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Summary

The impact of drought on vegetation, referred to as vegetative drought,
is commonly monitored at a regional scale using satellite based vegetation indices such as the Normalized Difference Vegetation Index (NDVI).
Current monitoring methods of this phenomenon, however, do not make
use of the recent advancements in data types and operators that account
for vagueness. This research aimed at improving methods to analyze vegetative drought at a regional scale by handling its conceptual vagueness.
For that purpose, five studies were conducted at various scales in East
Africa.
The first study aimed at modeling vegetative drought as a vague phenomenon. Four-day maximum composite NDVI images from the Meteosat
Spinning Enhanced Visible and InfraRed Imager (SEVIRI) were used as
input. A membership function was used to model vegetative drought.
The study demonstrated that the use of the membership function, rather
than the crisp one, captured the slow onset of vegetative drought.
The second study aimed at validating the NDVI values obtained in the
first study. Measures of chlorophyll content and percentage of vegetation cover were taken in four pixel-size sites of Bugesera, Rwanda, in
May 2010. Results showed that a NDVI variation between pixels was
influenced by the variation of both parameters combined.
In the third study, the aspect of assessing the vagueness and spatial
extent of vegetative drought was addressed. A time series of 10-day
NDVI images were used for the whole East African Community region.
The drought period from September 2005 to April 2006 was considered.
Measures were implemented and results showed that vegetative drought
had different degrees of vagueness through time, independently of the
width of the transition range. The proposed measures present advantages over the measures provided by a crisp approach as they can express
both the degree of vagueness in the characterization of drought, and the
spatial extent for different levels of certainty.
In the fourth study, the changes of the spatial extent previously quantified were modeled using Markov chains. The method was implemented
i
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using data from 1998 to 2008, for the two main rainy seasons. Three
classes were defined and probability transition matrices were calculated.
Results showed that Markov chains offer potentials to model the dynamics of the spatial extent of vegetative drought at a regional scale.
The fifth study proposed a method to improve the spatio-temporal analysis of vegetative drought by assessing its movement in space and time
using an object-oriented approach. Vegetative drought and rainfall deficit objects were extracted and tracked. The objects were plotted in the
space-time cube. Their speed, direction and relationships were assessed.
This study further quantified the spatio-temporal relationship that existed between the two types of events.
This PhD research offered a quantitative approach to analyze the dynamics of vegetative drought as a vague phenomenon at a regional
scale. Results showed that this approach provided new qualitative and
quantitative information about vegetative drought that improved our
understanding of the phenomenon.

ii

Samenvatting

Het effect van droogte op vegetatie, of “vegetatie droogte”, wordt gewoonlijk gemonitord op een regionale schaal. Daarbij maakt men gebruik
van vegetatie indices die gebaseerd zijn op satellietgegevens, zoals de
Normalized Difference Vegetation Index (NDVI). Actuele monitoring methodes van vegetatie droogte maken echter nog geen gebruik van recent
ontwikkelde data types en operatoren, die rekening houden met vaagheid.
Dit onderzoek richtte zich op het verbeteren van regionale analyse methodes voor vegetatie droogte, door rekening te houden met de conceptuele
vaagheid. Met dat doel werden in Oost-Afrika vijf studies uitgevoerd op
verschillende ruimtelijke schalen.
De eerste studie richtte zich op het modelleren van vegetatie droogte
als een vaag fenomeen. Gegevens kwamen van de Meteosat Spinning
Enhanced Visible and InfraRed Imager (SEVIRI) sensor. Hieruit werden
beelden samengesteld met de maximale NDVI waarde per pixel, gemeten
over vier dagen. Een lidmaatschapsfunctie werd gebruikt om vegetatie
droogte te modelleren. De studie toonde aan dat het gebruik van een
lidmaatschapsfunctie het langzaam opkomen van de vegetatie droogte
beter weergeeft dan een functie met scherpe grenzen.
De tweede studie richtte zich op het valideren van de NDVI gegevens
verkregen in de eerste studie. Het chlorofyl gehalte en de percentages
vegetatie bedekking werden gemeten in mei 2010 in Bugesera, Rwanda, in
vier gebieden ter grootte van een pixel. De resultaten laten zien dat NDVI
variatie tussen pixels wordt beïnvloed door de gecombineerde variatie
van beide parameters.
In de derde studie werd het aspect van vaagheid en de oppervlakte van
vegetatie droogte nader bestudeerd. Een tijdserie van samengestelde
beelden van de tiendaagse maximum NDVI werd gebruikt voor de hele
regio van de Oost-Afrikaanse Gemeenschap (East African Community EAC), gedurende de periode van droogte tussen september 2005 en april
2006. Nieuw ontwikkelde indices werden toegepast en de resultaten
toonden aan dat vegetatie droogte een verschillende mate van vaagheid
kent door de tijd, onafhankelijk van de breedte van de overgangszone.
In vergelijking met indices die uitgaan van scherpe grenzen hebben de
iii
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voorgestelde indices het voordeel dat ze zowel de mate van vaagheid in
de karakterisering van droogte als de oppervlakte van de droogte voor
verschillende niveaus van zekerheid kunnen beschrijven.
In de vierde studie werden de veranderingen in de eerder gekarakteriseerde oppervlakte gemodelleerd met gebruik van Markov reeksen. De
methode werd toegepast op gegevens van 1998 tot 2008, voor de twee
belangrijkste regenseizoenen. Drie klassen werden gedefinieerd en de
matrices met de waarschijnlijkheden van de overgangen tussen deze
klassen werden berekend. De resultaten laten zien dat Markov reeksen
mogelijkheden bieden om de dynamiek van de oppervlakte van vegetatie
droogte te modelleren op een regionale schaal.
In de vijfde studie werd een methode voorgesteld om de beweging van
vegetatie droogte in ruimte en tijd te beschrijven met behulp van een
objectgerichte benadering en zo de analyse van vegetatie droogte in
ruimte en tijd te verbeteren. Vegetatie droogte en neerslagtekort objecten werden geëxtraheerd en gevolgd. De objecten werden uitgezet in een
ruimte-tijd kubus. Hun snelheid, richting en onderlinge relaties werden
vastgesteld. Deze studie kwantificeerde ook de bestaande relatie tussen
vegetatie droogte en neerslagtekort in ruimte en tijd.
Dit PhD onderzoek bood een kwantitatieve benadering voor de regionale
analyse van de dynamiek van vegetatie droogte als een vaag fenomeen.
De resultaten laten zien dat deze benadering nieuwe kwalitatieve en
kwantitatieve informatie oplevert over vegetatie droogte, die ons begrip
van het fenomeen heeft verbeterd.
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1. Introduction

1.1 Motivation: drought in East Africa
Africa has a long history of drought with severe impacts on the environment, economic and social sectors. The international disaster database
of the center for research on epidemiology of disasters (CRED)1 , lists
drought as one of the most severe natural disasters in many parts of
the continent. Environmental losses resulting from damages to plant
and animals lead to many economic impacts in agriculture and related
sectors, because of the heavy reliance of these sectors on surface and
groundwater supplies. Many of the impacts identified as economic and
environmental have social components as well, such as population migration within or outside a country. The drought migrants place increasing
pressure on the social infrastructure, leading to increased poverty and
social unrest.
East Africa particularly is a drought prone region characterised by low
rainfall (Gommes and Petrassi, 1994). Since the late 1990s parts of East
Africa have experienced a decline in rainfall most notably during MarchApril-May, the “long rain” season in many parts of the region (Bradfield,
2011). As most agriculture in the region is dependent on rainfall, drought
has particularly negative impacts on agricultural production. Figure (1.1)
shows drying beans in Bugesera, a drought prone region of Rwanda,
during a short drought period in April 2008. Agriculture is one of the
East African region’s most important sectors, with about 80 % of the
population of the East African Community Partner States living in rural
areas and depending on agriculture for their livelihood (EAC, 2010). During the last decade, media have reported many drought episodes in East
Africa, contributing to humanitarian crises. In 2011, doctors estimated
that admissions for severe malnutrition in children have risen by at
least 25 % in recent months. Furthermore, the United Nations indicated
that 9 million people needed humanitarian assistance in the drought-hit
countries of the Horn of Africa. According to PreventionWeb’statistics
(www.preventionweb.net), drought in Rwanda for instance has affected
and killed more than any other natural disaster, during the period from
1980 to 2010 (Figure 1.2; source PreventionWeb2 ). The lack of food has
contributed to a surge in people leaving war-torn Somalia for neighboring
Kenya in search of help. Many tribes across East Africa also had to leave
their pastoral way of life for urban poverty because of severe droughts
[Andrew Wander/Save the Children].
Various national and international institutions are making efforts to
reduce the negative impacts of drought in East Africa. It is in this
context that the Netherlands Organisation for International Cooperation
in Higher Education (NUFFIC, www.nuffic.nl) sponsored this research
through the NPT programme. NUFFIC also supports drought related
1 EM-DAT,

www.emdat.be

2 http://www.preventionweb.net/english/countries/statistics/?cid=143
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projects in other countries of the region such as in Kenya through the
NICHE programme, where it focuses on rural water management and
provision. NICHE also supports the agricultural sector of Uganda through
enchancing agricultural research and training in Gulu University.

Figure 1.1 Drying beans in Bugesera, Rwanda. Photo taken on April 2008.

1.2 Research concepts
The main concern of this research is vagueness of geographic information, in the context of data quality. The following sections introduce the
concepts of vagueness of geographic information and fuzzy set theory.
Conceptual and operational definitions of drought are provided. The
role of remote sensing in drought analysis is also introduced from this
study’s perspective.

1.2.1 Vagueness of geographic information
Geographic objects are created by humans to represent the physical
world. Whilts many non-geographic objects have boundaries that correspond to physical discontinuities in the World (for example, the extent
of a building), this is not the case for many geographic objects that may
be less well defined (Comber et al., 2006). Many natural phenomena on
3
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Figure 1.2 Percentage of reported people (a) killed and (b) affected by disaster
type in Rwanda, between 1980 and 2010. Source: PreventionWeb

Earth are vague in nature: either they are described in vague terms or
their boundaries in space are not clearly defined (Cheng and Molenaar,
2009). Poorly defined objects are the rule in natural resource mapping.
If the object or the class of objects of interest is poorly defined, then the
uncertainty is a matter of vagueness. An appropriate conceptualization
of uncertainty and the application of related procedures creates a rich
analytical environment where decision-making based on spatial informa4
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tion is facilitated (Molenaar, 1998).
The Sorites Paradox (Fisher, 2000) is one common method used to define
vague concepts. The question always revolves around the threshold
value of some measurable parameters or the opinion of some individual,
expert or otherwise. Fisher et al. (2006) suggested that vagueness can be
treated by fuzzy set theory, although other formalisms such as supervaluation, are also suggested. Fuzzy set theory has been applied to many
geographical information processing studies, and is also used in this
research to model the vagueness of vegetative drought. In the context of
spatial data uncertainty, vagueness and fuzzy set theory are illustrated
in Figure (1.3). To this relatively simplified conceptual model, complexity
has been added by other concepts such as of classification methods and
computer database models Fisher et al. (2006).

Figure 1.3 Vagueness in a conceptual model of spatial data uncertainty (adapted from Fisher et al. 2006).

Spatial data uncertainty as illustrated in Figure (1.3) is part of the broader
context of internal spatial data quality. In philosophy, the term quality
(from the Latin word “qualitas”) is an attribute or property Morwood
(1995). Definitions of the term quality vary greatly but several authors
grouped these definitions into two broad groups: internal quality and
external quality (Devillers and Jeansoulin, 2006). Generally speaking,
internal quality corresponds to the level of similarity that exists between
the real data (to be produced) and the data produced. External quality
corresponds to the similarity between the data produced and user needs
(Devillers and Jeansoulin, 2006), as illustrated in Figure 1.4. In the field
of spatial data, these two groups of definitions are also used.
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Figure 1.4 An illustration of concepts of internal and external data quality
(adapted from Devillers and Jeansoulin 2006)

1.2.2 Fuzzy set theory
Fuzzy set theory was introduced by Zadeh (1965, 1984) as an alternative to Boolean sets. The membership of an object in a Boolean set is
absolute, and it is defined by one of two integer values {0,1}. In contrast,
membership of a fuzzy set is defined by a real number in the range [0,1].
Full membership or non-membership of the set is identified by the limit
values, while all other values define an intermediate degree of belonging
to the set. Fuzzy memberships are commonly identified by one of the
two following methods (Robinson, 1988):
• The similarity relation model, which is data driven model that
involves searching for pattern within a dataset. It is similar to traditional clustering and classification methods. The most common are
the Fuzzy C-Means algorithm (Bezdek, 1981) and the fuzzy neural
networks Foody (1996).
• The semantic import model, which is derived from a formula or
formulae specified by the user or an expert (Altman, 1994), (Wang,
1990). In this research, the semantic import model is adopted.
Several authors discussed fuzzy set theory in the context of addressing
vagueness in geographic information (Robinson, 1988; Klir and Yuan,
1995; Fisher, 2000; Robinson, 2003; Nguyen et al., 2008). The present
research studies built on the work of Dilo (2006); Dilo et al. (2007b,a) to
implement measures to quantify the vagueness of drought.
6
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1.2.3 Drought definitions
Drought is a weather-related recurrent feature of the climate. It occurs
in virtually all climatic zones, and its characteristics vary significantly
among regions. It is related to a deficiency of precipitation over an extended period of time, usually for a season or more. This deficiency results
in a water shortage for some activity, group, or environmental sector.
Drought is also related to the timing of precipitation. Other climatic
factors such as high temperature, high wind, and low relative humidity
are often associated with drought. Drought differs from aridity in that
drought is temporary; aridity is a permanent characteristic of regions
with low rainfall.
Drought is defined in two ways: (1) conceptually, and (2) operationally.
Conceptual definitions help understand the meaning of drought and its
effects. Operational definitions help identify the drought’s beginning,
end, and degree of severity for a given historical period. To determine
the beginning of drought, operational definitions specify the degree of
departure from the average over some time period. The threshold identified as the beginning of a drought is usually established somewhat
arbitrarily, hence characterizing the vagueness of operational drought
definitions.
Four operational definitions of drought are commonly used, at various
scales. These occur in sequence as illustarted in Figure 1.5, and are described according to the US National Drought Mitigation Center (NDMC)
as follows:
• Meteorological drought is defined on the basis of the degree of dryness, in comparison to a normal or average amount of precipitation,
and the duration of the dry period. Definitions of meteorological
drought are region-specific, since the atmospheric conditions that
result in deficiencies of precipitation are highly region-specific.
Data sets required to assess meteorological drought are daily rainfall information, temperature, humidity, wind velocity and pressure,
and evaporation.
• Agricultural drought links various characteristics of meteorological
drought to agricultural (plant) impacts, focusing on precipitation
shortages, differences between actual and potential evapotranspiration, soil-water deficits, reduced groundwater or reservoir levels,
and so on. Plant water demand also depends on prevailing weather
conditions, biological characteristics of the specific plant, its stage
of growth, and the physical and biological properties of the soil.
Data sets required to assess agricultural drought are soil texture,
fertility and soil moisture, crop type and area, crop water requirements, pests and climate.
• Hydrological drought refers to a persistently low discharge and/or
volume of water in streams and reservoirs, lasting months or years.
7
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Data sets required to assess hydrological drought are surface-water
area and volume, surface runoff, streamflow measurements, infiltration, water-table fluctuations, and aquifer parameters.
• Socio-economic drought associates the supply and demand of some
economic good with elements of meteorological, hydrological, and
agricultural drought. It differs from the other types of drought in
that its occurrence depends on the processes of supply and demand.
Socio-economic drought occurs when the demand for an economic
good exceeds the supply as a result of a weather-related shortfall in
water supply. Data sets required to assess socio-economic drought
are human and animal population and growth rate, water and
fodder requirements, severity of crop failure, industry type and
water requirements.

Figure 1.5 The deficiency of precipitation triggers a typical sequence
of meteorological, agricultural and hydrological drought (adapted from
www.drought.unl.edu).

Vegetation is the first element affected on the ground, when compared
to hydrology. Changes in vegetation cover can reflect the individual or
combined influence of factors such as seasonal precipitation, temperature and soil moisture conditions. This research considers a broader
view of agricultural drought. The impact of drought on vegetation, here8
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after called vegetative drought, can hence be characterized from the
changes of vegetation conditions in general. The definition of vegetative
drought is also vague, as transition between vegetation condition classes
is gradual. Figure 1.5, presents drought in broad terms. Quantification
and uncertainties, although not represented in the figure, are present in
all stages and are critical to the definition of each category of drought.
To this general view of drought, the present research adds the concept
of vagueness of defining a vegetative drought.

1.2.4 Remote sensing and drought
Satellite images provide an opportunity to determine the rates of change
in biotic resources in response to drought influences. Healthy, synthetically active vegetation reflects near infrared light strongly, and it is mainly
this characteristic that enables the sensors to monitor the dynamics of
green vegetation from space. Reflectance measurements are transmitted
to a ground receiving station where computers record the data. The
present research studies focus on processing those recorded data for
drought impact analysis on vegetation, refered to as vegetative drought.
Many studies have shown the efficiency of the use of remote sensing (RS)
techniques for drought monitoring and in many regions of the world,
images data are used for drought studies. The use of RS techniques to
monitor drought has been seen efficient not only in the use of drought
indices; but with the fact that remote sensing techniques offer the possibility to collect much information at a time, of large geographic coverage,
and more frequently, with fewer resources compared to ground-based
observations. Some regions in the world cannot afford necessary groundbased observations (terrain not accessible or resources not available) for
drought studies and as such, RS techniques provide a low cost alternative
way for collecting data. Their main advantage is their rapid and coverage
of large land areas.
Drought indices are used to characterize operational droughts. Among
them are the Percent of Normal Precipitation (PNP), the Standard Precipitation Index (SPI), the Deciles (monthly drought) and the Palmer Drought
Severity Index (PDSI), developed for meteorological drought. The Surface Water Supply Index (SWSI) and Reclamation Drought Index (RDI)
were designed to be indicators of surface water conditions and combine
both hydrological and climatological features. Vegetation indices (VI) are
commonly used to assess the impact of drought on vegetation. Among
them are the Normalized Difference Vegetation Index (NDVI), the Vegetation Condition Index (VCI), the Normanilzed Difference Water Index
(NDWI), the Land Surface Water Index (LSWI) and Shortwave Infrared
Water Stress Index (SIWSI). The NDWI, LSWI and SIWSI are more sensitive
to liquid water in plants, as compared to NDVI, and less sensitive to
atmospheric scattering effects. NDWI (Gao, 1996) for instance showed
9
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a quicker response to drought conditions than NDVI (Gu et al., 2007,
2008). These vegetation water indices are more sensitive to crop stages
and both NDWI and LSWI show strong relationships with NDVI (Gu et al.,
2007; Chandrasekar et al., 2010). NDVI, although simple, has been used
successfully in drought detection (Moulin et al., 1998), and furthermore,
the images needed to implement our approach were available for free.
For these reasons, satellite-based NDVI images are selected to illustrate
the research’s approach.

1.3 Application
1.3.1 Study area
The sites considered in the studies are located within the boundaries of
the East African region shown in Figure 1.6. This region covers a subset of
East Africa that includes five countries, namely, Burundi, Kenya, Uganda,
Tanzania and Rwanda. The region, also referred to as the East Africa
Community (EAC), is situated between the latitude 4◦ N and 2◦ S, and
longitude 28◦ E and 42◦ E. It covers a surface of 1.82 million km 2 , with
a population of more than 133 million (EAC, 2010). The climate in East
Africa is predominantly semiarid (Steppe), arid and highland (Stahler
1997).

Figure 1.6 Subsest of East Africa on a land cover image, with countries boundaries in yellow. Green indicates dense vegetation while grey indicates bare soil.
The image is a mosaic of SPOT VGT data of the year 2000.
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1.3.2 Datasets description
The main dataset used in this research is the NDVI images dataset derived
from the National Oceanic and Atmospheric Administration - Advanced
Very High Resolution Radiometer (NOAA-AVHRR). This dataset covering
East Africa was freely available during most of the research period at
the USGS FEWS NET Data portal 3 . The NDVI images are 10-day (dekad)
maximum composites, with a pixel size of 8 km. The long-term mean
NDVI images are calculated for every dekad from the year 1982 to the
year 2005 at least. Detailed descriptions of the selected time periods and
spatial extent are given in specific chapters.
Images from the Meteosat Second Generation - Spinning Enhanced Visible
and InfraRed Imager (MSG-SEVIRI) are also used in this research. The 15minutes NDVI images were obtained from the first (VIS0.6, red centered
at 0.6 µm) and second (VIS0.8, near infrared centered at 0.8 µm) bands of
the images 4 . These images were imported using the EUMETCast service
at ITC, via the MSG data retriever tool (Maathuis et al., 2005) developed
for reading the images in Geospatial Data Abstraction Library (GDAL,
http://www.gdal.org). Descriptions of the selected time periods and
image characteristics are given in Chapter 2.
The NOAA-AVHRR derived Rainfall Estimate (RFE) images used as input to
obtained rainfall deficit images were also imported from the same USGS
FEWS NET Data portal. These data have the same spatial and temporal
characteristics than the NDVI data. Rainfall data were also obtained for
Embu in Kenya, from the National Climatic Data Centre NCDC (2010) and
rainfall data for Kigali were obtained from the Rwandan Meteorological
Service, in Kigali, Rwanda.

1.4 Research objectives
1.4.1 General objective
Metrics that allow to represent and reason with vagueness in spatial
information within a GIS such as in Dilo et al. (2007b,a) have been
developed. Although vegetative drought is vague in nature, drought
monitoring methods have not yet benefited from these advancements.
As a result, the vagueness of vegetative drought is not accounted for,
leaving out potential information to improve our understanding of the
phenomenon.
This research aims principally at developing a methodology to model
and quantify vagueness of vegetative drought in the process of monitor3 http://earlywarning.usgs.gov/fews/
4 http://www.eumetsat.int/groups/ops/documents/document/pdf_ten_052561_msg1
_spctrbnds.pdf
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ing. The proposed methodology is illustrated on monitoring vegetative
drought in East Africa at a regional level. In particular, five research
objectives have been devised with related research questions.

1.4.2 Specific objectives
The first objective is to improve the early detection of drought using
NDVI derived Meteosat SEVIRI data in Eastern Africa. In doing so, using
a membership function to account for vagueness in the definition of
vegetative drought. The drought spell in eastern Africa at the end of the
year 2005 is used to illustrate the approach.
The second objective is to validate the observed SEVIRI NDVI values.
This is performed by quantifying the spatial variability of vegetation
condition, expressed in chlorophyll content and percentage of vegetation
cover. The study is implemented in Bugesera, Rwanda, on SEVIRI pixels
related sites. These values are then compared with SEVIRI NDVI values.
The third objective is to improve the quantification of vegetative drought
by taking into account its vagueness. Measures are proposed to quantify
the spatial extent and vagueness of vegetative drought at a regional level,
using NOAA-AVHRR derived NDVI data.
The fourth objective is to model the dynamics of vegetative drought
area. In doing so, exploring the potential of Markov chains to model of
dynamics of areas of vegetative drought at a regional scale. The method
is applied in Eastern Africa, using NOAA-AVHRR derived NDVI data.
The fifth objective is to improve the analysis of the spatio-temporal
movements of vegetative drought modeled as a vague phenomenon.
In doing that, it also relates these movements to the spatio-temporal
movement of rainfall deficit. An object-oriented approach is proposed
and NOAA-AVHRR derived data are used. The study is implemented in
East Africa.

