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Abstract 

Knowledge Discovery from Sate ll ite Images for Drought 
Monitoring 

GClachcw Berhan Dcmisse 
Addis Ababa University. 20 13 

Drought is one of the most impo rtant challenges facing the planet. When it 

happens, it usually re sults in serious econom ic. environmental , and soc ial cr ises. 

Despite the growi ng number o f freely available biophysical, climate. and satellite 

data for characterizing and modeli ng drought, research efforts have been 

constrained to using only meteo rolog ical point data, such as the amount of rainfall , 

for drought monitoring information. This po int data is insufficient for representing 

diversified ecosystems, and the data has coarse reso lut ion levels (lim ited spatial 

coverage). Researchers a lso have limited too ls for data retrieval and integration for 

improved drought identification and model ing. which usua lly results in a time de lay 

fo r informat ion to reach dec is io n makers. Tak ing this into account , thi s dissertation 

research has three objectives: I) identify the most re levant attr ibutes for effic ient ly 

implementing drought monitoring, 2) develop a new approach for extracting 

knowledge from sate ll ite imageries for improved ident ifica tion and pred iction o f 

drought, and 3) evaluate the new approach for national and regio nal dro ught 

prediction appl ications. Using an exp loratory research approach and modeli ng 

research method, different data co llect ion and ana lys is techniques were executed 

us ing knowledge d iscovery in a database approach. The data mi ni ng models 

developed usi ng art ificial neural network and regress io n tree models were able to 

predict DroughtObject with accuracy o f 0.70 - 0.95 co rrelat ion coeffic ients. in a ne­

ta four months' time lag. The develo ped DroughtObject model was eva luated for its 

application in show ing drought severity and food defic it status. There were positive 

relat ionships between DroughtObjecl products and crop yield data up to 0.91 R2 

values. The results con fi rmed that the model can direct ly be used by those who are 
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currently responsible for drought monitoring and ri sk management. The new 

concept developed in this research was prolotypcd and demonstrated in an easy-to­

usc approach. with a focus on demonstfaling the concept of DroughtObjecl 

characterization and identification fro m a group of pixels. This demonSiration also 

revealed poss ible future system deve lopments. 

This di ssert ation research could he lp deci sion makers use advanced satellite 

technology fo r crrcctive drought monitoring and early warning systems in va rious 

regio ns. Combined with proper pol ic ies. Ihese systems can he lp to preven t famine 

and starvat ion in food-insecure reg ions. Up to now, satellite technologies have been 

used primar ily in areas of meteoro logical applications. In this research. the main 

emphas is is on mining knowledge fro m satell ite images for dro ught ri sk assessment 

and sa ving the lives of individua ls who are affected by recurring drought s. The 

findings of this research can help decision makers take timely and appropriate 

actions to save lives in drought-affected areas us ing advanced satellite techno logy. 

Keywords : Drought Monitoring; Drought Prediction; Geo-spat ial Informat ion; 

Knowledge Discovery; Sate ll ite Image 
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I . lnlroduction 

Chapter 1 Introduction 

1.1 Knowledge Discovery in Database 

Knowledge is power ll J and very important fo r so lving human challenges II. 2]. 

Nonaka [31 defined know ledge as justified truc belief, and it is created and 

organized by the flow of information. Usefu l knowledge for so lv ing human 

cballenges is produced from the collection of usefu l information, which occ urs in 

the process of interaction between people sharing their experiences and information 

sources [4]. In th is process, information is a now of messages. while know ledge is 

created and o rganized by the now of information. anchored on the commitment and 

belicfs of it s holder PI. This understand ing emphasizes an essential aspect o f 

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 format , systematic 

language. Tacit knowledge has 0 personal quality. wh ich makes it hard to forma lize 

and communicate, and it is deeply rooted in action, commitment , and invo lvement 

in a spec ific context. 

This research is concerned with explicit knowledge [5] , spec ifically with the 

patterns observed from data. where this pattern can easily be understood by humans 

and va lidated by test data with so me degree of certai nt y [6]. The practice o f finding 

useful patterns in data has been given a va riety o f names. including data mining [6J. 

knowledge extraction[7]. info rmation d iscovery [8]. information harvesting p. 9]. 

data archaeo logy (8]. and data pattern processing [7. 9. 101. All o f these terms 

describe a robust computational technique known as Knowledge Discovery in 

Database (KDD) 19J. Fayyad et al. 17] defined KDD as the overall process o f 

d iscovering useful knowledge from data, including data preparation, data selection. 

data cleaning, incorporation of appropriate prior knowledge, and proper 

interpretation of the result s of mining. 
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The KDD process has been described in several articles (7 . 11. 12J . From these 

articles. it is poss ible to divide the KDD proccss imo four major stcps: developing 

and understanding the background domain. data preprocessing. data mining. and 

knowledge construction. Background analysis is usuall y done to get an 

understanding of the application do main . Data prc·process ing includes data 

se lection, data cleaning. and data reduction. Data mining includes choos ing the data 

mining task and technique and app lying the technique to search for intcresting 

patterns. Know ledge construction includes imerpret ing the mined patterns. often 

thro ugh visualization, and consolidating the d iscovered knowledge, either by 

incorporat ing the knowledge imo a computational system or through documenting 

the knowledge and reporting it 10 interested parties [10]. Data mining. wh ich is the 

appl ication of spec ific algorithms for extracting patterns (models) from data. is an 

important step in the KDD process P]. 

Data mining is an interdiscip linary field. combining artificial intelligence. computer 

science. machine learning. database management. data visualization. mathematical 

algorithms. and stat ist ics [1 ]. It is a too l and techno logy for KDD, which provides 

different methodologies for dec ision making, problem solving, analys is, 

integration, learn ing and innovation [I. 9]. For example, sc ientific understanding of 

complex geographic problems often depends on the discovery, interpretation. and 

presentation of the spatia l patterns [ 13]. Guo et a1. [131 indicated that ident ifying 

such patterns becomes ever more challenging as powerful data collect ion and 

distributio n techniques produce geographic datasets of unprecedented size in many 

application and research areas. These data sets are not only large in data volume but 

also characterized by a high number of attributes or dimensio ns l14]. A spatial 

dataset consists of two major components: a spatial location (longitude and latitude) 

and a set of variables (desc riptive data about a location) [1 3]. These dataset s have 

to exist to be considered as spatial dataset. In such a context. it is extrcmely 

challenging to effective ly and eflicielltly detect and understand relationships and 

patterns in voluminolls and high-dimensional data [101 . For sllch scenarios. data 

mining is a too l fo r distill ing dala into information or facls implied by Ihe data [1. 

15· 191- In this study, for characterizing drought from satellite images and 
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deve loping a model fo r discovering knowledge. rcce nl develo pments in data mining 

teclmologics were used. 

1.2 Droughl Modeling 

Drought is a recurr ing extreme climate event characterized by belo w-no rmal 

precipitation over a period o f mo nths to years, and it is a tempo ra ry dry period. in 

contrast to the permanent aridity in arid areas [201. Drought is manifested in erratic 

and uncertain rainfall distribution in rainfall-dependent areas. Frequent and severe 

droughts have beco me o ne of thc most important natural disasters. In sub-Saharan 

Africa, for example. d rought is causing serious economic. social and enviro nmental 

crises f21]. It s effect is manifested by creating uncertainties in agricultural 

economies [22] . 

Modeling drought is cruc ial fo r its mana ge ment and predictio ns. In this study. 

modeling is the process o f discretizing the geographic phenomeno n {23] o f drought 

in a space and l ime dimens io n [24-26]. The o nsel, duratio n and severit y o f dro ught s 

are o ften difficult to determine. and their characteristic s may vary s ignificantly 

from one region to another [271, which makes the modeling task challe nging. One 

of the most important attributes fo r model ing drought is rainfall records [28. 29]. 

Africa has a long history o f rain fa ll nuctuations of varying lengths and intensitie s 

[30]. Past studies showed differences in behavio r o f rainfall trend s in Africa. at 

different spat ial and tempora l scales. These studies also demonstrated a decrease in 

rainfall in eastern Africa between 2003 and 2008 Pi] where drou ght and famine 

situations were periodically repo rt ed [32]. The causes of these droughts usuall y 

remain unknown. which makes mode ling and information system develo pment 

cha llenging. 

Many studies have shown that the recent Sahel droughts resulted primarily from a 

southward shift o f the warmest sea surface temperatures (SST s) and associated 

Inter-Tropical Convergence Zone (ITeZ) l331. and the stead y warming in the 

Ind ian Ocean f20. 341 . ITCZ is the area e nc irc ling the earth ncar the equator where 

w inds o riginating in the no rthern and southern hemispheres come together: it is 

J 
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formed by vertical mot ion largely appearing as convective activ it y of thunderstorms 

d riven by so lar heating [351. Other stud ies (36. 37 1 a lso indicalcd that reduced 

vegetation caver and surface evaporation may have prov ided a positive feedback 

that enhanced and pro longed drouglu . 

Drought has a particularl y negative impact on agricultu ral production in the eastern 

African region because most o f the area's agricu lt ure is dependent on rai nfall PRJ. 

thus underscoring the need for simple and improved drought monitoring a nd earl y 

warning information systems. The conventional approach to drought monitoring 

and early warning systems lIsing ground-based data collection is tedious, t ime 

consuming and di ffi cult [391, In recent years, remote sensing data has increasi ngly 

been used for mon itoring agro-cJimatic conditions. the state o f the agricultural 

fields. and vege tat ion cove r and fo r esti mating crop yield in various countries. Fo r 

example. the Advanced Very High Reso lution Radiometer (AV I-1RR) Norma lized 

Difference Vegetation Index ( OVI ) data has been used in vegetation monito ring. 

crop yield assessment and forecast ing [40-44] . The Natio nal Oceanic and 

Atmospheric Administration (NOAA) AV HRR series satellite data prov ide a long­

term record of NOV I data that can be used in the prediction of crop yie lds f39]. 

Prediction o f crop yie lds is an im po rtant part of drought monito ring systems. as it is 

one o f the most important factors for e nsuring the food security o f a given region. 

For drought and food securit y monito ring, the Famine Early Warning System 

Netwo rk (FEWS NET) uses data from two operational remote sensi ng product s on 

a nea r-rea l t ime and spatia ll y continuous basis [451. These data include dekadal (ten 

days) AV HRR NOV I images produced by the National Aeronautic and Space 

Admi ni stration (NASA) and rainfall estimates (RFE) produced by the Cl imate 

Prediction Center of NOAA. For the African continent. blended sate llite RFE 

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

Currently there are more than ten satellite rainfall products at different spatial and 

temporal reso lut ions 147. 48] . The RFE data for th is research was obtained from 

Tropical Applications o f Meteoro logy us ing Sate llite (TA MSA T). which is 

produced by the TAMSAT grou p at Reading Uni versity in the United Kingdo m 
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[48J. For the prescnt research. the three-month Standard Precipitatio n Index (5 PI) 

was calcu lated from this RFE data. 

The three-mo nth SPI of a g iven mo nth uses the prec ipilal ion tala I of the previo us 

two months and also Ihe precipitation lotal of the specific mo nth of interest. For 

example , the sri of September uses the precipitat ion 10lal o f Jul y. August and 

September itse lf. The three-month SPI is selected in this research because it gives 

oplill1l1m est imation of sho rt-term dro ught co nditio n information and provides a 

seasonal estimation ofprecipitalion [491. 

In Ihis research. in addition 10 the three-month srI. which was obtained from RFE 

data. other b io phys ical. climate and sate llite data were used for characterizing and 

modeling dro ught. These datascts were combined usi ng KDD co mputational 

techn iques. Us ing this computationa l technique. the state of the art of drought 

identification. modeli ng and predictions in one to four mo nths ' time periods were 

demo nstrated. Some of the result s were a lso published in reputable journa ls [50. 

5 1J. a book chapter [52] and conference proceedings [53, 54]. 

1.3 Motiva tion 

Because o f climate change and uncertai nties in future weat her conditions. dro ught 

informa tion extractio n research ha s gotten the attent io n o f bot h po litic ians and 

scientists [2 1]. The mot ivatio n fo r the research reported here was threefold: I) to 

co ntr ibute to dro ught risk·management effo rt s to mo nitor drought. which is one o f 

the to p challe nges to society, 2) to explo it the huge dataset from bio physica l. 

climate and S<lle ll ite sources fo r drought monitor ing research and risk.management , 

and 3) to make this re search applicable to real -li fe problem so lving in Ethio pia. 

where recurrence of dro ught is common. 

T he knowledge di scovery and informatio n ext ractio n analys is in this research was 

tested on real·l ife problem-drought monito ring. Most regions of the world are 

a ffected by dro ught from time to time. Drought has had and will co nt inue to ha ve 

some o rthe greatest impacts o n climate. Dro ught ha s brought ancient civilizat io ns 

to the ir knees and led to famine. food scarci ty. and loss o f lives and property (55]. 

5 
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Evidence suggests that the areas affected by drought arc inc reasing globa lly 1561· 

Many cl imate predictions antic ipate a further increase in drought·afTcclcd regions 

in the future [551. Therefore. designing drought monitori ng information is one o f 

the most important issues thai needs to be researched for the world communit y (57 . 

581. especially sub-Saharan African countries such as Ethiopia [21. 59J. Huge 

datasets fro m biophys ica l. climate and satellite observations arc extremel y usefu l 

for this problem so lving research. 

Despite the enormous econo mic, environmental, and societal im pacts of drought . 

there has never been a coo rdinated and integrated drought information system. 

Given the importance of th is extreme form o f climate variability. it is critical that 

drought should be studied appropriately and it s information system designed 

properly, with the hope o f better understanding its nature and antic ipating it s 

occurrence on short and long time sca les [55 1· 

Since drought is closely related to climate change pO. 60]. its beha vior is 

unexpected. This makes designing information systems for dro ught monitoring 

challenging [57] . Fortunately. in this research. KDD can see the dimensio ns of both 

the expected and unexpected aspect of the attribute under investigation [7. 10], such 

as drought prediction in space-t ime dimensions. 

T he main purpose o f this stud y was to design a new informat ion system by 

integrating the outputs from differe nt research effort s lIsing KDD. the new 

computatio nal technique. for the purpose of reducing the impact of drought on the 

environment and people. 11 is a lso hypothes ized that it is possible to identify. track 

and model drought as a spatial object for it s improved prediction and management. 

DroughtObject here is the geographic pheno menon o f drought characterized by a 

group of pixels, where these pixels can be segmented into separate regions with 

defined spaliallocation and attributes [61] . This concept is demo nstrated in Figure 

1.1. The assumption in this re search was that it is poss ible to identify, model and 

predict drought incidence by co mb in ing its key 311ributcs wit h KDD. 

6 
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Figure 1.1 : Hypothesized gra ph ical representation of DroughtQ bjK I identification li nd 
modeling using 3D representation. The grapb surfaces represe nt rejBti"f ly low SONOVI 
deviation in t.he blue li TeM! li nd the highest deviations in the deep r~ areas. High deviation 
from historica l meM D means the orcurrence or Incidence of drought spalia lly. 

1.4 Problem Statement 

Drought is one of the most imJX)nant challenges to hu mans [20]. When it happens, 

it usually resu lts in serious economic, environmenta~ and social crises [21 , 55). In 

the past, drought was perceived as an extreme event in cl imatic systems, whereas in 

rea lity it needs to be recognized as a normal occurrence [57], and its recurrence is 

inevitable [55]. Drought has occurred many t imes in different parts ofthc work! and 

will continue to occur. and its adverse consequences arc likely 10 increase because 

of global wanning and climatic change [20). 

Between 1967 and 1992, droughts affected 50% of the 2.8 bi llion peop le who 

suffered from a ll natural disasters [62]. In the past. out of a total of 3.5 million 

people killed by disasters, 1.3 mi llion were lost because of direct and indirect 

impacts of droughts [62. 63]. Nearly 50% of the world' s most populated areas are 

highly vu lnerable to drought [22]. More important ly, almost all of the major 

agricukurallands 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·pronc 

areas. and 50 mi ll ion people are threatened with starvation in case of rain failure 

[22]. This report further indicated that fro m 1965 to 1999. a total o f330 drought 

incidences were reported in Africa and caused about 880,000 deaths. In 198411985 

7 
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example. in some districts there arc lip 10 three meteoro log ica l stat ions "hcreas in 

other districts there is only one stmion. Limited too ls for data rclric\'ul and 

integration for improved drought idcntilicmion and modeling have onen resulted in 

delayed delivery of information to decision makers . 

In the past. computational techniques such as KDD were underutilizcd for 

integrating the difTerent data sources in drouglll risk-management applications. Past 

eITorts to use the data mining aspect of KDD on drought-re lated research include 

Harms ct al. (67, 68]. Tadcsse et 31. [69-711. and Brown et a l. l72l KDO. the new 

computational technique. has interesting data int egrat ion and knowledge delivery 

methods. Unfortunately, past research in lI sing 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 

mo nitoring information system des ign and development. 

1.5 Research Questions a nd Objectives 

To address the above-stated drought mon itoring cha llenges, drought identification 

and characterization fro m satellitc images were exam ined usi ng an object -orient ed 

approach. Here the assumption is that the episode or spatial extent of drought 

depends on different parameters or attributes (c.g .. amount of rainfa ll, land co vcr. 

e levat ion, ctc.). These re levant attribut es can be included in the anal ysis to improve 

identificat ion and characterization of drought. After including the most rele vant 

attributes, the basic process ing unit s o f image analysis arc image segments (groups 

of pixels characterizing drought). not single pixel [23. 61]. Based on th is context. 

this study has the fo llowing research quest io ns: 

I. What arc the most relevant att ributes for drought mo nitoring? 

2. How is drought modeled as spatial object for improved identification and 

prediction? 

3. How is DroughtObjecl identi fied on sate llite imagery evaluated usmg 

grou nd observation data? 

9 
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To address these qucsl ions. the main objective of th is research was to investigate 

and develop a new spatial object modeling approach for detecti ng and predicting 

drought using satellite images. In line wit h this. the specific objectives were 10: 

I. identify the most rele vant attributes for efficiently implementing drought 

monitoring. 

2. develop a ne w approach for extracting knowledge from sate llite imageries 

for improved identification and predict ion o f drought , and 

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

applications. 

Advanced satellite teChno logy products with higb temporal reso lution are cost 

effective and can serve to detect Ihc onset o fa drought. its duration and magnitude. 

Such information ca n help dec isio n makers to take appropriate actions in a timel y 

manner, as well as reduce the impact o f drought and mit igate its adverse efTects on 

the enviro nme nt and the society. 

1.6 Research Framework 

There are "two research paradig ms in information systems (I S): behav ioral sc ience 

and des ign science paradigms" [73]. As described by Hevner et a1. [73]. the 

behav ioral science paradigm seeks to develop and ve rify theories that explain o r 

predict huma n or organizational be havior. whereas the design sc ie nce paradigm 

extends the boundar ies o f hu man a nd o rganizat ional capabilities by creat ing new 

and innovative artifacts. From these two IS research paradigms, this PhD study 

used the des ign science researc h paradigm and framework. The research framework 

was chosen because o f the nature o f thi s research. which aims at developing a new 

approach for ex tract ing knowledge fro m satellite imageries for improved 

ident ificat ion and pred iction ofdroughl. Gregor 1741 indicated that "design theory" 

gives exp lic it prescr iptions for constructi ng an artifact and ma inl y answers the 

question o f how to do so mething. 

10 
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Design sc ience inherent ly is a problem so lving process [73, 751. In its problem 

so lving process, Hevner CI al. (73) presented seven guide lines on how to conduct 

design sc ience research: design as artifact, problem re lcvan<:e, design evaluation, 

research contribution, research rigor, design as a search process, and 

communication of research. These guide lines have been adapted fo r this research, 

and the seven steps have been condensed into fo ur: identification (which is design 

as artifact), model ing (which includes problem re levance, des ign eval uat ion, 

research contribution, and research rigor), pred ict ion (which includes design as a 

research process) and communication with stakeholders. The artifact for the process 

a fknowledge discovery from sate llite imageries is presented in Figure 1.2. Detai led 

discussions of the steps are presented in the fo llowing subsections. 

Object 
Identification 

Modelli ng 

• Most rei(:vanl anribut(:s 

o 

Tr.K:king 
in time 

Quality control 

Prediction 

StaKeholders 

Figure 1.2: An artifact for the pro<:ess of knowledge discovery from sa tellite imagerits 
(adopttd from SIt-in et ll l251). 

1.6.1 Identification 

Identification of DroughtObject requires the conversion of raster pixe l values to 

objects. In remote sensing this means a segmentation of imagery fo llowed by 

classification of the indiv idual imagery pixels. Typica ll y, identificat ion is done by 

applying a segmentat ion routine, in which both the object and the uncertainty are 

mode led (24). The bas ic assumption here is that drought pixels have similar values, 

which are different from non-d rought pixel values in the vic in ity. 

11 
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1.6.2 Modeling 

The mode ling steps developed by Jakema n cl al. 1761 \\crc fol1o\\cd in this 

research. According to their recommendation. there are about len steps for 

deve loping a scicntilic mode l: define model purpose. spec if) modeling conlcx!. 

conceptualize and spec ify data. se lect model features. determine model Structure 

and parameter va lues, choose perfo rmance criteria and algorithm. identify model 

structure and parameter values, verifications, quantification of uncertaint y. and 

model eva luation [24 , 76 1. These sleps were fo llowed in our DroughlObjccI 

model ing process. 

1.6.3 Prediction 

Stein L241 indicated that when modeling and tracking an object over time. olle way 

to proceed is to define a parametric curve fo r the centroid and possibly o ther 

parameters of membership functions and then predict at which locat ion the curve 

most likely will happen in a spaec·time dimens ion. These functions were developed 

and then iterative tests were conducted for predicting Oro ughtObject in space-time 

dimensions. 

1.6.4 Communica tion to Stakc hold cl"s 

Communication to stakeholders can be expressed in different ways: it may range 

from visualizat ion to assessment of cost and benefit o f the resea rch output [24]. 

Hevncr et al. [731 ind icated that des ign· sc icnce resea rch must be present ed both to 

technology-oriented as well as management-oriented audiences. Techno logy­

oriented aud ie nces need sufficient detail to enable the described art ifact to be 

implemented and used within an appropriate o rgan izationa l context. This ena bles 

practitioners, such as decision make rs. to take advantage o f the benefits offered by 

the artifact, and it enables resea rchers to build a cumulative knowledge base for 

further extensio n and evaluat ion. It is also important for sueh audiences to 

understand the processes by which the art il"rlct was constructed and evaluated. This 

establishes repeatability of the research project and builds the knowledge base fo r 

further research by des ign-sc ience researchers in info rmation systems. The output s 

12 
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o f thi s research were presented us ing cartographic techno logy or maps so that 

dec is ion makers can make intellige nt decis io ns using recent satellite techno logy 

products. 

In this research. the hypothesis is that il is poss ible to model. monilo r and predict 

drought by integrnting satellite and ground-based data . The conceptual fr<lllle of th is 

hypothes is is presented in Figure 1.3. Thi s figure prese nts the co nceptual 

framework fo r understanding. executing and e va luat ing the new object-o riented 

information extraction process using a des ign science parad igm in IS. The 

informa tion obtained usi ng this framework can help decision makers in selli ng an 

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

S.lcllite data Ground data 

• 
0r0ughI .\1ooruI~ and r..rI~ "'''''II>.."" 

1"","","""" Dolini)' S)"fte m 

Fi gure 1.3: .low charI showing Ihe major sleps in knowledge dism\'ery (rom sa lellite 
images for nea r real time drough1 monit oring and early warning systems. T he laSl arrow 
in this ligure is a broke n line, b«fl use the in formation delh'ery system will be addressed in 
future research. 

1.7 Research Contribution 

The contribution o r th is research will be the app licabi lity o r the method dcvcloped 

ro r drought monit oring inrormmion systems. and a lso the extension o rthe state-o f­

the-art KDD problem so lving approach. These IWO contributions arc described in 

this subsection. 
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KDD. wh ich is the nontrivial process of ide nti fying va lid . novel. potentia l!) usefu l 

data 171. has an enab ling ro le in ma nag ing and understand ing paHcms in d rought 

risk-management. From the 3Clunl appl icability of the method for drought 

monito ring informatio n system s. this research develo ps co ncept implc mcnl:nio n 

algo rithms that enable dro ught mo nitoring institutio ns to improve dro ught risk 

management. These include: 

I. integrating different attributes fro m bio physical , climate and satellite data 

sources, 

2. ext racting relevant dat a/info rmat io n fro m dro ught episodes for near real 

time decis io n making andlo r predictio n, 

3. developing an applicable and easy-ta -usc mode l evaluation approach using 

crop-yie ld data . 

The deve loped algo rithms can help drought experts and decisio n makers understand 

the spatial and temporal relationships that ex ist between DroughtObject and glo bal 

climate events. which in tum can help them to get up-to -date info rmatio n fo r 

drought ri sk management. [t is also hoped that this kind o f frcquemly updated 

information can lead to a risk-b.:1 sed dro ught management approach rather than a 

crisis-based approach [21. 57]. This kind o f drought management eventually leads 

to proact ive dro ught mitigation and g ives deci sio n makers the o pportunit y to relieve 

the most suffe rin g at the least expense r77]. 

In extendin g the state of the art of KDD , this research contributes in two majo r 

aspects: I) KDD is extended in the drought mo nito ring do main for practical 

problem solving. and 2) KDD in this researc h is used in spatial co ntext. whereas 

past effo rts we re focused o n no n-spatial data o r no n-spatial co ntext [10]. 

In implementing the steps in the KDD process in the drought monito ring do main. 

all the steps. namely data selection. pre-processing. transformat ion. and data mining 

us ing geo-info rmatio n data 110]. were demo nstrated . Data mining in this case is 

o nly o ne step o f the KOD process. It invo lves thc applicatio n o f techniques fo r 

distil lin g data into info rmatio n o r facts implied by the drought dala . KDD in this 

research is the higher level process o f o btaining facts thro ugh data mining and 

14 



• 

• 

I. Introduction 

distilling th is informali n into knowledge 10 be used by decision makers at different 

leve ls. This generally requires a human-level intelligence to gu ide the process and 

interpret the result s b..1scd on pre-existing knowledge [IOJ. The data miner. as 

indicated by Gahcgan ct a!. [781. is the cr itica l interface between the syntactic 

knowledge or patterns generated by machines and the semantic kno\\ ledge required 

by humans for reasoning abo ut the real world . In this casco a group of pixels was 

identified and segmented from the input image on the real gro und . Here. {he KDD 

process docs not seck any arbitrary pattern from a database ; rather. it seeks only 

those thai are interesting. These patterns arc va lid (n generalizable pattern, not 

simply a data anomaly). novel (u nexpectcd). useful (relevant) and understandable 

(can be interpreted and distilled into knowledge) f7J. These interesting concepts arc 

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

The second important aspect, showing the practical applicabi lity 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 

DroughtObjecl is the spatia l location (longitude and latitude) or the geometric 

aspect of the data. which is usually challenging to represent and manage in the 

database. Alt hough the spatial aspect is challenging from data management 

perspectives. it can add val ue to the data and make il easier for deci sion makers to 

visualize and implement the informat ion [10). 

For dro ught monitoring applicat ions of KDD, non-spatial data is not sufficicnt. The 

rcason for this is that drought data by it s nature has a spatial location on earth. 

Shekhar et 011. [791 indicated that in the KDD analys is. if the object of interest has a 

spatial component. standard KDD techn iques with non-spatial data arc not 

sufficient. Specific rea sons 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 gco-referenced daw. and the 

nature of geographic knowledge. Taking this fa ct into account. the KDD anal ys is in 

this research was donc using spatial data for practicall y visualizing and managing 

drought risk-managcl11cnI . In the past thcre wcre limited effort s to usc spatial data 

in KDD analyscs [101. 
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In general. the overall research output is expected 10 contribute 10 improving 

drought monitoring information systems and preventing social and economic crises 

in drought-prone arcas. The method deve loped here can be directly implemented in 

drought monitoring related risk management and mitigatio n effort s. The concepts 

developed in this research \~crc al so prolotypcd as a startup for future full S)SICm 

development . 

1.8 Scope of Ihe Sludy 

T his study is delimited by researc h approach, study area and dataset inputs. The 

most usual way to classi fy the research approach is to distinguish the underlying 

phi loso phical assumptions guiding the overall research. There arc three different 

philosophical assumptions: positivisl. interpretive and critical resea rch. Acco rding 

to Myers [80J. a positivist assumption is that rea lity is objecti ve ly given. and it can 

be described by reference to the measurable properties that are independent o f the 

resea rcher. An interpretive paradigm. on the o ther hand. co nsiders that reality can 

only be accessed through soc ia l construct ions. sllch as shared meanings. Critical 

research makes the assumption that social rea lity is historically constitmed and that 

people are constrained in their actio ns by various forms of cultural and political 

domains. From these three diffe rent paradigms. this PhD research is de limited by 

the posit ivist philoso phical paradigm. with the assumption that reality ca n bc 

described objectively by reference to the measllrable propen ies of the geographic 

phenomenon o f drought. Funhermore. in this phi losophical paradigm. the design 

sc ience research framework was used for explicitl y modeling drought episodes in 

space timc dimensio ns. 

In the co ntext o f the stud y site. the KDD drought model ing experime nt was 

executed in the ecosystems o f Eth iopia. With coarse genera lization. Ethiopia has 

abou t nine diffe rent ecosystcms (using vegetation type as a classilication 

parameter) f81 ]. This was decided becausc of the una vai lability of ecosystem data 

representing the diversilied ecosystem types of Ethiopia. Thc result o f thi s 

modeling experiment can be genera lized with optimum accuracy to the sllldy area. 
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and it was also assumed that thc results may be generalized and applied to other 

s imilar ecosystems in o ther parts o f the world. 

The dataset used for the modeling experiment has a spatial reso lution o f Skm. 

which is a coarse reso lutio n fo r capturing the diversified ecosystems o rthe country . 

The Skrn spatial reso lutio n imagery data was used because the majo r NOV! data fo r 

modeling drought was produced by NOAA with this rcso lUlion standard to the 

global application. To fit th is standard. all the data input s gathered from different 

sources were downgraded to this rcse lll1ion fo r fitting Ihc model implcmcntalion 

experiment in Mapeubis! so ftware . 

The drought monitoring experime nt was done o nly for thc growing seaso n of June 

to October. An assess ment of the overa ll growing seasons of Ethio pia revealed 

aboul four difTerent growing seaso ns in the co untry. Thc current research focused 

o n the June to October growing season, since this season covers Ihe highest spatial 

extent of Ethiopia. It was also assumed that the modeling and info rmat ion system 

des ign for Ihe remain ing three growing seaso ns can be deve lo ped us ing the 

approaches developed in the June to October growi ng season. The modeling 

experiment also included o nly bio physical. cl imate and satellite datasets and docs 

not include any other socio-economic and infrastructure fact ors. Therefo re. the 

research was focused o n the use of geo-spalial info rmatio n for drought monitoring 

fo r improved dro ught mitigatio n. 

Drought monito ring in this research is in the context of early awareness and 

predictio n o f dro ught in one- to fou r- month periods. Research o n predictio ns was 

carried ou t o n a month ly period of time , since that is the timeframe in which the 

informat ion is most helpfu l 10 decis io n makers fo r their appro priate risk 

management and mitigation act ivities. There fo re. the highest temporal resolution o f 

the info rmation prod uced is one month . 

Thi s research is also limited to prese nting the co ncept for identifying. modeling and 

predicting dro ught using the KOD approach. In this process. the different data 

mining too ls available were no t compared fo r their accuracy le ve l fo r distilling the 

pattern for the actual kno wledge co nstructio n. 
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1.9 T hes is O utline 

This Ihes is is prese nt ed in monog raph style with Ihe order of introduction. review 

o f lit erature. related works. mClhodology. resuit s and discuss io ns. concept 

imp lementation and fu ture works. A preceding chapler is also assumed 10 be a 

prerequisite of the subsequent chapler and serve as a bui lding block o f Ihc whole 

Ihesis. Therefore. one chapler may not be complete if thc preced ing chapler is 

miss ing. Accord ingly. the seven chapters arc presented in the fo llowing order. 

Chapler 1 presents the introduction and provides a brief background o f KDD and 

thc approaches to characte riz ing drought as spatial object. as well as introducing 

our new approach to identi fy. model and pred ict drought as spatial objcct. This 

chapter a lso inc ludes the research questions, objectives and o utline of the thesis. 

In Chapter 2. a detailed review of literature re levant for drought and drought 

monitoring information systems is presented . C hapter 3 presents related works with 

the present research. the state of the art of drought monitori ng. ex plores the 

different methods applied. and identi fies the research gap. In Chapter 4, the detailed 

methodology of the dissertation is presenled for the use o f sate ll ite imageries in 

detecting and identifying drought as spatial object. 

Chapter 5 presents the results of the research and puts the thesis into cO nl ext by 

presenting the actUll1 identi fication. model ing and pred icting of DroughtObject s. 

The results obtained are also discussed. and the chapter provides a necessary 

preamble to the in vestigat ions o f how to model drought in the study a rea s. The 

model evaluation resull s are also discussed in thi s chapter. 

In Cha pter 6 (implementation and discuss io n). the new co ncepts tested and 

discussed in the preceding chapters are pract ically implemcnled . Thc concepts 

discussed are impleme nted using Matlab so ftware. The implementation codes are 

de monstrated wit h real world data and wit h the foc us o f demonstrat ing the conce pt 

deve loped in the thes is. 

Fina lly. Chapter 7 presenls conclusions and future works. includ ing a synthes is o f 

the findings o f the thes is and a discussion o f the impl ications of the results for 
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modeling drought as spatial object us ing SIHClli l C technolog ies. The implicat io ns 

and overall OUicomcs of the re search for the decision makers arc also disc ussed in 

this chapter . 
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Chapter 2 Literature Review 

The literature review in this chapler highlights the state of the an of design science 

research in info rmation systems and drought mo nitoring. In the first subsection, the 

review presents the nature of design science in in formation systems. Tile second 

subsection present s definition and types of drought . and sets the bo undary o f this 

di ssertat ion research. In the third subsection. the concept of DroughlObjccl 

modeling is presented. [n subsection fOlif. object-oriented image analyses with the 

se lected methods arc discussed . 

2. 1 Design Scie nce Resea rch in Information Systems 

[nformalion systems arc implemented in organizations 10 improve the effic iency 

and effectiveness o f organizations' objectives l73. 75. 82·84]. In line with th is. the 

role of research in informat ion systems is to acquire knowledge and understanding 

thaI enables the deve lopment and implementation of techno logy-based so lutions to 

prev iously unso lved and important business problems 173J. Acquiring such types of 

knowledge involves two complementary but distinct research paradigms. 

behavioral science and design sc ience [85]. Hevner f73] noted that the behavioral­

sc ience paradigm ha s its rOOIS in natural sc ience research methods. It seeks to 

develop and justify theor ies (i.e .. principles and laws) that explain or predict 

organizational and human phenomena surrounding the ana lysis. design. 

implementation. management. and use o f information systems. On the o ther hand. 

the design-sc ience paradigm has its roots in engineering and the sc iences of the 

artificia l 186]. 

Differentiating behavioral sc ience and design sc ience research, Hevne r el al. (731 

noted that behavioral sc ience addresses resenrch through Ihe de ve lopment and 

j ustification of theories that exp lain or predict pheno mena related to the ident ified 

busi ness need: and design sc ience addresses research through the building and 

eva luation o f artifacts designed to meet thc identified busi ness need. The goal of 
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behaviora l sc ience research is tru th and thc goal of design sc Ience research is 

utility. Within th is Context. thc dcsig n.sc icncc research paradigm is proactive with 

respect to techno logy, and it focuses on creating and (,'alualing innovative IT 

artifacts that enable organizations to address important inforrnation-rc l{ucd tasks . 

The behav iora l science research paradigm is reaclive with respect to technology in 

thc se nse that it takes technology as given. Hevner CI a1.173) further noted that one 

isslie that must be addressed in design sc ience research is differentiating routine 

des ign or system bu ild ing from desig n research. The difference is in the natu re o f 

the problems and solutio ns. Rou tine design is the application of existi ng know ledge 

to organizational prob lems. such as construct ing a financial or marketing 

information system using best practice anifacts (co nstructs. models. methods. and 

in stantiations) existing in the knowledge base. On the other hand. design-science 

research add resses important unso lved prob lems in unique o r innovat ive ways or 

so lved prob lems in more e ffective o r effic ient ways. The key differentiator between 

rout ine des ign and des ign research is the clear identi fi cat ion ofa contr ibu tion to Ihe 

arc hival knowledgc base of foundations a nd methodo log ies. 

Desig n-scie nce basica lly is a problem so lvi ng paradigm and seeks to c reate 

innovations that define the ideas. practice. technical capabi lities. and products 

through whic h the analys is. design. implemcntat ion. management. and usc o f 

informat ion systems can be e ffectively and efficiently acco mplished [73. 871 . 

Wa ll s et al. r831 ind icated that design is both a process (set of activ it ies) and a 

product (art ifact) and it describes the world as acted upon (processes) and the world 

as sensed (art ifac ts). The desig n process here is a sequence o f expert activities that 

produces an in novati"e product (i.e .. the design artifact) [73]. There are two design 

processes and four design artifacts produced by design-science research in IS 1851. 

The two processes arc build and eva luate. and the art ifacts arc constructs, models. 

methods. and instantiations ]73. 85]. 

Hevner et al. 1731 indicated that purposeful arti facts arc bu ilt to address hereto fore 

unso lved prob lems and they are eva luated with respect to the utility provided in 

so lving those problems. Hevner et a1. [731 and March and Storey [75] described 
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that constructs provide the language in \~ hich problellls and so lutions nre defined 

and co mmunicated. Models usc conStructs to represe nt 3 real world situnl ion or Ihe 

des ign problem and it s so lution space. Models aid problem and so lution 

understanding and frequently represent the connect ion bct\~ een problem and 

so lution components ena bling exploration of the effects of design decisions nnd 

changes in the rea l world . Methods define proccsses. They provide guidance on 

how 10 so lve problems. that is. how to search the so lution space. These cn n range 

fro m formal. mathematical algo rithms that ex plicitl y define the search process to 

informal, tcxtual descriptions o f best practice approaches. or so me co mbination. 

