representation of the DroughtObject.

Interestingly, the least AIC value was

obtained when all the four attributes were combined for modeling DroughtObject

(Table 5.1). This indicates the strong relationships of the explanatory variables with

the dependent variable. As the number of explanatory variables increases,

DroughtObject variability is captured in the model,

Table 5.1: Experimental result of Key attributes selection for modeling DroughtObject.

No. Independent attribute (s) Dependent attribute Adjusted R’ AN

| DEM, WHC SDNDVI September ol e 2
2 DEM. SDNDV] August SDNDVI September Y1) HAAG T
3 DEM, August 3 Month SP| SDNDVI September G.19 1939 1
4 SDNDVI August. August 3 Month SP] SDNDWEchhu 084 &4l 6
5 SDNDVI August SDNDVI Septem (13 AkkA 7
[ WHC. August 3 Month SPI SDND V] September 009 k016 ¢
7 WHC, SDNDVI August SDNDV! September 082 AT A
8 DEM, WHC, August 3Month SP] SDNDVI Septemb 019 il B
9 DEM, WHC. August 3Month SPI, SDNDVI September U &) 6972

SDNDVI August

The statistical analysis output of the model from the four explanatory attributes
(DEM, WHC. August three-Month SPI, SONDV] August) is presented in Table
5.2. As it can be observed, all the coefficients are statistically significant. The
Variance Inflation Factor (VIF) value, which is a measure of the severity of multi-
colinearity in regression analysis [207]. was also found to be low in all the
attributes. Multicollinearity here is the statistical phenomenon in which two or
more predictor variables in the regression model are highly correlated [207, 208].
Obrien [208] indicated that usually a VIF value greater than 10 shows the existence
of multicollinearity. As a guide, ESRI [203] recommended that the VIF value
should be less than 7.5 for GIS data. The maximum VIF value recorded in the
DroughtObject model using the four attributes is 1.89, which is much less than the
recommended value (Table 5.2). Therefore, using the four key attributes,

DroughtObject at September 1984 is:

DroughtObject = 10.62 — 0.0098DEM + 0,96 SDNDVI August + 01179 WHC « 0122 August IMonch SPIL
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Table 5.2: Exploratory data analysis output of DroughtObject model

No. | Key attribute CoefMicient J Frobabeds

1 Intercept 1062 ?%M_}?__:tm_& 0 OO0 2 Ll me
3 DEM < 0S8 0 0024 4 rl;‘. 0 er-'n'»! i .r'c

3 SDNDVI August 096 00173 £4 29 0 fO00 . )

4 WHC 01179 0038 136 0 \Qm | :-.

3 August 3IMonth SP1 0122 nois i [.H]r((, 1 o

In the entire modeling experiment in this rescarch, there are two major types of

attributes: static and dynamic. Of the dynamic attributes, three-month SPI and

SDNDVI are very important. The three-month SP| represents the climate variability

and is one of the important independent attributes. The SDNDVI represents the
agricultural drought extent and was taken as a dependent attribute. The three-month
SPI was obtained from rainfall data sources (from ground observation

meteorological stations and satellite rainfall estimates) and SDNDV| was obtained
from NOAA AVHRR NDVI data.

Before the detailed modeling experiment, the rainfall (RF) pattern of the Ethiopia
was assessed and spatially demarcated. This helps for practical implementation of
the models. The strengths of correlation of the two major attributes (RF and NDV1)
were also investigated in space-time dimensions to determine the reliability of the
models. For this purpose, section 5.1.1 presents the RF pattern and 5.1.2 presents

the strength of correlations of RF and NDVI in space-time dimensions in Ethiopia.
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Figure 5.1: 3D scatter plots showing the correspondence between pr:di:::r :;t}ﬁ:;tn }(: ;
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August for predicting the dependent variable SDNDVI of Septem

S.L.1 Rainfall Pattern in Ethiopia

For practically implementing the DroughtObject model, the rainfall pattern in
is , the 0 wnthl
Ethiopia was analyzed and spatially demarcated. In this study, the overall m- nthly
erage RF pattern analysis showed that there is a difference between the different
aver

j identified. The first pattern
grids. From this analysis, four major patterns were identificd
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March with a gradual increase and reaches its maximum in July and August. This
pattern is presented in Figure 524 using grid 35, 11]. The second pattern has high
average RF during July and August and a secondary RF durin
May, with the highest average RF in April. This pattern is pre
using a grid [41, 13]. The third pattern has high avera
and a secondary RF during September,

g March, April and
sented in Figure 5.2b
ge RF during April and May
October and November, with the highest
average RF in April. This pattern is presented in Figure 5.2¢ using grid (39, 7]. The
fourth pattern has RF throughout the year, with relatively low average RF during
December, January and February. This pattern is presented in Figure 5.2d using a
grid [35, 7]. The overall monthly average RF analysis for Ethiopia using the 21

grids is presented in Appendix 2 and the spatial distributions of the four RF patterns
are also presented in Figure 5.3,

Past studies, such as Sileshi and Demaree [248] and Shanko et al. [249), indicated
that Ethiopia has two major rainy seasons: June-September (“Kiremt™) and
February-May (“Belg™). This is a broad classification, and they did not classify

spatially where the two major seasons are in the country.

Gissila et al. [250] classified three rainy seasons in Ethiopia: (i) February/March to
May, (ii) June/July to September and (iii) October to November. They further noted
that the annual rainfall distribution in the western part of the country has one
rainfall maximum during July or August. This is similar to rainfall pattern one in
our current research. Gissila et al. [250] also indicated that in the eastern part of the
country, the rainfall has a bimodal distribution, with either a long-rain/short-rain
pattern (similar to coastal equatorial East Africa) or two seasons of roughly equal
length and amplitude. Rainfall pattern two (Figure 5.2b and Figure 5.3) agrees with

this classification.

A FEWS NET [244] study showed that April-May RF totals could explain 50% of
the variance of the long-cycle water requirement satisfaction index, revealing that

this is a critical stage when rainfall deficits can negatively impact yields of crops
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harvested in Septemher—l)cccmbcr. A similar study by Verdin et al [59) noted

that
the RF seasons for Ethiopia as a wh

vle are March-

May (locally called *
June—September (locally called “Kire

Belg™), and

mt"). They also indicated that most of the
riod March 1o September, w

parts of the country around the end of May or beginning of June. The “Belg” rains

rains in Ethiopia come in the pe ith a pause in man
i any

come in March-May, and the “Kiremt" rains in June-September. Neither FEWS

NET [244] nor Verdin et al. [59] indicated the spatial locations of the

seasons.
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Figure 5.2: Average RF for Ethiopia: (a) pattern 1, (b) pattern 2, (c) pattern 3 and (d) pattern
4.

Diro et al. [251] identified three main rough rainfall regimes. Regime A in the
western part of the country has a monomodal rainfall pattern (February to
November). Regime B (comprising central and eastern parts) has two rainy periods
February to May (“Belg”) and June to September (“Kiremt™). Regime C in the
south and southeast has two distinct rainy periods: March to May (long) and
October to November (short). In Diro et al. [251]. the RF pattern for regime A is
similar to RF pattern one (Figure 5.2a), the RF pattern for regime B is similar to R}

pattern two (Figure 5.2b). and the RF pattern for regime C is similar to RF pattern
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three (Figure 5.2¢). But they did not include or describe RF

pattern four in the
southwestern part of the country ( Figure 5.24),

Results from Sileshi and Demaree [248], Shanko et al.

[249], Gissila et al. [250],
Verdin et al. [59], FEWS NET [244] and Diro et al, [251

] are not refined enough to
develop a practical drought monitoring system in Ethiopia. Compared 1o these
coarse classifications, our approach classified the country tem
(Figures 5.2 and 5.3).

porally and spatially
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Figure 5.3: The four average RF patterns using all RF gauges inside the 2 x 2 degree grids in
Ethiopia, 1982-2004,

5.1.2  Relationships between RF and NDVI in Space-Time Dimensions

Since the relationship between precipitation and vegetation status varies within
growing season months, Pearson correlation analyses between RF and NDVI were
done for all months of the year separately. The correlation coefficients and their p-
values (the probability of rejecting the null hypothesis that there is no correlation
between RF and NDVI) were obtained for each of these monthly values. In all the
statistical tests in the study, & = 0.05 was used as the cutoff for rejection of the null

hypothesis.

Figure 5.4 shows the linear regression analysis and scatter plots for the average RF

and NDVI for the years 1982-2004. All the monthly correlations between RF and
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significance for coefficient of NDV] iy predicting RF values was significant (at

p<0.05). The assessed leve| of significance for constant (intercepts of the models)

showed that there were differences in the months (Table 5.3). For June. August and

September. the intercepts of the models were found 1o be significant (p<0.05): all

other months were not significant, For the month of July, our expect

the intercept of the model is signifi

ation was that
cant, since it is one of the rainy months
Unexpectedly, it was found to be not significant. This needs further investigation

with actual ground observations.

Overall, from the analysis of the relationship between average RF and average
NDVI for 12 months, there were relatively high R? values for rainy months (Figure
5.4). as expected. For dry months, there were low relationships (with R* values of
less than 0.5). The maximum R? values recorded were for May (R* = 0.7613) and
September (R* = 0.7698) and the minimum values were in February (R* = 0.2172)
and November (R? = 0.2095). The R* values showed a gradual increase from
February to May, with a maximum value in May; it decreased in July, and then

increased again in September (Figure 5.4).

The result showed that the main rainy months, which start in mid-June and end in
mid-September, have strong relationship with NDVI values (p-value < 0.05). From
these analyses, it was found that the decrease or increase in RF value could be

tracked using NDVI values.

The overall pattern indicates that the correlation between RF and NDVI is low
during dry months. It starts to increase when the rain starts, and reaches maximum
when plants are in vigorous growing stages. It was also observed that the impact of
RF on vegetation does not occur instantancously, but is cumulative of the past
months. The significant values indicate a positive response of vegetation to
precipitation, which can be captured by NDVI-RF models. The R values in June to
September, 0.60 to 0.77, respectively, means from 60% to 77% of the variation in

RF can be explained by NDVI.
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A study by Ji and Peters [49] indicated that vegetation has its strongest response 1o
. - ] K

moisture availability during the peak greenness period. The authors also found that

the impact of precipitation on vegetation does not occur instantaneously. but is

. precipitation oceurring in one month does ne
affect vegetation in that month, but the response is notable over periods

longer than
one month. Our

results showed the same as their study in that there were gradual

. . 2 s
increases in the R values from the beginning of the rainy month to the peak rainy
month, .

Detailed studies by Dai et al. [$6] have determined that the peak response of NDVI
to precipitation was with 14-25 days of delays, and the response duration was 22-
61 days during the growing season. Yang et al. [252] found the NDVI response lag
lo precipitation was five to seven weeks. Other studies by Rundquist et al. [253]
found the lag time of NDVI response to precipitation was approximately one
month, and more precisely Wang et al. [254] showed a lag of four to eight weeks.
Since the present study was only using average monthly NDV1 and RF values, the
response of vegetation to RF in the context of time lag was not assessed. This is a
subject for future research, specifically on analyzing the time lag effect of drought

(vegetation stress) caused by lack of RF.

Table 5.3: Statistical comparison of average RF and NDVI.

No. | Month Standard Standard t-caleulated | t-calculated Level of Level of
error for error for for constant | for coeMicient significance | significance
constant coelMicient for constant | far

coeMichent
| January 7491 23.627 4 334 1717 0742 0013
2 February 9.24 32.022 0.200 235 0843 0029
3 March 15449 51 446 0279 3986 0183 0001
4 | April 26086 7397 0030 4297 0976 0.000
5 May 18339 48 09 -2029 7987 0056 0 000
6 June 3349 90.007 -2 608 5526 0017 0 D)
7 July 48421 134.108 1119 4433 0.276 0 000
$ August 34 838 87913 2536 7 384 0020 0 (08)
9 | September | 20251 47.588 2348 8177 0029 0000
10| October 23.194 53378 0733 2833 0449 L,
I1_| November | 16516 40,156 2 086 2302 et 2
12 | December | 8402 22 870 -1.137 3 S08 0265 8 002
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Figure 5.4: Scatter plots showing the correspondence between the average NDVI1 and RF
from 1982 to 2004. The X-axis is for average NDVI and the Y-axis is for average RF in
mm. The numbers (1-12) show the months January to December.

5.2 DroughtObject Modeling Using Data Mining

5.2.1 Exploring ANN DroughtObject Models

ANN modeling experiments using all the training, validation, testing and data for

predicting the target dependent attribute are presented in Figure 5.5. As it can be
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observed, the highest model performance accuracy was obtained on the trainin
- . g
data. This is because the network was already trained on the same data, and this in

line with our expectation, It is also important to note that the network, after it was

being created, was not 100% accurate in predicting the target dependent attribute
This was controlled during the training using the training halt option using the

avoid overfitting in Matlab v 7.9.0 software [204]. The network was constrained in

such a way that training on the training dataset continues as long as the training

reduces the network’s error on the validation dataset. After the network memorized

the training set, training was stopped when the validation errors started to increase

as compared to the training errors ( Figure 5.6). This was done to avoid overfitting,

which is a challenging aspect in learning algorithms [204).