1.5 Dissertation outline
This dissertation consists of seven chapters. The five core chapters (2-6)
focus on the aforementioned five research objectives respectively. These
five chapters have either been published or are submitted for publication as peer-reviewed papers in ISI journals or peer-reviewed conference
papers.
Chapter 1 first describes the rational behind the selection of the research
topic. The concepts used, the objectives and related research questions
are then presented. The study area and dataset are introduced and lastly,
12
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the outline of the dissertation is given.
Chapter 2 addresses the first objective of the research. A method based
on fuzzy set theory is proposed to model vegetative drought and its
vagueness. The method is implemented at selected pixel-location of
vegetated sites in the Kenya and Rwanda.
Chapter 3 relates to the second objective, and describes the method used
to validate NDVI values obtained in Chapter 2. A field data collection
was conducted in Bugesera, a drought prone-region of Rwanda, using the
line transects method. The ground measurements were compared with
SEVIRI derived NDVI values.
Chapter 4, related to the third objective, describes methods developed
to quantify the spatial extent and vagueness of vegetative drought. Measures for vague objects for continuous space proposed by Dilo (2006);
Dilo et al. (2007a) are adapted for raster data.
Chapter 5, related to the fourth objective, explores the potential of
Markov chains (Balzter, 2000) to model the dynamics of vegetative
drought classes. Markov chains have been used by various authors
to model the dynamics of random processes. In this study, it is used for
the first time to model the dynamics of vegetative drought using NDVI
data. The models are also used to predict the area of vegetative drought
classes.
Chapter 6 is related to the fifth objective and describes the methods
used to assess the movement of vegetative drought and its relationship
with rainfall deficit. Objects are extracted and tracked using a regionoverlapping method, embedded in the Dynomap software (Turdukolov,
2007). The centroids of these objects are plotted in the space-time cube.
The direction and speed are further quantified.
Chapter 7 summarizes the results obtained in Chapters 2-6, discusses
and conclude the studies. A reflection is provided on the main contributions and limitations of these studies. Opportunities for further studies
are also discussed.
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Abstract

Meteosat Spinning Enhanced Visible and InfraRed Imager (SEVIRI) image
data provide frequent NDVI time series which can be used to assess the
evolution of drought from vegetation conditions. Vegetation condition
is characterized in space by the deviation of the current NDVI observations at locations from their temporal mean values. In this study, the
gradual evolution of vegetation stress is assumed caused by drought.
The vagueness of vegetative drought is modeled with the use of a membership function applied to vegetation stress values. The approach was
implemented on subset image data of Eastern Africa. Vegetated sites
in a drought prone area of the region serve as an illustration using the
drought spell at the end of 2005. This study showed that the use of a
membership function allows capturing the gradual evolution of drought
and can be used to model drought from observed vegetation conditions.
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2.1 Introduction and background
Drought is defined as an extended period of abnormally dry weather that
causes water shortage and damage to vegetation. It is a creeping and
recurrent natural phenomenon and its impacts, covering large areas, can
last for weeks or months (Wilhite, 2005). The onset, duration and severity of droughts are often difficult to determine and their characteristics
may vary significantly from one region to another. In systems relying
on rainfall as the sole source of moisture for crop or pasture growth,
seasonal rainfall variability is inevitably mirrored in both highly variable
production levels as well as in the risk-averse livelihoods (Cooper et al.,
2008).
Africa has a long history of rainfall fluctuations of varying lengths and
intensities Nicholson (1994, 2000). At different spatial and temporal
scales, studies showed different behavior of rainfall trends in Africa;
while studies by Olsson et al. (2005) and Herman et al. (2005) showed an
increase of rainfall and greenness in parts of the Sahel region, Swenson
and Wahr (2009) showed a decrease of water shortage in Eastern Africa
between 2003 and 2008 where drought and famine situations were periodically reported (FEWSNETf, 2005) (FEWSNETb, 2006).
Drought has particulary negative impacts on agricultural production
in the Eastern African region, as most of agriculture is dependent on
rainfall (Barron et al., 2003), (Slegers, 2008), (Thorton et al., 2009). In this
study the focus is on monitoring the impacts of drought on vegetation,
referred to as vegetative drought, using a membership function applied
to Meteosat Spinning Enhanced Visible and Infrared Imager (SEVIRI) data.

2.1.1 Vegetation index
Satellite vegetation monitoring involves the exploitation of information
from the red and near-infrared wavelengths combined into the Normalized Difference Vegetation Index (NDVI) (Tucker, 1979). NDVI is
calculated as in equation (2.1)

NDV I =

NIR − RED
NIR + RED

(2.1)

where NIR and RED are the spectral reflectance in the near infrared (0.75
– 1.1 µm for NOAA-AVHRR channels) and red (0.4 – 0.7 µm for NOAAAVHRR channels channels) respectively. For SEVIRI images, NIR and
RED correspond to VIS0.6 (0.56 – 0.71 µm) and VIS0.8 (0.74 – 0.88 µm)
respectively. NDVI is the most commonly used vegetation index and has
been shown to be related to vegetation vigor, percentage green cover and
biomass (Myneni and Asrar, 1994) (Anyamba and Tucker, 2005; Tucker
and Stenseth, 2005). It is a non-linear function that varies between -1
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and +1, and is undefined when both NIR and RED are zero. NDVI values
for vegetated land areas generally range from approximately 0.1 to 0.7,
with values greater than 0.5 indicating dense vegetation. Values less than
0.1 indicate no vegetation but barren area, rock, sand or snow (Tucker,
1979).

2.1.2 Monitoring vegetative drought
Monitoring vegetative drought usually requires a large amount of temporal data, and Remote Sensing (RS) technologies provide necessary
means to collect these at regular intervals. NDVI is commonly calculated
using image data from polar orbiting satellites, which carry sensors detecting radiation in red and infrared wavelengths. Despite their daily
image data acquisitions, it may not be possible to obtain frequent cloud
free image data. In order to minimize the effects of clouds and atmospheric influence from aerosols and water vapor, temporal composites
of 10 or 16 days are often used (Holben, 1986). The high temporal frequency of SEVIRI data increases the chance to obtain cloud free images
during a day and daily NDVI data is now more often available (Fensholt
et al., 2006).
Vegetation conditions can be characterized by the deviation of the current NDVI values from their corresponding temporal mean NDVI values,
usually calculated over a long period such as one or more decades. At
each pixel site, this deviation, referred to in this chapter as DV(t,s), is
calculated as the difference between the current NDVI value and its
corresponding time series mean (equation (2.2)) (Anyamba and Tucker,
2005).
DV (t, s) = NDV I(t, s) − NDV I(s)

(2.2)

where NDVI (t, s) is the current NDVI at site s and time t, and NDVI (s)
is the mean NDVI value for different times, calculated for the time
frame of the data series. When DV(t,s) is negative, it indicates below
normal vegetation conditions and therefore suggests prevailing drought
conditions; a large negative, persistent in time, corresponds with a severe
drought. This indicator has been used and discussed in various studies
(Anyamba and Tucker, 2005) (Bajgirana et al., 2008).

2.1.3 Vegetative drought and uncertainties
Vegetation condition values, characterized by DV(t,s), are an interpretation of quantitative measurements of vegetation conditions. Drought
classes are traditionally defined based on these quantitative measurements and modeled in geographic information systems (GIS) using traditional crisp classification techniques. This approach does not reflect
the transition between the “drought” and “non-drought” classes. For
18
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drought, a gradual transition reflecting its severity is more appropriate.
Moreover, at a location, the severity of drought depends not only on the
intensity of vegetation stress but also on its duration (IMWI, 2010). Since
vegetation stress caused by drought increases gradually over time, a hard
spatial classification cannot discriminate potential information that can
lead to a better understanding of drought onset and development. The
coarse spatial resolution of SEVIRI data, which is 3 km at the sub-satellite
point, introduces further spatial uncertainties due to the mixture of land
cover elements.
The aim of this study is to improve the early detection of drought using
Meteosat SEVIRI data in eastern Africa. In doing so, use of a membership
function to account for uncertainties in the definition of vegetative
drought. The drought spell in Eastern Africa at the end of the year 2005
illustrates our approach.

2.2 Study area and period
The Eastern African region consists of nine countries usually divided
geographically into sub-regions based on different types of vegetation,
availability of water and topography. The continental sub-regions of Eastern Africa include the Great Lakes Region and the Horn of Africa. Lakes
and rivers are the main water sources in Eastern Africa and where these
are absent, sub-regions depend on rainfall. The first, more abundant
rainy season is from around April to May and the second, more variable
rainy season from around October to November (Hastenrath, 2001).
For this study, a subset of images of Eastern Africa, acquired for the
months of September to December between 2005 and 2007 was selected.
The method was applied to the whole subset image data of Eastern Africa,
whereas eight crop field locations in drought prone areas (see Figure 2.1)
were analyzed in more detail. The characteristics of these selected sites
are presented in Table 2.1. Furthermore, Figure 2.1 shows three other
locations (L1,3 ) which are selected for the observation of NDVI diurnal
variation. More details are given in section 2.3.
Rainfall in Kenya is closely linked to the livelihoods of its citizens and
the health of the nation’s economy. For example, the La Niña drought
of 1998-2000 caused damages such as the loss of hydropower and
industrial production, the loss of crop and livestock, and with severe
economic impacts, estimated at 16 % of GDP in each of the two years.
Since 98 % of Kenya’s cropping is rainfed, most farmers are exposed
to the high variability of rainfall within and between years (WRI, 2007)
(Slegers, 2008). Rwanda’s crop seasons are directly related to the two
rainy seasons, with the first season running from September to December,
followed by the second season from February to July. There is also a
third marshland season that runs from June to September and October
(MINAGRI, 2009). Rwanda is frequently confronted with incidences of
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drought, as a result of erratic and below average rainfall in the rainy
seasons. Since agriculture is mostly dependent on rainfall, a reduction in
the levels of precipitation has a direct impact on agricultural production.
In general, the areas in Rwanda that are most prone to drought are the
Central, Eastern and Southern regions of the country. From the end of
2005 to the beginning of 2006, parts of Eastern Africa, such as in Rwanda
(FEWSNETd, 2005) and Kenya (FEWSNETc, 2005) experienced droughts
(FEWSNETa, 2006).

Figure 2.1 Subset of Eastern Africa with approximate locations of selected
sites labeled as K1 to K4 , L1 to L3 in (A) Kenya and R1 to R4 in (B) Rwanda .
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Table 2.1 Land cover characteristics at the sites K1,4 , R1,4 and L1,3 presented
in the results section. Source: Africover
ID
K1

Latitude
0◦ 00 0.00"N

Longitude
36◦ 460 0.00”E

land cover type
Open shrub land (40-45 % crown cover)

K2

0◦ 60 0.00”S

36◦ 450 0.00”E

K3

0◦ 320 0.51”S

37◦ 230 43.40”E

K4

0◦ 320 48.06”S

37◦ 320 44.00”E

R1

2◦ 20 3.53”S

30◦ 180 15.18”E

R2

1◦ 540 27.278”S

30◦ 300 23.23”E

R3

2◦ 50 24.06”S

30◦ 410 12.46”E

R4

2◦ 90 11.518”S

30◦ 110 11.77”E

L1

0◦ 310 00.00”N

35◦ 100 60.00”E

Rainfed herbaceous crop (clustered
small fields with 35 % crop intensity)
with very sparse shrubs and trees
Scattered (in natural vegetation or other)
rainfed herbaceous crop
(field density 20 - 40 %)
Scattered (in natural vegetation or other)
rainfed herbaceous crop
(field density 20 - 40 %)
Combination of rainfed herbaceous crop,
(40 - 60 %) shrub plantation (20 - 40 %)
and natural vegetation
Combination of rainfed herbaceous crop,
(20 - 40 %) shrub plantation (40 - 60 %)
and natural vegetation
Combination of rainfed herbaceous crop,
(20 - 40 %) shrub plantation (40 - 60 %)
and natural vegetation
Combination of rainfed herbaceous crop,
(20 - 40 %) shrub plantation (40 - 60 %)
and natural vegetation
Rain fed herbaceous crop

L2

0◦ 210 00.00”N

35◦ 240 60.00”E

Rain fed herbaceous crop

L3

0◦ 070 00.00”N

35◦ 200 00.00”E

Forest plantation

2.3 Data acquisition and processing
2.3.1 The SEVIRI sensor and data
The first MSG satellite, Meteosat-8, was launched on August 29, 2002 at
3.3◦ West longitude at an altitude of 36 000 km. It became operational
on January 29, 2004, and has since then recorded images of Europe, the
North Atlantic and Africa with a temporal sampling of 15 minutes. The
SEVIRI sensor is its main payload, equipped with 12 spectral channels,
ranging from visible to far infrared wavelengths.
SEVIRI provides data to the European Organisation for the Exploitation
of Meteorological Satellites (EUMETSAT) in Darmstadt, Germany. These
data are processed and then uplinked to the HOTBIRD-6 communication
satellite in wavelet compressed format. The Faculty of Geo-information
Science and Earth Observation (ITC), in the Netherlands, receives and
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archives these data in compressed form on drivers accessible through
personal computers on the network. Level 1.5 data were imported and
converted into Ilwis raster data format using the MSG Data Retriever
(Maathuis et al., 2005) tool available at ITC, with the aid of a Geospatial
Data Abstraction Library (GDAL)-driver that reads raw compressed MSG
data and facilitates easy geometric and radiometric calibrated data retrieval into formats commonly used by remote sensing packages.
In this study, bands one (VIS 0.6) (red, 0.56 − 0.71µm) and two (VIS
0.8) (near infrared, 0.74 − 0.88µm), converted into reflectance have been
used to calculate the NDVI. Images covering the region during the crop
season of September to December, for the years 2005, 2006 and 2007,
were used. They were recorded between 06:00 UTC and 11:00 UTC,
corresponding approximately to 08:00-09:00 to 13:00-14:00 local time,
respectively.
The cloud mask product (CLM) distributed by EUMETSAT was applied
on each image. The DV values are calculated as in equation (2.1). No
atmospheric correction was carried out.

2.3.2 Precipitation data
In this study, precipitation data from August to November, 2005 to 2007,
aggregated to 10 day period, were used to validate the results. These data
were taken from stations closest to the points selected for the drought
analysis, i.e. respectively in Embu, Kenya and in Kigali, Rwanda. From
Embu meteo station, K1 is located at approximately 93 km, K2 at 89 km,
K3 at 7.5 km and K4 at 12 km. From Kigali meteo station, R1 is located
approximately at 21 km, R2 at 42 km, R3 at 63 km and R4 at 23 km. Data
for Embu were retrieved from the National Climatic Data Centre (NCDC,
2010) and data for Kigali from the Rwandan Meteorological Service.
Precipitation data for Embu are incomplete in 2005 for the 1st , 2nd and
3r d dekad of August, and the 2nd dekad of November; in 2006 for the
3r d dekad of August, the 2nd dekad of September, the 2nd dekad of
October and the 3r d dekad of November; and in 2007 for the 3r d dekad
of October, and the 1st and 2nd dekad of November; as data for one or
more days within these 10-day periods is missing. The data for the 2nd
dekad of November have not been included in the chart of Figure 3.

2.3.3 Generation of the DV(t,s) time series
First, an observation of diurnal variation of NDVI was conducted on the
01st of July 2008 at three locations (L1 , L2 and L3 ) (Figure 2.1) in Kenya
during a non-drought season. This particular day and these particular
locations were selected based on the fact that most cloud-free scenes
could be obtained. The NDVI was calculated for every 15-minutes time
interval. The observations, as shown in Figure 2.3, are assumed to be
valid for the eight study sites and as such, a time window between
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06:00 and 11:00 UTC (09:00 and 14:00 local time) was selected to avoid
including systematic low NDVI values. Second, the daily maximum NDVI
composite was calculated for each of the selected sites. These daily
NDVI composites were further used to generate the four-days maximum
NDVI composites. Daily NDVI time series were generated by determining
the maximum NDVI value from the available 15 minute images during
a 5 hours observation window between 06:00 and 11:00 UTC, from
September to December. This provided one daily value for these four
months over a period of three years. To reduce the number of missing
values in this series, a period of four day maximum NDVI composites,
consisting in total of 90 values was considered. Such a period of four
days was selected as it was the minimum set with the least missing NDVI
values. From the four - day maximum values, the mean values over 2005
- 2007 for each period of 4 days (30 values from September to December)
were calculated. To generate the DV(t,s) time series, these mean values
were subtracted from the four-day composite time series. Finally, the
series was limited to the months of October and November in 2005, 2006
and 2007 (number of images = 48 DV(t,s)).

2.3.4 Spatial modeling of vegetative drought
To model drought from vegetation condition, fuzzy sets theory was
used, thus accounting for the gradual transition between drought and
non-drought classes. Fuzzy sets theory, introduced by Zadeh (1965),
provides a conceptual framework for solving knowledge representation
and classification in an ambiguous environment. Elements of a fuzzy
set can take values ranging from 0 to 1, unlike the traditionally used
(boolean) set whose elements take either 0 or 1. This function allows
one to quantify the gradual evolution of vegetative drought at a location. Fuzzy sets theory has been used and discussed in remote sensing
studies of change detection analysis (Metternicht, 1999, 2001) and to
model vague geographic entities (Fisher, 2000) (Woodcock and Gopal,
2000) (Cheng et al., 2009).
The parameters of the transition range (TR), which should be defined
based on expert knowledge, were estimated arbitrarily in this study to
illustrate the function. The shape of the function was selected on the
basis of the following assumptions:
• Vegetation stress observed on DV (t, s) images is caused by drought
condition
• Variation of intensity of vegetation stress reflects linearly the variation of drought severity
• Under natural conditions, the severity of vegetative drought evolves
gradually in time
Figure 2 shows the shape of the membership function applied to DV (t, s)
values. Where TR is the transition range limited by its lower limit α, and
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Figure 2.2 Drought membership function d(x) applied to DV values.

its upper limit β. DVmin is the overall minimum DV calculated during
the study period.

d(x)



 1



β−x
β−α

0

∀x : x ≤ α
∀x : α < x < β
otherwise

(2.3)

The one-sided trapezoidal drought membership function, d(x) as defined
in (2.3), takes the value 1 (or certain drought) for vegetation condition
values below α and the value 0 (or certain non-drought) for vegetation
condition values above β, with a gradual linear transition of drought
membership values between 0 and 1, for vegetation condition values
between α and β. The function was applied to the time series of DV (t, s).
A few pixel locations in field crop areas of Kenya and Rwanda were
extracted and tracked over time. Results are presented and discussed
respectively in sections 2.4 and 2.6.

2.4 Experimental results
Figure 2.3 shows the 15-minutes interval diurnal variation of NDVI at L1 ,
L2 and L3 on the 01st of July 2008. From the graph, an increase of NDVI
values is observed in the morning between approximately 04:00 and
07:00 UTC (07:00 and 10:00 local time), followed by a slow and gradual
decline towards the evening.
Figure 2.4(a) shows d(x) values calculated at sites K1 to K4 in Kenya,
for the period from October to November 2005, in a four-day time scale,
and Figure 4(b) shows d(x) values calculated at sites R1 to R4 in Rwanda,
for the same period. The parameters α = −0.20 and β = 0 were set
for all sites. Figures 2.4(c) and 2.4(d) are the precipitation difference
values for August to November 2005, from the mean 2005-2007. It can
be observed that for Embu, the increase in drought membership value
coincides with less-than-average rainfall conditions, while this is not the
24

2.5. Sensitivity analysis

Figure 2.3 Within-day variation of NDVI on July 1, 2008 at three selected sites
L1 , L2 and L3 .

case for Rwanda. In Figure 2.4(a), it can be observed for all sites a gradual
increase of drought membership values from the end of October 2005
and in Figure 2.4(d) a less-than-average amount of rainfall starting in the
second dekad of September. In Figure 2.4(b), for all sites, a sharp increase
of drought membership values is observed from the beginning of October
2005, and a sharp decrease is observed from the end of October. Drought
membership values stay low to increase again sharply in mid-November.
Figure 2.4(d) shows an more-than-average amount of rainfall starting
from the first dekad of September and a less-than-average amount of
rainfall starting at the first dekad of November.

2.5 Sensitivity analysis
An S−shaped analytical function model (Equation 2.4) is proposed to fit
the variation of drought membership values on time. This model contains
two parameters A and B, reflecting the halfway point and the steepness
of the function at that point, respectively. This function was fitted to
both the membership functions with T R = 0.10 (α = −0.1 and β = 0)
and for those with T R = 0.20 (α = −0.1 and β = 0) at the sites K1 to
K4 . Such a sensitivity analysis illustrates how the variation (uncertainty)
in the output of the model can be apportioned quantitatively to the
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Figure 2.4 (a) Drought membership variation at sites K1 , K2 , K3 and K4 (Embu
region) from October to November 2005; (b) Drought membership variation
at sites R1 , R2 , R3 and R4 (Kigali region) from October to November 2005; (c)
Difference of precipitation in Embu (Kenya) from August to November 2005 with
the mean precipitation calculated over the years 2005 to 2007; (d) Difference of
precipitation in Kigali (Rwanda) from August to November 2005, with the mean
precipitation calculated over the years 2005 to 2007.

variation of input and parameters.
1
date
∗ ar ctan(
− a) + 0.5
π
b

(2.4)

Results of the fitting are shown in Table 2.2. From this table, a drought
membership value of 0.1 is considered as an early indicator for drought.
Table 2.2 shows that for this membership value at sites K1 to K4 , a lag
time is observed on drought detection of approximately 13, 9, 8 and 4
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Table 2.2 Fitted coefficients A and B for equation 2.4 at the different sites,
for T R = 0.1 and T R = 0.20. Included is the shift of the time where the fitted
function takes the value 0.1.

Site
K1
K2
K3
K4

α = 0.10
A
B
13.173 1.177
3.144
5.681
2.813
1.17
3.714
1.402

10%
19.8
18.9
4.2
6.4

α = 0.20
A
B
11.095 2.647
5.376
4.963
4.175
2.722
4.771
2.631

10%
33.0
28.4
12.7
14.1

Shift
(days)
13.2
9.5
8.5
7.7

days respectively, when increasing the TR from 0.10 to 0.20. A similar
trend is observed for all other values of K1 to K4 . The difference is
largest for site K1 where the detection of drought by a membership
function is late (13.173 days after October 27th ) and a change in one
of the parameters of the membership function has the largest effect.
This is consistent with the slower and more gradual effect of drought in
shrubland as compared with cropland. While annual crops and grasses
are the first to be affected by drought, deeper rooting shrub and trees
are more resilient and remain green throughout considerable periods of
drought.

