
 
 
 
 
 

Mapping malaria vector habitats  
in the dry season in Bangladesh  

using Spot imagery 
 
 
 
 

Md. Ubydul Haque 
 
 
 
 
 
 

Master’s of Science Thesis in Geoinformatics 
TRITA-GIT EX 07-009 

 
School of Architecture and the Built Environment 

Royal Institute of Technology (KTH) 
100 44 Stockholm, Sweden 

 
May 2007 

 
 

 
 
 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 i

Acknowledgement 
 
 
Firstly I would like to express my gratitude to my supervisor Dr. Hans Hauska, Division of 
Geoinformatics, School of Architecture and Built Environment, Royal Institute of 
Technology, Stockholm, Sweden for his guidance. I’m really grateful for the SPOT-5 data 
that he arranged for my Master’s thesis. 
 
I would like to express my gratitude and thanks to Kazi Ishtiaq for his valuable suggestions in 
different stages of my thesis. I’m grateful to LGED and Bangladesh Meteorological 
Department for ground truth data and climatic data. I also express my gratitude to ICDDR,B’s 
scientists for providing malaria positive data, ground truth data and valuable suggestions.  
 
Last but not least, I’m really grateful and acknowledge the contribution of SPOT Image, 
France for providing this highly expensive data free of cost. Without this data, it would have 
quite impossible to carry out this thesis.  
 
 
Stockholm, Sweden, May 2007 
Ubydul Haque 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 



 ii

Abstract 
 
 
Malaria is a major disease burden in the southeast part (Rangamati, Khagracharia and 
Bandarban) of Bangladesh. This study uses satellite based data obtained from SPOT-5 for 
investigating association between land cover patterns and malaria incidences in an area of that 
part of Bangladesh. Climatic conditions were also examined to determine its influence on 
mosquito breeding and malaria incidences. Unsupervised classification was performed using 
ground-truth data to classify the land cover patterns of the area; and NDVI of the area was 
computed. Overall accuracies of 89.9%, 87.9% and 89.5% were achieved in Kuhalong, 
Shuloka and Bandarban respectively. These data sets were used to predict risk for malaria 
utilizing statistical tools of the SPSS software. Factor analysis was carried out to investigate 
relationship between land cover patterns and malaria cases in the different subunits (called 
unions) of the study area. Malaria cases were not evenly distributed among the unions. In 
Kuhalong union, there were more malaria cases compared to the other unions, Shuloka and 
Bandarban. Kuhalong is covered with more water bodies than that in the other two unions. 
The results of the analysis illustrate malaria cases are correlated with land cover like water, 
light forest, and agricultural land; and are also associated with average humidity and average 
NDVI. 
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Chapter 1: Introduction 
 

1.1 Background  
 
Malaria is a vector-borne infectious disease that is widespread in tropical and subtropical 
regions. It is the most common infectious disease in the world. Vector borne diseases such as 
malaria are highly influenced by spatial and temporal changes in the environment. Malaria is 
a protozoa disease transmitted by the Anopheles mosquito. There are four species of the genus 
Plasmodium: Plasmodium falciparum, Plasmodium Vivax, Plasmodium Malariae and 
Plasmodium Ovale. Every year nearly 350-500 million clinical disease episodes are caused by 
malaria parasites and 3.2 billion people in the world are living under the risk of malaria. 
(WHO, 2005). 
 
Although malaria is a global concern, it has received relatively little attention in Bangladesh 
where more than 13 million people live in areas that are hyper-endemic for drug-resistant P. 
falciparum malaria, more than in many African countries (Source: ICDDR, B). It is a major 
health burden in the Chittagong hill tracts, the mountainous south-eastern region of 
Bangladesh. The official number of confirmed malaria cases reported from Bangladesh is 
56,879 with more than 500 confirmed deaths occurring due to malaria annually. However, the 
number of unreported and clinically diagnosed malaria cases is estimated to range somewhere 
between 400,000 and 1 million, with Plasmodium falciparum as the dominant species (70% of 
all cases). WHO concludes that the malaria situation in Bangladesh is worsening, particularly 
in the hilly and forested areas in the Hill Tract Districts of the South-eastern part of 
Bangladesh (WHO, 2005).  
 