Instantiations show that constructs. models. or methods can be implemented in a 

working system. They demonstrate feas ibility. enabling concrete assessment o f an 

artifact' s suitabilit y to it s intended purpose. They al so enable researchers to learn 

about the real wo rld . how the allifact affects it. and how users appropriate it. 

The inno vative or basic contribution o f thi s PhI) 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 a l. {2 7J , and it is a new approach for characteriz ing and modelin g 

drought. For this purpose. the artifacts (constructs. models. methods. and 

inslantiations) were deve loped for improved drought monitoring. The concept o f 

object identification fro m remote sensin g data was also demonstrated by past 

research, such as Stein l24], Stein ct a1. P 51 and Benz ct a l. 1611. These concept s 

were used in the current stud y for designing a drought monitoring informat io n 

system ( from data se lection up to knowledge construct ion) using des ign processes 

and artifacts princ iples from a des ign science research approach. 

2.2 Definiti on and Types of Drought 

Dro ught is an ad vcrse environmental phenomenon that innuenccs almost all aspccts 

o f soc iety [571. 11 is a normal feature o f clim:ltc ond its occurrence is incv it able [77. 

88]. Dro ught is defined as "the naturally occurring phenomenon that ex ists whcn 

precipitation has been significantly below normal reco rded levels. caus ing serious 

hydro log ica l imbalances that adve rsely affect land resource prod uction systems" 
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120. 89]. Drought is also de fined as a pro longed abnormally dry period whe n there 

is nOI enough watcr fo r users' normal needs. resulting in extensive damage to crops 

and loss of yields 155 1. These de finit io ns o f drought nrc co nce ptual defi nit ions and 

3rc the bas is for thc operational definition. The opcrm ional defin it ion of drought 

focuses on idcnlifying the beginning, end. spat ial extent and severity o f the drought 

in a given area. and it is based on sc ientific reasoning (20 ). The ana lys is is do ne 

lIs ing hydro-meteorological information <lnd is beneficial in develo ping drought 

po licics. carly warning monitoring systems. mitigalion strategies and preparedness 

plans [90J. 

There arc three types o f drought. namcly metcorolog ieal drought. agricultural 

drought and hydro log ical drought [20. 91 J. Meteorologica l drought is a period of 

months to years with below-normal prec ipitation. and it is o ften acco mpanied by 

above-normal temperatures 120]. Agricultural drought is a period with dry so il s that 

results from below-average precipitation, intense but less frequent rain cvent s o r 

above- normal evaporation. all o f which lead to reduced crop produc tion and plant 

growth [20. 91]. Whi le mcteorological drought is usually defined by a precipitation 

defic iency over a pre-determined period of time ; agricultural drought is de fined 

more commonly by the lack o f availabilit y o f sa il water to support crop and fo rage 

growth than by the departure o f normal precipitation over so me spec ified period of 

time [911 . Hydrologica l drought is nonnall y dcfined by deficiencies in surface and 

subsurface water supp lies re lative to average co nd itions at various point s in time 

through the seasons [20], These three types o f drought gradually co ntribute to 

socioeconomic drought. which invo lves an imbalance between supply and demand 

fo r economic goods such as water. livestock fo rage. hydroelectric po \'ver. and others 

that are dependent on precipitation 1911. The three drought types arc 

diagrammaticall y demo nstrated and prese nted in Figure 2. la . To explic itly set the 

bo undary. the focus o f this research is on agricultural drought analysis and earl y 

wa rni ng information systems. 

In the model ing process. drought is characterized by three mai n aspects: intensity. 

duration. and spatia l coverage POl Oai /201 no ted that intens it y is the degree o f the 

prec ipitat ion. so il moisture. o r water sto rage defic it : it may inc lude considerat io n o f 
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the severity o f the associalcd impacts. Drought t)'Pically lasls for severnl months to 

a few years. bu t extreme drought can persist for sc\ crnl years. o r e\en decades for 

so-called meg3-drought 1921 . The frequencies o f agricultu ra l drought in Ethiopia 

166J arc presented in Figure 2.1 (b and c). These maps show the general pattern of 

drought frequenc ies in the cou ml) . The freq uency values sho \\ the increase o f 

drought frequency in thc contour values as one moves \\ cst to east and south to 

north. 
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Figure 2.1: Oi:..g rll mnl:~lic ~prC5~nl :tl ion or (II ) droughl C'lassillu lion (adapltd from 
UNISDR 1911. (b) frequency or agricull ura l droughls in Elhiopia during I h ~ fi rs l ra iny 
seasons (F~bruary - May). and (c) .second ra iny s~asons (.July - St plen~be r) (ada plt d from 
NI\I SA 1661). 
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Drought is a natural phen menon. and it rna} happen at nn} time nnd al any place 

as an episode. Therefore. there must be an advanced inform:nkm system IMt help 

to mitigate the ncgluive imp4lCI of drought on bOlh human life nnd the em ironment. 

This mitigation efTon has to be supponcd by the available Icchnolog) and resear h . 

Drought research needs 10 be based on a long l1 islorl 01 record that leads to the 

compilation of historical data on climatic, oceanic and other environmental 

nUClunl ions. With Ihis in mind. drought spatial object mode ling and the different 

approaches used in the past nrc presented in Ihe subsequent subsections. 

2.3 DroughlObjecl Modeli ng 

The concept of Object idcmification and modeling has been the subject of a long 

sc ientific effort to convert remotcly sensed image into geographic phcnomenon 

[25]. This concept was also discussed by past research as geographical dllla 

modeli ng [23]. computer science object-oriented (00) programming [93} and 00 

data modeling [94 ). 

Goodchild [23 1 described that the 00 notion of object identity is thc same as 

geographic object enl ity identilication. There arc two difTerent types of geographic 

phenomenon: geographic object and geographic lield [951. Here a geographic 

object entity is a geographic phenomenon that populates the concern area and is 

usually well distinguished, discrete and boundcd [23. 95J. The geographic field is a 

geographic phenomenon. with continuous dma vallies in the concern aren [951. In 

this research. the drought spatial object is the gcogrnph ie phenomenon of drought 

characterized by a group of pixels. where these pixels can be segmented into 

separate regions with de fi ned spatial locations and attributes [61 }. 

Object identification in rCIllOle sensing is usually done by com'ert ing raster pixel 

va lues to geographic objects. Usually the image is lirst segmented. providing 

approximately homogeneous segments. and the n classified [25J. Stein cl 01. r251 

noted that various proccdun.::, ror imagc seg lllcntation arc we ll documented. tlnd 

include procedures based on mathematical morpho logy. edge detection and 

identilicalion of ho mogeneity in one band or in a set of bands. IIISsificluion 
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romines include statistical routines, such as k-ncarcsI neighbor class ifiers. and 

incrc<lsing ly fuzzy class ification methods. 

The objective of many remote sensing studies is to identi fy objects that have nn 

onto logical rcprcscnl3tion on the canh 's surface. These objects can ha\c different 

meanings. and they can be of various types and shapes. Co mmonl y. a segmentat io n 

procedure is fir st applied. identifying homogeneous sets o f pixel values. in one or 

morc bands [25J 

In this research, Ihe object is in the cont ext of object-oriented modeling [941 . This is 

based on the basic principle that an Object has two characteri stics: slate and 

be havior [93. 94J. In this case. Slale is the attribute or info rmation contained by an 

objec t and the behavior is thc set of actions Ihal an object performs to be perceived 

r93]. In identifying and modeling the DroughtObjccl using s:llcllite images. st:lle 

means the actual reOectancc a11ributes (digital numbers regi stered by the sensor of 

satellites as pixel values o r an y index val ues. such as NDV I): behavior means whe n 

the DroughtObject happens on the ground. plants start dying o r stop 

phOiosynthesizing (red b..1nd of the spectrum not used by plants and renected back 

to the satellite se nsor) ond as n consequence the NOV I value i:, low. In the long run 

this can result in reduced crop yield [91. 961 . 

There arc two key questions to be asked that help in ident ifying the state and 

behavior o f any object: I) ··whll! possible states (attributes) can a give n 

DroughtObject be inT, and 2) ··what possible behavior (actio ns) can this object 

perform when it happensT [931. In th is research. the gcographic object that we arc 

interested in is agricultu ral droughl. Agricultural drought usually result s in reduced 

biomass and yicld 1551. 

The concept of identifying and modeling drought ns an object is new [271 . Rulinda 

ct a1. [27] further indica ted that ··n next step in drought modeling is an approach 

focusing on spatial object and this kind of object can be built from different 

temporal reso lution images" . In remote sensing. objects are idcmificd and 

subsequently class ified on the bas is o f pixel information. and the objects 3rc 

subsequently tracked in lime. during which their behav io r mtiy be go\crned by 
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external factors (most relcvant auributcs) that also hrn·e to be identified and 

quantified [25]. 

In remo tely sensed images, a pixel or group of pixels with simil"f spectral 

rcncclance arc conside red 10 characterize thc objects of interest. Remele sensi ng 

object class ification methods usually cons ider texture informal ion ofrcaturcs on thc 

earth. The pixels idcnlificd as having thc same texture arc grouped and thc gro ups 

arc considered as objects 1611 . These objects can represent physical features on 

earth. such as roads. parcels. o r water bodies. When these phys ic31 features arc 

class ified based on texture, they arc cons idered to be ph ys ical objects 1611 . One 

step ahead o f this basic concept. thi s research identifies vinual objects by using 

vegetation stress during drought incidence for identifying virt ual drought spmial 

objects (extreme drought . severe drought. moderate drought. near normal and above 

optimum drought classes) on the real ground. 

2.4 Objecl-Oriented Im age Ana lys is 

Benz et al. [61] explained principal strategies of object-oriented image analys is. 

They noted that Ihe basic processing units o f object-oriented image analysis arc 

segments and image objects. and not single pixel s. Advantages o f object-oriented 

ana lys is include meaningful statistic and texture calcu lat ion. an increased 

uncorrelated fea ture space using shape (e.g .. length. number o f edges. etc.) and 

topological features (neighbor. super-object. etc.). and thc c lose relation between 

real-world objects and image objects. This relation improves the value o f the final 

classification and cannot be fu lfilled by commo n. pixel-based approaches. Initial 

segmentation relics on low-level information. e .g .. the pixel va lues and basic 

features of the intermediate image objects. [mage objects arc contiguous reg ions in 

an image. In their study. Benz et al. 1611 distingui sh bct\\ecn image object 

primitives and objects of interest. Only objects of interest match real-world objects . 

e.g .. the building footprint s or whole agricultural parcels. Object primitives arc 

usually the necessary intermediate step before objects o f interest can be found by 

segmentation and class ificat ion process. According \0 Benz et al. [6 11. the smallest 

image object is onc pixe l. In practica l terms, to ide ntify any geographic 
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phenomenon on the planet canh, Ihe object on the ground should be bigger than Ihe 

pixel size (spatial rcso luti n). 

For defining Ihe minimum mapping unit. Jensen and o\~cn f971 recommended a 

minimum of four pixels on Ihe aClual gro und . This means Ihal Ihe satellite sensor 

sp'lIial reso lution should be one· half the diameter of the smallest object of interest. 

Cowen et a1. f98] also indicated that to identify a given geographic pheno menon 

that is 5m wide (in diameter). the minimum spatial reso lu tion (pixel s ize) of high 

qual ity imagery without haze or other problems is 2.5 )( 2.5m pixels. The 

DroughtObjcct ident ifi cation and mode ling was also done based on these scientific 

recommendat ions. For this pu rpose. a number of image pre-processing steps were 

also implemented. 

The image analysis in this research has two major steps: image pre-processing 

using anisot ropic di ffusion (A D) and image segmenlation. These steps are 

described in the fo llowing subsect ions. 

2.4. 1 Image Pre-process ing Using AI) 

AD is a technique aiming al reducing image noise without removi ng significant 

parIs or the image content, typ ically edges, lines or olhe r detai ls that arc impo nam 

for the interpretation of Ihe image 199, 100]. Diffusion algorithms re move noise 

From an image by modi fyi ng the image via a partia l different ia l equation. 

Modify ing the image acco rding to isotropic (u niform ly in all orientations) diffusion 

is filteri ng an image wit h a Gauss ia n filter . 

As an adva ncement to thc AD concept. Perona and Malik t99] rcplaced the classical 

iSOl ropie wit h anisotropic di ffusion eq uation. and qua litatively. the effeci of 

ani sotropic difTusion is to smooth the original image while preserving brightness 

discont inuities ( 101[. Perona and Malik [99[ suggested a new definition of sca le­

space and int roduced a class of algorithms that realize their method using a 

diffusion process. They indica ted that the scale-space technique generates coarser 

reso lution images by convolving thc original image with a Gauss ian kerne l. This 

approach has a major drawb.1ck in that it is difficult to accurately obtain the 

locations of the semantically mea ningful edges al coarse sca les. In their research. 
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Ihey suggested a new del'inition of scale-space. and introduced II class of algorithms 

thai realize il using II diffusion process. The difTusion coefficient is chosen to vary 

spatially in such a way as to encourage inlm-region smoothing in preference 10 

inter. reg ion smoQ thing. As the region boundaries in their approach remain sharp . 

Ihcy obtain a high quality edge detecto r that success fully exploits global 

information. The detail of the algo rithm is prese nted in the authors' detailed wo rk 

[99} and it is applicable fo r our drought virtual object analysis. The concept of 

ani so tropic dilTusion is also described by Black ct at [10 11 and Yu and AClOn 

[102J. The dilTusion algorit hms removed noise from the Mapcubi st output image by 

modifying the image via a partial differential equation. This was actua lly applied to 

reduce the image no ise before segmentation and object extraction. 

2.4.2 Image Segmenta tion 

Image segmentation is defined as '1he process o f completely partitioning a scene 

into non overtapping regions in scene space (image space)" (103]. In addition to 

pixel informat ion. texture and shape information arc useful fo r object identification 

and segmentation lI04l . [n image ana lysis and class ification, much information is 

contained in the relationship between adjace nt pixels, including texture and shape 

information, wh ich a[lows for identification o f individual objccts as opposed to 

single pixels [ 104]. Such an object-orientcd approach allows the user to appl y 

locally different strategies for analysis. Incorporating both spectral information 

(tone, color) as wcll as spatia l arrangements (size, shape, texture, pall ern, 

association with neighbo ring objects) comes closer to lhe way humans interpret 

information visually from different remote ly sensed products. Franklin ct al. [105J 

found that the incorporation of textu re in addit ion to spectral information increased 

class ification accuracy on the order o f 10- 15%. In this case, pixels arc aggregated 

into image objects by seg mentat ion. which is de fined as the divisio n o f remotel) 

sensed images into d iscrcle regions o r objects Ihat arc homogenous wit h regard to 

spatial or spectral characteristics 11 061. Homogenous, in Ihis case. refe rs to the fae l 

that the within-Object variance is less than the betwecn-object variance f1071 . 
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Image segmentation is appeal ing ror remote sensing applicat;ons because humBn 

vision lends to gcncrali7c images int o homogenous arens. Research into image 

segmentation is not new. The works of llaral ick ct aI.II 08) . for examp le. date back 

to thc 19705. and several methods no w exist. They can be broadly categoriz.ed into 

measuremcnt-sp.1cc-guidcd spatial c lustering. single- linkage rcg~n gro,~ing, 

spatial clustering. hybrid- linkage region growing. cent ro id- linkage region gro,\ ing. 

and split and merge methods , I O9J. or more simply. illlo edge-based and area-based 

algorithms III 01· Reed and Wechsler 11 11 J used 3 filter-based approach to segment 

texture images. while lIaddon and Boyce (1 121 incorpormcd edge detection into 

their segmentation algorithm. Other approaches inelude a probability-based image 

segmentation approach [11 31 and a fractal net evolution approach (FNEA). \, hie h is 

a multifraetal approach 11141. With the F lEA. images tl re segmented at different 

scalcs. which adds a scale hierarchy to the analysis 111 5. 11 6J. Such a multi­

reso lut ion analysis using image segmentation is dri ven by remotely sensed data as 

well as expert knowledge. lead ing to a better understandi ng of the image content 

because image information is fractal in nature (1071. 

Many image segmenwlion methods arc based on crisp relationships between or 

within the individual regions to oc segmented. In many cases. however. these 

relationships may vary across the image because of noise. une ven illumination. 

limited spat ial reso lution. parlial occlusions. and other phenomena [117 1. The fuzzy 

connecti vity segmentation approach takes these uncertainties into consideration. 

Rather than defining cr isp relat ions. it attempts to describe the segmentation task 

with fU7.zy rules. such as if two regions have about the some gray-value and if the y 

are relatively close to each other in space. then they likely belong to the same object 

[117, 118]. A framework for such 3 reasoning approach is called fuzzy log ic [1171. 

In the case of DroughtObjccl identification and modeling. therc is a gradual change 

from drought pixels to non-drought pixels. These trnnsitional regions on the actual 

ground can be captured if we usc a fuuy segmentation approach. Thcrefore. it 

makes sense 10 lISC fuzzy image segmentation in our current context. 
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2A .3 Fuzzy CI Theory (lIullm:lgc cgmcnl :llion 

I" fuzzy connectivity segmentation. the basic assumption is that the image pixels 

seem to hang together \\hcn form ing an object (117) . The hanging togethernes 

property is Ihen described using fuzz) logic. There are II number of past studies on 

fuzzy connectivity 1119-1 23 ). 

Rosenfeld (119J indicated thai topological relationships among pans of a digital 

picture, such as connectedness and surroundcdncss. play an important ro le in 

picture analys is and desc ription. This paper genera lizes these concepts to fuzzy 

subsets. and develops some of their bas ic properties. Rosenfeld [1201 also prcscllIcd 

ano ther study on Ihe [uzzy geometry of image subsets. This study summarizes 

efforts done on such fU7..zy geometric concepts. 

Bloch (1 2 1J presented assoc iations between fuzzy sets :md mathematical 

morphology by proving equivalence be tween two concepts: degree of 

connectedness for fuzzy sets. and connection cost for gray· level mathematical 

morphology. Dellcpiane and Fontana [1221 modified the traditiona l conce pt o f 

fuzzy connectedness and described the concept . which extends the basic ideas to 

gray· level objects. 

In another study. Udupa el a1. 1124] presented a novel methodology and a system 

that can be rou tinely used for segmenting and estimating the volume o f multiple 

sclerosis lesions via dual-echo fast spi n-echo magnetic reso nance imagery. Based 

on several evaluation stud ies. the authors conclude that the methodology is highly 

reliable and consistent. Udupa et al. [1251 also introduced the notion o f relative 

connectedness that overcomes the need for a thresho ld and that leads to morc 

effective segmentations. The cent ral idea is that nn object gets defined in an image 

because of the presence o f other co-()bjects. Eaeh object is initialized by a seed 

clement. An image clement c is considered to belong to that object wit h respect 10 

whose reference image clement c has the highest strength o f connectedness. In this 

fashio n, objects compete among each othcr utilizing fuzzy connectedness to grab 

membership of image e lements. In this stud ). dupa el al. [125J presented .3 

theoretical and a lgorithmic framev"ork fI r defining objects via relative 
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connectedness and demonstrated utilizing the thcory Ihnt the objects defined arc 

indepe ndent of refe rence elements chosen 35 long as the) arc not in the fuzzy 

boundary between objects. An iterative strategy is also introduced \\herein the 

strongest relmivc connected core parts arc first defi ned and iteroti\cly relu:\ed 10 

conservatively capture the more fuzz) parts subscqucnll~ . 

Sonka ct at [117) noted that objc<:t definition in images may be considered to 

consist ma in ly of ( \ \ 0 re lated tasks: recognition and delineation. Recognition is tile 

process of determ ini ng roughly Ihc whereabou ts of the object in the image. 

Del ineation. on thc other hand. is a process that defines Ihc precise spalial extent 

and compos ition of the object in the image. 

Udupa and Samarasekera [1 18J described a theory and algorithms for fuzzy 

connected object de finition. treating a given image as a fuzzy subset of the set of 

spatial image clements (p ixels) that make lip the image . This approach consists of 

defining a local fuzzy relation cal led affi nilY on the sel of pixels. The affi nity value 

ass igned to a pair of pixe ls is b.1.sed on how close the pixels arc spatia lly and in 

terms of int ensity and intensity-based propert ies. A glob.:1.1 fuzzy relation ca lled 

connectedness is defined on the sct of pixels based on affinity. The connectedness 

"aluc assigned to a pair of pixels is the strength of the strongest of all paths from c 

to d. The strength of a pat h is simply Ihe sma llest affinity along the path. II was 

shown that fuzzy connectcdness is a simi litude re lation and Ihat the fuzzy 

components defi ned by th is re lat ion arc an appropriate choice fo r characterizing 

objects in images. II was also shown Ihal in spite of its enormous combinatorics. 

fuzzy component extraction can be done computationally elegantly via dynamic 

programming. This is an established method that is current I) routinely utilized in 

scvcral imaging 3pplic3tions 1I2~. 126. 127J. This mcthod is used in our 

DroughtObjcet segmentation. 

2.4A Artific iallnlcllige ll ec Sys tem 

Artificial Int ell igence (A I) is the science and engineering of intelligent machines. 

with the aim ofreplic3 ting human-level intelligence in It machine 1128). It is related 

to the similar task of using computers to undersulIld human intelligen e, but AI 
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docs nOt have to confine itse lf to methods thai lire biological!) obsen able . AI is a 

broad field !hill includes specialty areas. such as problem soh ing and planning. 

ex pcrt systems. natural language processing. robotics. computer vision. learning . 

genetic algorithms. and neural net\\ orks . 

Stair and Reyno lds 1129) described Ihc specially areas. According to lair and 

Reyno lds [129j , problem solving and planning deols \\1111 systematic refinement of 

goa l hierarchy, plan revision mcch:ln isms and a focused search of important goals. 

ExpcrI systems deal with knowledge processing and complex decision-making 

problems. Natllrallanguagc processing areas include automat ic lext generation. text 

processing. machine translation. speech synthesis and analysis. gra mmar and style 

analys is. Robotics deals wilh lhe controlling of robots to manipulate or grasp 

objects and using information from sensors to guide actions. Computer vision deals 

with intel ligent visualization. scene analys is. image understanding and processing 

and motion derivation. Learn ing deals with research and development in different 

fo rms of machine Icaming. Genetic algorithms arc adaptive algorithms that have 

in herent learn ing capabi lit y and are used in search. machine learning and 

optimization. Neural networks deal with simulation of learning in the human brain 

by combining paHem recognition tasks. deductive reasoning and numerical 

computations. For the actual DroughtObject predictions. AI specialty areas. sllch as 

expert system. artific ial neural network (ANN). and theoretical model ing 

approaches we re assessed. 

An expert system (ES) is a computer program that mimics the human rellsoning 

process. which relics on logic. be lier. rules of thumb. op inion. and experience r 130-

132]. Basheer and Hajmeer 1132J indicated thtH in rule-b.:1scd ES. the knowledge 

and experience of the expert arc coded as a series of IF- TI-I E rules. An infe rence 

engine traverses the rules in the stored knowledge basco dra .... s conclusions. and 

provides the user with a so lut ion (such as a medical diagnos is). Un like j\ Ns. E s 

suffer from scrious limitations. ma inly their h)pcrscnsit ivily to incomplete and 

noisy data [1311 . Moreover. some human kno\\ ledge cannot be expressed explicitly 

in terms of rules 1132]. These Ilnd sc\ cral other limitat ions ha\ e stimulated the 

exploration of ANNs for data modeling (1331. E s work in sequentia l manner. 
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whe reas ANNs Arc parallel data mnnipulnlOrs, and sometimes vic"cd as a rc\crse 

approach to ESs 11 341. ther differences relnte to inform:nion processing. 

connectivity. se lf. learning ability. fault tolerance. :md relation to neurobiology 

11 3 1 ). In order to capture the desirable fcmures ofbOlh 5)stcms. E s and A '\15 arc 

integrated into one hybrid s)s!cm l135J. In this s)su~m. ANNs learn the hidden 

rules from the examples. and the ES extracts them in explicit forms. thus roughl) 

simula1ing a whole-brain operation 1134 ). 

The decision to usc ANNs. E s. or theoretical modeling fo r on arbitrary problem 

depends primar ily on the availability of both the theory explaining the underlying 

phenomena and the data. as presented in Figure 2.2 [1361. Basheer and Ilajmeer 

[1321 indicated thaI for a problem \\ith aburldant data but unclear theor). ANNs can 

be a perfect tool. Conve rse ly. when both the data and theor) are inadequate. the 

human expert's opinion should be sought , followed by coding this knowledge into a 

set of rules using E techniques. Finally. when the problem is rich in both data and 

theory. it is poss ible to derive a physical (theo retical) model in which the data nrc 

used for modcl ca libration and verification. Basheer and I-Iajmecr [1 321 fu rther 

noted that overlapping areas arc added to Figure 2.2 to characterize some other 

common scenarios. such as sufficient data and limited theory (i.e .. a partially 

undcrstood phcnomenon), that dictate thc need for a semi-empirical model. 

Alternatively. when both theory and data arc abundant but 0 physical model is hord 

to formulate, the modeler may resort to empiricnlmodeling such as ANNs. It is also 

obvious that Figure 2.2 supports hybrid ANN- E systems (a long the Al I_ES 

borderline) l132j. 

In identifying and tracking drought spatial object. there 3rc huge dntasets from 

different satellite senso rs and limited theories 1581. According to Basheer and 

Haj meer r132] and Rurnelhan et al. lIJ6}. and also from our practical observat ions. 

it is appropriate to use ANN for DroughlObject exploration and predictions. After 

getting a clear understanding of the Drought bjects from satellite pixels. it is quite 

reasonable to experiment with the theoretical modeling approaches. such as 

regression tree dma mining technique [1371. 
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Figure Z.2 : Sult:lhili l), o r modI' li n!; luh uil\uc In rl' l:I ,lol1 10 (bIn li nd Ihror), ri (' hntss 
{lIdliptect rrom Ih shcu :tlld I-hlj mce r 11321} . 

15 



• 

• 

-

3. Related Wod: 

Chapter 3 Related Work 

In this chapter. related works in drought mon itoring rescar hcs and drought 

monitoring information S) Slcm are prescnlcd. The objccti\ c of thc chapter is to 

assess past cITons in drought monitoring information system and to identiC) 

research gaps in coming lip with an improved and efficient drought monitoring 

information system. The first subsectio n presents drought moniloring approaches. 

The second subsections presents past research in using dota mining for drought 

monitoring, and lastly subsection three presents the currently available drought 

mo nitoring informat ion systems. 

3.1 Drought Monitor ing Appro:l chcs 

In drought monitoring. there are two major nppronc hcs: (i) climate- based. and (ii) 

rcmotc sensing based (satcllit c·derivcd vcgctation indices (Vi s) approaches. 

Various studies havc also demonstrated the relationships bct\\een climate variables 

(c.g .. precip itation) and satcllitc·dcrived Vis (49. 138. 1391. These two approaches 

arc discussed in the following subsections. 

3. 1. 1 Climatc·B:lscd Drou ght Monitorin g Approaches 

Climate·based drought monitoring approaches fall into h\ O categories: I ) climate 

variable rainfall only, and 2) ind ices·bascd. These two appro:Jches arc discussed in 

this subsection. 

3.1. 1.1 Ra infa ll· Bascd Droug ht /I.·lonitorin g Approaches 

The rainfall· based drought monitoring approach is a direct approach using minfall 

reco rds from metcoro logicnl st:Jlions and 5.1tellites to estimate the minfall attributc . 

Verdin et al. [591 reviewed background materials on food security assessmcnt. 

drought monitori ng. nood monitoring. and changing climate and food security 

issues with spec ial focus on Ethiopia. Thcy indicmcd Ihat the limate Hazards 

Group 01 the ni vcrsil), of C.1Iifornio. Sanla Barbara. in 2005 completed a Slud) of 
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rainfall variability in Ethiopia for the period 1960-200~. with n focus on the ,,"C\ 

growing seasons. Monthly dalO from 162 slat ions of the aliona! \olclcorological 

Service Agency were supplemented \\ ith obscf' :uions from the Globaillistorical 

Climate Nc{\\ork and arch ives of the F 0 nnd rEW ET. In all. 186 stat ions 

within Ethiopia. and 373 in neighboring countries. \'ere used. Block lriging "as 

used to interpolalc Ihc station data and create spatial a ... cragcs for 7.onal 

administrati ve units. The administrative units were then grouped into four reg ions 

based on similarity of their rainfall patterns. Figure 3. 1 illustrates these regions 

along wit h Ihc pattern of time-series of scaso na I rainfall tOlals in the coumry. ln Ihis 

map. seasonal plots of rainfall for the count ry as a \\holc arc also sOO \lo·n. for 

March-May (' l3elg'), June- September (' Kircmt') and March- eplcmbcr periods. 

Examination of Figure 3. 1 sho\\ s Ihal nat iona lly. "Kirclllf' rains ha ... e becn quite 

cons istent since 1960, with 7-year trends staying \dthin ±50 mm oflhe long-term 

mean or760 mm. "13eIS" rains, on the other hand. have fallen ofTconsislcllIly sincc 

1996. This decrease is seen to carry through inlhc graph of nmional rainfnll totnls 

for the full March- September season. though thc downwnrd turn is less dramatic. 

Turning to the regions, thc annual rains in the northwest are seen to be most stable. 

The southwest. on the other hand. shows a steady decline throughout the elllire 

period examined. Fortunately. rains arc still abundant and there are no adverse 

implications for crops. The northeast and southeast give cause for concern. In the 

former case, we sec dryness si ncc 1996. and in the laller. dryness persists since 

about 1980. They also indicalcd Ihat slation data, s:\1cllile precipitat ion estimates. 

reanalysis field s and luke leve ls all suggest rcecnt dr)ness in eastern Africa. 

primarily during the "Belg" (March-May) season. The associated circulat ion 

changes appear consistent with the expectcd response to diabatic heating in the 

southeastern Indian Ocean. 

Recently, Ephrcm and Meissner [ 1401 analyzcd the relotionships bct\\-ecn NOAA 

satc llitc rainfall estimates (RFE) and Nat io nal ICleorologicaJ gene) (NMA) 

rainfall records. Thcy indicaled Ihat Ihere is hig her eorrelalion (r) during summer 

and spring seasons and \\eak correlat ion during \\ inter. The correlation values are 

higher for Ihe months \\ ith higher rainfall and Io\\cr during Ihe per iod of liule rain. 
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They a lso indicated that an in-depth study on the algorithm o f RFE is needed to 

know exactly why it shows this kind of seasonal veriation of correlat ion values. 

The good correlation between the two dataset during the ma in rainy seasons shows 

that the RFE data can be used to ana lyze the spatia l and temporal extent of climatic 

variability occurring in large parts of the country during recent decades. Finally. 

they concluded that the two datasets are we ll correlated during the important ruiny 

seasons, summer and spring. As a result, RFE images are reliable enough to be used 

fo r time ly spatK>-tempora l analyses of disasters in time characterized by wle 

inception, dry spells and early cessation of min fa I!. The analysis o fRFE images is a 

key tool for an advanced ear ly warning system in the country. Ephrem and 

Meissner [140J note that the RFE images are very useful fo r a timely showing of 

rainfall stress in areas where there are few mctcorok>gical stations. Based on tbis 

recommendat ion, the thrcc-momh SPJ ofthc current research was ca lculated from 

RFE data. 

-~- ----_ .. --.---... -_ .. ------_ ...... __ ... 
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Figure J. t: l1mc-ser~ Iruw of sU50ul ... In(.11 tOCals for Ethiopia. The four colored 
maps are the (our utegorid of ... 111(. 11 palle ... , The po'ygon mllp5 .llrt 'lOflH of [tMop'-
and the black dou I rt: nin fall puge loudon, (adopted from Vudln tilt 1591), The grtf-n 
color for the Dorth~'Hltrn part of the country I, f. lrly cOfl~I.nl over the period of rnord. 
with. dtdine in mld· l980 follo. ·ld by • graduI I reconry 10 prf:H.n 11K )'tJlow color In 
the northust put of the country show. dtt.!int since 1996. with In .venice of lOOJ, 2004 
and 2005 \'fry low. The golden (olor In the soulhtul/ellSl pari of the country ho",-, dttllne 
slnct the tatly t 980s. The red color in soulhweslh nsl put of the cou nlry shows O\'(nll 
dec:linesin« the 19605 and I sterp drop . Ru 1996. 
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3. 1. 1.2 lima Ie Indices Il:tscd Orought MonilOrifl l.( pprottc hes 

Drought indices measure the departure from the local nonn:JI condition of 3 

mo isture variable based on its historical distri bution (20) . These indices integrale 

various hyd ro logical. meteorological. c\opolmnspiralion. runoff and other 

parameters inlo a sing le number and give a comprehensive picture for decision 

mnking [20.141. 142]. 

A number o f cl imate indices arc available for monitoring drought at optimum 

accuracy for assessing and respo nding to drought incide nce. Amo ng the vArious 

indices. the 1)31111cr Drought Severity Index ( PD I) ( 14)1 and the tandnrdizcd 

Precipitation Index (S PI) [281 arc cXlcnsi\c] y used. These drought indices are 

designed to provide a concise overall picture of droughts. The)' are o ften deri ... ed 

from massive amounts o f hydro climatic data and are used fo r making decisio ns on 

water resources management and wate r allocations for mitigating the impact of 

droughts 1142J. The input data fo r these dilTercnt drought mon ito ring indices 

include precipitation. temperature. evapotranspiration. so il moisture .a nd runolT. 

These climatic indices arc brieny prese nted in Appendix I. 

Gunman (144] has compared the PDSI and the SPI and sho\\ed that the spectral 

eh.aractcristics o f the PDSI vary from site to site throughout thc United tates. 

whi le those o f the Si'l do nOt vary from s ite to site. This resea rch also sho \\ ed thnt 

the !'DSI has a complex structure wit h an exceptionally long memo ry. wh ile the 

SPI is an easy to imerpre1. simple maving avera ge process. From this finding. it is 

poss ible to conclude that the SPI is a more appropriate precipitation index to use for 

characteriz ing and validating drought from sate llite sources. 

tale and Gan lI45 1 analyzed and modified the propcnies o f three drought indices: 

the PDS I. the OM I (Ohnirnc-Mooley Index) and the SI)1. They suggested that 

prec ipit1ll ion alo ne could explain mOSt o f the vn riability o f East African dro ught s . 

Fina ll y. Nlale and Gnn I 145J indicated that among the three indices. the PI is more 

appropriate fo r monitoring East Afric.an droughts because it is more easily adopted 

to the loca l c limate. has modest data requirements. can be computed at almost any 
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time scale. provides rclmi\cly consistent po .... cr spt Ira spatially. has no theoretical 

upper or lower bounds. and is CIlS), to imerprel. 

The data inputs of the indiccs·b.1scd drought monitoring approa hes orc 

convemional meteorologica l nCI"oO:s. \\hK:h are sparse and often report "lIh 

significant delays 1146). o nscqucntly. the requirements of drought carl} warning 

have inspired crcati \ c uses of remote sensing. numerical modeling and GI to adapt 

traditional methods of drought monitoring. 

3. 1.2 I~cmotc Sensing Based I)rought Monitori ng Approac hes 

Remote sensing is thc science and an of obtaining dnta an or information about an 

object. area or phenomenon through the analysis of data acquired by a device Ihal is 

not in comact with the object. area or phenomenon under investigation (147). In 

acq uiring remote sensing data. depending on thc platforms used, there arc t\\O 

major categories: airborne rcmote sensing and space-borne remote sensing. 

Airbornc remote sensing is carried out using aircraft with specific modifications to 

carry sensors (cameras). wil h a fligh t height of 100m up to 40km 1147] . pace­

borne remote sensing is carried out using satellites positioned at orbit about 150km 

and abovc in space 1147] . This research mainly uscs satellite femote sensing 

products for drought monitoring. 

The primary interest of earth observing satcllites in an environmenta l COntcxt is to 

study the role or terrestrial vegetation in large global process \\ ilh the goal o r 

understanding how the eart h functions as a system 1148). This requires an 

understanding of the global distribution of vegetation types as \\ell as their 

bioph}tsical and struclural properties and spatial variat ion 1148J. Vegetat ion indices 

(Vis) are used to extract such information. Vis are spectraltrnnsforlll3tions ofl\\ o 

or marc satellite bands designed to enhance the contribut ion of vegetat ion 

properties and allow reliable spatial and temporal intercomparisons of terrestrial 

photosynthetic aClivity 1148). Several stud ies have been done. including Peters ('I 

al. r 149]. Lacaze and Berges 11501. Wang and Li (151). and Rulinda ('I al. L I 52]. 

Pelers et al. (149) indicated tllat reliance on "cather data alone is not sum ient to 

monit r areas of drought. pan icularly \~ hcn thesc dnln cnn be untimely. sparse. nnd 
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incomplete . The ir research demonstrated Ihat the tandardized Vegetation Index 

(SV I) is a very cfTcctivc drought monitoring approach during the grov.ing season. 

Their overall findings Also sho\~cd that Ihc VI. along "ilh other drought 

monitoring too ls. is usefu l for assessing the extent and sc\ crit) of drought at a 

spatial reso lution of 1 km. The VI is capable of pro, iding a near.rcal.time 

indicalor of vegetation condition within drought regions. and more specificnll) 

areas of varying drought conditions. 

Wang and Li [1511 developed Ihc Vegetation Temperature ond ition Index (VTCI) 

drought monitoring approach for using Terra- MODI rcOcctivc and thermal 

infrared data. and used il to monitor drought aI a stud) area in the southern Great 

Plains of thc Unitcd tates. They indicated thn! because meteorological data (such 

as precipitation and land-surface air temperature) collcctcd b) surface observation 

stations often possess poor spat ial reso lution. cspeeially in remote regions \\ ith 

difficult access and in some developing countries. remotely retrieved I I)VI und 

Land Surface Temperature (LST) data may provide a va luable source of 

information for monitoring drought. In this article, it was indicatcd that L T is a 

good indicator of the energy b.11ance at the earth' s surface because it is one of tile 

key parameters in the physics of land-surface processes on regional and global 

sca les. In this research. the concepts of NDVI and L T arc combined and expressed 

as Vegetation Temperature Condition Index (VTCI), VTCI is nOt only related to 

NDVI changes in the reg ion. but also re lated to LST changes of pixels with a 

specific NOVI value. 