2.6 Discussion and Conclusion
The study shows how to model drought indicators taking into account
vagueness related to the class definition of a drought. The shape of the
drought membership distribution obtained therefore depends entirely
on vegetation condition, as measured from NDVI values. Further studies
on combination of other external factors such as rainfall occurrence,
irrigation or soil moisture conditions impacting vegetation condition will
improve the accuracy of the proposed drought model.
The major strengths and weaknesses of the proposed approach pertain
to both the generation of d(x) time series reflecting vegetation condition
and the selection of the membership function. Due to the short lifetime
of operation of SEVIRI, the time series mean values were computed for
a limited period of three years, introducing errors in d(x) values. The
strength of the use of a membership function compared to the traditional Boolean function to model drought, is that the gradual evolution
of drought severity is taken into consideration. When vegetation stress
is caused by another phenomenon than drought, such as human or animal induced stress, the changes of observed NDVI vegetation values,
hence drought values, are not gradual but sharp. By using a membership
function one might know when a change is more likely caused by natural
drought conditions or by human activities. The approach used in this
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study to quantify drought can be used to optimize drought detection
and remove false alarm. To do so, one needs to select the shape of
the function as well as parameters α and β, which require an a priori
knowledge of characteristics of vegetative drought at study sites. In this
study, the shape of the function of the drought membership function
and the parameters α and β have been chosen somewhat arbitrarily
to illustrate the approach. Further research is needed to optimize the
model.
A comparison with rainfall data was performed to assess the validity of
the drought signal obtained, as NDVI is a response variable to rainfall.
For Embu, the increase in drought membership value coincided with
less-than-average rainfall conditions, as expected, especially for the two
locations (K3 and K4 ) closest to the Embu meteo station. However, for
sites in Eastern Rwanda, this was not the case. I suppose this could be
caused by the large distance between Kigali meteo station and the four
observation sites, or by the relief difference between Kigali, which is
hilly and near the central Plateau, and the South-Eastern part of Rwanda,
which is flatter. As no rainfall data were available for areas closer to the
observation sites, this assumption could not be validated.
The high temporal resolution data from instruments such as SEVIRI
offers opportunities to address processes occurring in plants such as
duration and intensity of photosynthetic activity and understanding of
plant phenology which previously could not be measured. The exploitation of these parameters can provide additional information which can
be beneficial in the context of drought monitoring; this is a potential area
of investigation for future studies. Fensholt et al. (2006) suggested that
the NDVI bowl-shaped curve observed from the variation of Meteosat derived NDVI in Senegal during the morning can infer canopy structure.
Bijker (2007) found similar results while observing diurnal NDVI variation in the Netherlands, however suggesting this pattern to be related
to photosynthetic activity. From observations during a day with predominant clear sky (results not included in the paper), a similar bowl-shaped
NDVI curve was observed on selected sites in Kenya. Future research
may reveal whether taking such effects into account leads to substantial improvement in drought modeling. Fensholt et al. (2006) observed
peak values occurring around 10.45 local time and the study sites in
Kenya showed peak values of NDVI at around 11.00 am local time (Figure
2.3). Future research in that area may also reveal whether taking such effects into account leads to substantial improvement in drought modeling.
A next step in drought modeling could also be an approach focusing on
spatial objects. To do so, objects have to be built from collected images.
Drought objects will be necessarily vague and uncertain, likely showing
large spatial within-object variation as well. The method proposed in
this study may serve as a first step into this direction. In fact, what is
done here for individual pixels can also be done for a group of pixels.
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In principle, these pixels could be combined by considering a series of
images into a 3-dimensional space-time drought object. An α-cut equal
to 0.1 or 0.5 may then delineate the final objects.
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Abstract

This study proposes a validation method for the Meteosat SEVIRI derived
NDVI values in regards to vegetation condition from ground observations.
The percentage of vegetation cover and the chlorophyll content were
selected as vegetation condition variables and their variability within and
between SEVIRI pixels were assessed. No significant variability was found
within pixels but between pixels for each of the variables. These variables
were compared first separately with NDVI values, and later combined,
with the NDVI values composited at different time steps. Results showed
that the combination of variables had a similar trend than the mean
NDVI and maximum NDVI values calculated for the whole period of the
study, as the presence of clouds influenced the daily NDVI values. The
study concluded that NDVI values can be used without compromising
the variability of chlorophyll content and percentage of vegetation cover
within those pixels. This findings can be used to understand the variation
of NDVI which can be observed during a drought period.
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3.1 Introduction
Remote Sensing images from the Spinning Enhanced Visible and Infrared
Imager (SEVIRI) sensor onboard the Meteosat Second Generation (MSG)
satellites are increasingly being used to monitor vegetation dynamics, as
well as to quantify the impact of drought on vegetation (Fensholt et al.,
2006) (Bijker, 2007),(Lacaze and Bergés, 2005). More recently, Rulinda
et al. (2010) have used SEVIRI-NDVI images to specifically address vegetative drought monitoring as a vague phenomenon.
These studies showed that due to their high temporal resolution, SEVIRI
images can offer the opportunity to reduce the effect of cloud contamination in NDVI by creating maximum composite values (MVC) over a
reduced period of time compared to other satellites images. In heterogeneous vegetated areas, the coarse spatial resolution of these images
however can hinder their capacity to capture the spatial variability of
vegetation characteristics within a pixel, hence potentially underestimate
vegetation, or particularly vegetative drought, dynamics in a region.
This study aims at validating the observed SEVIRI NDVI values. This is
performed by quantifying the spatial variability of vegetation condition,
expressed in chlorophyll content and percentage vegetation cover, in
SEVIRI pixels and compare it with NDVI values in order to understand
their relationship. NDVI is a well known quantitative indicator of the
relative abundance and activity of green vegetation and is well correlated
with several biophysical characteristics of vegetation such as Leaf Area
Index (LAI), percentage green cover, green biomass and chlorophyll content (Jones and Vaughan, 2010).
In the next Section, the data set and study area are described, and
in Section 3.3, the methods are presented. Section 3.4 presents and
discusses the results of this study, and the last section concludes with
recommendations for future work.

3.2 Data set and Study site
3.2.1 Study area
The study was conducted over the heterogeneously vegetated area of
Bugesera, which has also been recurrently affected by drought in the last
decades. The district of Bugesera is located on the South Eastern plains
of Rwanda’s Eastern Province (Figure 3.1). It has a surface area of 1 337
km2 (UNEP/UNDP/GOR, 2007) and is characterized by a large number of
lakes, which approximate a total surface area of 106 km2 .
The altitude of Bugesera ranges between 1 300 m and 1 667 m and the
region is predominantly vegetated by dry savannas characterized by
short grasses, shrubs and short trees. The shrubs and short trees are
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Figure 3.1 Bugesera district (dark grey highlighted) in the Eastern province of
Rwanda.

usually found around the sides of the hills, valleys, and along the rivers
and wetlands. Tall grasses dominate the wetlands and valleys along the
rivers and lakes, whereas short savanna grasses and herbs can be found
mostly on cultivated lands. Vegetation in Bugesera is primarily rain-fed
and the region is susceptible to drought conditions. The savannas in
the region historically served as grazing lands for pastoralists, but with
increasing population, most of the natural vegetation has disappeared
due to conversion into agricultural lands (UNEP/UNDP/GOR, 2007). The
study was conducted during working days of the period from the 5th of
May 2010 to the 21st of May 2010, which correspond mainly to the end
of the crop growing season (UNEP/UNDP/GOR, 2007). The selection of
SEVIRI-pixel size grids to conduct the study is explained in the following
section.

3.2.2 Field Data
The popularity of Vegetation Indexes (VIs), especially of the NDVI, arises
because of their positive relationships with canopy density or vigor.
They have been shown to be positively correlated with a wide range
of functionally useful variables that all tend to vary together including
chlorophyll content and biomass (Jones and Vaughan, 2010). Among the
three mechanisms that give rise to variation in NDVI and other VIs, the
first is the direct distinction between vegetation and soil so that changes
in NDVI, at least at a remote sensing scale, are primarily related to the
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fraction of leaf or vegetation in a pixel. Superimposed on this effect,
however, is a second influence that is based on the fact that even for
full vegetation cover, or for an isolated leaf in a spectroradiometer, the
calculated NDVI varies with the concentration of the chlorophyll and with
structural factors that affect spectral reflectance (Jones and Vaughan,
2010).
In this study, the percentage of vegetation ground cover have been estimated and the chlorophyll content measured using the SPAD chlorophyll
meter readings, to compare with the NDVI from the SEVIRI MSG images.
Using a Garmin GPS 60 CSx, positions of sampling points were recorded.
Their positions on the slope, the vegetation type and their development
stages have also been recorded in order to further understand their
impact on chlorophyll content measurements.
Conventionally, vegetation cover is defined as the vertical projection of
the crown or shoot area of vegetation to the ground surface expressed
as fraction or percent of the reference area (Purevdorj et al., 1998).
This study uses a cover estimator sheet to estimate the percentage of
vegetation cover within an approximated 5 meters diameter cercle around
the sampling location.

3.2.3 Remote Sensing Data
At ITC 1 , MSG-SEVIRI data are imported using the MSG Data-Retriever tool
(Retsios et al., 2005) and (Maathuis et al., 2005), developed to facilitate
the import of the raw compressed (time series) data into common used
image processing software package formats has been used. The data are
geometrically and radiometrically calibrated during the import. Figure
(3.3) shows the process of generating NDVI maps from SEVIRI images
bands.

3.3 Methods
3.3.1 Field data collection
A. Stratification of the Area
The selection of the study sites over Bugesera for this study was
based on the following criteria:
• The sites had to correspond to MSG-SEVIRI pixel’s spatial extent.
• The sites should not contain a large number of water bodies or
wetlands.
For this, the district area is first divided into grid blocks corresponding
to the spatial extent of SEVIRI pixels. A SEVIRI image, with spatial characteristics described in the next section, was overlaid to a vegetation cover
1 www.itc.nl
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Figure 3.2 Grid blocks pre-selected based on land cover classification and
matching with SEVIRI images pixel extent. The five grids are displayed over
the land cover map generalized from the AFRICOVER 2000 land cover map of
Rwanda.

map of Bugesera, generalized from the Africover land cover map. Grids
containing the less amount of water bodies and Wetlands are then preselected. The region of Bugesera containing a large area of water bodies,
only 5 grids are pre-selected (Figure 3.2). Among these five pre-selected
grids, only four could be sampled as the fifth one was found to be on a
military property at the time of the field work.
B. Random sampling
A hundred random points were generated for the whole district of
Bugesera, using ArcGIS. Two transects were set up deliberately in EastWest and North-South directions, each intersecting at one random point
at least, in every grid. These two East-West and North-South transects
per grid are laid in order to account for potential directional influence of
36

3.3. Methods
topography. The transects are of approximately 4700 meters, starting
and ending a few hundred meters away from the edges of the grids.
Along each transect, sampling sites are located initially at 250 meters
from each other. The size of the sampling interval has later been modified to 500 meters to reduce the measuring time, after observing that
this would not influence on the measurements. Along those transects,
continuous recording of the vegetation type has been performed in order
to understand the distribution of the vegetation in the grids.

3.3.2 Field data processing
Non-vegetated sampled data are removed first from the dataset and
missing chlorophyll content values for specific vegetation types are
replaced by mean values of the same vegetation types in the same grid.
Secondly, semi-variograms are analyzed to explore the spatial correlation
of chlorophyll within the grids. One-Way ANOVA tests, using SPSS
software, are conducted to compare the chlorophyll content Means and
the Means of percentage of vegetation cover for the different grids.
Duncan follow-up tests are also performed in order to assess how much
are the grids different from each other. The Mean chlorophyll content
values and Mean percentage of vegetation ground coverage are then
compared with the Mean NDVI values of each grid, as explained in the
previous section. Additional ANOVA tests are conducted to explore the
difference of topography and of vegetation type.

3.3.3 Remote sensing data processing
The SEVIRI bands 1 (VIS 0.6) and 2 (VIS 0.8) of subset images covering
the area situated between Lat 3.389 S, 0.851 S and Lon 27.806 E, 31.858
E (WGS 1984) were imported in UTM and Erdas Imagineő Image format.
Only fifteen minutes interval images between 09.00 hour and 15.00 hour
between May 06th 2010 and May 21st 2010 have been considered. The
original cell size approximates 5857.45 m. This dataset is then used to
generate NDVI maps for every 15 minutes as in equation (3.1)
NDV I =

V IS0.8 − V IS0.6
V IS0.8 + V IS0.6

(3.1)

Where VIS 0.6 and VIS 0.8 are respectively reflectance in the ranges 0.56 0.71 µm and 0.74 - 0.88 µm.
For most of the days, the surveyed area was partly cloudy, and this
was also observed on diurnal variation of NDVI at locations (results
not included). In order to reduce the effect of cloud contamination on
pixels, daily NDVI Maximum Value Composite (MVC) maps are calculated.
And since some days were more cloudy than others, it was not possible
to compare the daily values, hence the daily MVC NDVI values were
composited to the whole period maximum values.
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Figure 3.3 Process of generating SEVIRI - NDVI maps per grid.

3.4 Results and discussion
The semi-variogram, as defined in equation 3.2, is calculated for chlorophyll content measurements in each grid.
γ(4x, 4y) =

1
ε[Z(x + 4x, y + 4y) − Z(x, y)2 ]
2

(3.2)

Where Z(x,y) is the value of the variable of interest at location (x,y) and
ε[ ] is the statistical expectation operator.
Results (Figure 3.4) show that samples far away from each other can
have similar chlorophyll content values while samples close to each
other can have different chlorophyll content values, for all the grids.
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This reflects the inter-cropping system found in the region. As a matter
of fact, the size of individual plots in agricultural areas of Bugesera
is relatively small, on average less than 1 ha (UNEP/UNDP/GOR, 2007),
and within plots usually more than one crop is found. Grid 1 presents
the least spatial correlation between measurement and this is caused
by the relatively considerable amount of mixture of natural vegetation
(Eucalyptus trees, grass and shrub areas) with agricultural areas of the
vegetated area: approximately 51 % of agricultural area and 46 % of
natural vegetation calculated based on records made on each transect.

Figure 3.4 Semi-variograms for chlorophyll content in grids 1, 2, 3 and 4 with
a lag size of 400.

Grid 2 and Grid 3 were mostly agricultural, with respectively approximately 61 % and 66 % of agricultural area, and grid 4 was predominantly
covered by shrub trees, in vegetated area.
Table 3.1
Rwanda.

ANOVA test result for chlorophyll in grids 1, 2, 3 and 4 in Bugesera,
ANOVA

Chlorophyll
Sum of Square

df

Mean Square

F

Sig.

Between Grids

1139.049

3

379.683

5.975

.001

Within Grids

8896.954

140

63.550

Total

10036.004

143
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Between the grids, Mean chlorophyll content values shown in Table (3.1)
are significantly different, while the variability of chlorophyll content
within each grid is not significant. The Mean chlorophyll content values
of the four grids are also plotted in Figure (3.5). The Mean chlorophyll
content value of the grid 4, which is of 33.935, is significantly lower than
the three others, with grid 1 having the highest value of 42.276. This
difference can be explained by the land cover characteristics of each of
these grids, with especially the fourth grid having predominantly shrub
and short trees, with lower content chlorophyll values than in other grids.
The lower Mean chlorophyll content value in Grid 4 is most probably
caused by the hot mean temperature (more than 21◦ Celsius) and dryness
(less than 800 mm of annual mean rainfall) characterization of that part
of Bugesera, coupled with the type of soil (oxisols).

Figure 3.5
the x-axis.

Mean chlorophyll content values for every grid, labeled 1 to 4 in

An ANOVA test was also performed on the percentage of vegetation
ground cover. Between grids, the Mean of the percentage of vegetation ground cover values (Table 3.2) are significantly different, while
its variability within each grid is not significant. The Mean percentage
of vegetation ground cover values are also plotted in Figure (3.6). The
Mean value of the percentage of vegetation cover of Grid 4 is significantly
higher than the three others, and Grid 1 is showing the lowest value.

3.4.1 Comparison with NDVI
NDVI values range from 0.2 for bare soil to 0.7 for a completely vegetated
pixel. Intermediate values for the vegetation index would represent
partially vegetated pixels.
The range of Mean NDVI values (Figure 3.7) shows that the study area
is partly vegetated. This is also reflected by the values of the Mean
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Table 3.2 ANOVA test result for the percentage of vegetation ground cover in
grids 1, 2, 3 and 4 in Bugesera, Rwanda.
ANOVA
Percentage of vegetation ground cover
Sum of Square

df

Mean Square

F

Sig.

Between Grids

15764.997

3

5254.999

5.941

.001

Within Grids

123825.330

140

884.467

Total

139590.326

143

Figure 3.6 Mean percent vegetation cover for every grid, labeled 1 to 4 in the
x-axis.

percentage of vegetation ground cover ranging between 33 % and 64 %.
Fensholt et al. (2006) showed that on cloud free days, the diurnal variation in reflectance, and thus vegetation indices, on MSG SEVIRI data is
explained by the variation of the sun-sensor angle, as the viewing geometry of the scenes is constant. Considering that measurements along a
transect are taken at different times of a day, and that NDVI variation
will be influenced by the sun-sensor angle, daily MVC NDVI composites
were calculated. This was also performed to reduce the effect of cloud
contamination on pixels.
The Maximum values of NDVI and Mean values are also plotted in Figure
3.8 together to highlight their difference. The main difference is as
expected on the range of value, but also on the trend from Grid 1 to
Grid 2, where it is ascending for Maximum NDVI and descending for
Mean NDVI. Since low values of NDVI are assumed to be caused by cloud
contamination, the Maximum values are considered for the whole period
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Figure 3.7 Variation of the daily NDVI maxima for all grids in Bugesera
(Rwanda), from 5th to 21st of May 2010

of observation.

Figure 3.8 Maximum and Mean NDVI, calculated for the whole period of observation, for every grid in Bugesera, Rwanda.

For all the grids, maximum NDVI values for the whole period of observation, i.e. from the 5th to the 21st of May 2010, were calculated and
compared (Figure 3.9) with the Mean chlorophyll content values and the
Mean percentage of the vegetation ground cover.
The comparison of Mean Chlorophyll content values and Mean Percentage of vegetation cover values with Maximum NDVI values showed that
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Figure 3.9 Mean Chlorophyll, Mean percentage of vegetation cover, and Maximum NDVI, calculated for the whole period of observation, multiplied by 100,
for every grid

in this study area, a combination of both factors can influence NDVI
values. This finding corroborates similar studies stating that NDVI is
influenced by a combination of factors.
This study tested a linear combination of Chlorophyll content values and
percent of vegetation cover, by performing a simple multiplication, to see
whether a similarity of the trend of this combination can be found with
NDVI on space. The average of values obtained with the multiplication, as
in equation (3.3), resulted in the values that are compared with Maximum
NDVI values and plotted in Figure 3.10.

Y = (Chlor ∗ % veg cover )/100

(3.3)

Where Y is what we call the percent of weighted chlorophyll for every
sample. Chlor is the chlorophyl content value at a grid, and %veg cover
is the percentage of vegetation cover.
Comparison results show that the trend of Maximum NDVI and the
average weighted chlorophyll are similar.

3.5 Conclusion
The work presented in this study provides some understanding of the
variability of NDVI values from MSG-SEVIRI for monitoring the dynamics
of vegetation in the region of Bugesera. At selected sites, chlorophyll
content and percentage of vegetation cover, which were used as a proxy
of vegetation condition, did not show any significant spatial correlation
within the grids but between the grids. This finding leads to the conclusion that NDVI values do not undermine the variability of vegetation
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Figure 3.10 NDVI values multiplied by 100 and average weighted chlorophyll
percentage plotted for the four grids.

condition expressed in those parameters within those grids, during a
normal rainy period. The study results confirm also that in an heterogeneously vegetated area such as in Bugesera, both the chlorophyll and
percent of vegetation cover are accounted for in NDVI values. Further
analysis, possibly taking into account characteristics such as the vegetation type and topography, should be done to explain the magnitude of
variation of NDVI values in SEVIRI pixel. These findings can be used to
understand the variation of NDVI during a drought period in a context
of validation.
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Abstract

This study aims at improving the quantification of vegetative drought
as a vague spatial phenomenon. 10-day NOAA-AVHRR NDVI images of
East Africa from September 2005 to April 2006 were used. Vegetative
drought was characterised using a membership function to model the
gradual transition between drought and non-drought classes. Measures
were implemented to quantify the spatial extent (area) and vagueness
of vegetative drought, and to visualize its evolution in space and time.
Results show a severe drought, affecting more than 60 % of the vegetated
area in the region. Different degrees of vagueness were observed in
time, independently of the width of the transition range; the vagueness
remained higher at the onset than at the termination of drought, reflecting a more gradual onset of drought and a crisper return to normal
conditions. The vagueness was the lowest at the drought peak. The
mean-area was less vulnerable to the change of the transition range,
compared to the core-area. A crisp approach, using the median of the
transition range as the threshold did not quantify its vagueness. This
method can also be used in other regions, or adapted to characterize and
quantify other vague spatial phenomena.
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4.1 Introduction
In East Africa, the dynamics of vegetation strongly depend on water
availability (Unganai and Kogan, 1998),(Sannier et al., 1998),(Nicholson
et al., 1990). Drought episodes reported in the past years have periodically negatively affected the vegetation health in the region. For instance,
during the end of the year 2005 and the beginning of the year 2006,
the US Famine Early Warning System Network (FEWS NET), the Food and
Agriculture Organization (FAO), and local institutions have all reported a
severe drought episode that resulted in crop failure, pasture degradation,
and water shortage, leading to a severe food insecurity in most parts of
East Africa 1 . In subsequent years, drought episodes were also reported
mostly in parts of Kenya, Somalia and Ethiopia, resulting in food crises.
It is in this context that timely and affordable ways to assess the impact
of drought on vegetation, especially in regions with limited ground collected data, has been identified as an important factor to improve strategies
of drought mitigation (Ambenje, 2000) and reduce the negative impact.
Droughts are complex to quantify due to their creeping nature; they
accumulate slowly and extend over long periods of time (Wilhite, 2005).
The areas affected by drought evolve gradually as the symptoms of moisture stress in plants often develop slowly. In the process of modeling
the impact of drought on vegetation, hereafter referred to as vegetative
drought or drought, it is standard practice to use a crisp classification on
vegetation stress values. This approach does not reflect the vague nature
of drought, and hence could hinder its detection. Frank (2008) suggested
that a realistic model could be a more critical issue in improving decision
making processes than the quality of input data. In this context we
focus on reflecting the vague nature of vegetative drought using a more
realistic model, hence improve its detection.
This study aims at improving the quantification of vegetative drought by
taking into account its vagueness. Measures are presented to quantify
vegetative drought at a regional scale and using remote sensing data as
input. The proposed measures to quantify vegetative drought are the
total-area, the core-area, the mean-area and the vagueness, which
are explained in Section 4.4. The study also tracks drought objects in the
images and calculate their centroids, which are used to visualise their
evolution in space and time.
The rest of the chapter is organised in the following way: Section 4.2
briefly presents previous work on vegetative drought monitoring; Section
4.3 presents the characteristics of the study area and the data; Section
4.4 details the methods; Section 4.5 presents and discusses the results,
and is followed by a conclusion in Section 4.6.
1 www.fews.net:

the USAID FEWS NET Weather Hazards Impacts Assessment for Africa
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4.2 Previous work
Remote sensing data proved to be of a significant value in monitoring
vegetation (Diouf and Lambini, 2001),(Sannier et al., 1998) and more specifically drought (Tucker and Choudhury, 1987), (Liu and Kogan, 1996),
(Ambenje, 2000), (Quan and Tenhunen, 2004), (Song et al., 2004),(Gouvia
et al., 2009), (Lacaze and Bergés, 2005), (Peters et al., 2002) using multitemporal data (Kogan, 2001). Although vegetative drought is difficult to
identify, it can be measured using various indicators that provide means
of monitoring (Dracup et al., 1980). In this context, the Normalized
Difference Vegetation Index (NDVI) (Tucker, 1979) is often used (Tucker
and Choudhury, 1987), (Ji and Peters, 2003).