In Figure 5.6, June one-month prediction (predicting July 1984 drought using June
data) of the training was stopped at the 44" epoch to avoid overfitting. Using this
model exploration approach, all June to September predictions were explored. One
of the challenges during ANN modeling was the length of time required to get the
network model. After exploring the available training algorithms (Conjugate
gradient (traincgf, traincgp, traincgb, trainscg). Quasi-Newton (trainbfg, trainoss),
and Levenberg-Marquardt (trainlm)) in Matlab software v 7.9.0. Levenberg-
Marquardt (trainlm) [255] was found to be the best. This algorithm was also
recommended for its high speed by MathWorks [204]. Even for this fast algorithm,

the minimum time to finish the modeling was about 15-20 minutes.
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Figure 5.6: Best validation performance of ANN at 44” epoch.
5.2.2 Cross-Validation of DroughtObject ANN Models

The learned parameters from the data in the training dataset were subjected to those

parameters in the test dataset. Then the prediction qualities of the models were
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evaluated by comparing the predictions with the target data. This approach usually

gives an idea of how well the models generalize to unseen data points [204].

Using the 24 years of data, one- to four-month DroughtObject prediction models’

performance on test datasets for the growing months of June to October is
presented in Figure 5.7. In these figures, the regression scatter plots (observed
versus predicted) and the best fit line are presented. To come up with the best fit, a

number of iterations were analysed until the best network models were obtained,

As can be observed from Figure 5.7 (a —j), for the June prediction model, the best
fit was obtained for one-month prediction. The four-month prediction of June data
(ie.. using June data to predict October) was found to be higher than the three-
month prediction. The expectation was that there should be low correlation between

the two-month data. Therefore, this needs further investigation.

Both July one-month and two-month predictions showed best fit. and as expected,
the three-month prediction of this month has a relatively low fit compared to these
two time lag predictions. August one-month prediction was also found to be the
best fit compared to all of the assessed scatter plots. August two-month and
September one-month prediction have low fitness. September one-month prediction
was low, because September is a plant growing month, where the NDVI is
relatively higher, whereas October is the end of the growing season (dry month)

and the two datasets have differences.

In all the October predictions, the scatter plot has extreme outlier values. This was
caused by the very small values of the standard deviation (near to zero) of October
data. During the standardization, because of these small values, for some pixels

very high SDNDVI values were observed as outliers (Figure 5.7d. g, i and j).

At each iteration, the correlation coefficient (r) (which is a measure of the accuracy
level of the models) was assessed. The summary of these accuracy levels for
different time lag predictions is presented in Table 5.4. The highest correlation
coefficient was attained by August one-month prediction (predicting September
using August data). This is in agreement with our expectation. Both of these

months are vigorous growing periods and can be captured by NDVI data. The
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lowest correlation was obtained by June three-month prediction (using June data to

predict September). This is also in line with our expectation in that June is drier and

the start of the growing months while September is a vigorous plant growth period,
and the NDVI data for the two are different.

Table 5.4: Prediction Accuracy of the networks on the test dataset.

No | Models Target month Maodels Carrelation-coefMicient ir)
1 June one month prediction July 085
2 June two month prediction August D77
3 June three month prediction September 070
4 June four month prediction October 073
5 July one month prediction August 093
f July two month prediction September 083
7 July three month prediction October 074
8 August one month prediction September 09s
9 August two month prediction October 073
100 | September one month prediction October 07
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Figure 5.7: Scatter plots of observed and predicted
DroughtObject using ANN, (a) June one month, (b) June two
' month, (c) June three month, (d) June four month, (e) July one
month, (f) July two month, (g) July three month, (h) August
one month, (i) August two month, and (j) September one
month predictions. The X-axis presents the model predicted
values and the Y-axis presents the observed values. The red
Torget i lines are the best fits for the scatter plots.
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5.2.3 DroughtObject Modeling Using Regression Tree

As in the ANN modeling approach, in cross-validating the DroughtObject models
in the regression tree, the data were randomly split into two sets: a training set and a
test set. The learned parameters from the data in the training set were subjected to

those parameters of the test dataset, and the quality of the predictions on the test set
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was evaluated. This approach usually gives an idea of how well the models
generalize to unseen data points [137].

The 24 vears of data were used for developing the time lag prediction models. The
scatter plot exploratory analysis of these five months of models are presented in
Figure 5.8a — j. In all of these plots, the same patterns were obtained as those
observed for ANN in section 5.2.2. Therefore. no explanations are given here. A
summary of the models’ accuracy and error terms across the five growing months

(June to October) are also presented in Table 5.5. The average error here is in the
unit of SDNDVI values.

In the time lag prediction analysis, the average errors range from 22 to 190. The
lowest error was for August one-month prediction and the highest was for July
three-month prediction. The lowest average error for August one-month prediction
was achieved because the next month, September, is more or less similar to August
SDNDVI values. The highest average error in July three-month prediction was
attributed to the difference between the June SDNDVI value. which occurs at the
start of the growing period. and the October SDNDVI value, which occurs at the
end of the growing season when plants have stopped their photosynthetic activity

because they have reached full maturity.

In all the growing months, the relative error value (which is the ratio of the average
error magnitude to the error magnitude that would result from always predicting the
mean value) was below 1. This indicates that the average error magnitude is lower
in the overall observations. Rulequest [137] also indicated that for useful models

the relative errors should be less than one.

The highest correlation coefficient was achieved by August one-month (prediction
of September SDNDVI values using August SDNDVI values) prediction. This is in
agreement with our expectation in that both of these months are vigorous plant

growing months and there is a similarity in their SDNDVI values.

The lowest correlation value was by June three-month prediction. This is in line
with our expectation because June is the start of the growing months and August is

a vigorous growing month, and the two months have different SDNDVI values.
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With the same pattern as the ANN model. the June four-month prediction

(predicting October using June data) was found to be higher than the June three-
month prediction (predicting September using June data). Overall. Jow prediction
accuracy was observed when the month of prediction was far from the predictor

month. This is also in agreement with our expectations,

Prediction accuracy comparisons of ANN and regression tree data mining tools are
presented in Figure 5.9. It can be observed that both tools have the same accuracy.
This is because the training and test datasets were found to have well clustered data
and easy to be classified. Such type of data clustering is described by Jain et al.
[256] for different domains. Therefore. it is possible to use either ANN or

regression tree in future drought prediction experiments.

The basic statistical properties were also compared between observed and predicted
data values for the one- to four-month predictions based on Z-test for the means
(Table 5.6). All the monthly prediction Z-cal values were found to be less than Z-
critical table values (+1.96 for two tailed value at a 5% significance level), with the
exception of August two-month and September 1-month prediction (i.c.. for the
month of October). This means that with the exception of August two-month and
September one-month predictions, there is no significant difference between the

mean values of observed and predicted data values.

Table 5.5: Summary of validation results for June-October regression tree models,

No. | Months Evaluation on test data
Average error Relative error Correlation
cocfficient
| June one month 37.5 0.49 0.85
2 June two month 46.488 0.61 0.77
[ 3 [ June three month 51,748 0.67 071
1 June four month 179.753 0.57 0.77
5 July one month 27.255 .36 0.92
6| July two month 39.691 051 7.84
7 July three month 189.925 0.59 0.7%
8 | August one month 22.184 0.29 !).':5
9 August two month 186.404 0.58 0 _E
10| September one month 180,224 0.57 0.77
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Figure 5.8: Scatter plots of observed and predicted
DroughtObject using regression tree: (a) June one
month, (b) June two month, (¢) June three month, (d)
June four month, (e¢) July one month, () July two
month, (g) July three month, (h) August one month, (i)
August two month, and (j) September one month
predictions. The X-axis presents the model predicted
values and the Y-axis presents the observed values. The

J red lines are the best fit for the scatter plot.
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Figure 5.9: Prediction accuracy comparison of ANN and regression tree. The numbers on
the X-axis are the monthly predictions: (1) June one month, (2) June two month, (3) June
three month, (4) June four month, (5) July one month, (6) July two month, (7) July three

month, (8) August one month, (9) August two month, and (10) September one month
predictions.

In the means comparison, the Z-test was used instead of the t-test. because the
comparison was done on the population of both the observed and predicted data
values. This means that the comparison was not between the samples of the
observed and the predicted, but rather on the whole population of the observed and

predicted values of the model outputs.

Table 5.6: Statistical comparisons of the observed and model predicted values of the regression

tree models.
No. | Models Mean Observed Mean Predicted Decision Z{ " <1.96
| June one month ahead 0.2525 2.373 0.169
2 June two month 2.384033 2078194 0.208551
3 June three month 1.523748 2366955 A0, 58469
4 June four month 7109969 712 2986 020616
5 July one month 2038964 2 543363 031571
b July two month 3435608 3773627 0HI178
7 July three month 720.7159 708 4185 | 920804
& August one month 2.829 1723647 4 54913
9 August two month 721 8606 707.4495 1242636
10| September one month 724 8788 711 6078 2 (6091

The errors in the models in general are attributed to the low resolution of the
satellite imageries (8km) and the high heterogeneity of the ecosystems of Ethiopia.
From our practical experience, within a short range of distance, the elevation,
vegetation type, and soil conditions vary greatly. These attributes were represented

by 8km resolution DEM, veg_Ethiopia, land cover, and WHC. These errors can be

109




3. Results and Discussions

improved by using high spatial resolution imagery products, and this is one of the
future research projects recommended by this study.

5.2.4 Drought Prediction Model Output Visualizations

The experimental models from the regression tree approach were implemented, and
the models™ output maps are presented in Figure 5.10a- using the 1984 drought as
a case study. The one-month prediction of June showed the drought extent in July
with moderate drought in the southern and western parts of Ethiopia. The northern
part of Ethiopia was found to be in the moist and very moist drought category
(Figure 5.10a). The two-month prediction (for the month of August) showed
extreme drought classes in the northern and southwestern parts of Ethiopia (Figure
5.10b). This means that during this month, these places were found to have highly
deviated SDNDVI values compared to the historical mean of the 24 vears. During
this month, the central and eastern parts of the country were found in the moist
classes. The three-month prediction of the June model (i.e.. for the month of
September) showed that there was moderate drought all over the country except the
northeastern part of Ethiopia. The northeastern part of the country was found to be
moist by this model prediction. The four-month June prediction model showed that
there were moderate droughts in the south and southeastern parts of the country.
The model accuracies of the June two- and three-month predictions were found to
be low (Table 5.5), and accordingly the maps produced have fewer accuracies than

the June one-month prediction.

The July one-month prediction map (for the month of August) showed that
northern, eastern and southern parts of Ethiopia were in the severe drought classes.
The central part of Ethiopia was in the moist and very moist classes by this
prediction (Figure 5.10e). The two-month prediction (ie., for the month of
September) showed only the northeastern part of Ethiopia in the extreme to severe
drought class and the south and southeastern parts in the moderate drought class.
The central part of the country was moist according to this model (Figure 5.101).
The four-month prediction map showed the northeastern and western parts of

Ethiopia in the moist drought class and the eastern part of the country in the near-
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normal drought class (Figure 5.10g). The three-month July prediction has a low

accuracy model (Table 5.5), and the map also does not reflect the reality during

October 1984.

The August one-month prediction (for the month of September) clearly showed the
extreme drought in northern, eastern and southern parts of Ethiopia. This model
showed high vegetation stress throughout the country with a few exceptions in the
central and western parts of Ethiopia (Figure 5.10h). This model had the highest
accuracy of all models (Table 5.5) and also the best fit in the scatter plot analysis
(Figure 5.8h). Therefore. this model is highly reliable and also showed the extreme
to severe drought situation described by the literature [65. 66, 257-259). The
August two-month and September one-month (for the month of October) showed a

pattern similar to the July three-month prediction map (Figure 5.101 and j).

Overall, as it can be observed from the maps, the best models with higher
accuracies produced the best patterns. As indicated above. the highest accuracy
from the regression tree model was achieved by the August one-month prediction
(Figure 5.8h and Table 5.5). The best prediction map was also obtained using this
model (Figure 5.10h).

As the prediction month length increases, the pattern observed from the maps also
decreases, showing the drought severity. Overall, the one-month predictions were
found to be the best. The last growing month (October) in all of the monthly
predictions showed no change compared to the previous drought severity status.
These reflect the reality that this month is the end of the growing month and is

usually dry. Therefore, no SDNDVI deviation is expected in this month.

From the above analysis, it is clear that the drought prediction models developed
can confidently be used for predicting future drought situations with one- to four-
month time lags with the accuracy levels presented in Table 5.5. The experimental
maps of drought severity status prediction for the 1984 drought in Ethiopia matched
the reality described by different articles and reports. Therefore, these models can
be used for any future drought status predictions in the case study area, Using these

fyurd <
models, a result similar to the accuracy level presented in Table 5.5 can be
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obtained. For the actual implementation of these models, the required models

-icase, .names, and historical .data files were also produced, and they are ready for
the model implementation.

e |t i N e 4

Figure 5.10: Prediction maps using regression tree models
presented in Figure 5.8: (a) June one month, (b) June two
month, (c) June three month, (d) June four month, (e) July
one month, (f) July two month, (g) July three month, (h)
August one month, (i) August two month, and (j)
September one month prediction maps. The legends are
ranges of SDNDVI values.

The drought severity maps for the years 1984 and 2002 are presented in Figure 5.11
and Figure 5.12, respectively, using standard drought severity classes defined by
McKee et al. [28], McKee et al. [29] and Tadesse et al. [71]. As it can be observed,
using these standard drought severity classes, the 1984 drought was highly severe
compared to the 2002 drought in Ethiopia that covered most of the country. The
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2002 drought spatially observed in the southeastern and northeastern parts of the
country was moderate to severe (Figure 5.12). The extreme drought class was not
observed in 2002.

