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Abstract 
  
Drought is an insidious hazard of nature which is considered by many to be the most complex but least 
understood of all natural hazards. Large historical datasets are required in order to study drought 
which involves complex inter-relationship between the climatological and meteorological data. 
Extraction of valuable information from such large data archives demands an automated and efficient 
way. Data mining is answer to above problem as it has the potential to search for hidden pattern and 
identify the relationship between the data. For this work, two advance techniques i.e. Association rule 
and Independent Component Analysis (ICA) were used for extracting the spatial and temporal pattern 
of drought.  
Rainfall data from 1970-2004 was used to compute Standardized Precipitation Index (SPI) and 
NOAA-AVHRR NDVI for the period 1981-2003 was used to calculate Vegetation Condition Index 
(VCI).  
For association rule, both SPI and VCI were used as input parameters for generating the rules. 
Interesting rules were developed identifying the relationship between user-specified target episodes 
and other climatic and meteorological events.  
In case of ICA, an emerging technology, which provides a new approach to capture and gain insights 
into dynamics of complex spatio-temporal processes, VCI input sequence from 1999-2003 was used. 
The input image is separated into physical meaningful components that are not detectable with 
covariance based decomposition for detecting drought pattern. Hence, the utility of this technique is 
explored in this study.  
To validate the findings from SPI, Govt. based drought assessment reports were used and correlation 
coefficient of 0.89 was achieved, which indicates strong positive correlation. 
 
Keywords: Drought, Data mining, Associations rule, ICA, Standardized Precipitation Index (SPI), 
Vegetation Condition Index (VCI), spatio-temporal processes. 
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1. Introduction 

1.1. Drought 

 
Drought has long been recognized as one of the most insidious causes of human misery and being the 
natural disaster that annually claims the most victims. Its ability to cause widespread misery is actually 
increasing (Perez et al.,1995). 
 
Drought is a temporary, recurring natural disaster, which originates from the lack of precipitation and 
brings significant economic losses. It creates an atmosphere of doom and despair. Water scarcity can 
be said as the cause and effect of drought. Drought occurs whenever and wherever the links in the 
hydrological cycle is broken or is destabilized. Drought is a slow poison, no one knows when it creeps 
in, it can last any number of days and its severity cannot be predicted. It has extensive spatial 
dimension and thus can have serious implications on the socio-economic stability of an entire region.  
It is not possible to avoid droughts. But drought preparedness can be developed and drought impacts 
can be managed. The success of both depends, amongst the others, on how well the droughts are 
defined and drought characteristics quantified (Smakhtin. et al.,2004).  
 
As the water is vital to all, the perception of drought varies with the people concerned:- viz- 
Meteorology - deficit in rainfall amount; Water resources - low river-flow level or reservoir storage 
level or decreased ground water level; Agriculture - deficit or no water during critical crop watering 
time leading to growth deficiency and poor crop yield; Economy – profitability descent; and 
Commerce – food items are in short supply (R.Nagarajan,2004).  
 
Drought definitions vary from region to region and may depend upon the dominating perception, and 
the task for which it is defined (academic study or a drought-relief plan). Drought always starts with 
the lack of precipitation, but may (or may not, depending on how long and severe it is) affect soil 
moisture, streams, groundwater, ecosystems and human beings. This leads to the identification of 
different types of drought (meteorological, agricultural, hydrological, socio-economic, ecological), 
which reflect the perspectives of different sectors on water shortages. Figure 1-1 explains these 
perspectives in a concise manner. 
 
A drought is a prolonged, abnormally dry period when there is not enough water for users' normal 
needs. Conceptually it can be defined as, ‘a protracted period of deficient precipitation resulting in 
extensive damage to crops, resulting in loss of yield’ (National Drought Mitigation Center,2005). 
Drought is an interval of time, generally of the order of months or years in duration, during which the 
actual moisture supply at a given place rather consistently falls short of the climatically expected or 
climatically appropriate moisture supply (Palmer,1965). 
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                                 Figure 1-1: Understanding Drought Perspectives [Source: (Obasi,1994)] 

 
These aforementioned definitions do not provide quantitative answers to ‘when’, ‘how long’ or ‘how 
severe’ a drought is and are often used as a startup in scientific papers and reports. Some sources 
(National Drought Mitigation Center, Nebraska, USA) refer to them as conceptual definitions and 
differentiate between conceptual and operational definitions of drought. Operational definitions 
identify the beginning, end, spatial extent and severity of a drought. They are often region-specific and 
are based on scientific reasoning, which follows the analysis of certain amounts of 
hydrometeorological information. They are beneficial in developing drought policies, monitoring 
systems, mitigation strategies and preparedness plans. Operational definitions are formulated in terms 
of drought indices (Smakhtin. et al.,2004). 
 

1.1.1. Drought in India 

 
India is predominantly an agrarian country as more than 70% of its population is dependent on 
agriculture. Due to the vagaries of rainfall, more than 68% of the net sown area in the country is 
drought prone, out of which 50% is severe in nature. The country experiences drought every 2 to3 
years in one part or other (Parasuraman et al.,2000). 
 
The nation experienced phenomenal drought condition in the years 1972, 1979 and 1989 (C.S.E,2001). 
UNICEF reported that ‘an estimated 130 million people - 15 percent of the population - in more than 
70,000 villages and 230 urban centres were at risk due to severe drought and resultant crop failure in 
India during years 1998-2000 (Unicef,2000). 

 
In India, Department of Agriculture and Cooperation and Department of Space sponsored the 

remote sensing application mission on drought, which is being executed by National Remote Sensing 
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Agency with participation by Indian Meteorological Department (IMD), Central Water Commission 
(CWC) and concerned state government agencies. The focus is on assessment of agricultural drought 
conditions. The project leads to the development of National Agricultural Drought Assessment and 
Monitoring System (NADAMS). NADAMS used fortnightly NDVI images derived from NOAA-
AVHRR during its first phase to assess drought in a district level with a turn around time of less than 
two days. The second phase attempted sub district level monitoring and the current phase uses high-
resolution satellite data for crop specific and comprehensive monitoring. 
 

1.2. Data Mining 

1.2.1. Drowning in data 

 
Days have changed that information alone is not sufficient, that it needs to be converted into scientific 
knowledge to successfully utilize it for human good. The path from data to knowledge had always 
been long. Limits of human cognition were the limits of extracting knowledge from data and 
furthering it to the larger repository of scientific understanding of nature. The path has become more 
wound owing to data explosion that is experienced in the contemporary world by virtue of increased 
and accurate mechanical extensions of human senses. Analysing and interpreting such large plethora 
of data even with the assistance of powerful computers is too complex and many a times beyond the 
scope of human cognitive limits. The complexity demands automated methods for abstracting 
extensive data sets to comprehendible ones such that meaningful information can be derived of them. 
 

1.2.2. Data Mining – A technique for Knowledge Extraction 

 
Data mining is the process of discovering actionable and meaningful patterns, profiles and trends by 
sifting through data using pattern recognition technologies such as neural networks and machine 
learning and genetic algorithms (Mena,1999). It enables automatic discovery of usable knowledge. 
The concept is important for exploring large data sets including geographically referenced data 
especially remotely sensed data. With several number of satellite missions and gigantic amounts of 
data it is necessary to have a data driven, inductive approach towards geographical analysis and 
modelling to facilitate the creation of new knowledge and aid the processes of scientific discovery 
(Openshaw,1999). Data mining differs from other data analysis methods for the reasons that it 
discovers hidden structures, ratios, patterns and signatures. The technique is uniquely dynamic, as it 
does not necessitate the preparation of queries. It can retrieve relationships and enables “drill-up” 
analysis based on them (Mena,1999).  
 

1.2.3.  Spatial Data Mining 

 
With increasing number of civilian satellite repositories holding a surfeit of data and the synergetic use 
of remotely sensed earth observation data for earth system studies, the need for data mining 
applications in describing, explaining and predicting spatial patterns is well understood by researchers 
(Ester et al.,1998; Ester et al.,1999; Peuquet et al.,2000). Spatial data mining is also dubbed as 
Geographical Data Mining (hereafter GDM) (Openshaw,1999) and Knowledge Discovery in Spatial 
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Database (Koperski,1997). Openshaw (1999) defines GDM as “to be regarded as a special type of data 
mining that seeks to perform similar generic functions as conventional data mining tools, but modified 
to take into account the special features of Geo-information, the rather different styles and needs of 
analysis and modelling relevant to the world of GIS, and the peculiar nature of geographical 
explanation”.  
 
Koperski (1997) states that “Spatial data mining, or knowledge discovery in spatial database, refers to 
the extraction of implicit knowledge, spatial relations, or other patterns not explicitly stored in spatial 
databases”. Spatial data mining can be used for understanding spatial data, discovering relationships 
between spatial and nonspatial data, construction of spatial knowledge-bases, query optimization, data 
reorganization in spatial databases, capturing the general characteristics in simple and concise manner, 
etc. Thus, the technique can be applied for detection, mapping and predication of any phenomena that 
manifests a spatial pattern. To name a few of such spatial phenomena with predictable spatial patterns 
and those that are observable through Remote Sensing Images/Products are Forest Fire, Drought, 
Flood, etc. notably those with very large spatial extent.  
 
Data mining in image databases may be seen as similar to image processing. However, in the case of 
data mining studies very large amounts of data are processed, while image processing usually 
concentrate on analysis of single or a few images (Koperski,1997). 
 
 

1.2.4. Data mining models and tasks 

 
A model is ‘an abstraction of reality’. Data mining involves many different algorithms to accomplish 
different tasks. All of these algorithms attempt to fit a model to the data. The algorithms examine the 
data and determine a model that is closest to the characteristics of the data being examined. Data 
mining algorithms can be characterized as consisting of three parts: 
 
Model: The purpose of the algorithm is to fit a model to the data. 
 
Preference: Some criteria must be used to fit one model over another. 
 
Search: All algorithms require some technique to search the data. 
 
It can be seen in Figure 1-2, the model that is created can be either predictive or descriptive in nature. 
Under each model, some of the data mining tasks are shown that use that type of model. 
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Figure 1-2: Data mining models and tasks.  [Source: (Margaret.H.Dunham,2004)] 

 
A predictive model makes a prediction about the values of data using known results found from 
different data. Predictive modelling is based on historical data. A descriptive model identifies patterns 
or relationships in data. Unlike the predictive model, a descriptive model serves as a way to explore 
the properties of the data examined, not to predict new properties.  
In this research, both predictive and descriptive models were used. 
 

1.3. Data Mining to identify drought 

 
As the drought conditions creep into the system at a slow rate, the prescription for drought 
management (before, during and after the event) include: - on-set identification, status of intensity, 
mitigation measures for re-orientation or change and information dissemination activities. This 
requires an understanding of the past events and comparison with the present day conditions. The 
voluminous information is available in the form of text, analogue, numerical and graphics representing 
the spatial and temporal situations (Nagarajan,2004).Thus, large historical datasets are required to 
study drought. Furthermore, to extract valuable information from these large databases requires an 
advance, automated and efficient way for drought mitigation. One such technique is “Data Mining”. 
Using data mining techniques, one can identify ‘local’ patterns better than the traditional time-series 
analysis techniques that largely focus on global models such as statistical correlations (Das et 
al.,1998). 
 
Data mining can also be used to identify complex relationships of atmospheric and environmental 
variables causing droughts. The most common data mining algorithms and models, such as decision 
trees, associations, clustering, classification, regression, sequential patterns, and time series 
forecasting, have the potential to identify drought patterns and characteristics. For example, 
association, clustering, and sequence discovery may be useful tools to investigate and describe the 
behaviour of drought parameters, and classification, regression, and time series can be applied in 
monitoring drought patterns (Tadesse,2002).  
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Geographical Information System (GIS) - a set of powerful tools for collecting, storing and retrieval of 
information at will, transforming, analyzing and displaying spatial data from the real world. Spatial 
data represents the objects that have physical dimensions in space (Nagarajan,2004). GIS has a strong 
relationship to data mining and has much to offer for both drought research and its applications. Thus, 
the data mining process could be used effectively with large databases and to tackle problems related 
to drought by extracting information from various data sources. In the long term, data mining and GIS 
together could be used in meteorological and environmental data exploration, analysis, and 
visualization jointly at a much higher level of interaction between users and database systems 
(Tadesse,2002). 
 
As large collections of historical data are essential in identifying relationships among different climatic 
and meteorological parameters, proper handling of data and quick processing becomes necessary. This 
highlights that efficient data management and information extraction is important in drought research. 
The difficulty of handling huge amount of data, understanding the complex results derived from 
atmospheric phenomenon and extracting the spatial and temporal pattern of drought can be resolved 
with data mining techniques. 
 
Considering the definitions and explanations given in section 1.1 and 1.2, data mining can be defined 
from drought research point of view as “a process that analyze periodic system variables like 
Climatological and Meteorological indices to discover and establish relationship between them thereby 
specifying drought parameters like onset, severity, extent and duration which inturn would help in 
efficient monitoring of this complex, non-periodic, irregular phenomenon.” 
 

1.4. Drought indices 

 
Drought indices assimilate thousands of bits of data on rainfall, snowpack, stream flow, and other 
water supply indicators into a comprehensible big picture. A drought index value is typically a single 
number, far more useful than raw data for decision making(J.Hayes,2003).  
Drought indices can be derived from hydro-meteorological data and remote sensing data. 
 

1.4.1. Drought Indices derived from Hydro-meteorological data 

 
Drought indices are normally continuous functions of rainfall and/or temperature, river discharge or 
other measurable variable. Rainfall data are widely used to calculate drought indices, because long-
term rainfall records are often available. Rainfall data alone may not reflect the spectrum of drought-
related conditions, but they can serve as a pragmatic solution in data-poor regions. Hydro-
meteorological data based indices include Palmer Drought Severity Index (PDSI), Bhalme-Mooley 
Drought Index (BDMI), Crop Moisture Index (CMI), Agro-Hydro Potential (AHP), Standardized 
Precipitation Index (SPI), Surface Water Supply Index (SWSI), Reclamation Drought Index (RDI), 
Deciles etc. Among the aforementioned indices SPI is used for this research work. 
 