Among the NDVI-based approach studies, Song et al. (2004) produced
10-day (dekad) classified drought risk maps using the difference between
the current NDVI and the corresponding 3-year average from the National Oceanic and Atmospheric Administration-Advanced Very High
Resolution Radiometer (NOAA-AVHRR). Pixels with difference NDVI values below -0.1 were considered as drought risk areas, while pixels with
difference NDVI values below -0.25 were considered as severe drought
areas. On a monthly basis and using the Satéllite Pour l’Observation de
la Terre (SPOT)-Vegetation NDVI data, Gouvia et al. (2009) estimated the
area of stressed vegetation in Portugal based on the number of pixels
with difference NDVI lower than -0.025. These NDVI anomalies were
computed as the departure from the median of that month calculated
for 8 years. Generally speaking, the NDVI-based approaches (Sannier
et al., 1998), (Leelaruban et al., 2010), (Gouvia et al., 2009), although
characterising and quantifying vegetative drought, are limited in the way
that they use the crisp classification method, hence do not account for
the vague nature of vegetative drought.

Significant progress has been made, using the fuzzy set theory (Zadeh,
1965), to describe, store, process, and display vague objects (Dilo et al.,
2007b,a), (Cheng et al., 2009), (Schneider, 1999), (Pauly and Schneider,
2010), (Kanjilal et al., 2010). Methods were also developed in this perspective to characterise vague spatial entities such as soil types (Burrough, 1989), forests types (Brown, 1998), and land use (Cheng et al.,
2001). This study uses a fuzzy approach to model the gradual transition
between non-drought and drought. It uses measures developed for vague
objects (Dilo et al., 2007b,a) modified for raster images. To visualise the
evolution of drought in space and time, Dynomap, a software developed
by Turdukulov et al. (2005) to track and visualise the evolution of image
features in time-series, is used.
48

4.3. Study area and Data

4.3 Study area and Data
4.3.1 East Africa
This study is conducted over the area of East Africa (Figure 1.6). East
Africa is situated approximately between 5◦ 30’N, 12◦ S and 28◦ 05’E,
41◦ 50’E and comprises mainly Burundi, Kenya, Rwanda, Tanzania, and
Uganda. The images include also the northern part of Zambia, portions
of South Sudan and South Somalia.
East Africa is predominantly semi-arid with an average rainfall amount
of less than 800 mm per year; and sub-humid with an average rainfall
amount varying between 800 and 1,300 mm per year (Vlek et al., 2008).
Most parts of the region experience two rainy seasons per year: the first
one runs from around April to July and the second one, more variable,
runs from around October to December.
The vegetation of East Africa is predominantly rain-fed and agriculture
has a key impact on the economy of the region, with approximately 80%
of the combined population of Burundi, Kenya, Rwanda, Tanzania, and
Uganda depending on agriculture for their livelihood.

4.3.2 Drought in East Africa
In January 2006, the US National Aeronautics and Space Administration
(NASA) Earth Observatory 2 reported that the failure of the short-season
rains left large sections of East Africa in severe drought at the end of
the year 2005 and early 2006. In a normal year, most of these affected
regions experience rainfall from March to May during the long rainy
season, and from October to December during the short rainy season.
In 2005, the long rainy season produced little rain while the short rainy
season failed. The FEWSNET reported that as a result, the rainfall totals
for the year were only 20-60 percent of normal, depending on the region.
The FEWSNET also reported that the impact of drought has been severe,
resulting in crop failures, pasture degradation, water shortages, and
has raised serious food security concerns for the region. By the end of
January 2006, millions were in need of food aid, particularly pastoralists
who depend on rain-fed pasture lands to maintain their livestock.

4.3.3 Data
The data used in this study is composed of AVHRR-based NDVI images.
These images are processed by the Global Inventory Monitoring and Modeling Systems (GIMMS) group (Tucker et al., 2005),(Pinzón et al., 2005) at
the US National Aeronautic Space Agency (NASA/GSFC). They are freely
2 http://earthobservatory.nasa.gov/IOTD/view.php?id=6246
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available from the Famine Early Warning System/ Africa Data Dissemination Service 3 . They are selected as they cover the area of interest
and the long-term mean NDVI data for the same area are also available.
Data from the first dekad of September 2005 to the last dekad of April
2006, and long-term mean NDVI data for the same dekads are used.
This multi-temporal dataset covers the drought period under study. The
long term mean NDVI are calculated for each dekad from the year 1982
through the year 2008. From the original images, subsets covering the
region under study (Figure 1.6) are extracted.
In these original images, NDVI values in the range [0, 1] are linearly
stretched to [0, 250]. Missing and erroneous values are assigned to the
value 253 and water to the value 250. The pixel resolution of the images
is 8 km. A total of 42 AVHRR-NDVI images for 21 dekads are used. Three
dekads, namely the 2nd dekad of February 2006, the 2nd dekad of March
2006 and the 1st dekad of April 2006 only contain the value 0.

4.4 Methodology
The methodology consists of using the difference between the current
(i.e. from September 2005 to April 2006) and the long-term mean NDVI
of the same period to characterise the state of vegetation, similar to
Song et al. (2004) and Anyamba and Tucker (2011). A membership function is then applied to the difference NDVI values to model vegetative
drought. The proposed measures of vegetative drought are calculated
for all the dekads and the evolution of drought areas is visualised using the Dynomap space-time cube. The subsequent sections detail the
methodology.

4.4.1 Characterising vegetative drought
To characterise vegetative drought, a membership function is applied on
NDVI anomaly images, called DV. The following subsections explain the
process.
Generating the difference NDVI maps
NDVI is the most commonly used vegetation index and it is related to vegetation vigor, percentage green cover and biomass (Tucker and Stenseth,
2005). It is calculated as the normalized difference of the spectral reflectance of the near infrared NIR (0.73 - 1.1 µm for NOAA-AVHRR channels)
and red RED (0.55 - 0.68 µ m for NOAA-AVHRR channels):

NDVI =

NIR − RED
NIR + RED

3 FEWS/ADDS,
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earlywarning.usgs.gov/adds/

(4.1)

4.4. Methodology
NDVI values vary between −1 and +1, and are undefined when both NIR
and RED are zero. NDVI values for vegetated land areas generally range
from approximately 0.1 to 0.7, with values greater than 0.5 indicating
dense vegetation. Values less than 0.1 indicate no vegetation, e.g. barren
area, rock, sand or snow (Tucker, 1979).
As NDVI itself does not reflect drought or non-drought conditions, the
difference between the current NDVI, i.e. measured during the period
of interest, and the long term mean of the same period is considered.
The intensity of vegetative drought can then be defined from the deviation of the current NDVI from its long-term average (Anyamba and
Tucker, 2011). Positive NDVI difference values indicate above normal
vegetation conditions, zero values indicate no change and negative NDVI
difference values indicate below normal vegetation conditions, which
suggest prevailing drought conditions. The larger the negative departure,
the higher the intensity of vegetative drought. This NDVI deviation from
the long-term mean values, called here difference NDVI is obtained by
subtracting the long-term average from the current NDVI value for each
dekad from September 2005 to April 2006, excluding water, missing and
erroneous values. For each dekad i ∈ (1,...,21), the difference NDVI is
calculated from the raster subtraction as:

DV (t, s) = NDV I(t, s) − NDV I(s)

(4.2)

where NDVI (t, s) is the current NDVI at site s and time t, and NDVI (s) is
the mean NDVI value for different times, calculated for the time frame of
the data series. When DV(t,s) is negative, it indicates below normal vegetation conditions and therefore suggests prevailing drought conditions;
a large negative, persistent in time, corresponds with a severe drought.
This indicator has been used and discussed in various studies (Anyamba
and Tucker, 2005) (Bajgirana et al., 2008). This study characterises vegetation stress using negative DV(t,s) values.
Defining the membership function
This study assumed vegetation stress being caused by drought conditions. A membership function, which accounts for the gradual transition
between non-drought to drought classes, is proposed. The proposed
membership function, d(x) : [−250, 250] → [0, 1], calculates drought
from the negative DV(t,s) values. Two types of functions were selected:
a linear one and a sigmoidal one to assess the impact of the shape of
the function on the results. The linear (semi-trapezoidal) membership
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Min

Max

Mean

Stdev

-225

207

4.397862

9.339158

function (see Figure 4.1 (a)) d(x) is built over DV(t,s) values by:

∀x ∈ [−250, 250],



1


 β−x
d(x) =

β−α


 0

∀x : x ≤ α
∀x : α < x < β

(4.3)

∀x : x ≥ β

Where α and β are respectively the lower (start) and upper (end) limits
of the transition range (TR) ]α,β[.
Selecting the transition range of the drought membership function
The limits of the transition range are selected as follow: β, being the end
of the transition range, is set to DV(t,s) value zero, which corresponds to
the end of drought possibility. From 0 and above, there is certainly no
drought. α being the start of the transition range, is set in the following
way:
• As drought was reported to occur in November 2005 through March
2006, we assume drought to be “certain” at these months and
“possible” during the other months.
• As such, the DV(t,s) images of September, October and April are
combined into a single “possible” drought image and basic statistics of this combined image are calculated on the histogram.
• Assuming a 95 % confidence of possible drought, b is calculated as:
Mean - 2 Stdev, hence assigned to the DV(t,s) value -14.
In order to understand the impact of the shape of the function on the
results, a sigmoidal function (Figure 4.1 (b)) is used and calculated by:

∀x ∈ [−250, 250],

d(x) = 1 −

2
1 + exp( −2x
3 − 5)

(4.4)

In order to assess the impact of the width of the TR on the results, the
transition range was also reduced. By drawing a correspondence between
with Gouvia et al. (2009) call severe drought, and what we call “certain”
drought, the TR was reduced from ]-14,0[ to ]-7,0[, as shown on Figure
4.1(c). -7 in the range [-250,0] being an approximation of -0.025 in the
range [-1,0].
These membership functions are applied to DV(t,s) images to produce
drought maps D for each dekad i.
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Figure 4.1 (a) Linear drought membership function applied to DV(t,s) images,
with the transition range TR = ] − 14, 0[; (b) Sigmoidal drought membership
function applied to DV(t,s) images, with TR = ] − 14, 0[; (c) Linear drought
membership function applied to DV(t,s) images, with TR = ] − 7, 0[.

4.4.2 Quantifying vegetative drought
Quantifying vegetative drought involves using measures adapted from
the ones proposed by Dilo (2006); Dilo et al. (2007b,a) for continuous
space. These measures are modified for raster images. Visualising the
evolution of vegetative drought area in space and time is done using a
tracking software developed by (Turdukulov et al., 2005) and modified
to use the proposed measures. The following sections paragraphs details.
Vegetative drought measures
The measures proposed to quantify drought are: the total size of the
areas possibly covered by drought, called total-area; the total size of
the areas certainly covered by drought, called the core-area; and an
average of the area sizes of drought with the different certainty degrees,
called mean-area. This study also quantify the degree of uncertainty
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of vegetative drought with a measure called vagueness. These drought
measures are built on measures proposed for vague objects in the continuous space IR2 (Dilo, 2006; Dilo et al., 2007b,a), and are adapted to
raster data. The following paragraphs detail the process of building
these measures.
The total-area of drought is the area size of the possible drought
locations, i.e. locations with positive membership values. For a vague

region µ : IR2 → [0, 1], the total area is Area ( (x, y) ∈ IR2 |µ(x, y) > 0 ).
The data composed of raster images, Di for each dekad, which are
produced from the data processing of the previous step. In the following
equations we use D to notate the set of pixels in the image, and d(j) to
indicate the value of drought in pixel j . The D total-area is calculated
by:

X

total-area =

pixel-size

(4.5)

{j∈D|d(j)>0}

Thus, the total-area is equal to the pixel size multiplied by the number
of positive pixels.
The core-area is the area size of the certain drought locations. Vegetative
drought can be described in different levels of certainty using the concept

of α-cuts (Klir and Yuan, 1995): µα = (x, y) ∈ IR2 |µ(x, y) ≥ α , where
α ∈]0, 1]. The certain drought region is the 1-cut, which area size is the
core-area:

Area( (x, y) ∈ IR2 |µ(x, y) = 1 ). For a raster image D , the core-area is
calculated by:

X

core-area =

pixel-size

(4.6)

{j∈D|d(j)=1}

Thus, the core-area of drought is equal to the pixel-size multiplied by
the number of 1-valued pixels in D .
The different α-cuts produce different description of drought, each associated with a different certainty level, α. To get an estimation of the area
size that accounts for all the different descriptions based on α-cut values,
the study calculates the arithmetic mean of area sizes of α-cuts. This
measure is RRthe mean-area. For a vague region µ in IR2 the mean-area(µ)
is equal to µ(x, y) dx dy Dilo et al. (2007a,b); Dilo (2006). For a raster
image D , the mean-area is calculated by replacing the integral with the
sum:
mean-area =

X
{j∈D}
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d(j) · pixel-size

(4.7)

4.5. Results and discussion
The mean-area is a more stable measure with respect to the width of the
transition range, as compared to total-area and core-area.
To describe the effect of the transition range, in other words, to describe
how uncertain drought characterisation is, the study proposes another
measure called vagueness. This measure takes values in the unit interval
[0, 1], with values close to 1 showing high vagueness, and values close
to 0 showing low vagueness. A binary map characterizing vegetative
drought, i.e. drought described by a crisp object, has vagueness equal
to 0. The calculation of vagueness measure for a raster image D is
calculated by:
vagueness = 1 −

mean-area
total-area

(4.8)

Visualising drought evolution in space and time

Vegetative drought persisting in an area can have negative impacts proportional to its duration. This study proposes a way to visualise these
areas in time using the tracking prototype software Dynomap developed
by Turdukulov et al. (2005). Dynomap identifies vegetative drought areas,
called objects, as single or interconnected pixels with positive membership values. The continuity of objects in time is assessed using region
overlapping. The centroid of each region is calculated and used to
display a drought object in space.
The coordinates of the centroids, Cx and Cy , are calculated for each
entity K as:
P
Cx (K) =

p∈K

|p|x · ρ(p)

P

ρ(p)

p∈K

|p|y · ρ(p)

p∈K

P
Cy (K) =

P

p∈K

ρ(p)

(4.9)

(4.10)

where ρ indicates either d(x) or rd , |p|x and |p|y indicate the size of the
pixel along the x and y directions respectively.
The mean-area is also calculated for each object k at every dekad i
P
similarly to equation 4.7: nj∈ko d(j) · pixel-size. The mean-area is used
together with the centroid to visualise drought objects evolution in time.

4.5 Results and discussion
The DV maps, drought maps, and drought measures: total-area, core-area,
mean-area and vagueness, are implemented in Python. The drought maps
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were displayed using ArcMap 10ő . To visualise the evolution of drought
areas in time, the drought maps were exported into ENVIő to create
stacked layers, which were used as input in Dynomap. The subsequent
sections give more details about the results.

Figure 4.2 A subset of vegetative drought maps calculated with the membership function as illustrated in Figure 4.1(a), from September 2005 to April 2006,
with yellow indicating non-drought area to brown indicating intense drought
area. Blue masks water bodies.
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4.5.1 Characterising vegetative drought with vague maps
A subset of drought maps is shown in Figure 4.2. Yellow indicates nondrought areas, i.e. with a drought membership value equal to 0, and
brown indicates severe drought areas, i.e. with a drought membership
value equal to 1. Blue indicates water bodies and black lines countries’
boundaries (refer to Figure 1.6).
Looking at the maps in Figure 4.2, one observes a moderate drought affected area from the first dekad of September through October. Drought
intensified in the region, as indicated by an increase of brown pixels,
from the second dekad of November through January. This intensity
decreased in February throughout April, as indicated with a decrease of
brown pixels.

Figure 4.3 Averaged monthly rainfall anomaly (difference with the long term)
from September 2005 to April 2006 for Kenya and Tanzania.

As no ground collected data on vegetation conditions were available
to validate the results, the trend of drought evolution observed in the
results were compared with rainfall anomaly (see Figure 4.3) calculated
for Kenya and Tanzania, which are the two main countries making up
the study area.
Daily rainfall data for Kenya, and Tanzania from September 2005 to
April 2006 were acquired from the National Climatic Data Center 4 . The
monthly long-term rainfall data, for the same stations in these countries
and covering the same period, were acquired from the World Meteorological Organization. Monthly rainfall anomaly was calculated for each
station and averaged by country. Figure 4.3 shows the deviation of the
current (September 2005 to April 2006) amount of rainfall from the corresponding long-term average, considered as normal. 0 values indicate
normal amount of rainfall, negative values indicate below normal amount
4 http://gis.ncdc.noaa.gov/geoportal/catalog/main/home.page
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of rainfall and positive values indicate above normal amount of rainfall.
Figure 4.3 shows a below average condition of rainfall from October 2005
through February 2006, with a severe lack of rainfall occurring between
November and February, as for drought (Figure 4.2). The lack of rainfall
observed in October 2005 worsened through December and can explain
the level of drought intensification observed in January 2006. In April
2006 drought conditions started fading. This can be explained by the
slow return to normal rainfall condition observed in March.

4.5.2 Quantifying vegetative drought
Vegetative drought area for the region is measured using the total-area,
core-area, and the mean-area. Figure 4.4 shows the areas, expressed in
km2 , calculated per dekad and plotted against each other.
In all figures, the total-area remains the same as the same end for the
TR, 0, was used. These values vary between a minimum of 656 448
km2 and a maximum of 1 870 080 km2 . The core-area values does not
significantly change after changing the shape of the function, however it
changes drastically after reducing the transition range, and affects the
mean ares in Figure 4.4(c). In Figures 4.4(a) and 4.4(b), the core-area
varies between a minimum of 60 096 km2 and a maximum of 1 424 448
km2 , while in Figure 4.4(c) it varies between 296 640 km2 and 1 647 104
km2 . The mean-area varies between a minimum of 358 560 km2 and a
maximum of 1 637 344 km2 in Figures 4.4(a) and 4.4(b), while it varies
between 502 198 km2 and 1 756 525 km2 in 4.4(c).
With the difference of the core-area minimum values being 236 544
km2 , and of the mean-area minimum values being 143 636 km2 , it can
be concluded that the mean-area measure is more stable measure of
vegetative drought area, i.e. its values are less affected from the change
of TR than the core.
The difference between the total-area and the core-area values vary
for each dekad. The magnitude of this difference is reduced in Figure
4.4(c), as the transition range was reduced. In all the cases though, the
difference remains higher at the beginning of drought than at the end,
and was the smallest at the peak of the drought event in January 2006.
This variation shows that vegetative drought is more spatially vague at
its beginning than at its end, and less vague at its peak.
The degree of vagueness of vegetative drought characterisation is also
quantified. This uncertainty is quantified using the vagueness measure,
as shown in figure 4.5.
The degree of vagueness of vegetative drought is plotted for all the
dekads, for both TR. By defining the severity of vegetative drought
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as the percentage of drought affected vegetation, both figures show a
severe drought event in January with more than 60% of the vegetated
area affected by drought. The onset of the vegetative drought severity
corresponds to a higher degree of vagueness compared to its end in
both figures, however the magnitude of vagueness changes with the
width of the transition range. The highest severity of vegetative drought
corresponds to the lowest vagueness of vegetative drought.

4.5.3 Comparison with a traditional crisp approach
Traditional approaches usually characterise vegetative drought from
DV(t,s) images using a crisp function. In order to compare the two
approaches, the crisp threshold of 50%, or α-cut = 0.5, is used. This
value is a good threshold as it is the mean of the transition range.
Vegetative drought area calculated using that crisp threshold, called here
crisp-area, and the mean-area calculated using a membership function
are plotted together in Figure 4.6. From Figure 4.6 it can be observed
that:
• The creeping nature of drought is observed from both measures.
• The crisp approach with a threshold of α-cut = 0.5 gives a smaller

size of vegetative drought area.
The study concludes from the comparison that:
• The vagueness of the drought can only be observed and quantified
with the use of a drought membership function, i.e. it always equals

0 with a crisp function.
• The Fuzzy-based modeling allows also to quantify vegetative drought

for any given threshold value within the transition range, meaning
that vegetative drought can be mapped at different levels of certainty. The certainty level however depends on how good is the
membership function.

4.5.4 Visualizing drought evolution in space and time
To detect drought objects, the minimum drought object was set to be
of 1 pixel, due to the low spatial resolution of the images, where a pixel
area equivalent to 64 km2 , is a large area. As the interest is in visualising
persistent drought objects, only objects existing during all the 21 dekads
are displaid (Figure 4.7). The size of the objects are proportional to the
mean-area size. The variation of the size of objects during their lifetime
indicates that the mean-area of these objects changes over time, as can
also be observed in Figures 4.4(a).
Results on Figure 4.7 show vegetative drought objects persistent as also
observed in the drought maps. The identification of these objects depends on the segmentation process which considered any isolated pixel
or interconnected pixels with positive membership values as drought
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objects. This method is relatively simple and when performed on a nonfiltered input data set, can overestimate the number of drought patches
by accounting for noise as well. However, selecting persistent drought
objects removed potential noise. Opportunities to optimize drought
objects identification and tracking are open here.

4.6 Conclusion
This study shows how to characterise and quantify vegetative drought
from vegetation stress, while taking into account its vague nature. It
reveals that this consideration adds knowledge about vegetative drought
behaviour in East Africa.
At this geographic scale, the estimation of vegetative drought is almost
impossible by means of ground collected data, hence the use of remote
sensing data is an asset. Apart from the NOAA-AVHRR NDVI products,
other NDVI products such as from the Meteosat 2nd generation geostationary weather data and SPOT vegetation data already come in an
easy-to-use format in many stations in Africa, and can also be used. In
case of using these other datasets, DV(t,s) images can be recalculated
using either the calibrated NOAA-AVHRR NDVI long term mean NDVI, or
the median NDVI, calculated from the same sensor’s data.
The advantage of using a membership function over a crisp function to
model vegetative drought, is that the gradual transition between nondrought and drought is modeled. So it gives a more realistic description
of the nature of vegetative drought in space. The shape of the membership function is selected based on the assumption that vegetation stress,
as observed from negative DV(t,s) values, linearly translates into vegetative drought. The parameters α and β, limiting the transition range are
selected based on the data statistics. A sigmoidal function is substituted
to the semi-trapezoid one but without impact on the output results. The
decrease of the transition range produces a more dramatic situation and
impacts on the magnitude of the degree of vagueness, not on the trends.
Both transition range choices show a severe drought, reaching its peak
in January 2006. Rainfall anomalies confirm these findings.
The proposed measures present advantages over the measures provided
by a crisp approach as they can express both the degree of vagueness
drought characterization, and the spatial extent for different levels of
certainty. Tracking vegetative drought areas using Dynomap reveals the
same pattern as observed in the drought maps.
The novel contribution of this article is that a more realistic characterisation of vegetative drought is proposed, together with measures which
reveal information that cannot be obtained using a crisp approach. This
method does not require more accurate data than what is traditionally
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used. The method is generic in a way that it can also be applied in
other regions of the World, and adapted to monitor other vague spatial
phenomena such as water pollution in rivers and lakes, or air pollution.

61

4. Quantifying spatial extent and vagueness of vegetative drought

Figure 4.4 total-area, core-area and mean-area: (a) calculated as illustrated in
Figure 4.2(a), (b) calculated as illustrated in Figure 4.2(b), and (c) calculated as
illustrated in Figure 4.2(c).
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Figure 4.5 Degree of vagueness of vegetative drought for all dekads with TR =
]−14, 0[ (top image) and ]−7, 0[ (bottom image), plotted against the percentage
of mean-area of drought and non-drought area respectively.
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Figure 4.6 mean-area, calculated with the membership function as illustrated
in figure 4.2(a), and crisp-area, calculated with a crisp function with a threshold
of α-cut = 0.5.