Many factors other than climate, such as land-use, migration of people and failure of water 
management influence the emergence of malaria. An increasing number of health studies have 
used remotely sensed data for monitoring, surveillance, or risk mapping, particularly of 
vector-borne diseases like malaria. Epidemiological data of malaria cases were correlated 
with satellite-based vegetation health indices to investigate if they can be used as proxy for 
monitoring malaria epidemics in Bangladesh (Rahman et. al. 2006). The combined use of GIS 
and remote sensing provides a strong tool for monitoring environmental conditions that are 
conducive to malaria and mapping the disease risk to human populations (Kaya et. al. 2002). 
GIS, GPS, remote sensing, and spatial statistics are tools to analyse and integrate the spatial 
component of vector-borne disease epidemiology into research, surveillance, and control 
programs. An increase in earth surface changes, especially deforestation, is also responsible 
for malaria transmission. It has already been proven that malaria risk is increasing because of 
deforestation in Africa and the Americas (Guerra et. al. 2006). 
 
A yearlong study was conducted to examine the impact of tropical rain-forest destruction on 
malaria in the Peruvian Amazon. It was found that deforestation increases the number of 
primary malaria vectors. Deforested sites had a biting rate that was more than 278 times 
higher than the rate determined for areas that were predominantly forested (Vittor et. al. 
2006). Research released in Proceedings of the National Academy of Sciences indicates that 
‘forest clearing around settlements in the Brazilian Amazon increases the short-term risk of 
malaria by creating areas of standing water in which mosquitoes can lay their eggs’ (Butler 
2006). 
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1.2 Objectives 
 

The objective of this study is to use satellite data (SPOT-5, February 2003) to investigate 
which type of land area is suitable for the breeding of malaria vectors. We also want to 
include the climatic information for this time, because climatic information is important for 
mosquito activity and malaria epidemiology. This will also give preliminary ideas to scientists 
about forest, land cover, environmental variables and disease. 

 
The specific objectives are 

1. To study the relationship between malaria incidence and NDVI and land cover. 
2. To investigate the potential of SPOT-5 imagery to study the risk of malaria spreading 

on different types of land surfaces.  
 
1.3 Organization of the thesis 
 
This thesis is organised in six chapters. Chapter one provides research background. Chapter 
two provides a literature review of application of RS/GIS technology to the study and control 
of malaria, including the importance of climate, NDVI, deforestation and land cover in the 
transmission of malaria. Chapter three provides climate data, malaria incidence and study 
area. Chapter four describes methodology. Chapter five describes analysis, result and 
discussion and finally chapter six describes conclusion.  
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Chapter 2: Literature Review 
 
Malaria is a mosquito-borne disease caused by a parasite. The geographic distribution of 
malaria depends mainly on climatic factors such as temperature, humidity, and rainfall. It is 
transmitted in tropical and subtropical areas. Malaria is responsible for over 300 to 500 
million clinical cases and more than one million deaths each year. Approximately 20% of the 
world population are living under risk of malaria, mainly in tropical areas and in the poorest 
countries of the world. (CDC report, 2007). Scientists have observed significant correlations 
between malaria epidemics and seasonally warm semi-arid and highland areas. The life cycle 
of Plasmodium as well as that of the Anopheles mosquito depends on temperature. Several 
tools, such as, GIS, GPS, remote sensing and spatial statistics were used for malaria 
surveillance and malaria control programs.  
 
2.1 Using RS/GIS technology to study and control of malaria 
 
In 1971, NASA scientists first identified larva habitat sites using CIR photography. Manually 
they identified forest coverage, open wetlands, marshy lands and residential areas from CIR 
photography and, by calculating mosquito flight range from settlements, produced a risk map 
for malaria control.  
 