 
 



SPATIAL DATA MINING FOR DROUGHT MONITORING: AN APPROACH USING TEMPORAL NDVI AND RAINFALL RELATIONSHIP 

7 

1.4.1.1.  Standardized Precipitation Index 

 
SPI was developed in Colorado by McKee et al. (1993) and is based just on precipitation and, 
therefore, requires less input data and calculation effort than PDSI. A long-term precipitation record at 
the desired station is fitted to a probability distribution (e.g., gamma distribution), which is then 
transformed into a normal distribution so that the mean SPI is zero (Edwards and McKee 1997). SPI 
may be computed with different time scales (e.g., 1 month, 3 months..., 48 months). The use of 
different time scales under the umbrella of the same index allows the effects of a precipitation deficit 
on different water-resources components (groundwater, reservoir storage, soil moisture, streamflow) to 
be assessed.   
 
Positive SPI values indicate greater than mean precipitation and negative values indicate less than 
mean precipitation. Table1-1 shows the classification of SPI values. 

Table 1-1: Classification of SPI values [ Source:  (J.Hayes,2003)]                         

SPI Values 
2.0+ extremely wet 
1.5 to 1.99 very wet 
1.0 to 1.49 moderately wet 
-.99 to .99 near normal 
-1.0 to -1.49 moderately dry 
-1.5 to -1.99 severely dry 
-2 and less extremely dry 

    
The positive sum of the SPI for all the months within a drought event is referred to as ‘drought 
magnitude’. 
To date, SPI is finding more applications in southwest Asia than other drought indices due to its 
limited input data requirements, flexibility and simplicity of calculations (Smakhtin. et al.,2004). 

1.4.2. Drought Indices derived from Remote Sensing data 

 
Utility of remote sensing data especially satellite data in drought assessment has long been proven and 
needs no reiteration. It is far superior to conventional methods at an optimal spatial extent. Remote 
Sensing technology in its current state of art can help in predicting, mitigating and monitoring of 
drought. Data from various satellites can be utilized for the purpose irrespective of the perspective that 
a researcher has towards drought, whether it is agricultural, meteorological or hydrological. It enables 
to understand the manifestations of drought in a larger area more directly than through conventional 
methods, and of all, in less time consuming manner. 
 
Drought monitoring is successfully carried out world over using indices derived from optical remote 
sensing data. The physics of remote sensing techniques that enables us to observe drought is related to 
the factors that affect the electromagnetic spectrum at its various wavelengths. 
 
The sensors installed in the earth-observation satellites are able to quantify the capacity which the 
vegetation cover present in the earth’s surface possesses for initiating the process of photosynthesis. 
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When a drought exists, due to notable reduction of the rainfall, the capacity to carry out the 
chlorophyllian function on the part of the vegetation is notably reduced. This occurrence is 
demonstrated by the spectral response which the affected vegetation covers provide. The 
chlorophyllous pigments produce two maximum absorption radiation zones in the green plants, one is 
the blue region of the spectrum (0.43 micrometers) and another in the red region (0.66 micrometers). 
On the other hand, the mesophyll of the leaves – provided with irregularly shaped cells which 
constitute a surface with large inter-cellular spaces – is very reflective of the radiation incident in the 
neighbouring infrared (0.75 – 1.1 micrometers). Thus, the response of the green vegetation (in a good 
physiological and healthy state) is characterized by a substantial absorption in the red region and a 
large reflection in the infrared region near the electromagnetic spectrum. It has also been observed that 
the vegetation which is unhealthy, ageing or subject to conditions of stress (such as could be case with 
vegetation affected by drought), increases its reflectance in the red region of the spectrum while it 
decreases in the nearby infrared (Alonso et al.,1995) 
 
Remote sensing data based indices used for this research work are as follows: 
 

1.4.2.1. Normalized Difference Vegetation Index (NDVI) 

 
NDVI was first suggested by Tucker in 1979 as an index of vegetation health and density. 
 

NDVI = (λNIR - λRED) / (λNIR + λRED)                                                                                               (Equation 1-1) 

 
where, λNIR and λRED are the reflectance in the NIR and red bands, respectively. NDVI reflects 
vegetation vigor, percent green cover, Leaf Area Index (LAI) and biomass. The NDVI is the most 
commonly used vegetation index (Jensen,1996). It varies in a range of -1 to + 1. However, NDVI a) 
uses only two bands and is not very sensitive to influences of soil background reflectance at low 
vegetation cover, and b) has a lagged response to drought because of a lagged vegetation response to 
developing rainfall deficits due to residual moisture stored in the soil. Previous studies have shown 
that NDVI lags behind antecedent precipitation by up to 3 months. The lag time is dependent on 
whether the region is purely rainfed, fully irrigated, or partially irrigated. The greater the dependence 
on rainfall, the shorter the lag time.  NDVI itself does not reflect drought or non-drought conditions. 
But the severity of a drought (or the extent of wetness, on the other end of the spectrum) may be 
defined as NDVI deviation from its long-term mean (DEVNDVI). This deviation is calculated as the 
difference between the NDVI for the current time step (e.g., January 1995) and a long-term mean 
NDVI for that month (e.g., an 18-year long mean NDVI of all Januaries from 1981 to 2003) for each 
pixel:  

DEVNDVI = NDVIi- NDVImean,m                                                                                       (Equation 1-2) 

 
where, NDVIi is the NDVI value for month i and NDVImean,m is the long-term mean NDVI for the 
same month m (e.g., in a data record from 1981 to 2003, there are 23 monthly NDVI values for the 
same month, e.g., 23 Julys’), and 12 long-term NDVI means (one for each calendar month). When 
DEVNDVI is negative, it indicates the below-normal vegetation condition/health and, therefore, suggests 
a prevailing drought situation. Greater the negative departure the greater the magnitude of a drought is. 
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In general, the departure from the long-term mean NDVI is effectively more than just a drought 
indicator, as it would reflect the conditions of healthy vegetation in normal and wet months/years. This 
indicator is widely used in drought studies. Its limitations are that the deviation from the mean does 
not take into account the standard deviation, and hence can be misinterpreted when the variability in 
vegetation conditions in a region is very high in any one given year (Thenkabail et al.,2004). 
 

1.4.2.2. Vegetation condition index (VCI) 

 
VCI was first suggested by Kogan (1995,1997). It shows how close the NDVI of the current month is 
to the minimum NDVI calculated from the long-term record. 

100
min) NDVI -max (NDVI

)minNDVIj(NDVI
  VCIj ∗

−
=                                                                                      (Equation 1-3) 

 
where, NDVImax and NDVImin are calculated from the long-term record (e.g., 23 years) for that 
month (or week) and j is the index of the current month (week). NDVI values are calculated using 
equation (1-1) above. The condition/health of the ground vegetation presented by VCI is measured in 
percent. The VCI values around 50% reflect fair vegetation conditions. The VCI values between 50 
and 100% indicate optimal or abovenormal conditions. At the VCI value of 100%, the NDVI value for 
this month (or week) is equal to NDVImax. Different degrees of a drought severity are indicated by 
VCI values below 50%. Kogan (1995) illustrated that the VCI threshold of 35% may be used to 
identify extreme drought conditions and suggested that further research is necessary to categorize the 
VCI by its severity in the range between 0 and 35%. The VCI value close to zero percent reflects an 
extremely dry month, when the NDVI value is close to its long-term minimum. Low VCI values over 
several consecutive time intervals point to drought development (Thenkabail et al.,2004) 
 

1.5. Problem Statement 

 
In order to be able to predict drought conditions, it is necessary to handle historical data sets of the 
parameters considered. Considering the number of NDVI images and Rainfall datasets for establishing 
the required degree of relationships and distinguish patterns for efficient and useful knowledge 
extraction, there is a need for utilizing techniques such as data mining. Data mining provides an 
excellent tool for solving drought management problems. It uses sophisticated statistical analysis and 
modelling techniques to uncover predictive and descriptive patterns of drought (Harms et al.,2002). 
The necessity assumes more of convenience when it is known that NDVI data sets and rainfall data 
sets are available for gratis in satellite data repositories and meteorological centre. Once an efficient 
tool is built for abstracting these large quantities of data sets and deriving useful knowledge from the 
same, it will enable earth scientists, agriculturists and planners to utilize the same for effective drought 
mitigation and management. 
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1.5.1. Research Objective 

 
The main aim of the research is to develop a data mining technique for drought pattern recognition 
through the coupled use of temporal NDVI and Rainfall datasets. 
 

1.5.2. Research Questions 

 
Research questions to be answered in order to achieve the objective are: 

 
Q1). Which filtering technique is most suitable in order to remove noise and redundancy from NDVI 
and rainfall datasets?  
Q2). Which function can efficiently describe drought pattern in temporal NDVI and rainfall datasets? 
Q3). What is the relation between drought pattern function parameters and drought characteristics like 
onset, severity, persistence and extent? 
Q4). How to discriminate between true and false detected drought? 
Q5). What is the degree of relationship between NDVI and rainfall in a drought affected area and 
which parameters are most correlated? 
Q6). What is the spatial and temporal pattern of drought in the study area? 
 

1.6. Structure of thesis 

This thesis comprises of six chapters. Chapter 1 explains the basic concepts of drought and data 
mining; and further deals with the problem statement, research objective and research questions. 
Chapter 2 discusses the drought assessment; conventional and traditional methods used for it and 
thereby explains the advance techniques like Association rule and Independent Component Analysis 
(ICA). Chapter 3 gives the detail description of the study area and its significance. Chapters 4 
describes the different datasets used for the research and explains the methodology considered in order 
to achieve the research objective. Chapter 5 answers all research questions and describes the merits of 
advance techniques. Chapter 6 concludes the work done and describes future recommendation. 
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2. Literature Survey 

2.1. Understanding drought 

A disaster is “an event, concentrated in time and space, in which a society (or community) undergoes 
severe danger and incurs such losses to its members and physical possessions (or appurtenances) that 
the social structure is disrupted and the fulfillment of all or some of the essential functions of the 
society is prevented.” Among all the hazards, drought is quite different. First, it is a creeping hazard, 
so-called because droughts develop slowly and have a prolonged existence, sometimes over a period 
of many years. Second, droughts are not constrained to a particular tectonic or topographic setting and 
their impact can extend over very large regions. It is a long term environmental degradation and often 
difficult to tell where and when drought ends (Fritz,1961). 
 

2.1.1. Effects of Drought 

 
The effects of drought can be divided into primary and secondary effects.  
 
Primary effects of drought result from a lack of water. As a dry period progresses and water supplies 
dwindle, existing water supplies are overtaxed and finally dry up. The primary losses are loss of crops, 
loss of livestock and other animals, and loss of water for hygienic use and drinking. 
The secondary effects of drought follow and result from the primary effects. As water supply dwindle 
and crops and fodder are depleted, families begin to migrate in search of better grazing lands for their 
herds or move to the cities to seek jobs and alternative sources of income. The most serious impacts of 
drought can result in famine. Secondary effects also include major ecological changes, such as 
increased scrub growth, increased wind erosion of soils and increased flash flooding (Perez et 
al.,1995). 
 

2.1.2. Assessment concept 

 
In order to conduct a successful assessment of a drought, it is important to understand the cause-and-
effect relationships that are present. First, drought conditions develop for climatic reasons. The impact 
of conditions depends on a number of factors including: natural and ecological adaptations to the 
drought; the effect of human endeavors on the land surface (especially mismanagement of natural 
resources, agricultural development, over-grazing, etc); water supplies in the area; and measures that 
have been taken by humans to anticipate or counter a drought (such as stockpiling food reserves, 
storing additional water etc.). 
 
Second, if a drought persists, and if counter-measures and drought survival techniques are not 
effective, then people may be forced to leave the land in search of food, water and temporary 



SPATIAL DATA MINING FOR DROUGHT MONITORING: AN APPROACH USING TEMPORAL NDVI AND RAINFALL RELATIONSHIP 

12 

employment. By the time displacement occurs, the health and nutritional status of the people gets 
deteriorated. As nutritional status deteriorates, susceptibility to disease increases. 
 
Third, changes may occur in the drought affected area. The most dramatic of these, is desertification. 
As ground cover dies and becomes sparser, desert conditions develop and change the ecology. Less 
dramatic changes could be loss of forests, grasslands and wet areas, and their replacement with barren 
areas and rough, thorny scrub bushes and trees. 
 

2.1.3. Assessment Methods 

 
Following methods are used to carry out drought assessment. First four are the conventional methods 
and one is modern method. 
a), ground field surveys 
b). Remote reporting systems 
c). Use of base line data 
d). Over flights  
e). Remote Sensing 
 
Conventional methods of drought monitoring suffer from limitations with regard to timeliness, 
objectivity, unreliability, irregularity and inadequacy, but satellite sensors provide spatial information 
on vegetations stress caused by drought conditions. This shows that a comprehensive study on 
droughts can be conducted using satellite sensors (Wilhite,2000) 
 
Recent advances in operational space technology have improved our ability to address many issues of  
early drought warning and efficient monitoring. With the environmental satellites, drought can be 
detected 4-6 weeks earlier than before and delineated more accurately, and its impact on agriculture 
can be diagnosed far in advance of harvest, which is the most vital need for global food security and 
trade. 
 
Radiances measured by the space sensors, especially by the Advanced Very High Resolution 
Radiometer (AVHRR) on NOAA polar-orbiting satellites respond closely to changes in leaf 
chlorophyll, moisture content and thermal conditions. AVHRR-based spectral radiances have been 
combined into indices and used as proxies for estimation of the entire spectrum of vegetation health 
(condition) from excellent to stressed. Moreover, AVHRR-based multiyear observations from space 
provide cost effectiveness, free access, and a repetitive view of nearly the earth’s entire surface. 
 
GIS and Remote Sensing can be used in drought relief management such as early warnings of drought 
conditions will help to plan out the strategies to organize relief work. Satellite data can be used to 
target potential ground water sites for taking up well-digging programmes. Satellite data provides 
valuable tools for evaluating areas subject to desertification(Kogan.,2000). 
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2.2. Data mining techniques 

2.2.1. Association Rule generation 

 
In a real-world application such as drought where time series is an important factor, it is important to 
study the relationships of the parameters that cause drought. In time series data mining algorithms data 
is organized as sequence of events and each event has a time of occurrence. 
 