Figure 4.7 Trajectories of drought objects existing during all the dekads calculated with TR = ] − 14, 0[; (a) in a 3D view and (b) in a 2D view. The size of the
objects are proportional to their mean-area size and different colors are used
for different objects. The mean-area values multiplied by 100 to optimize their
visualization. Images and contours at the bottom of the cube mark the position
of the image objects in geographic space at the first dekad of September.
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Abstract

This chapter explores the potential to model the changes of vegetative
drought areas using NDVI data from NOAA-AVHRR. A fuzzy classification
approach was used to model the vegetative drought classes and Markov
chains were used to model the changes of areas of these classes. The
method was implemented on the drought prone region of East Africa
first, and in Kenya, using data from March to May, and October to
December, 1998 to 2008. Three classes were defined and probability
transition matrices were calculated per season and per dekad. The
transition probability matrices showed that in East Africa there is a
higher probability (p  0.5) to remain or change to the “normal” class
from either “dry” or “wet” classes. Using the same method, in Kenya
there is a higher probability to remain “wet”. The transition matrices
were further used to predict the areas of the classes. The “normal”
class was predicted with less error (mean absolute error = 0.01). For
East Africa, values were predicted with less errors than in Kenya and
the dekadal matrices perform better than the seasonal matrices. The
proposed method offers for the first time a possibility to quantitatively
assess the dynamics of the area of vegetative drought at a regional level.
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5.1 Introduction
Drought is a vague concept as it has meanings from different perspectives. It can be defined as a natural but temporary water scarcity that
can have a substantial impact on the ecosystem and agriculture of the
affected region. The prime cause of drought is the occurrence of below normal precipitation, which in turn, is caused by various natural
phenomena (Panu and Sharma, 2002). The amount of drought caused
by precipitation shortfalls varies according to local topography, soils
and vulnerability. For instance, in areas where most of the vegetation
depends on rainfall, the direct impact of drought is the damage to plants,
that usually results in losses of crops and pastures, while in other areas
plants might be less affected or not at all. Vegetative drought in this
study is associated with the short-term effects of precipitation shortfalls
on plants in general.
A combination of droughts, or a sequence of droughts, with human
activities may lead to desertification of vulnerable arid, semi-arid and
dry subhumid areas, whereby, soil structure and soil fertility degrade
and bio-productive resources decrease or disappear (Kundzewicz, 1997).
In East Africa for instance, recurring droughts leading to desertification
have created grave ecological catastrophes, prompting massive food
shortages in certain areas (Pantuliano and Pavanello, 2009).
Unlike desertification, management of vegetation stress as a consequence
of precipitation shortfalls requires the development and implementation
of preparedness and emergency measures to reduce the adverse effects
and minimize for instance crop losses. In this context, preparedness,
prediction and early warning system are necessary (Paulo and Ferreira,
2007; Pereira et al., 2009). Understanding and predicting the dynamics of drought can therefore improve the development of preparadness
measures. The lack of clearly agreed definitions and knowledge on the
probability of drought occurences, however, makes it difficult to adequately evaluate the impacts and to implement preparedness measures
when a drought occurs (Rojas et al., 2011).
Considerable efforts to model the dynamics of droughts using stochastic
models have been made; some references to related studies can be found
in Mishra and Desai (2005). Most of these efforts are focused on meteorological droughts, where Markov chains proved to be useful to predict the
changes of drought classes (Paulo et al., 2005; Paulo and Ferreira, 2007).
The Markov chain model is named after the Russian mathematician Andrei Andreevich Markov (1856-1922), who developed the Markov chain
as a natural extension of sequences of independent random variables. A
Markov process usually refers to a first-order process of auto-regressive
processes. The future development of this process is completely determined by the present state and is independent of the way in which the
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present state has developed, which explains the “first-order” (Chatfield,
2004). A Markov chain is a discrete-state random process of a Markov
process and it is a simple linear model (Meyn and Tweedie, 1993; Sinclair,
2005). A Markov chain is also a special case of a Markov process, which
itself is a special case of a random or stochastic process. Mishra and Desai (2009) combined Joint probability Density Function and Markov chain
process to characterize drought with SPI. Banik et al. (2002) modeled
weekly rainfall data by Markov chain and the results illustrated a better
understanding of drought-proneness and identification of the areas for a
long-term drought mitigation. Paulo and Ferreira (2007) used SPI values
of 67 years of rainfall data into Markov chain to predict hydrological
drought. Results showed that the Markov chain approach applied to
time series is proved to be a useful tool to understand the stochastic
characteristics of drought and for early warning system. Markov chains
were also used for non-drought studies, such as in Balzter (2000) who
used four different locations with different climatic and soil conditions
to examine different grassland species. Results show that Markov chain
models are sensitive to changes and information from models is valuable
for conservation, land planning and ecology. Compared to regression
variables in crop field forecasting, the Markov chain proved to be an
attractive alternative to regression analysis, because the approach is
non-parametric, simple to implement with Markov property as the only
requirement (Matis et al., 1985). In a recent study by Ding et al. (2011),
Markov chains have been used to model the dekadal dynamics of vegetative drought classes modelled as vague classes using the fuzzy set theory,
for 20 pixels individually. The method showed a potential to predict the
future vegetative drought class of a pixel on a dekadal basis.
Fuzzy sets were first introduced by Zadeh (1965, 1968, 1984) as an extension of the classical set theory. In classical set theory, the membership
of elements in a set is assessed in binary terms according to a bivalent
condition with only two values: 0 and 1. In fuzzy set theory, classical
bivalent sets are usually called crisp sets. By contrast, fuzzy set theory
permits the gradual assessment of the membership of elements in a set.
Each fuzzy set is bounded by transition ranges. A fuzzy membership
functions µ A(x) has often been regarded as a compatibility function,
which denotes the degree in which the proposition “x is A” is true (Drakopoulos, 1995). To define a fuzzy set, values of threshold, dispersion
and selection of appropriate membership function are required. There
are different types of membership functions. Common examples are
Boolean, bell-shaped, triangular, Gaussian and trapezoidal. Values of
threshold can be selected using statistical methods or based on field
knowledge. In this study, the dynamics of vegetative drought areas are
modeled using Markov chains applied to traingular and trapezoidal fuzzy
classes. In previously mentioned studies, drought classes are modeled
as crisp classes. Some authors have developed the concepts of fuzzy
Markov chains, where Markov chains are applied to fuzzy classes or
states. Dilo (2006) used fuzzy Markov chains to model beach erosion
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with the ratio of average area. Miao et al. (2005) predicted the future
value of cultivated land demand in land use planning using traditional
homogeneous Markov chains model with fuzzy probabilities. Results
proved that the accuracy of prediction is improved with fuzzy set theory.
The present work is a continuation of the study by Ding et al. (2011),
where a group of homogeneous pixels, called area, is considered instead
of individual pixels. The aim of this study is to explore the potential
of Markov chains for the modelling of dynamics of areas of vegetative
drought at a regional level. The method is applied on the drought prone
region of Eastern Africa.

5.2 Data and study area
5.2.1 Data
A drought variable is responsible for assessing drought effects, and is
considered a key element in defining drought and deciding on techniques
for its analysis (Panu and Sharma, 2002). For vegetative drought, the
Normalized Difference Vegetation Index (NDVI) is used as an indicator of
vegetation status (Tucker, 1979). The 10-days (dekadal) NOAA-AVHRR
NDVI images freely available from the FEWSNET (FEWSNETd, 2005) website are used as input. Images covering the two rainy seasons in East
Africa from 1998 to 2008 are considered. The first season lasts from
March to May, and the second one from October to December. The pixel
size is 8 km. The 11 years period is selected as the minimum to capture
the dynamics of vegetative drought, knowing that in most of these years
the region experiences drought episodes.
The study applied the Global Land Cover map 2000 (GLC2000) mask
(EC-JRC-GEMU, 2000) to exclude non-vegetation classes and vegetation
classes such as forests, swamps and irrigated vegetation. Forests’ classes
were not of interest as they are generally more resilient to precipitation
shortfalls and forest drought will have only short term effect on the livelihoods of the land users. Swamp areas, being on wetland, are expected
to respond differently to drought conditions, and irrigated crops are
more influenced by human activities.

5.2.2 Study area
The study area covers a subset of East Africa as seen on Figure 1.6.
The region, also referred to as the Great Lakes region of East Africa, is
situated between 5◦ 30” N, 12◦ S, and 28◦ 45” E and 41◦ 50” E. These
countries together, currently forming the East Africa Community (EAC),
cover a surface of 1.72 million Km2 , excluding water, with a population
of more than 133.5 million (EAC, 2010). The climate in the region is
diverse, but predominantly semi-arid. Agriculture is one of the region’s
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most important sectors, with about 80 % of the population of the East
African community partner states living in rural areas and depending on
agriculture for their livelihood.
East Africa is a drought prone region at high risk of food insecurity
(FEWSNETb, 2011). In general, the growing seasons follow the rainy seasons and vegetation dynamics is highly dependent on rainfall (Davenport
and Nickolson, 1993). There are two rainy seasons, an abundant rainy
season from March to May and a less abundant season from October
to December. Crops and animal pasture are renewed during the rainy
seasons. Large precipitation shortfalls in the past decade cause periodic
drought episodes in the region (FEWSNETb, 2011).
The proposed method was also applied to Kenya, covering an area of
581 000 km2 excluding water (Figure 1.6). Kenya has been prone to
drought episodes in the last dekades, especially in the North where
severe droughts have led to famine, displacement and death.

5.3 Methods
5.3.1 Vegetative drought parameters
As NDVI itself cannot indicate drought, the study used the NDVI anomaly
DV(t,s), calculated per pixel by Equation (5.1), as an indicator of vegetative
drought (Anyamba and Tucker, 2011), (Thenkabail et al., 2004), (Murad
and Islam Saiful, 2011). A time series of DV(t,s) images provide therefore the framework for evaluating the vegetative drought parameters of
interest.

DV (t, s) = NDV I(t, s) − NDV I(s)

(5.1)

where NDVI (t, s) is the current NDVI at site s and time t, and NDVI (s ) is the
mean NDVI value for different times, calculated for the time frame of the
data series. When DV(t,s) is negative, it indicates below normal vegetation
conditions and therefore suggests prevailing drought conditions; a large
negative, persistent in time, corresponds with a severe drought.
Important parameters to quantify drought are its duration, its severity,
where and when does it occur, and its areal coverage. Also, the ratio
of severity to duration, called magnitude or intensity, is used (Dracup
et al., 1980). The basic element for deriving the above parameters is
the truncation or the threshold x0 level (Dracup et al., 1980), defined
as in equation (5.2). For a pixel over time, xm , s , and cv are the mean,
standard deviation and the coefficient of variation of the time series of
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the drought variable, and e is an effective scaling factor. For e = 0, x0 =
xm .
x0 = xm − e.s = xm (1 − e.cv )

(5.2)

DV(t,s) maps constitute the time series that is used in this study, and x0

serves at dividing the time series into “below normal” and “above normal”
sections. Our parameter of interest is the areal coverage of a vegetative
drought, which is based on properties of the “below normal” DV(t,s) range
of values. The calculation of x0 is detailed in the section below.

5.3.2 Vegetative drought classification
The categories of vegetative drought characterized from DV(t,s) values
have transition ranges; therefore, a membership functions to define the
vague vegetative drought classes. Due to the difficulties related to determining the threshold values of the classes, only three classes, namely
“dry”, “normal” and “wet” are defined using linear membership functions.
These classes are illustrated in Figure 5.1 and calculated by equations
(5.3) – (5.5). The threshold value x0 is defined as the mean values m of
DV(t,s) images with a value close to zero. The parameter m is the mean
of the “normal” class. The values a and b are respectively the lower and
upper boundaries of the “normal” class.

Figure 5.1 Linear membership functions of dry, normal and wet classes. m, a
and b are the mean value, the lower and upper limits of the normal class. DV is
the range of NDVI anomaly values within a season.
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Values for m, a and b, are determined from the statistics of dekadal
DV(t,s) images. The study assumes the long-term mean NDVI images
values being the normal values for each dekad, and as such, a DV(t,s)
mean value of 0 means normal. The study considers K images during
the rainy seasons of the k years, each covering a decade of days, called
dekadal images. Assuming at least one normal situation in the k years of
the time series, the following was performed:
1 For each dekadal DV(t,s) image, the mean md and standard deviation
sd values were calculated;
2 The time series obtained in step 1 was divided into two seasons:
season 1 from March to May, and season 2 from October to December;
3 For each time series, the image of the year with the image md
value closest to 0 was selected. This step produced a time series of
dekadal images with mean values close to 0;
4 For each seasonal time series obtained in step 3, an average seasonal
image (Si ), i = 1,2; its mean ms and standard deviation ss were
calculated.
The parameters ms , a and b were calculated by equations (5.6) using
Si images. ms (Si ) and s(Si ) are respectively the mean and standard
deviation values of the Si image.
m = m(Si )
a = m(Si ) − 2s(Si )
b = m(Si ) + 2s(Si )

(5.6)

where m(Si) = ms and s(Si) = ss . These parameters are used in equations
5.3, 5.4 and 5.5 to produce a total of k · K · C images per season, where
C is the number of classes (C = 3). k is the number of years in the time
series, K is the number of dekads in a season. In this study, for each
season 297 images are produced.

5.3.3 Modeling the dynamics of the area of vegetative drought
The changes of vegetative drought classes are modelled using Markov
chains that are applied to homogenous group of pixels called area. As
the classes are defined using membership functions, the area of a class
accounts for all the pixels having positive class membership values. The
following subsections detail the modelling method using Markov chains.
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A. Markov chains for vegetative drought

Markov chains are commonly used to model the dynamics of stochastic
processes. A Markov chain is formally defined as a discrete stochastic
process X , such that at any time t , Xt+1 is conditionally independent from
X0 , X1 , X2 , ..., Xt−1 , given Xt ; the probability that Xt+1 takes a particular
value j depends on the past through its most recent value Xt , as in
Equation (5.7). In other words, the process is time dependent.

P(Xt+1 = j X0 , X1 , ..., Xt ) = P (Xt+1 = j Xt = i) ∀i, j ∈ S, t ∈ T (5.7)
A similar approach as in Paulo et al. (2005) and in Paulo and Ferreira
(2007) is taken in this study, considering the change of vegetative drought
area as a stochastic process. In effect, rainfall shortfalls are not the only
cause of change of vegetative drought areas; the types of vegetation, the
capacity of soil water retention, evapo-transpiration related to temperature and the management of water supply can all influence the change
of the areas of vegetative drought. Due to the complexity of identifying
contributing factors, the dynamics of vegetative drought area can be
considered to be stochastic in nature. Markov chains in this context can
be used to model these dynamics. The directed graph in Figure (5.2)
shows the state transition of the vegetative drought classes used in this
study.

Figure 5.2 State transition graph between dry (d(x)), normal (n(x)) and wet
(w(x)) classes, for the first order transition matrices; nine states are defined.
B. Transition probability matrix

A Markov chain is characterized by a set of states and by the transition
probabilities pij between states. This study uses the area of a class,
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denoted ω and calculated here as the sum of pixels x with positive class
µ membership values (Equation 5.8), to calculate these probabilities. T is
the number of pixels with positive class membership values in an image.

ωt =

T
X

xµ,t |xµ,t > 0

(5.8)

i=1

where ωt is the class area at time t and xµ,t is a pixel with a positive class
membership value at time t .
The transition probability pij is the element of the transition probability
matrix P where the Markov chain is at the next dekad t+1 in state j , given
that it is at the present dekad t in state i . It is given by equation (5.9)
P = [pij ]

(5.9)

where
X
nij
≥ 0,
pij = 1
pij = P
j nij
j

(5.10)

and nij is the total number of pixels (i.e area) in a dekadal image passing
from class i at time t to class j at time t + 1.
In the present study, the transition probabilities are estimated per season
by Equation (5.11), based on the area of the different classes for the
whole time series. The class transition probabilities are calculated for
the season as the average of the transition probabilities in consecutive
dekads for each season.
(1,2)

pij =

pij

(2,3)

+ pij

(K−1,K)

+ · · · + pij

(5.11)

(K − 1)

where K is the number of dekads in a season.
These transition probabilities with the finite number of states are put
in the 3× 3 matrix P modelling the changes
 of vegetative drought areas.
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To use Markov chain for predicting the changes of vegetative drought
area, one needs to test that the transition probabilities are time dependent, as in equation 5.7. In a homogenous formulation, the seasonal
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transition probability matrix is stationary over time, hence the power
n of the matrix, Pn , can be used to predict at time t +n, independently
of n; n being the number of time steps. If the transition probability
matrix is not stationary through time, Tan and Yilmaz (2002) suggested
that the Markov chain will have no predictive power. The tests of time
homogeneity and time dependence are explained in sections below.
C. Testing time homogeneity

Tests of time homogeneity are performed to determine whether the
seasonal transition probability matrices are stationary over time. For
each season, the test is implemented by dividing the entire sample period
into M sub-periods and comparing the M first order transition probability
matrices with the first order seasonal transition matrix. The comparison
is performed using both the LR and P ear son χ 2 -tests, respectively given
by equations (5.12) and (5.13):

LR (M) = 2

M X
N
X
X

nij |m log

m=1 i=1 j∈Ci|m

Q(M) =

M X
N
X

X

nij |m

m=1 i=1 j∈Ci |m

N
X
pij|m
∼ χ 2 ( (ci − 1)(di − 1))
pij
i=1

(5.12)

N
X
(pij|m − pij )2
∼ χ 2 ( (ci − 1)(di − 1)) (5.13)
pij
i=1

where N is the number of drought classes at time t − 1; j =1,2,3 at time t ,
pij|m is the transition probability of the sub-sample m; M is the number
of sub-samples. nij |m is the number of pixels passing from class i to
class j for the sub-sample m. ci is the number of elements in Ci and di is
the number of sub-periods for which a positive number of observations
is available for the ith row. Both of the tests have an asymptotic χ 2
distribution with degree of freedom (df ) equal to the number of additional independent restrictions imposed by the null hypothesis H0 as
compared to the alternative hypothesis Ha . For each sub-period m test,
the df = N(N −1), LRpr ob and Qpr ob are respectively the probability of
LR test and Q test under df (Anderson and Goodman, 1957).
In this study, the sample is divided into dekadal transitions
M ∈ {1, 2, 3, 4, 5, 6, 7, 8} within a season.
D. Testing time dependence

Tests of time dependence are performed to test that the process is
dependent on the past, i.e. do not constitute a random walk. The study
tests the null hypothesis H0 that the Markov chain is of order 0 against
the alternative hypothesis Ha that the Markov chain is of order 1. If this
hypothesis cannot be rejected, then the order is 0. If the hypothesis is
rejected, then the transition probabilities are time dependent. In order
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to test the time dependence of the Markov chains for the order 0, under
n
H0 : ∀pij = pj (i, j = 1, 2, 3) Ha : ∃i : pij ≠ pj , α = 0.05 where pj = nj ,
P
nj = nj (t). The LR and P ear son χ2 tests are performed as in equations
(5.14) and (5.15) (Bickenbach and Bode, 2003).

LR (O)(0) = 2

N X
X

nij (t) log(

i=1 j∈Ci

Q(O)(0) =

N X
X

ni (t − 1)

i=1 j=1

where, ni (t − 1) =

P

j

pij
) ∼ χ 2 ((N − 1)2 )
pj

(pij − pj )2
∼ χ 2 ((N − 1)2 )
pj

(5.14)

(5.15)

nij (t), Ci = j : pij > 0

If the null hypothesis H0 is rejected, the Markov chains is time dependent.

5.3.4 Prediction and validation
For each image at time t +1, the estimated probability transition matrix
P of the season can be multiplied by the initial distribution vector of
classes’ area at time t to forecast the classes’ area at time t +1.
f (x)t+1 = f (x)t · P

(5.16)

where f (x)t is the vector of probability distribution of areas at time t .
For every dekad, predicted values xp are compared with the actual values
using the absolute error , given by equation (5.17). The absolute error
compared predicted value and actual value xr by giving the difference
between them.
 = xp − xr

(5.17)

And for every season, the mean absolute error λ given by equation (5.18)
is calculated.
Pn
λ=

i=1

n

i

(5.18)

where n is the number of transitions in a season, n = K − 1.
The actual values are calculated using the same procedures detailed in
section (5.3.2).

5.4 Results
The pre-processing steps involved masking out classes of non-interest.
Referring to the GLC2000 Africa-v5-legend, the following classes containing croplands are selected: (7) mosaic forest/croplands, (18) croplands
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(>50 %), and (19) Croplands with open woody vegetation. In section 5.4.1,
results of the classification process are presented and in section 5.4.2,
the estimated transition probability matrices are presented. The results
of the tests of time homogeneity and time independences are presented
in section 5.4.3, and of the sensitivity analysis in section 5.4.4. Finally,
predicted and validation results are presented in section 5.4.5.

5.4.1 Vegetative drought classification
For the East African region, the estimated parameters m, a and a for the
2 seasons are shown in Table (5.1).
Table 5.1 The parameters m, a, and b for each season in East Africa in the
upper part of the table. The mean, Stdev, the lower (L) and upper (U ) 95%
confidence bounds interval of the Difference are shown in the lower part of the
table.

Label
Season 1

m
-0.54

a
-39.44

b
38.36

Season 2

0.46

-42.20

43.02

mean

-0.04

-40.82

40.69

Stdev

0.70

1.95

3.29

L

-6.39

-58.35

11.08

U

6.31

-23.28

70.29

The parameters of the normal class in both seasons are quite similar.
The normal image used for the first season is slighlty drier than the one
of the second season. However the difference is not significant. This can
imply that any of these images can be used interchangeability. In this
study we use them respectively for season 1 and season 2. These values
are used in equations (5.3), (5.4) and (5.5) to calculate drought, normal
and wet images for each dekad. The areas of each vegetative drought
class are calculated and used to calculate the transition probabilities.

5.4.2 Transition Probability Matrices
The estimated 1st order 3 × 3 transition probability Matrix P1 of season
1 for East Africa to model the dynamics of vegetative drought areas is
given by:


0.41

P1 =  0.22
0.08

0.48
0.49
0.48


0.11

0.28 
0.44
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The estimated 1st order 3 × 3 transition probability matrix P2 of season
2 for East Africa to model the dynamics of vegetative drought areas is
given by:


0.39

P2 =  0.27
0.09

0.44
0.49
0.47


0.17

0.24 
0.44

The 1st order transition probability matrices for both seasons show
higher probabilities to stay or return to normal classes. Transition probabilities are the lowest (pij < 0.1) from wet to “drought” classes and
(pij < 0.2) from dry to wet. In season 1, the transition probabilities are
highest (pij ≈ 0.50) from any class to normal class. In season 2, the
transition probability from dry to normal is slighly lower (pij = 0.44) than
in season 1.

5.4.3 Tests of Markov properties
The tests of time homogeneity are performed for both seasons, by dividing first the sample into different years; M=11. The tests statistics
obtained by comparing the yearly matrices with the estimated matrix for the whole time-series (LRpr ob < 0.05, Qpr ob < 0.05) reject the
null hypothesis. This indicates that for both seasons in East Africa,
the estimated seasonal transition matrices are not stationary yearly.
Further, the sample is divided per dekadal transitions; M=8. Results
(LRpr ob < 0.05, Qpr ob < 0.05) show that the Markov chains are neither
stationary dekadally. This indicates that neither seasonal transition
matrices will have a strong predicting power.
The tests of time dependence are performed to check that the estimated
matrix is not of order 0. Results (LRpr ob < 0.05, Qpr ob < 0.05) reject the
null hypothesis that the Markov chains are of order 0. Hence the Markov
chains are time dependent.