Inherently, the DroughtObject modeling in the above experiments was done using a
spatial resolution of 8km. This was done because one of the major data modeling
attributes of the SDNDVI from NOAA has a spatial resolution of 8km. To match
SDNDVI NOAA data, all other attributes were converted to 8km spatial resolution.
Within 8km spatial resolution, many different elevations, vegetation types and land
covers should be expected. Therefore, most of the uncertainties in the models and
prediction maps are from the low resolution data input used during the modeling.

From the assessed prediction models and maps, the August one-month prediction
model and map is more reliable and can be used for drought monitoring with higher
accuracy in the June-October growing periods. This model and prediction map can
be used directly by policy makers at different levels, such as the Ministry of
Agriculture, Disaster Risk Management and Food Security Sector, and different
non-governmental organizations in Ethiopia, to make more informed decisions for
saving drought victims. This information can enable these and other related
organizations to undertake efficient drought mitigation, with minimum impact of
drought on human life and the environment.

August One Month Drought Prediction Map for 1984
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Figure 5.11: Drought severity class map for September 1984,
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roy

Figure 5.12: Drought severity class map for September 2002.

5.2.5 DroughtObject Extractions

For DroughtObject extraction, the drought severity extent in September 1984 was
used (Figure 5.13). The descriptive statistics of all the pixel values of this month's
drought severity image are presented in Table 5.7. The values are SDNDVI values.
These values were multiplied by 100 and the values that are presented in the table
should be divided by 100 to get the actual standardized values. Therefore, a value
of 100 means 1 standardized value of the SDNDVI.

From the assessed pixels covering all of Ethiopia, about 8% were in extreme
drought, 25% severe drought, 16% moderate drought, 30% near normal, 13%
moist, 7% very moist, and 1% extreme moist drought classes. The assumption here
is that the negative SDNDVI are revealing the prevailing drought in the area and
the positive deviations are showing the healthy vegetation growth in the area during
September 1984.

The 1984 drought was also reported to be one of the worst droughts in Ethiopia
[66], and this data was used for demonstrating the concept. The map used here
(Figure 5.13) was obtained by using the regression tree model, which is presented
in Figure 5.8h (August 1-month prediction).
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To extract drought objects, a subset image was created in the northern part of

Ethiopia (Figure 5.14). This area was selected because the maximum SDNDVI

value and the highest area coverage of the SONDVI deviations were observed in
this location. Using this subset image, the intensity of drought in the arca was
assessed. For this purpose, all the pixel values were systematically generated in a

point grid map of the site.
Table 5.7: Descriptive statistics for SDNDVI values for all of Ethiopia.
No. | Description Value
T | Mean S9.8915
2 | Median 585
3 | Standard Deviation 1666987
4 | Minimum 335
5 Maximum 279

Drought Severity Map for September 1984
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Figure 5.13: Drought severity extent in September 1984.
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Figure 5.14: A subset image selected in the northern part of Ethiopia for DroughtObject
extraction.
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The pixels that were obtained from the point grid map were also found to have
some patterns showing DroughtObject distribution in the area. In the original
image, there are ranges of negative to positive SDNDVI deviations. For display
purposes, the negative deviations were multiplied by negative one (-1), and the
original negative deviation values became positive and the positive deviations
became negative. The 3D representation of the spatial pattern of the
DroughtObjects in the area is presented in Figure 5.15. From this figure, it can be
observed that some local maximum deviation values were found to decrease
gradually to local minimum values, revealing the possibility of identifying drought
objects. In this figure, the red areas are pixels with maximum deviations that
gradually decrease to the yellow color, and the blue colors show positive deviations
of the pixels (in this case, with optimum red band use for plant photosynthesis
activity or conversion of light energy into chemical energy during September
1984). After observing these patterns, the drought objects were then extracted using
the concepts of local maxima and local minima SDNDV]1 deviation values.
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Figure 5.15: 3D representation of SDNDVI deviation values for the September 1984
drought. The graph surfaces represent relatively low SDNDVI deviation in the blue areas
and the highest deviations in the deep red areas. The X axis is the longitude in meters, the
Y-axis is the latitude in meters and the Z-axis is the SDNDV] values.

The actual DroughtObject extraction for the entire country was done after diffusing
the image using non-directional anisotropic diffusion. The diffused image of the
September 1984 drought map is presented in Figure 5.16. For this diffusion, a low
pass convolution filter with kerned size 3x3 was used. As can be observed from the
figure, the DroughtObject patterns from high to low severe drought areas are

clearly identified.

Using the anisotropic diffused image, DroughtObject segmentation was executed
using the eCognition Developer 8.7 [260] fuzzy segmentation tool. This
classification approach works using a membership function, where a pixel’s value
is determined by whether it is closer to one class than another. The segmented and

classified map is presented in Figure 5.17.

As can be observed from Figure 5.17, most of the extreme drought classes were
observed in the northern part of the country. Almost all of Tigray and Afar regions
were highly affected by the extreme drought class. The severe and moderate
drought classes were observed in the northern, eastern and southern parts of the

country. The near normal, moist and very moist classes were observed in the central
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and western parts of the country. In this analysis, the few pixels observed in the
extreme moist classes were removed during anisotropic diffusion and were not

found in the final DroughtObject output map.

Convolved Drought Severity Map of September 1984

N

fetailiad

Figure 5.16: Anisotropic diffused image of September 1984 drought.
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Figure 5.17: Drought severity classes in September 1984
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5.3 DroughtObject Model Evaluation

This section addresses research question three (how is DroughtObject identified on
satellite imagery evaluated using ground observation data?), The model evaluation
here is done in the context of “fitness for purpose” as described by Jakeman et al,
[76]. This is to say that in one way or another, drought monitoring is related to the

food security of a given district, and the drought monitoring tool has to take this

reality into account.

The model evaluation was done using a total of seven vears' drought prediction
model outputs for the years from 2000 to 2006. For this purpose. the August one-
month prediction model was run for the month of September for all the seven years.
In addition to the static data, all the dynamic data, such as SPI. August SDNDVI,
PDO. AMO. NAO, PNA and MEI. were prepared for the August month prediction
during the model implementation. Using these input data, a total of seven
DroughtObject maps were produced (Figure 5.18). These images were combined
with zonal administrative data of Ethiopia for zonal statistical average data

extraction.
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Figure 5.18: DroughtObject August
one month prediction maps for the
year (a) 2000, (b) 2001, (c) 2002, (d)
2003, (e) 2004, () 2005, and (g)
2006. The legends are ranges of
SDNDVI values.

5.3.1 DroughtObject Versus Cereal Yield Data Exploratory Analysis

The comparison of average DroughtObject and average cereals yield (Quha) from
2000 to 2006 is presented on a 2-dimensional line graph in Figure 5.19. The x-axis
shows the zone numbers, yl-axis average DroughtObject and y2-axis average yield
data. As can be observed from the graph, there is a spatial relationship between
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average DroughtObject and average yield for the selected zones. Except for a few

zones, the increase and decrease of the two valyes were correlated

The descriptive statistics for average DroughtObject values for all zones from 2000
to 2006 is presented in Table 5.8. The minimum mean DroughtObject was observed
for the year 2002 followed by 2001. The maximum standard deviation was also
observed for the year 2002. The year 2002 was a drought year in Ethiopia [261 ),

and the overall descriptive statistics (Table 5.8) of DroughtObject also reflects this

reality. The maximum mean DroughtObject was for the year 2000 followed by
2004,

Average DroughtObject and Cereal Yisld Spatial Comparison
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Figure 5.19: Spatial average DroughtObject and yield comparison. The horizontal axis
numbers are Zones (1=Western Tigray, 2=Central Tigray, 3=Eastern Tigray, 4=Southern
Tigray, 5=North Gonder, 6=South Gonder, 7=North Wollo, 8=South Waollo. 9=North
Shewa (Region 3), 10=East Gojam, 11=West Gojam, 12=Wag Himra, 13=Awi, [4=East
Wellega, 15=Oromia Zone Amhara Region, 16= West Wellega, 17=Ilubabor, 18=Jimma,
19=West Shewa, 20=East Shewa, 21=North Shewa Oromia Region, 22=Arsi, 23=West
Harerge, 24=Fast Harerge, 25=Bale, 26=Metekel, 27=Asosa, 28=Gurage, 29=Hadiya,
30=Kembata-Alaba-Tembaro, 31=Sidama, 32=Gedio, 33=South Omo, 34=Bench Maji,
35=Yem, 36=Amaro, 37=Burji, 38=Konso, 39=Derashe, 40=Hareri , and 41=Dire Dawa).

Table 5.8: Descriptive statistics for DroughtObject values for all selected zones, 2000 — 2006,

No | Descriptive Years
Statistics 2000 2001 2002 2003 2004 2005 2006
[T [ Mean 12325 13069 T4 14306 13627 11623 | 12502
2 | Median 12509 13200 371 14727 139 88 FI05| 12403
3 Standard 2554 18.07 4579 1753 2056 D3| 2268
4 ::;t:::nn 114 37 939 189 59 £320 76 46 91 33 094 84
T 749 6120 | 10589 9820 9N o || B
I3 Méximum 18932 15520 £3.70 181 40 172.20 163.71 17557
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The average yield data in space and time dimensions were explored. For this
purpose, cereal yield average values (both the overall and

Teff. barley, wheat, maize, sorghum,

individual averages of
millet and oat) were explored. The descriptive
statistics for cereal are presented in Table 5.9, The cereal yield data varies both

temporally and spatially. The spatio-temporal average yield analysis output is also

presented in Figure 5.20.

Table 5.9: Descriptive statistics for cereal vield for all zones, 2000 - 2006,

No. | Descriptive Statistics Years

2000 | 2001 | 2003 [ 2004 | 200% 2006
1 Mean 1092 11273 [ 1190 [ 1214 | 1300 (Eki
2 Median 1145 | 1352 | 1239 | 1247 1325 | 1426
3 Standard Deviation an 283 EET] 319 i 158
4 Range 1262 | 1275 | 1587 [ 1274 | 1532 | 1517
5 Minimum 485 473 2.1 535 464 475
6 Maximum 1747 | 1748 | 1798 IB09 | 1996 | 1993

All the average crop yields assessed showed almost the same pattern in that there is
a gradual increase in yield value, except for oat. The overall vield increase through
the years is assumed to be due to improved farm management, such as fertilizer,
pesticide  applications and improved farming systems through agricultural
extensions. The challenge now is how to use these yield data, which are increasing
gradually from year to year, with DroughtObject data, which is assumed to increase
when there is surplus production (favorable weather conditions) and decrease when
there is a deficit in crop yield (due to unfavorable weather conditions). In other
words, in the DroughtObject evaluation using the crop yield data, the expectation
was that when there is high deviation in SDNDVI values (a decrease in
DroughtObject value), there is a decrease in yield value. This way it is possible to
observe drought incidence on the ground. The crop data that we assessed had a
gradual increase in yield from 2000 to 2006. This means there is a trend in the crop
vield data. If we simply test the correlation between DroughtObject data and crop
data without removing the inherent trend in crop yield data, unexpected and/or

misleading results can be produced. Therefore, we first removed the trend and then
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tested the correlation between the two attribytes. For this purpose, we detrended the
crop yield data.

Detrending is removing linear trends from regularly sampled time-domain input-
output data [262]. This data processing operation helps to estimate more accurate
linear models because linear models cannot capture arbitrary differences between

the input and output signal levels. Afier detrending. the relationships between
DroughtObject and crop yield data were analyzed.

The detrended average crop yields for cereal (Teff, sorghum, maize. barley and
wheat) are presented in Figure 5.21. This is the average temporal vield for all zones
for each of the crops. Since the year 2002 was missing, the average values of 2001
and 2003 were used for 2002.

Because the year 2002 was missing in the yield data, it was not included in the
statistical comparisons. The cereals yield data showed that the years 2003 to 2006
were below average value (zero); for all other years, the cereal yield was above
average (Figure 5.21a). Teff yield showed the yearly variation clearly. The vears
2003, 2005 and 2006 had below-average values (Figure 5.21b). Sorghum vield was
observed to be below average from 2003 to 2006 (Figure 5.21c). Maize was
observed to be below average for 2003 and 2004. Barley yield was observed to be
below average for the years 2000, 2003 and 2004, Wheat yield was found to be
below average for the years 2000 and 2005,

The detrended crop yield data for all the zones selected for this study were assessed
for their correlation with DroughtObject data. The correlation and scatter plots for
some of the selected zones (one zone per assessed region) are presented in Figure
5.22. The highest correlation was obtained for the Western Hararge Zone of Oromia
region. The lowest correlation coefficient was found for Harari region (r*=0.01,
scatter plot not presented).

The analysis results showed that there is a relationship between DroughtObject and
crop yield data. The decrease or increase of DroughtObject values in a space-time
dimension can show the deficit or increase of yield data with optimum level of

certainty.
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Figure 5.20: Crop vield pattern for the past 6 vears in the studied zones.
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Figure 521: Detrended average spatiotemporal crop yield data, (a)cereals,
(b)TefT, (c) sorghum, (d) maize, (¢) barley, and (f) wheat.
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Figure 5.22: Scatter plots of the relationships between DroughtObject and cereal
detrended yield.