Pope et al. (1992) used Landsat TM imagery over the Pacific coastal plain of Chiapas, Mexico 
and by integrating GIS, RS and field research tried to predict Anopheles mosquito population 
dynamics. TM proved it’s usefulness by identifying Anopheles larva habitat sites in California 
(Wood et al. 1992) and mapping rift valley fever vectors in Kenya, East Africa (Pope et al. 
1992). The first step was an automatic classification using a K-means clustering algorithm in 
their methodology. The second step was an interactive process of grouping the K-means 
classes into land cover units using aerial photography and field data. In that study, they 
classified TM image and identified roads, water and vegetation. They also colour coded the 
homogeneous vegetation types and water bodies on classified TM images. They sampled 131 
larval habitats in the coastal plain and adjacent foothill regions during February, May, and 
September 1988, and November 1989 (wet and dry season). Their study result revealed that 
habitat types were divided in low, medium and high larva producing groups.  
 
Many disease vectors cannot be observed directly. For example, multispectral or SAR 
imagery cannot be used to observe mosquitoes directly but can be used to identify flooded 
pastures which are potential mosquito breeding sites. Wood et al. (1992) identified high 
mosquito producing fields in California using GIS and Landsat TM imagery. They also 
detected the reflectance of canopy growth in early season and correlated with Anopheles larva 
density. Distances between rice fields and source of blood meal for mosquitoes, i.e. pastures 
with livestock, were measured using GIS. Their study result revealed that rice fields situated 
very close near pastures had more larva production compare with rice fields far from pastures.  
 
Glass et al. (1992) estimated precipitation at 28 Hantavirus Pulmonary Syndrome (HPS) and 
170 control sites during the springs of 1992 and 1993. They selected three Landsat TM 
images recorded in mid-June 1992 for analysis. The images were imported into a raster-based 
GIS for geographic registration. Elevation was derived from the USGS digital elevation 
models. Risk for malaria is associated with elevation and environmental conditions.  
  
In studies of the potential of NOAA-AVHRR data to predict malaria risk in Gambia, 
significant relationships between NOAA-AVHRR data and malaria incidences proved the 
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potential of NOAA-AVHRR data (Hay et al., 1998). Gunawardena et al. (1998) carried out 
another study in southern Sri Lanka. They used GIS technology to understand the spatial 
distribution of houses and incidence rates. In that study, GIS was used to generate the nearest 
distance between houses, water bodies and forest edges, and to create a buffer zone around 
water bodies. Finally, the findings were used to estimate the impact of malaria risk reducing 
interventions. 
 
In order to identify the environmental risk factors associated with malaria risk, a study was 
carried out by Kaya et al. (2001) in coastal Kenya. In that study images were processed, geo-
corrected, registered, filtered and enhanced before classification. Texture analysis was also 
carried out on the original images. The resulting classification was assessed at 85.5% overall 
accuracy. Classified polygons were extracted as GIS layers for use in the malaria risk map 
generation procedure. Risk areas were identified based on the highest mosquito flight carrying 
capacity from breeding sites. Wetlands were considered suitable for larva breeding sites and a 
two-kilometre buffer zone was created around mosquito breeding sites. With that information 
a risk map was generated that showed which settlements were situated very close and within 
the buffer zones. That study demonstrated the potential of using SAR images for 
identification of land cover types that may be associated with malaria carrying mosquito 
breeding. 
 
2.2 Using NDVI to study malaria 
 
NDVI is a reliable indicator of rainfall. Particularly, NDVI can be used as indicator for an 
early warning system for malaria (Hay et al., 1992). In order to predict malaria infection in 
Gambian children, malaria morbidity survey from 65 villages from 5 ecologically different 
areas of Gambia was carried out at the end of 1992. Thomson et al. (1992) collected NOAA-
AVHRR image in 1992, 1993 and in 1995 to produce NDVI. Its temporal and spatial 
resolution was 10 days and 1.1 km respectively. These data were taken from the National 
Aeronautics and Space Administration (NASA) PATHFINDER 1 km project. In that study, a 
logistic regression model was used to estimate the probability of the presence of malaria 
parasites in each child as a function of NDVI. NDVI was positively correlated with the 
presence of parasites (nominal<0.001).  
 