5.4.4 Sensitivity analysis
For Kenya, the estimated parameters m, a and b for the 2 seasons are
shown in Table (5.2). For the second season, Kenya shows a significantly
larger mean value (m = 4.5) than during the first season (m = 0.02). This
means that during the 11 years of observations, Kenya’ s normal situation was wetter in the second season compared to the first season.
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Table 5.2 The parameters m, α, and β for each season in Kenya in the upper
part of the table. The mean, Stdev, the lower (L) and upper (U ) 95% confidence
bounds interval of the Difference are shown in the lower part of the table.

Label
Season 1

m
0.02

a
-45.54

b
45.58

Season 2

4.5

-42.73

50.83

mean

2.26

-44.13

48.20

Stdev

3.16

1.98

3.71

L

-26.10

-61.98

14.85

U

30.72

-26.28

81.55

The estimated 1st order 3 × 3 transition probability matrix P1 of season 1
for Kenya to model the dynamics of vegetative drought areas is given by:


0.42

P1 =  0.26
0.08

0.48
0.48
0.45


0.10

0.26 
0.47

The estimated 1st order 3 × 3 transition probability matrix P2 of season
2 for Kenya modelling the dynamics of vegetative drought areas is given
by:


0.42

P2 =  0.26
0.08

0.49
0.49
0.45


0.09

0.26 
0.47

A similar pattern as observed for the whole region of East Africa, is observed for the region of Kenya, where in general the change towards the
“normal” class shows the highest probabilities. However, in both seasons,
the “ wet” class has a higher probability value to remain “wet” than to
change to “normal”. The two seasons present quite similar transition
matrices.
The tests of time homogeneity and time dependence are also performed
for Kenya. The sample is first divided into yearly sub-samples, for both
seasons; M=11. Results (LRpr ob > 0.05, Qpr ob > 0.05) for both seasons
show that the Markov chains are stationary throughout the years of the
time series. Further, the sample is divided into dekadal transitions; M=8.
Results (LRpr ob > 0.05, Qpr ob > 0.05) for both seasons show also that
the Markov chains are stationary throughout the dekads.
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Results of the time dependence tests (LRpr ob < 0.05, Qpr ob < 0.05 )
reject the null hypothesis, hence indicates that the Markov chains are
not of order 0.
In the next section, the seasonal and dekadal Markov transition matrices
are used to predict the future areas of vegetative drought classes.

5.4.5 Predicting and validating vegetative drought area
The probability of areas at the next dekad, for each classes is calculated
for the year 2008 using the 1st order transition probability matrices for
each season. Probability of areas are also used in the initial distribution
vector f (x)t . For each time step, given that the transition matrices are
not stationary, the initial distribution vector is reset to the actual values
at dekad t . Results are compared with actual data. In Figures (5.3) and
(5.4), the  values respectively for the 1st and 2nd season are plotted.
It is observed from these figures that the areas of the “normal” class
is predicted with less error than the other two classes. The areas of
the normal class are more or less constant over time, as can be seen
in Figures (5.5) and (5.6). In Kenya, for the dry class for instance, the
probabilities of areas are predicted with more errors (λ = 0.06) than
East Africa (λ = 0.02). For the first two dekads of May, corresponding to
generally the last month of the rainy season, the dry class prediction has
relatively a larger error ( = 0.07) than the rest of the dekads for East
Africa; while for Kenya, the month of April (0.08 <  < 0.10), also the
mid-season, has larger errors.
In season 2, the probabilities of the areas of the dry class in Kenya for
instance are also predicted with more errors (λ = 0.05) than in East Africa
(λ = 0.04). The first dekad of December shows a larger error of dry areas
predicted ( = 0.09) for East Africa, while the second dekad of November
shows a larger “dry” error for Kenya ( = 0.17). Despite the difference in
the magnitude, the trend of predicted values has a lag time compared to
the actual values, as can be seen in Figures (5.5) and (5.6).
Transition matrices calculated for each dekadal transitions are also tested
for prediction. Results show less errors, for instance for the dry class in
East Africa, the mean absolute error λ = 0.03 with the seasonal matrix
and λ = 0.02 with the dekadal matrices, for the first season. In Kenya, the
mean absolute error λ = 0.06 with the seasonal matrix and λ = 0.04 with
the dekadal matrices, for the first season. For the second season no significant improvement is shown. The absolute errors  for East Africa and
Kenya for the two season are shown respectively in Figures (5.7) and (5.8).
For Kenya and in both seasons, the probabilities of the dry areas are
predicted with more errors (λ = 0.04 for season 1 and λ = 0.05 for season
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Figure 5.3 Absolute error values for the first season of 2008, between the
predicted and actual probability values calculated with the seasonal matrices for
(a) East Africa and for (b) Kenya.

2) than East Africa (λ = 0.02 for season 1 and λ = 0.04 for season 2). For
the first season, the errors are still larger at the 1st dekad of May for East
Africa; 2nd dekad of March and dekads of April for Kenya. However the
trend is more similar to the one of actual values, compared to the one in
Figures (5.5) and (5.6), as we can observe in Figure (5.9). For the second
season, results are generally not improved using the dekadal transition
matrices, as seen in Figure (5.10)

5.5 Discussion
This study shows that the proposed Markov chains based method offers
potentials to model the dynamics of the areas of vegetative drought in
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Figure 5.4 Absolute error values for the second season of 2008, between the
predicted and actual probability values calculated with the seasonal matrices for
(a) East Africa and for (b) Kenya.

East Africa. Both the strength and weakness of this method lie primarily
on the classification process adopted in this study. The fuzzy classification method allows to capture the gradual transition between the
classes, which is more realistic than using a crisp approach. However, the
determination of the classes’ boundaries remains a challenge. Due to the
limited knowledge at hand in order to define a larger number of classes,
only three classes are used. Bickenbach and Bode (2003) suggested that
a relatively low number of states influence the accuracy of the results.
As such, a higher number of vegetative drought classes can then improve
the accurcay of the results. A higher number of classes can be defined
using equal frequency for instance. However, selecting the range of
the normal class can be challenging. The method does not need to be
modified when the number of classes increases.
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Figure 5.5 Predicted probability values of the areas of dry, normal and wet
classes for the first season, 2008, calculated with the seasonal matrices for (a)
East Africa and for (b) Kenya.

Another important aspect of the classification process involves the determination of the parameters m, a and b. The method proposed to
derived them is highly data dependent. Modifying the length of the study
period for instance will directly influence the classification results. The
main issue limitating the determination of these class parameters is the
uncertainty of defining a vegetative drought. Vegetative drought is a
vague concept, which depends on the characteristics of a region and the
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Figure 5.6 Predicted probability values of the areas of dry, normal and wet
classes for the second season, 2008, calculated with the seasonal matrices for
(a) East Africa and for (b) Kenya.

types of vegetation accounted for. A relative interpretation of the results
is then more realistic than an absolute one. Hence, care must be taken
when interpreting the results.
Satellite images used in this study were available online for free. As
the study is conducted at a regional level and vegetative drought covers large geographic areas (Smith, 2009), the spatial resolution of the
images is considered adequate for the analysis of vegetative droughts
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Figure 5.7 Absolute error values for the first season of 2008, between the
predicted and actual probability values calculated with the dekadal matrices for
(a) East Africa and for (b) Kenya.

dynamics (Rossi, 2009). These NDVI products from NOAA-AVHRR are no
longer available since 2010, however, they have been replaced with the
enhanced NDVI products from MODIS (eMODIS NDVI). The temporal resolution of the data is maintained (10-days) with the new products, which
have a higher spatial resolution (250 m). The main difference comes
with the long-term mean images. While NOAA-AVHRR NDVI products
provided with about 30 years mean NDVI images, the eMODIS NDVI mean
images are calculated from the year 2001. In this study, considering the
recurrent droughts episodes during the last 10 years (EM-DAT, 2011), the
NOAA-AVHRR long term NDVI products are more appropriate to simulate a normal situation. Using the eMODIS NDVI short-term mean values
will require to use other vegetation stress parameters not necessiting
long-term mean NDVI data. The calculation of m, a and b will be done
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Figure 5.8 Absolute error values for the second season of 2008, between the
predicted and actual probability values calculated with the dekadal matrices for
(a) East Africa and for (b) Kenya.

accordingly.
Vegetation water indices such as the Normanilzed Difference Water Index
(NDWI), Land Surface Water Index (LSWI) and Shortwave Infrared Water
Stress Index (SIWSI) can also be used as estimators of vegetative drought.
They are more sensitive to liquid water in plants, as compared to NDVI,
and less sensitive to atmospheric scattering effects. NDWI (Gao, 1996)
for instance showed a quicker response to drought conditions than NDVI
(Gu et al., 2007, 2008). These vegetation water indices are more sensitive
to crop stages and both NDWI and LSWI show strong relationships with
NDVI (Gu et al., 2007; Chandrasekar et al., 2010). NDVI, although simple,
has been used successfully in drought detection (Moulin et al., 1998),
and furthermore, the images needed to implement this approach were
available.
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Figure 5.9 Predicted probability values of the areas of dry, normal and wet
classes for the first season, 2008, calculated with the dekadal matrices for (a)
East Africa and for (b) Kenya.

Apart from the NDVI products used, the global land cover map dated
from 2000 can also include errors in the classification results. A change
of land cover from 2000 to 2008 can be reflected as an area affected by
vegetative drought. At such a regional level, an 11-year time series of
ground data are almost impossible to collect. Satellite images such as of
SPOT or MODIS can be used to further improve the vegetative drought
classification process.
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Figure 5.10 Predicted probability values of the areas of dry, normal and wet
classes for the second season, 2008, calculated with the dekadal matrices for
(a) East Africa and for (b) Kenya.

The transition matrices, obtained either for the whole seasons or for
each dekadal transition for the eleven years, show similar characteristics.
The stability of the areas of the normal class can result from the limited
number of classes, with the normal class being the middle one. Results
need to be considered in this specific context. An increased number of
classes can reveal detailed and different trends of the dynamics of the
classes areas. However, it can be concluded that a return to an almost
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normal conditions, no matter the number classes being normal, is most
likely to happen, as droughts are temporary phenomena.
In Kenya, the higher probability to stay wet can be explained by the fact
that Kenya has a different rainfall regime in its north. The local specificity
of the vegetation type for instance, not having a significant impact on
the overall East Africa region, can also cause the wet class to remain wet
in this study. Although rainfall occurs seasonally throughout most of
Kenya, the highlands of western Kenya have a single rainy season, lasting
from March to September. Hence the importance of selecting seasons
homogenous to the study area, as the parameters a, b and m are derived
from the selected seasons.
The use of the dekadal transition matrices rather than the ones estimated
for the entire seasons better captured the trend of the probabilities of
class areas. In effect, as for instance rainfall amount varies during a season, the changes of vegetative drought vary throughout the season; using
a seasonal matrix will smooth this effect. The growth cycle of plants can
also play a role. Dekadal matrices are then more accurate to capture the
trend of the dynamics. Results of tests of Markov properties show that
the transition probabilities in East Africa are not homogeneous, while
for Kenya they are. In both cases though, the use of dekadal transition
matrices performed better for prediction, than the seasonal matrices.
As the initial distribution vector is reset for every prediction, and that
the dekadal transition matrices give more details of the changes, the
stationarity of the seasonal matrices is not an issue.
The values of the areas predicted differ from the actual values for different potential reasons: the change in the land cover since 2000 can
influence the prediction results as well, and the prediction process might
involve more parameters than the transition matrices multiplied by the
initial probability distribution vectors.
With proper consideration of the specificity of a region, the proposed
methods can be used to model the dynamics of vegetative drought in
other regions of the World.

5.6 Conclusion
Markov chains offer possibilities to understand and model the dynamics
of vegetative drought classes using the areas. With transition matrices
calculated based on 3 classes, East Africa show higher probability values
to remain or return to normal classes (0.5). Kenya show a similar pattern,
with however a slightly higher value to remain wet. The probability
transition matrices are multiplied by current probabilities of the size of
area of the classes and results show that the area of the normal class
is predicted with more accuracy (λ = 0.01) than the areas of the other
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classes. The use of the dekadal probability transition matrices reduced
the errors between the predicted and the actual values. These results
can serve to first understand the dynamics of vegetative drought on a
dekadal basis, and second to make an early estimate of damages. While
long-term prediction results can help drought policies to be implemented,
short-term prediction results can help estimating the potential damage
in case no drought policies are implemented. This can help in cost
estimation of losses of crops for instance. Further, these results can be
integrated with long-term drought forecast models’ outputs.
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Abstract

Remote sensing-based drought monitoring methods provide fast and
useful information for a sustainable management strategy of drought
impact over a region. Common pixel-based monitoring methods are
limited in the analysis of the dynamics of this impact at regional scale.
For instance, these hardly allow to quantify the movement of drought in
space and time, and to compare drought with rainfall deficits without
loosing the variability of these events within a region. This study proposed an object-based approach that allowed us to visualize and quantify
the spatiotemporal movement of drought impact on vegetation, called
vegetative drought, in a region. The GIS software Dynomap was used to
extract and track objects. Measures of distance and angle were used for
determining the speed and direction of vegetative drought and rainfall
deficit objects, calculated from the National Oceanic and Atmospheric
Administration noaa Normalized Difference Vegetation Index (NDVI) and
from NOAA Rainfall Estimates (RFE) data. The methods were applied
to the two rainy seasons during the drought year 1999 in East Africa.
Results showed that vegetative drought objects moved into the SouthWestern direction at an average angle of -138.5◦ during the first season
and -144.5◦ during the second season. The speed of objects varied
between 38 km dekad−1 and 185 km dekad−1 during the first season,
and between 33 km dekad−1 and 144 km dekad−1 during the second
season, reflecting the rate of spread between dekads. Vegetative drought
objects close to rainfall deficit objects showed similar trajectories and
sometimes regions overlapped. This indicated that the two events are
related. We conclude that a spatio-temporal relationship existed between
the two types of events, and that could be quantified.
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6.1 Introduction
Drought is a temporary, common and recurrent feature of climate. It
occurs in virtually all regions of the globe, but its characteristics may
vary throughout a region. In general, it originates from a deficiency
of precipitation over an extended period of time resulting in a water
shortage for some sectors. Drought can have a substantial impact on
the ecosystem and agriculture of the affected region. Although no universal definition exists, operational definitions are used to analyze the
drought duration, frequency and degree of severity (Whilite and Glantz,
1987). These operational definitions are impact-based. The impact of
drought on vegetation, referred to in this study as vegetative drought, can
be defined as the negative impact of drought on vegetation, and can
be characterized by how far from a determined normal condition, the
vegetation condition has been negatively affected.
In vulnerable areas where vegetation health mainly depends upon rainfall
such as in East Africa, vegetative drought can have a significant negative
impact on socio-economic aspects. For instance, over the past years,
various institutions reported failed, poor or delayed rainfall seasons
affecting vegetation growth that resulted in famine, displacements, conflicts and death of people and cattle. As drought develops and intensifies,
the impact on vegetation spreads throughout a region. Analyzing the
spatio-temporal movement of vegetative drought can improve our understanding of the phenomena and help reducing the devastating effects.
In recent years, Geographic Information Science (GIS) and Remote Sensing (RS) have played a major role in studying drought, such as in studies
by Mokhtari et al. (2011); Murad and Islam Saiful (2011). Remote sensing
vegetation indices such as the Normalized Difference Vegetation Index
(NDVI) (Tucker, 1979) have been used to monitor the response of vegetation to climatic fluctuations in East Africa (Nicholson et al., 1990;
Davenport and Nickolson, 1993; Eklundh, 1996, 1998), as an indication of
vegetative drought. Furthermore, issues of geospatial data quality have
been addressed and the vague characterisation of vegetative drought
was modeled (Rulinda et al., 2012) using a fuzzy classification approach
(Wang, 1990). These advancements allowed us to quantify the dynamics
of vegetative drought with measures of certainties, however without
providing with an understanding of the spatio-temporal movement of
vegetative drought at a regional scale. For that purpose, an object-based
approach was proposed. Advancements have also been made during the
past years in the development of object-based image analysis (de Jong
et al., 2001; Stein et al., 2009; Blaschke et al., 2008; Blaschke, 2010;
Blaschke et al., 2011; Mokhtari et al., 2011). The main difference between
pixel-based and object-based image analyses is that the object-based
oriented approaches provide output in the form of thematic maps that
are composed of geographical entities. The movement of these entities
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can be quantified. Among others, Cheng et al. (1997) proposed methods
to identify fuzzy objects from Field observations. According to their
definitions, vegetative drought objects can be characterize in space as
objects with crisp boundaries and fuzzy interiors.
Visualization techniques to explore spatial data have been widely discussed by Kraak and MacEachren (1999). As modeling uncertainty in
geospatial data was getting more attention, visualization techniques have
adapted and prototypes have been developed to present and explore
uncertainty in remote sensing data (Lucieer and Kraak (2004)). The propotype Dynomap developed by Turdukulov et al. (2005); Turdukolov (2007)
in envi/idlő is a tool that allows one to visualize the evolution of entities
in remote sensing images. It can handle entities with crisp boundaries
and fuzzy interiors. In this study, we proposed a method to visualize
and quantify the spatiotemporal movement of vegetative drought over
East Africa using satellite data for characterization of entities of interest,
and using Dynomap for extraction and tracking of these entities.

6.2 Materials and Methods
6.2.1 Study area
The study area, as shown in Figure 1.6, covers a subset of East Africa
that includes five countries namely Burundi, Kenya, Uganda, Tanzania
and Rwanda. The region, also referred to as the East Africa Community
(EAC), is situated between the latitude 4◦ N and 2◦ S, and longitude 28◦ E
and 42◦ E. It covers a surface of 1.82 million km 2 , with a population of
more than 133.5 million. The climate in East Africa is predominantly
semi-arid. The growing season in most of East Africa follows the two
rainy season pattern: an abundant rainy season from March to May and
a second one less abundant, from October to December.
East Africa is a drought prone region. It has been affected by drought
since the 1980s. The United Nations Children’s Fund (UNICEF) reported
a serious drought that has been developing in Eastern Africa since early
1999 (UNICEF, 2000). The Food and Agriculture Organization (FAO) also
reported serious crop failures in several regions of Tanzania, in November 1999 (FAO/GIEWS, 1999). In Kenya, significant harvest shortfalls
were forecast during the same period in several parts due to drought,
and worsening nutritional conditions were reported in pastoral and agropastoral areas (FAO/GIEWS, 1999). At the same period, in Burundi and
Rwanda, inadequate rainfall affected the recently harvested crops. In this
chapter, the drought year of 1999 is analyzed for different rainy seasons.

94

6.2. Materials and Methods

6.2.2 Data and processing
During the past two decades, vegetation indices data such as the NDVI
(Tucker, 1979) have been used in studies to monitor the response of
vegetation to climatic fluctuations in East Africa (Nicholson et al., 1990),
(Davenport and Nickolson, 1993) (Eklundh, 1996), (Eklundh, 1998). These
studies concluded that temporal variations of NDVI are closely linked to
precipitation with the best correlation between NDVI and the concurrent
month plus two previous months (Nicholson et al., 1990), (Davenport
and Nickolson, 1993).
On the basis of the primary understanding of vegetative drought as a
period during which vegetation health is below normal due to a water
deficit (especially rainfall), two datasets were considered for this study:
The NDVI and RFE datasets. NDVI and RFE images from the National
Oceanic and Atmospheric Administration (NOAA) were acquired and
used with the characteristics show in Table A.1. Vegetative drought (vd)
and cumulative RFE deficit (r d) values are calculated from these datasets
and used to analyze the spatio-temporal dynamics of vegetative drought.
The process of obtaining vd and r d images is explained in sections below.
A. Vegetative drought images

NOAA-AVHRR derived 10-days (dekad) NDVI products are processed by
the Global Inventory Monitoring and Modeling Systems (GIMMS) group
(Tucker et al., 2005), (Pinzón et al., 2005) at the US National Aeronautic
Space Agency (NASA/GSFC). The GLC2000 (EC-JRC-GEMU, 2000) Land
Cover map is used to mask out non-vegetated area and forests. Three
classes according to the GLC2000 Africa-v5-legend are considered: (7)
Mosaic forest/croplands, (18) Croplands ( > 50 %) and (19) Croplands
with open woody vegetation.
Data from March to May 1999 and from October 1999 to January 2000
are used. The dekadal long-term mean NDVI are calculated from the year
1982 through the year 2008. AVHRR NDVI values in the range [0, 1] are
linearly stretched to [0, 250] whereas missing and erroneous values are
assigned to the value 253. The pixel resolution of the images is 8 km.
From the original images, subsets covering the region of interest (Figure
1.6) are extracted.
As low NDVI values do not reflect vegetative drought, but a low density of
vegetation, vegetative drought can be characterized using the departure
of the current NDVI values from the concurrent long-term mean NDVI
values. Values of this departure, referred to as differenceNDVI values,
denoted x , are calculated as the difference between current NDVI and
long-term mean NDVI values (Anyamba and Tucker, 2011), (Thenkabail
et al., 2004), (Murad and Islam Saiful, 2011). Positive difference values
indicate above normal conditions. Missing, erroneous or water values are
all assigned to 250. Negative difference values, denoted by x , indicate
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below normal conditions and can be used to characterize vegetative
drought. Vegetative drought values d(x) are calculated as:

∀x ∈ [−250, 250],



1


 β−x
d(x) =

β−a



0

if

x≤α

if

α<x<β

if

x≥β

where x is the difference NDVI value at a pixel, and α and β are the
lower and upper limits of the transition range ]α,β[ between drought and
non-drought categories, respectively. The limits α and β are set as follow:
the parameter β is set to NDVI anomaly value zero, corresponding to
the end of possible vegetative drought as above 0 (i.e. positive anomaly)
there is certainly no vegetative drought. The parameter α, being the start
of the transition range, is set to -14 following earlier research (Rulinda
et al., 2012). Modifications to this value were made without significantly
changing the spatio-temporal pattern of vegetative drought.
B. Cumulative RFE deficit images

RFE data covering East Africa are obtained from the NOAA’s Climate
Prediction Center (Xie and Arkin, 1997). The data have the same pixel
and temporal resolutions as the NDVI data used. The dekadal long-term
RFE mean values are derived from interpolated rain gauge data for the
period 1920 to 1980. The values ranging from 0 to 250 mm represent
the maximum amount of rainfall for the 10-days interval. Images from
January to May and from September to December 1999 are used. Cumulative RFE values are calculated for each dekad by adding up values from
previous dekads. They are calculated for the cumulative current RFE, and
for the cumulative long-term mean values. Cumulative RFE deficit values,
for each pixel are calculated as the difference between the cumulative
current and the concurrent cumulative long-term mean RFE values.
Difference RFE values for each pixel, denoted by DR, are calculated as the
difference between the current RFE and the long-term average values RFE .
Values of DR vary between -250 and 250 mm. Rainfall deficit values rd
are calculated from ra values by:
(
rd =

0
−DR
2.5

if
if

DR ≥ 0
DR < 0

Values of rd vary between 0, no RFE deficit, and 100, maximum RFE
deficit.