5.3.2 Summary on DroughtObject Evaluation

In summary, interesting results were found in evaluating the DroughtObject
product. Even without any statistical analysis, the DroughtObject model output in
Figure 5.18a-g clearly shows that the year 2002 has highly deviated pixels
compared to other years from 2000 to 2006. The model output showed where the

highly deviated pixel and group of pixels are spatially located. Decision makers
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who are involved in drought risk-management and mitigation can directly use

information for their resource allocation and management.

this

The objectives of this subsection were 10 1) develop an evaluation method
specifically applicable for drought models using crop yield, and 2) evaluate the
DroughtObject product using zonal (district level) crop yield data. Both of these
two objectives were addressed and interesting results were obtained.

A simplified model evaluation method was developed. This method started by
exploring the two attributes separately using statistical data exploratory techniques.
[t was found that crop yield data have a trend through the studied years from 2000
to 2006. Therefore. the trend had to be removed before the statistical relationships
analysis. After removing the trend, regression analysis were conducted.

It was found that there are positive relationships between DroughtObject product
and crop yield data. The maximum coefficient of determination (R*) was observed
for Western Hararge and the minimum for Harari region for the years 2000 to 2006.
The weak correlation between the two datasets can be attributed to two major
reasons: 1) aggregation of both the vield and DroughtObject data at the zonal
administrative level; and 2) the two datasets are inherently different.

The yield data was aggregated at the zonal district level, which is next to regional
administrative levels in Ethiopia. This administrative level has very coarse
resolution for yield data in that the CSA report is not homogenous from an
agricultural and agro-ecological point of view. Therefore, these coarse
administrative level averages cancel local variability of yield and DroughtObject
data. One future research project on evaluating the DroughtObject model for food
security and drought monitoring is to use high resolution administrative level crop
vield data, such as the woreda administrative level (the next administrative
resolution up from the zone administrative level in Ethiopia).

Interestingly, even though the DroughtObject and crop yield datasets were from
different sources and were produced for different purposes, there were strong
relationships. It was observed that the increase or decrease of SDNDVI values can
indicate the vield increase or deficit in the studied districts for the “Meher™ growing

season. Therefore, it is possible to say that the DroughtObject model product can be
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used directly by all governmental and nongovernmental organizations involved in
drought monitoring and food security assessment.

5.4  Application of the DroughtObject Model for Assessing the
2011 Ethiopian Drought

This section demonstrates the applicability of DroughtObject models for assessing
drought episodes with a dataset outside the modeling years. The models were built
for a total of 24 years (from 1983 to 2006). The model developed using the 24 years
of data from biophysical, climate and satellite data sources was used for assessing
the 2011 drought in Ethiopia. Both the static and dynamic data inputs were used as
described in the previous subsections. The static data (DEM, Land cover,
Veg_Ethiopia and WHC) were directly taken from the modeling data in the

previous experiments.

The dynamic data inputs, which include the oceanic indices. SPI, and SDNDVI
data. were derived for the year 2011. The oceanic indices AMO, MEL NAO. PDO
and PNA were obtained from the NOAA website [216] as point data for each
monthly period from June to September 2011. Using these point data. constant
raster maps were produced using the ArcGIS 9.3 Create Constant Raster Tool
[203]. For each oceanic index, four different constant raster maps (for the four
months June-September) were produced. For the five oceanic indices, a total of 20
constant raster maps were created.

The SDNDVI was obtained from ¢eMODIS NDVI data. eMODIS NDVI data has a
spatial resolution of 250m and temporal resolution of six pentadal composite (10
day updated every five days) for each month [185]. The eMODIS NDVI data were
stretched (mapped) linearly (to byte) values from [-1, 1] to [0, 200] when obtained
from USGS database. These values were converted to the original NDVI value
as NDVI = (value —100)/100, where value is the stretched NDVI value ([0, 200]).
Then to obtain the monthly NDVI values, the average of the pentadal values were
obtained for June-September. October was not included here because it was not

used for the prediction models.
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The cumulative NDVI (CNDVI) values for the four months were obtained by

subtracting the May 2011 base NDVI (NDVI_ib) as described in equation 7. After

getting the CNDVI for each monthly value, the standardized deviation of NDVI
(SDNDVI) was obtained using equation 8. The SDNDVI values obtained from the
above analysis were used as model input for the monthly DroughtObject prediction
models.

The SPI data was obtained from eMODIS with spatial resolution of 10km and
temporal resolution of dekadal (10 days). The three-month SPI data was used in
this analysis. The data was also obtained in BIL (band interleaved by line) format,
which is a filing scheme for storing the actual pixel values of an image in a file. The
.bil SPI data was 8 bit format.

According to a description of the SPI meta data from FEWS NET [185], the .bil
images were compiled in unsigned 8 bit format. The SPI negative values were
stored in reverse order starting at the top end of the possible values range for each
data file. Since the 8 bit .bil files have a value range 0-255, the -1 values were
stored as 255, -2 values were stored as 254, etc. Therefore. to convert the 8 bit _bil
data into ArcInfo grid image SPI data, the formula:

out _grid _SPI = con(in_grid _SPI >=128,in_grid _SPI -256,in_grid SPI) was
implemented in ArcGIS 9.3 [203]. Then all the three-month SPI images obtained
for June, July, August and September were used for the monthly prediction models
in the DroughtObject models.

All the static and dynamic attributes were subsetted and the same spatial extent was
obtained for the datasets. After getting same spatial extent for all the datasets, they
were also converted to same spatial resolution (8000m). Then Mapcubist was used
for implementing the models in DOS  command as
mapeubist _v202...modelName..HFA..outpuMapName img..maskFileNameimg . The overall
workflow for these data integrations is presented in Figure 5.23.

Using the regression tree DroughtObject models (Figure 5.8), the 2011 drought
prediction maps were produced and the models’ output maps are presented in
Figure 5.24a—j. The one-month prediction of June showed the drought severity in

the northeastern, eastern and southeastern parts of Ethiopia. The central, western,
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southwestern and northern parts of Ethiopia were found 1o be in the moist and vers

moist drought category (Figure 5.24a). The two and three monthe’ prediction (for

the month of August and September, respectively) also showed a pattern simil

the one-month June prediction map (Figure 5.24b and ¢)

ar o

The four-month June

prediction model showed that there were vegetation stresses in the eastern and

southeastern parts of the country. The model accuracies of the June two, three, and

four months™ predictions were found to be low (Table 5.5), and accordingly the

maps produced have high uncertainties co mpared to the June one-month prediction
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Figure 5.23: Workflow in 2011 drought assessment using DroughtObject model.

I'he July one-month prediction map (for the month of August) showed that there

were extreme vegetation stresses in the castern and southeastern parts of Ethiopia
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These areas were also reported to be drought-affected arcas during 2011 by the

Ethiopian government (personal communication with senior expert at Disaster Risk
Management and Food Security Sector of Ethiopia). The central and southemn parts
of Ethiopia were also found to be below average condition during this month. The
northeastern part of Ethiopia, which was stressed during July (Figure 5.24a), was in
the moist category in August. This may be due to summer rain improvements at the
end of July and August. The July two-month prediction map (for the month of
September) showed the reverse of the June three-month prediction: the July two-
month prediction showed moist conditions, but the June three-month showed that
the northeastern part of the country was stressed. This discrepancy is due to the
high uncertainties of these two models. Since the July two-month prediction has a
high r value compared to the June three-month prediction (Table 5.5), it is possible
to say that the northeastern part of the country during September was relatively in
the moist drought class. The July three-month prediction, August two-month
prediction, and September one-month prediction maps (for October drought) were
the same as the June four-month prediction (Figure 5.24c. i, j and d). The August
one-month prediction (for the month of September) showed drought stress in the
castern and southeastern parts of the country and moist drought classes in the
western and northern parts of the country (Figure 5.24i). This mode! had the highest
accuracy of all models (Table 5.5) and also the best fit in the scatter plot analysis
(Figure 5.8h). Therefore, this model is highly reliable compared to other models in

this analysis.

Overall, as the prediction month length increases, the pattern observed from the
prediction maps decreases, showing the drought severity. In this analysis, the one-
month predictions were found to be the best. The last growing month (October) in
all of the monthly predictions showed no change compared to previous historical
drought severity status. This pattern was also observed for the 1984 drought
severity status assessment in Figure 5.10a - j. These reflect the reality that October
is the end of the growing season and is usually dry. Therefore, no SDNDVI

deviation is expected in this month.
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The DroughtObject model prediction SODNDV] values were compared with the
actual satellite-measured SDNDVI values (Figure 5.25). The highest correlation
coefficient (R?) was obtained for the August one-month prediction, followed by the
June one-month prediction. Unexpectedly, the R® valye for the July onc-rr;nnlh
prediction was found to be low (Figure 5.25¢). Surprisingly, the July four-month
prediction R* was also greater than both the July one-month and two-month
prediction values and needs further investigation. With the exception of July, as

. . . 2
prediction months increase, the R* values were observed to be decreasing, and this

is in line with our expectations.

The 2011 drought severity status analysis showed that the DroughtObject model,
which was developed from the 24-year historical data from biophysical, climate and
satellite sources. can be used for predicting future drought episodes. This
experiment has been done by integrating different temporal and spatial resolution
images of satellite products. For this purpose, the required modeling
implementation files .icase, .names, and historical .data files were also produced,
and they are ready for the model implementation. These models will also be used

for assessing and predicting 2012 and subsequent years’ drought severity status.

This research was done using low spatial (8000m pixels) and temporal (on monthly
bases) resolution data. The observed uncertainties were as expected because of the
high heterogeneity of Ethiopian ecosystems. Future research plans are to repeat the
modeling approach using high spatial and temporal resolution data and assess how

much information gain can be achieved.
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Figure 5.24: Prediction maps using regression tree models
presented in Figure 5.8: (a) June one month, (b) June two
month, (¢) June three month, (d) June four month, (¢) July
one month, (f) July two month, (g) July three month, (h)
August one month, (i) August two month, and (j)
September one month prediction maps. The legends are
ranges of SDNDVI values.
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Figure 5.25: Scatter plots and correlation coefTicients of
satellite-measured SDNDVI values versus model predicted
SDNDVI values. The monthly prediction models (a) June one
month, (b) June two month, (c) June three month, (d) June
four month, (¢) July one month, (f) July two month, (g) July
three month, (h) August one month, (i) August tiwo month, and
(j) September one month of Figure 5.8 were used. The red lines
are the best fit for the scatter plots.
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Chapter 6 Implementation and Discussion

6.1 Implementation Plan

In this section, the prototype system for DroughtObject Information Extraction is
presented based on the models designed in this work. Figure 6.1 presents the overall
process of DroughtObject Information Extraction, starting from the actual data
preprocessing up to knowledge construction and information communication. In this

figure. the columns are the steps in the KDD process.

The first column presents the data selection process for the whole experiment. This step
is the creation of the target dataset of the attributes on which the discovery is to be
performed. After structuring the required data, the second column presents the
preprocessing step, which includes basic operations such as removal of noise and
collecting the necessary information for subsequent modeling, was properly processed for

both static and dynamic variables.

The transformation step, which is presented in the third column, was a very important
step in spatial data analysis. This is because spatial data inherently have spatial reference
(longitude and latitude) for locating the object in the real world. The different datasets
coming from different data sources should have the same spatial reference for the overlay
analysis and logical mathematical computations. For this purpose, coordinate system
transformation was one of the basic steps at this stage. The different datasets were also

standardized (such as SDNDVI) for logical mathematical computations.

The fourth column presents the rule and data mining step. Two data mining techniques
were used at this step, based on theoretical recommendations as discussed in the review
section. First, the relationships between independent attributes (explanatory attributes)
and dependent attributes were explored using ANN. Then the required rules were tested
and developed using the cubist regression tree data mining technique. The machine

learning and prediction experiments were also exercised at this step.
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The fifth column presents the actual information extraction and visualization step. The
outputs of the data mining patterns were interpreted at this step. For this purpose,
standard  cartographic output means (maps) were used. The model implementation
outputs were also evaluated at this step.

In all these processes, recent developments in computations, such as geographic

information systems (GIS) and knowledge discovery in database (KDD), were used. The

objective of this chapter was to develop a new intelligent system-based concept for

drought information extraction and demonstrate the new concept developed in this

dissertation research.
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Figure 6.1: Generalized DroughtObject Information Extraction System work flow.
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The new concept developed in this research is the identification of DroughtObject from a
group of pixels characterizing drought and published in different articles [50-54), The
identification of DroughtObject from group of pixels involved a number of scientific
investigations, including the identification of the key attributes characterizing drought,
modeling drought using these key attributes. and evaluating the reliability of the models
The implementation and discussions chapter focuses on the concept demonstration of
DroughtObject characterization and machine learning and reporting the target objects for
the end users. The steps involved specifically in the image analysis part of this prototype

presentation are presented in Figure 6.2. In the following subsections, Drought

Information Extraction Framework, system use case scenario diagram description,
experimental analysis and concept demonstrations, evaluation of the Drought Information
Extraction System, discussions, and finally proposed [ntegrated Drought Information

System Framework are presented.
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Figure 6.2: Work flow for demonstrating the major steps followed in DroughtObject information

extraction and prediction prototype system.
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6.2  Drought Information Extraction F ramework

Figure 6.3 presents Drought Information Extraction design, which is a four-tier

framework including Data Processing Component. Knowledge Base Triggering
Component,  DroughtObject  Identification Component  and Knowledge

Construction and Presentation Component, Fach designed component is briefly

described in the following subsections.
6.2.1 Data Processing Component

This component accepts both static and dynamic raw data and processes for the
subsequent engines. The data interoperability is included in the system for

integrating the different input attributes for DroughtObject modeling.
6.2.2  Knowledge Base Triggering Component

This engine triggers the DroughtObject model by combining the static and dynamic
datasets accepted through the data processing engine. The regression tree models
developed using the 24 years historical data were used as knowledge base for one to
four months time lag predictions. It uses the command: “mapcubist_v202
MonthlyPredictionModel HFA DroughtMap mask.img”. In this command line,
mapcubist_v202 was Mapcubist software version 202, MonthlyPredictionMode!
was the name of the regression tree model, HFA was an ERDAS image (.img)
format for the model output, DroughtMap was the name of the output image. and

mask.img was the mask file.