Association rules are used to show the relationships between the data items. Association rule is defined 
as X⇒Y, where X is the rule antecedent and Y is its consequent and X∩Y =φ. Support and confidence 
are two widely used metrics in measuring the interestingness of association rules. Support {X} is a 
measure of statistical significance, and is defined as the ratio of the count of the events in X divided by 
the total number of events. This means, support indicates the percentage of episodes in the dataset that 
contain both X and Y (Harms et al.,2002). In association rules: if X then Y, the support of the 
antecedent is also called as the rule coverage. The confidence of the rule is defined as the ratio of 
support {X∪Y}, which is the percentage of events that occur in both X and Y, divided by the support 
{X}. This is a measure of the conditional probability (Tadesse et al.,2004). 
For a rule, X⇒Y 

Support is sup(X⇒Y) and                                                                                                            (Equation 2-1) 

Confidence is conf(X⇒Y) = sup(X⇒Y) / sup(X)  (Harms et al.,2002)                                     (Equation 2-2) 

Thus, Confidence measures the strength of the rule, whereas support measures how often it should 
occur in the database. Typically, large confidence values and a smaller support are 
used.(Margaret.H.Dunham,2004) 
 
Drought-related data is viewed as event sequences. An event sequence is a collection of time ordered 
events that happen within a finite time period. For example, {0.54, 2.07, 0.48, -0.48, -0.84, -1.77, 0.13, 
-1.45, -0.63, -0.76, -0.18, 0.65} is an event sequence which presents the twelve-month Standardized 
Precipitation Index (SPI) value from January to December in 1984 at Aland station. The time interval 
within which the events occur is called a sliding window. The width of the sliding window determines 
the length of time interval. An episode is a collection of events in a particular order occurring within a 
given window width. There are various association rule generation algorithms. Description of Apriori 
algorithm which was used for this thesis is given below: 
 
Apriori Algorithm: 
 
The Apriori algorithm is the most well known association rule algorithm and is used in most 
commercial products. It uses the following property, which we call the large itemset property: 
 
Any subset of a large itemset must be large. 
 
An itemset is a non-empty set of items. The large itemset are also said to be downward closed because 
if an itemset satisfies the minimum support requirements, so do all of its subsets. 
(Margaret.H.Dunham,2004).  

The problem of mining association rules is decomposed into two parts  
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• Find all combinations of items that have support above minimum support. Call those 
combinations frequent itemsets.  

• Use the frequent itemsets to generate the desired rules. The general idea is that if, say, 
ABCD and AB are frequent itemsets, then we can determine if the rule AB CD holds 
by computing the ratio r = support(ABCD)/support(AB). The rule holds only if r >= 
minimum confidence. Note that the rule will have minimum support because ABCD is 
frequent. The Apriori algorithm used for finding all frequent itemsets is given below  

procedure AprioriAlg()  
begin  
L1 := {frequent 1-itemsets};  
for ( k := 2; Lk-1 0; k++ ) do {  
    Ck= apriori-gen(Lk-1) ; // new candidates  
for all transactions t in the dataset do {  
   for all candidates c Ck contained in t do  
             c:count++  
   }  
   Lk = { c Ck | c:count >= min-support}  
}  
Answer := k Lk 
end 
 
The algorithm now scans the database. For each transaction, it determines which of the candidates in 
Ck are contained in the transaction using a hash-tree data structure and increments the count of those 
candidates. At the end of the pass, Ck is examined to determine which of the candidates frequent, 
yielding Lk is. The algorithm terminates when Lk becomes empty (Joshi,1997) 
 

2.2.2. Independent Component Analysis (ICA) 

 
Independent component analysis was originally developed to deal with problems that are closely 
related to cocktail party problem (Hyvarinen et al.,2000). Cocktail party problem is explained as 
follows: Given a set of N=5 people speaking in a room with five microphones, each voice si 
contributes differently to each microphone output xj[a]. The relative contribution of the five voices to 
each of the five mixtures is specified by the elements of an unknown 5×5 mixing matrix A. Each 
element in A is defined by the distance between each person and each microphone. The output of each 
microphone is a mixture xj of five independent source signals (voices) s=(s1,...,s5). ICA finds a 
separating matrix W which recovers five independent components u. These recovered signals u are 
taken to be estimates of the source signals s.  
 
ICA is a statistical method that performs the task to extract statistically independent components from 
their linear mixtures without resorting to any prior knowledge i.e. essentially a method for extracting 
individual signals from a mixture of signals. Its power resides in the realization that different physical 
processes generate unrelated signals. 
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The theory behind generating an Independent component is not only based on the assumption that 
source signals have to be uncorrelated but has to be “statistically independent” too. This can be 
explained essentially for clarity that if two variables are independent then the value of one variable 
provides mixtures’; on the assumption that such statistically independent signals are derived from 
different physical processes. Realization and finding of such statistically independents signals is 
achieved by maximizing a measure of the “joint entropy” of the extracted signals (J.V.Stone,2002). 
 

2.2.2.1. ICA: Understanding mathematics 

 
ICA denotes the process of taking a set of measured signal vectors, x, and extracting from them a 
(new) set of statistically independent vectors, y, called the independent components or the estimated 
sources. They are estimates of the original source signals which are assumed to have been mixed in 
some prescribed manner to form the observed signals.  
 
 
 
 
 
 
 
 
 
 

Figure 2-1: Schematic representation of ICA. 

 
The most basic form of ICA is as shown in Figure 2.1. Here, the original sources s are mixed through 
matrix A to form the observed signal x. The demixing matrix W transforms the observed signal x into 
the independent components y.  
 
For an observe multivariate time series {xi(t)} , i = 1,...,n, consisting of n values at each time step t, the 
result of a mixing process is given by 
                n 

 xi (t) = ∑ aijsi(t)                                                            (Equation 2-3) 

                       j =1 
 
Using the instantaneous observation vector x(t) = [x1(t),x2(t),...,xn(t)]¢ where ¢ indicates the transpose 
operator, the problem is to find a demixing matrix W such that  
 
   y(t)  = Wx(t) 

               = W.A.s(t)                                                                              (Equation 2-4)   

 
where A is the unknown mixing matrix. Generally, it is assumed that there are as many observed 
signals as there are sources, hence A is a square n×n matrix. If W = A-1, then y(t) = s(t), and perfect 
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separation occurs. In general, it is only possible to find W such that WA = PD where P is a 
permutation matrix and D is a diagonal scaling matrix. 
 
Hence, to find such a matrix W, assumptions that are required to be made are discussed below: 
(Back,1997)  
 

• The sources {sj(t)} are statistically independent.  
• At most one source has a Gaussian distribution.  
• The signals are stationary. Stationary is a standard assumption that enters almost all modelling 

efforts, not only ICA.  
 

2.2.2.2. General strategy for implementing ICA 

 
The general strategy underlying ICA is given in various literatures and it is summarized as: 
 

• It is assumed that different physical processes give rise to unrelated source signals. Source 
signals are then assumed to be statistically independent. 

• A measured signal usually contains contributions from many different physical sources, and 
therefore consists of a mixture of unrelated source signals. 

• It is assumed that if a set of signals with “maximum entropy” can be recovered from a set of 
mixtures then such signals are independent. 

• In practice, independent signals are recovered from a sets of mixtures by adjusting the 
separating matrix W until the entropy of the fixed function (say, g) of the signals recovered by 
W is maximized.[“g”is assumed to be the cumulative density function (cdf) of the source 
signals.] Hence, the independence of a signals recovered by W is achieved indirectly, by 
adjusting W in order to maximize the entropy of a function g of signals recovered by W (as 
maximum entropy signals are independent). 

 
 

2.2.2.3. Procedure of ICA techniques for separation of Statistically Independent 
Component 

 
As described above, Independent Component Analysis (ICA) is a statistical technique for 
decomposing a complex dataset into independent sub-parts. Here, a step by step 
demonstration/procedure showing how ICA is used effectively for separating independent component 
is shown in Figure 2-2. 
 
When we are given two linear mixtures of two source signals which we know to be independent of 
each other, i.e. observing the value of one signal does not give any information about the value of the 
other, then ICA algorithm is applied to determine the source signals, given only the mixtures.  
Putting this into mathematical notation, the problem can be model by 

x = As                                                                                                                                          (Equation 2-5) 
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where ‘s’ is a two-dimensional random vector containing the independent source signals, ‘A’ is the 
two-by-two mixing matrix, and ‘x’ contains the observed (mixed) signals. 
 
The first plot (below) shows the signal mixtures on the left and the corresponding joint density plot on 
the right. That is, at a given time instant, the value of the top signal is the first component of ‘x’, and 
the value of the bottom signal is the corresponding second component. The plot on the right is then 
simply constructed by plotting each such point ‘x’. The marginal densities are also shown at the edge 
of the plot.  
 
 The step by step procedure in processing of ICA is shown below: 

 
Signals                                        Joint Density    Signals   Joint Density 
 

 
 
 
 
 
Step: 1 Input Signals and density      Step 2: Centered - Whitened signals and density 
 
 
 
 
 
 
Step 3: separated signals after 1st  step of ICA algorithm    Step4:  separated signals after 2nd step of ICA algorithm 
 
   
 
 
 
 
Step5: separated out independent component after convergence 
  

Figure 2-2 A simple step by step- procedure of ICA   Source: http://www.cis.hut.fi/projects/ica 

 
Initially, in many ICA algorithms the data are required to be centered and whitened. This is one of the 
important pre-processing steps in ICA. Centering is done to make the observed variables ‘x’ a zero-
mean variables (refer equation 2-5) by subtracting its mean vector. This pre-processing is made to 
simplify the ICA algorithms. On the other hand, ‘Whitening’ the data means to remove any 
correlations in the data i.e. the signals from the input source are forced to be uncorrelated. 
 
In mathematical term, it seeks for a linear transformation V such that when y = Vx it has E{yy'} = I. 
This is easily accomplished by setting V = C-1/2, where C = E{xx'} is the correlation matrix of the data, 
therefore it gives E{yy'} = E{Vxx'V'} = C-1/2CC-1/2 = I. 
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The step 2 in Figure: 2-2 shows the signals ‘y’ and the joint density p(y) after whitening the data. 
Basically, it is a process where a linear change of coordinate of the mixed data is performed. Once the 
ICA solution is found in the whitened coordinate frame, it can easily reproject the ICA solution back 
into the original coordinate frame by rotation thereby minimizing the gaussianity of the data projected 
(Delorme,2002). 
 

2.2.2.4. Review on various software package and algorithms available for performing 
ICA in many areas of application 

 
The key to estimating ICA models is non-gaussianity. According to central limit theorem, a classical 
result of probability theory, the distribution of a sum of independent random variables tends towards a 
Gaussian distribution under certain conditions. Thus, a sum of two independent random variables 
(non-Gaussian) usually has a distribution that is closer to Gaussian than any of two originals variables 
(Shaahanka,2004) 
 
Different quantitative measures for non-Gaussianity are widely adopted in context of ICA estimation. 
They include kurtosis, negentropy and approximations of negentropy using higher-order moments. 
Other approach for ICA estimation includes minimization of mutual information and maximum 
likelihood estimation. 
 
Even if all ICA algorithms differ from a numerical point of view, they are all equivalent from a 
theoretical point of view (Delorme,2002). 
 
Some of the algorithms and software packages available in public domain for research in the field of 
ICA is briefly summarized below: 
 

1) FASTICA: In this algorithm the non-Gaussianity is measured by the approximations of 
negentropy. It is based on a fixed-point iteration scheme for finding a maximum of the non-
gaussianity. The FASTICA and its underlying contrast functions have a number of desirable 
properties when compared with other existing methods of ICA. One of its important properties 
is that convergence in it is cubic whereas traditional algorithms are based on gradient ascent 
method, where the convergence is only linear. 
Gradient based algorithm:  The convergence in Gradient based algorithm is based on linear 
approximation and step size parameter is required contrary to FASTICA where there is no 
need of step size parameters. 

 
2) JADE:  JADE is an algorithm based on the joint diagonalization of cumulant matrices. It was 

originally developed by Jean Francois Cardoso and Antonie Souloumiac to process complex 
signals, motivated by application to digital communications. Recently, a new implementation 
which is tune to process more efficiently real-valued signals is made available. Good statistical 
performance is achieved by involving all the cumulant of order 2 and 4 while a fast 
optimization is obtained by the device of joint diagonalization. One of the advantage in JADE 
is that there is no requirement for parameter tuning. It has been reported that JADE is 
successfully applied to processing of real datasets in context of mobile-telephony, airport radar 
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and bio-medical signals (Cardoso,1993). JADE performs source separations with an approach 
termed as ‘Joint Approximate Diagonalization of Eigen-matrices’. 

 
3) STICA: As the name suggests “STICA” is used for separating the temporal and spatial signals 

from an input sources. The technical report of the whole algorithm is described in a paper by 
JV Stone and J Porrill, Computational Neuroscience Technical Report number 1, Psychology 
Department, Sheffield University. The code is freely downloadable and is written in 
MATLAB platform.   The program is set up to process sequences of 2D images (e.g. fMRI 
data), but could be well adapted for other data by modifying the source code depending on the 
application areas. The program is reported to run in several modes:(J.V.Stone,2002) and is 
described below 

 
• Spatial ICA:  

This decomposes an image sequence into a set of spatially Independent images and a 
corresponding set of dual temporal signals. 

 
• Temporal ICA:  

This decomposes an image sequence into a set of temporally independent time courses 
and a corresponding set of dual spatial images. 

 
• Spatiotemporal ICA:  

This decomposes an image sequence into a set of spatial images and a corresponding 
set of time courses such that signals in both sets are maximally independent. 

 
• Weak Model ICA:  

This regularizes solutions found by ICA. The form of weak model as described by 
J.V.Stone assumes that underlying source signals or their dual signals vary smoothly 
over time. This can be shown to improve the nature of solutions found by ICA. 

 
 
 

4) ICALAB Packages (for Image and Signal Processing) 
 

• Two independent packages known as ICALAB for Signal Processing and ICALAB 
for Image Processing are developed by Andrzej Cichocki et.al, Laboratory for 
Advanced Brain Signal Processing, Rinken,Japan under MATLAB platform that 
implement a number of efficient algorithms for ICA (independent component 
analysis) employing HOS (higher order statistics), BSS (blind source separation) 
employing SOS (second order statistics) and LP (linear prediction), and BSE (blind 
signal extraction) employing various SOS and HOS methods.  

 
• The main features of both packages are an easy-to-use graphical user interface, and 

implementation of computationally powerful and efficient algorithms (Cichocki et 
al.,2003) 
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• Optional pre-processing tools include: Principal Component Analysis (PCA), 
prewhitening, filtering: High Pass Filtering (HPF), Low Pass Filtering (LPF), Subband 
filters (Butterworth, Chebyshev, Elliptic) with adjustable order of filters, frequency 
subbands and the number of subbands.  