Laca7.e and Berges (1 501 presented a comparison of NOVI data dcri \'ed from t\\O 

satellite sensors ( i.e .. SPOT· VEGETATION and MSG-S EVIRI) for thc "hole 

continent of Africa, Their findings suggest thai because of highcr tempora l 

frequency. MSG-SEVIRI data can be used to obtain improved NDVI products 

through better removal of cloud·contamina ted pixels. Rulinda ct al. (1 52 1 also 

proposed a validation method for the ~'I SG SEVIRI deri\ed NDVI values "jlh 

regard to vegetal ion health from grou nd obsen ation . They recommended Ih31 

DV I can rcliably be used for drought monitoring. 
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In the pas!. there \\crc '''rious effons to monitor drought u ing remote sensing 

approaches [27. 149. 150. 152. 153J. Recent]). Rulindu et 01. (27) indicatcd that 

drought can be studied ns n spatia l object. an approAch that had not )CI been 

exp lo red. Therefore. the m.:lin focus of tnc current research is in charactcriling . 

identifying and modeling drought as spatial object by using the Il\ailablc remote!) 

sensed data . 

3.2 Appliclltion of D:l ta Mining in Dro ug ht Monitoring 

Data mining is a technique Ihm uses a variety of data analysis too ls to discover 

patterns and relationships of phys ical variables [61. This technique has sho\\" 

promise in multiple diSCi plines. bringing together techniques from ma hine 

learning. paucm recognition. stalislics. dmabases. and visualizat ion 10 address the 

issues of informat ion extraclion from large databases [154. 1551. Studies in 

eco [ogical research have also introduced data mining teChniques and fo und that it is 

a powerful tool in address ing co mplex ecological problems handling both numeric 

and categorica l data (1 56). Although drought efTects 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 polenlial o f data min ing for drought anal ysis and 

predict ion. 

In data mining, a model is a high level desc ription o f a dataset Ihal can be 

subd ivided illlo two categories: descriptive and prescriptive lI57). The dcscript i\ e 

category is used for summarizi ng the data in a comenicnt and concise \\3) \\hile 

the predictive model allows researchers to make stOiements about the populations 

from which the data is dra\\n o r to like ly be future values 110). Data mining 

methods often ignore the appropriateness of the model fo r the data, namel y the 

goodness o f the fit, and usually find the best model in a l;i\Cn class of models, It is 

important to determ ine the classes of models Ihat besl fil Ihe dala. and in order to 

determine the appropriate class of models fo r speci fic data. it is important to 

understand the data 11 01. 
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Da ta min ing is pan of n la rger process called il. no\\lcdgc disco\-cr) [sscnt iall),. 

dma mining discovers pllllcms and relationships hidden within large arnounl~ of 

dnl!l. Data mining Illay be considered as nd \ ances in statist ica l anal~ is and 

mode ling techn iq ues to fi nd use ful patterns and relat ionship (l58J. Data minmg 

algorith ms arc also useful fo r data automat ion that is des igned to allow users to 

creale inte llige nt datascis by discrctizing o r convert ing data from man) fo rmats into 

compatible and user frie nd ly formats. This process ofllutOnl.'llion makes it easier to 

C.\{CC UIC different functions of the a lgorithms for the desired output \\ IIOOu l human 

interference and within a relat ivel y short lime. Thus. data mining loo ls can ans\\ cr 

questions thm traditionally were too time-consuming (0 reso lve . These too ls search 

dma bascs for hidden patterns and fi nd predicti\e information that experts rna) miss 

because it lies outside thei r expectmions. 

Recent developments in comput ing havc provKfcd thc bas ic infrastructurc for fast 

data access as well as Illon y advanced eomputm ional methods fo r cxtr:lct ing 

information from large quantities of d.:lt:l . These developments have created a ne\\ 

range o f problems and challenges fo r data anal ysts. as \\ cli as new opportu nities for 

inte lligent systems in data analysis. According to rtlCariing [1 591 . data mining 

tec hn iques arc the result of a long process of research and product development. 

Thearling (1 591 indicat ed that this evolut ion began when business data \\cre fi rst 

sto red on computers. continued wit h improvements in data access. and , mo re 

recently. generated techno logies that allow users to nav igate through their da ta in 

real time. Data min ing takes th is evolutionary process bc) ond retrospec tive data 

access and navigation to prospective and proocti\ e info rmol ion delh er). Data 

mining algorithms represent tcchn iques that ha \e recentl) been implemented as 

mature. re liable. understandable tools that arc consistently outperforming o lder 

slalislica l methods in co mmercia l appl ications 11 59J . tudies by Bigus (l 601 a nd 

Ca bella ct al. 1 J 541 show that data mining too ls ca n a lso be used in predicting [uture 

trends and be haviors. nllowing businesses to make pronctive. koo\\ledge-dri\cn 

dec is ions. Similarly. data mi ning algorithms and model such as decision tree . 

assoc iat ions. clustering. class ificat ion. regression. sequent ia l p.:m ems. and time 

series fo recasting ha\c the potential to identif) d rought pattems and chnmcteristics 
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[691 · For example, lime series data mining can be applied in monitoring paucms of 

drought CVCnlS. 

One of thc challenges in understand ing drought is Ihc large \'olume of data for 

numerous clinuuc and hydrologic variables and indices. and the \ariel) of spatial 

and time sca les fo r \\hieh these data exist. Data mining is a technique 1001 might 

help so lve this problem. improving drought moni toring b) identif)ing spatial and 

temporal patterns of drought characteristics (691. [I is a recent tcchnoJog) with 

great potent ial for identifying Ihc most importsl11 informllt ion in databases. The 

information that can be der ived 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 dato mining increase efficiency in 

decision making and allow decision makers to make optimal choices for planning 

and preparedness. These too ls arc use ful for proactive management of droughl and 

improving the reliabilit y of drought predictions l69J. Past studies on this doma in 

include Tadesse ct a1. [69. 70]. Rulinda [26]. and Rulinda eta1. {2 71. 

Tadesse el 31. 1691 assessed the relationships belween oceanic/otmosphcric indices 

and drought. and identified the drought episodes \\ ithin a certain time lag of the 

occurrences of oceanic and atmospheric indices so that the product could be used 

by decision Illnkers in Ne braska, USA. In this study. the use of dntn mining 

tcchniques is introduced to find associations between drought and seventl oceanic 

and climatic ind ices that co uld hclp users in making kn wlcdgeablc decisions obout 

drought responses before the drought actunlly oc urs. They used 1\\0 time-series 

data mining algorithms to lind the relationships ofdrought and oceani atmospheric 

indices by considering time lags of their occurrences. These algorithms are the 

Representative Episodal Association Rule (REA I~ ) and the Minimal Occurrence 

With Constraints and Time Lags (M WCATL). The REAR algorithm converts the 

lime-series data into discret e representat ions ond generates ossoe iation ru les. The 

pre-processing of the time-series data fo r the REAR algorithm begins by 

discrctiz ing (segmenting into groups of reco rds) lhe dala. 
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In nnOlher slUdy. TadeSSt ct nl. (70) int roduced n prototype \c@et:tt.,n 51rc map 

called VcgPredicl that depicts \-egeunion conditions sc\eral \H~eks in advance and 

demonstrates the potential usc of data mining for drought rtSC3rth In thi) stud>. 

they present a data mining approach to modeling vegetation stress due to drought 

and mapping il s spat ia l eXlent during the gro\\ ing season. Rule-based regression 

tree models 3rc generated to identif) rtlntionship5 bct\\ccn salellitc-deri\ ed 

\j~geltnion conditi ns. climatic drought indices. and bioph)sical data. Including 

land-co vcr type. available so il water caputit). percent of irriglued fann land. and 

cco logicallype. The data mining method bui lds numerical rule-based models Ihal 

find relationships among the input variables. 

In Tadesse ct al. 169. 70). the focuses \\ere In using data mmmg tools for 

integrat ing drouglu-related aHributes. such as \egelation stress, climnte and 

biophys ical data . lind relating Ihese datasets to sntell ilc images. There ,\-ere also 

other etTons in appl ying image min ing tcchniques 10 the huge datasct! available 

from different sources. These include Rulinda l261 and Rulinda ct al. 127). \\ho 

introduced the usc o f image mining for drought mOdeling. 

Rul inda [26] developed a fra mework thnt lIses image mining techniques to rnonilor 

drought by considering bOl h vegclation stress imensit) 000 dUrnl K>n. In this 

rescnrch, after the data was acquired . the NOVI dc, tations values \\ere ca l ulatcd 

for each location of the stud y aren. and 11 funct io n \\as se lected to chnrnctcri7.c 

drought severity ove r space. based on vegetation response. Then drought pixels 

were defined lind extracted from the nonlYlcd images. One of the rc arch 

limitations ide nt ified by Rulinda 126) was that their study \\3S conducted based o n 

pixel-level ana lysis and remained al low infonnni ion level. It was further 

recommended that the pixel- level definition of Objects be replaced by a higher 

Object-based level for faci lilat ing process ing tnsks nnd interpretation ofresuhs . 

In nnothcr study. Rulinda CI 01. (27J attempted to impro\t~ tile: earl)' deteclion of 

drought using {vi G EV IRI dala in eastern Africa . The) used an image mining 

approach to handle thc large Amount o f data used in Ihe processing of houri) NOVI 

imngcs 10 obtain drought indicntor metries. fhey also recommended that II next slep 
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in drought n dcling is to dc\'e iop an nppro3ch focusing on spalial objects. To do 

so. objects have to be ooilt from collected images. 

3.2. 1 ANN for I)roughtO bjccll'rcd ictio ll 

ANN is an info rmation processing paradigm that is inspired b) thc \ ... 3) biological 

nervous systems. such as thc brain. process information (1611 . The human brain 

prov ides proof of the ex istence o f massive IIcurol networks that can succeed aI 

those cogniti ve, perceptual, and control tasks in which humans are sucees fu111621. 

Th is 1l3IUroi behavio r of bio logical neurons led to thc derivation of a oo\cl structure 

of Ihc in fo rmation process ing system in a computing environment. II is composed 

of a large nu mber o f highly interconnected processing clements (neurons) \~ orking 

in uniso n to solve spccillc problems. ANNs. like people. learn by exa mple 11621. 

The main o bjective o f ANN-based computing is to dc \'clop ma thema tical 

algorith ms that wil l enable AI Ns to Icam b) mimi king informat ion processing 

and knowledge acquisition in the human brain 11321. ANN-based models are 

emp irical in nature: however. they can prov ide practicall) accurate so lutions for 

precisely or imprecise ly fo rmulated problems and fo r pheno mena tha t arc only 

understood thro ugh experimental dat a and lIc1d observations. 

As hish et at. 11 63 1 noted that ANNs are compu tational mathematical modcls that 

cillu latc some o f tile observed propcn ies of biological neuml systems and draw on 

thc analog ies o f adapti ve bio logica l learning. An ANN is composed ofa number of 

interconnected process ing elemcnts that are similar to biological neurons. These 

processing elemcnts arc joincd by \\cightcd connections that are analogous to 

synapses in the huma n brain. 

Abraham (1 64J ind icated that there are two approachcs that can be uscd to 

conllgure the neura l networks so that the application of sct inputs produce the 

desired set of outputs. These approachcs in\ oh'c cither selling the \ ... eights manuall) 

or leaching the neural network 10 learn ccnai" patterns. The laller approach is the 

most commonly uscd . and the network \carns the pattcrn by itself nnd accordingly 
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updates its weights. Abraham [164) further noted that at a high It\d. the tasks 

performed using neural nCI\\orks can be ci05 ified as those reqUiring supcr-.iscd or 

unsupervised learning. In supervised learning. a tcacher is ll\ail3ble to Ulchcatc. 

, ... helher a S)SICm is performing correctl). to indi Ole a desired responsc, to \a lidrue 

Ihc acceptability of a system's responses. or to indicate the amount of error in 

system performance. This is in contrast \\ith unsupcf"\iscd learning. "here no 

teacher is available and learning must rei) on guidance obtained hcurisllcally b) the 

system examining different s.., mple data or the environment. concrete cxnmple of 

supervised learning is provided by classificlltion problems. whereas clustering 

prov ides an example of unsupervised learning. I3ccau of the nature of the 

problem to Ix so lved by the current research. \\hich is the prediction of drought 

spatial objec ts classes (severe drought , drought. ncar normal and abo\ e optimu m). 

the supervised learning method is preferred. upcrviscd learning in an AN 

typically occurs by example through training or exposure 10 a known SCI of input 

and corresponding output data. The tmin ing algorithm adjusts the connection 

\\-e ights through an iterative procedure in which the error is minimized. 

Usually. the b.1ck-propagalion algorithm is used in la)ered feed-fornard ANNs 

1162]. Rumclhart el al. [1621 further noted Ihat the artificial neurons arc organiled 

in layers and send their signals fornard. and then the errors are propagmed 

backward. The network receives inputs by neurons in the inpul layer. and the output 

of the network is given by the neurons on an output layer. There may Ix one or 

more intermediate hidden layers. The back-propagotion algorithm uses supen. ised 

lea rning. which means that the experimenter provides the algorithm \\ ith examples 

of the inputs and outputs thaI the nCh\ ork is expected to compute. and then the error 

(difference between actua l nnd expected results) is calculated. 

1)051 research. slIch as Bischof CI 31.[ 165 1. Paola and dlO\~cngcrdt (1661. Blackard 

and Dean (1671, imudcl (16 I. and Ashish ct a1.11631. h:l sho" " Ihc superiority 

of ANNs to some oC tne classical statistical methods in \arious problems. in hiding 

classi fication challenges. ANNs are commonly used for segmentation and 
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class ilication purposes nnd are recommended fo r proble ms \\-here data di\ crs it) IS 

large [169 [ or complex [170[. 

Kumar ct 31. 117 11 indicated thaI ANN i recommended for three reasons. fi n:l. the: 

applicat ion of .. ncura l nct\\ork does not require a prK>n kno .... ledgc of the 

underlying process. Second . all the (:,l( i511n8 omplex re lat ionships bcl\\cen \a,;ous 

aspeclS of the process under imestigat ion need no t be known. Third. A S are data 

driven when compared to com cnl iona l approaches. "hich nrc model dri\C~n . 

Furthermore. Kumar c\ a1. [17 11 noted Ihilt ncu rn ! nct .... orks offer stH:ral 

adva ntages over conve ntional approaches. The most important aspt.'Cl is their abilit) 

to develop a generalized so lution to a problem from a gi ... en SCI ofc\:omplcs and 10 

combine and adnp\ to changing circumstances \\ ilh exposure to ne\\ vorituions in 

the problem. This atlribute of gc ncraHlation permits them to be appl ied to II \ar iel), 

of problems and to prod uce valid so lutions even \\hen there arc errors in tmining 

data or in the descr iption of the problem. For these od\o ntoges. the A models 

were used for exploring OrolightObject monthly predict ion in the cu rrent research. 

I)ast researches. sllch as Kim and Va ldes 1172). Mishm and Desai (62). Morid et nl. 

11 731, and Morj and Meijcrink l1 741 used A I for modeling and predicting 

drought. 

Kim and Valdes P 72) presented a conjunction model in order to impro\ e forecast 

accuracy for reg ional drought s. In their research. the proposed c njunct io n model is 

based on dyadic wave let transforms and neura l IlCI\\ orks. Neural net\\ orks h3\e 

shown great abilit y in model ing and forecasting nonlinea r and nonstat ionar) time 

series in a water resources engineering. and \qwe let transforms pro\ ide useful 

decomposit ions of an orig inal time series. The waveleHmnsfomled data aids in 

improving the mode l performance b) capturing helpful inforrrot ion on \orious 

reso lut ion levels. Neural nct\\ orks \\-cre used \0 forecast deeomposcd sub·signals in 

various reso lution levcls and reconstruct forecasted sub.s;gnals. The perfo rmance 

oftbe conj unction model \VIIS measured using various forecast sil.jIJ criteria. 1ncir 

results also confi rmed that the conjunction model significantly impro\ es the obilil) 

of neuml networks for forecasting the indexed regional drought. 
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Mishra and Desai (621 compared linear toch:lSl ic models. r teUfSl \ C mull I-step 

ncural neh~ o rk aod direct multi-step "eurnl IlCt"Ork for drought forecasting Their 

models \\ ere applied to forecast droughts using standardlLed prec ipitat ion mdex 

(SPI) series ns drought index. The result s obtained from their models shcm that 

rec ursive mult i-step approach is beSt suiled for one month-a head predl l ion . Whe n 

longer lead lime of four mo nths is considered direct mult i-step neural nct" or~ 

approach out pe rfo rms recursive mu lt i-step and 3ulorcgressh e mo\ ing IlH~rage 

models. They also showed that the per formance of thc Iluloregrcss ive moving 

average mode ls provides good result up to t", a -month lead lime but inferior in 

comparison to direct multi-step ncural network npproa h. 

Morid et al. [1 73 1 examined the ut ility of A approach for med ium and long-term 

forecasti ng of both the likelihood of drought eve nts and their SC\ crity. The ind ices 

used for the ir research are the Effect ive Drought Index (EDI) and the tandard 

Precipitation Index (S PI). The forecasts Arc ancmpted using diITercnt combinations 

of past rain fall. ED I and sri drought ind ices in preceding months and climate 

indices, such as Southern Osc illat ion Index (SOl ) and North Atlantic Oscillat io n 

(NAO) index. A number of different AN I models for bo th EDl and PI \\ ith the 

lead times o f one to 12 months hnve bee n testcd at sc\ cral minfall ull ions in the ir 

slUdy area . The structure of the mode l inputs (previous min and drought indices) 

docs not vary wit h the lead timc. which mnkes the models \cr) conven ient for the 

operationa l purposes. They rccommcnded that their final forecasting models can be 

uti lized by drought early \\ arning systems. 

Marj and Meijerink 11 741 related A forecast of DVI with (\\ 0 climat ic s ignals b) 

using ANN analys is. In their rcscarch. the npplied ANN is a feedfomard multiple 

neura l network. The input s of the model arc thc climatic signals outhern 

Osci llat ion Index ( 0 1) and Nort h Atlantic Osc ilhn ion 0 ). In order to forecast 

DV I with ANN. the norma l method "as used for the recent pedod. and for 

eva luation. the 111O \' ing window mcthod was used for a longer ( 18 )ears) period. 
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Their result s sho\\ed thm in spring. 0 I can be pre(httcd using AV,. "'llh the 

input orsor nnd AO indices or lhe preceding (one )car) spring pc:r;od. 

3.2.2 l~ cgrcss iO Il Tree for l)l1Jll g h I Obj~1 Pretliction 

Regression Iree performs induct ion b) means of an cOicicnt recurShe panl\ioning 

algorith m (175]. The cko ice of the test at each node of the tree is usual!)' guided by 

a least squares erro r criterion. Regression trecs obtain good prcdicli\c accuracy on 

many do ma in s. and they pro vide interpretable models of Ike datil and tune 10" 

computatio na l demands (bOlh running timc and storage requirements) (1J7. 175. 

176]. 

Classi fication and regressio n tree (CA R'I) anal) sis is an increasing I) popular form 

of statist ical analysis avai la ble thro ugh wide ly used stat istical package (176-1781. 

Lawrence and Wright 11761 no ted that CA RT operates b) recursi\tl) splitting the 

data until cnding points or term inal nodes art achicved us ing presel criteria. ART 

there fo re begins by analY'£in g all explanatory variables and determining \\hi h 

binary divisio n o f n si ng le expla natory variable best reduces de\'innce in the 

response variable [176. 177\. For each pon ion or lhc dam resulting from this first 

splil. the process is repeated. continuing until homogeneous teoninal nodes are 

reached in a hierareh icaltree [176\ . 

Lawrence and Wright [176) described thc result of the C/\ RT analysis AS a 

dichotomous dec ision or c lass ification tree. Ench palh through thc tree. defined b) a 

series of dichotomo us split s. specifics thc conditions that lend to n most prob.,ble 

class. The tree. there fore. might be vic\\cd as a series of rules that can be used for 

unknown observat ions to predict likely class membership. CART also pcrfonnc:d 

we ll in drought prediction nnalysis (71. 72[ . 

Brown et a1. [721 used regression tree in CI\RT to 3nalY/e the historical data in the 

training database and gc nerntc the three seasonal. rule-based. piece\\! c linear 

regression VegO RI models. The rules and instances option 3\oill1ble III ubist \\cre 

utilized for their model de velopmenl. The Cubist models are composed of an 
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uno rdered sct of ru les. \\ ilh each rule: ha' Ing the 5)111"'. " if'( concilllons .rc mel 

then usc thc associated linear regression model." 

Tadcsse CI 31. l71 J used regression tree in ART to 18 )C3rs orhislOrttal dtuasct in 

the (mining database fo r each of tke targeted. seasonal b.-",ccks anal) IS of VcgOul 

model. In VegOul Ihe regression tree " as used 10 analyze the historical daul in lhe 

trai ning database and ge nerate ru le-based. piecC" isc lincar rc:gression models for 

each biweekly period. In their research. the reg re sian tree alg rithm in ART 

performs a binary, recursive panilioning process that splits the initial sct of troining 

observatio ns (rool or p<trent node) into twO child nodes that each contains« subset 

of morc homogeneous tra ining observations. This process is repeated. funhcr 

subdi viding Ihe tro ining data into pa irs of child nodes until the panitioning process 

is tenllinated by user-defined criteria . Th is algorithm produ cs a series of rule­

based models from this panitioning. Each rule set has a corresponding mu it i\ ariatc 

linear regression equation that can be used to predict the target \ alue. Tadcssc et al. 

1711 also described that the rcgression tree models in their analysis can account fo r 

nonlinear relationships between predictive and target \tu iobles through a $Cries of 

regression equ3tions assoc iated" ith different rule $Cts. 

In DroughtObjccl modeling and prediction. regressio n tree models \\crc used as 

whil e-box theoretical modeling. following ANN DroughtObjecl cxplonuion and in 

the actual monthly predictions. The rules genera ted from this anal)sis \\crc 01M) 

implemented on Mapcubisl software for pattern rI.:cognitions and spatinl anal)5i5 of 

the DrougluObjccls. 

3.3 Existing Drought Monitor ing In ro rlll ~ 1i o n YS1CI11 S 

The purpose of th is subsection is to assess the currently 3\ailnble drought 

monitori ng information systems and prese nt some reL'ued works with n focus in 

coming up with nn efficie nt drought carl) \~orning inforlll3tion s),stcm 1 he nlOst 

related \\ orks \\ ith this PhD research include U .. Drought \Ianitor (U 0 \1) (179). 

Vegetation Drought Response Index (VcgDRI) 172). Vegetation OutlooJ.. (VegOul) 

f71!. Drought Mitigat ion I ecision uppon )stemof A (180). Earl) \\ «rnmg 
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Information systems in outh J\(rica. "amine [" arly Warnmg ) tems .... C'I"or~ 

(FEWS lET) 1451. and Early Warning and Disaster Rr k !onila ring O.rectonuc of 

Disaster Risk Monngemcm and Food CCUril) ctor (ORMF ) ofElh iopUll1811 

The US OM is produced in pannership with numerous a~cncics In Iud lOS \'01\1\ . 

thc U.S. Department of Agriculture. nnd the alional Drought \I itigation cnler 

(NOMC) [1 79). \ oboda ct al. [1821 described that the 0\1. operational since 

1999. is deve loped using a hybrid approach thai considers a number of \ariablcs 

such as short- and long-term cli rna tc-based drought iodi !lIars. hydrologic indices. 

and remote sensing in fonnalioll. The USDM map provides a general assessment of 

drought cond itions across the nalion. The OM map is updated ,""eel"!) and has II 

spatial reso lution at the Dpproximate sca le of a climate division. limate dh i io ns 

Arc ad ministrative construct of the NOAA that can Hlf) in area from tens to 

hu ndreds ofkm 2 across the contenninous . . The coarse spatial reso lut ion of the 

US DM limits its lIlility fo r drought response nnd mitigation at a more Ioealilcd 

leve l. The US DM maps nrc released althe website Imp;/Idroughuuo njtQr.uol,c;dy. 

To overcome thc spat ia l resolution limitations of U DM. VegDRI has been 

introduced in 2006 11 79) fo r U.S . VcgDRI is based on monitoring drought-induced 

vegetation stress 172) . VegORI integrates traditional climate-based drought 

indica tors and satell ite-derived vegetation index mctriC5 \\ith other bioph)sical 

info rmat ion to produce a I km map of drought condit ions that can be produced in 

nca r-real time. The fesults from this product demonstrate that more spatially 

detai led drought pauerns eAn be characterized and monitored in the I I..m VegDRI 

maps. compared to the commonly used USOt\·! map. This provides more loca lized 

drought info rmation. \\hich is currently at a count) to sub-count) scale p2. 179). 

VegDRI product is being released al the \\.ebsite 

hltn ;/Iwww.drougln,unl.cdu/MonitoringToolsIVcgDRI.A'\[l:S . The Ilmitat ion of 

VegDRI product is that thc info rrnlltion is being released at ncar real-time basis and 

the information is at pixel!cvel (low information !c\-el) . 

The other drought product for U .. is egOut. Veg ut tool pro\idcs accumte early 

warning drought prediclion [71 J. cgOul integrate climate. occanK:. and S3telllte­

based vegetation indicators to identify histOrical patterns bct\\ccn drought and 
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vegetation conditions indices and predict (ulUre \cgctlllion conditions ba.Kd on 

these patterns al multiple lime sleps (two. four and si'H"ce~ outlooks) (681 . E,en 

thought, the tool is looking inlo Ihe (ulUre and has prediction capabilit) of the 

futu re drought cond ition. the s:lme as VegORI product. the: information is produced 

al pixe llc"cl (low information Ic\eI). 

Drought Mit igat ion Dec ision Support ySlcm of NA A is producing an integrated 

system so lution (IS ). \\hich is designed to incorporate the: A A earth science 

model. G lobal Modeling and Assi milation Omce (GMAO). c limate and hydrologic 

prediction models. and decision analys is modules into the Drought Monitor­

Decision Support System (OM-OSS) L180 1. The main objcclh'c ofDM-D is to 

develop seasonal predictive capacity ror the Drought MonilOr·Dccision upport 

System (DM-DSS). using Earth sciencc models Bnd s:uell itc produ lS. An extended 

rramework or this too l is presented in Figure 3.2. This 1001 is under dc\clopmcnt 

and it is not possi ble to gCt detail inro rmation. 

Early warning inrormmion systems in SOllt h Africa uses decile rainfall. the water 

smisfaction index (WSI). thc NOA A ormalizcd Di ffe rence Vegetation Indc'( 

(N DV I). and other crop- and rangeland·based models for their drought carl) 

warni ng information. Their drought early \\arning system remains dormant until the 

nccd ariscs mainly due to limited resources :nailablc to run the system 1183). Thcre 

is lack of intcgratcd tool and coord inat ion between the inslitulKms in\-ohtd in 

South Arrican drought mo nit oring info rmat ion system (1841 . 

13 



• 
• 

• 

• 

3. Relaled Work 

hnh $JIIl1- M.4. 
1,._ ....... ....... 

(1) a. ..... , 
m ......... .......... 

C ..... l ..... O ... 

ttl c-, DS .. .,.. 
'"-

I"'K.r~. 
MOOIS,OMJrO 
hrodcM:~I" 

',.. ...... 0....., 
NnIIc:w.I:~ •• 
s,..c_ ....... 
MOOIS. NlCSSrdeI .... -
• $ • «m..,. IItOOIS 

,'-..e_ ,- " ....... 
'­'-... _­--( .......... Il0l, 

~s . _ae.-• ,--• S~.er 

' 0--(.,1ft II Iht MbOnaI 
ale 'Mlh rtfntd 
~fONQII" 
-01) 

, ........ __ l...=== 
...... Of(,trCf 

..... 
t::'r.~ 
'o..qc~, -• ....... c ... ___ --­kid •• """' ....... =-...... .. h ...... --·It ........ ~ ., ..... ~ 
.0... ........... . --,-...... _.e 
0.".", • EHl 

• ....... SWAl .... 
.... 1IIIIiW\ WIIIlIiD~ 
--...". ......... -·C_ ....... 

VIItw 1 8 • ..-.. '* Sed., .. -­.----,.".. ---

, 5 , .. __ 1.-_ ....... 

t-lgure 3.2: An ntudtd drought mooitorlng Oi'I' -OSS rl'1lnltwork of 'ASAII 80J. 

Famine Early Warning System Network (FE WS NET) produces drought 

monitoring products fo r Ethiopia. FEWS NET was slarted in 1985 [65] , after the 

worst drought in Eth iopia (661- The FEWS ET data ponol provides access to 

spatial data. satellite imagery, and other data and grophic products in support of the 

FEWS NET activities in Eth iopia and other African countries (185]. The limitation 

of FEWS NET product is the coarse reso lut ion of the products. FEWS ET 

products are being re leased ,he website 

h!lp:llwww.fews.nct/pageslcoulll fy.aspx?gtFct. FEW NET for Ethiopia is ck>sc ly 

working with Ethiopian government, specifically DRMFSS. 

DRMFSS has one directorate, which is responsible for the general management and 

overa ll coordination ofille: early warning disaster risk monitoring and response to 

d isasters at nat iona l level. Tne directorate works in co llaborat ion with regiontll, 

zonal and worOOa (d istr ict) leve l offices. The offices arc o rgnnized under Bureaus 

of Agriculture at regional levels with similar SCI ups al 1.91\31 and wortdD levels. 

The case teams under the d ircclorotc use LEAl) (Livelihood, Ethiopia, menl, 

Protection) software for drought episode assessment in coordination to World Food 
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Program (WFP) 11861· LEAl) so ft""ore products can gtH I general gUIde 10 rcal. 

lime drought moniloring Dnd nol )1:1 evaluated using ground obscr\ ~ui()n d'UG 

(perso nal commun ication at WFP in 2012). DRMf S drought carl) .... armng 

products arc being released III the \~cbsilc bIUV" ........ ,d[lns ~O\ C1 Pagnm3p"'.blwl . 

Tobie 3.1 presents Ihc summar) of the currentl) a ... oilablc drought monitoring 

informa tion systems. This table is presented .... itk the focu on presentmg the 

limitation o f existing systems for drought monitoring. \\hich lead for the current 

l)hD resea rch. 

Table J .l : Surn mary of n isli" g drought moniiOrinl: A rrroor.h~ Ind thei r limiullion, 

" r ... ~l i nt: S»I~m A~ h"" 'f"""b U",lbl ku., 

I USD\! il791 The .... p PfO",dd • cmonl · c_ 'f'ItaI ,~IItJM • .- IAWO""'tc IQIc 
U$C$J.I!ImI or drOllJIII condllJOllJ 0" cI __ d"'''-I~.1iIIoNIImb .. tta.l, 
ICJO$lI tilt rl¥lIOIIIN ba, I · TlItC1llnC _gJ Ic.:I~ofthc t '0'" 1_ 
Irmpan.' luolvllOl'l of _ """" Itt II1II., ((If "'lI't reI~ IIId 11111'...- Itt I 

_Iocaltll:d !od 
1 VelORI !12J RrIIl lillie 111011&111 nclllllOnIIl · r. J'j"etII CIU\pIII lUI ",\d Ic>d lin ... 

IIIfOl_llOII <0_) 

· rhr rnCIIld "'I. IIDl ,...Iuaatd 11\"" POlIno! 
f\t.tc".UOIIIMIi 

J VcaOlIT 171 J 51~ .... neb 1II000Iht 1II1:lb~ · The ry"Un ""\pilI lUI pncf lcod (In ... 
IIIrllf_UOII c(lllt.Cl'It, 

· The -set "'u_C¥lllIMCduWl' ..... no! 
.w-'1I111W1 doll 

• """ ... Scuonal pt'tdu:l"cQr-clty lox 1M · 'lIII )d tuftaICINJ WIld. 11_ pouoblclO Id 
"hupuon Dr-ouah \l0I'I1!0f·1)n,;1_ SIIfIPIl" b.1 "'01 __ 
I)mSUJII 5",-""," Sys,,:m (O\I ·OSS), USlIII Earth 
System of ~AS'" tclft\Ce mcw.klundSilICnllC 
iiSo, pt'oOuClS , FArly "'lImlll, I'ro\lde drou&lll onforlllluon .. tot" The IIlk1rm1!1011 II 11M COIIt_I'" .. 1Jla1ok for "'-' 
Infl'lmlauon \lie n«1i lntc and hence IKl of comrIctc I!!ror __ 
systems I" Soulh 
AfllcaI18l,U41 

, H:WS ~I:'" r4S1 J'hc II\.\.'S ~fllilll pon-aI 1hc H", NI T fII~ It. __ .... 1""'4111_ 
pro~Hkt. I"':CSS 10 .UI' dati. 
j;jIlclhlc ,_I"" .• ..t DllIeI daQ 

and &nIpllle plodur;. 

7 DRMFSS[IIIJ The ollkes IIJt1; I.EA., IIOft"atc 10 I.lAP draup. 1IION1 .... "1 produa "" .. ~at..awo 
jlrOduQ: rotl-u1l'lC .to\l"" IIC'CfIf) -..ound~_" 
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Chapter 4 Materials, Method and 
Analysis 

4. t Introdu ctio n 

From thc IWO research parad igms (behaviora l and design science) 1187. 1881 in 

info rmation systems, this PhD research cmplo)cd the design sc icnce parodigm "ilh 

an exploratory research approach. This is because tnc research "as mninl) focused 

on ex ploring, idc llI ifying key att ributes. ond investigat ing possib le rchu ionships of 

the ide ntified attributes wilh DroughtObjccl for its impro \<cd h:mlclcrv.atKm and 

mode li ng. 

The met hod employed fo r Ihe cxplorlllory imcstigntion of Drought bject was 

mode ling. As de fined and described by Jenkins f 1891. modeling is a d osed 

dctcrminislic system. in \\h ich a ll o fl hc independent and dependent \ariablcs arc 

known and included in thc mode l. The rcaso n ro r selecting the modeling r~arch 

approach was Ihat drought by its nBlUre is vi rtua l (i.e .. it is not a physical 

phenomenon that can be obsc n cd on the actual ground). In th is kind o r scenario. 

so me attributes (such as lac k o r precipitation) h:1 \ c to be u$Cd ror its 

characterization and representation lIsing scie ntifi c model ing nppron hes. T his 

representat ion has to usc some mathematical rcpresentation o r modeling [1891. In 

model ing DroughtObject dependent attributes using the identified kc) independcm 

attributes. a regress ion data anal)'sis tech nique ([ 190. 191» "as used. 

Us ing the exploratory research approach and modeling research met hod. diffcrent 

data co llect ion and an3 1) sis tcchn iques \\ ere emplo)cd "jlh a KDD approac h. This 

chapl er prescms the KDD process ro llo\\ed in ext racting drought inrorm.'u ion rrom 

snte llites. 

KDO has clead) de fi ned steps and procc5se~ (1 92) . In Ihis stud) . tm:sc SICPS " cre 

div ided into rour : I) dma selection. 2) data pre-processing (" hich inc lude5 dtHa pre ­

process ing and transrormation). 3) data mining (includ ing inlcrprC:llllion). and 4) 
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knowledge construction riO] . Each of these stcp5 is dLagrammaJ ically prtSCnced in 

Figure 4.1. 

0. .. 

Figure 4.1: 1\1 l1jor steps I .. KDD for linding pi llern, from dl tl (i da ill td from 111..,111 01'1 111)21), 

4.2 Study Area 

The study area for this research was Eth iopia. Ethiopia occupies the inter;or of the 

Hom of Africa, stretching belween 3° and 14° 

longitude, wilh a 10Iar area of 1.13 mill ion km2 [193). 

latitude nnd 33° and 48° E 

Eth iopia is located in the tropics. and variations in altitude htave produced a vnricty 

of microclimatcs. 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, 

annua l prec ipitation ranges from 800 to 2200 mm in the highlands (> 1500 meters 

above sea leve l) and varies from less than 200 to 800 mm in the lowlands « ISOO 

meters above sea lcvel)I66, 193]. Rainfall also decreases northward Md east\\o'8td 

from the high rainfall pocket area in the southwest 1661. 

4.3 Sampling Seheme 

The sample frame for th is research was determined based on the spatial reso lut ion 

of Tropical Applications of Meteorology using alellite (TAM A1) rainfall dBla. 

This was used because agricultural drought is highly related to the mmount of 

57 



• 
• 

• 

• 

4. Malerials. M~lhods and Analysis 

precipitat ion. TAM AT data has Ii spatial resolution of IOkm. )lng Ihl sp31131 

reso lution. a total of 11261 pixels co\(~r the spatial c~lcnl ofLlhlOpia 

For selecting the appropriate samples. difTerent sampling schemes. pc:cificall) for 

nna lYl. ing remote sensi ng data II .I I. were rcvic .... cd The rc\ic\\cd mphng 

sc hemes were systemat ic sampling r 194. 195). simple random sampling (194). 

stratified random sampling (196) and clustered sampling {194. 197). "hich " ere: 

frequently used for remote sensing data in the past 119.' . 198. 199). From the 

reviewed samp ling schemes. systematic sampling was found to be rc lc\lI.nt. Thi is 

because of the nature of the remote sensi ng data used in this research. All the 

biophys ical. climate and satellite data \\cre originally acquired \~ith regular grids. 

and there was no possibilit y fo r stratification and clustering of the: different 

attribu tes. 

i 

- , 

Legend 

~tPont. 

D Zonllu.p 

• 
~ -

I 

i 

i 

.... igure 4.2: 1\1 111 sho .. ing Ihe dis l ribul ioos or Ihe 28 12 -'lI mllte poin l-' in f:'hlopl •. 

Using a systema! ic sa mpling appronch. the sampling points ~crc paced at a regular 

intervals over the study area . From the 11261 pixels co\ering all of Cthiopia. 

starting at the north comer of the count!'}. c\cr) other phd \\a selected for the 

current study. Here the assumption was thm these pixels can capture the maximum 
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information from the heterogeneous ecos)'Stcms of Eth iopia 11us hat rt'suhcd In a 

total or 28 12 sample points o\cring the "ho~ eountr') (Figure J ,2) . Th is means 

that one observation was sampled for almost c\ery 20km distance, and thl can 

capture heterogeneous elevations. land to\crs. ceos) tems and soi l type: of 

Eth iopia. 