Besides the regression tree modeling output files, for running Mapcubist software
two files were required. These files were: .names and .icases. The .names file was
the list of both the dependent attribute (SDNDVI) and explanatory attributes (the 11
key attributes) with their corresponding data type for DroughtObject model. The
Jcases file was the list of both the dependent attribute and explanatory attributes
with the same order as .names file and its main function was to present the image

types and their band numbers for Mapcubist software.
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6.2.3 DroughtObject Identification Component

This component has two major modules: anisotropic  diffusion and image

segmentation. The algorithm for anisotropic diffusion is also called Penora-malik
diffusing[263] (Appendix 3) and it is the technique used for removing noise from
digital images without blurring edges with a constant diffusion coefficient. The
fuzzy image segmentation module (Appendix 4) is the actual DroughtObject
creation module using standard drought severity classes defined by Mckee et al.

[28]. McKee et al. [29] and Tadesse et al. [71].
6.2.4  Knowledge Construction and Presentation Component

The main task of this component is displaying and presenting the analysis output
for the system user. This functionality is also important for extracting the relevant
patterns for further analysis. It has three major modules: publish server services,

prepare REST Protocol and Integrated Service Interface.

The Integrated Service Interface serves as an information for delivering drought
data/information request from different clients. At the backend it has integrated
services server (ISS), which is installed at the drought prediction engine. ISS here is
designed to allow multiple searches and data/information delivery. The end product
of the search from the client side is displayed on GoogleEarth platform for locating

the data/information on the real world context display.
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6.3  System Use Case Diagram Description

unified
modeling language (UML) was used. The UML. use case diagram for the prototype

To demonstrate the DroughtObject Information Extraction concept,

is presented in Figure 6.4. This figure is used to depict the functionality and
behavior of the system from an external point of view. There are four use cases:
InputData, AnalyseData, StoreData and ViewData/Information for DroughtObject
[nformation  Extraction System. The use cases here present the functional
requirements of the system at macro level, which capture the intended behavior of
the overall system. These use cases were selectively taken from Drought
Information Extraction Framework (Figure 6.3) for clearly demonstrating the

system design and architecture.

The behaviors of InputData use case are expressed by performing the task of
accepting spatial data. The input data can either be directly forwarded for geo-
database storage or used for analysis. The actors directly involved with this use case
are data collector and data analyst (Figure 6.4). The inputData use case has two
include: PredictDrought and ProducePredictionMaps (Figure 6.5a). Include use
case relationship in these use cases is that the two use cases (PredictDrought and

ProducePredictionMaps) are included as a subroutine in the inputData use case.

[nputData use case also has three extensions: BiophysicalData, ClimateData and
SatelliteData (Figure 6.5a). These additional use cases store a dataset in a different
format compared to InputData use case, and the data interoperability is included in

the system for integrating the different input attributes for DroughtObject modeling.

The main task of ViewOutput use case is displaying and presenting the direct input
data or analysis output for the system user. This functionality is also important for
extracting the relevant patterns for further analysis. All three actors involved in this
use case interact with this use case (Figure 6.4). This use case also has four

different extensions (Figure 6.5b).

The main task of AnalyseData use case is to perform DroughtObject extraction

(such as anisotropic diffusion and segmentation), and it is the core of the developed
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system in this research. The actor involved in this use case is the data analyst or the
researcher (Figure 6.4). Four use cases were also included in this use case:
InputData use case for temporary  and/or

permanent  data  storage,

ViewModelOutputGraph, ViewPredictionMap. and ViewTabularData (Figure

6.5¢).

The main task of StoreData use case is to store the different data inputs coming
from direct data entry or analysis output in a structured and logical way for future
retrieval. The actors interacting with this use case include data collector and data

analyst (Figure 6.4). The four use cases ( InputData, PredictionMap, DroughtReport

and PredictionTabulardata) were also included in this use case (Figure 6.5d).

In addition to brief use case relationships, the class diagram for DroughtObiject
Information Extraction System is presented in Figure 6.6. In this diagram, there are
five blocks with dashed line. The first block represents the interface of
DroughtObject Information Extraction System. The interface of DroughtObject
Information Extraction System defines the service offered by all classes, and it is
presented at the top left corner. The packages, which groups similar computations
are presented at the top of the blocks. The second block presents six classes (for all
processes from data input up to compilation), which are included under ILWIS
(Integrated Land and Water Information System) package. The third block presents
two classes (for data storage and retrieval), and they are included under SQL Server
package. The fourth block presents four classes (for all processes from data analysis
up to pattern extraction), and they are represented under Matlab package. The fifth
block presents five classes (for all processes from knowledge construction up to
service integration), and they are represented under ArcGIS Server package.

In Figure 6.6, inheritance and dependency relationships of each classes is also
presented. The inheritance relationships are presented using solid lines, which are
drawn from child classes (the class inheriting the behaviors) with a closed and
unfilled arrow head pointing to the super classes. The dependency relationships of
the classes are shown with dashed arrow, which mean that the client class make use
of the supplier in the computation processes [264]. Access dependency

relationships of the packages are also presented at the top of the figure between the
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Figure 6.4: Concept demonstration prototype for use case interactions
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Figure 6.5: Details of use cases shown in Figure 6.4,
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The class diagram in Figure 6.6 is presented for demonstrating how the
DroughtObject Information Extraction System was planned for extracting pattern
from the image data and it is presented as a proof of concept for future full-fledged
system architecture. Matlab software was used for the

prototype system

development and for the experiment, because this software supports easy

manipulation of image data and also has functions that can easily be used for image
analysis. In addition to Matlab, SQL Server for data storage and Mapcubist for
image pattern analysis were also used. The experimental analysis was done on

Toshiba Satellite Laptop with memory (RAM) of 4.00 GB and 64-bit Windows
Vista Operating System.,
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6.4 Experimental Analysis and Concept Demonstrations
6.4.1 Process of DroughtObject Identification from Image Pixels

During the DroughtObject identification experiment, when the SPN
displayed in Matlab v7.9.0,

DVI image was
the image was found to be blurred because of
background values of the image (with a value of | 0'“) (Figure 6.7). To manage this

blurring effect, the code presented in Figure 6.8a was implemented. As presented in
the implementation code. the search was done first for the minimum value of all the
pixels (background pixels with a value of 10**) and then for the maximum value of
all the pixels. Then, the maximum value was assigned for the minimum values
(with a value of 10?*) to remove the blurring effect. Accordingly, the background

becomes white, and the actual image with the original color contrast is presented in
Figure 6.8b.

I'he DroughtObject pattern presented in Figure 6.8b was also further tested using
contour values. To simplify the number of drought classes, only four of the drought
classes are presented here: extremely dry (with SDNDV] <= .0.2), moderately dry
(with SDNDVI >-0.2 AND <= -0.05). near normal (with SODNDVI > -0.05 AND
<=0.1) and above optimum (with SDNDV] > 0.1). The implementation code for
contouring the four DroughtObject classes is presented in Figure 6.9a. As can be
observed from Figure 6.9b, the extreme drought classes were found in the northern

part of the country during September 1984.
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Figure 6.7: September month SDNDVI in 1984 on Matlab software

VT imagre and adje

img - imread( T ra
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img=-1%img;
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Figure 6.8: A sample of droughtObject characterization and identification: a)
implementation Matlab code for removing blurring effect, and b) DroughtObject
patterns after removing background blurring effect.
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Aatlal implementation code for contouring
[r.c]=stze{smg).
o mun{ Tan{img)),
ma=max{ max{img));
for 1=l
for j=L:c
il img(i,jj=m)
mgiij)=ma + 0.001;
end
end
end
m-mun mn{mg) ),
mng=1*img;
img=im2double(img),
|r.c]=size{img);
fori=lx
for j=l:c
iF(img(ij)>==0.2)
img(1,))=0.2;
chseil ((img(i))<0 2)& & (imp(i,j)>=0.05))
img(ij)=0.05;
elser((img(i,jy<0.05)&& (img(i,j)>=-0,1))
img(1,j}=-0.1;
elseal ((img(i,j)<-0.1 )& &(img{i j)>=-0.6))
(i, j=-0.6;
else
mg(ij)=-1;
end
emd
end
[y lFmeshgnd( 1:c.r-1:1);
[e.h]=contourf] x.y,img});
set{gea 1 ick’, 0:5:c);
set(gea,y 1ick', 0:5:r);
axis coual;

1]

b

Figure 6.9: Contouring drought classes a) Matlab implementation code, b) spatial
distributions of the four drought classes in September 1984, The x-axis and y-axis

presented in b are pixel locations from the origin.

6.4.2 DroughtObject Identification Using Fuzzy Image Segmentation

The concept of fuzzy DroughtObject identification from image pixels was tested

using four pixels, which were obtained from the northeastern part of Ethiopia (since

there were highly deviated pixels at this location). The sample pixels for this

experiment are presented in Figure 6.10. Using these pixels, algorithm 5.1 [118]

was implemented for fuzzy DroughtObjects extraction.
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Figure 6.10: NOAA SDNDVI of September 1984 selected from northeastern Ethiopia.

Algorithm 5.1: Fuzzy DroughtObjects extraction Jrom the four experimental pixels(11 7/

I
&

L

6

7

Define a seed-point c in the input image,

Form a temporary queve Q and a real-valued array f: with one element f (d ) Jor each
pixel d,

For all pixels deC |, initialize array L(a')'= 0 ifd # c; fr (d):: ligd = ¢

For all pixels deC for which fizzy pixel adjacency p‘P (c d) >0, add pixel d 1o quewe O

While the queue Q is not empty. remove pixel d from queue Q and perform the following
operations:

Joax = max,,- min(/, (¢)y/(d.e))
if Sow > f.(d) then
e (d) = from
for all pixels g forwhich w(d,g)> 0. add g 10 queue @
endif
endwhile

Once the queue Q is empty, the connectedness map (C, f_) Is obtained

In algorithm 5.1, the concept of queue is used in the context of data structure, in

which the pixels in the image are kept in order and the principal operations on the

image are the addition of pixels to the rear terminal position and removal of entities

from the front terminal position. This makes the queue a First-In-First-Out (FIFO)

data structure. The equations in chapter 4 on fuzzy adjacency (equation 13) and

fuzzy affinity (equation 16) were used here. The affinity map ¥ic.d) was produced

by executing the Algorithm 5.1.
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From Figure 6.10, it can be observed that the highly deviated pixel is the first pixel
For convenience of describing the pixels, let us name the pixels in clockwise
direction, the first pixel A, second pixel B, third pixel C and fourth pixel D. The
seed pixel (highly deviated pixel) and all other image pixels with their attributes are
presented in Figure 6.11a. Using these pixel values, the fuzzy affinity values were

calculated using the fuzzy segmentation algorithm (Appendix 4).

The SDNDVI in Figure 6.11a was represented by a pair /=(C, f). in which C
represents the image domain (all arrays of the image) and f represents local image

properties (connectedness map values). Then, fcxloy) represents a normalized

image property (feature) associated with pixels of C. To connect the two pixels A
and B in Figure 6.10, there were two possible links (either to pass directly A to B-
clockwise direction or A to C to D to B-anti-clockwise direction). In this case. a
path is the number of links between two pixels and a rectilinear distance was used.
Each link that can be produced is the affinity between successive pixels and has got

strength (affinity value).

The pixels ¢ and d are not expected to be nearby [117], and in our context f,,

represented the SDNDVI values of every pixel. Along a path there are a number
links, and the strength of a path is the strength of the smallest link. For each path,
its strength is defined as the minimum affinity value of all pair wise consecutive
elements on the path, so the strength of the entire path is defined by the strength of
its weakest local connection. There can be different paths between two pixels, and
in the process we strove to get the strongest path, which finally produced the

connectedness map or affinity map. This concept is demonstrated in Figure 6.11.

In Figure 6.11, we have four links (‘P(A.B).‘P(A-(')-"P(("D)-‘P(& D)). The
calculation for each link is presented in Table 6.1. After getting the fuzzy affinity
values, the links were assigned: they are presented in Figure 6.11b. Finally, using
this approach, we were able to produce the fuzzy connectedness map. which was
ready for applying reasonable threshold value and segmentation or object

‘¢ 8].
identification as described in Sonka et al. [117] and Udupa and Samarasckera [118]
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Starting from a seed-pixel A and determining the fuzzy connectedness o (-4 ) 1o

every other pixel 4 in the image domain C. assigning the corresponding
connectedness value to every pixel, the resulting image was a fuzzy connectedness
map representing the degree of connectedness of every pixel in the image with the
seed-pixel A. Any degree of connectedness in the range [0, 1] is possible. The

connectedness map with this concept is presented in Figure 6.12.