 
 
• Post-processing tools actually includes: Deflation and Reconstruction ("cleaning") of 

original raw data by removing undesirable components, noise or artifacts. 
Moreover, the ICALAB Toolboxes have flexible and extendable structure with the 
possibility to extend the toolbox by the users by adding their own algorithms.  
The algorithms can perform not only ICA ;but also Second Order Statistics Blind 
Source Separation (BSS) Sparse Component Analysis (SCA), Non-negative Matrix 
Factorization (NMF), Smooth Component Analysis (SmoCA), Factor Analysis (FA) 
and any other possible matrix factorization of the form X=HS+N or Y=WX where 
H=W+ is a mixing matrix or a matrix of basis vectors (Cichocki et al.,2004) 

 
• After the data pre-processing, this package can also be used also for MICA 

(multidimensional independent component analysis) and NIBSS (non independent 
blind source separation). 

 
In addition to the above described algorithm and Packages, there are many other code’s and program 
available for ICA developed by various researchers in this field. Since all were developed under 
advanced Signal processing, most of the program are written and meant for application and analysis 
related to telecommunication industry; face pattern recognition problem; for reducing noise in natural 
images, bio-medical field etc. Recently, application of this novel technique for analyzing the spatio-
temporal time-series satellite GIMMS-NDVI data and noise removal from SAR imagery is cited in 
some literatures. As such, this technique is a new emerging area’s in the field of analyzing Satellite 
imagery to extract the information content and features from the imagery effectively by generating its 
individual component which is statistically independent. 
 

2.2.2.5. PCA and ICA 

 
PCA (Principal component analysis) in spite of its widely applicability in Remote sensing domain for 
identifications of spatio-temporal variability in multivariate data become ineffective to capture the 
variability arising from time series images. The main reason behind it is that PCA is a correlation 
based transformation and it constrains both the spatial and temporal pattern to be orthogonal. It can 
only capture maximum variance in a finite number of orthogonal components based on Eigen analysis 
of the data correlation matrix. On the other hand, ICA provides a general extension to PCA and a 
powerful method of vector rotation(Aires et al.,2002).It is a way of finding a linear non-orthogonal co-
ordinate system in any multivariate data. The directions of the axes of this co-ordinate system are 
determined by both the second and higher order statistics of the original data. Eventually, the goal is to 
perform a linear transform which makes the resulting variables as statistically independent from each 
other as possible(Lee,1998). 
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The main difference between PCA and ICA is that PCA is based on 2nd order statistics while ICA is 
based on higher order statistics and minimization of mutual information. 
 
 

2.2.2.6. Current trend in ICA research 

 
 
ICA is a fairly new and generally applicable method to several challenges in signal processing. It 
reveals a diversity of theoretical questions and opens a variety of potential applications. Successful 
applications in areas of EEG, fMRI, speech recognition system indicate the power and optimistic hope 
in the new paradigm. 
 
This advance novel technique is found to be applied in the field of remote sensing for spatial and 
temporal deconvolution of long-time series satellite data, which captures variability arising from 
independent physical sources. Alexander Lotsch et.al. (2003) illustrate the applicability of ICA to 
separate seasonal from non-seasonal signals and to identify artifacts introduced to the data by 
instrumentation and data processing using remotely sensed time series NDVI. His study conclude and  
provides a basic introduction to ICA and demonstrates how it can be used to deconvolve time series of 
NDVI images into physically meaningful components that are not detectable with covariance-based 
decompositions.ICA captures spatially or temporally localized processes and reveals climate 
signatures captured by NDVI time series. ICA therefore represents a useful tool for gaining insight 
into the dynamics of complex Spatio–temporal processes (Lotsch et al.,2003) 
 
An overview of independent component analysis, an emerging signal processing technique based on 
neural networks, with the aim to provide an up-to-date survey of the theoretical streams in this 
discipline and of the current applications in the engineering area is presented in a study carried out by 
Simone Firori (2002). A review was successfully made where it shows main applications of synthetic 
aperture radar and shows how blind signal processing by neural networks may be advantageously 
employed to enhance the quality of remote sensing data like SAR (Fiori,2002). 
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3. Study Area 

3.1. Location and Boundaries 

The State of Karnataka is confined within 11.5 degree North to 18.5 degree North latitudes and 74 
degree East and 78.5 degree East longitude. It is situated on a tableland where the Western and Eastern 
Ghat ranges converge into the Nilgiri hill complex. 
 
The State is bounded by Maharashtra and Goa States in the North and North-West; by the Arabian sea 
in the West; by Kerala and Tamilnadu States in the South and by the State of Andhra Pradesh in the 
East. The State extends to about 750 km from North to South and about 400 km from East to West, 
and covers an area of about 1,91,791 sq.km. It accounts for 5.83 percent of the total area of the country 
and ranks eighth among major States of the country in terms of size. 
 
Karnataka state was formed on Nov 1, 1973 and is popularly known as Karnataka/Kannada 
Rajyotsava. 
 

 

Figure 3-1: Map of India highlighting Karnataka State (left) and District Map of Karnataka (right) 

The State of Karnataka consists of comprises of 28 districts. 
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3.2. Climate 

 
The state enjoys three main types of climates. For meteorological purposes, the state has been divided 
into three sub-divisions namely  

• Coastal Karnataka (Dakshina Kannada and Uttara Kannada districts) 
• North Interior Karnataka (Belgaum, Bidar, Bijapur, Dharwad, Gulbarga and Raichur districts) 
• South Interior Karnataka (the remaining districts of Bangalore Rural, Bangalore, Bellary, 

Chikmagalur, Chitradurga, Kodagu, Hassan, Kolar, Mysore, Mandya, Shimoga and Tumkur 
districts)   

 
The Tropical Monsoon climate covers the entire coastal belt and adjoining areas. The climate in this 
region is hot with excessive rainfall during the monsoon season i.e., June to September. The Southern 
half of the State experiences hot, seasonally dry tropical savana climate while most of the northern half 
experiences hot, semi-arid, tropical steppe type of climate. The climate of the State varies with the 
seasons.  
 
The winter season from January to February is followed by summer season from March to May. The 
period from October to December forms the post-monsoon season. The period from October to March, 
covering the post-monsoon and winter seasons, is generally pleasant over the entire State except 
during a few spells of rain associated with north-east monsoon which affects the south-eastern parts of 
the State during October to December.  
 
The months April and May are hot, very dry and generally uncomfortable. Weather tends to be 
oppressive during June due to high humidity and temperature. The next three months (July, August 
and September) are somewhat comfortable due to reduced day temperature although the humidity 
continue to be very high. 
 

3.3. Temperature 

 
Both day and night temperatures are more or less uniform over the State, except at the coastal region 
and high elevated plateau. They generally decrease south-westwards over the State due to higher 
elevation and attain lower values at high level stations. April and May are the hottest months. In May, 
mean maximum temperature shoots upto 40 deg. C over the north-eastern corner of the State, 
decreasing south-westwards towards the Western Ghat region and the Coastal belt.  
 
The highest temperature recorded at an individual station in the State is 45.6 deg. C at Raichur on 
1928 May 23, which is 6 deg. higher than the normal for the warmest months. December and January 
are the coldest months. The lowest temperature at an individual station was 2.8 deg. C on 1918 
December 16 at Bidar. 
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3.4. Rainfall 

The annual rainfall in the State varies roughly from 50 to 350 cm. In the districts of Bijapur, Raichur, 
Bellary and southern half of Gulbarga, the rainfall is lowest varying from 50 to 60 cm. The rainfall 
increases significantly in the western part of the State and reaches its maximum over the coastal belt. 
The south-west monsoon is the principal rainy season during which the State receives 80% of its 
rainfall. Rainfall in the winter season (January to February) is less than one per cent of the annual 
total, in the hot weather season (March to May) about 7% and in the post-monsoon season about 12%.  
South-West monsoon normally sets in over the extreme southern parts of the State by about 1st of June 
and covers the entire State by about 10th of June. The rainy months July and August account 
individually to about 30% and 18% of annual rainfall. There are about 26 rainy days (with daily 
rainfall of atleast 2.5 mm) in the south-west monsoon begins from the northern parts of the State 
around 2nd week of October and by the 15th October monsoon withdraws from the entire State.  
 
The retreating monsoon current i.e. the north-east monsoon (October to December) effects the eastern 
parts of South Interior Karnataka and accounts for about 30% of rainfall in this region. Out of the 14 
heavy rainfall stations in India, with annual rainfall of more than 500 cm., four stations are situated in 
Karnataka. They are Agumbe in Tirthahalli taluk of Shimoga district (annual rainfall-828 cm) and 
Bhagamandala (603 cm), Pullingoth (594 cm) and Makut (505 cm) in Kodagu district. 
 

3.5. Topography 

Karnataka has representatives of all types of variations in topography - high mountains, plateaus, 
residual hills and coastal plains. The State is enclosed by chains of mountains to its west, east and 
south. It consists mainly of plateau which has higher elevation of 600 to 900 metres above mean sea 
level. The entire landscape is undulating, broken up by mountains and deep ravines.  
 
Plain land of elevation less than 300 metres above mean sea level is to be found only in the narrow 
coastal belt, facing the Arabian Sea. There are quite a few high peaks both in Western and Eastern 
Ghat systems with altitudes more than 1,500 metres. A series of cross-sections drawn from west to east 
across the Western Ghat generally exhibit, a narrow coastal plain followed to the east by small and 
short plateaus at different altitudes, then suddenly rising upto great heights. Then follows the gentle 
east and east-north-west sloping plateau. Among the tallest peaks of Karnataka are the Mullayyana 
Giri (1,925 m), Bababudangiri (Chandradrona Parvata 1,894 m) and the Kudremukh (1,895 m) all in 
Chikmagalur Dt. and the Pushpagiri (1,908 m) in Kodagu Dt. There are a dozen peaks which rise 
above the height of 1,500 metres. 

3.6. Physiography 

Physiograpically, Karnataka State forms part of two well defined macro regions of Indian Union; the 
Deccan Plateau and the Coastal plains and Islands. The State has four physiographic regions 

1. Northern Karnataka Plateau: Northern Karnataka Plateau comprises of the districts of 
Belgaum, Bidar, Bijapur and Gulbarga and is largely composed of the Deccan Trap. 

2. Central Karnataka Plateau: Central Karnataka Plateau covers the districts of Bellary, 
Chikmagalur, Chitradurga, Dharwad, Raichur and Shimoga.  

3. Southern Karnataka Plateau: The Southern Karnataka Plateau covers the districts of 
Bangalore, Bangalore Rural, Hassan, Kodagu, Kolar, Mandya, Mysore and Tumkur. 
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4. Karnataka Coastal Region: The Karnataka Coastal Region, which extends between the 
Western Ghats, edge of the Karnataka Plateau in the east and the Arabian Sea in the West, 
covers Dakshina Kannada and Uttara Kannada districts. 

3.7. Water Resources 

Karnataka accounts for about six per cent of the country's surface water resources of 17 lakh million 
cubic metres (Mcum). About 40 percent of this is available in the east flowing rivers and the remaining 
from west flowing rivers. There are seven river basins with which their tributaries drain the State 
(Figure 3-2 left). The river systems include: Krishna, Cauvery, Godavari, West flowing rivers, North 
Pennar, South Pennar, Palar. 

3.8. Landuse/Landcover 

Landuse/Landcover Map of the State is shown in Figure 3-2(right), comprising of Temperate 
Broadleaved, Subtropical Evergreen, Moist Deciduous, Dry Deciduous, Degraded Forest, Irrigated 
Agriculture, Rainfed Agriculture, Intensive Agriculture, Water body, Fallow/Arable, Cloud/Shadow, 
Plantation Orchard, Alpine Meadow and Grassland as various landuse classes. 

 

             Source:  www.karnataka.com                                   Source: Biome level classification, IIRS 

Figure 3-2: River Basin of Karnataka (left) and Landuse/Landcover Map of Karnataka (right) 
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4. Materials and Methods 

4.1. Data Description 

 
 Three different types of dataset and their basic characteristic pertaining to this study and which was 
relevant is briefly described as follows 
 

4.1.1. Rainfall data acquired 

 
Daily rainfall datasets were acquired from Drought Monitoring Cell (DMC), Karnataka for the period 
of 1970-2004. The India Meteorological Department (IMD) and State department have setup a rainfall 
monitoring station for each taluk. Figure 4.1 highlights 175 monitoring stations with their respective 
location within each taluk. 
 

4.1.2. Satellite data acquired 

 
Two different datasets were used for this research work. 
 

4.1.2.1. NOAA-AVHRR NDVI data 

 
The NOAA-AVHRR – NDVI composite which is provided by Global Inventory Modelling and 
Mapping studies (GIMMS) was downloaded from the University of Maryland Global Land Cover 
Facility Data Distribution centre. 
 
The composite has a spatial resolution of 8 km and a repeativity cycle of 15 days. The continental file 
of Eurasia (EA) having an image size of 2000 x 1250 was downloaded and the study area was 
extracted out as shown in Figure 4-1. 
 
The NDVI dataset is having a temporal coverage from July 1981 to December 2003 and its format is 
IEEE standard format (big endian). 
 
GIMMS NDVI has been corrected for: 
 

• residual sensor degradation and sensor intercalibration differences; 
 
• distortions caused by persistent cloud cover globally; 
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• solar zenith angle and viewing angle effects due to satellite drift; 
 
• volcanic aerosols; 

 
 
• missing data in the northern hemisphere during winter using interpolation due to high solar 

zenith angles; 
 
• low signal to noise ratios due to sub-pixel cloud contamination and water vapour. 

 
Description of the projection system adopted in this study is summarized in Table4-1 below: 
 

Table 4-1: Projection System adopted 

 
 
 
 
 
 
 
 
 
 
 
 
Data Descriptions of NOAA-AVHRR- NDVI Composite is shown in Table below: 
 

Table 4-2: Data description of NOAA-AVHRR- NDVI Composite  Source: GIMMS,GLFC 

 
Parameter/ 
VariableName 

Parameter/Variable 
Description 

Data Range Units of 
Measurement 

Data 
source 

GIMMS GIMMS* 
Normalized 
Difference 
Vegetation Index 
calculated From 
AVHRR channel 1 
and 2 digital count 
data. 