4.4 Attribut e election a nd Oat.1 Analys is 

To idem iry the most relevant attributes for drought monitoring. detailed rc\ ie\\ 5 or 

past research and document analysis o r possible sources or qualitathe evidence 

(both direct observations or drought monitoring institutes and archhal rtcords) 

were conducted. Currently. hundreds o r allributes arc a\ailable ror drought 

monitoring (Appendix I). To select the most relevant allributcs. two critcria wcre 

used: I) ava ilabi lity of the att ribute for modeling (cost or afTordabilit» . and 2) 

relevance for agricultura l drought. In all or the selection process. the auributes 

selected wc re the ones that arc rrecly available ror experiment from different 

nmional and internat ional organizations. 

The general idea behind att ribute relevance analysis here is to a mpule some 

measure Ihat is lIsed to quantify the relevance of an allribule \\ith respect to the 

concepl o r drought modeling and monitoring. ueh measures include informat ion 

gain. gini index, uncertai nt y. and co rrelation coefficients POOl. There ha\c been 

many studies in machine learning on attribute relevance analysis (6. 200·2021. In 

this research. the potcntial attributes were identified from past studies. nnd then the 

dala values of these potential attributes \\ere extracted for modeling drought 

episode. In this experimenta l analysis. Standardized Dc\ iat ion of Normal iLed 

Difference Vegetation Index (SDNDVI) was selected as dependent variable. This 

variab le was se lected ns dependent \ ariable because NI VI can capture agricultural 

drought with opt imum accuracy in the past 149. 71. 72. 149]. All the datn obtained 

from the potential attributes \\cre iterati\ely se lected and stat isticall) testcd for 

their relationships to the dependent attribute. For this sln,i tical e'p lornl io n. 

Ordinary Least Square (OLS) \\ns used (equation I). The: c~perimcnt \\as 

implemented on ArcGI 10 [2031 and i\ latlab soft\\are Version 7.9.0 (204 ). 
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J'ms ="0 + L a,x,. +e, , 

\\here Y",s is Ihe Droughl bjcCI . 00 is the intercept. x .. IS the \alue or lhe 

predictor va riable. a, is the coemcicllI for the prediclor \adable. and t IS the error 

After ident ifying the kc) attributes for DroughlOhjcct modeling. delA.led 

exp loratory analyses were conducted for understand ing the rclat ;on hip of these 

variab les to SDNOV I. Linear regression analysis senner plots "cre used to examine 

the relationship of the idcmHicd auribulcs with DNDV I. Emphasis was gi\cn 10 

the strong re lationship between Ihe identified kc) variables and the dependent 

variable (SDNDVI). During these Ilnal)scs. variables that \\cre redundanl :md had 

non-significant relat ion wit h the dependant \'!lriablcs \\cre excluded. Experiments 

were also done on the different models fo r their statistical significance using OLS 

in AreG IS 10 software (203]. In this process. Ihe adjusted R:: value. kaike's 

Informa tion Criterion (A IC) l203. 205. 2061. Variance InOm ion Faclor ( IF) (203. 

207. 208J. Moran' s I index [203.2091. the coefficient sign (+1.) and magnitude of 

each explanatory variable 's relationships values \\crc used ns criteria for Iluributc 

relevance. When the coe fficient is posit ivc. it means thnt the explanatory variable 

has a positi ve relationsh ip with DroughtObjecl. A large positi\e cocfficienl is II 

strong relationship. J)robabilitics were also computed for each coefficient to 

evaluate whether or not the ident ified key attribUle \ \ (lS helping the Drought bjcct 

mode l. Here Ihe assumption was thnt cfTcctive explanatory variables should be 

statist ically significant. When the identified variablcs \\cre not stat isticall) 

s ignificant (both their coemcienl and constant). then the) "cre not helping lhe 

DroughtObjcct model. and they \\ere dropped from thc model. t the beginning of 

the analysis. noristic_reg ion data WIlS in ludcd. but nller some e'l(pcrimcnting. it 

was realized that it has no relationship (\\ith Rl \ llIue < 0.0 1) " itn drought 

episodes. and the data was excluded from the model. For other attribute. such as 

OEM. the R2 was 0.095. AI \\ns 801 2.92 and spall::! I autocorrebtion (G 1000 I 

Moran's I index) wns 0.58 (p < 0.0 1). The interpretation for th IS is thaI DLM Illone 

can explain about 10% of the \arinbility of DroughtObject. The s:p.lttal 

autocorrelation also sho\\cd that therc is stal isticaJl) signifIC.nnt duslcnng of the 

60 



• 

4. Materials., Mtthods and Analysis 

01.. res iduals in th is prediction process. The null hypothes is is dw then: is 

c1uSlering of the residuals and this hypothesis cannot be: rejected. This means th.lJ 

all the key anributes that exp lain D DVI are not included in the model Thi is. 

log ically meaningful SlatistK:<i1 output in that only DEM is included &om the other 

potential attributes collected from previous research. Each of these attributes was 

tested using the same procedure as OEM attribute. 

In overa ll attribute se lection process. the AI ,VIF and Momn's I index were very 

important criteria. The Ale was used as a model pc:rfonnance by including a given 

potent ia l attribute; the VIF as parameter for controlling the duplicat ion of the 

info rmat ion of the potential attribute with previously selected atlributes; and 

Moran's I index as a parameter for controlling absence of key attributes and for 

avoid ing misspecification of the DroughtObjecc model. The. three parameters used 

fo r selccting the relevant attributes in the whole experimental process are presented 

in Figu re 4.3 fo r the subsequent mode ling experiment. In this figure, florist ic region 

(flor_Rgion) is not connected with the relevance mctrics. since this attribute was 

not related with the dependent attribute. Using these criteria, a total of 11 attributes 

were identified for modeling DroughtObjcct. 1ne lists. acronyms, datn type, format, 

sources and references of these attributes are presented in Table 4.1. These 

attributes were also classified into biophysica l, clinmlic and smell ile sources nod 

they are described in the following subsections. 

-

Flgurc 4.3 : Diagnlmmall( iIIuSlra llOtl or Ihc Ilfnllh"c lK"o(us ror .w.k-(linC rdc .. "tn l anribulH. 
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T ablr 4.1: i\ lI ribu lu id C' nl ifitd ror I)rOu:h,ObJu l modfllftC t ,~ri"'fII " 

, I 

4.04 . 1 Bioph ysica l Altribulcs 

The biophysical atlribwcs include water ho ld ing cnpaCil) (WI-! ), land co\C~r. 

d igital elevation mode l (DEM) and ecosystem t) PC of Elh;opia {\cg. eth iopia}. 

These anri bules arc described in the follo\\ ing subsections. 

~A. I . I WaieT Holding C:lpacil)' (WHC) 

WHC data is the spec ific abilit), ora particular lype o f soil 10 hold water against the 

force o f gravity. Dirrerent types of soils have di rfcrent capac ity for ho ld ing so il 

moistu re. For example. sa nd so il ha s a lower capac it )' to hold \\tHer compared to a 

clay so il. The natu re of the so il. compos it ion o f the so il. amount of organ ic 

component and size or the so il particles determine its obitit) 10 retain .... ater. Water 

molecules arc held closely to the individual soil pan ic les b) for C's of cohesion 

[22 1 j . 

The WHC dala was obtained from the U G ·Eanh Resources Observat ion and 

Science (EROS) Center with a spat inl reso lution of I km (2 11]. This attribute in the: 

current rcsearch was included with the assumption that \\hen soi l has high \\'11 It 

can resist drought scverity and \\ hen soil has 10 \\ \\ II il has 10 .... resi lance to 

drought scvcrity. These pro perties of the so il e\ cntually afTect agricultura l drought 

(vegctation condition). Churkinn et 01.12221 also iOOi ated that \\'IfC represent the 

potential o f the so il to hold moisture and make it a\tliluble to plants . .... hic h c~C'ns 
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contro l over plant growth and in fl uences the scnslll\ity and response of\cgc:tation 

to agricultural drought. 

~ . -I . l . 2 Land Cover 

Land cover is Ihe physical materia l allhe: su rface: of the earth (214) ThIS Iltriootc is 

included in Ihe DroughtObjccl model 10 represent the different monthl) -':I)VI 

signa ls and climate-agricultural drought rcsponSC's that nrc exhibited by different 

land cover types (such as crop land versus forest land ). The Innd co ... cr data is 

derived by an automatic and reg ionally tuned classi lic31ion of a lime series of 

globa l MERIS (Medium Reso lution Imag ing Spectrometer) mosaic for the )elir 

2009 with spatial reso lution of 300m 121 3). Th is data \~ns found 10 be one of latest. 

and highest spatial rcso lUl ion data available. For Ethiopia. n total of 14 different 

land cover classes were identified in (213). The difTerent land co\-er class 

representat ions o f the origina l raster dat a and the label explanat io ns arc presented in 

Tab le 4.2. 

T able 4.2: La nd t'onr Ib ta ra51er repreH ntation and la~1 (' \ planat ion 121JI 

I " - ;,i;; I ~~ 
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4.4.1.3 Digilal EIC\'.llion Model ( I> EM) 

A d ig ital elevation model (OEM) is a digital model or 30 representation of a 

terrain's surface [2231. The DE~'I data was obtained from ERO \\ith II spnti31 

reso lution o f Ikm 12 11). The OEM was included In the DroughtObjecl model to 
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account for Ihe diversi fied elevations of Ethiopia (ranging from .120m belen .. CI 

level to 4600 above sen level), which nre assumed to ha\-c great mnu('O(.c on the 

spa tial eXlent of agricult ura l droughl. 

~A. I .4 Vegeta tion Ty pe of Elhiopia ( \'~clh iopi:l ) 

Vegetat ion I}'}>C is n gcncrallcrm fo r the type of plant life of a regtOn. It refers to 

the ground cover provided by plants. h is br adcr than the term flora. "hich rcfen 

exc lusively to species composition 12241. Ecosystems of I:.thiopin nre malnl) 

determined based on vcgcHHion types [811 . Using \-cgeuuKm ')PC as major 

rluributc. Ethiopia has about fourteen major ecos) stc ms (81. 212). The: daHl \\85 

obtained from the Royal Danish Academy of cknees (2121. The «OS) tern dale 

(ves_Ethiopia) was included in Ihe DroughtObject model 10 aCCOunt ror the 

d ifferent response of the different vegetation types (such as semi.arid desert 

vegetat ion and evergreen arromontanc forest). which assumcd to ha\c grcat 

in Ouence on the spat ial extent and severity or agricultural drought. The ra ler 

attribute value and la bel descriptions or this data arc prcsented in Table 4.3. 

Table 4.3: Ecosystem or t: lhiopia rastt r dat:l rtprutnl:ulon lind IaIKI t 'planluion 11 1,11. .- Run:,. &unbute .... bo:I deKnfluonJ 
~,~ , , 1),:5ef\ and SCI'n,""acn $aubland fOSS) , , Aculol.(;ommlJ'llOn ... ~!III and bwIIl.1Id IIIVf'Cf IA('OI 

J J Aae .. ",'OOikd "u~and orlhe RIA V.11e) IACO'R VI , , Wooded lPuJ!.nd at the W$tfn (ja1!lbdA ~1l0ll , .... ("oG, , , Cambmum·Tcrm.nalla "''OOdland and ... lIOdc'd crauIand IC!\\, I , , I>ry evrfIPecn Afro-Momane Fornt.1Id CinI,rJJnd ~c~ IDA) I 

7 7 MOISI EI"'crecn Af.o-MonlltlC f~ ( \tAf t 

• • TI1IIISIlIa .. J Iblll FOI", (TRF) , , Enc:KffloQ adt (EOI 

10 10 "bOof,Ip/ne IqCOUOll (AA 1 

" " fm.h .... ,uC!' "kn _open "'IleI' '~I""'lfl v-o ..... , 

" OJ Frah",'I\CI rnaI''' and f"''Im,.. ~loo.1p1.1.ft.&IIIIII..\r "heR Iqcul_,ft V",,,, 
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".4.2 Climate Allribulcs 

U .). I s r I 

Oecause this slUd)' was primarily focused on the efTeet of pre ipit8tion deli ItS on 

the spatial patterns of vegetation health and vigor (agrj(ultural drought). the: . PI 

was se lected. representing climatic data input. For this research. the ralnrall climatic 

data for the SPI derivation was obtained from satellite nunroll C'stimatC's (RFL). 

RFE was used becausc the number of rain gauges in Ethiopia is "C'r) small. and 

they are une ven ly distributed. 

Currently there arc more than ten satellit e rainfall produ t at different spati:ll and 

temporal resolutions 147. 48]. The RFE data for thi research .... as obtained from 

TAMSAT. which is produced by the TAMSAT group at Reading ni\crsil) in the 

United Kin gdom 1481 . 

TAMS AT generatcs 30·year time ser ies of rainfall estimates for Africa based 

entirely on data from the Metcosat satellite calibrated against local gauges. These 

estimates arc combined with the observations from o\ cr 600 ruin gaugcs. The resull 

is :l un ique. high·qualit y dataset. which has been shown to be ma rc accurate tlmn 

any other 10ng·lerm. satellite· based time series data 148J. 

The TAMSAT method is b.1.sed on the assumption that cold cloud-top lcmpenuures 

of tropical storms identify raining clouds. These temperatures arc obtained from 

Mctcosat thermal· infra red images. The length of time that a satellite pi\eI is cokler 

than a given temperature thresho ld is Ihen su mmed o\'er 10 day to create cold­

cloud·duration (CCD) images. The parameters of this relat ionShip are found 

through cal ibration using rain gauge datn 1" 71- The detailed descriptions of Ihese 

products arc presented in Dinku ct at 14 71 and Dink u cl 111.1481. 

For this PhD research. RFE products from 1983 to 2006. "hich \\ere accumulated 

10 IO-daily tOlals. were obtained from the IntcmatKmal Resear h InSlllule for 

Climate and Society 121 5) with spat ia l reso lution of 10\..m. Then these de\..adlll (10 

days) values were sUllllllcd and rnonthl} \alues \\crc la\..cn for DroughtOhjCct 

modeling. 
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~A . 2 . 2 Tc lcco nn Celiol1 !1l1 nd Occ:lll ie ("d ice.. .. 

Te lcconnection in atmospheric science refers to Bnomalie bemg retlled to each 

other at la rge d istances of thousands of kilometer I22S). Clillkltc scicnlbu u~ 

teleconnection to correlate or make tcleeonnection pallems 10 describe relalion hIps 

in the variabil it y of large.scale features of tke: atmo pheric circulation IS .... ell as 

tropical and extra-tropical precipitation and tcmpenuurc rdalton hip . cspc tally 

those related to the El Nino-Sout hern Osci llm ion (E t 0 ) 1225. 226) 

Trenbcrth et al. l225 ) noted thm E SO is ehamcterited by \'Odalions in the 

temperature of the sur face of the tro pical enSlcrn Pac ific Ocean \\arming or cooling 

known as EI Nino and La ina, respcctivel~ . and air surfa c pressure in lhe 1 pi al 

western paci fic (t he Sout hern Oscillation), The 1\\0 \'3rial;ons 3re coupled: the 

\\ arm oceanic phase. EI Nino. accompanies high air surface pressure in ltlt \\estern 

Pac ific. while the co ld phase. La Nina, accompanies lo\\ air su rface pressure in the 

weste rn Pacific. Using these princi ples. the physical modeling of the inler-annual 

varia bilit y of sea surface temperature (S T) ovcr the eaSlern tropical Pacific Ocean 

revealed the pred ictabi lity or ENSO [227) . EN pred ictability Ihen led 10 

potent ia l pred ictabi lity or seasonal clim3lc over many tropical and o;oltlC extm­

tropical rcgions. Othcr studies have also indicated that nonhcm summer rainfall in 

thc Sahel responds partly to EN SO nuctuot ions (2281. Research de\OICd to the 

twentieth-centu ry Sahel drought focused hea vily on the impact or regional and 

globa l SST anomalics on inter-dccadal timc scalcs 1229). 

Atmospheric circulation palterns (high pressure and antic)clonic pnuems) hll\e 

been shown to exert in nucnce on the occurrence or droughts (230) . Oceanic mdices 

ha vc been widely used in \\ eather and limate forecMts becausc the) collect 

quantitative data about current conditions that can be u.sc:d to proJCCI ho\\ the 

complex relationships with climate and drought condit ions e\ol ... e 1231) Thu. 

understanding such re lationships improves drought monitoring 1711_ 

There arc various oceanic indices to account ror tcmpof1ll and spatial rthlllOn hips 

between ocean-atmosphere d)namics and climate (ie .. tclc onntcllOn pattern ). 

especia lly in the case ofprcdicling droughts that are loc-ated in different part oflhe 

world. In this research. for investigat ing the impact of occanic-tllmo)pher~ 
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d) namics and climate-drought interactions (i.e_. tcleconntction piUtn'l$), IhIe 

Atlantic Multi-decadol Oscillat ion Index (A~ IO) 1216. 217). Pac.rlC DccadII 

Oscillat ion (PDO) [2 16). Nonh Atlant ic Oscillation C'AO) )216. 21 . 219). 

Multiva riate ENSO Index (MEl) [216. 2201. and Pacific onh mencan Inde 

(PI A) [2 161 were se lected and included in Drought bject modeling The SCatl51lcal 

relationships and thc strength of lhcsc attributes 10 the DroughtObject modd "crc 

also tested . 

4.4.3 NOAA AV ... mR SUlc l/ite AtlribulC 

NDV ] data was obtained from NOAA AVIIRR [232) . NOAA is ov.ncd b) the 

gove rnment. The sensor on bo:lrd NOAA miss ions thai is relC \ 3m for canh 

observation is thc AV HRR. The dnlascls orc IO-day composites of daily dDta (red. 

ncar-infrared (N IR». mapped (0 a globa l equal area projection 11851. There Ilre 

three IO-day composites per mo nth ; Ihc first is for du)s I through 10. Ihe SC ond is 

for days 11 through 20. and Ihe third is fo r the remaining days. The data conlain 

NOV!. a highly correlated parameter to surface \cgctation. deri"cd from tnc visible 

and ncar IR channel reflectance 1185. 2101 . This pathfinder dataset has gone 

through many stages of ea librat ion and correction 12331. 

From NOAA AV HRR historica l data for this study. a total f 24 )cars of time 

se ries (1983- 2006) of monthl y composited 8km t\ VIIRR NOVI dnta ""'as used to 

calculate the vegetation re lated mel rics. The monthly NDVI data \\IIS obtained b) 

summi ng (the three dekadal data) from the previously compilcd dekadal data. The 

three dekadal data werc summed. since it \ \ IIS bclic\'ed that the efTecl of agricultuml 

drought can easily be observed in the overa ll monthl) NOVI values. This dataset is 

also one of the majo r dynamic d:\la. and the standardized de\iolion of the 'lDVI 

(SONOVI) va lue ofa specific lime period from it historical me:m \o lue is assumed 

10 represent agricultural drought 149. 71. 1491· 

4.5 Data Pre-processing 11l1e1 Trill1sformaliol1 

The data pre-process ing step in KOO includes all the metOOds applied to the dati to 

make them fit for thc siudy PI. The data oblained fmm difTerent sources ""'ere 
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checked fo r accuracy and precisio n In the: dais pre . "_._ . -procc 109 stC'p. UAta c ... 3ninS 

(noise remova l) and dnl;) reduct ion. including Iran formations and proJCct~n5 10 

their respective gcographicnllocat ions, \\crc conducted. 

Originally. the data were found in different formals nnd spatial reso lut ion . and.1I 

of them were rcsampled 10 8km so thai they couk! geometrical!} fit "ilh other 

datascts during analysis and model deve lopment . In the entire modeling expenment 

in this research, there were two major types ofnttribules: sIal ic and d) nllmic . lalie 

attributes were Ihe ones 1h3\ do nOI change in the modeling experiment . These 

attributes were OEM. la nd cover, ecosystem type (vcfLElhiopia) and Wile . Their 

values remain the same in the modeling process. On Ihe other h3od. the d)namic 

anribute values change in thc mode ling expcrimenl fo r each monthl) period . These 

attribu tes were three-mont h SPI. SONDV!, PDO. AM . NAO. III A and ~1I~ 1. The 

va lues of the dynam ic variables change fo r each Illonlhl) period during thc 

modeling experiment . 

4.5. 1 SPI Data Pre-p rocessing a nd Transformli lion 

The three-month 51)1 was obtained from RFE data. \",h ich \\cre blended \\ith 

rainguage rai nfall mcasu reme nts in Ethiopia . Using this RFE image data. a total o f 

2812 point data were extracted for Et hiopia (a llnost one point data fo r every 20km). 

Us ing these point data, the 51' 1 was calculated. 

The SPI was calculated by filting historical precipitalion daHl. to a Gamma 

probab il ity distribution funclion for n specific time period and location. and 

trans fo rming the Gamma distribut ion to a no mlal distribution \\ ilh a mean of lero 

and standard deviation of one (491 . Since the PI is equal to the Z·volue of the 

no rmal distribution. McKee ct al. proposed a se\en-ctlleg0l') classifi adem for the 

51)1 : ext remely wet (1.. > 2.0). very \\ el (1.5 10 1.99). moder1llel) \\CI (1.0 to 1.49). 

nea r no rmal (-0.99 to 0.99). moder1l tel), dry (-1.49 to -1.0). sc\ertl) dry (·1.99 to -

1.5). and extremely dry ( <-2.0) . 

Computation of the SPI invo lves fin ing the Gamma prob.1bilil) den it) func110n to 

a g iven freque ncy distribution of precipitat ion totals for a statK>n. The probability 

density function o f tile ga mma distribution can be expressed in terms oft~ gamma 

function parameterized in terms of a shape p.1r1lmclcr. The alpha and be1a 
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parameters of the Gamma probabil it) density funct ion ~erc: CSlll1lllcd ror each 

point location. for each lime sca le of interest ( I. 3, 6. 9. 12 fllOnlh.s). and ~ r c4Ch 

month of the year. The Gamma distribut io n .... as defined b) rts frequenc) or 

probabi lity density fu nction using equation 2 1145.234 J: 

I :! 
g(x) ~ xO-'e ' 

po r(a) Equalion 1 

where g{x)is probability function. x is the prccipilation amount, r(a) i the 

gamma function. a and fJ arc shape and scale parameters, respectively. 

Maximum likel ihood so lutions were used to optimally estimate a and p u ing 

equat ion 3 [235], 

a~-I (I+J_4A) .P~~ 3nd A ~ ln(x)_ ",L,-ln....:.(x-,) 
4.4 3 a " 

Equa tio n J 

\\ here n is the number of prccipit31ion observations. 

The resulting parameters were then used to find the cumulati\c probabilit) of nn 

observed precipitation event for the given mo nth nnd lime scale for tile slat;on in 

question. Since g(x) is undefined for x and a precipit.at ion distribut ion rna) 

contain zeros, the cumulative probabi lit y is obtained using equation 4 1235) ; 

II (x ) ~ q + (1 - q )c(x) 

where q is the prob.abi lit y of a zero and G(x} is the cumulnthc probabilit) of the 

incomplete gamma function. Ir m is the number or zeros in a precipitation time 

series, then q can be estimated by mIn. Oy appl)ing Equation 4, errors tart 

eventually introduced to parameters a nnd b of the Gamma distribution. These 

errors depend on the number o r months \\ ilh null precipLtat ion ( ). tand IIlC) arc: 

ev ident o nly for the I- month precipitat ion. For larger time scales (e .g .. 3·monlh. 6-

month, elc.). the probability of null precipitlll ion is usual!) lero r 1451· 

After its computation. the curnu!ati\ e probabilil). Il (x). is lransfi rmcd 10 the 

standard normal random \ ariable Z \\ ilh mean equal to zero and Hlfiance or ont'o 

which is the value of the srI. sri value is more easily obtained compulatl<l03l1y 
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us ing an approx imation that cOmerts cumulati\C: probablht) to the qandMd normal 

random vari:l ble Z using cqu:ltion 5 and 61 2361 

Z SPI { 
C, +C,' +C"' ) 

= = 1- 1 J forO < II (x)<a O.5 
l + d1f + ti1t +~, f 

where 1 = ~( (1)), forO < N(x) <= O'; ond r . In I for f'ifi"WY (1.0- II(x)' 

0.5 < '-I {x ) <= I . Estimations arc done fo rt tle \arinbles Co- 2.51 5517. C
1 

• 

0.802853 I. C, = 0.0 10328, d, = 1.432788. d, · 0. 189269 nnd d,· 0.00 1308. 

The SPI was incorporated to represent ITIclcorologicn l drync during the gro" ing 

season. Because this PhD slUdy was primarily focused on the effect of prec ipitation 

deficits on the spatial patterns ofvcgcullion hea lth and vigor. the: analysis has been 

restricted to a time period roughly al igned \\ ilh the gro\\ ing ~ason (June: to 

October). 

From the SPI equat ion. it was observed thai the three·month SPI ora ghen mQ nlh 

wou ld li se the precip itation total of the previous 1\\0 months and also the: 

prec ipitation total of that specific month of interest. For example. Ille 1)1 of 

September uses the precip itat ion 10ta l of July. August tl nd September itself. In the 

cllrrcnt research. the threc-month SPI was lIsed tiS " model input for getting the 

optimulll estimation of short-t erm drought cond itions. 

4.5.1 NOVI Ilata I}rc-pmccss in g :lIId Tra nsrormation 

The IDVI data preprocessing and transformation include image pre-processing, 

coo rdin:llC system Cre:ll ian. goo-referenc ing each indi\ idua l image and re-sampling 

the image fa r matching NOAA AVHRR 8km data. A sa mple \\ or" Oo\\ for this 

process is present ed in Figurc ~ .4 . 

II istorica 1 NOAA AVHRR da ta \\ as obca ined from the I C\\ ' ET \\cbsite In) 
The mCladata for this image \\ as \\ ell documented and accordingly the: pre­

processing was done. The dato '\'05 in S-bi! format and ac rding to the ~ladatll. 
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\,.,a tcr and cloud pixels were with va lue 255 and bad \lOV! ",1m \a luc 253. T Inl 

these into consideration. the image va lues \\ ere cofl\c rted to an ' OVI \ alue based 

on the recommendation of the rnclad3ltl us ing an IL \q 3.7 ~ftwil~ rtP' as 
NDVI,mpl : = maplislcalcuhue C" @ln SO"), 

A NOAA A VH RR image \<;as found for all of rri a and a sub-map of E.lh iopm 

was rc·samplcd from this image. For this pu rpose. n OC" gea -reference \\ l1 h 

GeoRcf comers in ILW[S 3.7 software was cremed. Using this new geo-reference . 

all the NOAA AY HRR hi storical image data \ \ I1S re-sa mpled and the process \\ as 

automated using a scripl in [L \VIS software . This re-sampled image data .... ns used 

as input to the subsequent DroughtObjccl anal ysis. 

A lotal of 24 years' lime series (1983- 2006) of monthly composited 8km VtlRR 

NOV I data was used to ca lculate the vcgcull ion-rchued metrics. The mode ling 

period from 1983 to 2006 was used because NOAA AVHRR dnla was full ) 

available in these lime pcriods. From Ihc ycar 2006 onward. there "crc missing 

NOAA AVHRR data in the growing season. June to October. 

The monthly NOVI data was obtained by summing the three dekadal data from lhe 

previously compiled dckadal data . The Ihree dckadal daw " cre summed because il 

was be lieved Ihal the eITecl of the drought cou ld easily be observed on the o\ erall 

monthl y NOVI va lucs. A script was written in ILWI 3.7 soft ware to automatc the 

data cx traction process . 

The NOV] data calculated at monthly tillle periods was integrated for the month I) 

growing periods using equation 7. In order to calculmc the cumulat i\c NOVI 

(CNDV1). the starting mont h of the \.cgctatio n gro\\1h was la~cn as June and the 

end of the growing season was laken as October. Then. the I DVI was calculated 

for alllhe growing months (Ju ne to October) for 31124 )'cars in the time serie . 
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Figure 4.4: Flow chut for in' lge protl'S!! ing for duh·ing NDvr or Ire. of inltrn l. 

In this analysis, CNDVI rcprcsents thc accumulated NI)V! above a baseline (i.e: .. 

latent or background OVI) within each monthly growing period. To monitor 

vegetation conditions. scqucnlial DVI values across the growing season ""ere 

summarized using CNDVI. which can Ix: used 4S II genera l proxy for \'Cget3tton 

performance (i.e .. gross primary productivity (GPP) (72. 237]). Here. the: DVI 

represents the integrated I)VI above a bo.sc:line latent 0 1 vahle (representllti\ c 

of the non· vegetative background signal from soil and non-phocosynt.hetic litter) 

from the stan ofthc growing season to II specifIC time during the year [711· 

High C DVI values renect high green biomass condit Kms, whereas low VI 

val ues reflect lower biomass levels 1721. In th is study. the DV) value! wert 
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calculated at thc 8km pixcllc\'el for all ofl:.lh iopia for the gro\\mg perIOd of June 

to October from 1983 10 2006 using cquDI ion 7 [711 . 

p. , . 

eNDII/ :: L NDrt, '" ~}\'DI~J , - \DVI. } .. (\DU , \DII. ) E(I U ~H IO II 
~ ~ ~ 

where CNDV/ is cumulati ve NOV I (seasonal greenness). 1ID1'/, is monthl) 

normal ized vegetation index. ND I". is Intent NOV! (in Ihis stud,. NOVI. \alue:"as 

taken as the mont hly Ma y NOV! va lue. which is before the start of the growing 

period in June. The assumption here is Ihal all background I DVl ,alues that nrc: 

out of the growing period can be removed by subtracting this month's "IJDVI 

va lues). PI . Pl 'P~ . refer to the first. second and end o f monthly gro\\10g pcriod~. 

respective ly. Then thc NDVI va lues were cXlractcd fo r each ) enr. for each gro .... mg 

month (June- October), and the process \\'as automtlled using an ILWI script . 

The pixel- level CNOVI values \\cre then converted 10 standardized deviotK>n of 

CNOV I (SONOVI). which provided a measure o f ho\\ the general \C:getation 

conditions [711 fo r a monthly growing period in a spe ifie ycar compared to 

historical average cond itions fo r that snmc period in the 5Cason o \cr the 24 }cars of 

satellite data records. SONOVI can show the condition of a pixel eompnred to 

hislo rica l period. If a pi xel is highl y deviated (low negali"c \alue). that pi'(el is 

showing the d rought co ndition. 

SONOV I values were calcu lated nI momhly time steps during the gro .... ing season 

fo r each year using equation 8 11491 · 

SDNDV/ = CNDV/, -CNDV/ 
G 

£(IIHllion 8 

where SD,\'OI '/ is standardized deviation of NOV!. C. OVI is the eumuilltl\e 

DVI at a particular period within a gro .... ing monlh for 11 specific )car. nOll is 

the 24-ycar historicalmcan cumulative seasonal \10\11 for the samc period. and (1 

is the standard deviation of the historical record. 

After DroughlObjccl was \\ell eharactcrilcd using DNDV!. for c:leh month I) 

gro \\ ing period (June to cplcmbcr). point data .... erc c'(tmeted using the point data 
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eXlraclio n 1001 o f AreGIS 10 [203) for the hislorical 24-)C3r pcnod. These: poim 

data \\·cre used for Ihc model building experiment 

4.5,3 Oceanic Indiccs l)rc-Ilroccssing und Trnnsfonmuion 

As indiCalcd abo ve . thc oceanic indices in this re earch include POO. MO. ' AO. 

I> A and MEl. These indices were found to hme 3 canslanl value for a month I) 

ti me period. These va lues were changed to grid images us ing the create constant 

raster 1001 of ArcGIS 10 l203). This tool creates raster in which the OUIPUI values 

are based on a constant value of thc monthly ind ices obtained from the NOAA 

[21 6] website . Since the values were float ing po lms. thc onSlanl rastcr "cre 

mult iplied by 100 to conven them to integer value . This \ \ 3S done 10 rt rTlO VC the 

dec imal values for Mapcubist soft ware during model impll'mentat ion and 

knowledge construction (since Mapcubist accepts onl) integer \ alues). After thl.5 

preprocess ing, point data were created from eac h oceanic i nde~ for all o f the 281 2 

point s selected for model input for the \\holc 24-)car time period. 

4.5.4 Geo- rd c rencing nnel Dalll EXIr.lclion 

All the biophys ical. climate and smellilc data \\ ere preprocessed and structured in 

such a way that they fit geometricall y. For th is purpose. one standard dala frome 

was created on ArcMap 12031 and nil the data \\ crc converted to this standard data 

frame. This data frame was defined based on NOAA NOVI metod:un. "hich \ \ 3S 

described by the FEWS NET websit e [321. The d01:l frame was defined \\ ith 

project ion: Albe rs. fa lse casting: 0.00. fal se northing: 0.00. centrol meridian: 20 . 

standard paral lel_ l :- [9, standard para tiel 2: +21. l ~l[it ude of orig in : I and linear 

unit : meter. All the data were then add ed 10 one data frame. \\hieh rod this st andard 

coordinate system. and then exported \\it h the defined data rome spat ia l refe rence 

as GRID data format with cell si;-e reso lut ion of8\..m. The palial re IUl ion ohll 

the data were converted to Skm. because the main modeling data Input 'OV I \\U$ 

obtained from NOAA AVIIRR. wit h It spat ial re lut ion of 8km for the whole 

globe (321 . 

After preprocess ing and geometrica lly fitting Bilihe dntn mpulS from btoph}sicnl. 

climate and satellite dat a sources. 0 2812-point mop was cre3ted on rc \ lap f20l) 

14 



4 \Ialeria!s.. \'lelhoos and AnalYSIS 

nnd overlaid on the d3tasctS. First. the Slahc d la (0£ \1. klnd eou:r. \\ lie. 
\ e~Et hiopia) wcre extracted and added to lhe point map data as.n attributes u III' 

the batch process ing 1001 of the Arc\'lap data extraction tool (203). Thc.5e statK 

dalasets \\-cre used for the \\hole model building pronss 

For the dynamic variables. three -month PI. ONO I. M . POO. AO. \1 (1 

and PNA (monthl y values fo r the gro\\ ing months (June October) from IQS3 (0 

2006) were extracted and added to the pa im map of the:: 2812 points. For the 2-$­

yca r lime period. a tota l of67488 records (fi ve months ofa year. and for 4 total or 
24 years) wcre extracted and ndded to the po int map of the 2812 points for the 

mode l bui ld ing experiment. 

-t .5.5 Assessing the Relationships between Il f and NOVI 

In the modeling process. the t\\O most important attributes "ere t~ OVI and RI 

data. To obsen'c the relationships bcl\\Cen t DVI and RF. a 10lal Of h\cnt)-onc 2 '( 

2 degree grids were produced (Figure 4.5). The historical a\(~rnge RF gouge data 

and NOAA AV I-IRR NOVI dma inside these grids \\t' re calculated and their 

relationships were assessed . This analysis was done to assess the temporal and 

spatial strength of the relationships between these 1\'0 importanl allribute . 

To observe the rel'lIionship between RF and NOV!. the Rf recorded by all stations 

in side Ihe grids were averaged from 1982 to 2004 and lin 3\ erltge point dala "as 

generated. The same procedure was followed for the NOAA AV II RR NO I values 

of Ihe 2 x 2-degree grids. The RF patterns inside thest grids \\cre also anal)7:cd 

separately. From this anal ysis. different patterns "erc obsened for difTerent pans 

of the country. All the patterns observed arc presented in the:: resuh seclion. 
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Figurt ".5: J\1:IP or t: .hiop;M " il h 2 \ 2 dtgret trlds. 

4.6 OroughtObject Modeling using Oala Mining 

In this st udy. tile \\\'o data mining approaches. AN I nnd regression tree. "'ere used. 

These modeling approaches nrc described in the follo\\ log subsect ions. 

4.6. 1 A N Model 

In the Al\.TN modeling. the network was used for predicting one- to four-month 

SDNDVI values (agricultural drought) using the identi fied 11 kc) attributes of 

DrougbtObjccL In 1his ana lysis. DroughtObjcct auribulcs "ere recej\cd (IS input 

signal s and were aggregated based on nn input function I,. Then the funct ion I 

generated an ompul DroughtObjcct sever ity extent based on an output tmn fer 

function 0 , . This conceptual rcprcscnull ion of DroughlObjcct in the: NN model is 

prcsented using equat ion 9 [162[ . 

Eq uation 9 

whcre I , is input fUllction charD tcrizing DroughlObject ~e)' auribute5. 0 i OUl pUt 

funct ion characterizing Drought bject sc\erit) extent output a f uOIt I . U b 

connection wcight betwcen unit I nnd j and ; ,- blilS of unit I 
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The output of Oro ugh I bjcc! sc\ crit) extent I "dS computed U inS eqWllinn 10 

(162). 

1 
0=-­

, I +e'· E(IUtilion 10 

where 0, is Ihc function chnracteri7 ing Drought bject SC\Cflt) ("(Icnl output of unit 

i. and " is Ihc input function charactcri7ing Drought bJc I kc) nnribulc . 

As n Iypical nCliral network I'nodc11 1621, Ihe nc("\orlo: in the OrougtllObje t model 

had three types of processing units. The firs l units "cre the Input DroughtObJcct 

attributes (consisting of Ihc identified 11 31tri ute: ), The second unit "crt 

fu nctions characterizing DroughtObjccl severity cXlcnlllnd the third units "ere the 

hidde n unit s (thc \\cighl s characterizing Ihc Drought bjc:cllmribulcs Ilnd the output 

DroughtObjccl severit y eXlent) . The \\ cights associated .... ith tnese connection (") 

constitutc what a neural nCI knows and determ ine the output from an arbitmr} input 

from the environmelltll62. 2381. Using this princip le. n fccd-fi rward nct" orl "Ith 

an appropriate weight (w) was used to model the relationo:;hips between the lc) 

attributes and the target DroughlObjccl. In Ihi process. the oct"orl learning 

algorithm searched through Ihe space of \\ fo r a set of \\eights olTering the be t fit 

wilh the training sample data . From Ihe a\nilnblc learning algOrithms in ;\ N'l. a 

back propagation algorithm is an effective learning Ie hnique that is apablc of 

exploiting regu larities and exccptions in training sample dow (238) . This algorithm 

was also used for drought fo recasting 162) in the pasi. and interesting resules ",eTC 

oblained. For these reasons. n ba k propagation algonthm \\as used III 

OroughtObjcct exploratol) analysis and predict ions. 