A very strong connectedness was denoted by 1, no connectedness by 0. By
thresholding the connectedness map with an appropriate value, only pixels with a
certain pre-determined minimum degree of connectedness to the seed-pixel remain.
Thresholding the connectedness map yields the segmentation result [117). By

implementing this concept, the segmented image map for our experimental site is
presented in Figure 6.13.
Table 6.1: Fuzzy affinity values calculation for the four pixels (let k; = 1 and k; = 1), The

explanations of the equations used for deriving the values were presented in the method
section.

Link Adjacency Link values (fuzsy affinity)
: sY" Je-dfsn, Yie,d)= we.d)
ﬂ(f,‘. d)= ;-ail;iz:‘{r_—n‘,r 1+ *:|f{ = "‘ 7 I
(4. B) ! i
¥(4,C) [ e
W(C.D) ' _
W(5.D) I 0933
0.985
A B
Seed pixel
5 3
c & ol
0993 .
a

Figure 6.11: Identified seed pixel (a) and fuzzy affinity values calculated using equation 16 (b)
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Figure 6.12: Fuzzy connectednesses map of all SDNDVI pixels in the experimental site
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6.4.3 System Implementation and Usages

In this subsection,

Information Extraction System is presented. The prototype graphical user interface
demonstration was done on Matlab software v7.9.0 [204]. The main objectiv
this prototype presentation was demonstraling the con

characterization and

¢ of
cept of DroughtObject
identification from 4 group of pixels and also 1o present the

startup for future system development for the actual implementation of the
developed concept. Therefore, the graphical user interface (GUI) part of the
experiment presents ANN training and testing of drought pixels and subsequent

image analysis for characterizing and identifying DroughtObject.

6.4.3.1 ANN Training and Prediction

After characterizing and identifying drought spatial object, the experiment focus
was on predicting drought in one to four months’ time periods. The 24 years of
historical data were used for training and testing the networks for these predictions.
There were four major steps in the training process of the networks: 1) assemble the
training data, 2) create the network object, 3) train the network, and 4) simulate the

network response to new inputs.

For the assembly of the training data, the attributes were ordered in one column of
different rows and the training data were split into input example data (explanatory
independent attributes) and target data (dependent attribute, i.e., target SODNDVI 10
be predicted). The network object was created by training it until it learned the
relationship between the examples inputs (independent attributes and target

dependent attributes).

The ANN analysis part of the GUI presents two generalized command buttons:
process backpropagation and process testing. The process backpropagation button
represents the training mode of operation and the process testing button represents

the using mode of the ANN,

A supervised training method was used for this experiment. The reason for using

i gL s i ntal
supervised training instead of unsupervised training is that during the experime

Object). In this kind
training, the expected outputs are already known (the DroughtObje
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i

based on the differences between the anticipated output and the actual output. A
sample of the learning curve with Iearning rate of 0.04 is presented in Figure 6.15.

In this training experiment, a backpropagation algorithm was used (Appendix 5).

( Start )
Reset back to first

B4 training pattern to
try again

Yes

Increase epoch
counter by 1

Epoch < 500

No
( Stop ]

Figure 6.14: Workflow in supervised DroughtObject training.
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s I ‘] ooa

Figure 6.15: ANN learning curve on training data.

In the training mode of ANN, the algorithm requires the determination of the
number of hidden layers and the number of neurons in the hidden layer. The
decision on the number of layers was made based on Heaton's [265]
recommendation that, when the objective of the analysis is to approximate any
function that contains a continuous mapping from one finite space to another, one
hidden layer is enough. The author further recommended that two hidden layers can
be used when the objective of the analysis is to approximate any smooth mapping
to any accuracy level of the output. After reviewing other similar studies [266,

267], two hidden layers were used in our analysis (Figure 6.16).
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Figure 6.16: A screen shot from ANN backpropagation training.

Several studies have been done on the number of neurons in a given hidden layer
for better prediction accuracy [62. 268-272]. The challenge here is that using too
few neurons in the hidden layers results in underfitting, and using too many
neurons in the hidden layers results in overfitting [265). Underfitting here is defined
as too few neurons in the hidden layers to adequately detect the DroughtObject
pattern from image pixels; and overfitting occurs when the neural network has so
much information processing capacity that the limited amount of information
contained in the training set of DroughtObject pixels is not enough to train all of the
neurons in the hidden layers. For this experiment in the GUIL 20 neurons were used
(since relatively good performances were found compared to below 20 and above

20) for each hidden layer, and the network was trained for 500 epochs using a back

propagation algorithm with learning rate of 0.04.

To implement the using mode of the ANN, required functions such as readData and
SaveToFile were developed. In this mode, when a thought pattern is detected at the
input, its associated output becomes the current output; and if the input pattern does
not belong to the thought list of input pattern, then the AU e 1080

determine whether to fire or not. The algorithm and implementation code for the
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e L T

using mode of ANN is presented in Appendix 6, Using this algorithm, the network
was tested on an unseen sample dataset. The G| for ANN s
Figure 6.17.

also presented in

6.4.3.2 DroughtObject Extraction

In the DroughtObject extraction process, the GUI and interaction design approach
keeps the sequence of the digital image processing in such a way that using the
system user selects an image from the local hard drive or geo-database. After
accessing the input data, there are two major steps in this digital image processing
I) anisotropic diffusion, and 2) image segmentation, Figure 6.17 presents the

sample screen shots of the GUI for Drought Information Extraction System.

The first step in this image processing is the anisotropic diffusion. The algorithm
for anisotropic diffusion is also called Penora-malik [263] diffusing. The algorithm
and implementation code for this diffusion is presented in Appendix 3. It is the
technique for removing noise from digital images without blurring edges with a
constant diffusion coefficient. To load the image, for anisotropic diffusion, browse
image button can be clicked and it can display the selection preference dialog list
with the lists of the images to be displayed (Figure 6.18a). Then the image is
selected and displayed in the GUI, as presented in Figure 6.18b. After loading the
image on the workspace, if the user accepts the default values of number of
iterations=20, delta_t= 1/7, kappa=45, the intended diffusion can be produced.
These values are obtained from the requirement of anisotropic diffusion function,
which needs at least four arguments (ANISOTROPICDIFF(IMAGE, NUM ITER,
DELTA T, KAPPA, OPTIONS). In this argument, IMAGE is any gray scale image
with Mx_N matrices of pixels ready for diffusion; NUM ITER is the number of
iterations that the algorithm has to iterate; DELTA T is integration constant (0 <
delta_t <= 1/7) (usually this parameter is set to its maximum value 1/7); KAPPA is
gradient modulus threshold that controls the conduction: and OPTIONS are two
optional arguments, such as conduction coefficient functions proposed by Perona

) . : s |
and Malik[99]. These two options are represented by the two radio button as opt

and opt2.
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To demonstrate the concept, drou :
ght severity status ima e
ge of Ethiopia in September

|984 was Scd- i i i £}

apprOPI.'!aIe mputs and input image, the diffusion algorithm is triggered
output image look like the one presented in Figure 6,19 iggered and the
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Figure 6.17: A screen shot from Drought Information Extraction System.

"’uu L ETY 4

Fien of you e

Figure 6.18: Screen shot for dialog box for selecting the image to be displayed for
selected image displayed in the

anisotropic diffusion: a) list of images in the directory, b)
GUI of droughtObject Information Extraction System.
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After anisotropic diffusion, the fuzzy segmentation can be im
on the Process FC (fuzzy connectedness) button, This button
and implementation code in Appendix 4, The default values neighborhood (n )= 4
declining factor (ki) = 0.01, and gradient weight (k;) = 2 can be given. The
neighborhood n here is the total sample size (number of pixels involved in the

plemented by clicking
triggers the algorithm

neighborhood analysis). In 2D image, the valye 4 represents the four adjacent pixels
neighboring the seed pixel. The declining factor k; is a non-negative constant for
non-binary adjacency of pixels. The gradient weight k; is a non-negative constant

in fuzzy affinity function. The threshold value in this GUL is the value which shows

a pre-determined minimum degree of connectedness to the seed-pixel. The
threshold value can be set by checking the checkbox and then sliding the slider to

the required level of threshold value. The segmented AOI image using this
procedure is presented in Figure 6.20.

Figure 6.19: Drought severity status image of Ethiopia in September 1984: x) original
image, b) anisotropic diffused image.
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’7 R s

Segmented Image Map for Selected AOI
—

Figure 6.20: Segmented AOI image with threshold value of 0.5,

6.5 Evaluation of the Drought Information Extraction System

For evaluating Drought Information Extraction System, the 2011 drought year in
Ethiopia was used as case study. The system prediction was run for the four months
(July, August, September and October) using only one month prediction model)
and then compared with measured values. The scatter plots are presented in Figure
6.21. The highest correlation coefficient (R”) was obtained for September and the
lowest for August month. The highest R® in September month was achieved
because the model has highest accuracy. The lowest R* in August was unexpected
and needs further investigations.
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Figure 6.21: Scatter plots and correlation coefficients of satellite measured SDNDVI values
versus intelligent system predicted SDNDVI values, (a) July, (b) August, (c) September,
and (d) October. The x-axis is model predicted SDNDVI value and the v-axis is satellite
measured SDNDVI value,

6.6 Discussions

Past efforts for drought monitoring tools include LEAP (Livelihood. Ethiopia,
Assessment, Protection) software [186]), WINDISP software [273], Vegetation
Drought Response Index (VegDRI) model [72], and Vegetation Outlook (VegOut)
model [71]. Specifically, LEAP is drought indexing software designed specifically
for the local Ethiopian context, and it was initiated by the World Food Program
(WFP) [186]. The software acts as a platform for the calculation of weather-based
indices, starting out with the calculation of a water balance indicator (WRSI)
designed by the Food and Agriculture Organization of the United Nations (FAO)
and used for many years. The LEAP software uses input datasets, such as crop
vield, soil, rainfall, actual evapotranspiration, NDVI and livelihood for monitoring
drought [45, 186]. The livelihood baseline data is used to calculate the number of
beneficiaries of food aid for each district [186]. Currently, institutions such as

NMA [274], WFP VAM (Vulnerability Analysis and Mapping) [275] and
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DRMFSS [181] are using LEAP for their drought assessment in
to their customers.

formation delivery

H &

Figure 6.22: Drought extent assessment maps: a) DroughtObject product, and b) LEAP
product [181].
Even though LEAP is a good startup for drought monitoring, the different
parameters (data inputs) were not coordinated for assessing drought episodes. The
software products can give a general guide to real-time drought monitoring and not
yet evaluated using ground observation data (Personal communication at WFP in
2012).

Samples of a DroughtObject product and a LEAP software product are presented in
Figure 6.22 a and b, respectively. As can be observed from these figures, the
DroughtObject product precisely showed the spatial location of the drought episode
with standard drought classes, and the LEAP product was showing a coarse drought
situation at district level with three classes (first priority, second priority and third
priority emergency relief intervention for humanitarian actions). The
DroughtObject information product was produced using a one-month prediction
model of June, whereas the LEAP product was produced with a real time drought
assessment of July. This means that DroughtObject product is a one month-ahead
prediction of drought extent. It is compelling that the DroughtObject model has
advanced information delivery means compared to LEAP software in terms of
temporal and spatial resolutions (Figure 6.22 a and b).

The VegDRI model integrates traditional climate-based drought indicators and
ics wi iophysical information to
satellite-derived vegetation index metrics with other biophysical in
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There was no exhaustive model evaluation for VegDRI and VegOut models (71
72, 179]. Compared to these models, the DroughtObject model product was

evaluated and showed that it can explain the food deficit (crop yield) up to R? value
of 0.91.

In the current research, DroughtObject identification from satellite image was
demonstrated using simple and casy-to-use algorithms and implementation codes.
The developed concepts were implemented on GUI-based presentation, which may
be the base for future full system development. The developed algorithms were also
tested and improved results were obtained. The output of this new concept is
helpful in extracting the freely available satellite images for drought mitigation
application at different levels of decision making. For this purpose, a full fledged
Integrated Drought Information System Framework is recommended and presented

in the following subsections.
6.7 Proposed Integrated Drought Information System Framework

The main focus of this dissertation research was on developing DroughtObject
modeling using its key attributes. The mathematical modeling experiments were
clearly demonstrated and evaluated. The integrated drought information system and
information dissemination experiment is one of the future research agenda
identified from the current experiment. For this experiment. the framework and
design presented in Figure 6.23 is proposed. In this framework, the Drought
Information Extraction discussed in subsection 6.2 is considered as one module and

is proposed
the most important component of the system. The components of this propx

system are described in the following subsections.