Theoretical range between -1 
and 1; values around 0 for bare 
soil (low or no vegetation) 
values of 0.7 or larger for 
dense vegetation. Water = -0.1 
No Data = -0.05 

Unitless AVHRR

 
 
 
 

Projection Type Albers Conical Equal Area 

Spheroid Name WGS 84 
Datum Name WGS 84 
Latitude of 1st standard parallel 20:00:00.0000 N 
Latitude of 2nd standard parallel 60:00:00.0000 N 
Longitude of central meridian 75:00:00.0000 E 
Latitude of origin of projection 45:00:00.0000 N 
False easting at central meridian 0.000000 meters 
False northing at origin 0.000000 meters 
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Figure 4-1:  AVHRR-NDVI image showing weather monitoring stations 

4.1.2.2. Elevation data 

 
Shuttle Radar Topographic Mission (SRTM) data was downloaded from http://srtm.csi.cgiar.org for 
extracting the elevation information for each weather station in order to use in interpolation procedure. 
 

4.1.3. Ground Data for validation 

 
Ground data (Report) for validating the results was acquired from DMC, Karnataka. The report shows 
the percentage area of drought affected taluk for the year 2001- 2004.  
 

4.2. Methods 

4.2.1. Methodology 

 
The methodology developed for this study is shown below in figure 4-2. Each block represents the 
sub-processing step to reach upto the final output.  
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Figure 4-2 Overall approach of the study 

 

4.2.1.1. SPI Methodology 

 

 

Figure 4-3 Schematic diagram for analyzing SPI  
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4.2.2. Pre-processing of NDVI-AVHRR dataset 

Processing of NDVI-AVHRR dataset was carried out in two broad steps:- 
Firstly, all the images were imported to ENVI 4.1. The archived NDVI-AVHRR ranges from -10,000 
to 10,000. To recover, the -1 to +1 range, a model was made in ERDAS Imagine 8.7; 
Secondly, to obtain a cloud free image of a given period compositing of image need to be carried out 
(Mali et al.,2005).The acquired NDVI have low values for cloud pixel. So, compositing process was 
carried out to omit the cloud pixels by selecting the pixels with high NDVI values. Hence cloudless 
composite were obtained. 
 

4.2.3. Computation of SPI 

 
For computing SPI, large historic data is required. Earlier rainfall data from 1980 to 2005 was used as 
input to SPI program. But in the documentation of the SPI program downloaded from 
http://climate.atmos.colostate.edu/standardizedprecipitation.shtml; it is given that for efficient 
computation of SPI, data for atleast 30 consecutive years is required. Therefore, Rainfall data from 
1970 to 2004 was fed as input in the SPI program. Input data was arranged in three column format as 
shown below 
yyyy mm pppp 
yyyy mm pppp 
yyyy mm pppp 
yyyy mm pppp 
yyyy mm pppp 
yyyy mm pppp 
yyyy mm pppp 
yyyy mm pppp 
etc 
where, 

yyyy = year 
 mm = month 
 pppp = precipitation (It should not be decimals) 
 
For all 175 weather monitoring stations data was arranged as shown above. Total 175 input files (with 
.cor as file extension) were created and one by one SPI was computed for each station on time scale 1 
and 2. Database was created for SPI results from 1970-2004.  
 
 

4.2.4. Interpolating SPI using various interpolation techniques 

 
In order to get spatial pattern of drought, interpolation of SPI was done. As the AVHRR-NDVI data is 
from 1981-2003, so SPI was interpolated for this time period for four months i.e. July, August, 
September and October. Latitude and longitude of all weather stations were taken and a point map was 
created. Then, each month was added to the point map and various interpolation techniques were used. 
Three important criteria’s i.e. elevation, distance from coast and aspect were considered while 
interpolating SPI. The results of each interpolation technique was compared on the basis of mean 
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absolute error (MAE), mean squared error (MSE) and root mean squared error (RMSE). Equation of 
each is given below: 
                                

ΜΑΕ=∑(Predicted-Observed) / (Number of observations)                                                         (Equation 4-1)                       

MSE=∑(Predicted-Observed)2 / (Number of observations)                                                         (Equation 4-2) 

RMSE=√(MSE)                                                                                                                               (Equation 4-3) 

 
Short description of spatial interpolation and its techniques (which were tried) is given below. 
 
Spatial interpolation is defined as the process of inserting, estimating, or finding a value intermediate 
to the values of two or more known points in space(Gis,2002).Thus, with respect SPI, spatial 
interpolation can be described as the estimation of SPI values of a surface at an unsampled point(i.e. 
intermediate value between two or more weather stations) based on the SPI values of weather stations. 
Depending on the spatial attributes of the data, accuracies vary widely among different interpolation 
methods(Collins,2000). 
 
All the techniques broadly come under two methods, deterministic and stochastic methods. Stochastic 
methods incorporate the concept of randomness that means the interpolated surface is conceptualized 
as one of many that might have been observed, all of which could have produced the known data 
points. It is based on the idea that values measured at locations close together tend to be more alike 
than values measured at locations further apart. Deterministic methods do not use the probability 
theory. They offer the opportunity to explain spatial phenomena by physical reasons. There are some 
techniques which are based on both deterministic and stochastic methods (Tveito,2002) 
 
Deterministic methods:  
Inverse Distance weighting method (IDW): In this, the interpolated value is obtained from a linear 
combination of the values measured at neighboring locations. The weights of the linear combination 
usually depend on the distances between the interpolated grid point and the measurement 
locations(Tveito,2002).The optimal power (p) value is determined by minimizing the root mean square 
prediction error (RMSPE). Weights are proportional to the inverse distance raised to the power value 
p. As p increases, the weights for distant points decrease rapidly. It is better explained in the figure 
below 

 
Figure 4-4: Power function illustration for IDW [Source: ArcGIS 9.0 User Manual] 
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Local polynomial interpolation (LPI): Local Polynomial interpolation fits many polynomials, each 
within specified overlapping neighbourhoods. Local Polynomial interpolation produces surfaces that 
account for more local variation. LPI fits the specified order (e.g., zero, first, second, third) polynomial 
using all points only within the defined neighbourhood. The neighbourhoods overlap and the value 
used for each prediction is the value of the fitted polynomial at the center of the neighbourhood. 
 
Radial Basis Functions: Radial basis functions are used for calculating smooth surfaces from large 
number of data points. This method is not adequate for sample points with large changes within small 
distances. RBF are exact interpolators. Basic concept is to fit a surface through the data points while 
minimizing the total curvature of the surface (Tveito,2002).  
The radial basis function is S(x) is given by: 
                       n    

S(x) = p(x) + ∑ λφ(|x - xi|) 
                                   i+1                                                                                                                                                                                 (Equation 4-4) 

where 
p(x) is a polynomial of degree at most k 
λi are the weights 
φ is a basis function 
xi are distinct data points 
 
There are five different basis functions: thin-plate spline, spline with tension, completely regularized 
spline, multiquadric function, and inverse multiquadric function. Among aforementioned functions, 
thin-plate spline and completely regularized spline was used for interpolating SPI values. 
 
Stochastic methods:  
Ordinary Kriging: Kriging is a statistical interpolation method that is optimal in the sense that it 
makes best use of what can be inferred about the spatial structure in the surface to be interpolated from 
an analysis of the control point data. The predictions are weighted linear combinations of the available 
data.  
The ordinary kriging model for spatial stochastic process Z(s) is: 
 

Z(s) = µ + δ(s)                                                                                                                                   (Equation 4-5) 

 
µ  is unknown expected value of random process, independent on location s,  δ(s) is a zero-mean 
intrinsically stationary random process with existing variogram. 
Linear coefficients are calculated under the condition for uniformly unbiased predictor and under the 
constraint of minimal prediction error variance (kriging variance). 
 
Co-kriging: The cokriging procedure is an extension of kriging when multivariate variogram or 
covariance model and multivariate data are available. A variable of interest is cokriged at a specific 
location from data about itself and about auxiliary variables (covariables) in the neighbourhood.  
 
Suppose that the data are 1×k vectors (variables) measured on n locations. Multivariate process 
can be written with the n×kmatrix: 
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Z ≡ (Z(s1),…..,Z(sn))T                                                                                                                                    (Equation 4-6) 

 
with  i, j-th element  Zj(si), i=1,…n in j=1,…k. We want to predict Z1(s0) based not only on 
Z1≡(Z1(s1),…..,Z1(sn))T, but also based on the covariables Zj ≡ (Zj(s1),…..,Zj(sn))T, j≠1. 
 

 
The data set may not cover all variables at all sample locations. If all variables have been measured at 
all sample locations and if the variables are intrinsically correlated, than cokriging is equivalent to 
kriging. 
 
Indicator Kriging: Indicator Kriging assumes the model 
 

I(s) = µ + ε(s)                                                                                                                                    (Equation 4-7) 

 
where µ is an unknown constant and I(s) is a binary variable. The creation of binary data may be 
through the use of a threshold for continuous data, or it may also be the case that the observed data is 0 
or 1. As the indicator variables are 0 or 1, the interpolations will be between 0 and 1, and predictions 
from Indicator Kriging can be interpreted as probabilities of the variable being 1 or of being in the 
class that is indicated by 1. If a threshold was used to create the indicator variable, then the resulting 
interpolation map shows the probabilities of exceeding (or being below) the threshold.  
 
Combined methods (deterministic and stochastic part): 
Residual kriging or detrended kriging: In this regression(e.g. multivariate linear)is previously fitted 
between the spatial variable Z(s)and the set of explanatory variables xi(s), the residuals of regression 
modelδ(s)are calculated for each sample location and interpolated using ordinary kriging method. 
 
Z(s) = β0 + β1x1(s) + β2x2(s) + …..+ βpxp(s) + δ(s) 
Z*(s) = β0 + β1x1(s) + β2x2(s) + …..+ βpxp(s)  
σ*(s) = Z(s) – Z*(s) 
 
In the second step δ(s) is assumed as random variable that follows the intrinsic hypothesis and 
values of δ*(s) is interpolated by a simple method like ordinary kriging. The final predicted values of 
Z(s) are obtained by summation of Z*(s) and δ*(s) over the kriging grid. 
 

4.2.5. Spatial Auto-correlation 

Spatial auto-correlation finds the correlation of variables with itself through space. If there is any 
systematic pattern in the spatial distribution of a variable, then it is said to be spatially correlated. In 
this study to understand the spatial correlation between SPI observed for the month of July to 
September 1994 at various rainfall stations, Global Moran's I spatial auto-correlation function was 
used in Arc GIS environment. It is seen that for a given a set of features and an associated attribute, 
Global Moran's I evaluates whether the pattern expressed is clustered, dispersed or random. A Moran’s 
I value near +1.0 indicates clustering; a value near –1.0 indicates dispersion.  



SPATIAL DATA MINING FOR DROUGHT MONITORING: AN APPROACH USING TEMPORAL NDVI AND RAINFALL RELATIONSHIP 

35 

 
The Global Moran's I function calculate a Z score value that indicates whether the clustering or 
dispersion could be the result of random chance or is statistically significant. 
In short, Moran’s I is produced by standardizing the spatial auto covariance by the variance of the 
data. Spatial Autocorrelation is, conceptually as well as empirically, the two-dimensional equivalent of 
redundancy. It measures the extent, to which the occurrence of an event in an areal unit constrains, or 
makes more probable, the occurrence of an event in a neighboring areal unit (Source: Arthur J. Lembo, 
Jr.Cornell University) 
It is considered to be one of the oldest indicators of spatial autocorrelation.  Still a defacto standard for 
determining spatial autocorrelation 

• Applied to zones or points with continuous variables associated with them. 
• Compares the value of the variable at any one location with the value at all other locations 

 
Mathematically, 
 

Moran’s I is given by  

 

                                                                                                                                     (Equation 4-8)                       

 
where N is the number of cases 
Xi is the variable value at a particular location 
Xj is the variable value at another location 
X is the mean of the variable 
Wij is a weight applied to the comparison between location i and location j  
(Source: Arthur J. Lembo, Jr.Cornell University) 
 
Analysis for the spatial correlation between SPI observed for the month of July to September 1994 at 
various rainfall stations was carried out and discussed in succeeding chapters. 
 
 

4.2.6. Filtering of NDVI  

 
Filtering should be done in order to remove noise and redundancy from the NDVI dataset. Presence of 
noise in a time–varying signal restricts one’s ability to obtain meaningful information from the 
signal.(Roy et al.,2005). 
 
After going through literature, it was found that wavelet denoising proves to the best filtering 
technique when compared to other techniques.(Sakamoto et al.,2005) used linear interpolation method 
(BISE), Fourier transform and Wavelet transform for filtering of time series MODIS data. He 
concluded that after applying the aforementioned filtering techniques, wavelet transform using Coiflet 
4 wavelet function gave the best time profile of the Enhanced Vegetation Index (EVI) for detecting the 
phonological stages. For this study, median filtering, moving average filtering as well as advanced 
methods such as wavelet transform and Independent Component Analysis (ICA) were used for 
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denoising the signal. ICA could only be applied to a subset of the study area and is discussed more in 
the subsequent section. 
 

4.2.6.1. Filtering of NDVI time series using 1-D Wavelet  

 
Basic concepts: A wave is usually referred to an oscillating function of time or space, such as 
sinusoid. Wave transformation of signals has proven to be extremely valuable in mathematics, science, 
and engineering, especially for periodic, time-invariant, or stationary phenomenon. A wavelet is a 
small wave with finite energy, which has its energy concentrated in time or space to give a tool for the 
analysis of transient, nonstationary, or time-varying phenomenon. The wavelet still has the oscillating 
wavelike characteristics, but also has the ability to allow simultaneous time, or space, and frequency 
analysis with a flexible mathematical foundation. Figure4-5 illustrates the difference between wave 
and wavelet. (M.Reza,1999) 

 

Figure 4-5: Comparison of a Wave and a Wavelet: Left graph is a Sine Wave with infinite energy and the 
right graph is a Wavelet with finite energy(M.Reza,1999).  