In usi ng the back propagation algorithm in the Drought bject model. I~ key 

altribUics X, were fed inlo Ihc input Jaler. and an output \ 3lue of Drought bJCcI}' 

\\as then compared \\ ilh the actual (or desired) OUlput D. b) cal ul:ltIns lhe 

squared error «Y, - d, f .l SIS II. ) at each OUlput unit Output dIfferences \\cre 

summed up to generate an error function £ (equation II) (2J8) . 

7 
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[ (IUUI lon I I 

Thc overall objective here was to minimile E b) chang in ' the "' . 50 ttut all Input 

vectors are correctly mapped to their corresponding output \ teton (2381. 

To bui ld the mode ls fo r predicting DroughtObje I. ellch net"' r"-"01 proc:e ~d 

through three St3gcS: (I) the training siage ..... here the flCt .... On.. was lrau~d 10 

predict future data b..1scd on the historical 24 )CafS data: (2) the tc~tlng \tI8c ..... here 

the netwo rk was tested to stop trai ning or to keep in training (to a\oid o\crfiulIlg); 

and (3) thc evaluat ion stage. where the nct\\ork ceased tmining. and wa U5cd to 

forccast future dat a and ca lculate different measures of error. The input node5 are 

the previous lagged obsen 'ations \\ hile the outputs are the predictions for the future 

mo nthl y SO IDVI values. Hiddcn nodes \\ith appropriate non·linear transfer 

functions were used to process the inforrn.1t ion recei \ cd by the input nodes. 

The ANN model in th is exper iment was b.1scd on mult ip le outputs. \\here .several 

nodes arc inc luded in the output layer. and each output node represent one time 

step to be predictcd. For the IIvc plant'gro" ing periods. tnc predictIOn started \\Ith 

June and ended with cptc rnbcr. June data has the possibility of predicting Jul). 

August. Septcmber and October (four mont hs): the lust month. September. can 

pred ict only one mo nth ahead (October). 

To gct the approprillle A N models. four steps were follo\\ed: asscmbling the data 

fo r the actual train ing. creating the nel\\ ork object. training the net\\ork. tlnd 

si mulating response to new inputs (model testing). For training and te ting. n tOlal 

of 67488 records from the 24 years of historical d3l3 \'crc used. f these. 80"/0 

\\ere used for training and 20% for tCSling the models. The data split. 80·20". (80'/. 

fo r tra ining and 20% for test ing) was decided based on pll5t similar re5ettrch. "here 

improved result was found fo r 80·20% split compared to othcr splits. such as 50· 

50%. 60·40%. nnd 70·)0% 1239 1. Thc training and test dmnset \\ert randoml), 

se lccted usi ng the RA OO ETWEEN function in Microsoft Excel. Aftcr gencmtmi 

thc random number. sort ing \\ as done to split the tmming and lest datll5CtS. The 

'lcural Net\\ ork Toolbox on Matlab \ 7.9.0 (2 I .... as used to build the \' 
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models. All the discussed 
concepts \\'e~ proIOC)~ and arc pnkhc.lI) 

de monstrated in the illlplemeruat ion section of this tiles • . 

4.6.2 Ilcg rcsS iol1 Tree Model 

In the regress ion tree modeling, IOSSi fication and Rcgrc ion TT« ( Rn 
algo rithm Cubist software' 1371. originally dc\c loped b) B~irnan C't III, 12401. "M 

used. The dcf.1ull splitt ing rule in CA RT is the Gini indc'( (or Gin. impunl) 

measure), a measure of heterogeneity. The Gini impurity measure at node , I 

derined using equation 12 124 [J. 

Equation 12 

where pO) and p(i) 3rc the prob.,bility o f class j and i 0.1 node I. The Gini mdc, 

ranges from 0 to I : it is equal to 0 if all observations in a node belong to the.s3mc: 

class. and it is I when different class sizes m the node ore equall2ol0. 242). 

In CA RT software, a maximal tree was grown and then pruned back to abeam the 

optimal tree by determining the lowest misc las i fic~lI ion errors. The mB'(imallltt is 

always over fi l, because it represcnts all idiosyncrnsics ofttle learning datasct Ener 

ralcs from the trees were combined to yield eSlim:uoo error roles for the nodes In 

the maximal tree. This allowed for dClcnninlllion of error nues for tree of different 

sizes, and gave an indication or lile oplirnnll rtc size 1242). In addition. to prc\cm 

overfilling o rlhe 1ree. splill ing was slopped when a term inal node h.,d Ie than tcn 

e<lscs lIJ7!. 

The software produces three pammctcrs for cvaluation o r the output model: the 

average error. relative error and correlation cocmcicJl(s. \crage error "as the 

error for estimating the average value. The reialiH:: error m:lgnitudc "as the fatlO of 

the average error magnitude 10 the error magnitude th:lI \\ould resuk from alv.1) S 

predicting the mean value ; fo r userul models. this should be k.ss than I The 

corre lation coefficient measu res thc agreement bet"cen the ca~s' actual \alue of 

the target attribute and those values predicted b) the model 11371. 

The rules and instances opt ions available in Cubist \\erc utilized ror Orought bJ"1 

model deve lopment. Some of the available.' opt ions in the actual model de\cloptncot 

arc presented in Figure 4.6 rrom GUI of ubist \ 202. The Cublil modcl'i l)~ 
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composed of an unordered ~1 or rule: . \\.f1h eit,h rule M\I lhe \)nt.l\ -if 

conditions are mel lhtn usc the 1lS~a.1ted hnear reare linn rn.ldcr 

00 ..... '-.. -- ....... _ .. -.. 
'-........ --.-'--... _.-.-1_ ........ ....... _--_ .. -_ .. """"'"'_ ...... 

~ ...... .-
"--._--.. -,-,--
~'--~ r 

,... .... -.-,,-_ ... 
_. 
-. -..._--- .... _ . .. _ .. - r .--- .. 

---J 

Figure 4.6: Rtg l·tS~ion Iree. II) ell or ubl51 ~rl"liIre . Inlf (b) Ib model de~flopmCJII opllonl. 

4.6.3 Regress ion Trce I~ulc InlCrprtl :tliOIl 

During the model dc \c lopment. lhe 0'\10 I and PI attributes "crt: muh.plled ) 

100 to remove the small decimal ... aIUl:.s. ThiS 'Was done because: dUring the mndel 

implementation. Mapcubist does 001 lie cpt the decimal \alues Therefore. the 

values were slandard i/cd , \\h ich range from -4 10 +4 in terms of slnndardl1cd 

values (-400 10 400 after mu ltiplied b) 100). For instance. the \alue 100 

DroughtObjccl in our model ing is simi lar to 1 D\,'OVI or SPI \alues. 

In this research. drought 5<:\ crit) (represented b) D'-DVI and refcrring to 

agricultural drought sc\er ity) has sc\cn classe . These clam nrc. similar to the PI 

drought classes 128. 29 1 li nd ha \ c been adapled ror ,"cgcullion antinion to mdi alc 

levels or agricultural drought f711 . These 5e\en clasS( 4re prc~nted 1M 1 abk J 4 

Tlble 4." : Oroul!hl Sf\rril) d~\.w-, .. ~in, '0 ' f)\ I ~lIlw; r I ~ 

A number of tria ls " ith different opcion "ere done before sdcctl"tl I KI\cn ruk 

The critcria for sele tion ofrulc:s "crt the II cume) Je\c1 (quanhfliCd by corrdallon 
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coefficient) and amount of both mbsoJulC and rclah\ C (non The wM~.,n .or 
this rule : 

R ... /~ I 1/14 C'Q$U, "k'tllt ·j9" rOlT/lf · ]51 1" MJ ~tI ," fl.' OJ 
,I 

j Mom" SPI < .!() 
SD,VDV/ < n 
Land cm'tr j lt / 4 (rain fed crpplan.bJ. 1(1 'fllfMafc. r;p.,IIfd (Jh.. .. ~ """.11 '" 

(grtlSJla" dlshrub landt/Otnt) 

,"'" 
f)ro'/glrtObJed • j ~ 6 ... fl 8) J HMlIt SP! "nJJ DEM () IJ .m ' OI I 

rneans that among the 53990 Itt1ining CIISC (since 2~/. of the data " U u~ for 

test ing), there are 124 cnses that salisf) nil three condit IOns 

In this case. DroughtObjccl rnnges from ·25110 16] \1.1111 lin IH'ragc \ aluc of -59.0 

The regress ion tree model finds that the tnrget \<Illue of thc:.se or other C~) 

sati sfying the conditions can be modeled by the (0110" '"8 formula 

DrollglltObjecl - j 7. 6 + 083 J Momh SPI • 0 on OE.\f '" 0 I j . OXO VI 

During this modeling. the estimated error is 62,0. and for II case co\crcd b) this 

rule. 3 Month Sil l has the greatest d rect on Drought b)Cel. DE'l a Ies.5C'r effect. 

and SOl DVI thc least effect. Each ru le generated dUring tnc modeling ...... 

interpreted this way. and \\ncne\ cr 3 case suti ticd all tnc condn tOns. Inc linear 

model was used ror pred icting the value ortnc target attribute If' .... o or morc rule 

applied 10 a case, thcn Ihc values \\ cre a\ craged to arrhe at II final predi" ion. 

4.6.4 DroughlOlJjccl Mndcllrnplcrncnl:llinn 

The regression tree model developed wilh ubist sofhql(e "as implemcntcd using 

Mapcubist software. This software \\ 3 de\elapcd al rRO . Durmg the process or 

mode l implementat ion. a mask rile \\ as prepared for the ~J"ll i.l l e\:lent or Eth ioplol 

This file was prepared in such a \\ ay that all areas ," ide the Ethiopian houll(iJr) 

have a pixel valuc I and all areas outside the I,thaoplan bound.lf) ha\e a \ \\10( O. 

This was done 10 reduce the proce sing t,me maY.. piul \Illoe afO indtutcs that 

pixel should not be processed and a mas~ \ alue of I ul(hcate Ihallhc p"e1 shouk! 

be processed. The n Inc dc\c loped model \\ert BppheJ fo r each p" cl uslng.1I ~cy 

attributes of the OroughtObjccl model , 
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As indicated in the prev ious St t ion theft ""-(rt 1""0 I)pn or tnJ"U' 4b1.a RlII,.nd 

d)namic. The stali data DI· \l. land CO\er. \\IIC and 'eg ElhlOpJI. n:mamnf the 

same throughoullhc modeling procc (thetr .... Iuc remlln cofblm ror each PI\c!' 

The dynamic attributes PI 3momh. 8D'DVI. POO. ,\<to. ''''0. r' \ and 'If I 

\\cre prepared for each momhl) pcroo for their 1Mgtl predICtIOns. "or cumple, for 

thc month of June . these dynamic variables "cre prepared and u!IoCd for prc~hctlR& 

July. August. September and clober, Then Ihc reSfe ion tree OroughlOb}CC1 

models were applied for each pixel using the Slatic nnd d)nami attribute . "or Ihl\ 

experiment. Ihc drought years 1984.2002 and 2011 \\ere used 

During Ihe implementation. Mnpcubisl sofi""nre \\as run from the command line on 

a Windows xr operating system (Figure 4.7). Accordmgl) . the de\elopN hnear 

regression equations associated \\ith the rule ofttle input \'3lues ",ere Ilpphed 10 

the input values in order to calculate the DroughtObJe<:1 \nlues for e3 h pixel. 

Figure 4.7: Run ning M a ll(' Ll his t 50fl .... ll rr on ('Oll llllanli lint on II \ \ '\ndo .. , Xl' ol~"'llnl.! S)5 lrm 

Besides the regression tree modeling outpul liIes. two files "'Crt: reqUired for 

running Mapcubisl sofh,ure. These liIes "cre .namcs nnd .icllS('s. The. .Mmd filc 

was the list of both the dependent auributc ( D, DVI) 3nd ex-planato!,) .unbutes 

(the 11 key att ributes) \\ ith their eorrc ponding data I)'PC for the: OroughtObjccl 

model (Figure 4.8a). The .icases file (Figure 4.8b) "as the: list of both the: 

dependent attribute and explanatory attributes with the: same order 11 the: .l'\3mt 

he: I)""" and their band numbtrs file , and its main purpose was to prcsent I Imagc ,..~ 

for Mapcubisl software. 
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Figurf " .9: n O" char, for rtgrus-ioll .rtc modr l lnlpl,mC'n'lI riOft. 

The .names, .ieases. regression model output,.., SialIC oltrihutc. lind d)nOmK 

att ribu tes were co llected and pUI in Ihc "ame fnlder a \Inpcubisl wlh\.lu"C This 

sofiware was rUIl on Ihc I)OS "mllpcubisl_,202 \lonlhl)Pn:dtelion\lodel III A 

DroughtMap m.,sk .irns" command line. In this command line. mapc:uhis. ,202"15 

Mnpcubisl software \crsion 202. \Ionlh l)Prtdi tlOn\INc:1 .... .lS the name or the 

regression trec model. II F wns nn ERDA Image ( .Img) rorm;al r('lr the roodd 
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outpul. Drought \ 'lap " as I~ r\3Jm of the output lIN ~ and ma 
ImJ" 

mask file . The 00\\ chan fo r thIS model Impk:rnc"tllk1n I rwctcntN." FIfUR:" q 

4.7 Drollg hlObjccl FU7.zy Segmcl1l nlion 

The fuzzy segmentation "as done uSing fULL) Imnlt) ., ( J I and fUlL) 

adjacency JI (c. d) concepts. Fuay ru les (such IJ If l"O rC'g~JU ha\e about the t.arnc 

gray val ue and if they arc relati"el> close 10 ca h other In spate. thtn the) hlel)' 

be long to thc same object 11 17. 118 !) " ere used in Ihl c~pc:nmcnt 

In this analysis Ihe basic assumpti n "as that pi :.:cl5 (SD\lDVI pl\ds) Stem to hlng 

together whe n fo rming a DroughtObjecl fhe hanging logethernc , pmpc:ny "U 

then represent ed using fuzzy log ic . The: spat ial re lat ion hlp~ "ert cktermll~cd C1 r 

each pa ir o f image clements in Ihe entire image. 

The fuzzy adjacency p{c. d)r; [O.lJ oft\\ o elemcnls (pi\el ) c. d " as determined b) 

the fuuy adjacency function. The 20 drought (SD\1DVI) fuzz) pixel adJ3Ccnc) 

was obtained using eq uation 131 11 7) . 

E (IU lJ l iOIl IJ 

where c and d arc pixel values. k, is II non-ncgathe constant. c and d are any p"c!, 

in Ihe SDNDVI image. and n is the lotnl sample sil.e (Ihe image "iile) . 

The a ffinit y function II kt/ J WI\S determined for phds c. d thut are fuu) adjllccn! 

(i.e .. \\·hich have adjacency va lue JI (c.d ) _ 0). Fun) eonnccledne II .. is" global 

fuzzy relationship that assigns e"cr), pair of image clemcn! C ond d • \ olue in lhe 

interva l 10. 11 based on the amnit) "alucs IJI along all possible p3lhs bct\\ een these 

two image elements. The clements and d arc not e .. peeted 10 be nc:trh) Thc:-) :trc 

connecled by a path :r :: (c{~) ..... c{ ... I} of pi\: ds. with c . cf41 and d. c' • Each 

pair o f conseclItivc pixels is chamcleriled by \1. fuu) affillJt) 

rp(c{~) .c·· l }O S II S N - I (1171. For each path. it slrcnglh"as defined ~ the 

min imum affi nilY va lue o f all pair \\ ist: constCul l\ e clements on the. ~th. 'C.'I the 
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strength oflhe ( Ill ire path is defined b) the qrtngth 0'" "'-c kc)llocll CUnnC-claon. 

and qua nt ifi ed by cquOI ion 14 (1171. 

1JI' {n) = min 'il( n .,,,+1 ) 
as" N-I r (l l.IlIhOn 14 

Man) difTerent paths may connect 1\.\0 PiXelS e and d Lee \1 denote the: \(1 of.1I 

paths joining c. d. Then the fUll) connccledne~ .... 45 dcmed u,\m' equalktn IS 

[ 117J. 

I'V/ I, ,1) = max ~IJ'(n) 
m:iII 

The loca l fuzzy relat ion is ca lled fU7.2) amniI). denoted b) vlo,l) (117(. and 

represents a strength of hanging togetherness of nearb) Image clcmc:nl fhc 

affinity is a function of the spatial distance bet\\.ccn 1\'0 fuu) adjacent Image 

elements considering their image intensities or other imagc.dcmcd propentCs. ~ 

such. any image I can be represented by n pOl ir. / - le. F)( 1171 In our context, 

represents the image domain ( DNDVI values . .... hich range from ·"00 10 +-'00) 

and F represents loca l image propert ies (the \ alue contained b) the target PI\eI ). 

Then. J (c }clo.l l represents 3 normal ized image proJ)(rt) (fe3ture) • sociated ..... th 

pixel c. The fuzzy amnit)' ", [c.dl is a funct ion of fU7..t) adja CIlC) IJ(c,d) . p"cI 

properties f (c), J (d) . !lnd in spatially variam cases of c and d. nnd In thi case 

was obtained lIsing equation 16 (117. 1181. 

\\here 11 is the fui'.l.)' adjacency defined b) equat IOn I !tnd "-: is It non·ncgatl\c 

constant . 

DroughtObject identification from images in Ihis Iud) ha 1 .... 0 major step ' 

segmentation (identification) and classi ficat ion_ The segmentation slep "as the 

process of determining roughly the .... hereabout orlhe ob"ICct In the louge. "here 

classification. \\ I1S the process that defines lhe prCClsc sralQI (X-leOl and 

compos ition or tne DroughtObjccl in the image 

II 
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Figure 4.10: ,\bjor steps In DnMIghtObJ«t Idtndnr.llon .nd cllmlnutJOII_ 

cCognilion Developer software [243) was used for this C-.'(pt':fimenL In Ihis 

experiment, the segmentation algorithm groups imilar and adjacent pixel 100elher 

into polygons or image objects and U5CS II boltom-up. klw-to-high wlue .-eakln 

growing approach. In this mu lt i-resolution segment4tion algorithm. a seed pixel 

was se lected from within the image. and then llCighboring pixels with imilat 

values were conso lidmed into objects boscd on the smal~ &J'O~1h or 
heterogeneity. The segments (OroughtObjeclS) were tben classifecd through fuuy 
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log ic based object melfics and statistics {61. H 1 such 1\ pl'(cl \lIluc). Ie lUre-. 

shapc. and size . In th is process eCognilion softv.a.... h· h I 
• • .. U~$ a lenm; k:.:t pnl(C trcc 

when classifying the image pixels. 'l1lc processes are defined b) • ' Pllcnt~(1,,1d 

concept. with parents being the root and children bemg the brioche (243) The 

\\ork now for the image segmentation and cia iflCatKln process i1 presented 10 

Figure 4. 10. 

4.8 OrollghlObjeel Model ["aillalio", 

This section relates to research question three (how is Drought bJecl identified on 

smellite imagery cva luated using ground obser\ation data?). The methods follov.cd 

for eva luating DroughtObject ident ified on atcllite pixels v. ith ground o~r.ed 

yields arc presented. 

4.8. 1 Us ing Crop Yield Oat:l for Model E"ahmt ion 

The eva luation of the DroughtObjcct product VvBS done using the "Meller" season 

yield data obtained from Central Statistical Authorit y (C A), The .. 'Icher" season 

yie ld accounts for 90-95% of the annual crop production of ' lhJopi.1(2"'''1 The 

yie ld data anomal y o bserved in this season is crucial for charactcrizint; the foOO 

security status of Ethiopia. Crop yield data \\ (lS obtaillCd from A )carl) report 

(from 2000 to 2006) (245) at the 7.onal adminislnll;\C Ic\cl. The )cnrs 2000 to 2006 

we re used for model evaluation because complete d lltaSCIS from both C A crop 

yield data and DroughlObjccl model output were fo und for these time periods. The 

yield data was al so obtained using standard Slni iSlicnl dllta ol1eelion and "OBi}sis 

by CSA of Ethiopia within these lime periods. 

After standard statistical data processing. CSA (245) produeed the )idd dala lithe. 

zonal (district) administrative le"el. The zonaladministrtltivc 1e\C.~1 in [thfOPI3 is 

next to the regional adm inistrat ive le\'el. Currentl) there a.re 72 lanes In the. 

country. From the 72 zones. 41 were se lected for the urrent qud) (Figure 4 II). 

The zones were se lccted based on twO criteria: I) nntilab,hty of }idd dlllll In the 

years 2000 to 2006 for the "Mcher"' season. and 2) location of the lOOC In Ihe 

1 
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"Meher" crop growing district \\here Ilnnual ccrt31 

months June to October}. 

From the 41 selected zones. lhe cereals '"""Id ,_ 
J'" lUll ~IJ con Idc~d fnr 

DroughtObject evalualion. According to A 12411 ,_ 
. ' CtKID art the milJOr food 

crops both In terms of the area in \\ hieh the) arc pbnted and the \olul1'\( of 

production obtained in the selected lones • I I . ,"rell S Ilrt Il so produced In bracr 
vo lumes compared to other crops beeause the 1.._ . I ) arc II,.. PflllClp3 staple crops In 

thcse zones . 

• 
! i 

. 
~. --

Figure 4. 11: Sp~li:+1 di51rihul ion orzOnt ( d h l rkt~) on IIII' "I~I) or Eilliopi •• 

The yie ld data that was obtained from CSA \\a asse sed for its suitl'lblhl) for 

DroughtObject model evaluation. A trend of )icld dntl'l increase \\1\ obscf'\cd for 

almost all crop yields assessed. Anal),sis detected It trend to\\ard crop ),;cki 

temporal increase due to farm management practices: this has to be dctrended in 

order to use the data for model evaluat ion. 

The detrending of yield daHl wos done in t\\O steps. The fir t step \\ ftuing It 

smooth curve through the yield statistics. This ~ind of fining is described b) \\u ct 

al. r246], where the dctrcnding is thc operat ion of rcmo\Ing the lrend. The sc<:ond 
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step was calculating thc actual detrended )ltld \I.tlab sot\",1tc \ 19{2 I"" 
used fo r this delercnd ing analysis. 

DClrending in Ih is research is the Operation of rtmo\Ing the crop )~td Incrq\ln 

trend rrom 2000 10 2006. and rlfter delrendlng. "hilt rel1\lln is the ... ilrLab.hl> o(thc 

res idue of the crop yield data. It \\3 behc\w lhal cktcnTumng trend and 

implementing detrending operat ions arc impon3nt Icps In Our etala 1n31) 1\ Thl~ IS 

because the detrcndcd crop yield datil define n more meomngrul \llnahihl) of the 

yield var iation caused by drought (weather variabilit») through the stud), periods_ It 

was also assullled that the DroughtObject model captured the \\cather \arinbilll) 

and that it is possible to corre late the two attributes using regression onal)sis 

4.8.2 Zona l S ta tist ics EXIr.IClioll fOr Orought Objccl 

The raw DroughtObjccl data was extracted 31 the zonal adminislrlni\c le\d using 

thc zonal statist ics tool of AreGIS 10.0 12031. fh is tool gc:nerated the: majorlt). 

maximum. mean, median, minimum. minori!). range. standard dc\ ialion of the 

po pulation. Sum and variety of Ihc Drought bjtel pil(cl value" for each 

admi nist rati ve district. In this output, the 1ll.1joril) is the moSt frequently occurring 

and minority is thc least frequently occurr ing DroughtObjccl "alut: in each 7.one 

The variety attribute is the number of unique OroughlOb~cl values obscf\cd In 

each zone. For this model eva luat ion research. Ihc menn of Ike lonal statisticS "liS 

used. The overa ll data cxtrllction process is presented in Figure 4. 12. 

Z-...1 0., .... ' 
AlI:riIM .... 
fro. Dr ... p.~.n 
t. .... r .......... z-. 
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5. Resull.S and Discussions 

Chapter 5 Results and Discu 

The result s and discuss ions in this chapter af'( presented ba~d on Iht order of the: 

research questions. The answer to the first research qucscion \\OJ found b) 

rc:viewing and analyzing past research for idcntif)ing I~ ~c')' o.l1r100IC fOf 

Dro ughtObjecI mode ling (see Chapters 2, 3 and 4), The kc} 811riOOles identified 

from past research were statistically tested for their rdat ionshlp ~llh the 

DroughlObjccl target variable (sec subsection 5. 1). The resulu of the: second 

research question and the actual mOdel ing of OroughtObject ore prescnted In 

subsection 5.2. The evaluation of DroughtObjccl identified on satellite Images 

us ing cro p yie ld data. which is a response to the third rescarch queStion. I 

presented in subsection 5.3. In each subscction. detailed discu sians of tht: fCsuhs 

are prese nted. Finally. subsection 5.4 presents appli alian of Drought bjeet model 

for assessing the 2011 drought status in Ethiopia. A \\ 8) 10 use the de\elopcd 

models for 2012 and fUl ure years' drought prediclions is also recommended. 

5.1 DroughtObject Model Attriblltes Select ion 

To sclect the key attribut es. all allribulcs Ihat \\ ere identified from past rt'iCnrch 

were statist ically explored for their rclat ionships with the Itc\\ I)roughtObJeet 

mode l deve loped in this study. Since II explanatory attributes \\ cre identified. It 

was nOI possible to present ailihe statist ical explanatory :mal)sis in thi ubsection 

For this reason. four key attributes were se lected and the sleps follc)\\ed for all key 

attributes are presented using these sample attributes. These four attribute "ere 

also assumed to be Ihe most significant and also the most repeatedly used b)' past 

researc h [49. 7 1. 72]. The selected attributes \\ere OEM. WIIC. thrte \Ionth PI 

and SDN DVI. 

In an iterative way. different combinat ions of the explanalol') \ari:tbks "efC t('sted 

Some o f the iterat ive combinat ions nrc presented in Table 5.1 In.1I of the 

. . rh o m ·,em, h3\C been chcclw. /\ 11 o fthc: co mbinations. the expectcd sIgns 0 I CC e I 
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explanatory variables were fourld to ha\C cocfTlCtent \"I.luc c\ptt1cd"('If 

instance. as Ihc three-month PI \alu(s decrtast. the ~D'D\'I \.tun ha\C 10 

decrease: converse ly. as Inc three-momh ')' \arues Ir'Itreak. the D'DVI ... fur 

have to increase. This is because both .. a lues arc 51'10" 108 It~ drou ht .and nntI. 

drought situation of a gi\'cn location as c:onrirmed by p3 1 ~kllt'h (J9. 71. 721. 
Therefore. these attributes can be reJjabl) used for represenllng DroughlOb,ICcl 

The 3D scatter plols 3rc presented in Figure 5.1. The bluc point! arc the tltlcr 

poin ts. The 3D scatter surface represents Inc IWO predictor Independent \'arl4bk, 

and the dependent variable DroughtObjccl. Intcreslingl) . all of the 30 scalier plots 

showed a strong statistical relationship between the (\\0 predictors and Ihe 

dependent variable DroughtObject (Figure 5. I a.- f). The best scalier plot "'&5 

observed for Figure 5. ld (using SDNDVI August, Augusl Ihttt-\Iomhs SPI 

attr ibutes for predicting DroughtObjcct). These attributes are the: 1 .... 0 major 

attributes obtained from NOVI and rainfall estimates sho .... ing the drought SC\CrII) 

in space-t ime dimensions. Detailed investigations arc also presented on these 1 .... 0 

att ributes in subsections 5. 1.1 and 5.1.2. 

The R2 values were used as a model fitness cril(:rion. From the \ arioU5 

combinations, the R2 ranged from 0.1 I to 0.85. This menn that these models tan 

ex plain from 11% to 85% of the DroughtObjcct variability. It was also realized that 

as the number of attributes increase the R2 was found I increase. The highest Rl 

(i.e .. 0.85) was fou nd when SDNDVI August wns in luded in the \ariou 

combinat ions. SDNDVI of August 1984 alone can also explain about 82-_ of the 

va riability of SDNDV I of September 1984. This is expected be ausc the 0 I 

va lue of the previous month (August) is correlatcd \\itl1 the follo\\lOg predIcted 

mo nth (September). 

The Akaike's Informat ion Criterion (AI ) ranges from 6797 10 017. The AI 

model se lection crit erion is based on the fnct Ihat there is no mgle mood 1h:&1 

represents the whole truth or completc information a.bout the phenomenon under 

investigation. and models only approxm13tt rea I ) . . , I·, (205( Oased on 'h" p ... ncipk:. 

Aka ike [206J developed a relat i"e index ror gelling a modc:l thaI .... ould ~ t 

01 
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approximate reality using some SCt of ('xpl. b'-
. nalory \lrQ IC ~)lncc. b. tdlll\C 

val ue (the smaller the \ 3Iue. tilt better ttk mood _ ) , 
IS lOr COmparing model" 120ft. 

2471· the AIC in this research was used to comp'-Ihc mod b' C I ~ 
... c lor n: .. I,\(' \ IJIII;Ucr 

representation of the DroughtObjecl. Inlerestingl). the least Ie "11~ \>\u 

obtained when all the four allributes "crc combined for modehna DroughtObjrtl 

(Table 5. 1). Th is indicates Ihe strong relat ionships of the c"<plan;uol') \llI~blc ""h 
Ihe dependent variable. As Ihe number of cxplanator) VIIrrablcs 1nc:n:.SC\. 

DrolightObjccl variability is captured in the model. 

T a ble 5.1: Experimen'al result of kty 1I li ri buitl u ru ' ion (or modttinlt: Orowr.hIObjH'l. 
I 

The statistical analysis output of the model from the four c"<plonator') attnbutes 

(DEM. WHC. August thrce·Month PI. DNDVI August) is prest'nled in Table 

5.2. As il can be observed, all thc coefficients are statistically significant The 

Va riance Innat ion Factor (VIF) value. which is It measure oflhe sc \crity ofmuh i. 

co linea rity in regression analys is [2071. was also found to be 10" in all Ihe 

attributes. Multico ll inearity here is Ihe st lliistical phenomenon in \\ollich \\\ 0 or 

more predictor variables in the regression rnodel arC high I) correlated (207. 1081 . 

Obrien p08J ind icaled thai usually a VIF value greater tllan 10 sho" s the e.'(i tenee 

of multicollinearity. As a guide. ESRI 12031 recommended lnat Itk VIF \ahle 

should be less than 7.5 for GIS data. The maximum IF \"alue recorded in the 

DroughtObject model using the four allributcs is 1.89. \\, hich is much Ie l~n the 

reco mmended value (Table 5.2). Therefore. using the four f,.C} attributes • 

DrolightObject at September 1984 is: 

J)r(mc lllOhject - 10.61 - O.009I1 J) t:M '" 0. 116 SJ)N{)I' I AlIguJl • 11 11 i'f !!lIe· lIl1 A"~Jt u ..... S/,I 
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Tablt 5.2: El"pluralory (hila Ina l}~h OUtpul or I) 

""" , ('I JWJdfl , .. K .. , . UtibUlf ('~ rrlC'l"'l "Ulllbnl r .... I_ .. W ......... \lr • .,.. , Intacr 10(>2 'OJ ." .. , OEM <009 II flfl2~ .'. " 
, .. ) SO"lOVI Au U$I 09. oom ~~~ ,< • Wile 01179 o IUS . 

'" , . ". , Au USI 3\lonlh SPI 0122 oem 
" .. , , 

h Obl< 

[n the entire modeling experiment in this research. there art 1\1,0 rTlIjor tylX' of 

attributes: Slat ic and dynamic. Of the dynamic attributes. three-month PI and 

SDNOVI arc very important. The three-month PI represents the clinuJlC: Hlnability 

and is one of the important independent ntlribulcs. The DNDVI rtprcscnl.5 the 

agr icultu ral drought extent and was taken as a dependent attribute, The! three-month 

SPI was obtained from rainfall dma SOurces (from ground obsc:rlatian 

meteorological stations and satellite rainfall estimates) and DNOVI was obtained 

fro m NOAA AVHRR NDVI data. 

Befo re the deta iled mode ling experiment. the rainfal l eRr) pattern of the Ethw,pia 

was assessed and spatia lly demarcated. This helps for prnctical implementation of 

the models. The strengths of correlation of the \\\ 0 major auributes (RF and NOVI ) 

were also investigated in space-time dimensions to deu:rmine the reliabilic) or t~ 

mode ls. For th is purpose. section 5. 1.1 presents the RF pattern and 5. 1.2 presents 

the strength of correlations ofRF and NDVI in space-t ime dimensK>ns in ethiopia. 

OJ 
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Figure 5.1 : 3D S4:IUer ploo showing the rorrespondtntt btl~·U. predictor Inribuln (I ) 
OEM-WHC, (b) OEM-SONDVI Augmt. (c:) OU t .AllgUSI j Monlh SPI. (d) DNOVI 
August- August 3 Month SPI, (e) wlle- Aug~1 thru ·Monlh SPI, Ind (I) WI! - ONO I 
August ror predicting the dependent vlril~t SONOVI nr SrpCtmbc: r 1984. 

5. 1.1 Rainfall Pattern in Etbiopia 

For practically implementing lhe OroughlObjccl mode~ the rain rail pattern in 

Ethiopia was analyzed and spatially demarcated. In Ihis swdy. the overall momhly 

average RF pattern analysis showed that tilcre is a difference between the different 

grKls. From this analysis, four major patterns were idenlifJCd. The firsc panero 
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shows high average RF during July and Augu5I In 'h' he 
. IS patlem. t ralR sun, In 

March with a gradual increase and rtaches its ma';mu . J I nd ~ 
, m In U) a Au UW Ifll' 

pattern is presented in Figure 5.2a using grid 135. 111. The Sttond pal1cm hu hi h 

ave rage RF during Jul y and August and a Reondal") RF dUring Marth. Arnl and 

May. wit h the highest average RF in April . Th is paUtm is prtRnled in Figure 52b 

using a grid [41 , 13 j. The third pattern has high 3"erngt RF during April and \I;a} 

and a secondary RF during September. OCtober and No \tmber. '" ilh tht highc 1 

avc rage RF in April. This pattcrn is prcscll!cd in Figurc 5.2c using grid (39. 7) . "f'he 

fou rth pattern has RF throughout the year, with relativel) 10", a\cragc RF dUllng 

December. January and February. This pmtcrn is prcsented in Figur~ 5.2d using a 

grid 135. 7]. The overall monthly average RF analysis for Ethiopia using the 21 

grids is presented in Appendix 2 and the spatial distribUl ions of the fou r RF pattcrns 

arc also presented in Figure 5.3. 

Past studies, such as Sileshi and Demarcc 1248] and Shanko ct al. (249). indicated 

that Ethiopia has two major rainy seasons: June-September (" Kiremn and 

February-May ("'Be IS"). This is a broad classificalion. and they did not classlf) 

spatially where the two major scaso ns arc in the country. 

Giss ila ct al. [250] classi fied threc rainy SC!l sons in Ethiopill : (i) Fcbruur) larch 10 

May, (ii) June/Ju ly to September and (iii) October 10 Novcmber. They further noted 

Ihat the annual rainfa ll distribution in Ihe western part of the countr) has onc 

rainfa ll maximum during Jul y or August. This is similar to rainfall p3ltem one in 

our current research. Gissila et al. [2501 also indicatcd that in the castcrn part of the 

country, the rainfall has II bimodal dist ribution. with either 3 Iong-rainishon-nin 

pattern (sim ilar to coastal equatorial East Africa) or two seasons of roughl) ~qual 

le ngth and ampl itude. Rainfall pattern IWO (Figure 5.2b and Figure 5.3) agree "'"h 

th is class ification. 

A FEWS NET [2441 study showed that April-~'I a) RF tOlals couk! cxplaln 50' .. of 

Ihe va riance of the long-cycle water requirement 53lisfaclion indcx. re\cailng that 

th is is a critica l slage whcn rainfllil deficit s can ne8111 1\cl) impact yields of mIX 
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harvested in September- December f\ . " 
• ..' SImI ar stud) by Verdin el ., [591 noted thai 

the RI· seasons for EII-Hopm as a whole M 
arc I arch- Ma) (locaU) called Nllelg; Ind 

June- September (loca lly called "Kirc ,") The " . 
. . " m . y also tncilc:ued thaI most of the 

rams In Ethlopm come in the period M h 
I arc to Cptcmbc:r. \I, nh • pause In man) 

parts of Ihe count ry around the end of Ma be " 
. • y or gmnmg of June. The NBelg" rain.'i 

come In March-May and the "Kircn1\" . . J 
' rams In une- September. either FE\\ 

NET [244} nor Verdin ct al. [59J indicated the spa, ',al l . f h . 

seasons. 

I , 
I 
! 

Grid (35, 11J 

~I .. IIIII • .J 
..... FW_..,. ..... N ...... 010_00< 

- ......... )'0 .. 

'",------------------

1= : .--1 I ul li.J, 
... '. ~ •• ~ ~~ .... ....... ... "" J 

• . .... • n", , . .. I . 
"--------< 

• OCal lOns 0 I esc 1"'0 majOr 

........... - .. ........... ~ 
~--------------~b 

Grid 135, 7] 

~I .. IIIIIIII 
...... .. .. , ....... 

d 

Figure 5.2: Average RF ror Elhiopi a: (a) pallern I. (b) pallern 2. (c ) pallern J li nd (d) pllllrrn 
4. 

Diro et a1. [25 11 identified Ihree main rough rain fa ll regimes. Regime A in the: 

western pan of the country has a monomodal rainfall pallcm (Februnl') to 

No vember) . Reg ime B (compr isi ng central and castcrn pans) has IWO rain) periods· 

February to May (,'Belg") and June to eptembcr ("Kiremt'l RcgitTl( '" the 

south and southeast has two distinct rainy periods: 'larch to ~ I a) (kmg) nod 

October to November (short). In Diro ct al. [2511. lhe RF pattern for rrgimc ,\ is 

similar to RF pattern one (F igure S.2a). the RF pallern for regime B is similar to Rf 

pattern two (F igure 5.2b). and the RF pattern for regime C is similar to Rr pattern 
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three (Figure 5.2e). But they did nOI include or describe RF r. 
pattern .Our In the 

southwestern part orihe count ry (Figure S.2d). 