6. Implementation and Discussion

——— L

%* The Near-Real-Time Environmental Data Sensor

The environmental near-real-time data source proposed in this

system is Meteosat
Second generation (MSG) [276]). MSG

is the new European system of
geostationary meteorological satellites together with the associated infrastructure

[RI)
radiometer onboard of the MSG series of geostationary satellites enables the Earth

The advanced Spinning Enhanced Visible and Infrared Imager (SEV

to be scanned in 12 spectral channels from visible to thermal infrared at 15 minute
intervals. From these 12 channels, Drought Information System uses channel | and
2 for detecting drought episodes. These two visible channels are well known from
similar channels of the AVHRR instrument flown on NOAA satellites and can be

used in combination to generate vegetation indices (such as SDNDVI) [276].
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R

The raw data can be directly received vig the EUMETSAT Multicast Distribution
System (EUMETCast) and currently IT Doctoral Program has already

installed

fully functional data receiving station for this system. The data is being received

from geostationary position of Meteosat-8, which continuously scans the Farth

surface and transmits the data to the EUMETSAT Primary Ground Station in

Darmstadt (Germany). The received data is pre-processed and rectified into a so

called Level 1.5 data-format; furthermore the data is compressed and split into
small data packages. These packages are sent 1o the uplink station in Usingen
(Germany) and are subsequently transmitted to the Hot Bird-6 satellite (combined
with some other services) [276]. For Africa, the EUTELSAT Atlantic Bird-3
satellite carries the C-Band dissemination service for MSG data. The format of the
C-Band dissemination is the same as for HotBird-6 dissemination. The data is re-
transmitted to Atlantic Bird-3 via the Fucino ground station in ltaly. This C-Band
covers the frequencies 3.70 GHz to 4.2 GHz [276).

For structuring and properly storing the near-real-time data, a software tool called
the “MSG File Manager™ is installed and is made functional for the data receiving
station at IT Doctoral Program of Addis Ababa University. This software has been
developed at International Institute for Geo-information Science and Earth
Observation (ITC), The Netherlands to move the relevant data, based on the
acquisition date and time, to specific folders on the processing system’s attached
USB-terabyte disk. A directory structure is automatically created under the main
directory where the raw data is moved to, with Year - Month - Day sub-directories.

The tool also creates entries in a log file if data is missing and optionally it can send

warning emails if large problems (such as system failures) occur.

“* Data Integration Services Server

R~ ing C t,

The data Integration Services Server is similar to Data Processing Componen
. - a i w data

discussed under section 6.2.1. Here it has three major modules: satellite ra

, . : ; data pr tion.
preparation, climate raw data preparation and biophysical raw data prepara

. ic and dvnamic data
This server is responsible for processing all the data by
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W

sources. The data interoperability

15 Included in the System for integrating the

different input attributes for Drought Information System

* Intelligent Drought Prediction System

The Intelligent Drought Prediction System Component includes DroughtObject

Prediction, Anisotropic Diffusion and DroughtObject Identification Modules

which were discussed under section 6.2.2,6.2.3and 6.4.3.].
< Knowledge Construction Component

The main task of this component is displaying and presenting the analysis output
for the system user. This functionality is also important for extracting the relevant
patterns for further analysis. It has three major modules: prepare REST

(representational state transfer) Protocol, publish server services, and Integrated

Service Interface.

* Prepare REST Protocol
REST protocol is simpler to use than the well-known SOAP (Simple Object Access
Protocol) approach, which requires writing or using a provided server program (to
serve data) and a client program (to request data) [277]. Therefore, REST protocol
is used for DroughtObject Information System for distributing the data/information

to intended clients (via REST requests).

* Publish Server Services
The service here is DroughtObject model prediction products of one-to-four
month's predictions of drought products represented as GIS resource that the central
server is making available to the product users on a network. This service is
published in such a way that enables the geo-processing capability, which allows
clients to run a model on the server and see the results in a map service. Then,

clients can consume those services over World Wide Web (WWW).

= Integrated Services Interface

’ alpiie Smformation
This interface serves as an information for delivering drought data/infc C

; : ices se (ISS),
request from different clients. At the backend it has integrated services server

, " H one ) | lk‘
which is installed at the drought prediction engine. ISS here is designed to allow
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LR

multiple searches and data/information delivery. The end product of the h
. ' ' ' scarg
from the client side is displayed on GoogleEarth

. ) platform for locating the
data/information on the real world context display.

% Information Communication Engine

The Information Communication Engine is responsible for making available and
automatic uploading of published server services o client side users. There are two
options for these data uploading services: 1) sending alert messages for clients. who

are already registered users, and 2) uploading information for GEONETCast
TelliCast Multicast Distribution System [278].

* Sending Alert Message
This option can be managed by sending alert messages to registered users, which
can be government authorities or any other stakeholders' interested to get the data.
This is web-based information dissemination by uploading data/information on a
dedicated web server for clients to refer to it regularly. This can be supported by
Knowledge Based Drought Decision Support System, which includes past efforts in
managing drought episode disasters and other auxiliary administrative data for
managing drought disasters. Therefore, this service is for those who are registered
to get the service from Drought Information System. It also includes past Drought

Mitigation Knowledge Base as a baseline information.

* GEONETCast Data Dissemination Service
The GEONETCast Data Dissemination Service (uploading data/information for
GEONETCast dissemination service) is supported in coordination with the existing
data delivery systems of GEONETCast. This system is alrcady existing system.

F s a R 27
which is a near real-time global environmental information delivery system [278].

: - icast, access-
The data providers transmit to users through satellites using a multicast, acc

controlled, broadband capability. This system works with the principle that data
from where the data is up-

¢ then refayed to

providers are sending their contributions to an uplink site
: ’ data ar
linked to a commercial satellite and broadcast to users. The "
- y e eptual data

other commercial satellites to increase the footprint coverage. The concep

= 21 [
dissemination framework is presented in Figure 6.24 [278].
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B & e A

There are three GEONETCast Network Centers (GNCs)
whole globe: 1) EUMETSAT with EUMETCast. N
Americas, and the Chinese Meteorological
FENGYUNCast.

participating covering the
OAA with GEONETCast
Administration (CMA)  with

For this service, the African continent s being served by

EUMETSAT for delivering DroughtObject product to he disseminated with this
service. Furthermore, future research is also recommended for covering the

DroughtObject Prediction System covering the whole Africa and integrates the
product in EUMETCast data dissemination system.
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Figure 6.24: Detailed GEONETCast Network Centers framework for environmental data delivery [278).
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Chapter 7 Conclusions ang Future Works
—————— 21C Yuture Works

This PhD research was started with the hypothesis that it is possible to identify,
characterize and model drought as spatial object. To prove this hypothesis, the
research problem was approached by selecting the appropriate IS research
paradigm: design science research framework. Design science theory gives explicit
prescriptions for constructing an artifact and mainly answers the question of how to
do something, which allows the researcher to clearly analyze and find the solution
for the target research problem. Accordingly, this theoretical framework was used
for the identification, modeling and prediction of drought as spatial object. This
chapter presents a summary of the research contributions, conclusions and future

research agendas identified from the current research.
7.1  Summary of Contributions of the Work

Drought is one of the leading problems facing the planet. This dissertation thesis
aims to provide new approaches to deal with the drought problem better, faster and
cheaper. Advances in computing, data collection and GIS tools have enabled the
recent exploration of biophysical, climate and satellite datasets for drought
prediction. These data are mostly available at low cost for researchers and
environmental hazard assessments. In this thesis, data from various new sources
were combined, to make predictions for drought (as defined by SDNDVI) up 1o 4
months in advance. The developed drought prediction models were evaluated and it
was confirmed that the models can be used for drought mitigation applications
These findings have implications for the benefactors of such predictions. It was
demonstrated that in a relatively straight forward way, the Ethiopian government
might combine data to make better predictions for drought than they have in the
past. This helps decision makers at different levels to better plan for potential food
insecurity and helps them to mitigate drought related risks. In addition, the results

sed on the
have much broader impact for farmers that can now attempt to plan based ¢
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e U

current research drought predictions and for firms

for these farmers.

that hope to provide insurance
In the past, most of the drought identification and modeling research has been af a

low information level or pixel level. In this research, drought identification

modeling and prediction were tested at a high information spatial object level

(group of pixels characterizing drought spatial object). The
this research are 1)

major contributions of
identifying the key attributes of drought spatial object for its
characterization and modeling as a spatial object, 2) integrating different attributes
identified from different disciplines (biophysical, climate and satellite data sources)
using a KDD approach for an improved drought monitoring information system, 3)
extracting relevant drought episode data/information for near real time and/or
prediction, 4) developing a practical and casy-to-use model evaluation approach

using crop-yield data, and 3) practically demonstrate design science problem
solving approach,

Key attributes for characterization and modeling drought: A total of 11 attributes
were identified from past research analysis. Each of these identified attributes was
statistically tested for its relationship with drought spatial object. These attributes
are the basic attributes frequently used by past research. The dataset from these
attributes are both extremely large and comprehensive. This dissertation research is
the first work that combines and compares the efficacy of such data for the study
site’s context. Other attributes can also be added to these attributes for improved
modeling and prediction of DroughtObject in the future. Using these 11 attributes,
we were able to predict DroughtObject one to four months” time lag with optimum

accuracy.

Integrating different attributes identified from different disciplines: Currently we
have huge datasets from different disciplines, which can be used for characterizing
and modeling DroughtObject. The challenge is how to integrate the different
datasets to convert them to useful knowledge for decision makers. In this rescarch,
the state of the art of KDD was demonstrated for data selection, pre-processing,
transformation, data mining, interpretation and knowledge extraction for drought

o ' : 2 uge datasets available from
monitoring. This can help in exploiting the huge

Imn
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climate and satellite sensors for drought monitoring  information

biophysical,

system.

Extracting relevant drought episode data/information Jor near real time andior
prediction: The DroughtObject prediction mode] developed in this research was
tested and was able to produce the envisaged predictions with high accuracy. This
model can be used directly by those organizations that are currently working

drought monitoring and drought risk management in Ethiopia. The droy

on

ght
prediction models developed showed drought episodes up to four months

advance. To our knowledge, this is the fi

in
rst work that reports drought episode using
biophysical, climate and satellite data. This is much better than the real-time

drought assessment approach using LEAP software both by DRMFSS of Ethiopia
and WFP,

The DroughtObject prediction model was tested for year 1984, 2002 and 2011
Ethiopian droughts. Using this model., it was confirmed that it is possible to predict
the drought episodes in advance in one- to four months in advance. This prediction
capability has great impact for the decision makers who are involved in drought

mitigation efforts.

Practical and easy-to-use model evaluation approach using crop-vield data: The
DroughtObject model developed was evaluated with an independent dataset for its
applicability in “fitness for purpose™ context. The ultimate purpose of drought
monitoring is to assure food security of a given district. Therefore, the drought
monitoring tool has to take this reality into account. Food security is also in one
way or another related to the amount of crop yield produced in a given district. In
the past, there was no clearly defined drought monitoring model evaluation
approach. This research developed an easy-to-use model evaluation approach and
tested the DroughtObject model. It was found that the model can reliably be used
for monitoring both drought severity status and also yield deficit of a district during

time of drought with reliable accuracy. This is the first work that links drought

episode with crop yield deficit in the Ethiopian context.

In
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Figure 7.1: Design science problem solving process in the current research.

7.2 Conclusions

In this research, we investigated the experimental and practical application of
DroughtObject identification, modeling and prediction. The three rescarch
questions posed in this work were: 1) what are the most relevant attributes for
drought monitoring, 2) how is drought modeled as a spatial object for improved
identification and prediction, and 3) how is DroughtObject identified on satellite
imagery evaluated using ground observation data? All of these questions were

addressed and interesting results were found.

For the first research question, detailed research reviews were conducted and a total
of 11 key attributes were identified for the identification, modeling and prediction
of DroughtObject in space-time dimensions. These attributes are DEM, SDNDVI,
three-month SPI, ecosystem (veg-Ethiopia), land cover, WHC, PDO, AMO, NAO,
PNA and MEL The details of each attribute and why they were selected for
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chapter.

After a detailed research review angd analysis, each identified attribute was

statistically tested for its strength of relationships with DroughtObject. The

statistical strengths of relationships with different combinations for predicting

DroughtObject were also iteratively tested. The details of these exploratory

analyses are presented in the resylt and discussions section,

The second research question was approached using the KDD problem solving
approach. The data obtained from the key attributes were passed through the KDD
steps (data selection, pre-processing, transformation, data mining, interpretation and
knowledge extraction). The data mining models developed using ANN and
regression tree models were able to predict DroughtObject with high accuracy in
one to four months’ time lag. It was practically demonstrated that it is possible to
identify, model and predict DroughtObject using its key attributes in a space-time
dimension (Figure 7.2a and b). This helps improve drought risk management and
provides decision makers with information before drought can affect human life

and the environment.

The third research question was approached by developing a practical model
evaluation method using ground observed crop yield data. The DroughtObject
model that was developed was evaluated for its application in showing the drought
severity and food deficit status of a given district (zone administrative level).
Interesting evaluation results were found and it was confirmed that the model can

be used directly by those who are responsible for drought monitoring and risk

management.
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7.3 Future Works

characterized drought for its

improved modeling and prediction at jou information level. Our current research

has demonstrated an object-oriented identification, modeling and prediction of

- In'this experiment, a number of future research
agendas were identified for the improved modeling and management of drought
episodes.

The research output currently can be used directly by the decision makers ar
different levels in Ethiopia. How to reach these decision makers, and the
appropriate media for the dissemination of the model output, is the immediate

research agenda to be addressed.