Wavelet theory is based on analyzing signals to their components by using a set of basis functions. 
One important characteristic of the wavelet basis functions is that they relate to each other by simple 
scaling and translation. The original wavelet function, known as mother wavelet, which is generally 
designed based on some desired characteristics associated to that function, is used to generate all basis 
functions. Mother wavelet should be selected in such a way that it gives an informative, efficient, and 
useful description of the signal of interest(M.Reza,1999).Some of the popular wavelets are Haar 
wavelet, Gaussian wavelet, Morlet wavelet, Coiflet wavelet, Daubechies wavelet, Mexican Hat 
wavelet, Meyer wavelet, Discrete approximation of Meyer wavelet, Symlet wavelet, Biorthogonal 
wavelet, Reverse biorthogonal wavelet and Shannon wavelet.  
 
Wavelet-based denoising: The wavelet based denoising procedure is as follows 

•  Apply wavelet transform to the noisy signal to produce the noisy wavelet coefficients to the level 

which represents the raw signal. 

•  Select appropriate threshold limit at each level and threshold method (hard or soft thresholding) to 

remove the noise. 

•  Inverse wavelet transform or wavelet reconstruction. 

 
Wavelet Transform  
 
In one-dimensional context, we define the wavelet ψ from the associated scaling function Φ. Wavelet 
function satisfy the following conditions. 
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The integral of ψ is zero.  

                                       ∫Ψ(x)dx = 0                                                                                                (Equation 4-9) 

 
The integral of Φ is 1.   

                                       ∫Φ(x)dx = 1                                                                                              (Equation 4-10) 

 
                                       
Figure 4-6, explains the wavelet transform.  

 

Figure 4-6: Wavelet Transformation (Arellano,2003) 

 
For simplicity, in wavelet transform reference to frequency is replaced by reference to scale. Another 
aspect of the wavelet transform is that the localization or compactness of the wavelet increases as 
frequency or scale increases. In other words, higher scale corresponds to finer localization and vice 
versa(M.Reza,1999) 
Discrete Wavelet Transformation (DWT)  
Unlike Continuous Wavelet Transform (CWT), information provided by DWT is irredundant as far as 
the reconstruction of the signal is concerned. Moreover, computational time of DWT is less as 
compared to CWT. For wavelet analysis, filtering and downsampling is done. In DWT, filters of 
different cutoff frequencies are used at different scales. High pass filters are used to analyze high 
frequencies and low pass filters to analyze low frequencies. After the signal passes through filters, 
downsampling operation is carried out in order to change the resolution. Downsampling is the process 
of removing some of the samples of the signal.  

The function f(x) is 
transformed in the wavelet 
transform as follows: 

 
                          (Equation 4-11) 
       
where a is a scaling parameter, b is a shifting parameter, and ψ implies a mother wavelet. In discrete 
form, parameters a and b are given as  
(a, b) = (2j, 2jk), 
where j is dilation index and k is translation index and both are integers (Sakamoto et al.,2005). 
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DWT decomposes a signal into a coarse approximation and detail information. Figure4-7 shows the 
DWT process. 

 
 

Figure 4-7: Discrete Wavelet Transformation (thesis) 

 
The DWT process is based on multi-level wavelet analysis i.e. original signal is broken down into 
many lower resolutions. 
 
Wavelet Selection : Choice of mother wavelet can be based on firstly, eyeball inspection of the spikes, 
Secondly, it can be selected based on correlation between the signal of interest and the wavelet-
denoised signal based on the cumulative energy.Mother wavelet for this work was selected on the 
basis of first criteria. Wavelets like Haar, Coiflet, Symlet, Daubechies, Discrete Meyer were used to 
analyze the signal. Among the above mentioned wavelets, Discrete Meyer wavelet could efficiently 
describe the original signal. Figure4-8 represents the discrete meyer scaling function and mother 
wavelet. 
 
 

                    
                                (a)                                                  (b) 

Figure 4-8: (a) shows meyer scaling function, and (b) shows meyer wavelet. 

 
Information on Discrete meyer wavelet is shown in Table4-3 below. 

Table 4-3: DMeyer information 

Definition FIR based approximation of Meyer wavelet 
Family DMeyer 
Short name dmey 

Signal 
(S) 

Details 
(D) 

Approximation
(A) 

Lowpass                                            Highpass 
Filters 
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Orthogonal Yes 
Biorthogonal Yes 
Compact support Yes 
CWT Possible 
DWT Possible 

 
 
Apart from choice of wavelet function, level of decomposition also plays an important role in 
denoising the signal. At level 3, it was possible to recover the signal for this work. Figure4-9 shows 
the 3 level wavelet analysis. Here ‘S’ is the source signal, ‘A’ is approximation and ‘D’ indicates the 
detail information.  
 
 

 

Figure 4-9: 3 level wavelet analysis. 

 
 
Wavelet Reconstruction:  
 
The process of reconstruction is also called as synthesis which involves filtering and upsampling. 
Upsampling basically, adds new samples to the signal. The coefficients obtained from decomposition 
process are used in reconstruction. Figure 4-10 illustrates the synthesis process. 

S 

  D1   A1 

  D2 A2

 D3  A3 

S = A1 + D1 

   = A2 + D2 + D1 

   = A3 + D3 + D2 + D1  
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Figure 4-10: Wavelet reconstruction. 

4.2.7. Association Rule generation    

 
In this study, an attempt is made to mine the data with association rules to find the occurrence of 
drought in the study area from year 1981-2003. Association rules are used to identify the relationship 
between SPI and VCI. 
Preparing and processing the time series data is required to be done for applying Apriori data mining 
algorithm. 
 
The four steps required to process the data in order to generate association rule are: 
 
Step 1: Discretizing the data:  
SPI value of time scale 1, and monthly VCI values were used for generating the association rules. The 
sliding window width used for both the dataset is 1. SPI values show the rainfall deviation from mean 
for a given location at a given time and VCI quantifies the weather component of NDVI thereby 
reflecting the health/condition of vegetation. Both SPI and VCI was discretized independently into 5 
clusters as shown in table .Process of discretization of SPI is explained in figure 4-11 and figure 4-12. 
Similarly, VCI values were also discretized. 

Table 4-4: Discretization criteria for SPI and VCI into its five respective categories 

SPI values Category VCI values Category 
-3 to -1.5 Extremely dry 0 to 34 Very low 
-1.49 to -1.0 Dry 35 to 45 Low 
-0.99 to 0.99 Normal 46 to 65 Normal 
1 to 1.5  Wet 66 to 85 High 
1.5 to 3 Extremely wet 86 to 100 Very high 

 

Decomposition                                           Reconstruction 
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Figure 4-11: SPI event sequence of year 1984 for Aland station before discretization 
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Figure 4-12: SPI event sequence of year 1984 for Aland station after discretization 

 
Step 2: Formulating Target Episodes: 
As we are interested in finding the drought pattern, so the target episodes are extremely dry and dry 
categories for SPI, and for VCI it is very low and low. 
 
Step 3: Determining the minimum confidence and support for apriori analysis: 
Before running the algorithm minimum confidence and support are required to be selected. As said 
earlier, confidence measures the strength of the rule, and support measures its occurrence in the 
database. The minimum confidence is chosen to avoid the rules below the confidence values. 
 
Step 4: Generating the rules: After completing upto step 3, association rules were generated using the 
apriori algorithm. Many rules were generated. 
 
Step 5: Selection of rules: 
Out of the several rules generated, selection of best rule depends on the ‘interesting measure’. This 
means comparing and selecting the better rules among the ones that are generated based on some 
criteria. For this study support and confidence were used to measure the goodness of the rules. 
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4.2.8. Independent Component Analysis 

After going through an extensive literature review on the application of ICA technique in various 
fields, it was found that how this novel technique can be used for analyzing the spatial and temporal 
pattern of time series satellite data. 
 
As discussed in the preceding chapter about the ICA, there are many algorithms for performing ICA 
which can be freely obtained from various research labs across the globe. But, the main drawback that 
is inherent in those available programs is that all of them were developed for specific application in 
various areas’ of research related to telecommunication, ECG signal analysis, Brain activation signal 
generations and in MEG signals analysis. Hence, the difficulty of incorporating the satellite data 
format i.e. for this research work arises. 
 
For this study, all the processing was performed on MATLAB platform. Initially an attempt was made 
in two available toolboxes. FASTICA and ICALAB toolbox have the limitations in generating the 
temporal component. Hence, a program based on Maximum Entropy and Gradient ascent method was 
developed in Matlab Platform which can produce both the temporal and spatial component for 
analyzing the time-series VCI images from 1999-2003. 
A brief description of the program developed to generate the spatial and temporal independent 
component is described below: (see Appendix 1 for code) 
 
The ICA program developed here is based on paper by Bell and Sejnowski (1995). Let’s consider an 
outputs x = (x1,x2,…xN ) of N measurement device or multi-temporal images, such that each output 
variable xi is a linear mixture of N independent source signals s = (s1,…..sN)T x = As, where A is an 
(NxN) mixing matrix. Here, it is required to find an N x N unmixing matrix W such that each 
recovered component yi in y = Wx is the one of the original signals s. The program is also based on the 
Maximum Entropy contrast function and Gradient ascent method (J.M.Gorriz et al.,2004). 
 
Initially, the program read the image in .tiff format and a new mixing matrix is formed by combining 
the input sources into vector variables. Then initialization of the unmixing matrix W to an identity 
matrix is performed. Initialization of the estimated source signal is made and the maximum number of 
iteration can be assigned as per requirement until final convergence is achieved. A step size of 0.25 is 
taken for gradient ascent, where the iteration is made upto 100 times (J.V.Stone,2002).  
 
Hence, ICA recovers the source estimates y = ( y1,y2….yN)T of the source signals s = (s1,…..sN)T by 
finding an unmixing matrix W which maximizes the entropy H(Y) of the joint distribution Y = { 
Y1,…..,YN} = { σ1(y1),….. σN(yN)} where σ is the joint probability function of each source signal .Each 
function σi has the same form as the cumulative density function (cdf) of the corresponding source 
signal si. However, it is sufficient to approximate the cdfs (J.V.Stone,2002) 
 
From this output, each column of the estimated source signals represents the spatial component of the 
input images. Using the function plot( Y_Spatial) with a plot size of (2,2) yield all the spatial 
component generated. Similarly, for temporal component, each column of ‘Y_Temporal’ represents 
the temporal component of the image. Here, using the function plot (Y_Spatial) with a plot size of (1, 
1) yield the entire temporal component generated. 
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“Independent component” are random variables of minimum entropy constructed from linear 
combinations of the input features. The entropy is normalized by the variance of the component, so 
absolute scale doesn’t matter. Hence, Spatial ICA finds independent images and a corresponding set of 
dual unconstrained time courses T, whereas temporal ICA finds independent time course T, and a 
corresponding set of dual unconstrained images. 
 
In this study, subsets of the 5 VCI images (40x 40) from 1999 to 2003 were prepared and the entire 
individual layer was combined to form a 5-layer multi-temporal VCI image. Then, the resulted image 
is rescaled from 0-255 from the original value range of 0-100. Principal component analysis is applied 
to the resulted image, which contains time-series information from 1999-2003. Then, a statistical 
analysis i.e. analysis of covariance matrix of resulted PC images is done to identify and see the 
variation of eigen-value/eigen-vector loading in each of the principal component. It is seen that the 
first three components contains the highest information and the variance is maximum in the identified 
three components. 
 
Then, the first three PC components are used as an input data for Independent component analysis 
which in turn will give an insight into the dynamics of complex spatio-temporal processes. The 
independent components are extracted using the program (see Appendix 1) as described above. 
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5. Results and Discussion 

 

5.1. Variation in Rainfall pattern 

 
The mean and the co-efficient of variation of rainfall for the month of July from year 1970-2004 was 
analysed and presented here as shown in Figure 5-1 below. The mean rainfall varies from 28.10 mm to 
1489.11 mm through out the whole state for the July month and its corresponding co-efficient of 
variation ranges from 27.90 to 135.61. The highest mean rainfall was seen to be concentrated in 
Dakshina Kannada and Uttara Kannada district which lies in Coastal region belt of Karnataka as per its 
physiographical division. The distribution of the lowest mean rainfall was seen on the Central and 
Southern plateau covering major districts of Gadag, Dharwad, Kolar and Chitradurga.   
 

 

Figure 5-1: Map showing Mean rainfall and rainfall (Co-efficient of variation) for the month July from 
year 1970-2004 

A very low variation in observed rainfall i.e.27.90 - 44.03, was seen to be distributed on the coastal 
region belt, where it gives a clear indication of surplus rainfall in July from 1970-2004. On the 
contrary, for the period of 1970-2004,in July month  there is no significant major variation in rainfall 
observed. Only in some areas of southern plateau covering  the districts of Bangalore, Bangalore 
Rural, Hassan, Kodagu, Kolar, Mandya, Mysore and Tumkur shows large variation, thereby indicating  
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intermittent rainfall in these region. It could be concluded that almost all the part of the state has a 
continuous and normal rainfall distribution, considering the month of July for last 35 years. 
On analyzing the time-series data from1970-2004, it was found that there is large variation in the 
rainfall. To make a detail analysis on rainfall pattern, two specific years i.e. 1994 and 2000 were 
selected and their statistical is given in Table 5-1.  

Table 5-1: Rainfall pattern – Statistical description 

Year Place with 
minimum rainfall 

Place with 
maximum 
rainfall 

Range Mean Standard 
Deviation 

1994 Sindgi Karkala 200-4300 1711.146 1233.181 
2000 Muddebihal, 

Hukkeri, Bellary 
Bhatkal, 
Hosanagara 

350-3000 1249.83 779.803 

                                                                                                                                                                 
It can be seen from the above table that in the year 1994, the range of rainfall lies between 200-
4300mm. The minimum rainfall was recorded at station Sindgi and maximum at Karkala. For the year 
2000, the observed range of rainfall is between 350-3000. The minimum rainfall was recorded at three 
stations i.e. Muddebihal, Hukkeri and Bellary; Bhatkal and Hosanagara received the maximum 
rainfall. Contour maps of the month July, August, September and October were plotted for both the 
years to see rainfall variability within the monsoon season and is shown in Figure 5-2. 

       

Figure 5-2: Contour map showing rainfall for year 1994 (left) and 2000 (right). 