Result s from Si leshi and Demaree 1'48J Sh k 
. .. , an 0 ct al. [249J, Gissila et al. f250). 

Verdm et aJ. [59J, FEWS NET [244J and Diro ct I (n J 
· a . ::. nrc not refined enough to 

develop a practical drought monitoring ')'SI . E h- _ 
em In I IO PIa. ompared to IlleS( 

coarse class ifications, Our approach class ified 11 
1C COUntry temporal!) nnd spatial!) 

(Figures 5.2 and 5.3). 

• • • • 

• 

• • • • 

• 
l~V'l1id 

D c-,-, 

• 

1'!J .............. a.. _ ....... ""'" -. ........... ...... .. 
~- ..... -,-

-. 
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Figure 5.3: The four average RF' pallerns using alt RF gaugc~ inside Iht 2 s 2 degrtt' gri tls In 
Ethiopia. 1982- 200.1. 

5. 1.2 Relationships between RF and NDVI in Space·Timc Dime nsions 

Since the re lationship between precipitation and vcgetntion status varies within 

growing season months. Pearson corre lation analyses between RF and 'DVI "erc 

done ror all months orthe year separately. The correlation coefficients and their p. 

va lues (t he probability or reject ing the null hypothesis that there is no correlat ion 

between RF and NOVI) were obtained ror each orthesc monthly values. In all the 

statistica l tests in the study. a = 0.05 was used as the cUlorrfor rejection orthe null 

hypothesis . 

Figu re 5.4 shows the linear regression analysis and scatter ploiS ror the l1\crage RF 

and NOV I ror the years 1982- 2004. Al l the monthly correlations between RF and 
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NOVI we re assessed (Table 5.3). For almost all the months. the' k\cl or 

signi ficance for coefficient of NOVI in predicting RF "Iue ."' ( 
\loa signlucant II 

p<0.05). The assessed levc l of significance for COnstant (intercepts of the models) 

showed thaI there were differenccs in thc months (Table 5.3). For June, Au USl and 

September. the intercepts of the models were found to be significant (p<O.OS); .11 

other months were not significant. For the month of Ju ly. ou r expectation \IoilS that 

the intercept of the model is significa nt. since it is one of the ra iny monlhs 

Unex pectedly. it was found to be not significant . This needs further imestigation 
with actual ground observations. 

Overa ll, from the analysis of the relationship between a\'ernge RF Bod 3\erage 

NOVI fo r 12 months, there were relatively high R2 values for rain) monlhs (Figure 

5.4). as expected. For dry months. there were low re lationships (with Rl value of 

less than 0.5). The maximum Rl values recorded were for May (R1a 0.7613) and 

September (R
2 = 0.7698) and the minimum values were in February (R1 = 0.2172) 

and November (R
2 

= 0.2095). The R 2 values showed a gradual increase from 

February to May, with a maximum va lue in May; it decreased in July. Bod then 

increased again in September (Figure 5.4). 

The result showed thai the main rain y months. which start in mid·June and end in 

mid ·September, have strong relat io nship wit h NDVI values (p.va lue < 0.05). From 

these analyses, it was found that the decrease or increase in RF vBluc could be 

tracked using NOV I va lues. 

The overa ll pattern indicates Ihat the correlation between RF and NDVI i low 

during dry months. It starts to increase when I e rall1 slans. a r h " nd cache maximum 

when plants are 111 vigorous growmg stages. " " " It " 'as also obser"ed Ihat the impact of 

RF on vegetation does not occur instant aneously. but is cumulatile of lhe p3 t 

" d' 't' 'c response of \egetation 10 months. The significant val ues 111 Icate a POSI 1\ 

DVI RF models The R2 "Blues in June 10 prec ipitat ion, which can be captured by - . 

. ~ 6001c 10 7PIc of Ihe \'Arialian in September, 0.60 to 0.77, respectively, means .rom 0 0 

RF can be explained by NOV!. 
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A study by Ji and Peters (49) indicated that \cget3l ion has it 

the impact of prec ipitation on vegetat ion does not OCCur instantancou I), but 1$ 

cumulative. In most cases, precipitation occurring in one month doe not SU'Ongl) 

affect vegetation in that month, but the response: is notable O\-cr periods longer tMn 

one month. Our rcsu ll s showed the same as their study in that there were gradUlI 

increases in the R 2 va lues from the beginning of the rainy month 10 the peal. rain!, 
month . 

Detailed sHldies by Oni et 31. [561 have determined thm the peak response of '1:0 

to precipitation was with 14-25 days of delays. and the response durat ion WIlJ 22. 

61 days dur ing the growing season . Yang ct 31.12521 found the I DVI rc.spon~ lag 

to prec ipitation was five to seven weeks. Other studies b) RUndquist ct at 12S3J 

found the lag lime of NOVI response 10 precipitat ion was appro'(imatcl) one 

month. and more prec isely Wang ct al. 12541 showed a lag of four to eight "cds . 

Since the present study was only using average monthly NDVlond RF \alucs. the 

response of vegetat ion to RF in the cont ext of time lag was not nssc sed. This is II 

subject for futu re research, specifica lly on analyzing the time lag effect of drou!!ht 

(vegetation stress) caused by lack of RF. 

" 

Table 5.3 : StAtistica l comparison or AI'trage R'" lind NOVI, 

" error for 
ronSlanl 

r rl'tl r for 
for mf~n t 

·it_IIIUMt .,,_UIr_ • • 
ro. tOM,'n, r. r 
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Figure 5.4: Scatler plots showi ng the correspondence bttwcen the nerllge NDV) li nd RF 
from 1982 10 2004. The X-axis is (or average NOVI IIlld the Y·snis is for lH'cngt RF in 
mm . The numbers (1 - 12) show the months Janua ry to Dece mber. 

5.2 DroughtObject Modeli ng Using Data Mining 

5.2.1 Exploring ANN DroughtObject Models 

ANN model ing experiments us ing all the lraining, validation. Icsling 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 mode l perfonnance accuracy was obta ined on the training 

data. This is because the network was already trained on the. d nd h' 
arne ala, a I IS In 

line with our expectation. It is also important to nOle that the network. after it w-as 

being created. was not 100% aCCUrate in predicting the target dependent auribute 

This was controlled during the training uSing the training halt opt ion 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 tmining 

reduces the network 's error on the validation dataset. After the network memori7ed 

the traini ng set, training was stopped when the validation errOrs started to increase 

as compa red to the training errors (Figure 5.6). This was done to avoid o\crfiu ing. 

which is a chal lenging 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 44th epoch to avoid overfill ing. Using this 

mode l exploration approach, all June to September predictions were exp lored . nc 

of the cha llenges during ANN modeling was the length of time required to gct the 

net wo rk model. After exploring the available train ing algorithms (Conjugate 

gradient (traincgf, tmincgp, traincgb. trainscg). Quasi-Newton (tr.linbfg. tmmoss). 

and Levenberg-Marquardt (tra inlm)) in Matlab so ft ware v 7.9.0. Le\cnbcrs­

Marquardt (train lm) [255) was found to be thc best. This algorithm was also 

recomme nded for its high speed by Math Work s [204) . Even for thi s fast algorithm. 

the mi nimum time to fini sh the modeling was about 15- 20 minutes. 
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Figure 5.6: Best valldalion perronnanc:t of ANN . 144- tpOCla. 

S.2.2 Cross-Validation ofDrougbtObjed ANN Models 

The learned parameters from the data in the training dataset were subjected 10 those 

parameters in the test dataset. Then the predict ion qualities or lhe models "'ere 
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eval uated by co mparing the predictions wilh Ihe target data. This approach usuall) 

g ivcs an idea of how well the models general ize 10 unseen data point (20-1) . 

Usi ng thc 24 years o f data. one- to four-month DroughtObjcct prediction models' 

performa nce on lest datasets fo r thc growing mo nt hs of June to October is 

presented in Figure 5.7. In these figures. the regressio n scatter plots (obsened 

vcrsus pred icted) and the best fit linc arc presented. To come up wilh the best fit. a 

nu mber o f iterations wcre ana lysed lI nt il the best network models were obtained. 

As can be observed from Figu rc 5.7 (a -j ). for thc June pred ict io n model. the best 

fit was obta ined fo r onc-month prediction. The four-month prediction of June data 

(i.e .. ll sing June data to pred ict October) was found to be higher than the three­

month pred iction. The expectation was that there should be low correlation bet\\een 

the two-month data. Therefore, this needs furthc r investigation. 

Bot h July one-month and two-month prcd ictions showed best fit , and as expected. 

the three-mo nth pred ict ion of th is month has a relative ly low fi t co mpared to these 

1\\ 0 time lag predictions. August one-month predict ion was also fou nd to be the 

best fit compared to all of the assessed scatter plols. August two-month and 

Septembe r one-mo nth prediction have low fitness. September one-month predict ion 

was low, because September is a plant growing month. where the 1DVI is 

relat ive ly higher. whereas Octobe r is the end of thc growing season (dry mont h) 

and the two data sets have d iffe rences . 

In all the October pred ictions, the scatter plo t has ext reme outl ier valucs. This was 

ca used by thc very sma ll values of the standard devim ion (ncar to zero) of October 

data. Du ring the standardization. because o f these sma ll va lues. for some pixels 

\ery high SDNDV I va lues were observed as outliers (Figure S.7d. g. i and j). 

At each iteration the correlation coe fficient (r) (which is a measure of the accurnc) , 

leVel o f the mode ls) was assessed. The summary of these accumc) Ic\els for 

differe nt time lag predictions is presented in Table 5.4. The highest correlation 

coeffic ient was atta ined by August one-month pred ict ion (predicting Scptcmber 

us ing Augusl data) . This is in agreemcnt with our expectat io n. Both of these 

mo nths arc vigorous growing periods and can be captured by IDVI data . The 
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lo\\esl correlation was obtained by June three-month prediCtion (u ing June data to 

predict September). This is also in line wit h Our expectation in that June is drier and 

the start of the growing months while September is a vigorous plant gro"lh period. 

and the NOVI data for the two arc diITcrcnl. 

Ta ble 5.4: "rediclion arc " ~ry of the net"'iorks on the fb i d:lI l11stL 

" ",odd_ T.r~~1 tnunth 'l od~" C.rfffat lo • • (~fY\(irlll l r l 

1 June one month predJ(uon July 0 .. , June '''0 month predictIon AUlLuM on 
J June three month predlcllon SePlembcr 0>0 , June roo, month predJ ctl(ln October OlJ , July onc month predlCllon AUlluS! 0 9l , July t"'o month pred1(llOn SePlcmbcJ o J , July thrcc monlh predIctIon "'","" 0 " • '\UguSI one: month predIctIOn September 095 , AuguM two monlh predIctIon """"" on 
10 September ooc month predIctIOn """"" on 
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Figure 5.7: Seauer plot! of obst.n 'ed and prf'dleted 
DroughCO bj« C IlSlng ANN, Ca) June oae monch. (b) June Cwo 
mooCh, (e) June Ibru mooth, (d) J une four monch. (e) July ont 
month, (I') J uly two month. (g) JuCy Cil l"ff monch, (b) Augu I 
oae mooCh. (I) Augusc cwo monch, . nd 0) Stplembt r ooe 
mooch predictloos. The X-.lis pruenCs the modtl prtdlrted 
values ' Dd Cht Y-axis prtsfnts tht obst.n "td v.lut$. The rtd 
UnH.rt cbe bHC fi ts for che SC'atl tr plots. 

S.2.3 DroughtObject ModeliDg Using Regression Tree 

As in the ANN modeling approach. in cross-validating the DroughtObjcct models 

in the regression tree, the data were randomly split into two sets: a training sct 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 oflhe predictions on the test set 
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5. ResultS and Discussioos 

was eva luated. This approach usually gives an idea of hclV. "ell the models 

generalize to unseen data poi nts 11 37). 

The 24 years of data were used for developing the time lag predict ion models. The 

scalier plot exploratory analysis of these fi ve months of models are presented in 

Figure 5.8a - j. In all of these plots. the same patterns were obtaif1('d as those 

observed for ANN in sect ion 5.2.2. Therefore. no c.'(planations are gi\('n here. A 

summary of the models' accu racy and error terms across the live growing months 

(June to OClObcr) are also presented in Table 5.5. The avcrage crror here i in the 

unit of SO NOV I va lues. 

In the time lag pred ict ion analysis. the average errors range from 22 to 190. The 

lowest error was for August one-month prediction and the highest was for Jul) 

three-month prediction. The lowest average error for August one-month predict ion 

was achieved because the next mo nth. September, is more or less similar to August 

SDNDVI values. The highest average error in July three-month predict K>n \\as 

attributed to the difTe rence between the June SDNDVI value. which occurs at the 

stan of the growing period , and the October SDNDVI value. which occurs at the 

end of the growing season when plants have stopped their photosynthetic aCli\ it) 

because they have reached full matu rity. 

In a ll the growing months, the re lative error value (which is the ratio of the avernge 

error magnitude to the error magnitude that would result from always predicting Ihe 

mean va lue) was be low I. This indicates that the average error magnitude is lo\\ er 

in the overa ll observations. Ru lequest [1 371 also indicated thaI fo r useful models 

the relative errors shou ld be less than one. 

The hig hest correlation coe fficient was ach ieved by August one-momh (predict ion 

of September SONOVI va lues using August SD OVI "alues) prediclion. This is in 

agreement wit h our expectation in that both of these months are \ igorous plam 

grow ing months and Ihere is a simi larit y in their SDNDVI values. 

The lowest correlation value was by June three-month predict ion. This is in line 

with our expectat ion because June is the SI3r1 of the growing months and August is 

a vigo rolls growing month. and the twO months h:lVC difTercm 0 IDVI \alues. 
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5. Results and Discussions 

With the same pa ttem as the ANN mode l. the Junr fo ur.month prtdlCtion 

(predict ing Octobe r using June dma) \\ as fo und to be higher than thc June thrtt­

mo nth prediction (pred icting Septem ber uSing June data). O\ erall. 10\\ predict ion 

accuracy was observed when the month of prediction was far from the predictor 

month. This is also in agree ment wit h Our expectations. 

Pred iction accuracy co mparisons of ANN and regress ion trce daul mining too ls are 

prese nted in Figure 5.9. It can be observed thm both too ls have Ihe same accuracy. 

This is because the training and test datascts were found to have well clustered data 

and easy to be class ified. Such type o f data clustering is desc ribed by Ja in et a!. 

[256] fo r different domain s. Therefore, it is poss ible to usc either ANN or 

regress ion tree in fu ture drought pred iction experiments. 

The bas ic statist ica l propert ies were a lso compared between observed and predicted 

data va lues for the one- to four·month predictions based on Z-test for the means 

(Tab le 5.6). All the monthly predict ion Z· ca l 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 ]·mont h prediction ( i.e .. fo r the 

month o f October). Th is means Ihal with the except ion of August two-month and 

September one-month predict ions, there is no significant di ffe rence between the 

mea n val ues o f observed and pred icted data va lues. 

T anle " S, Summary of "alidation ru ullJ for .lunr·OrtoOtr rt e n:~) ion tru modrb. , _. , ' 

No. ~ l onths En llu ll tion on It) \ d~11I 
,\ \'tragr f rror Rtbtio r rrror Corrtla lion 

t Mffi rl tn l 
I lune one momh 37.S 0.49 O.&S 
1 June Iwo monlh 46.488 061 or 
J June Ihree monlh S 1.748 0.67 0.71 , June fou r month 179.7S3 0057 07" , lul\' one month 27.m 0.36 092 
6 lul\' IWO month 39.691 Oll 0 " 
7 lulv Ihree monlh 189.925 0.S9 075 
8 "" US! one month 22.184 0.29 .95 
9 ,'" 1 two month 186.40.1 0 58 OJ, 
10 " ember one momh 180.2N 057 0 
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Figure 5.8: &I tter plots or obsrrnd Ind predicted 
DrougbtObjtct using rtgreuioo trtt: (a) Junr oae 
month. (b) June t",·o month, (c) June threc month. (d) 
June rour month. (c) July oot month. (I) July t"'·o 
month, (g) July three montb, (h) August oat month. (I) 
August two mOOlh, Ind 0) Stptcmbtr oae month 
predictions. The X'llls prHtnu the model prediclrd 
valucs and the Y·axis prcstnu tht obwn'ed vl lua T hr 
red lines I re thc btsf fit ror the SClner 1(1(. 
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Figure 5.9: Prediction accuracy comparison or ANN and rcgrusion Irtt. The numbus 0 11 

the X-axis are the monthly predic tions: (1) June ont month . (2) June ' ..... 0 month. (3) .lune 
three month, (4) June rour monlh, (5) July one mo nth. (6) Jul )' 110 0 month . (7) Jul) thrte 
month. (8) August one month. (9) August ',",,0 monlh. and ( IO) Seplemlx-r one monl h 
pred ictions. 

In the mea ns comparison, the Z-Iest was used instead of (he H est because: lhe 

comparison was done on the population o f both Ihe obscn!ed and predicted data 

values. This means thai the comparison was not between the samples of the 

o bserved a nd the predicted, but rather on the who le popu lation of the observed and 

predicted values of the model outputs. 

Table 5.6 : Statistical comparisons of th e obscr\'cd and modtl prediflt'd \'aluu of the rtgrusion 
tree models. 

1"0, < 1.96 

The errors in the models in gencral arc attributcd to the 10\\ reso lut ion of the 

sate llitc imageries (8km) and the high heterogencity of the ecos),stcms of Ethiopia. 

From OUf practical ex perience, within a short mnge of distance. the c}e\ation. 

vcgctation type. and so il conditions vary greatly. These nltributcs \\cre rtpr~nted 

by 8km reso lution OEM, vCLEth iopin. Innd cover. and wile. These errors co.n be 
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improved by using high spatial reso lut ion imagery products. and thi is one oCtile 

future research projects recommended by th is study. 

S.2A Drought Prediction Model OUlput Visuali1..alions 

The experimental models fro m the regress ion tree approach \\ crc implemented. and 

the models ' output maps arc prcscnlcd in Figure 5. IOa-j using the 1984 drought as 

a case study. The one-month predict ion of June showed the drought extent in Jul) 

with moderate drought in the southern and Western parts of Ethiopia . The nort hern 

part of Ethiopia was found to be in the moist and very moist drought category 

(Figure 5.IOa). The two-month pred iction (for Ihe month of August) showed 

extre me drought classes in the northern and southwestern pans o f Eth;opia (Figure 

S.IOb). This means that during th is momh. these places \\ cre found to have highl) 

deviated SDN DVI va lues compared to the historical mean of the 24 years. During 

this mo nth, the central and eastern parts o f the country were found in the moist 

classes. The three· month prediction of the June model ( i.e .. fo r the mont h of 

September) showed that there was moderate drought all o ver the country except the 

northeastern part of Ethiopia. The northeastern part of the country was found to be 

moist by this model predictio n. The four-month June prediction model showed that 

there were moderate droughts in the south and southeastern part s o f the counl!). 

The mode l accuracies o f the June two- and three-month pred ictions were fo und to 

be lo w (Table 5.5), and accord ingly the maps produced have fewer accuracies than 

the June o ne-mont h prediction. 

The July o ne·mont h prediction map ( fo r the month of August) shcmed tMI 

nort hern. eastern and southern parts of Ethiopia were in the severe drought classes. 

The centra l part of Ethiopia was in the moist and \'er) moist classes b) this 

predict io n (Figure S.IOe). The two-month predict ion (i.e .. for the month of 

September) showed only the northeastern part of Eth iopia in the ext reme 10 sc\ cre 

drought class and the south and southeastern parts in the moderate drought class. 

The central part oflhe country was moist according to this mode l (Figure: S. IOI). 

The fo ur·mont h pred ict ion map showed the northeastern and \~ eS tcm parts of 

Ethio pia in the moist dro ught class and the eastern part ofl he counl l) in the ncar-
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5. Resul ts and Discussions 

normal drought class (Figure 5.[OS)· The three-month July prediction has 11 10 .... 

accuracy model (Table 5.5), and the map also docs 001 rcllec! the rcalit) dUring 

October 1984 . 

The August one-momh prediction (fo r thc month ofScptem!xr) clead) sho .... cd the 

ext reme drought in northern. eastern and southern parts of Eth iopia. This model 

showed high vegetation stress throughout Ihe country with a few exceptions in the 

central and western parts of Ethiopia (Figure 5. r Oh). This model had thc highest 

accuracy of all models (Table 5.5) and also the best fi t in the scatter plot analysis 

(F igure 5.8h). Therefore, this mode l is highly reliable and also showed the extre me 

to severe drought situation described by Ihe literature l65. 66. 257-259), The 

August two-month and September one-month (for the month of October) soo"ed a 

paltern s imilar to the July three-mo nth prediction map (Figure 5.1 Oi and j). 

Overall. as it can be observed from the maps. the beSt models with higher 

accurac ies produced the best panems. As indicated alx>'e. the highest accurnc) 

from the regress ion 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 5.1 Oh). 

As the prediction month length increases. the pattern observed rrom the maps also 

decreases. showing the drought severity. Overall. the one-month predict ions were 

fou nd to be the best. The lasl growing month (October) in all o f the monthly 

predictions showed no change co mpared to the prcvious drought severity SlaIUS. 

These reneet the rea lit y that this month is the end o r the growing mo nth and 

usua ll y dry. Therefore, no SDNDVI deviation is expected in this month. 

From the above ana lys is, it is clear that the drought predict ion models dc\e loped 

can confidently be used for predicting fU lure drought situations with ooc- to four ­

mont h time lags with the accuracy levels prese nted in Table 5.5. The experimental 

maps of drought seve rit y status prediction for the 198" drought in Eth iopia matched 

the rea lity described by d ifferent articles and rcpor1s. Thererore. these models can 

be used fo r any future drought status predictions in the case study area . Using these 

models. a result similar to the accuracy level presented in Table 5.5 can be 
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obtained. For the actual implementat ion of these mode . 
Is, ,he ""Iued mode b 

.icase, .names, and historical.dala /i/o ' were also rod" -~ p ~, and ,hey .... <Cady lOr 
the model implementation. 
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Figure 5.16: Prediction mlps using rtgruslon Ir~ mlMlt'-1J 
presenled in "" gure 5.8: (I) June one monlh. (b) June two 
month, (r) June thr~ monlh. (d) June four month. (e) July 
ODe mooth, (I) July Iwo mOOlh. (g) July IlIIrH monlh. (III) 
August one month. (i) AugUSI IWO mOOlh. I nd 0) 
September one mooth prrtiiclion mlps. The Iq;udJ Ire 
ranges of SDNDV) values. 

The drought severity maps for the years 1984 and 2002 arc presented in Figure 5.11 

and Figure 5. 12, respect ively, using standard drought severity classes defined by 

McKee et .1. [28], McKee et 81. [29] and T,desse ., .1. [71 [. As n can be observed. 

us ing these standard drought severity c lasses, the 1984 drought was highly severe 

compared to the 2002 drought in Eth iopia that covered most of the country. The 

112 

, 

r 

I 
l~ 
1 



,. 

5. Results and Discussions 

2002 drought spatia lly observed in the southeastern and northeastern pans or the 

country was moderate to severe (Figure S.12). 1be extreme drought class \lo IS 001 

observed in 2002. 

Inherently. the DroughtObject modeling in the above experiments was done using a 

spatial resolut ion of Skm. This was done because one of the major data modeling 

attributes of the SDNDVI from NOAA has a spat ial resolution of Sian. To march 

SDNDVI NOAA data, a ll other attributes were converted to Skin spatia l reso lut ion. 

Within 8km spatial reso lution, many different elevations., vegetation types and land 

covers should be expected. Therefore, most of the uncertaint ies in the models and 

prediction maps are from the low reso lution data input used during the mode ling. 

From the assessed pred iction models and maps, the August one·month pred iction 

mode l and map is more reliable and can be used fo r drought monitoring with higher 

accuracy in the June--October growing periods. This mode l and predict ion map can 

be used directly by policy makers at di fferent levels. such as lhe Min istry of 

Agriculture. Disaster Risk Management and Food Security SeclOr. and different 

non-governmental organizations in Ethiopia, to make more informed decisions for 

saving drought victims. Th is information can enable these and oiller related 

organizations to undertake efficient drought mit igation, with minimum impact of 

drought on hu man life and the environment. 

! ,",., 
• <..'\:- ' 

I 

! 
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-- - --
Figure 5.11 : Drought se"rrily ria" map (or Srplembrr 1984. 
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- -
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• . - . - -
Figure 5.11: Drought severity d.ss m.p ror Stplemi>tr 2002. 

S.2.S DrougbtObject ExtracUons 

For DroughtObject extraction, the drought severity exlent in ScpIcmber 1984 

used (Figure 5.13). The descript ive statistics o f al l the pixel values of this month's 

drought severity image are presented in Table 5.7. The va lues are SDNDVI values. 

These values were muhiplied by 100 and the va lues thai are presented in the:: table 

should be divided by 100 to get the actual standardized values. Therefore, a value 

of 100 means I standardized value of the SDNDVI. 

From the assessed pixe ls covering a ll of Ethiopia, about 8% were in extreme 

drought, 25% severe drought, 16% moderate drought, 30% near normal 13% 

mo ist, 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 ttea lthy vegetal ion 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 fo r dcmonstl1l1ing the concept. The map used hert 

(Figure 5.13) was obtained by using the regression tree modc~ which is presented 

in Figure 5.8h (August I-month predK:t ion). 
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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 se lected because the ma.:<imum SONOVI 

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 area w 

assessed. For this purpose, all the pixel values were systematically generated in a 

po int grid map ofthe site. 

Table 5.7: Descriptive staUstks (or SDNDVI VI II't!l ror III or Ethiopll. 

No, ~r1pdo. v,,_ 
I Me, 

·'9.'915 
2 Mediln -51.:! 
) Sandud Dl!viation 1666917 

• Minimum ." , Maximum '" 

Drou:ht St-nrity l\lap for St-ptfnllwr 1984 

ir.-~7~-,.----~~~~~~~--~--~--Leg--e-n-d----'i 
SONOVI Value 

Hio;I1 279 

Low . -43.5 

i i 

Figure 5.13: Drougbt severity nleat in SepkJllMr 1984. 
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...... o=~ ....... .:.-

fi gure 5.14: A subset Image ~l«ltd In 1M nortbern pU1 or EIMopil ror OroughlObj« 1 
UlrltliOft. 

The pixels that were obta ined from the po int grid map were also found to have 

some patterns showing DroughtObject distribut ion 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 (- I), and the 

original negative deviat ion va lues became positive and the posit ive 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 maxi mum deviation va lues were found to decrease 

gradually to loca l minimu m values. revealing the possibility of identifying drought 

objects. In this figure, the red areas arc pixels with max imum deviations that 

gradually decrease to the yellow color, and the blue colors show positive dcviations 

of the pixels (in this case, with optimum red band use for plant photOsynthesis 

activ ity or conversio n of light energy into ehcmK:a1 energy during Septcmber 

1984). After observing these patterns, the drought objects were then extracted using 

the concepts ofloeal maxima and loca l minima SDNDVI deviat ion value . 
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figure 5.15: 3D representlt ioa of SONnVI dtvlltioa "11116 (or the ~pltmbu In. 
drought. T he gnph surfaces reprtSenl relltiH' ly low DNDVI dn'illiQQ in the blue arUl) 
and the highest devil tioo! in the dttp rw lras. TIlt X uis 15 Ihe Ioogiludt In mtlrrs. Ibe 
Y-uis is the latitude in melers and the Z-Ilisis tbe SONDVI ".Iua. 

The actual DroughtObject extraction for the enlire country was done after ditTu ing 

the image using oon-directional an isotropic diffusion. The diffused image of the 

September 1984 drought map is presented in Figu re 5.16. For this diffusion, a low 

pass convolution fi lter with kcmed size 3K3 was used. As can be observed from the 

rigure, the DroughtObjccI patterns from high to k>w severe drought areas art: 

clearly identi fied. 

Using the anisotropic di ffused image, DroughtObject scgmcnt'nt ion was executed 

using the eCognition Developer 8.7 [260] fuzzy segmentation 1001. This 

classificat ion approach works using a membership function, where a pixe l's value 

is dctennined by whether it is closer to one class than another. The segmenled and 

classified map is presented in Figure 5. 17. 

As can be observed from Figure 5.17, most of the extreme droughl classes ~ere 

observed in the northern part of the country. Almost all ofTigray and Afar regions 

were highly affected by the extreme drought class. The severe and modenue 

drought classes were observed in the northern. e851cm and southern parts of the 

country. The near nonna~ moist and very moist classes were ObSC.:Ned in the ccnll1ll 
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and western parts of the country. In this analysis. the: few pixels obscned in the 

extreme moist classes were removed during anisotropic di ffusion and Wert not 

found in the final DroughtObject output map. 

i 

- , 

Legend 

SONOIIIV-. 

'" 

. ... ... -
f igure 5.16: Anisocropic diffused 1m_Ie 01 September 1984 drougbL 
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Figure 5.17: Drought 5enrfly cI-.s5CS III Sepkmber 1984 

118 

1 
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5.3 DroughtObject Model Evaluation 

This sect io n addresses research question three (ho\\ is DroughlObject identified on 

sale llil e imagery eva luaIed using ground observation dal3?). The: model (\3Iu31 100 

here is done in the context of "fi tness for purposc" as described b) Ja"'cman C:I al . 

[761· This is to say that in one way or another. drought monitoring is rtlnted 10 the 

food security of a given distric!. and Ihe drought monitoring 1001 has 10 take this 

reality into account. 

The model eva luat ion was done using a total of sc\'cn years' drought prcdiclKtn 

model output s for the years from 2000 to 2006. For this purpose. Ihc ugusl one­

monlh predict ion model was run for Ihc month of September fo r ali lhe sc\cn )cars. 

In addition to thc static data. all thc dynamic data, such as SPI. AuguSt DNOVI. 

PD~, AMO. NAO, PNA and MEL were prepared for the August month prediction 

during the model implementat ion, Us ing these input data. a lotal of sc\en 

DroughtObject maps were produced (Figure 5. 18). These images \\ere combined 

\\ith zonal admin istrative data of Ethiopia for zonal statistical average data 

extract ion. 
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Figure 5. 18: DroughcObjttC AugUSI 
one monlh predic: lkMI mlps ror ch(' 
yur (a) 2000, (b) 200 1. (c) 2002, (d) 
2003, (c) 2004. (I) 2005. and (g) 
2006. The legUM arc ranges or 
SDNDVI u lucs. 

5.3. 1 DrougbtObject Versus Cernl Yiekl Dala Explora lory Analy is 

The comparison of average DroughtObject and average cereals yield (QtJha) from 

2000 to 2006 is presented on a 2-dimensKmal line graph in Figure S.19. The x-a.'<.is 

shows the zone numbers, yl-axis average DroughtObjcct and y2-a.xis average y;eld 

data. As can be observed from the graph, there is a spatial relat ionship bcl .... ecn 
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ave rage DroughtObjecl and average yield fo r the selected ZOnes. Except for a fev. 

zones. the increase and decrease ofl he two va lues were correlated. 

The descriptive statist ics for average DroughtObjecl values for an zones from 2000 

to 2006 is presented in Tab le 5.8. The minimum mean DroughtObjcct was obsc:n.ed 

for the year 2002 followed by 2001. The maximum standard devisl ;on .... as also 

observed for the year 2002, The year 2002 was a droug ht year in Ethiopia 12611. 

and the overa ll desc ripti ve statistics (Tab le 5.8) of DroughtObjecl also reOeets this 

reality. The max imum mean DroughtObjecl was for the year 2000 followed by 

2004. 

Figure 5.19: Spatial a"erage DroughtObjt tt and yield comparison. The horizonl al 'I\ is 
numbers are Zon ts ( I,",Western Tigrll )'. 2'"'Cenlral Tigrll )'. j .. t:lISlt rn Tigray. "- Soul,hern 
Tigr av. 5=i'/orlh Gonder. 6=Solllh Conder. 7 .. North Wollo. S=Soulh Wollo: 9- "Ii orlh 
Sh ew~ (Region 3). I<FEaSI Cojam. II - WrSI Cojam. n e Wag lIimrfl . 13-,\ WI. 1~"E"s l 
We llega 15=O romia Zone Am hllrll Region. 16- Wrsl Wellega. 17" lIubabor. IS-.hm",l'I . 
19=Wes; Shew!! 20=£ a51 Shewa . 21 - Norlh Shel'o'll Oromill Region. 22- Ar$i. lJ- Wt$1 
IInrerge. 24= Ea~ t IlIIrerge. 25=Dllle. 26" J\ lelekcl. 27- ASQSa. 28=C ura gr. 2 II ~~"Y~, 
30=Kemb:lIa-!\laba-Tembaro. 31"SidaniB. 32 .tllio. 3J"Soulh 01110 . 3" .... lJ t n('h , lal1. 
35""Yc ni. 36=Amaro. 37=Burji. 38" f( 0050. 39z l)era5he. 4O=1I areri . and "I - Oirr DlIwa). 

Tbl 5 81)es ' I r r ror DroughlObjecl , 'alue, ror all $tleclt d lOntS. 2000 - 2006. , , .. cnplll'c 5 a IS IC5 

N. Deso:npttvc Va" 
StlUSIICS 

2000 2001 2002 l OO} ,.,. '01" """ 1 'iean I2J 25 1J<l " 
.14} 14106 IlOU 116B IH·,l 

2 MedIan 12509 1J200 1311 14127 1l!H1 III OJ 124 M 

) Standard 2S S4 1101 'H' I1H "". "" ~as 

de"~Hon , Range 114 J1 9391 18959 1) 20 "" 91ll .... , 
~hntmum "" "" ,IDS 89 9810 9514 nn to" 

6 Mal"mum 18932 15520 U,. 18140 m::o 163 11 17$ 51 
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The average yield data in space and time dimen''''n, - 10 cd F 
.... " Crt exp r or lhlJ 

purpose. cerea l yield average values (both the 0",.11 nd - d- -d I a 10 1\ I UII 8\eragcs of 
Terr. barfey, wheal, maize, sorghu m. millet and oat) "e", 10 d -~- d 

xp rt . "II; e npt l\ c 
statist ics for ce rea l are presented in Table 5.9. Thc cereal ~ ield data \arie both 

tcmporally and spatia lly. The spat io-temporal average yield ana I) sis output is also 

presented in Figure 5.20. 

TAbic 5.9: ~s('fiplh'e s l Ali5lie~ ror ecrut yietd ror Atl 1.QntS 'OOO '006 -- --No Dcscn",l'"c SI.iIU511~S 
VUlt 

'"" '00, '00, "'" lOO' "" , Mean 1092 1273 1110 121 4 1) 00 I) n , MedIan 114S IH2 12J9 IH7 IJ 25 1'26 , St:lndard Devlalll)n 212 Hl HI '" ))l ' " • Range 1262 127S ISil IH4 Is n u n 
5 Mlntmum ' IS 0' ' " S" " . O S 

• MaxImum 1741 17 48 17 9. 11 09 ,,,. 1993 

All the average cro p yields assessed showed almost the same pattern in that there is 

a grad ual increase in yield va lue. except ror oal. The overall} ield increase through 

the years is assumed to be due to improved rarm management, such as fertili zer. 

pesticide appl ications and improved rarming systems through agricultural 

extens ions. The cha llenge now is how to usc these yield data. \\hich are increas ing 

grad uall y fro m year to year. with DroughtObjcct data, which is assumed to increase 

when there is surplus production (favorable weather conditions) and decrease \\hen 

there is a defic it in c rop yield (due to unfavorable weather conditions). In other 

words. in the OroughtObject eva luation lIsing the crop yield data. the expectation 

was that when there is high deviation in SONDVI v:llues (a decrease in 

DroughtObject val ue). there is a decrease in yield value. This way it is possible to 

observe drought incidence on the ground . Thc crop dilla Ihat \\c assessed had II 

gradua l increase in yield from 2000 to 2006. This me:lns there is a trend in the crop 

~ icld data. If we si mply test the correlat ion between DroughtObjcct data and crop 

data without removing the inhcrent trend in crop yield data. unexpected and /or 

mi sleadi ng resu lts can be produced . Therefore. we first re mo\cd the trend and the n 
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5. ResultS and Discussions 

tested the corre lation between the t \~ O attributes. For this purpose. "t dctrcnded the 

crop yie ld data. 

Delrending is removing linear trends from regular!) sampled lime-<iomalO Input. 

output dala [262]. This data process ing operati n helps to estimate more aceunHe 

linear models because linear models ca nnot capture arbitral) differences bct"een 

the input and output signal levels. After detrcnd ing. the relat ionships beh' een 

Dro llghtObject and crop yield data were analyzed . 

The detrended ave rage crop yields for cerea l (Teff, sorghum. maizt'. baric) and 

wheat) arc presented in Figure 5.2 1. Th is is the average temporal yield for aillooes 

for each of the crops. Since the year 2002 was mi ssing. lhe avcrage value oflOOI 

and 2003 were used for 2002. 

Because the year 2002 was missi ng in the yield data. it was not included in the 

statist ica l co mpariso ns. The cerea ls yie ld data showed dUll the )ears 2003 to 2006 

\~ c re below average va lue (zero); for all other years. the cereal yield \\as abo\e 

a\erage ( Figure 5.2 Ia). TefT yield showed the yearly var iatKm clearly. The )ears 

2003. 2005 and 2006 had below·average va lues (Figure 5.2 1 b). o rghum ) ield was 

observed to be be low average from 2003 10 2006 (Figure 5.2 Ie). Maize was 

obse rved to be below average for 2003 and 2004. Barley yield was observed to be 

below average for the yea rs 2000. 2003 and 2004. Wheat yield was found to be 

belo w average for the years 2000 and 2005. 

T he dctrended cro p yield data for all the zones se lec ted for this study were assessed 

for their co rrelation with DroughtObject data. The corre lation and scatter ploiS for 

some of the se lected zones (one zone per assessed region) are presented in Figure 

5.22. The highest correlation was obtained for the Westcrn f-iararge Zone of romia 

reg ion. The lowest correlation coefficient was found for Harari reg ion (~::O.OI. 

scatter plot not presented). 