6.2.3 Extracting objects
In this study an entity is the set of interconnected pixels having positve
values, and an object the set of entities linked in time. Thus, objects can
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be quantified and they can be compared in space and time. The objectbased approach is used here to analyze the movement of vegetative
drought and rainfall deficit objects in space and time. To do so, I
used the tracking-visualization tool, Dynomap, developed by Turdukulov
et al. (2005, 2007) in ENVI/IDL. The tool allows to extract entities with
crisp boundaries and fuzzy interiors, hence accounting for the spatial
variability of values within the entities. As the interest is in extracting
groups of pixels with positive values (> 0) from background values (0),
entities with crisp boundaries are the chosen concept. These entities are
extracted as objects with the following attributes:
• Entity ID that uniquely identifies an object at time t.
• Time t.
• The total-area, or the spatial coverage of the entity, calculated
as in Equation (6.1) and the mean-area calculated as in Equation
(6.2) below. To calculate total-area and mean-area, the study used

measures adapted from the ones proposed by Dilo (2006); Dilo
et al. (2007a) for continuous space. In the following equations, K is
used to denote the entity, ρ(p) to indicate either d(x)(p) and rd(p)
values for pixel p of the entity. The total-area of K is calculated
by:
total-area(K) =

X

|p|

(6.1)

p∈K

where |p| is the pixel size.
The mean-area of entity (K ) is calculated as in equation (6.2), by:

X

mean-area(K) =

ρ(p) · |p|

(6.2)

p∈K

where ρ(p) indicates either d(x)(p) and rd(p) values for pixel p .
The mean-area of entity K is thus equal to the pixel size multiplied
by the sum of ρ(p) for all p pixels in K .
• The centroids, or center of mass of entities are extracted to track
objects. The coordinates of the centroids, Cx and Cy , are calculated
for each entity K as:

P
Cx (K) =

p∈K

|p|x · ρ(p)

P

ρ(p)

p∈K

|p|y · ρ(p)

p∈K

P
Cy (K) =

P

p∈K

ρ(p)

(6.3)

(6.4)

where |p|x and |p|y indicate the size of the pixel along the x and y
directions respectively.
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As centroids are given in (x,y) image coordinates, a common linear transformation using image characteristics in Table A.1 to Lan, Lon coordinates is applied as: Lat = (Cy ) · (T op − Bottom)/(MaxRow + Bottom) and
Lon = (Cx ) · (Right − Lef t)/(MaxCol + Lef t). For extracting and tracking
objects, the tracking-visualization tool, Dynomap, developed by Turdukulov et al. (2005, 2007) in ENVI/IDLő is used.
A. Extracting vegetative drought entities

Vegetative drought images are used as input to extract vegetative drought
(vd) entities. The entities are extracted in each image using their properties as described in section Vegetative drought images. Groups of connected
positive vd pixels are extracted as uniquely labelled entities. With this approach vd objects are obtained with crisp boundaries and fuzzy interiors.
B. Extracting rainfall deficit entities

Rainfall deficit (r d) entities are extracted in each cumulative RFE deficit
image using their properties as described earlier. Depending on the
spatial distribution of positive r d pixels, threshold values to separate
clusters of positive r d values might be needed to extract desired objects.
In this study, these threshold values are selected manually by determining the maximum pixels values separating groups of pixels, for each
dekad. These values are shown in Table A.2. With this approach we also
obtain rd objects with crisp boundaries and fuzzy interiors.

6.2.4 Tracking objects
The prototype Dynomap uses the post-processing method originally proposed by Samtaney et al. (1994) and later modified by Silver and Wang
(1996). The post-processing approach allows to handle deformable dynamic phenomena. It can handle entities with crisp boundaries and fuzzy
interiors such as clouds. After entities are extracted, they are tracked
and binded into objects using the spatial overlap criterion. Details on the
tracking algorithm can be found in Turdukolov (2007). Feature entities,
uniquely labelled, through a set of relations form a compound entity
called an object. Each object has an objectID that uniquely identifies
it. Samtaney et al. (1994) introduced a number of evolutionary events
that describe the creation, continuation and dissipation of objects, as
illustrated in Figure 6.1.
When an entity appears in an image, an object is created. Entities linked
in time are the continuation of an object through time. Object creation
can also result from the splitting or merging of existing objects at previous time. Splitting and merging happen when there is no minimum
overlap allowing to link the image entity at time t to the one at time t+1.
Objects can also dissipate by merging with other objects, resulting in
the creation of a new object. Tracking centroids rather than the regions
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of entities in a 3D space-time cube improves the visualization of the
movement of objects in a time series. The size of the centroids can
indicate the spatial coverage or the intensity of an entity K , hence the
evolution of spatial attributes of an object can also be observed on the
3D space-time cube.

Figure 6.1 Spatio-temporal dynamics of objects represented by uniquely labelled entities E at each time t (adapted from (Samtaney et al., 1994)).

Quantifying the spatial relations between entities is an important factor
to analyze the movement of an object. Spatio-temporal relations can exist
between entities of the same or different objects. This study first analyzes relations between entities of the same object. Centroids are used
as the location of the entities, and the distance d between the centroids
of an entity K1 at time t and an entity K2 at time t + 1 is calculated using
the Haversine formula. This formula calculates the great-circle distance
between two points on a surface of a sphere either in kilometers or in
miles (Sinnot, 1984) . It is used in this study to calculate the distance
d between the Latitude (Lat) and Longitude (Lon) coordinates of the
centroids of two entities as:
∆Lat
∆Lon
) + cos(Lat1 ) · cos(Lat2 ) · sin2 (
)
2
2
p q
c = 2 · atan2( y, (x)

a = sin2 (

d=R·c

where ∆Lat and ∆Lon are the differences between the Lat and Lon coordinates of the two centroids respectively, and R = 6.371 km is the
Earth’s radius. The function atan2(y, x) is the angle in radians between
the positive x-axis of a plane and the point given by the coordinates (x,
y) on the plane. The distance between the centroids of entities is hence
refered to as the distance between entities.
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The speed v of movement of vegetative drought from time t to time t + 1,
is then calculated from the distance divided by the time and expressed
in km per dekad. The direction of movement of a vegetative drought
object from time t to time t + 1 is calculated using the angle θ between
the lines defined by the locations of the two centroids of entities K1 and
K2 at time t and t + 1 respectively, and the horizontal axis. It is given in
degrees by:

θ(k1 , k2 ) = atan2(Cy (K2 ) − Cy (K1 ), Cx (K2 ) − Cx (K1 ))

180
π

(6.5)

Values between 0◦ and 90◦ degrees indicate a movement towards EastNorth; values between 90◦ and 180◦ indicate a movement towards NorthWest. Values between 0◦ and -90◦ indicate a movement towards EastSouth, while values between -90◦ and -180◦ indicate a South-West movement.

6.2.5 Relationship between rd and vd objects
The relation between rd and vd objects can be determined qualitatively
by visually comparing the trajectories of both sets of objects, or quantitatively by measuring the distances between them, or assessing their
overlapping. For the visual approach, the Lat and Lon coordinates of
objects were plotted separately per season and the trajectories compared.
For the quantitative approach, the distances d between the entities of
selected objects from different sets visually close to each other were
calculated. Furthermore, both sets of images can be input into Dynomap,
after creating alternated stacked layers in envi, in order to assess their
overlapping. For this study, stacked 24 layers were created for each
season following the chronological order of image frame. For the first
season, the first seven layes are made of rainfall deficit images from
Jan I to Mar I, followed by an alternance between vegetative drought
images and rainfall deficit images until May III. For the second season,
the first four layers are made of rainfall deficit images, followed by an
alternance between vegetative drought images and rainfall deficit images
until Dec III. The stacked layers ended with three layers of vegetative
drought until Jan III. This last approach gives an unbiaised result as no
subjective jugement is made prior to quantitatively compare the objects.
The distances between centroids of the entities of the extracted objects
can be further be calculated.

6.3 Results
6.3.1 Vegetative drought images
Vegetative drought images of the first and second seasons of the year
1999 are shown in Figures 6.2 and 6.3 respectively. Membership values
varying from 0 to 1 are multiplied by 100 to improve the visualization
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of objects in the later section 6.3.3. Both figures show the existence
of vegetative drought entities in the region. Throughout the seasons,
these entities show spatial dynamics. More vegetative drought entities
and dynamics are observed during the second season. In Figure 6.2
we observe that vegetative drought entities from the first dekad of
March 1999, centered around north Tanzania, decrease in intensity
through the last dekad of March. From the first dekad of April, large
severe vegetative drought entities appearing in the north of Kenya, and
spreading throughout the last dekad of May are observed. During the
same period, severe vegetative drought entities forming and intensifying
in the west of Uganda are observed. In Kenya, during the second season
large severe vegetative drought entities are observed in the east and
center until the third dekad of November. From December, they are
observed in northwestern Kenya and in January in south Kenya. Two
large severe vegetative drought entities are observed in November in the
west and in southeastern of Tanzania. In December, a large severe entity
is observed in the Center and in January, it extends towards the South
and the North.

6.3.2 Cumulative RFE deficit images
Cumulative RFE deficit images for seasons 1 and 2 are shown in Figures
6.4 and 6.5, respectively. The patterns observed indicate that the rainfall
deficit dynamics may have influenced the dynamics of vegetative drought
in the region. In Figure 6.4, are observed two persistent high deficit
entities in Kenya and southern Tanzania. The red entity observed in the
center of Tanzania at the begining of the season is replaced by a blue
one, indicating a surplus of rainfall. The persistent high deficit entities
in Kenya can explain the development of vegetative drought observed in
the area.
The high deficit values observed in southern Tanzania however does not
correspond to a vegetative drought event in the same area. This can
be explained by the characteristics of the area, such as its topography
and rainfall regime. Southern Tanzania experiences a unimodal rainfall
regime from December to April.
The few crop areas found in the area may have been irrigated by surface
water coming from the high plateau, where no RFE deficit is observed
from the second dekad of January. The vegetation cover type in this area
is predominantly forest, swamp, and savanna, whereas in the semi-arid
pastoralist region of North Kenya, there are mainly savanna and crops.
This vegetation cover in north Kenya is highly dependent on rainfall.
The persistent rainfall deficit in the region might have contributed to
the observed vegetative drought. During the second season, RFE deficit
entities are found consistently in most of Tanzania. From October until
the second dekad of November, the RFE deficit entity covers most of
Tanzania, and from the third dekad of November, mainly the center and
eastern parts. RFE deficit entities also cover southeastern Kenya. The
RFE deficit entity observed in Kenya until the first dekad of November is
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Figure 6.2 Vegetative drought images of East Africa from the first dekad of
March to the third dekad of May 1999. Vegetative drought membership values
vary from 0 (no drought) and 100 (severe drought).

replaced by no RFE deficit entities from the second dekad of November,
except for the northern part bordering Uganda. Vegetative drought
entities observed in those regions may have resulted from the high RFE
deficit in northen Kenya and in Tanzania.

6.3.3 Vegetative drought objects
Vegetative drought objects, denoted vd, are extracted in a similar way
for both seasons. The locations of the centroids of extracted objects are
shown in Figure 6.6 for both seasons. For the first season, 128 objects
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are extracted, while for the second season, 215 objects are extracted.
Two large objects that persist throughout most of the seasons are observed with dynamics of the centroids corresponding to the patterns
observed in vegetative drought images. Table A.3 gives the locations of
the centroids of these objects at each dekad.
In Figures 6.6 (a) and (b), the centroids of the vd object vd1 (in blue)
are observed in March 1999, around the North of Tanzania. From April
onwards the object shifts towards south and its size decreases before
dissipating into the second dekad of May. A smaller object vd77 (in
purple) is observed from April 1999 through the end of the season
in north Kenya, shifting slightly towards the center. In Figure 6.6 (c)
and (d) we observe a vegetative drought object vd24 (in green) starting
in eastern Kenya and shifting south towards the center of Tanzania.
Another vegetative drought object vd115 (in dark blue) smaller than the
first one, is also observed around northeastern Kenya from the end of
October to the end of November. The change of the size of centroids
indicates the change in the spatial coverage, i.e. shrinkage or expansion
of the objects. The shifting of the centroids indicates either that the
center of intensity of the object has moved to another area of the entity,
the entities have shifted, or a combination of the above. In the next
section these dynamics are analyzed.

6.3.4 Dynamics of vd objects
Distances between the centroids of each entity of the same object are
calculated and shown in Table A.4. On average, objects of longer durations move faster than objects of shorter durations. When considering
smaller time interval of objects, the speed can vary significantly. Object
vd1, with an average speed of 185 km dekad−1 moves faster than vd77
with an average speed of 38 km dekad−1 ; and vd24, with an average speed
of 144 km dekad−1 moves faster than vd115, with an average speed of
only 33 km dekad−1 .
When considering vd24 at the time interval between the third dekad
of October and the first dekad of November, the speed of movement
equals 674 km dekad−1 , whereas from the first to the second dekad of
November it is 33 km dekad−1 . From these results it can be concluded
that the long distances or high speed values of a drought object at a
time interval reflect considerable changes of the variability of vegetative
drought intensity in the region.
The directions of the movement of vegetative drought are calculated
as angles on a dekadal basis, and shown in Table A.4. The angles θ
calculated between the lines formed by the coordinates of the centroids
of the first and last entities of each vd objects are shown in Table 6.1.
These angles indicate that vegetative drought moved South-West from
its origin, when considering these four objects.
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Table 6.1 Averaged angle for directions of vd objects from the time of their
appearance to time of their their disappearance.

ObjectID
vd1

Angle
-124◦

vd77

-153◦

fopvd24

-118◦

vd115

-171◦

6.3.5 Cumulative RFE deficit objects
Cumulative RFE deficit objects, denoted rd, are also extracted in a similar
way for both seasons. The locations of the centroids of the largest
extracted objects are shown in Figure 6.7 for both seasons. For the first
season, 38 objects were extracted, whereas for the second season, 78
vegetative drought objects are extracted. A number of large objects that
persist throughout most of the seasons are observed with dynamics of
the centroids corresponding to the pattern observed in rd images. Tables
A.5 and A.6 give the locations of the centroids of these objects at each
dekad and each season.
Two large rd objects are observed for the first season, and six large objects are observed during the second season. For the first season, object
rd1 is persisting in South-East Tanzania, while object rd8, originating in
South-Kenya, moved and persisted in north-Kenya. During the second
season, more objects are observed, clustered in south-Tanzania, Kenya
and Uganda. These regions coincide with regions of vegetative drought.

6.3.6 Dynamics of rd objects
Distances between the centroids of each rd object are calculated and
shown in Tables A.7 and A.8 for each season respectively. These objects
also show different spatio-temporal dynamics. During the first season,
two large objects are considered; one starting and ending in South-East
Tanzania; while the other starts in south Kenya and ends in the north of
Kenya.
They both have the same duration, however rd2 is more stable (persistent)
in space than rd8. Hence the speed of movement of rd2 centroids in
space and time is smaller than rd8. During the first season, object rd2
moves at an average speed of 20 km dekad−1 , while object rd8 moves at
an average speed of 76 km dekad−1 .
For the second season, object rd8 moves at an average of 77 km dekad−1 ,
rd9 at 76 km dekad−1 , rd10 at 88 km dekad−1 , rd45 at 78 km dekad−1 ,
rd50 at 56 km dekad−1 and rd52 at 29 km dekad−1 . The directions of the
movement are calculated as angles on a dekadal basis, and shown in
104

6.3. Results
Tables A.7 and A.8. The angles θ calculated between the lines formed by
the coordinates of the centroids of the first and last entities of each rd
objects are shown in Table 6.2.
It can observed that objects rd1 and rd8 in the first season, rd9, rd45 and
rd52 in the second season move into the northwestern direction from
their locations of origin. Object rd8, rd10 and rd50 move into the southeastern direction from their locations of origin. Although some objects
present the same direction of movement, results must be interpreted
along with the speed of movement for a complete understanding.
Table 6.2 Averaged angle of directions of rd objects from their appearance to
their disappearance.

Object Angle
Season 1
rd1

129.76◦

rd8

102.66◦

Season 2
rd8
-70.93◦
rd9

141.78◦

rd10

-27.29◦

rd45

120.44◦

rd50

-29.55◦

rd52

157◦

6.3.7 Relationship between trajectories of vd and rd objects
Trajectories of objects are plotted together by season, along the Latitude and Longitude axes, as shown in Figures 6.8, 6.9, 6.10, 6.11. Note
that vd objects are analyzed from March and October for the first and
second season respectively, and rd objects are analyzed from January
and September for the first and second season respectively. Hence, only
the largest objects at the time of their co-existence are compare. Results
show that persisting rainfall deficit in certain areas have caused vegetative drought.
Figures 6.8 and 6.10 show best the differences between the trajectories of
the objects. For the first season (Figure 6.8), the trajectory vd1 along the
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Latitude direction is close to rd8, while vd77 is closer to rd8 at the first
dekad of March, and moves towards rd2. The object vd1 can have been
influenced first by the rd8, and later on by the object rd2. The distances
d between the co-existing entities of vd and rd objects are calculated
and shown in Table A.9. Results indicate that the distance between vd1
and rd8 increased from 298 km to 1094 km through time, while it has
decreased from 641 km to 512 km through time. The distance between
vd77 and rd8 also decreased from 389 km to 248 km. This indicates that
persisting rainfall deficits caused vegetative drought within a maximum
distance of 512 km.
During the second season (Figure 6.11), we observe that the trajectories
of rd10, rd45 and rd50 objects are closer to the trajectory of vd24, while
the trajectories of rd9 and rd52 objects are closer to the trajectory of
vd115. Results, as indicated in Table A.9, show that distances between
vd24 and rd10, vd24 and rd8, vd24 and rd45, vd115 and rd52, vd11 and
rd9 decreased trough time, while the distance between vd24 and rd50
increased. At the end of the observation period,i.e. co-existing period,
persisting rainfall deficits on drought vulnerable areas caused vegetative
drought within a maximum distance of 617 km.
Figure 6.12 show the relationship between the two events, obtained
by alternating rainfall deficit images and vegetative drought images in
the time series. The creation and persistence of objects show that vd
and rd objects overlapped in the study area.

6.3.8 Sensitivity analysis of the tracking method
The tracking tool Dynomap allows to define the search radius for overlapping of entities to form an object. In order to test the sensitivity of
the vd tracking method, the search radius was set to 50 pixels. In other
words, the tracking software will look for entities within a maximum
radius of 50 pixels from time t to time t+1 to form an object path. More
objects are extracted for the first season (191) than without specifying
the search radius, and the same amount of objects ( i.e. 215) are extracted for the second season. The number of considerable objects is
however unchanged. Vegetative drought (vd) objects extracted are vd1
with unchanged properties, and vd78 with the properties of vd77 for
the first season; vd24 with unchanged properties, and vd137 with the
properties of vd115 for the second season. The locations of centroids of
these objects are shown in Figure 6.13.

6.4 Discussion
Results indicate the existence of rainfall deficit and vegetative drought
events in the East African region in 1999. It is expected that if the
vegetation stress is caused by a rainfall deficits over the region, the
later covered persistently the areas before vegetative drought occurs. A
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qualitative analysis by visually comparing images to determine this relation is limited as it can only offer a subjective interpretation, and it can
become time consuming when many images are used; for instance, when
analysing a multi-year drought. Existing alternative approaches, while
providing with quantitative analysis methods, do not consider the spatial
variability of these events in a region of interest. Hence they are limited
in quantitative ways to analyze their spatio-temporal dynamics within a
region of interest. This study proposes an object-oriented analysis approach to extract entities with crisp boundaries and fuzzy (multi-valued)
interiors. This allows to capture the spatio-temporal variability of values
within each entity, as compared to feautures with crisp (single-valued)
interiors. As only one category of an event, either vegetative drought
or cumulative rainfall deficit, is of interest, entities can be extracted on
images with crisp boundaries. The centroids are calculated and plotted
to build the trajectories of each objects. Dynomap allows to select the
size of the centroids in regard to one attribute. This approach allows
in this study to visualize not only the movement of vd or rd objects
but the evolution of the area of these objects as well. Results indicate
that rainfall deficits in East Africa may haved caused vegetative drought
in some areas, as demonstrated by other studies mentioned in section
6.2.2. Visually comparing trajectories of both events show that there is
a relation between them. Further studies to compare trajectories in a
quantitative way can be developed, where the growing seasons are also
taken into account.
Although the use of a membership function allows to account for the
vague nature of vegetative drought, selecting threshold values to limit the
class from difference NDVI values remain a challenge. On the one hand,
vegetative drought is characterized from NDVI anomaly values below
normal. In many areas, normal conditions generally mean conditions
that do not deviate from long-term averages. However, these averages
themselves can change over time. Results obtained should hence be
carefully interpreted, related to the long-term mean period used. On the
other hand, even while considering that the normal values are unchanged,
selecting a value from which a vegetative drought starts and ends is
subjective. In this method however, changing the parameters α and β
did not influence the conclusion about the spatio-temporal dynamics,
only about the values of vegetative drought. Extracting and tracking rd
objects presented an additional challenge of segmentation, as the entities
in the images are smoothed, hence spatially more connected than vd
entities. This is caused by the modeled input data: although patches are
visually separable, they are spatially connected with positive rd values
pixels. A manual approach has been adopted here. The long-term mean
values used to calculate RFE anomaly images are calculated for the years
before 1999. Rainfall anomalies should then be considered relative to the
long-term period used. Results from this study are difficult to validate
using ground collected data due to the large geographical coverage of
vegetative drought and its characterization. Other remote sensing data
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such as of higher spatial resolution can be used and results can be
compared for validation. Note that extraction and tracking methods
described in this study are independent of the characteristics of these
data.

6.5 Conclusion
The main conclusion of this study is that rainfall deficits observed at
locations during the drought events of 1999 in East Africa show to habe
contributed to the vegetation stress in the same area. The proposed
method allows to quantify the spatio-temporal dynamics of these two
events using NDVI and RFE data at a regional level. The object-oriented
approach allows also to compare the events in space and time. Objects
are first extracted and tracked in space and time. The centroids of each
object’s entity are used to represent the locations of the objects, and the
speed and direction of movements are calculated. The method allows
to quantify the persistence of a rainfall deficit at a location using the
distance d for successive dekads. Vegetative drought objects during the
study year of 1999 show different speeds, however, all developing into
the southwestern from their locations of origin. Cumulative rainfall deficits show to have contributed to the vegetative drought. This is shown
by the overlaping, expressed by the existence of combined objects. This
method can be integrated into existing early warning systems, allowing for a more comprehensive monitoring and forecasting of vegetative
drought. Further analysis is recommended to study the sensitivity of this
method during other drought years, and other drought-prone regions.
This approach can further be developed by selecting for optimized vegetation stress indices, optimizing the segmentation process of both
series of objects taking into account other information, and by considering the growth cycle of vegegation of interest, in order to discriminate
vegetation sress areas not caused by rainfall deficits from vegetative
drought areas. The proposed method can also be adapted to quantify
the spatio-temporal relationships between other natural geographical
phenomena.
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Figure 6.3 Vegetative drought images of East Africa from the first dekad
of October 1999 to the third dekad of January 2000. Vegetative drought
membership values vary from 0 (no drought) to 100 (severe drought).
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Figure 6.4 Cumilative RFE deficit images of East Africa from the first dekad of
January to the third dekad of May 1999. Blue indicates no RFE deficit and red
indicates positive RFE deficit values.
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Figure 6.5 Cumilative RFE deficit images of East Africa from the first dekad of
September to the third dekad of December 1999. Blue indicates no RFE deficit
and red indicates positive RFE deficit values.
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Figure 6.6 Centroids of vd objects in (a) and (c) 3D space-time cube, (b) and
(d) 2D along the Y axis (South-North), for the first and second seasons. Different
colors represent different objects and different sizes represent different area
values of objects.
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Figure 6.7 Centroids of rd in (a) and (c) 3D space-time cube, (b) and (d) 2D
along the Y axis (South-North), for the first and second seasons. Different colors
represent different objects and different sizes represent different area values of
objects.
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Figure 6.8 Trajectories of rd and vd objects seen from their Latitude coordinates plotted for the first season 1999.