The variation in rainfall distribution for the year 1994 is much higher than that of year 2000 as it could 
be analyzed from the mean and standard deviation for each year.   
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5.2. Comparision of various interpolation techniques in order to interpolate 
SPI 

All the interpolators used for SPI were compared on basis of mean absolute error (MAE), mean 
squared error (MSE) and root mean squared error (RMSE).   
After calculating the errors for all the interpolation techniques i.e. Ordinary kriging, Co-kriging, 
Indicator kriging, Residual kriging, Thin plate spline, Completely regularized spline, Local 
Polynomial interpolation – using optimized weightage distance and Inverse Distance Weighting 
(IDW) using optimal power function; IDW proved to be best as it gave least error. Table 5-2 shows the 
ranking of all the interpolation techniques. Among the various criteria’s of spatial interpolation, extent 
of study area also plays an important role. The area of Karnataka State is very large 1,91,791 sq.km. 
Similar results were obtained in a study by Collins(2000), where he compared various interpolation 
techniques for different regions (region 1 had large spatial extent and region 2 was small). In his study 
also IDW using optimal power gave consistently better results than other techniques. 
 

Table 5-2: Ranking various interpolation techniques 

 Interpolation Technique RMSE Rank 
1 Ordinary Kriging 0.646 7 
2 Co-kriging 0.534 6 
3 Indicator Kriging 0.685 8 
4 Residual Kriging 0.381 2 
5 Thin plate spline 0.399 3 
6 Completely regularized spline 0.407 4 
7 Local Poynomial Interpolation - owd 0.511 5 
8 Inverse Distance Weighting (Optimal Power function) 0.364 1 

  

Figure 5-3: Interpolated SPI Maps for August 1984 (order as in table 5-2) 

An evidence was found during the analysis of various interpolators that certain apriori data 
characteristics influence the choice of spatial interpolation technique. Distance, aspect, SPI correlation 
with elevation, spatial scale, relative spatial density and distribution of sampling stations, all influence 
the choice of interpolation technique. 

5.3. Use of SPI for drought 

SPI is a good drought monitoring tool. It also gives indication of the drought characteristics like onset, 
severity, and spatial extent.  

5.3.1. Drought sensitive Station  

Here, drought sensitive stations have been identified for the month of July, taken into account the 
whole time-period from 1970-2004. The onset of monsoon season start in the month of July, so the 
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SPI value corresponding to this month for all the meteorological stations were analysed to determine 
the frequency of those stations whose SPI value falls below -1.5.  
 
24 stations out of 175 stations were found to be more sensitive. It was observed that some stations like 
Sindgi recorded a SPI value less than -1.5, four times as compared to other stations where the 
frequency is less i.e.3, 2, 1 and 0, for the last 35 years. Hence, it could be concluded that those stations 
which records SPI values less than -1.5 more frequently for the last 35 years was identified and 
considered to be drought sensitive stations for further analysis. Moreover, it signifies the sensitivity of 
SPI values as a drought indicator index.    

 

Figure 5-4:  Selection of Drought sensitive stations using SPI 
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Figure 5-5: Selection of Drought sensitive year using SPI value recorded at Sindgi 

Selection of Drought year using SPI was attempted and it could be clearly seen from the time-series 
graph from 1970-2004, that lowest SPI value was observed in the year 1972. Considering the satellite 
data acquisition from 1981-2003, the year corresponding to lowest SPI within this time –series was 
taken and considered as ‘drought year’ and its corresponding SPI value is -2, which is below -1.5, as 
shown in Figure: 5-5. Similarly, year 2000 was choosen as a ‘normal year’ considering its observed 
SPI value which is 0.72. 
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5.3.3. Spatial Extent of Drought 

 
Using SPI value -1.5 as threshold, all the interpolated SPI maps were reclassified into two classes. i.e. 
SPI value from -3 to -1.5 as drought and SPI value from -1.5 to +3 as no drought category. Results for 
the year 1994 and 2000 are shown in figure 5-6.  
 

 

Figure 5-6: Interpolated SPI map for year 1994 (left) and 2000 (right). 

It can be depicted from the figure that year 1994 was a drought year whereas year 2000 is a normal 
one. 
Through SPI, we can compare two different stations in different climatic regions regardless of the fact 
that they may have different normal rainfalls; because the rainfall is already normalized and compares 
the current rainfall with the average. The rainfall of two areas with different rainfall characteristics can 
be compared in terms of how badly they are experiencing drought conditions since the comparison is 
in terms of their normal rainfall. Hence, SPI is more efficient than rainfall in spatial analysis of 
drought. 

5.3.4. Onset of Drought 

With the help of SPI it is also possible to detect the onset of drought. Classified drought map of the 
year 1994 is shown in the Figure 5-7.  
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Figure 5-7: Interpolated SPI map for the month July, August, September and October 1994 

 
It can be seen that in the year 1994, July month experienced only a small portion of drought in 
northern part, whereas in August small pockets of drought phenomenon can be seen observed in 
northern and southern part of Karnataka. On the contrary, in September drought can be seen 
concentrated mostly in northern part and some portion in the southern region. No indication of drought 
can be seen in the month of October. 
 
Arrival of early drought can be seen at Sindgi taluk [refer : SPI-July 1994], whereas none of the place 
suffered from late drought in the year 1994. 
 

(d) (c) 

(a) (b) 
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5.3.5. Drought Severity   

 
According to the standard classification of SPI values, a station can suffer extreme drought situation, if 
the SPI value is below -2. Drought severity graph for September 1994 is shown in Figure: 5-8.  
 
 

 

Figure 5-8: SPI graph for September 1994 to identify drought severity. 

 
Threshold line having SPI value -2 is drawn in order to know the stations which suffered from very 
severe drought. Out of 175 weather stations, 24 stations experienced very severe drought. 
 

5.4. Denoising of NDVI 

 
Inspite of performing Maximum value compositing process, noise still remains in the time series data. 
Thus various techniques were applied in order to remove the noise. Both straightforward methods like 
median filtering, linear interpolation method (BISE) and advanced techniques like wavelet based 
denoising and Independent Component Analysis (ICA) were used. Among the abovementioned 
techniques, advance techniques were more efficient in reconstructing the original signal very 
smoothly. But ICA, which is basically an emerging technique, could only be applied to a small subset 
of the study area covering middle portion. Results of wavelet based techniques are shown in figure 5-9 
and 5-10. Time series signal was first analyzed in order to find the optimum function which could best 
represent the signal. Among the different wavelets tried, discrete meyer wavelet proved to most 
effective. At level 3, using discrete meyer wavelet it was possible to reconstruct the signal.  
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Figure 5-9: Signal analyzed using Dmey wavelet function. 

 

Figure 5-10: Denoised signal and threshold coefficients 
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Table 5-3: Threshold coefficients for the denoised signal  

 
Image Thereshold 

Coefficients 
Mean Standard 

Deviation 
Original Signal --- 2896 1195 
Denoised Signal 1  Level 1= 485.6 

Level 2= 497.3 
Level 3= 502.5 

0.1523 229.5 

Denoised Signal 2 Level 1= 370.4 
Level 2=316.2 
Level 3=784.5 

0.1143 268.5 

Denoised Signal 3 Level 1= 351.2 
Level 2= 349.1 
Level 3= 629.5 

0.1226 242.6 

 
Three different threshold coefficients were applied on the original signal. Denoised signal 1 having a 
standard deviation value 229.5, was most efficient in reconstructing the signal, which was further used 
to find out the correlation coefficients. 
 

5.5. Vegetation Condition Index  

VCI is good in estimating the vegetation health and in drought monitoring.  

 

Figure 5-11: SPI (left) and VCI (right) highlighting drought pattern for August 1982. 

It can be depicted from the figure 5-11, that SPI has highlighted false drought in Northern and 
Southern plateau of Karnataka. As the false detected area under drought falls under irrigated 
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agriculture, so SPI has wrongly identified and this inturn become the advantage of VCI which 
represents the vegetation health. 
 

5.6. Moran’s I Index 

 
An attempt has been made to determine the spatial correlations between the observed SPI values for 
the 175 stations correspondingly for the month of July, August, September and October 1994.    
 
It’s known that a Moran’s Index value near +1.0 indicates clustering; an index value near -1.0 
indicates dispersion. In addition, generated Z score (standard deviation) value signifies whether the 
observed clustering/dispersion are statistically significant or not. 
 
The locations of all meteorological stations  present in the study area are  clustered with a significance 
level of 0.01 with corresponding critical value of  2.58, as obtained from spatial auto-correlation by 
Global Moran’s I method. Hence, it can be concluded that the SPI value obtained from these stations 
are statistically significant rather than due to random chance. 
 
Here, the SPI observed which correspond to four consecutive monsoons season month, which are 
critical for determining the meteorological droughts are analyzed for their spatial correlation pattern.  
 
The results obtained are shown in Table 5-4 and Figure:5-12 . 
 

Table 5-4: Spatial Autocorrelation of SPI, (July-October, 1994) by Moran’s I: 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

SPI (1994) Moran's Index Expected Index Variance (e-005) Z Score 
July  0.222 -0.005747 6.1496 29.0668 
August  0.10126 -0.005747 6.1246 13.6734 
September 0.18823 -0.005747 6.1160147 24.80432 
October 0.05254 -0.005747 6.0585804 7.488762 
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Figure 5-12: Spatial Auto-correlation (Moran’s I) showing the clustered pattern which indicate 
statistically significance. 

Hence, the segregation of the SPI value from July to October 1994 could be observed clearly. 
Moreover, the distribution trend of SPI value between each rainfall stations in Karnataka is determined 
and found that SPI value corresponding to July is statistically highly significant than August, as can be 
seen from Figure 5-13 (a) .The correlation between the SPI value observed in October is highly 
correlated when compared with the SPI value corresponding to July and August 1994. This is clearly 
indicated by variance value observed for each corresponding month as shown below in Figure5-13(b).   
 
 
 
 
 
 
 
 

Figure 5-13  (a) Z score plot (b) Variations of SPI 
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Figure 5-14 Moran’s I index vs Expected index 

 

5.7. Correlation between datasets 

 

5.7.1. Correlation between raw and processed input 

 
Correlation between datasets for agriculture class is shown in table 5-5.It was found that correlation 
between rainfall and SPI, and NDVI and VCI was very high. Correlation between rainfall and VCI is 
0.829 and that of NDVI and SPI is 0.699. 

 

Table 5-5 Correlation between the datasets 

Processed input 
Raw input 

SPI VCI 

Rainfall 0.998 0.829 
NDVI 0.699 0.997 

 
 
Correlation between NDVI and SPI was found to be negative in Coastal Karnataka Plateau. Reason 
behind negative correlation could be because of forest and wasteland landcover class or may be due to 
lag effect. Then lag effect was also considered i.e. finding correlation of July SPI with that of August 
NDVI, August SPI with September NDVI and September SPI with October NDVI, but the correlation 
was negative. Hence, it was concluded that forest and wasteland landcover class results in negative 
correlation between SPI and NDVI. 
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5.7.2. Correlation between NDVI and SPI 

 

Figure 5-15  Correlation between SPI and NDVI for all the taluks for the month July, August, September 
and October. 
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Correlation analysis was carried out for the month of July to October between SPI and NDVI from the 
period 1981-2003. It was found that all the stations and region along the coastal area shows a negative 
correlation for all the month under consideration. This may be because; the coastal Karnataka is 
covered with dense forest. Northern Plateau and Southern Karnataka Plateau possess positive 
correlation as it basically comprises of agriculture and plantation class. In general, August shows a 
positive trend of correlation between SPI and NDVI in last 24 years. 
 

5.8. Identifying drought events from Association Rule 

 
Association rule generation was used in order to identify relationship between VCI and SPI from 1981 
to 2003. Among the set of rules, two interesting rules were picked on the basis of minimum 
confidence. The rules are: 
 

• If SPI is extremely dry then VCI is found to be very low, with 88% confidence. 
• If SPI is very dry and dry then VCI is found to be low, with 71% confidence. 

 
Details are given in table 5-6. 
 

Table 5-6: Rules developed for identifying the drought pattern 

 
Rule 
number 

Rule (X ⇒ Y) Confidence (X ∪ Y)/X Support (X ∪ Y) Coverage |X| 

1 If SPI is extremely dry 
then VCI is found to be 
very low. 

0.8787 
 

29 33 

2 If SPI is very dry and 
dry then VCI is found 
to be low. 
 

0.7083 34 48 

 
 
Spatial and temporal pattern of drought can be easily identified from association rule. Summary of the 
result for 20 stations is shown in figure 5-16. 
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Figure 5-16 : Results obtained from Association rule (for 20 stations) 
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In Figure 5-16, results of association rule for 20 stations for the months July, August, September and 
October is shown. Considering the places shown, it is found that 1996, 1998, and 2000 was a non-
drought year. It can be seen that station Athani, was affected by drought in the year 1981, 1985, 1989, 
1990, 1994, 2003 out of which year 1989 experienced drought  for three months i.e. August, 
September,October. It can also be seen that among the places highlighted, July month is least affected 
by drought whereas September is the drought sensitive month. 
 

5.9. Extracting the spatial and temporal pattern of drought using ICA 

 
As described in the Section: 4.2.7, an attempt has been made to deconvolve the by-product of remotely 
sensed time series VCI images sequence from 1999 to 2003 into its spatial and temporal components 
that inturn captures the variability arising from independent component physical sources. The data 
were pre-processed by PCA technique to reduce noise and data dimensionality. From it, the first three 
leading principals component which captures a variance of 96 % for the 5 years time-series VCI 
images were retained and used as input.  
 
It is seen that PCA (Principal Component Analysis) in spite of its wide applicability in Remote sensing 
domain for identifications of spatio-temporal variability in multivariate data become ineffective to 
capture the variability arising from time series images. The main reason behind it is that PCA is a 
correlation based transformation and it constrains both the spatial and temporal pattern to be 
orthogonal. Hence, suitability of this novel technique to analyze the pattern of drought spatially and 
temporally is justified. 
 
The Independent component generated using the PC1 image and PC2 image is plotted in the form of a 
signal by extracting the individual temporal and spatial component from the output source matrix, y. 
The signal corresponding to spatial and temporal component when PC1 is used as an input source for 
generating the mixing matrix is shown in Figure 5-17 and 5-18 below:  
 
 
 
 
 
 
 
  
 
 
 

   Figure 5-17: Signal generated from each spatial independent component for PC1   
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   Figure 5-18: Signal generated from each temporal independent component for PC1   

Similarly, the spatial and temporal signal generated using PC2 are shown below: 
 
 
  
 
 
 
 
 
 
 
 
 

Figure 5-19: Signal generated from each spatial independent component for PC2   

 
 
 
 
 
 
 
 
 
 
 
 

Figure 5-20: Signal generated from each temporal independent component for PC2  

 
The variability of Eigen value in case of temporal pattern is low as compared with that of spatial 
pattern for all independent components. This may be due to the fact that spatial information content in 
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the image across the time-series is higher than the temporal information variability for the period from 
1999 to 2003. This can be ascertained from the theoretical aspect of ICA that “Spatial ICA finds 
independent images and a corresponding set of dual unconstrained time courses T, whereas temporal 
ICA finds independent time course T, and a corresponding set of dual unconstrained images. 
But due to limitation in the reliability test of the developed program and the IC’s generated, it makes a 
difficult task to analyze the signal for each individual PC generated IC component signals and images. 
 