In order to evaluate the risk of Schistosomiasis, one study was carried out (Bavia et al., 1994) 
in Brazil. Images were created to produce maps of average values between 0 and +1 of the 
normalized difference vegetation index (NDVI). For each municipality, NDVI was calculated 
for a 3*3 pixel (9 km2 area) grid and analysed for relationships to prevalence of 
Schistosomiasis. Remote sensing and GIS were used to determine biophysical conditions of 
an area, such as, land cover and moisture patterns that favor vector-borne disease habitats. In 
that study six pairs of images were collected from NOAA-AVHRR environmental satellites to 
investigate any type of association between prevalence of Schistosomiasis and NDVI. 
Spearman correlation analysis revealed that prevalence rates were directly related to NDVI 
and population density.   
 
Thompson et al. (2003) developed a risk mapping of Visceral Leishmaniasis in Sudan during 
the period 1996 to 2000 and found that distance from the river, topography, rainfall and 
minimum NDVI are the main environmental variables which are independently associated 
with the distribution and incidence of VL. Univariate correlation analysis was used to 
investigate the relationships between environmental variables and disease. In order to identify 
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the predictor variables, stepwise multivariate analysis was done by binary logistic and linear 
regression in case of presence or incidence of VL.  
 
In order to predict the malaria seasons in Kenya using multi-temporal meteorological satellite 
image data, a study was carried out by Snow et al. (1997). The application of remote sensing 
techniques to malaria control has so far been focused on the identification of mosquito 
habitats. Snow et al. (1997) calculated NDVI and adjusted coefficients of environmental 
variables in three study sites. The strongest correlations were found between malaria 
admissions and NDVI.  
 
In order to detect the areas in which malaria was endemic, Nihei et al. (1998) studied in the 
Indochina Peninsula. They created a database containing country name, the total reported 
malaria cases in 1998, the malaria incidence rate per 1000 population, malaria mortality per 
100000 population and Vivax malaria and falciparum malaria incidence attributes for the 
Indochina Peninsula. They also produced monthly distribution maps with NDVI value.  Their 
study result proved that the larger the NDVI value the greater the vegetation activity level. 
Overlaying the maps of vegetation index, falciparum and vivax indices showed that when 
NDVI value was 0.3+ or 0.4+, the incidence rate was also higher.  
 
Epidemics in western Kenya occur at elevations between 1500-2200 meters above sea level 
where the average daily temperatures vary within 18-22 degree Celsius. Topographically, 
these areas consist of river valleys, hills and plateaus. In a study to predict malaria epidemics 
in the Kenyan highlands, Githeko et al. (2000) observed remotely sensed data and concluded 
that the normalized difference vegetation index has the potential for predicting malaria 
transmission in Kenya.  
 

Epidemiological data of malaria cases were also correlated with satellite-based vegetation 
health (VH) indices to investigate if they can be used as proxy for monitoring malaria 
epidemics in Bangladesh. The VCI (vegetation condition index) and TCI (Temperature 
condition index) estimated moisture and thermal conditions, respectively. The weather 
parameters are important for mosquito breeding and malaria epidemiology. Satellite data were 
collected from NOAA afternoon polar orbiting satellites. They were collected from the 
NOAA-AVHRR. The Global Vegetation Index (GVI) has a spatial resolution of 4 km 
sampled to 16 km and a temporal resolution of seven days. The result indicates that large 
numbers of malaria cases were associated with cooler conditions (TCI>60). During drought 
years, when vegetation is under stress (TCI>60), fewer people had malaria (Rahman et al. 
2006). 
 
2.3 Deforestation and malaria 
 
Accurate land cover/land use maps can be generated from multispectral imagery using 
supervised classification. Nualchawee et al. (1995) conducted an epidemiological and 
ecological study to determine the correlation between various factors contributing to malaria 
transmission in Thailand in 1995. LANDSAT TM image of February 1995 has been classified 
to produce a land use map. Land cover changes between 1985, 1990 and 1995 were analyzed 
using geographic information system. The results showed that there were changes in the 
incidence of malaria transmission and vegetation covers between 1985, 1990 and 1995 in the 
study area.  
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Working in the Peruvian Amazon, a team of researchers (Basu et al, 2006) from the 
University of Wisconsin-Madison and Johns Hopkins University found that malaria-inducing 
mosquitoes are likely to bite humans more than 200 times more often in clear-cut areas 
compared with forest covered areas. According to Basu et al. (2006) this study is “one of the 
most detailed quantitative field studies in the Amazon that directly addresses the potential link 
between deforestation and malaria.” 