Figure 6.9 Trajectories of rd and vd objects seen from their Longitude coordinates plotted for the first season 1999.
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Figure 6.10 Trajectories of rd and vd objects seen from their Latitude coordinates objects plotted for the second season 1999.

Figure 6.11 Trajectories of rd and vd objects seen from their Longitude coordinates plotted for the second season 1999.
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Figure 6.12 Centroids of combined vd and rd objects in (a) 3D space-time
cube, and (b) 2D along the Y axis (South- North), for the first season and in (c)
3D space-time cube, and (d) 2D along the Y axis (South-North) for the second
season. Different colors represent different combined objects and different sizes
represent different intensity values of objects.
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Figure 6.13 Centroids of vd objects in (a) 3D space-time cube, (c) 2D along the
y-axis (South-North), from March to May 1999; in (b) 3D space-time cube, (d) 2D
along the y-axis, from October 1999 to January 2000, with a search radius of 50
pixels. Different colors represent different objects and different sizes represent
different area values of objects.
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7.1 Conclusions
In this section, the conclusions of research finding are presented as
summary of results and discussions for specific research objectives as
described in section 1.2

7.1.1 Objective 1
The first objective was to improve the early detection of drought using
NDVI derived Meteosat SEVIRI data in eastern Africa. In doing so, using
a membership function to account for vagueness in the definition of
vegetative drought. In all the studies, vegetation stress was characterized
in space and time using the difference (DV) of current NDVI values from
their multi-year averaged values. These DV values were calculated by
subtracting the multi-year mean NDVI values from the current NDVI
values. The observed vegetation stress is relative to the multi-year period
considered. A membership function was defined to model vegetative
drought from the DV values, while accounting for the vagueness resulting
from its class definition. Results show that vegetative drought membership values gradually increased in time at one selected area, namely
Embu, in Kenya. This indicated a slow onset of vegetative drought at the
location.
The major strengths and weaknesses of the proposed approach pertain
to both the generation of DV time series and the selection of the membership function. Due to the short lifetime of operation of SEVIRI, the time
series mean values were computed for a limited period of three years,
introducing errors in DV values. The strength of the use of a membership
function compared to the traditional crisp function to model vegetative
drought, is that the gradual evolution of drought was taken into consideration. When vegetation stress is caused by another phenomenon
than drought, such as human or animal induced stress, the changes of
observed NDVI vegetation values, the onset of vegetative drought, might
not be gradual but sharp. By using a membership function one might
know when a change is more likely caused by natural drought conditions
or by human activities. The approach used in this study to quantify
drought can be used to optimize drought detection and remove false
alarm. To do so one needs to select the shape of the function as well
as parameters α and β, which require an a priori knowledge of characteristics of vegetative drought at study sites. In this study, the shape of
the function of the drought membership function and the parameters α
and β have been chosen somewhat arbitrarily to illustrate the approach.
Further research is needed to optimize the model.
A comparison with rainfall data was performed in selected regions of
Rwanda and Kenya to assess the validity of the drought signal obtained,
as NDVI is a response variable to rainfall. For Embu, the increase in
drought membership value coincided with less-than-average rainfall con120
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ditions, as expected, especially for the two locations closest to the Embu
meteo station. However, for sites in Eastern Rwanda, this was not the
case. This could be explained by the large distance between Kigali meteo
station and the four observation sites, or by the relief difference between
Kigali, which is hilly and near the central Plateau, and the south-eastern
part of Rwanda, which is flatter. As no rainfall data were available for
areas closer to the observation sites, this assumption could not be validated.

7.1.2 Objective 2
The second objective was to validate MSG-SEVIRI derived NDVI values
obtained earlier. Ideally, that would be to validite NDVI difference as an
indicator of vegetative drought. However, as a this was not feasible during the study period, the NDVI was validated as an indicator of vegetation
condition. For that purpose, a field work was conducted in Bugesera, a
drought prone region of Rwanda. Plant chlorophyll content and percentage of green cover were measured. Due to the land cover characteristics
of the region and the measures of interest, the line transect method
was selected to sample locations for validation. The method was implemented on four MSG-SEVIRI pixel-grids in Bugesera. The measurements
were compared within and between pixel-grids. Results indicated that
the variability of the chlorophyll content and the percent of green cover
were not significant within the pixel-grids. Results of comparing the
measurements between grids show that a significant difference existed
between them. The NDVI variation between the grids was explained by
the variation of the combined variables.
The work presented in this study provided some understanding of the
variability of NDVI values from MSG-SEVIRI for monitoring the dynamics
of vegetation in the region of Bugesera. At selected sites, chlorophyll
content and percent of green cover, which were used as a proxy of vegetation health, did not show any significant difference within the grids
but between the grids. This finding led to the conclusion that NDVI
values do not undermine the variability of vegetation health expressed
in chlorophyll content and percent of green cover within those grids,
during a normal rainy period. The results confirmed also that in an
heterogeneously vegetated area such as in Bugesera, both the chlorophyll
and percent of vegetation cover are accounted for in NDVI values. Further
analysis, possibly taking into account characteristics such as the vegetation type and topography, should be done to explain the magnitude of
variation of NDVI in SEVIRI pixel.

7.1.3 Objective 3
The third objective was to improve the quantification of vegetative
drought by taking into account its vagueness. Two measures of areas
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were implemented; the first, namely the core area that accounts only for
the core values of vegetative drought (i.e. vegetative drought membership
value = 1), and the second, namely the average area, averaging the areas
of all the values of vegetative drought membership. The spatial extent,
also referred to as area, of a vegetative drought above a certain membership threshold value could also be quantified. That is, for instance
the area with 50 % of vegetative drought membership values can be
quantified using the α-cut value of 0.5.
The vagueness measure quantified the vagueness of vegetative drought
in the range between 0 (no uncertainty or crisp) and 1 (no certainty).
The vagueness measure showed that the areas of vegetative drought
were more vague (uncertain) at the onset than at the termination. The
vagueness was the smallest at the peak of the vegetative drought. This
indicated the gradual development of vegetative drought conditions, and
a crisper return to normal conditions. The proposed measures presented
advantages over the measures provided by a crisp approach as they can
express both the degree of vagueness and the spatial extent for different
levels of certainty.
The novel contribution of this study is that a more realistic characterisation of vegetative drought is proposed, together with measures that
reveal information that cannot be obtained using a crisp approach. This
method does not require more accurate data than what is traditionally
used. The method is generic in a way that it can also be applied in
other regions of the World, and adapted to monitor other vague spatial
phenomena such as water pollution in rivers and lakes, or air pollution.

7.1.4 Objective 4
The fourth objective was to model the dynamics of vegetative drought
classes. A Markov chain approach was used and implemented at the
regional scale to model the dynamics of the areas of vegetative drought
classes. Three vegetative drought classes were defined and the probabilities of the change of areas between the classes were calculated. Seasonal
and dekadal transition matrices were obtained for East Africa as a whole,
and for Kenya.
Markov chains showed potential to understand and model the dynamics
of vegetative drought classes using the areas. With transition matrices
calculated based on 3 classes, the area for the whole East Africa showed
higher probability values to remain or return to normal classes (0.5). Area
for Kenya showed a similar pattern, with however a slightly higher value
to remain wet. The probability transition matrices were multiplied by
current probabilities of the size of area of the classes and results showed
that the area of the normal class was predicted with more accuracy
(λ = 0.01) than the areas of the other classes. The use of the dekadal
probability transition matrices reduced the errors between the predicted
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and the actual values. These results can serve to first understand the
dynamics of vegetative drought on a dekadal basis, and second to make
an early estimate of damages. While long-term prediction results can
help drought policies to be implemented, short-term prediction results
can help estimating the expected damage in case no drought policies
are implemented. This can help in cost estimation of losses of crops for
instance. Further, these results can be integrated with long-term drought
forecast models’ outputs.

7.1.5 Objective 5
The fifth objective was to quantify the movement of vegetative drought
entities in space and time. Vegetative drought objects were identified on
space and time as a group of interconnected positive vegetative drought
pixels. The entities were identified and extracted on vegetative drought
images as objects with crisp boundaries and fuzzy interiors. This step
resulted in a time series of vegetative drought entities. The vegetative
drought entities at each time were tracked using the maximum overlaping method to form objects in space and time. Vegetative drought
objects in space and time were then composed of overlaping entities.
Directions of objects were assessed qualitatively by plotting the centroids
in the space time cube. It was further quantified using the angle measure. The method was implemented for the two rainy seasons of the
drought year 1999. Results show that for both seasons in 1999, vegetative drought moved into the south-western direction from its observed
origin. The angles gave additional information on the directions of the
specific objects. Speed was assessed on a dekadal basis using the distances between the centroids. Depending on the objects and the time
interval considered, the speed varied.
The relationship between vegetative drought and rainfall deficits entities
in the regions was assessed. First, rainfall deficit objects were identified
in the following way: cumulative rainfall deficit images were obtained by
subtracting the multi-year averaged cumulative rainfall estimates values
from the current values. Rainfall deficit entities were primarily identified
on space and time as a group of interconnected positive vegetative
drought pixels. Due to the spatial characteristics of rainfall deficit
enttities, a manual thresholding procedure took place to separate the
entities. The rainfall deficit objects were extracted and tracked in the
similar way as the vegetative drought objects. Secondly, the centroids,
along the x and y axes respectively, of objects selected from both sets
were plotted together. Objects closed to each other showed similar
trajectories, indicating a spatiotemporal dependency. The distances
between the centroids of the two sets of objects were also calculated to
quantify this dependency. Both sets of objects were also combined in a
single time series, extracted and tracked. The combined objects obtained
show that vegetative drought and rainfall deficit entities overlapped.
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Results showed that there existed a spatiotemporal relationship between
these two phenomena, and that this relationship can be quantified.

7.2 Reflection
This section reflects on the findings of the thesis. It structured as
a summary of the main contributions and opportunities for further
research.

7.2.1 Main contributions
First of all, in the context of spatial data quality, the thesis work has
mainly contributed with a practical approach to quantify thematic uncertainty of vague spatial phenomena using remote sensing images.
Furthermore, the approach was implemented for a vegetative drought
analysis, where no quantification of vagueness was performed before.
This is an important achievement towards the quantification of uncertainty in the context of improving spatial data quality on the one hand,
and on the other hand, for drought sciences. In the context of drought
management, the use of a membership function to model vegetative
drought can improve its early detection.
The second major contribution is related to drought research, and particularly to the assessment of the relationship between vegetative drought
and rainfall deficit events. In traditional approaches, these relationships are assessed either by correlating the amount of both events at
a location, or for a region. This study presents an innovative way to
assess this relationship qualitatively and quantitatively in space and time.
The third major contibution is the possibility to model the changes of
vegetative drought classes and predict at a location or for the whole
area of a region, using minimum input data. The study showed that the
behavior of vegetative can be modeled, and predicted on a short term
basis using Markoc chains. This can facilitate the implementation of
crisis management plans, by performing an early assessment of potential
damage.
A final contribution, is the fact that the evolution of vegetative drought
in a time series can better be visualized. This was made possible by
the use of the 3D space time cube and the visualization of the objects
using their centroids. One the one hand, without a fuzzy approach, the
objects centroids would have been at the center, hence misrepresenting
the center location of the most affected area. The centroids here give
an idea of where vegetative drought is more concentrated. On the other
hand, the centroids allow to easily assess the evolution of the objects in
space and time, as compared to the traditional visualization of drought
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areas in time series.
Furthermore, given EAC as the new intergovernmental organisation in
the region, and the integration policies, monitoring vegetative drought
at the EAC regional level is a step towards the integration of drought
monitoring methods.

7.2.2 Opportunities for further research
The high temporal resolution data from instruments such as SEVIRI
offers opportunities to address processes occurring in plants such as
duration and intensity of photosynthetic activity and understanding of
plant phenology which previously could not be measured. The exploitation of these parameters can provide additional information which can
be beneficial in the context of drought monitoring; this is a potential
area of investigation for future studies. Fensholt et al. (Fensholt et al.,
2006) suggested that the NDVI bowl-shaped curve observed from the
variation of Meteosat - derived NDVI in Senegal during the morning can
infer canopy structure. Bijker Bijker (2007) found similar results while
observing diurnal NDVI variation in the Netherlands, however suggesting
this pattern to be related to photosynthetic activity. In this study a
similar bowl-shaped NDVI curves on selected sites in Kenya was also
observed. Future research may reveal whether taking such effects into
account leads to substantial improvement in drought modeling. Fensholt
et al. Fensholt et al. (2006) observed peak values occurring around 10.45
local time in West Africa, and results in sites of Kenya showed peak values of NDVI at around 11 am local time (see Figure 2.3). Future research
in that area may also reveal whether taking such effects into account
leads to substantial improvement in drought modeling.
At the regional scale, the estimation of vegetative drought is almost
impossible by means of ground collected data, hence the use of remote
sensing data is an asset. Apart from the NOAA-AVHRR NDVI, other
NDVI products such as from the Meteosat 2nd generation geostationary weather data and SPOT vegetation data also come in a ready-to-use
format in many stations in Africa, and can also be used. In case of using
these other datasets, Difference NDVI images can be recalculated using
either the calibrated NOAA-AVHRR NDVI long term mean NDVI, or the
median NDVI, calculated from the same sensor’s data. Other vegetation
indices (VI) can also be used to improve the characterization of vegetative
drought. A method merging data of different spatial and/or temporal
scales, can also be developed to improve the model of vegetative drought.
The advantage of using a membership function over a crisp function to
model vegetative drought, is that the gradual transition between nondrought and drought is modeled. So it gives a more realistic description
of the vague nature of vegetative drought in space. The shape of the
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membership function was selected on the assumption that vegetation
stress, as observed with difference NDVI values, linearly translates into
vegetative drought. The parameters a and b, limiting the transition range
are selected based on the data statistics. Additional expert knowdlege
can further be incorporated in the process to optimize the selection of
the parameters.
Further opportunities to optimize the segmentation and representation
of objects, for instance by including spatial constraints, are also offered.
The methods presented in this research can also be tested for other
vague spatial phenomena.
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Table A.1 Characteristics of NDVI and RFE images.

Spatial characteristics
Max col, Max row 179,224
cell size (X,Y)

(0.07, 0.07)

Spatial reference

GCS-WGS-1984

Datum

D-WGS-1984

Angular unit

Degree (0.017)

Image extent
Top

4.63

Left

28.81

Right

41.92

Bottom

-11.77
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Table A.2 Threshold values per dekad used for segmenting the r d entities.
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Season I
Jan I
27

Season II
Sep I
0

Jan II

10

Sep II

0

Jan III

8

Sep III

0

Feb I

27

Oct I

2

Feb II

20

Oct II

6

Feb III

46

Oct III

11

Mar I

29

Nov I

22

Mar II

33

Nov II

7

Mar III

0

Nov III

0

Apr I

0

Dec I

0

Apr II

0

Dec II

68

Apr III

0

Dec III

78

May I

0

May II

0

May III

0

Table A.3 Lat/Lon coordinates of centroids of largest vd objects for each
dekad.

Season
1

2

ObjectID
vd1

EntityID
1
18
59
120
173

Lat
-3.82
-5.82
-6.83
-7.24
-7.67

Lon
35.54
35.39
34.91
32.21
32.94

Dekad
Mar I
Mar II
Mar III
Apr I
Apr II

vd77

103
157
195
247
283
324
365

2.14
2.23
1.92
1.99
1.38
1.43
1.38

40.09
40.24
39.56
39.22
38.78
38.70
38.59

Mar III
Apr I
Apr II
Apr III
May I
May II
May III

vd24

24
92
147
184
211
236
266
316
367
405
437
454

0.27
-0.68
-0.81
-4.47
-4.38
-5.35
-5.73
-5.37
-4.98
-5.05
-4.56
-5.02

39.74
39.26
39.28
36.02
36.02
35.06
34.96
35.09
35.73
36.92
36.70
36.92

Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III
Jan I
Jan II
Jan III

vd115

250
292
345
395

2.22
2.59
2.40
2.17

36.49
36.44
36.44
36.15

Oct III
Nov I
Nov II
Nov III
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Table A.4 Distance d (in km) and angle θ in degrees between entities of the
same vd objects.
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ObjectID
vd1

dekad t
Mar I
Mar II
Mar III
Apr I

dekad t+1
Mar II
Mar III
Apr I
Apr II

d in km
223
124
301
93

θ in degrees
-94.05
-116
-171
-30.46

vd77

Mar III
Apr I
Apr II
Apr III
May I
May II

Apr I
Apr II
Apr III
May I
May II
May III

20
83
38
83
10
13

30
-156
169
-126
148
-154

vd24

Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dev I
Dec II
Dec III
Jan I
Jan II

Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III
Jan I
Jan II
Jan III

118
165
674
33
152
44
43
83
107
72
89

-117
-80
-129
161
-134
-106
71
31
-4
132
-35

vd115

Nov III
Dec I
Dec II

Dec I
Dec II
Dec III

41
24
33

97
-119
-129

Table A.5 Lat/Lon coordinates of centroids of largest rd objects for each dekad,
during the the first season 1999.

ObjectID
rd2

EntityID
2
9
21
34
44
63
74
86
104
114
121
129
142
155
170

Lat
-9.30
-9.55
-9.05
-9.16
-9.30
-9.30
-9.27
-9.23
-8.99
-8.85
-8.87
-8.92
-8.92
-8.88
-8.82

Lon
37.66
37.33
37.90
37.64
37.42
37.35
37.42
37.46
37.43
37.43
37.43
37.33
37.26
37.22
37.25

Dekad
Jan I
Jan II
Jan III
Feb I
Feb II
Feb III
Mar I
Mar II
Mar III
Apr I
Apr II
Apr III
May I
May II
May III

rd8

8
13
23
40
54
70
78
93
110
118
124
135
147
162
176

-3.11
-2.59
-1.44
-2.39
-1.92
-2.58
-1.28
0.38
0.24
0.85
0.18
0.41
0.37
0.41
0.49

37.35
37.52
37.14
36.92
36.12
36.45
36.40
36.61
37.15
37.38
36.89
36.96
36.80
36.70
36.54

Jan I
Jan II
Jan III
Feb I
Feb II
Feb III
Mar I
Mar II
Mar III
Apr I
Apr II
Apr III
May I
May II
May III
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Table A.6 Lat/Lon coordinates of centroids of largest rd objects for each dekad,
during the second season 1999.
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ObjectID
rd8

EntityID
8
24
47
82
100
114
131
144
158
174
191
212

Lat
-7.15
-7.99
-7.90
-7.10
-7.34
-7.45
-7.55
-8.35
-8.64
-8.65
-10.82
-10.02

Lon
38.45
38.00
38.09
38.16
38.06
38.05
37.99
36.89
37.11
36.70
36.08
35.69

Dekad
Sep I
Sep II
Sep III
Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III

rd9

9
31
58
86
105
120
135
154
167
184
209
234

-1.95
-1.67
-2.01
-1.84
-1.89
-0.79
-0.50
1.06
1.71
1.89
1.64
1.54

39.64
39.74
39.56
39.44
39.31
37.76
37.99
36.89
37.11
36.7
36.08
35.69

Sep I
Sep II
Sep III
Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III

rd10

10
33
61
85
104

-0.13
1.02
1.07
-0.05
-0.30

34.97
34.85
35.42
35.06
35.31

Sep I
Sep II
Sep III
Oct I
Oct II

rd45

119
134
150
162
180
206
230

-3.90
-4.02
-2.87
-2.13
-2.45
-1.90
-1.73

32.49
32.60
31.55
30.72
30.96
30.86
31.22

Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III

rd50

149
160
179
204
225

-2.76
-3.53
-3.57
-2.86
-2.91

39.20
39.21
39.00
39.58
38.89

Nov II
Nov III
Dec I
Dec II
Dec III

rd52

155
171
188
210

3.14
3.17
3.17
3.44

39.59
39.45
39.35
38.89

Nov II
Nov III
Dec I
Dec II

Table A.7 Distance d (in km) and angle θ in degrees between entities of the
same rd objects for the first season 1999.

ObjectID
rd2

dekad t
Jan I
Jan II
Jan III
Feb I
Feb II
Feb III
Mar I
Mar II
Mar III
Apr I
Apr II
Apr III
May I
May II

dekad t+1
Jan II
Jan III
Feb I
Feb II
Feb III
Mar I
Mar II
Mar III
Apr I
Apr II
Apr III
May I
May II
May III

d in km
46
84
31
29
8
3
6
27
16
2
12
8
6
7

θ in degrees
-143
41
-156
-148
179
18
45
97
90
-90
-154
180
131
61

rd8

Jan I
Jan II
Jan III
Feb I
Feb II
Feb III
Mar I
Mar II
Mar III
Apr I
Apr II
Apr III
May I
May II

Jan II
Jan III
Feb I
Feb II
Feb III
Mar I
Mar II
Mar III
Apr I
Apr II
Apr III
May I
May II
May III

61
135
108
103
82
142
103
91
72
92
27
18
12
20

72
108
-103
149
63
92
77
49
69
-126
72
-169
162
152
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Table A.8 Distance d (in km) and angle θ in degrees between entities of the
same rd objects for the second season 1999.
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ObjectID
rd8

dekad t
Sep I
Sep II
Sep III
Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II

dekad t+1
Sep II
Sep III
Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III

d in km
106
17
89
29
12
13
150
40
45
251
99

θ in degrees
-118
43
85
-113
98
-121
-144
-53
-180
116
116

rd9

Sep I
Sep II
Sep III
Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II

Sep II
Sep III
Oct I
Oct II
Oct III
Nov I
Nov II
Nov III
Dec I
Dec II
Dec III

33
43
23
15
216
35
312
89
25
30
13

70
-119
125
-162
143
44
146
126
125
-68
-64

rd10

Sep I
Sep II
Sep III
Oct I

Sep II
Sep III
Oct I
Oct II

129
64
131
28

96
4
-108
-46

rd45

Oct III
Nov I
Nov II
Nov III
Dec I
Dec II

Nov I
Nov II
Nov III
Dec I
Dec II
Dec III

18
173
124
44
62
44

-48
132
138
-54
100
25

rd50

Nov II
Nov III
Dec I
Dec II

Nov III
Dec I
Dec II
Dec III

86
24
102
12

-90
-170
51
-154

rd52

Nov II
Nov III
Dec I

Nov III
Dec I
Dec II

16
11
59

171
-179
149

Table A.9 Distance d (in km) between entities of closest vd and rd objects for
both seasons.

ObjectIDs

Mar I

Mar II

Mar III

Season 1
Apr I Apr II

vd1-rd8

298

702

824

1067

1094

vd1-rd2

641

442

367

602

512

389

353

354

Oct III

751

vd77-rd8

ObjectIDs

Oct I

Oct II

vd24-rd10

522

441

vd24-rd8

849

752

Apr III

May I

May II

May III

306

247

250

248

Season 2
Nov I Nov II

Nov III

Dec I

Dec II

Dec III

406

452

430

377

616

560

396

503

508

571

419

524

600

574

590

617

359

383

157

118

vd24-rd50
vd24-rd45

918

382

vd115-rd52
vd115-rd9

363

348
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