 
The resulted standard deviation and mean from the 1st independent component which is both spatially 
and temporally generated from PC1 and PC2 is given below: 
 

Table 5-7: Mean and S.D. of 1st Independent component (spatial and temporal)  

 
Description of Component  Mean Standard deviation 
Y_Spatial corresponding to PC1 0.1218 1.124-e-016 
Y_Temporal corresponding to PC1 0.1076 0.0164 
Y_Spatial corresponding to PC2 0.08158 -0.09134 
Y_Temporal corresponding to PC2 0.03045 0.1194 

 
 
Inability of the developed program to distinctly represent the output signals which is interpretable for 
any extreme events that might have occurred during the evaluation time-series from 1999-2003. 
Moreover, the reconstructed images both temporal and spatial component are pixilated, which makes 
an interpreter difficult to recognize any pattern in the reconstructed estimated images. 
 
Hence to incorporate the reliability and performance index an analysis is made by using ICALAB 2.0a 
for Image processing (Cichocki et al.,2004). 
 
The data were pre-processed by PCA technique to reduce noise and data dimensionality. From it, the 
first three leading principals component which captures a variance of 96 % for the 5 years time-series 
VCI images were retained and used as input for further processing in ICALAB, to generate the Spatial 
and Temporal Independent component or estimated sources. 
 
Natural Gradient-Flexible Algorithm (NG-FICA) based on Differential entropy and higher order 
statistics was selected for estimating the independent component from the three input PC source 
images i.e. S. To extract the Spatial component, the input source images were scanned horizontally in 
a regular sampling sequential method whereas in case of Temporal, the same input source were 
scanned vertically  in regular sampling mode.  
Since the input source image consist of real world data signals, an Identity matrix of 1x1 is used as a 
Mixture matrix. As there are three input source, three mixture matrices are generated. Number of 
Epoch (Iterations) is taken as default setting of 70. Mixed signals obtained are again filtered using 2nd 
order differentiations.  
In addition, a Gaussian noise of SNR level: 20 db with 30 % of pixel with noise is added before 
executing the algorithm. The algorithm was executed two times both in case of temporal and spatial IC 
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estimated source extraction. It is seen that there is a difference in Performance index. The 
corresponding estimated source (IC’s) corresponding to the one having a higher performance index i.e. 
0.4266 and 1.6235 as shown in Table: 5-8 is taken for further analysis i.e. to determine the spatial and 
temporal variability. 
 
 
 

Table 5-8  Performance index for the NG-FICA (Natural Gradient-Fixed Independent Component) 
algorithm to separate Spatial and Temporal Independent component/ estimated sources. 

 
1st Execution: 
Estimated Source (IC’s) Processing speed Performance Index 
Spatial  0.893 0.4266 
Temporal 1.02 1.6235 

 
2nd Execution: 
Estimated Source (IC’s) Processing speed Performance Index 
Spatial  0.45 0.18169 
Temporal 1.095 1.095 

 
 
The result of the analysis for the spatial and temporal pattern identification is presented in Figure: 5-21 
and 5-22,which inturn is believe to extracts components that reflects spatial and temporal 
manifestations of climatological and ecological processes captured by the multi-year time-series VCI 
data i.e. variation in drought pattern from 1999-2003 spatially as well as temporally. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

   Figure 5-21: Spatial IC’s Extracted from Three PC image #(S-Spatial) 
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It can be seen from the three generated output spatial estimated sources as shown in Figure 5-21, that 
IC 3 is having a large variation as compared with the other two independent component generated; 
considering its spatial extent and the features present within the subset region. Although Drought is 
found to be occurred very less in the central part of Karnataka within this time-period, certain 
variation could be observed, which might be possibly influence due to certain extreme phenomenon 
like Drought. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

   Figure 5-22: Temporal IC’s Extracted from Three PC image # (T –Temporal) 

 
On the other hand, the temporal component was extracted by using the same input three PC images. 
Here, a large variation and pattern in features could be visualized from each of the independent 
component generated. It was found that the 1st Independent component gives a distinct variation and 
highlight between various features present within the subset.   
 
To conclude, one of the main difficulties in analyzing and predicting for variation/changes in the 
image features content is the inability to plot each IC’s signal from each of the estimated source to see 
whether there is any abrupt changes in phase of IC’s signals which might help to identify the time 
course where certain drought might have happen in those time period under consideration.  
 

5.10. Validating SPI results with Govt. drought assessment report 

 
Govt. drought assessment report on Taluk basis was used for validating the results. Area (in 
percentage) affected by drought was given in the report. Interpolated SPI map having a grid size of 1 
km was overlaid with the taluk map of Karnataka. Drought affected area in each taluk was extracted 
out by using the zonal statistics from the SPI map. This, inturn gives the percentage of drought 
affected area in each of the affected taluk. Thenafter, SPI area under drought was plotted against Govt. 
area under drought, as shown in figure 5-23 and the correlation coefficient achieved was 0.89(positive 
correlation). 
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Figure 5-23: Validation of SPI results with govt. reports 

Hence, the results obtained were validated. 
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6. Conclusions and Recommendation 

Drought is a natural hazard that involves many factors, including meteorological and climatological 
parameters, having complex inter-relationships. Drought definitions vary from region to region and 
may depend upon the dominating perception, and the task for which it is defined. Identifying patterns 
of drought and finding its associations with various indices derived from conventional method and 
remote sensing techniques are becoming important for monitoring of this natural hazard. Dealing with 
a large volume of NDVI and rainfall dataset for a time-series of 35 year make the study not only 
complicated but make it difficult to analyze. 
This thesis addresses the need of analyzing and studying the pattern of drought using temporal NDVI 
rainfall datasets and its derived indices like VCI, SPI for time-series dataset.                                                                
 

• Rainfall varies spatially and temporally throughout the whole Karnataka. On analyzing the 
rainfall for all the 175 stations in the state from 1970-2004, it was found that there is a large 
variation in rainfall especially in the months corresponding to July- October in all the years. 
The minimum and maximum mean rainfall observed during this time period is about 28.10 
mm to 1489.11 mm, where it indicates a large variation in distribution of rainfall in all the 
stations. Highest rainfall was found to be occurred in the coastal areas and least rainfall in this 
time-period was seen in the central and southern Karnataka Plateau. 

 
• Occurrence of drought cannot be monitored by comparing the relative rainfall observed in 

various stations. To overcome these limitations, the use of SPI for drought monitoring was 
highlighted. SPI was computed at time-scale 1 and 2 for all stations. Further interpolation of 
SPI was carried out using various interpolation techniques in order to visualize it spatially. 
Among all the techniques i.e. Ordinary kriging, Co-kriging, Indicator kriging, Residual 
kriging, Thin plate spline, Completely regularized spline, Local Polynomial interpolation – 
using optimized weightage distance and Inverse Distance Weighting (IDW) using optimal 
power function; IDW proved to be best as it gave least error.  

 
• Given the probabilities distribution of SPI, it was concluded that SPI is an excellent means 

that gives indication of the drought characteristics like onset, severity, and spatial extent. 
Considering, the month of July, for all the years, 24 stations out of 175 observed stations were 
found to be more sensitive to drought. "Sindgi" was identified as one of the drought sensitive 
reference station. Through SPI, we can compare two different stations in different climatic 
regions regardless of the fact that they may have different normal rainfalls; because the 
rainfall is already normalized and compares the current rainfall with the average. The rainfall 
of two areas with different rainfall characteristics can be compared in terms of how badly they 
are experiencing drought conditions since the comparison is in terms of their normal rainfall. 
Hence, SPI is more efficient than rainfall in spatial analysis of drought.  
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• NOAA-AVHRR NDVI is found to be widely and extensively used for detection and 
monitoring of the drought phenomenon for almost all region of the world affected by drought 
effectively and efficiently. With the existence of such dataset, it becomes easy and effective to 
monitor such natural phenomenon. But, such datasets generally contains noise and artifacts 
introduced to the data by instrumental and data processing. So, in order to identify and remove 
such unwanted noise and signals from the data, filtering methods like Median filtering, BISE 
index and wavelet based de-noising were applied. Among all techniques, discrete meyer 
wavelet proved to most efficient. It was observed that at decomposition level-3, using discrete 
meyer wavelet it was possible to reconstruct the signal which resulted into a noise free 
smoothened NDVI data. 

 
• NDVI times-series was subjected to scale to Vegetation Condition Index (VCI) in order to 

estimate the vegetation health and monitored drought. To monitor drought effectively and for 
identification of false alarm region, drought identified with SPI were compared with that 
identified by VCI. This inturn helps in monitoring the drought effectively thereby eliminating 
the false drought detected area when the two indices were used independently. Hence, it was 
concluded that integration and analysis of drought identified areas from SPI and VCI, help in 
correctly identifying the region affected by drought.  

 
• It was observed that rainfall/SPI and NDVI generally have positive strong correlations in 

northern and southern Karnataka plateau but due to forest, wasteland landcover classes, the 
correlations were found to be negative in coastal Karnataka plateau. Seasonal/Lag effect 
which was considered as one of the cause for negative correlation was also considered for 
finding the correlations, still negative correlation was observed. 

 
• Data mining technique was successfully applied and through association rule it was possible 

to extract the temporal and spatial pattern of drought from 1981-2003 by identifying the 
relationship between climatological and meteorological data. Spatial pattern generated from 
the above clearly indicates the stations under drought whereas temporal pattern highlights the 
years in addition to each respective months experiencing drought. 

 
• Pre-processed VCI image sequence [40x40] of 1999-2003 by PCA technique, to reduce noise 

and data dimensionality, were analyzed by ICA technique where the input PCA image source 
is separated into its spatial and temporal component that help to capture the variability arising 
from independent component physical sources/estimated sources. Difference in Performance 
index were observed when the algorithm i.e.NG-FICA was executed two times and their 
observed performance index were 0.4266 and 1.6235. 
Temporally, 1st independent component generated from ICALAB gives a large temporal 
variation while spatially, 3rd Independent component gives a large variation within the subset 
area. Hence, ICA represents a useful tool for gaining insight into the dynamics of complex 
spatio-temporal processes. 
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• Validation of SPI detected drought area was made. Govt. Drought assessment report on Taluk 
basis was used for validating the results. From the analysis it was found that there was 0.89 
correlation i.e. highly correlated, achieved when plotting the Govt.area under drought with 
that of SPI area under drought. Hence, the results were validated. 

 
Future Recommendation: 
 
An algorithm which could determine both the reliability and performance index of each generated 
components, should be attempted to develop in order to generate an independent components (ICs) 
which are maximally independent from each other. Moreover, extension of the current developed ICA 
program used in this study, to assess the reliability and performance index of its estimated sources, 
will in turn give reliable results for spatio-temporal deconvolution for a long time series datasets like 
NOAA-AVHRR-NDVI. 
Hence, there is lot of research to be carried out in this emerging areas, focusing on it’s applicability to 
Image processing and remotely sensed satellite imagery, which  will reflect the independent signals 
from each source, thereby making it easy for analysing time-series dataset. 
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Appendix 1 

ICA program written in Matlab 
clc; 
clear all; 
X1 = IMREAD('pca1','tif'); % To read other images just change the name of 
the name of file here 
Y1 = double(X1); 
M = size(Y1); 
SIZE = M; 
M = M(1,1); 
N = 1024; % considering 1024 points one can change it. 
[U, D,V] = svd(Y1); 
 
% Make new mixing matrix. 
A=randn(M,M); 
% Combine sources into vector variable s. 
X1 = double(X1); 
S = [X1]; 
% Make M mixures x from M source signals s. 
X = S*A; 
 
% Initialise unmixing matrix W to identity matrix. 
W = eye(M,M); 
 
% Initialise y, the estimated source signals. 
Y = X*W; 
maxiter=100;  % [100] Maximum number of iterations. One can increase the 
number of iterations 
eta=1;  % [0.25] Step size for gradient ascent. 
 
% Make array hs to store values of function and gradient magnitude. 
hs=zeros(maxiter,1); 
gs=zeros(maxiter,1); 
 
% Begin gradient ascent on h ... 
for iter=1:maxiter 
 % Get estimated source signals, y. 
 y = X*W; % wt vec in col of W.  
 % Get estimated maximum entropy signals Y=cdf(y). 
 Y = tanh(Y); 
 % Find value of function h.  
 h = log(abs(det(W))) + sum( log(eps+1-Y(:).^2) )/N; 
 detW = abs(det(W)); 
 h = ( (1/N)*sum(sum(Y)) + 0.5*log(detW) ); 
 % Find matrix of gradients @h/@W_ji ... 
 g = inv(W') - (2/N)*X'*Y; 
 % Update W to increase h ...  
 W = W + eta*g; 
 % Record h and magnitude of gradient ... 
 hs(iter)=h; gs(iter)=norm(g(:)); 
end; 
Y_Spatial = Y; 
Y_Temporal = Y'; 
 
% here to know the spatial component of the image  
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       % each column of the Y_Spatial would represent the spatial component 
of the image. 
       % Use plot(Y_Spatial(:,1);.........plot(:,SIZE(2,2); to give the 
       % total number of spatial components. 
% here to know the temporal components  
% each column of the Y_Temporal would represent the temporal component of 
the image. 
       % Use plot(Y_Temporal(:,1);.........plot(:,SIZE(1,1); to give the 
       % total number of temporal components. 
 Image = U * D * V'; % Actual image 
% back image from satial component        
SpatialImage = Y_Spatial * inv(W) * (V * D.^0.5)'; 
%imagesc(SpatialImage); 
% back image from temporal component 
Temporal_Image = Y_Temporal * inv(W) * (U * D.^0.5)'; 
%imagesc(Temporal_Image); 
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Appendix 2 

Independent Component Analysis (ICA) 

 
 
 