The analys is result s showed that there is a relationship bel\\cen DroughtObjcct and 

crop yield data. The decrease or increase of DroughlObject \alues in a spacc-time 

dime nsio n can show the deficit or increase of yield data "ilh optimum bel o f 

certa inty. 
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Figure 5.20 : C rop yield pattern for the past 6 yell rs in the' "tudied 7.0nu . 
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f igu re 5.21 : Detrended average spaliotempon l crop yield 
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Figure 5.22 : ScIHter plolS or the rehtlionships be'" ten DroughlOhjt(1 lind ('tUII I 

delrt nded yitld. 

5.3.2 Su mma ry on DroughtObjccI [,ra luation 

• 

• 

• 

In summary, imcresting results were found in c\ aluating the Drougt1l0bj«:1 

producl. Even without any statistical anal ys is. thc DroughIObjt..'C1 model output in 

Figure 5. 18a-g clearly shows Ihal the year 2002 has highl) dc\ jated pi\els 

compared to other years from 2000 to 2006. The model output sho\\ cd "here the 

hig hly dev iated pixel and group of pixels are spatially located. Dc ision malo.crs 
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\\ho are involved in drought risk-management and mit igation can dlrte:ll) usc thi 

information for their resource allocalion and management. 

The objectives of this subsection \\crc 10 1) dc\elop an C\alU3lion mtthod 

spec ifically applicable fo r drought models using crop )ield. and 2) (,\<lluatc I~ 

DroughlObject product using zonal (dist rict level ) crop yield data. Both of thc.sc: 

IWO objectives Wefe addressed and int eresting resull s ~ere otxa incd. 

A simplified model evaluation method was developed. This method started b) 

ex ploring the two attri butes separately using statistica l data cxp loratol') techniques. 

It was found that crop yield data have a trend through the stud ied years from 2000 

to 2006. Therefore. the trend had to be removed before the statistica l relationships 

ana lys is. Aller removing the trend, regress ion analysis were conducted, 

It was found that there arc positive relationships between DroughtObject product 

and crop yie ld data. The maximum coefficient of dctenninat ion (R::) was obsened 

for Western Hararge and the minimum for Harar i reg ion for the years 2000 to 2006, 

The weak correlat ion between the two datascts can be attributed to t\\O major 

reasons: I) aggregation of both the yie ld and DroughlObject data at the zonal 

ad ministrative level; and 2) the two datasets are inherently difTerent. 

The yield data was aggregated at the lonal district level. which is next to regional 

administ rative levels in Ethiopia. This administrative Ic\'el has vcry coarse 

reso lution for yie ld data in that thc CSA report is nOt homogenous from an 

agric ultural and agro·ecologica l point of view. Therefore, the coarse 

administrative level averages cancel local variability of yield and Drought bjcct 

data . One future research project on evaluating the DroughtObjecl model for food 

security and drought monitoring is to usc high reso lution adminisll·ali\e le\C~1 crop 

yield data, such as the woreda administrative level (thc next administnlti\e 

resolution up from the zone administrative le"el in Eth iopia). 

Interest ing ly, even though the Droughl0bject and crop )ield d:nasc\S \\ere from 

diffe rent sources and were produced fo r difTerent purposes. lhcre \\ere strong 

relationships. It was observed that the increase or decrease ofSDNDVI \aluts tiln 

ind icatc the yield incrcase or deficit in the studied districts fo r the ··Mehcr'· gro\\-Ing 

season. Therefore. it is poss ible to say thntlhe DroughtObjccl modd product cnn be 
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used d irectly by all government al and nongo\'ernmenl.1 o · 1 
rganl1.allons 10\0 \ ed In 

drought monitori ng and food securit y assessment . 

5.4 Applicat ion of the DroughtObject Model for AsseSSing the 
2011 Ethiopian Drought 

This sec tion demo nstrates the applie<lbilit y of DroughtObject models for assessing 

drought episodes wit h a datasci outside the model ing years. The models \\Cre built 

for a total of24 yea rs (fro m 1983 to 2006). The model developed using the 24 )cars 

of data From biophys ical. cli mate and satellite data SOurces was used fo r assessing 

the 20 II drought in Ethiopia. Both the static and dyn<lmic data inpuls "ere used as 

described in the prev ious subsections. The static dala (OEf\·1. Land co\er. 

VCLEthiopia and WJ-IC) were directly taken from the modeling d:U3 in lhe 

previous experiments. 

The dynamic data inputs. which include Ihc oceanic ind ices. SPI , and O\fOVI 

data. were derived for the yea r 2011. The oceanic indices AMO. MEL AO. PDO 

and PNA were obtained from the NOAA website {216J as point data for each 

mo nthly period from June to Septemocr 20 11. Us ing these point data. constant 

raster maps were produced using the ArcGIS 9.3 Create Constant Raster Tool 

[203]. For each oceanic index. four d ifferent constant raster maps (for the four 

mo nths June- September) were produced. For the five oceanic ind ices. a lOla I of20 

co nsta nt raster maps were created . 

The SDNDVI was obta ined from cMODIS NOVI dat a. eMODI I DVI dalt. has a 

spatial reso lution of 250m and temporal reso lution of six pentadal composite ( 10 

day updated every fi ve days) fo r each month (185) . The cM DIS DVI data \~ ere 

stretched (mapped) linearly (to byte) values from (.r. 1) to rOo 2001 \\hen obulincd 

from USGS database. These va lues were convened to the original NO I \alue 

as NDV! = (vallie -100) /1 00. where WIllie is the stretched NOVI \alue ([0. 200)). 

Then to obtain the monthly NOVI va lues, the average of tile pcntndal \'3lues 'Aere 

obtai ned fo r June- September. October was nOI included here because it was not 

used ro r the prediction models. 
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The cumulative NDVI (CNDVI) values for the four months ¥.trt obt. ultd b) 

subt racti ng the May 2011 base NOVI (N DVU b) as described an equation 7. ARer 

gelling the CNOVI for each mont hly ... alue. the standardized deviat ion of 'OVI 

(SDNDVI) was obtained using equation 8. The SONDVI \'alues obtained from 1M: 

above analysis were used as model input for the month I) DroughtObj«t predict ion 

mode ls. 

The SPI data was obtained from cMODI with spat ial resolut ion of IOkm and 

temporal resolu tion of dekadal (10 days), The three- month PI data \\:as used in 

Ihis analys is. The data was also obtained in BIL (band intcrlca\ cd b) line) formal. 

\"hich is a fil ing scheme for storing the actual pixe l values oran image in II file . The 

.biJ SPI data was 8 bit format. 

According to a description of the SPI meta dnta from FEW I ET (1 85). tnt .bil 

images were compiled in unsigned 8 bit form;u. The PI negal i\e values .... ere 

stored in reverse order starting at the top end of the possible \l1lues range for each 

data file. Since the 8 bit .bil files have a va lue runge 0- 255. lhe _I \ alues "'ere 

stored as 255. -2 values were stored as 254. etc. Therefore . to comert the bit .bit 

data into Arclnfo grid image SPI data. the fonnula: 

011' _ gr id _ SPI '" CQII( ill _ grid _ SPI >:: 128.(" _ grid _SPI - 2S6.in_ gnd _SPI) was 

imp lemented in ArcGIS 9.3 (203]. Then all the three-month SPI images obtained 

for Junc. July. August and September were used for the monthly predictio n models 

in the DroughtObject model s. 

All the static and dynamic atlribUles were subsettcd and the same spat ial e,"lent \\3S 

obtai ned fo r the datascts. After gelling S3 me spatial eXlent for all the dntasel.s. lhey 

\\ere al so co nvened to same spat ia l reso lution (8000m). Then Mapcubisl \\ as used 

for implementing .he modcis in DOS command . s 

o " " kF It \ arvJmg The o\ emll mapcllbw 1'202 ... modeiName .. f1FA .. .oII'pli. ap,W"'tJmg . .mas I . 

work now for these data integrat ions is presented in Figure 5.23. 

Us ing the regress ion tree DroughtObject models (Figure 5.8). the 10 11 drought 

pred iction Illaps were produced and the models' output map art presented III 

Figure 5.24a- j. The one-month prediction of June sho\\ ed the drought St\ cnt) 1M 

f E h· . The central .... estem the no rt heastern. eastern and southeastern parts 0 I IO pla. . . 
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south\\cstem and northern pans ofElh iopia .... cre found to be In the moist and 'oc.r) 

moist drought category (Figure 5.24a). The h'O and three months' prcdicllon (for 

the month of AuguSt and September, rcspecl l\cl» also shoy,cd a pattern simlw 10 

thc onc-month June prediction map (Figu re S.24b and c), The: four.month June 

predict ion model showed that there were vegetat ion stresses in the C85tcm and 

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

four months' predict ions were found to be low (Table 5.5). and accordingly the 

maps produced have high uncertainties compared to the June one· month prediction. 
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Figure 5.13: Work no .... in 201 1 droughlltsses:smfnl using OrouehlObjul modtl. 

. . ~ h nih of August) sho\\cd that there The July one-month predictIon map (lor t e mo 

· . h . em and southeastern parts of EthKl pia. were extrcme vegeta l10n stresses In t c cnst 
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These areas were also reported to be drought-affected areas during 2011 b) the 

Ethiopian gove rnment (personal communication \\ith stnior CKptrt al DI.SIIstcr Ris 

Management and Food Security Sector of Eth iopia). The central and SOuthern pam 

of Ethiopia were also found to be below average condition during thij: mo nth. The 

northeastern part of Eth io pia, which was Stressed during July (Figure 5.243) ..... ""lS In 

the mo ist category in August. This may be due to summer rain impro\ cmcnt Itlhe 

end o f Jul y and August. The July two-mont h prediction map (for the month o r 

September) showed the revcrse o f the Junc three-momh pred iction: the July 1\\0-

mo nth predic tion showed moist condit io ns. but the June three·month sho\~ed lh:11 

the northeastern pa rt of the count ry was stressed. Th is discrepanc) is due to the 

high uncertainties of these two models. Since the July I\~ o-month predict ion ha a 

high r value compared to the June three-mo nth prediction (Table 5.5). it is possible 

to say that the northeastern part of the country during eplcmber \\35 rclati\cl) in 

the moist drought class. The July three-month pred ic tion. August t\\ o-month 

predict ion. and September one-month pred ict ion maps (for October drought ) \\ert. 

the same as the June four-month pred iction (Figure 5.24c . i. j and d). The August 

one-month prediction (for lhe month of September) showed drought strcss in Ihe 

eastern and southeastern parts of the country and moist drought lasses in the 

western and northern parts of lhe co untry (F igure 5.24i). This model had the highest 

accu racy of all models (Table 5.5) and also the best fit in the scalier plot Ilnal) sis 

(Figure 5.8h). Therefore, this model is highl y rel iable co mpared to other models in 

this analys is. 

Overa ll. as the predic tion month length increases. the pattern obscf"\ed from the 

prediction maps decreases, showing the drought sc\'crity. In this analysis. the one­

month predict ions were found \0 be the best. The lasl gro\\ ing month (October) in 

a ll of the mon thly predictions showed no change compared to pre\ ious historical 

drought severit y status. Th is pattern was also obscned for the 1984 drought 

severity status assessment in Figure 5.103 - j . These reflect the realit) thaI tober 

is the end of the growing season and is usually dry. Therefore. no 0 ' 0 I 

deviation is expected in this mo nth. 
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The DroughtObject model predic tion SDNDVI 'alues '~cre compared "Ith the 

actua l salell ite-mcasured SDNDVI va lues (Figure 5.25). The highest CQrrel~Hion 

cocfficiem (R 2) was obtained for Ihe August one-month predict ion. follo"ed b) the 

June one-month prediction. Unexpectedly. the R2 value for tJl( Jul} one-monlh 

prediction was found to be low (Figure 5.25e). Su rprisingly. the July four.month 

pred iction R2 was a lso greater Ihan both the Ju ly onc-month and two-month 

pred ict ion values and needs further investigation. With the exception of July. as 

predict ion months increase. the R2 va lues were observed to be decreasing. and this 

is in line wit h O Uf expectations. 

The 20 I I drought severity status analysis showed Ihat the DroughtObjc t model. 

which was deve loped from the 24-ycar 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 spatinl resolution 

images of sate llite products. For this purpose. the required modeling 

imple me ntation files .;case . . lJames. and historical .data Jiles were also produced, 

and they are ready for the model implementation. These modc ls will also be used 

fOI a~st:ss ing and predicti ng 2012 and subscquent years' drought sc\crity status. 

Thi s researc h was done usin g low spatial (8000m pixels) and temporal (on month I) 

bases) resolution data. The observed uncertainties were as expected because or the 

high heterogeneity of Eth iopian ecosystcms. Future research plans arc to repeat the 

model ing approach using high spatial and temporal reso lution data and assess how 

much information ga in can be achieved. 
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6. Ill1plcmentatioo and Discussion 

Chapter 6 Implementation and Discuss ion 

6. 1 Implementation Plan 

In Ihis section, the prototype system for Droughl Objccl Information EXira lion i 

prese nted based on the models designed in this work . Figure 6.1 presents the overall 

process of DroughtObjecl Information Extract ion, starting from the actual d:na 

preprocess ing lip 10 knowledge construction and informm ion communical ion. In Ih is 

figure. the colum ns arc the steps in the KDD process. 

The first co lumn presents the data selection process fo r Ihe whole cxperimcm. This step 

is the creat ion o f the target dataset of the attri butes on which Ihe 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 

co llecting the necessa ry information for subsequent modeling. was properly processed for 

both st atic and dynam ic variables. 

The transfo rmmion step. whic h is presented in the third column. was a vcry important 

step in spatia l data analys is. Th is is because spat ial data inheremly have spatial reference 

(longitude and latitude) for locating the Object in the real world . The different datasct s 

coming from different data sources should have the same spatial reference fo r the ovcrla) 

anal ys is and log ical mathematical computations. For th is purpose. coordinate system 

transformat ion was one o f the basic steps at this stage . The different datascts \\ erc also 

standardized (such as SDNDVI) for logical mathematica l computations. 

The founh co lumn presents the rule and data min ing step. Two data mining techniqucs 

were used at this step. based on theoretical recommendat ions as discussed in the I't\'ie" 

seclion. First. the relationships between independent attributes (explnnato!) allributcs) 

and depe ndent att ributes were explored usi ng ANN. Then the required rules were tested 

nnd deve loped using the cubist regression tree data mining tcchnique. The machine 

learning and prediction experiments were also exerc ised at this step. 
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6_ Implementation and Discussion 

The fifth co lumn presents the actual informat ion CXlr3Ction and \isualizat ion step. 1lw:: 

outputS o f the dala mining patterns wcre interpreted at this step. For this purpose. 

sta ndard cartographic output means (maps) \\cre used. The model implemcmal lOn 

outputs \\e re also eva luated allhis step . 

In a ll these processes, recent developments In computations. such as geographic 

informmio n systems (GIS) and knowledge discovery in database (KDD). \\ere used. T~ 

objective of this chapter was to develop a new intelligent system.based concept fo r 

drought info rmat ion ex traction and demonstrate the new concept dc\'cloped in Ihi 

dissertation research . 

. 

·1 e 
. E -I ~ I ion S\'SItnl ~ork nO" . Figure 6. 1: Ge ner~li1.Cd DroughtObjtrllnformllllon , ra • 
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6 lmplcrnent31ion and Discussion 

The nc\\ concept developed in th is research is the identificat ion of DroughtObjt t from. 

group of pixe ls characterizing drought and published in different nrtk-Ies (50-54) . The 

identification of DroughtObjec! from group of pixels im'olved a number of scicntlHc 

investigations. including the identification of Ihc key 311ributcs characterizing drought . 

modeling drought lIsing these key attributes. nnd evaluating the rcliabilit) of the models 

The implementat ion and discuss ions chapter focuses on the concept demonslrntion (If 

DrougntObjecl characterization and machine learn ing and reporting the target objects for 

the end users. The steps involved specifically in the imllgc analYSis pan oflhis prOIOI)'PC 

present at ion are presented in Figure 6.2. In the following subsections. Drought 

Information Extraction Framework, system use case scenario diagram description. 

experimenta l analysis and concept demonst rations. eva luation of thc Drought InformU ion 

Extraction System, di scuss ions. and finally proposed Integrated Drought Informat ion 

System Framework are presented. 

{.~ ..... ~ 

P~"p""cn_ d I.......... I 
l 10 .. ,,, .... S <"II:no ..... u ion ] 

[ 

( 

S .. .. " . .. ..... d 
1) ., O " 1;h , O bj ...... 

r ...... "" .. d 
1) .... U1;h.Ol>j .. c .. 

- _____ 1I01 

c 
r.! - - -. . ~ -

• foll o\\td I" OrollghlOhJtt l !nrormaiion Figure 6.2: Work now for demonstrltli og the mHJor SltPS 
exlrHclion Hod predirlion IlrOl01) pe s)'siem. 
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6 Implementation and Discussion 

6.2 Drought Information Extraction Framework 

Figure 6.3 presents Drought Inrormation ExtractlO' " des',S" h' h ' fi . 
. " IC IS a our.tltr 

rramewo rk includ ing Data Process ing Compo nent. KtlO\\ ledge Base Triggering 

Compo nent. DroughtObject Identificat ion Componem and Koo\l, ledge 

Construction and Presentation Component. Each designed component is brie n) 

described in the ro llowing subsections. 

6.2 .1 Oat:! Processin g Component 

This component accepts both static and dynamic raw data and processes ror the 

subsequent engines. The data interopcrability is included in the system ror 

integrating the different input attributes ror DroughtObject modeling. 

6.2.2 Knowledge Base Triggering Component 

This engine triggers the DroughtObject model by combining the static and d}n8m ic 

datascls accepted through the data processing engine. The regressKl n tree models 

deve loped using the 24 years historical data wcre used as knowledge base ror onc to 

rou r months time lag predictions. It uses the command: ··mapcubist_ v202 

MonthlyPred ictionModel HFA DroughtMap mask.img··. In th is command linc. 

mapc ubist_ v202 was Mapcubist software version 202. MonthlyPrcdict io nModcl 

was the name or the regression tree mode l, HFA was an ERDAS image (. img) 

format ror the model output, DroughtMap was the name or thc out put image. and 

mask. img was the mask file . 

Bes ides the regression tree modeling output files. ror nlllning Mapcubist so ftware 

1\\ 0 fi les were required . These files were : .namcs and .icases. The .names file \\as 

the Jist of both the dependent attribute (SO DVI) and cxplanatory attributes (the 11 

kcy attributes) with their corresponding data type ror DroughtObjcct model. The 

.icases file was the list or both the dependent attribute and expfanatof) attributes 

with the samc order as .names file and its main runction was 10 present the image 

types and their band numbers ror Mapcubist so ft ware. 
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6. Implcmcntatioo and Discussion 

6.2.3 Droug htObjcct Identifica tion Component 

This component has two major modules: anisotropic diffusion and image 

segmentation. Thc algo rithm for anisotropic diffusion is also called l)cnora-rNli~ 

difTusing[263] (A ppendix 3) and it is Ihe technique used for rc mo \ing noise from 

digita l images without blurring edges with a constant diffusion coefficient . The 

fuzzy image segmentat ion module (A ppendix 4) is the actual DroughtObjc t 

creation modu le using standard drought severity classes defined by Mckee ct al. 

[28]. McKee el al. [29] and Tadesse C1 al. [71] . 

6.2A Knowledge Construction and Presentation Component 

The ma in task of th is component is displaying and present ing the analysis output 

for the system user. This funct ionality is also important for extracting the rele \ ant 

patterns for furt her analys is. It has three major modules: publish server services. 

prepare REST Prolocol and Integrated Service Interface. 

The Integrated Service Inte rface serves as an informat ion for delivering drought 

data/informat ion request from different clients. AI Ihe backend it has integrated 

<:erv iccs server (ISS), whic h is instal led at thc drought prediction engine. I S here is 

designed to allow mUltip le searches and data/infonnalion deliver)'. The end product 

of the search from the client side is displayed on GooglcEanh platform for locating 

the data/informat ion on the rea l world co ntext display. 
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6. Implementation and DiSC\lss;on 

6.3 System Use Case Diagram Desc ription 

To de monslrate the OroughtObjec t Infoml3 tion Extract ion conccpt. un,rltd 

mode ling language (UML) was used. The UML usc case diagram for the prOIOI)pe 

is presented in Figure 6.4. This figure is used to depict the: functionalit) and 

behavior of the system from an external po int of view. There nn:: four U5t case . 

InputOata. AnalyseData, StoreData and VicwDatallnformat ion for Drought b,.i«t 

Informat ion Extraction System. The usc cases here present the: funct ional 

requirements or the system at macro level . which captu re the intended bcha\ ior of 

the overall system. These usc cases were selectively taken from Drought 

Informat ion Extraction Framework (Figure 6.3) for clearly demonstrating the 

syste m design and architecturc. 

The behaviors of InputData use case arc expressed by performing the task of 

accepting spatial data. The input data can either be directl) forwarded for gea­

database storage or used fo r analysis. The actors direct Iy involved \\ ith this use case 

are data collector and data analyst (Figure 6.4). The input Data use case has t\\O 

include: PredictDrought and ProducePrcdiclionMaps (Figure 6.5a). Include use 

case relationship in these use cases is that the two use cases (PredictDrought and 

ProducePred ict ionMaps) are included as a subroutine in the inputData usc case. 

Input Data use case also has three extensions: Biophysical Dma. ClimatcData and 

Satell iteOata (Figure 6.5a). These addilional usc cases store a datasct in a differtnt 

formal compared to InputOuta usc case, and the data intcroperabilit) is in ludcd in 

the system for integrating the diffe rent input att ributes fo r DroughtObjccI modeling. 

The main task of View Output usc casc is displaying and presenting the direct input 

data or analysis output fo r the system IIser. This func tionalit) is lliso imponam fo r 

extracti ng Ihe relevant panerns for funher analysis. All lhree octors ill\ohcd in this 

use case interact with this usc case (Figure 6.4). This use case also has four 

difTcre nt extensions (Figu re 6.5b). 

The main task of AnalyseData usc case is to perform DroughtObjcct e",tractKl n 

(such as an isotropic di fTu sion and segmentat ion), and it is the core or tile de\c loped 
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6. Implementation and Discussion 

system in this research. The actor invoh'cd in this usc case ·s t'- d I , _ 
I I~ ala 81U ) 51 o r hili> 

researcher (Figure 6.4). Four usc cases were also included in this usc ease 

InpUI Data usc case for temporary and/or per d 
manent ala Slorage. 

ViewModelOutpUi Graph, VicwPrediclionMap. and viewTabuiarDal8 (Figure 
6.5c). 

The main task of StoreData use case is to Siore the different data inpUiS coming 

from direct data entry or analys is output in a structured and logical way for future: 

retrieval. The actors interacting with this usc c.ase include dala collector and data 

analyst (Figure 6.4). The four usc cases (InpulData. PrcdictionMap. DroughlRepon 

and PrcdictionTabu lardata) were also included in this usc case (Figure 6.5d). 

In additio n to brief usc case relationships. the class diagram for OroughtObjeet 

Information Extraction System is presented in Figure 6.6. In this diagram. there nre 

five blocks with dashed line. The !irst block represents the interfa e of 

DroughtObject Info rmation Extraction System. The interface of DroughtObject 

Information Extract ion System defines thc service olTered by all classes. and it is 

prescmed at the top left co rner. The packages. which groups sim ilar computations 

nrc presented at the to p or thc blocks. The second block presents six classes (for all 

processes from data input up to compilation). which arc included under ILWI 

(Integ rated Land and Water Information System) package. The third block presents 

IwO classes (fo r data storage and retrieval), and they arc included under SQL Server 

package. The fou rth block presents four classes (ror all processes from data analysis 

up to paltern extraction), and they arc represented under Matlab package. The rillh 

block presents five classes (for all processes from knowledge construct ion up to 

serv ice integration), and they arc represented under ArcGIS SCf\'cr p.'lekage. 

In Figure 6.6, inheritance and dependency relationShips of each classes is also 

presented. The inheritance relationships arc presented using solid lines. \~hich arc 

drawn from chi ld classes (the class inheriting the beha\iors) l,I,ith a closed and 

unfilled arrow head pointing to the super classes. The dependency relat io nships of 

the classes are shown with dashed arrow, which mean Ihat the client class make usc 

of the supplier in the computat ion processes 1264). Access dependency 

feint ionships of the packages arc also presented at the top of the figure bcl\~ eCn the 
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6. Implementation and Discussion 

packages. which include the ability of One package to access the Output or ltle other 
package. 

t i-; .J. 
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Figure 6.4 : Concept demonstrat ion proIOI)'pt ror IIU cast InltrlllCllOns 
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6. Implementation and Discussion 

The class diagram in Figure 6.6 is preSCnted for demonstrating hcw, the 

DroughtObjecl In fo rmation Extraction System was pla nned for C'"tnlCting pattern 

frO l11lhe image data and it is presented as a proofofconccPI for futurt: full.nedged 

system architecture. Matlab software was used for the prOiolypc s)~cm 

develo pment and for the experiment . because this software supports easy 

man ipulation o f image data and also has functions that can easily be used for image 

analysis. In addition 10 Matlab. SQL Server for data storage and Mapcubisl for 

image pattern ana lysis were also used, The experimental analysis was done on 

Toshiba Sa tell ite Laptop with memory (RAM) of 4.00 GO and 64-bit Windows 
Vista Operating System . 

144 



I , 

• 

1 
[ ~ 

., -
I, 
~, , 
r"-
• I [ • 

J 



6. Implcmentatioo and Di scussion 

6.4 Experim e nta l A na lys is a nd Conce pt Demonstrat ions 

6 .... . t Process or Dro ughtObject Identifica tion rro m Image I' ixels 

During the DroughtObjcct ident ificat ion experiment. when the SDNDVI image " as 

displayed in Matlab v7.9.0. the image was found to be blurrcd because of 

background values of the image (with a va lue of IO') ) (Figure 6.7). To manage Ibi5 

bl urring effec t, the code presented in Figure 6.8a was implememed. As presented in 

the implementation code. the search was done fi rst fo r the minimum \'alue of all the 

pixels (bac kground pi xe ls with a value of ro·lS) and then ror the maximum value of 

all the pixels. Then, thc max imum va lue was ass igned fo r thc minimum values 

(with a value of IO·lS) to remove the blu rring effect. Accordingly, thc background 

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

The DroughtObject pattern presented in Figure 6.8b was also funher tested using 

contour values. To simplify the number of drought classes. only four of the drought 

classes are presented here: extremely dry (with SDNDVI <= -0.2), moderately dry 

(with SDNDVI >-0.2 AN D <= -0.05), near norma l (with SDNDvl > -0.05 AND 

<=0. 1) and above opt imum (with SDNDVI > 0.1). The implementat ion code for 

contouring the four DroughtObject classes is prcscmcd in Figure 6.9a. As can be 

observed fro m Figure 6.9b, the extreme drought classes were found in the nonhcm 

part of the country dur ing September 1984. 
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6. Implementation and Discussion 

Figure 6.7: September month SDNDVlla 1984 DO ~IIUlb son"'lre 

' '''I: '~'.~'IIIIIi_u/'). 
{" ~{ $I:<'(mtg}: 

", """'''''''O'''l{)): 
"'" 1tf<U(-..{urog)) ; 
J"" l :r 

" w) I .e 
if(iMg(i,JI ",) 
'~'f;JJ _ ; ,., 

,~ 

",", 

''''1f~ I ''mg: 
''''11 ,mldorJJk(lMg); 
' '''N] 'mx-' 
"' , I" 

'1II(((i. :) ''''IiI]('' / - /,:): 
,~ 

( •. r { <a!(''''tU: 
(v( _PtgnJ(f:~./,,): 
>"'f(:z,y.IIItfQ: 

• 
Figure 6.8: A sample or drougblObjUI chlririerizlllion l ad identirlCltion : I) 
implrmenlalioo MIU .. b rooe ror removing blurring rfTKI ... nd b) DrlMlg.hlObjul 
pattrrns .. flrr I"I!moving. background blurring rfJft'L 
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Figure 6.9: Contouring drougbt (iUSH a) Matllb imptemelilition code. b) spllial 
distributions of the (our drought cllsses in September 1984. nc l-uls ud y-uls 
presented in bare pixtlloutlons (rom the origin. 

6.4.2 DrougbtObjecl IdenfjfiClilioD Using Fuzzy Image Segmentation 

b 

The concept of fuzzy DroughtObject identification from image pixels was tested 

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

there were highly deviated pixels at this location). The sample pixe ls for th is 

experiment are presented in Figure 6. I O. Using these pixels. algorithm 5.1 [11 81 

was implemented for fuzzy DroughtObjects extraction. 
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'" 

Figurt 6.1 0: NOAA SONOVI or Seplember 191U Stlttled from northUSltrn Elhiopia. 

Alf.:orilhm 5. J,' Fu zzy DrOllglttObjects eXlruclionfrom IhefQur experimentul pb:elJ,/111J. 

I . 

1. 

I 

,. 
5. 

6 

Defille a St'ed.poll1t c iff the ;'rpllllmtlge. 

Farm a temporary qrll'rlt' Q and a rtal'\'lIlutd a"ay l .. lIlt OM ,f~'IJ f~ (d) jot- tur:IJ 
pixel d. 

For allpixe1s dtC .;ffilioli:ta"ay!r (d):=O ijd7..c: l (d)::1 If d = c 
For of! pixels deC for ... hich!u::."J' pixel adjactncy J1 ( ) > O. add fM,1 d ICq_ Q 

'f'\C".d 

While Ihe queue Q is /101 empl)'. fl'mOl"e plx,f d f r(/l'lf t{Utllt Q lind pujOl''" fltt loUawmg 
opl'ratiml!i: 

elldwhile 

f_ ,. "''' ,d' m"V,(,) . (d,,)) 
if.f~, > f ,(d) 'h", 

1,(d) "I_, 
f or all pi.ufs g lor which ~/(d , g) > O. add g IOqww Q 

endi[ 

7 OIlCII the qUlllle Q is empty. the co",rtCftd,f('ss mop (C.I.) is obtowd 

In algorithm 5. 1, the concepl of queue is used in the conlexi of dal3 slruClurt. in 

whic h Ihe pixels in the image are kepi in order and the principal operations on the 

image are the addition of pixels to the rear tcnninal position aod removal ofentitit:s 

from the from terminal position. This makes the queue a Firsl·ln·First- ut (FIFO) 

data st ructure. The equations in chapter 4 on fuzzy adjacency (equation 13) aod 

fuzzy affinity (equation 16) were used here . The affinilY mnp 'll(c.J) \~as produced 

by exec uting the Algorithm 5. 1. 
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From Figure 6. 10, it can be observed Ihat the highly deviated pixel is the fi rst pixel 

For convenience of describ ing the pixels let us nam, ," . . I · lock 
• III:: pl'~es 10 e \l,1~ 

direction. the first pixe l A, second pixe l B. third pixel C and fourth pixel D. The 

seed pixel (hig hly de viated pixe l) and all other image pixels \\ ith their attributes Ire 

presented in Figure 6. ll a. Using these pixe l values. the fuzzy affinity \'alues \l,erc 

calcu lated usi ng the fuzzy segmentat ion algorithm (Appendix 4), 

The SDNDV I in Figure 6. J la was represented by a pair 1= (C./). in which C 

represent s the image domain (all arrays of the image) and f represents local image 

properties (connectedness map values). Then. liclolo.ll represents a normalized 

image property (feature) associated with pixels of C. To connect thc 1\\ 0 pixels t\ 

and B in Figure 6.10, there were two possible links (either to pass directly A to B­

clockwise di rection or A to C to D to B-ant i-clockwise direction). In Ihis case. a 

path is the number of links between two pixe ls and a rectilinear disumce was used. 

Each link that can be produced is the affinity between successive pixels and has gOI 

strength (affinity val ue). 

The pixels c and d are not expected to be nearby r 117]. and in our context f "" 

represented the SDNDVI va lues or every pixel. Along a JXlth there arc a number 

links, and the strength or a path is the strength or the smallest link. For each palh. 

its stre ngth is defined as the minimum affinity value or all pa ir wise consccut;\e 

clernents on the path, so the strength of the entire path is defined by the strength or 

it s weakest loca l connection. There can be dirrerent paths between two pixels. and 

in the process we strove to get the strongest palh. which finnlly produced Inc 
connectedness map or affinity map. This concept is demonstrated in Figure 6. 11 . 

In Figure 6. 11. we have fo ur links ( 'I'(A.B) , 'l' (A.C).~'(C.D).'l'(8.D) . The: 

calculatio n for each link is presented in Table 6.1. After gell ing the rUZZ) affinil) 

values. the links were assigned; they are prese nted in Figure 6. llb. Finall). using 

this approach, we were able to produce the ruzzy connectcdness map. \\hich \\ilS 

ready fo r applying reasonable threshold va lue and segmentat ion or object 

ide nt ificat ion as described in Sonka et aLI J 171 and Udupa and amarnsekern {1181· 
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6. Implementation and Di scussion 

Start ing from a seed-pixel A and determining the fUZ7.yconnectedncs jI .. Cc.J) CO 

every other pixe l d, in the image domain c. assigning the corresponding 

connectedness value to every pixel. the resulting image " as a funy conncctednc.s.s 

map representing the degree of connectedness of evcry pixel in the image \10 ith the 

seed-pixe l A. Any degree of connectedness in the range (0. II is possible . The 

connectedness map with this concept is presented in Figure 6. 12. 

A very strong connectedness was denoted by I, no connectedness by O. B) 

thresho lding the connectedness map with an appropriate value. only pixels with a 

certain pre-determined minimum degree of connectedness 10 the seed-pixel rema in. 

Thrcsho lding the connectedness map yie lds the segmentlltion result (117). 13) 

impleme nting this co ncept . the segmented image map ror our cxpcrimemal sitc is 

presented in Figure 6,13 , 

Table 6,1: Fuzzy a ffi nity va lues ca1<"ulalion for Ihe four pinls (lei kl .. I lind kl .. I). Tbe­
explanations of the equations used for derhing Ihe \'Idut'$ were pruen,ed in the mtthod 
section 

lin\; 

'"(A. B) ''"' "'(A. C) 097' 

'"(CD) "OJ 
'"(B,D) 0915 

0,985 

" " ,- ,-

StNl plJ~1 ., ill ~ 

'" ~ 0 0 c 
,-

0993 b , 
- t uation I d r m Iy "a lues rakulAltd uSing q Figure 6.11: Identified seed pixel (a) an LIZZY. Inl 

II I 



6. Implanenwioo and Discussion 

Figure 6.12: Fuzzy c:oan«ltdlltsStll map of_II SDSDVI pl lt h I. lat '11M-"-.U.I_~ 

Fil: llrt 6. 13: 
imllgesc(z). 

... 
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6. Implementation and DiSCtlssion 

6.4.3 Syslem Implementation and Usages 

In this subsection. the user interface and 0 II h" 
. • \ era nrc ItCClurt of Orou hi 

Information Extraction System is prescnted T1.. _ prOI I h" I 
• I flC 0 ype grap lei user mttrr"c 

demonstration was done on Matlab so llware v7 9 0 12OJ) ~- b " 
• . . ' IIC maIO 0 !1CCII\C 01 

th is prototype presentation was demonstrating Ihe concept of OroughlObJCC:1 

cha racterization and ident ification from a group of pixe ls and also to present the 

start up fo r future system deve lopment for thc aClUal imp lemc:mstion of thr 

developed concept. There fore, the graphical UScr interface (G I) part of 1~ 
experiment presents ANN training and lesting of drought pixels and subst-qucm 

image ana lys is for characterizing and identifying DroughtObjccl. 

6.4.3. 1 ANN Training and Prediction 

After characterizing and identifying drought spatial object. the e~pc:rimenl focus 

was on predicting drought in one to four momhs' time periods. The 24 )ears of 

historica l data were used for training and testing the net"orks fo r these prrd icuons. 

There were four major steps in the training process of the networks: I) assemble the 

training data, 2) create the network Object. 3) train the network. and 4) imulate the 

netwo rk response to new inputs. 

For the assembly of the training data. the att ributes were ordered in one column of 

different rows and the training data were sp lit into input example data (expla natory 

independent att ributes) and target data (dependent Illlribute. i.e .. targCl DNDVllo 

be predicted). The network object was crealed by training il unl il it learned the 

relalionship between the examples inputs (independent Ill1ributcs and target 

dependent attributes). 

The ANN ana lysis part of the GUI presems 11,1.'0 generalized comm:lIld buttons: 

process backpropagalion and process tesling. The proces bJckpropagat ion button 

represents the training mode of operation and the process testing button rtpre5Cnu 

the usi ng mode oflhe AN . 

d fi Ih "s "pcriment The reason for USing A superv ised training method was usc or I . . 

" d ""ng is that durmg the uperunc.ntll supervised training instead ofunsupcrvisc traml 

k (Ihe DroughIObjCCl). In Ih. ~Ind traini ng. the expected outputs arc already nO\\11 
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o f scenario (when expected outputs 3re kIlO .. ,,"), both ~'Iath\\ o 12 I and Itcazon 

[265] suggested that the appropriate training method is SUpc:n iSfd Inmma; The 

work flow in the DroughtObjccl training experiment is prtstntcd in Figure: 6.14 In 

this training process, the ncural network adjusts the values in the \.\.clghl matrl'( 

based on the difTerences between the anticipated outPUt and the klual output \ 

sample of the learning curve with learning rate of 0.04 is prescnled in Figurt 6. I S. 

J n this training experi ment. a backpropag3lion Algorithm WllS used (Appendix S). 

Sta'l 

Reset back 10 1It.e 
r----or-----.., j,",1'"IInQ palle-neo r---------l 

try 100II'" 

A.ny more 
1'lI 'nng 
INIllern? 

, w ....... ~ 
~clcprOPag ... l lon 

"'. 

-...... -. 
No 

E~.~';>---------------

No , 

F· 6 14 ' Work now in 5upcr\'iscd I)rough tObjett Inlinin;. tgurc . . 
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6. Implementation and Discussion 

~-

~ .~ .. 

I 

--I C • r 00<1 

Figurt 6. 15: ANN lea rning CU"'"t on fnllnin: dalil. 