 
2.4 Importance of Land use / Land cover classification in case of malaria study 
 
Beck et al. (1997) demonstrated how landscape elements can be used to predict mosquito 
availability and subsequently malaria outbreaks in Mexico. Land cover maps were produced 
from Landsat imagery to identify different classes of land. Land type was then correlated   
with malaria incidence to identify the landscape elements that are most suitable for mosquito 
breeding.  
 
Research was carried out by Bian et al. (2003) in the Kenyan highlands to understand 
mosquito larval habitats. Remote sensing images were classified for land cover types using a 
supervised classification method. A total of seven land cover classes were used: farmland, 
pasture, natural swamp, forest, river/stream, road and suburbs. DEM was used to investigate 
topographic parameters that can be related with mosquito larva habitat sites such as elevation, 
wetness index, and distance from stream, land surface and curvature. Three types of remote 
sensing images were used to determine the factors suitable for mosquito breeding and vectors. 
They used Landsat TM images in Southern Chiapas, Mexico, and their study results revealed 
that transitional swamps and unmanaged pastures were the most suitable land types for 
mosquito larva breeding. Logistic regression analysis was used to determine the important 
topographic features. The dependent variable was presence or absence of aquatic habitats. The 
independent variables were five topographic parameters derived from DEM: elevation, 
wetness index, flow distance to stream, aspect of land surface and curvature. Bian et al. 
(2003) divided land into grid cells and investigated the existence of aquatic habitat sites. They 
used stepwise logistic regression analysis on topographic parameters and land cover variables. 
Maps were generated using the map calculator function in the ArcGIS software. A Chi-square 
test was used to check the misclassification rate among three remote sensing data types, where 
some land cover types were significantly more suitable for aquatic habitats and Anopheles 
positive habitats than expected based on size of the area. Misclassification rate of land cover 
types was 10.8% in Ikonos imagery, 22.2% in panchromatic aerial photos and 39.2% in 
Landsat TM images. Aquatic habitats were identified 40.6%, 10.6% and 0% in Ikonos image, 
aerial photos and Landsat TM image respectively.  
 
To see the spatial distribution of Plasmodium Vivax in Afghanistan a study was carried out by 
Broker et al. (2005). Afghanistan is divided into four ecologic zones on the basis of 
differences in elevation, temperature and land cover type. Epidemiologic data were obtained 
from a nation wide survey of 269 villages. They used logistic regression analysis to 
investigate the relationship between environmental variables and the probability of 
transmission. No transmission occurred in those villages higher than 2000 meter above sea 
level because of variation of temperature. Prevalence rate was higher in river valleys and no 
transmission occurred in settlements farther than 10 km away from rivers. 
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2.5 Climatic information and malaria 
 
Rainfall in tropical areas creates an opportunity for anopheles mosquitoes to lay eggs, which 
can reach adulthood. 9-12 days are needed for that process. The minimum temperature for 
mosquito development is between 8-10°C, optimum temperature for mosquitoes are 25-27°C, 
and the maximum temperature for both vectors and parasites is 40°C.   (CDC, 2007).  
The anopheles mosquito transmits the causative agent, plasmodium species, when the 
environmental parameters (such as water availability, temperature and humidity) permit. In 
many parts of the world where temperature is not a limiting factor, seasonal malaria 
transmission takes place during peak rainfall periods (Muir, 1988). It is already established 
that vector abundance, distribution and pattern of vector behaviours changes because of 
climate change.  
 