Currently, huge datasets are available from SPOT satellite and high temporal
resolution from Meteosat satellite (which can be updated every 15 minutes). Data
filtering and automating the process for model input is required for using these
datasets. The required level of temporal resolution of the satellite products for
drought monitoring has to be determined for improved resource utilization. These
all require high to medium level data management research and infrastructure for

efficient implementation of the current research output,

The current research was conducted using data with spatial resolution of 8km. This
spatial resolution is relatively low for characterizing heterogencous environment.
The errors in the models are also attributed to this low spatial resolution of the data
inputs and the high heterogeneity of the ecosystems of Ethiopia. From our pracncél
experience, within a short range of distance, the elevation, vegetation type, and soil
conditions vary greatly. Future research can use the method developed here with

oy s the amount of
high spatial resolution for improved model accuracy and assess 1

information gain by using the high spatial resolution data.



7. Concussions and Future Works

from 0.01 to 0.91. This difference in the accuracy of the model is again due 1o low
administrative resolution (zonal administrative level) crop yield data used for the
model evaluation, Evaluating the model developed here using high resolution
administrative data (woreda or kebele administrative levels) helps to improve the

accuracy, which further improves drought mitigation measures.

Future research may also assess the efficiency, effectiveness and applicability of
DroughtObject Information Extraction System compared to LEAP, VegDRI and
VegOut for identifying and modeling drought episodes. Efficiency here is same as
Rothermel and Harrold's [280] definition of the measurement of the computationa
cost, which may also determine the practicality of a technique. Effectiveness can
also be measured by comparing DroughtObject Information Fxtractor with LEAP,
VegDRI and VegOut for identifying and modeling drought episodes. This future
research can be practical after the DroughtObject Information Extraction System is
deployed as a working system for organizations who are currently working on

drought monitoring.

In this thesis, the basic groundwork has been laid for better drought prediction in
general. In the Ethiopian case, the approach is tested using a large dataset that were
compiled from different sources. Organizations and future researchers can use data
from biophysical, climate and satellite sources that are valuable for predicting
drought at a relatively low cost, The potential impact is already great in that these
data and methods used can be used almost immediately to help better predict
drought. In an immediate future work, it is recommended to extend and refine the
prediction models to incorporate spatial attributes from other biophysical, climate
and satellite data, and appropriate spatial statistical methods towards improving
predictive performance and the time at which predictions can be made reliably. In
addition, it is also recommended to design a decision making tool with a GUI to
help decision makers to make better decisions. especially for offering drought

related insurance to Ethiopian farmers.
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Appendix 1:  Climatic Indices and Satellite Data for Drought Monitoring

1.1 Climatic Indices

PDSI

The PDSI [143] is probably still one of the most complex drought indices in use
today, and it is also one of the few that allows a direct comparison of index values
between different climatological regions. It is a soil moisture algorithm calibrated
for relatively homogeneous regions, and is based on moisture inflow, outflow and
storage [281]. Details about the PDSI algorithm are presented in [142).

In describing the actual drought situation in a given region, Palmer [143]
considered a drought to be established when the index is less than or equal to -1.0,
and a wet spell is established when the index is greater than or equal to 1.0, A
drought is considered to have certainly ended when the index reaches the “near
normal” category, which lies between —0.5 and +0.5, or when the index returns to
zero.

BMI1

The Bhalme-Mooley index (BMI) was developed by Bhalme and Mooley [282] for
assessing drought intensity using a precipitation parameter. The computational
details of the BMI and the PDSI are generally similar, with Just a few differences.
Bhalme and Mooley replaced the moisture index in Palmer's algorithm with a
simpler monthly rain index computed from the rainfall data only. Therefore, the
BMI models the percentage departure of P from the long-term averages using an
algorithm similar to that of the PDSI [142).

SPI

McKee et al. [28] defined the Standard Precipitation Index (SP1) as the number of
standard deviations that the observed cumulative rainfall at a given time scale
would deviate from the long-term mean. As a single numeric value, the SPI can be
compared across regions with markedly different climates.

Since the cumulative precipitation may not be normally distributed, McKee et al.
[28] transformed the data approximately to the normal domain to standardize the
drought index. The time scale of the SPI is also flexible, which is an attractive
feature because it is possible to experience wet conditions at one time scale but dry
conditions at another simultancously. Edwards and McKee [235] selected a 3-
month SPI for a short-term drought index, a 12-month SPI for an intermediate-term
drought index, and a 48-month SPI for a long-term drought index. In principle, the
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SPI.index is based on the probability of precipitation for any time scale. The
detailed algorithm of SPI described in [142].

According to McKee et al.’s [28] definition of drought categories, SPI > 2.0 means
an extremely wet spell, 1.99 > SPI > 1.0 means very to moderately wet, 0.99 > Sp|
> —0.99 means near normal. -1 .0 = SPI > =1.99 means moderately to severely dry,
and SPI < -2.0 means an extremely dry spell. A drought event is considered to have
occurred any time the SPI is continuously 1.0 or less. The event ends when the

SPI becomes positive. Therefore, each drought event has a well-defined duration
[142).

As a single numeric value, the SPI can be compared across regions with markedly
different climates. Ntale and Gan [145] indicated that SPI is more suitable for
monitoring droughts and it has modest data requirements and is easy to interpret.
The SPI is an index based on the probability of recording a given amount of
precipitation, and the probabilities are standardized so that an index of zero
indicates the median precipitation amount (half of the historical precipitation
amounts are below the median, and half are above the median). The index is
negative for drought, and positive for wet conditions. As the dry or wet conditions
become more severe, the index becomes more negative or positive [145]. SPI can
also be used to determine the magnitude of a drought in a locality. Drought
magnitude is the duration of drought with negative SPI deviation expressed in time
period of month(s) [28].

SWSI

The Surface Water Supply Index (SWSI) [283] is primarily developed as a
hydrological drought index with an intention to replace PDSI for areas where local
precipitation is not the sole or primary source of water. It is calculated based on
monthly non exceedence probability from available historical record of reservoir
storage, stream flow, snow pack, and precipitation. SWSI is good measure to
monitor the impact of hydrologic drought and industrial water supplies, irrigation
and hydroelectric power generation. However, there is a time lag before
precipitation deficiencies are detected in surface and subsurface water sources. As a
result, the hydrological drought is out of phase with agricultural drought. Because
of this, the SWSI is not a suitable indicator for agricultural drought [141].

1.2 List of potential drought monitoring attributes from satellite earth
observation systems as of 2012 [185, 284-286].

No. | Satellite name Type'Owner Na Satellite mame Trpe Ommer _%
Aqua (EOS PAI-1) Earth Observing System % | CHERS-1 a:r:m\pw
L
; Aura Earth Obstrving Sywiem ) ChE ].S-;‘_ AF D
3 | GRACE Farth Observing Syatem 1] CHERSIH AL D
Jason | Earth Dbsarving System SAL-A Lypeering S e Agee. sy
i a CONAE)
Ocean Surface Topagraphy Earth Observing Sydem SAC-B CONAE
i Mission Al
3 [ Earth Observing Sywem (2] SALCL l_ﬂ\ Al
Ortunng Carbon Farth Obwerving System 2 SACD CONAL
7 3
] ;‘_’::f:;‘;} AM-1) Earth (Mwerving Sysem o SAOCOM CONAL
Disaster Monitormg Commeronal sPot T omtew \ml‘-ﬂ‘rﬂ-
Constellation (6 & fTerent Spmaes (NS
9 satellites a8 of 2012)
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Appendix 2: Rain Fall P
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Appendix 3: Anisotropic Diffusion Algorithm and Implementation Code

5% The following code 15 wred to maplement the SONDE] frmagy AN Torrpve i s
Talevetuped in | niversity of Nehraska-Lisicodn
B dctober 2 201 |
Stre2 =10 ST his ro huld
dird ='C: DvoiughttIbject ' % e parth For vaw dato
Sme="1if": 25 The format of the raw daia
pwd % PWD-displave the current wer Kistg direciony
"4‘--- - "o -r T P —
Jor {=6:10 % The months fraom June o October
Jor j=1:3 %The dekada Periosds from June 1o October
sirc] =SONDIIR
stri=mumlsir(i);
strf=num2str(j);
m'c=m{dfrl.ﬂrc!;m).m.:m}.m;,ﬂm, 1ot comy tatemette
u=tmreadistre); s Reads cack Iy
num_iter = [0:% Nimbes of terations
delta t = 175, Sumtegration constam
kappa = 45: s iradient moslihay threshold thyt (onrols the - ot fion
option = | S omduction confflc s Somy 1 peopand My Peroma & Vil
ad = auumap:d;ﬁﬂ?n.umh:m.drha‘r.&wpc.qu«m; Sbvvowie dnnnopec diffasen
r = mar2grayfad); A omert from mal io Rriny g
dird="" Farvog et Wpecr alemonsesd " Tl divecsary whery b write the -
aulpur=streal(dir strc ] stre 2 stri stre 2 stry fnt), %l o atemorte
tmywrite (r.ouiput, 11f°); *clriy the awtpal in the ey tory
end
end
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Appendix 4; Fuzzy DroughtObject Segmentation Algorithm

WY Fu= connee tednean segmeatution mplemenintiom
YoRead image and seuly 1 iy

1=doublefimreadst Drvugbit)bjec) 8 109 n))2ss.
displsprintff Image sce. %t v St vizefl 1) size(l.2))),
%l Compute udsacency

n=4,

ki=025:

A=adfacency(lnk/).

62 Compure affinmin

k2x2;

K=affimuyl 4.k2),

"3 Select seed points

S=zerosfsize(l));

St13:1 731:34)=1; 2sExtremeh dn

S(16:16.31:31)=1; %Moderateh ifn
S(47:51,45:48)=1: %Nvar normal

S(31:34.35:38)=2- % above N

ol Show seady overloyved i mage

1 rgh =repmat(l.[1,1.3]}; “imke rgh imape mreguired by ymoverfay )

figure(l)

image(l_rgb)

ImoverlayS.S0); Sreguires image i sovnge [0 1]
colorbar

ttile(Seed regeons’);

14 Compute 1€
dispfsprintfi I'roces sng..);
FC=irfc(S.K}; Witerative relative Kt
Jigure(2) %ishow resulting FIUmap
imagesc{FC.[0,1])

colorbar

el F izzy commechedmess ),
thresh=0.9; 268 Fhreshald vilue

Sigure(3) Ssshunw the 0. 9-conmechod component averhaved o ] cimagy
image(l rgh)

imoverlay(FC. FC> thresh),

title (sprimtf{"F izsv commected « omponent it level 501 thrash)).
Sigure (4)

image(l_rgb)

r = mat2gray(FC),

dird ="t Ivoughi e t Neyminted

stre f =8409 wgmeriind

Snr="pf"

owlput=strcatfdir stre | fmi)

kmwrite (r.ontput, 1/,
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Appendix 5: An Excerpt from Backpropagation Algorithm

M9 Hackpropagation | tignrithm leplcmenssmon (ode

cle
clear u/l
close ali
dup{'ﬂq;mnwg theé Traiming phase of IVA 3
E=|D0; Shtnitially axswmed ervor 1o continue o whily
d=0;
“SRead Traming Data getdmin);
[a.b] =readDatay):
far.ac]=sizefa); Seacis munmher o datiit wsesd ax inpur veche
[br.be]=sized); Hbe-corresponding wo of o niprty
Yo & br-no of descriptors ¥ inpat- & outputveghons
Haddfust Weights & Bias
Jork=l-l-1: |
for t=1-nogk)
Jor j=Lnofk+ 1)
dcrwnJ.u-N'dclat»u'mu'avﬁmw,u,-
Weisk) = (1.4 k) dehwfiy k),

Fowigr

[
end
end

Jor k=2:1
Jor 1| nofk)
delb(.kj =N*(-1) *delfi k).
BOK) =Bk} + delbfi k),
end
erd
end
-
erridj=E;
i remfd [00) = =il Wopden after every 1) epocha
PlotdL:d}.err. biu- [1:d], Emax, sro- 3

panse(0.05),

end;

end
Sslind af Traming ooy
foe,
save weighmmareiy WA daty
xave noews pef V] omd v el
plotfers) title( Lecrnmg ¢ vy ) xlabel Viv of Bpachs wve> )
Mabel( Mean Sywnre Erroe v IS
hold on,
plot([0:d] Emay, - *pre’);
grid on;

Emd wif Froming Loop
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Appendix 6: An Excerpt from Using Mode of ANN Algorithm

L e —————— —

*#This code implements the bwsic back propegation of errar learny

ng alpoeithm

==cew T e e ———"

clear ulf,
cle
close all,
“bReadls the test vectars from files
[a.b]=readDatay),
ain=a,
[arac]=size(a);
"aLoads fhe stored weights after rining & stucture of the ANN
load weightmarro W B,
load niorms na 1
f=l;
o Normalizes the test nputs and ourputs
fori=1:nof1)
ml{i}=meanfa(i, )),
vI{i)=std(a(i, )),
all, F=al, Jom1 ()i y),
end,

bl=h,

for =1 nofl)
m2(iF=mean(i1, }),
V2(1)=std(Bi. )),
B =N, m20)v20),

for =1 ac
for =1 no{1)
Y. =adic),
VUL =a(ie),
end

for k=1:1-2
for j=1 no{k+1)
w=W(lnofk),jk),
Y=Y no(k) ),
VGk+1=y*w,
Y(i.k+1=logsigt V(jk+1 }B(k+1)),
end

end
k=l1,

for z=1 size(h, 1)

figure,

plotix.b(z ), o x Oz, ), blu-o),

xabel(Number ol desaiptors )ylabel{ Dowripeor'F cntures ),
legend(’ Actnal Plor, Obtarmed Cunve'),

tile'Feature vector of predicted tmage )

end
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