In the training mode of ANN. the algorithm requ ires the dClcrmin:uion of Ihe 

number of hidden layers and the number of neurons in the hidden la)er. The 

decis ion on the number of layers was made based on lI eaton's (265) 

recommendation that , when the objective of the analysis is 10 approximate any 

fu nction that contains a continuous mapping from one finite space 10 aoolher. one: 

hidden layer is enough. The author further recommended that two hidden lo)crs can 

be used when the objecti ve of the analysis is to Approximate nny smooth m.1ppmg 

to an y accuracy level of the output. Aller reviewing Qlner sim ilar 51Ud teS 1266 • 

267}, two hiddcn layers wcre used in our analysis (Figure 6. I 6) . 
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Figurl' 6. 16: A scretn ShOl rrom ANN backpropagalion lrtin rng. 

Several studies have been done on the number of neurons in a ghen hidden la)er 

for better prediction accuracy [62, 268-272). The challenge here i that using too 

few neurons in the hidde n layers results in underfitling, and using too man) 

neuro ns in the hidden layers resu lts in overfitting [2651. Undcrfilling here is defined 

as too few neurons in the hidden layers to adequately delcct the Droug}1l0bj«1 

pattern from image pixels; and overfilling occurs when the neural nCI\~ or~ has SO 

much information process ing capacity that the lim ited amount of informtuion 

contai ned in the training set of DroughlObjecl pixels is not enough 10 tmin all of the 

neu rons in the hidden layers. For this experiment in the G I. 20 neurons \\ere used 

(s ince relatively good performances were found compared to 0010\\ 20 and aoo\c 

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

propagation algorithm with learning rate of 0.04. 

To implement the using mode of the AI N. requ ired funct ions such as readD3ta and 

SavcToFi lc 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 ~ucm docs 

not belong to the thought list of input paucrn. then the fi ring rule is used to 

determine whether to fire or not. The algorithm and imp lementation code for the 

Ill> 
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using mode of ANN is presented in Append ix 6 U · h. 
. . sing t 15 algorithm. the ndy. 

was tested on an unseen sample dataset The GUI ' 
. lor ANI is also presented In 

Figure 6.17. 

6.4.3.2 DroughtObjccl Extraction 

In the DroughtObjecl extraction process the GUI and · ,' ,. d . 
• to ... rae IOn estgn approach 

keeps the sequence of the digital image processing in such a "ay lhat u ing 1M 

system user selects an image from the local hard drive or gec-database. fter 

access ing the input data. there are two major SICPS in this digital image processing. 

I) ani sotropic diffusion. and 2} image segmentation. Figure 6.17 presentS the 

sample screen shots of the GUI for Dro ughtin fo mull ion Extract ion )Sltm. 

The fi rst step in this image process ing is the anisotropic diffusion. The algorithm 

fo r anisotropic diffusion is also cal led Penora- malik [2631 diffusing. The algonthm 

and implementation code for this diffusion is presented in Appendix 3. It is the 

technique for removing no ise from digital images without blurr ing edges with a 

constant diffusion coefficient. To load the image. fo r anisotropic diffusion. bro""K 

image bunon can be cl icked and il can display the selection preference dialog list 

with the li sls of the images to be displayed (Figure 6.180). Thcn the image is 

selected and displayed in the GUI , as prescnted in Figure 6, 18b. After loading the: 

image on the workspace, if the user accepts the default values of number of 

iterat ions=20, delta_t= 1/7, kappa=4S, the intended difTusion can be produced. 

These va lues are obta ined from the requircment of anisotropic diffusion funclion. 

which needs at least four arguments (ANISOTROPICDIFF(IMJ\GE, NUM)TER, 

DEL TA_ T, KAPPA, OPTIONS). In this argument. IMAGE i any gray scale image 

with MxN matrices of pixels ready for diffusion: 'U~'-'TER is Ike number of 

it erations thaI the algorithm has to iterate: DELTA_T is integrat ion constant (0 < 

delta_t <= 117) (usually this parameter is set to its maximum \'alue I 7): KAPPA i 

gradient modulus threshold that controls the conduction: and OPTIO' are t\ol.l) 

. d · m ·cnt fu nctions proposed b) Perona opt ional arguments, such as con ucllOn coe lei 

and Malik[99]. These two options arc represented by the tWO radio button as opel 

and opt2. 

I~ 
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6. Implementation and Discussion 

To demonstrate the concept, drought severity status image of Elhiopia in September 

1984 was used. Then, using this image (Figure 6.19a), if the user enters lhe 

appropriate inputs and input image, the diffusion algorithm is triggered Ind the 

output image look like the one presented in Figure 6.19b. 

... --• -~ -
-

"" "' 0 
"'J ~...a ...... ,,, 10IIfw00 1 - "* _ [- 1 

[~=l~ 
-~ 
- tlOl ...!..J ___ [>1 ) ", 

• _ _ (>1)1' 

., 
-'Or. I 

A bot from Drno"'bl lnformataoa [Utaclioa SYSlt m. Figure 6.17: .Kr~n 5 ' - l> 

... 

1 ...... ::~~~::~~~~~3~.~'~~~ ... - 03 
,.,....... Ir-! be diSpll )"f:d 'or 

Ixu; for ",IKling Iht Inllgt 10 t-d I, lbe 
Figure- 6 18: Se tte-n shot ror dialog h d' rulory b) .stl«ltd im~ dlsphl, 
an isotro~ic diffusion: a) lisl of imagu In I .e ~)"$Itm • 

. I ' I lion b lr.eUon . CU l of d roughtObJ« t n orm 
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After an isotropic diffusion, the fuzzy segmentat ion can be: impkmcntcd b) cl' .1nJ 

on the Process Fe (fuzzy connectedness) button. This button triggCl'1 the l igorilhm 

and implementat ion code in Appendix 4. The defauh. values neighborhood (n) _ 4, 

declining factor (kl) = 0.01, and gradient weight (k.2) _ 2 can be gh'eft. The 

neighborhood n here is the total sample size (number of pixels im'Ohcd in thr 

neighborhood analysis). In 20 image, the value 4 represents the fou r adjacent pi.\t ls 

neighboring the seed pixe l. The dec lining factor k.l is a non-negative conSlant ror 
non-binary adjacency of pixels. The grad ient weight k.2 is a non-negat ive constllllt 

in fuzzy affinity function. The threshold value in this GU I is the value wh ich show 

a pre-detennined minimum degree of connectedness to the seed-pixel. The 

thresho ld value can be set by check ing the chetkbox and then sliding the slider to 

the required level of threshold value. The segmented AOI image using this 

proced ure is presented in Figure 6.20. 

. E hlAnla in Stpltmlxr 198-': . ) orljtlJlal Figure 6. 19: Drought severity statWl Image or t '''Y' 

image, b) anisotropic diffused imagt. 
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6. Implementation and Discussioo 

SO+I>VI VallM 

'''" 

Figure 6.20: Segmrnled AOllnugr wilb tbresbold ,"'htt oro.8. 

6.S Evaluation of the Drought Informat ion Ext raction System 

For evaluating Drought Infonnation Extraction System, the 201 1 drought year in 

Eth iopia was used as case study. The system prediction was run for the four months 

(July, August, September and October) using only one month pred iction mode l) 

and then compared wit h measured values. The scatter plots are presented in Figure 

6.21. The highest correlation coefficient (R2) was obtained for September nod lhe: 

lowest fo r August month. The highest R2 in September monlh was achieved 

because the model has highest accuracy. The lowes( R2 in August was unexpected 

and needs further investigat ions. 
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Figure ~.2 1 : .Scaller plots and correlation coe fficirnts or 5lI trll ilr musurrd SO'OI)\'I •• tuu 
~'ersus Intelhge nt system p.re~ic t rd SONOV] ' ·alurs. Cal J uly. (b) August. (c) Srptembfr. 
a nd (d) October. The X-U IS IS modr l predicted 50 1"0"1 "alur and Ihr )-Ilb b III lrllllr 
measu red SDNDY] valur. 

6.6 Discussions 

Past efforts for drought monitoring too ls include LEAP (LiH'lihood. Ethiopia. 

Assessment, Protection) software [1861 , WINOISP software (2731, egetlltton 

Drought Response Index (VegO RI ) model [721. and Vegetation Outlook (Veg ut) 

model [7 1]. Speci fica lly, LEA P is drought indexing so ilwllre designed speciflCall) 

fo r the local Eth iopian co ntext. and it was in itiated by the World Food Program 

(WFP) [186]. The soft ware acts as a platform for the clllcuhu ion of \\·cather-oo.scd 

indices, start ing out with the calculation of a water baL1nce indicator (WR I) 

designed by the Food and Agriculture Organization of the United Nations (FAO) 

and used for many years. The LEAP software uses input datasets. such :15 crop 

yield , soil, rainfa ll, actual evapotranspiration. NOVI and li\ elihood for monitonng 

drought [45, 186]. The live lihood baseline dala is used to cal ulate the number of 

beneficiaries of food aid for each dist rict 1186). urrcntl} . inscitutions such as 

NMA [2741, WFP VAM (Vulnerability Analysis and Mapping) [275) and 
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DRMFSS [181] are using LEAP fOrthcir droughl . 
. IlSScSsmem mformation dclh,,,,,", 

to their customers. -~ 

i @ 
-.---.~-- .. ----------------

a 
b 

Figure 6.22: Drougbt extenl assessment maps: a) Orou"IObl'" prod", d b) 1 " 
producll1811. • an .... :A P 

Even though LEAP is a good startup fo r drought monitoring, the difTertnt 

parameters (data inputs) were not coordinated for assessing droughl episodes. The 

software products can g ive a general guide to real-time drought monitoring and nol 

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 leve l with three classes (first priority, second priority and third 

priority emergency re lief intervent ion 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 reat lime drought 

assessment of July. This means that DroughtObject product is a one month·ahead 

prediction of drought extent. It is compelling that the DroughtObjcct model h3s 

advanced informat ion delivery means compared to LEAP software in terms of 

temporal and spatial reso lutions (Figure 6.22 a and b). 

The VegDRI model integrates tradit ional climate-based droughl indicators and 

" .' .' h 01 her biophys ica I in format ion to satellrte-denved vegetatIOn Index metrlCS wit 

162 



... 
i, , 
.' 

6. [mplemenlation and Discussion 

produce drought conditions in ncar-real lime ba ' 1721 0 
SIS • n the other hand. ltv: 

VegOut model produces drought predict ion info . r . 
nnal lOn lOr 1\\0 - to 51.'(-\\,« lime 

periods into the future [71]. Both these models afC '. • 
presemmg informatIOn at • 10 .... 

information level (pixels), whereas the DroughtObjccl Informal ion ExtrltllOn 

System produces at a high information level or objccllc\eI. 

There was no exhaustive model evaluation for VcgDRI and VegOul models (71. 

72, 179]. Compared to these models, the DroughtObjecl model product \\035 

evalua ted and showed that it can explain the food deficit (crop yield) up 10 Rl \a lue 
of 0.9 1. 

In the current research, DroughtObject identification from satell ite image \io U 

demonst rated using simple and easy-to-usc algorithms and implementat ion codes. 

The developed concepts were implemented on GU I-based presentat ion. "hich may 

be the base for fu ture fu ll system deve lopment. The de\'eloped algorithms "Crt also 

tested and improved results were obtained. The output of this new COncc:pl is 

helpfu l in extracting the freely available satellite images for drought mitigat ion 

app lication at different leve ls of decision making. For this purpose. a full fledged 

Integrated Drought Informat ion System Framework is recommended and presented 

in the following subsections . 

6.7 Proposed Integrated Drought Information S)'stem Framework 

The main focus of this dissertation research was on develop ing DroughtObjecl 

mode ling using it s key attributes. The mathematica l modeling experiments \\ert 

clearly demonstrated and eva luated. The integrated drought informat ion system and 

information dissemination experiment is one of the future rtsearch agenda 

. . . F h' 'periment the frame" ork and Ide ntified from the current expenment. or t IS ex . 

. .. 6 23' cd In this frnmc\\ ork. the Drought deSign presented In Figure . IS propos . 

. b . 62 is considered as ooc module: and Information Extract ion discussed 111 su sectIOn . 

Th components of th is proposed the most important component of the system. e · 

system are described in the fo llowing subsections. 
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.:. The Near-Rca l.T ime Environmental Data Sensor 

The environmental ncar-rea l-time data Source proposed in th is system is \ItICO~ 
Second generation (MSG) (276) , MSG is the new European s)~em of 

geostationary meteoro logical satellites together with the associated infrastructure 

The advanced Spi nning Enhanced Visible and Infrared Imager ( EVIRI) 

radio meter on board of the MSG series of geostationary satellites enables the Elnh 

to be scanned in 12 spectral channels from visible to thermal infrared at 15 minute 

interva ls. From these 12 channels, Drought Information System uses channell and 

2 for detecting drought epi sodes. These two visible channels arc \\(11 koo\\ n from 

si mi lar channels of the AYHRR instrument nown on NOAA satellites and can be 

used in combination to generate vegetat ion ind ices (such as DNDVI) 12761_ 
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6. Implementation and Discussion 

The raw data can be direct ly received via the EUMETSAT >'1 " , 
I~ UnlCast DlStnb.nlOn 

System (EUMETCast) and currently IT DOctoral Program has alread) insulJcd 

fully funct ional data receiving station for this s)'stem Th d ' ,_. 
. e ala IS Ul;lng r«CI\ed 

from geostationary position of Meteosat_S. which continuously SCaM tilt Earth 

surface and transmits the data to the EUMETSAT Primar~ Ground lalion In 

Darmstad t (Germany). The received data is pre-processed and rectified imo a 50 

called Level 1.5 data-format ; furthermore the data is compressed and split into 

smal l data packages. These packages are sent to the uplink station in Usinsen 

(Germany) and are subsequently transmitted to the Hot Bird·6 sate llite (combined 

with some other services) [276]. For Africa. the EUTELSAT Atlant ic Bird.) 

satell ite carries the C-Band dissemination service for MSG data. The format of tilt 

C-Band disseminat ion is the same as fo r HotBird-6 disseminat ion. The data is re. 

transmitted to Atlantic Bird-) via the Fueino ground stal ion in Ital). This C.Band 

covers the frequenc ies 3.70 GHz to 4.2 GHz (276). 

For structuring and properly storing the near-real-lime data. a software tool calltd 

the "MSG File Manager" is insta lled and is made funct ional for lhe data recch ing 

stat ion at IT Doctoral Program of Addis Ababa University. This software has been 

deve loped at International Institute for Geo-information Science and Eanh 

Observation (lTC), The Netherlands to move the relevant doto. based on the 

acquisition date and lime, to specific folde rs on the processing syslem's attached 

USB-terabyte disk. A directory structure is automatically crcatL-d under the ma in 

directory where the raw data is moved to, with Year - Month - Day sub-d irectories. 

The tool also creates entries in a log file if data is missing and optionally it can 5('00 

warn ing emai ls if large problems (such as system failures) occur. 

.:. Data Integration Sen'ices Sen 'er 

. '"1 I Dato Processing Component, The data Integration Services Server IS SImI ar 0 
, ' h maJO' r modules: satellite 1'lJ" data discussed under sectIon 6.2. 1. Here It has I ree 

. d biophysical raw data preparalion. preparat ion, cl imate raw data preparal10n an 
. . II he data from static and dynamtc data This server is responsIb le fo r process ing a t 
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6. Implementation and Di scussion 

sources. The data imcroperability is included ' he 
. '. In ( S)Sltm for mlegl'llmg the 

dIfferent mpul aunbutes for Drought Infonnal · S 
Ion )'Slem . 

• :. Intelligent Drought Predict ion System 

The Intelligent Drought Predict ion System Component includes DroughlObjCtt 

Pred iction, Anisotropic Diffusion and DroughlObjccl Idcmification 

which were discussed under section 6.2.2, 6.2.3 and 6.4. 3. 1. 
Modults. 

.:. Knowledge Construction Component 

The main task of this component is displaying and presenting the analysis output 

fo r the system user. This functionalit y is also important for extracting the rtlc\ant 

panerns for further analys is. It has three major modules: prepare ResT 

(representational state transfer) Protocol. publish server services. and Im(grated 

Service Interface. 

• Prepare REST Protocol 

REST protocol is simpler to use than the we ll· known SOAP ( implc Objc t Acce s 

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/informat ion 

to intended clients (v ia REST requests). 

• Publish Server SCn'ices 

The service here is DroughlObject model prediction products of one·lo·four 

month's predictions of drought products represented as GIS resource that the: central 

server is making avai lable to the product users on a network. This scr.icc is 

published in such a way thai enables the geo·processing capability. \\hich 111o~s 

clients 10 run a model on the server and see tOe results in a map seniee. Then. 

cliems can consume those services over World Wide Web (WWW). 

• Integra ted Services Interfaec 

This interface serves as an information for delivering droughl dat3JinfofTTl.1lion 

. . h t. A k d il has intct!ralcd ser. ice sen er (I . ). request from d1fferenl chents. At t e we en -
.' " I here is designed to allo" which is installed at Ihe drought predIctIOn eng me. 

161 



r 

6. Implementation and Discussion 

multiple searches and data/informat ion delivery ~- nd 
• ' II\: e product of the $tvch 

fro m the cl ient side is displayed on GoogkEanh I ' 

data/information on the rea l world Context display . 
P allorm for Iocatin lhe 

• :. Info rmation Com munication Engine 

The Information Communicatio n Engine is responsible for making aUllablc. and 

au tomat ic up loading of published server services to cl ·,ent sid Th 
C' users. ert arC' 1'-'0 

options for these data uploading services: J) sending alert messages for clients. ""00 

arc already registered users, and 2) uploading information for GEO'tET a I 

TclliCast Multicast Distribution System [2 78J. 

• Sending Alert Message 

This opt ion can be managed by sending alert messages to registered users, "'hkh 

ca n be government authorities or any OIher stakeholders ' interested 10 gellhe data. 

This is web-based information dissemination by uploading data/informat ion on a 

ded icated web server fo r clients to refer to it regu larly. This can be supponed b) 

Knowledge Based Drought Decision Suppon System. which includes past elTon In 

managing dro ught ep isode disasters and other auxi liary administrative data for 

managing drought disasters. Therefore, this service is for tnose who are registered 

10 get the service from Drought Informat ion System. It also includes p.1st Drought 

Mit igation Knowledge Base as a base line information. 

• GEONETCast Data Dissemination Serv ice 

The GEONETCast Data Dissemination Service (uploading data/informat ion for 

GEONETCast dissemination serv ice) is supponed in coord ination \~ ilh the e'(istmg 

data deli very systems of GEONETCast. This system is already existing S)stcm. 

which is a near real-time globa l environmental in font'l3t ion deli\ef} s)slcm (27 J. 

. . h h satell·,tes using a muk icllst, .ceC' The data prOViders transm it to users t roug 

controlled, broadband capability. Th is system works with Ihe principle that d;ua 

.' r k site from ".-here lhe datil i up-providers are sending their contributions to an up In 

. d rs The data arc then rtla)'C'd to linked to a commercial sate llite and broa casl to use . 
. . . he r. I inl overage. The conceplual WII other commerCial satellites 10 IOcrease I .00 pr 

disseminalion framework is presented in Figure 6.2.t (278) . 
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There are three GEONETCast Network Centers (GNes) panicipating CO\eJ"mg lhe 

whole globe: I) EUMETSAT wil h EUMETCast. NOAA wnh GEO'ETCa.t 

Americas. and the Chinese Meteorological Administration (C.\IA) "lth 

FENGYUNCasl. For this service, the African Continent is being sentd b) 

EUMETCast C-Band data dissemination. Currently. IT Doctoral Program has gOI 

official user name and password for gelling the ncar- real lirm data from 

EUMETSAT data dissemination services. In the future , \ \ C Il(goti:uc ~ i1h 
EUMETSAT for delivcring DroughtObject product to be disseminated \\ith Ih is 

servicc. Furthermore, future research is also recommended fo r co\cring the 

DroughtObject Prediction System covering the whofe Africa and integrates 1M 

product in EUMETCasl data dissemination system. 

---
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Figure 6.Z4: Dctailcd GEONETCIJI Nrlwork Crn'trs fnmt"'·or or k ~ fn,·ironmfn'IJ dJI.IkI"·H) pi /. 
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Chapter 7 Conclusions and Future Works 

This PhD research was started with the h)~th . h .. . . 
• t"" eSls t at It 15 poSSible 10 dcnllr) . 

charactenze and model drought as spatial obiect T h' . 
J • 0 prove t IS h) podM: I • thr 

research problem was approached by selecti g th . 
n e appropnatc research 

paradigm: design sc ience research framework. Design science theory gi \C5 c:\plicit 

prescr iptions for constructing an artifact and mainly nnswers the question orho", to 

do something, which allows the researcher to clearly analYlC and find the SOlutIOn 

for the target research problem. Accordingly. this thcoretical framc\\ ork", as used 

for the identification, modeling and prediction of drought as spatial obje 1. This 

chapter presents a summary of the research contributions. conclusions and futu~ 
research agendas identified from the current rescarch. 

7.1 Summ ary of ContribUlions of the Work 

Drought is one of the leading problems facing the planet. This dissertat ion thtsis 

aims to provide new approaches to deal wilh the drought problem bener. faster and 

cheaper. Advances in comput ing, data collection and GIS tools ha\C cnabled the 

recent exploration of biophysical. climate and salcliite datascts for drought 

pred iction. These data arc mostly available a1 low cost for researchers and 

environmenta l hazard assessments. In th is thesis, data from vorious new sources 

were combined, to make predictions for drought (os defined by SOl DVI) up to 4 

months in advance. The developed drought prediction models were cvaluated and it 

was confirmed that the models can be used for drought mitigat ion applica, K>ns. 

These findings have implications for the benefactors of such predictions. II was 

demonstrated that in a relatively straight forward way. the Ethiopian go\(.~mmcnt 

might combine data to make better predictions fo r drought than the:) ha\e 10 the 

past. This helps decision makers al different levels to beHer plan for potenti31 food 

insecur ity and helps them to mitigate drought related risks. In addition. the rtSults 

have much broader impact for farmers that can now aHempl to plan ba.std on the 
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current research drought predictions and fi Ii 
Or Irms that hopt to pro\ ide In\Unncc 

for these farmers. 

In the past. most of the drought identification and mod I' 
~ 109 research has betn *' • 

low information level or pixe l level In th O h 
' . IS reseate . drought identmcal ion. 

modeling and prediction were tested 31 a high informat ion spatial object tc\cl 

(group of pixels characterizi ng drought spatial obiect) The ' '00 . 
J • majOr (Cnln !tons of 

this research are I) identifying the key attributes Ofdroughl spatial objcct for ns 

characterization and modeling as a spatial Object. 2) inlcgrming difTerent attribute 

identified from different disciplines (biophysical. climate and satcJlile data source) 

using a KOD approach for an improved drought monitoring informat ion system. 3) 

extracting re levant drought episode data/information for ncar real time and/or 

predict ion, 4) deve loping a practical and easy-to-use model e\aluation approa h 

using crop-yield data. and 5) practica lly demonst rate design science problem 

so lving approach. 

Key auribu/es for charaClerization ond modeling dro/lglu: A total of II atlributcs 

were identified ITom past research analysis. Each of these identified attributes \loIS 

statisticall y tested for its relationship with drought spatial object. These 3nribules 

arc the bas ic attributes frequently used by past research. The dataset from these 

auributes are both extremely large and comprehensive. This dissertntion resellrc:h is 

the first work that combines and co mpares the efficacy of such data fo r the stud), 

s ite ' s context. Other attributes can also be added to these anribUlcs for impm\C'd 

modeling and prediction of DroughtObject in the future. U ing these II auributc • 

we were able to predict DroughtObject one to four months' time lag \\ith optimum 

accuracy. 

Inregraling diJIerenr attributes identified f rom different diSCIplines: um'ntl) \\oc 

have huge datasets ITom differen t disciplines. which can be used for characterrLmg 

and mode ling DroughtObject. The challenge is how to imegl1llc the: diffcrtnt 

1 d fi d c'sion makers. In this rcscllf'th. datasets to convert them to useful know e gc or e I 

the state of the art of KDD was demonstrat ed for dnta selection. prc·processlng. 

transformation, data mining. interpretat ion and knowledge eXlrDction for drought 

h h dntasels available from monitoring. This can help in exploiting t c uge 
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biophysical. climate and satellite sensors for drought 
system. monitoring InfOrtnJl1On 

£ wracting relevant drought episode dlllaJin;ormatlol fio I 
, . I r flear reo Ilm~ cmdor 

prediction: The DroughtObject prediction model de '10 d ' h' 
\e pc: In t IS researth ~" 

tested and was able to produce the envisaged predict ions ·,h h' h Th 
\\ I 1£ ll(.CUf'llC) is 

model can be used directly by those organizations thm are current I} IoI. oriCing on 

drought monitori ng and drought risk tl1.1nagcment in Ethiopia. Tht drought 

predict ion mode ls deve loped showed drought episodes up to four months In 

advance. To our knowledge. th is is the first work that reports drought episode using 

biophysica l, climate and satellite data. Th is is much bener tnan the real'lime 

drought assessment approach using LEAP so ftware both by DRMFS 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 10 predict 

the droughl ep isodes in advance in one· to four months in advance. This predl(l lOn 

capabi lity has great impact for Ihe decision makers who arc in\·ohed in drought 

mitigation efforts. 

Practical and easy.lo-use model evalualion approach llsing crop-)'lefd dato: The 

DroughtObject model deve loped was eva luated with an independent dntasci for its 

app licab ility in "fitness for purpose'· contc.'..:!. The ultimate purpose of drought 

monito ring is to assure food security of a given district. Therefore, the drought 

monitoring tool has to take this real ity into account. Food security is also in one 

way or another re lated to the amount of crop yield produced in a given districl. In 

the past, there was no clearly defined drought monitoring rr()(!eI c\alu:u ion 

approach. This research developed an easy·to-use model cvaluat ion approach '00 

tested the DroughtObject model. It was found that the model can rcliabl) be used 

, d I yield deficit of a district durmg for monitoring both drought seventy status an a so 

Th· . the first work ltut links drought time of drought with reliable accuracy. IS IS 

episode with crop yield deficit in the Ethiopian context. 

In 
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-
I" 

Figur e 7.1: Design scitnte problem ~ving prOC'ess ht 1M ('lInUI rl'Karc". 

7.2 Conclusions 

In this research. we investigated the experimental and practical application of 

DroughtObject identification, modeling and pred iction. The three research 

questions posed in this work were: 1) what arc the most relevant attributes for 

drought monitoring, 2) how is drought modeled as a spatial object for impro\'Cd 

ident ificat ion and prediction, and 3) how is DroughtObjcct ident ified 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 W~ conducted and a total 

of 11 key attributes were identified for the idcntincalion. modeling and prediclion 

of DroughtObject in space.t ime dimensions. These attributes are DE t SOND I. 

three· month SPI , ecosystem (veg·Ethiopia), land cover. WI·Ie, POO. AM . O. 

PNA and MEl. The details of each attribute and why tocy wen:: selected lOr 
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DroughtObject modeling is presented In he 
t materials. melhods and anal)~i.s chapter. 

A Rer a deta iled research review and analysis. each identified auributc \\'"11 

statistically tested fo r it s strengt h of relationships \\ ith DroughtObjcct The 

statistica l strengths of relationships with different combinations for pred ICting 

DroughtObject were also iteratively tested. The deta ils of these expioratol")" 

analyses are presented in the result and discussions section. 

The second research question was approached using the KDD problem soh ing 

approach. The data obtained from the key attr ibutes were passed through the KDD 

steps (data selection, pre-process ing. transformation. data mining. interpretation and 

knOwledge extraction). The data mining models developed u jng ANN and 

regress ion tree models were able to predict DroughtObjcct with high aeeurBC) in 

one 10 four months' time lag. It was practica lly demonstrated that it is possible 10 

ident ify, model and predict DroughtObject using its key attributes in a space-lime 

dimension (Figure 7.2a and b). This helps improve drought risk managemenl and 

prov ides decision makers with info rmation before drought can affect human life 

and the environment. 

The third research question was approached by developing II praclical model 

evaluation method using ground observed crop yield data. The DroughtObject 

model that was developed was evaluated for its applicat ion in showing the drought 

sever it y and food deficit status of a given district (zone IldministrBl ive 1C' \eI). 

Interesting evaluation results were found and it was confi rmed that the model can 

be used directly by those who are responsible for drought monitoring and risl 

management. 
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7,3 Futu re Works 

In light of climate change and uncena inties in fUI , 1.. ' . 

ure " eat .. ,;r condnJOns. rc:search 
that comes up with simple and acc urate droughl mo 'I ' hod" , 

01 onng mel s IS 1000rc:asmSI) 
gelli ng attention. A nu mber of studies have also h ' 

• c aracterlzed drought for ItS 

improved modeling and pred ict ion at low information level. Our CUrrent rtSt'arth 

has demonstrated an object-orient ed ident ification model' d d" r 
. Ing an pre: !CllOn 0 

drought at high in fo rmation leve l. In this experiment , a number of fU lUrc: rescarch 

agendas were ident ified for the improved model ing and management of drought 
episodes. 

The research output currently can be used directly by the decision makcrs It 

d ifferent levels in Ethiopia. How 10 reach these decision makers. and the 

appropriate media for the disseminat ion of the model output. is Ihe: imlllC'dlBtc 

research agenda to be addressed. 

Currently, huge datasets are available from SPOT satellite aod high tcmpoml 

reso lut ion fro m Meteosat sate ll ite (which can be updated evcry 15 minutcs). Data 

filter ing and automating the process for model input is requircd for using thtse 

datascts. The req uired leve l of tempora l reso lutio n of the sateliite products for 

drought monitoring has to be determined for improved resource ut ilization These 

all require high to medium leve l data manage ment rescarch and infrastructure for 

eflic ient implementation of the current research output . 

The curre nt research was conducted using data widl spat ia l reso lution of Skm. Thi 

spatia l reso lution is relative ly low for characteriz.ing heterogeneous cm.ironment 

The errors in the models are also attributed to this low spatial resolut ion of thl: dati 

inpu ts and the high heterogeneity of the ecosystems ofEthiopi:!.. From our practical 

experience, within a short range of distance. the ele"at ion. \egetation type, and soil 

cond itions vary greatly. Future researe can use h tnc method dc: \e: loped heft ",llh 

high spatia l reso lut ion for improved model aecurac) aod llSSCq the: amount of 

in fo rmation gain by using the high spatial resolut ion data. 
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The model evaluation result s also Sho\~ed oplimum ItCCUr3C) (R1 "aloes) rang'" 

from 0.01 to 0.91. This difTerence in the accuracy ofttle model is _gain dot to Io\\' 

administrati\'c reso lut ion (zona l administrative Je\cl) crop )ield data used for the 

model evaluation. E\'aluating the model de\clopcd here u ing high rtJOtution 

administrative dala (\\oreda or kebelc administrati\e le\els) helps to ImproH~ the 

accuracy, which further improves drought mit igntion measures. 

Futurc research may also assess the efficiency. efTecthcness and applicabilit) of 

DroughtObject inforlllalion Extraction System compared to LEAP. VcgORf and 

VegOut for identifying and mOdeling drought episodes. Efficiency here is same as 

Rothermel and Harrold' s 1280J definition of the measurement oftne computational 

cost. which may also determine the practicalit) of a technique. EfTecti\ eness can 

also be measured by comparing OroughtObject Information Extractor" ilh LEAP. 

VegORI and VegOut for identifying and modeling drought episodes. This fUlOre 

research can be practical after the DroughtObjcct In formation E..'tr3Ction S)stem is 

deployed as a working system for organizations \\00 arc current I) \\orklng on 

drought monitoring. 

In this thesis. the b.:1sic ground\\ ork has been laid for better drought predict ion in 

general. In the Ethiopian case. the approach is tested using a large datascI that "ere 

compiled from dirrerem sources. OrganiL'ltions and future researchers cnn usc data 

from biophysical. climate and satellite sources Ihat 3re valuable for predicting 

drought at a relat ively low cost. The potential impact is alread) gre:!! in thm these 

data and methods uscd can be used al most immediate I) 10 help bcner predict 

drought. In an immcdiatc ruture \\ ork. it is recommended to extend and refinc the 

prediction models 10 incorporate spatisl attributes from other b;oph) ita!. chrruuc 

and satellile data. and appropriate spatial statistical methods to\\llrds impro\ing 

predictive performance and the time at \\hieh prediclions can be made rdiabl) In 

addit ion. it is also recommended to design II decision ma~ing tool \\ Ith a GLI to 

hclp decision makers to ma~e bcltcr decisions. espcciall) for offering drought 

related insurance to Ethiopian farmers. 
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Appendices 

Appendices 

Appcndh: I : Climllfic Ind ices :lIId 1I1clli le 1):ll a ror Oroughl J\1oniloring 

1.1 Climatic Indices 

POST 

The PDSI [14 ) ] is prob..1bly still one or the most complex drought indices in usc 
today. and it is also Onc or thc fcwlhat allo \~s a direct comparison ofinde\ \lllues 
between different clim~lIo log ical regions. It is n soil moisture algorithm calibrated 
for relatively homogeneous regions. and is based on moisture inl1o\\ . Qutna" and 
storage [281 J. Details about the PDSI algorithm arc presented in r 142), 

In describing the actual drought s ituat ion in a ghen region. Palmer (143) 
cons idered 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 cons idered to have certainly cnded \\ hen lhe index rca nes the "near 
normal" category. which lies bc(\~ een -0.5 and +0.5, or \\hen the inde>. returns to 
zero. 

BMI 

Thc Bhalme- Mooley index (8MI) \\(IS de\elopcd b) I1halme and \ 'Iook:) (282) for 
assess ing drought iniensilY using 11 prccipitalion pnramcter. The computation.11 
details o flhe BMI and Ihc POSI are general!) similar. \\ilhjust a fe\\ difference 
I3halme and Mooley replaced the moisture lnde\ in J)almcr 's algorithm \\ ilh a 
simpler mont hly rain index computed from Ihe rninfoll data only. Thcrefore. the 
BMI models the percentage depart ure of P from Ihc long-terrn avemges using an 
algorithm s imila r to Ihnt oflhc PO 1(1421. 

SI' T 

McKec ct 31. [281 defined Ihc IOndard Prccipit3lion lnde~ ( PI) a t~ number or 
sta ndard deviations that the observcd cumulati\e minfnll at a giHn lime scale 
would deviate from the long-tenn mean. As a single numeri \alue. the SPI tan be: 
compared across regK>ns \\ith markedl) different climates. 

Since the cumu lative prccipitntion rna) nOt be normall) distributed. \lcKC'C (1 ,I. 
[28J Iransfomlcd the data approximntcT) to the n0rm31 domain 10 standardize the 
drought index. The time sca le of the 1)1 is also f1c~iblc. "hich i5 an auractl\e 
femu re because it is possible to experience \\ct conditions alone: time scale but dr) 
conditions at another simultaneously. Edwnrds and McKe:t (235) sc:l«lcd , J­
month SPI for a short-term drought index, a 12-month PI for an intennedlillc-tcrm 
drought index. and a 4S·month PI for 3 long-term drought index. In principle. the 
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sri indel( is based on the probabi lit y of precipitation ror am tunc lie The 
detailed algorithm o f PI described in (142) . • 

According to McKee et al. 's 128) defin ition of drought categor~s. PI ~ 2.0 mc:ar1$ 
an extremely wet spell. 1.99 ~ PI ~ 1.0 mean \cry to moderatel\ \\(1. 0.99 > PI 
;:: -0.99 means ncar normal. - 1.0 ~ 1)/ ~ -1.99 means moderately to sc\crel; dr) . 
and SPI < -2.0 means an eXlrclncl) dry spell. A drought e\cnt is considered to ha\C 

Occurred any time Ihe SI)I is continuouSly - 1.0 Or less. The event end ",hen the 
sri becomes positive. Therefore. each drought e,ent has a \\ell·defined duration 
[1421· 

As a single numeric va luc. the sri can be compared across regions wilh markedly 
different climates. Ntalc and Gon {145] indicated thai PI is more uitable for 
monitoring drouglns and it has modest data requirements and is easy to interpret 
The SPI is nn indel( based on the probabilit) of recording a ghen amount of 
prec ipitation. and the probabilit ies arc stondardiled SO thm an inde~ or zero 
indicates thc median precipitat ion amount (half of the historical precipltl1t Wln 
amounts arc below the median . and half arc above the median). The index is 
negative for drought. and positive for \\(1 condit ions. As the dr) or \\(t condrtions 
become more severe. the index becomes more negati\(: or positi\e (1 45). PI can 
also be used to determine the magnitude o f a drought in a kx:ahty. Drought 
magnitude is the duration ofdrotlghl \\ith negathe PI de\ial ion e'<presse:d In time 
period ofmonth(s) 1281. 

SWSI 

The Surface Waler upply Indel( ( W I) (2831 is primnril) de\clopcd as a 
hydrolog ical drought index with an inlenlion to replace PO I fo r areas ""here k>cal 
precipitation is nOt the sole or primary source of water. It is calculated based on 
monthly non cxcecdcnce pro~lb i l i l Y from available historical record of rescf\oir 
storage. Slream flow. snow p:lck. and prccipital ion. W I is good measure 10 
monilor the impact o f hydrologic drought nnd industrinl \\al<:r supplies. irrigallon 
and hydroelectric po\\cr generation. Ilowc\-cr. there i! 11 time 1118 before 
precipitation deficiencies arc detected in surface:lnd subsurface \\ ater sources. I\s a 
result. the hydrOlog ica l drought ;5 out of phasc with agricuhurnl drought Because 
of this, the SWSI is n I a suitable ind icmor for agricultural drought (141). 

1.2 List of POtCllt hit d rought ili on itori n g a II ributes from sru cllitc ea rth 
Obsc n '3tion systems :1 of 20 121 185. 28"· 2861. 



Appendices 

1% 



Appendices 

Appendix 2: Rain Fa llll ;lIIer" rorthe 2 .'( 2 Oegr« . rid 
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Appendi x 3: ,\"iSOl rop ic Diffu sio n Algo rilh m and Impl(' menlli flOn 00(' 
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Appendix 4: Fuzzy DroughlOhjccl cgmcnlalion Igo rilhm 
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Appendix 5: An Exce rpl fro m B;t ckproJl :t g ~lI i o n Igorilhm 
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