In order to develop malaria early warnings based on seasonal climate forecasts in Botswana, 
research was carried out in 1996. Malaria incidence data, precipitation data, DEMETER 
(Development of European Multi-Model Ensemble System for Seasonal to Interannual 
Climate Prediction) climate predictions were used for probability forecasts. Study result 
revealed that high incidence malaria years were associated with above average precipitation, 
while the lowest malaria years were associated with below average precipitation (Thomson et 
al., 2006).  
 
To understand climate change and its relation to vector borne disease a review was carried out 
by Githeko et al. (2000) on the whole world. Literature suggests inter-annual and inter-
decadal climate variability has a direct influence on vector-borne disease epidemics.  
Broker et al. (2001) studied to see the spatial distributions of Helminth (one type of parasites) 
in Cameroon. They collected epidemiological and population data. Land surface temperature 
was derived from NOAA-AVHRR. They used a Logistic regression model to identify 
significant environmental variables which affect the transmission of infection. The variables 
used in the regression analysis were mean, minimum and maximum land surface temperature; 
total annual rainfall and altitude. The result revealed that maximum temperature was an 
important variable in determining Helminth distribution.   
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Chapter 3: Study Area and Data Description 
 
3.1 Overview of the Study Area  

The study area of Bandarban consists of 265.13 sq km, situated between 21º 55’ and 22º 22’ 
north latitudes, and between 92º 06' and 92 º 20’ east longitudes in Bangladesh. Bandarban 
has a humid tropical climate and is mostly made up of hill ranges that provide an excellent 
breeding ground for malaria vector. A major part of the union consists of low hills covered by 
forest.  There are a few rivers and cascades. Sangu is the main river. Bandarban upazilla was 
established in 1923 and was turned into a thana in 1983. It consists of 5 union parishads, 63 
mouzas and 199 villages. The literacy rate among the town people is 56.8%. In 2003, its total 
population was 56361. The tribes that live in the study area are Murma, Khiang, Murong, 
Tripura, Tonchongya, Bom, Lusai, Pangkho, Chakma, Khumi and Chak.  

The soil type is characterized with low fertility. The texture of the non-alluvial soils and some 
of the alluvial soils are coarse. About 67% of the soil of total area is silt-clay-loam. The 
region is hilly and is covered by dense bamboo, trees, and bushes. Depending on topography, 
soil and climate those areas can be categorized as i) Tropical wet evergreen forests and ii) 
Tropical semi-evergreen forests. The parallel hills extend from north to south. (Source: 
Banglapedia, 2007) 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.1: Study area in Bangladesh 
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3.2 Data Description 
 
Table 3.1: Data Description and application in this study 
  
Data Source Application in the study 
SPOT-5 SPOT Image, France Land classification and NDVI 

computation. 
Rainfall, 
Temperature and 
Humidity 

Bangladesh Meteorological 
Department 
 

Used as a reference.  

Malaria incidence ICDDR, B To investigate relationships with land 
cover types and NDVI with malaria 
positive. 

GPS readings ICDDR, B References for accuracy evaluation. 
Land use map LGED References for accuracy evaluation. 
 

 
Figure 3.2: Settlement map in the study area collected from Local Government and 
Engineering Department in Bangladesh 
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3.2.1 SPOT-5 
 
Acquisition date of SPOT-5 was 02.20.2003, GRS reference (K/J) 242/305, spectral mode 10 
meter colour, projection unit meter, coordinate system in WGS-84 and it was processed to 
level 2A. In this image, there were green, red, near infrared and middle infrared.  
 
Table 3.2: The Spot 5 spectral bands are the followings 
 
Band Spectral range    

(µm) 
Spatial 

resolution (m) 
B1 (Green) .50 - .59 10 
B2 (Red) .61 - .68 10 
B3 (Near IR) .79 - .89 10 
SWIR (MIR) 1.58 - 1.75 10 

 
From table 3.3 we can see that during February 2003 rainfall was 2.5 milimeter, minimum 
temperature was 19.9 degree celcius, maximum temperature was 30.3 degree celcius and 
humidity in air was 70% 
 
Table 3.3: Climatic information’s of February, 2003 over the study area 
 

Area Rainfall 
(mm) 

Minimum temperature 
(Degree Celcius) 

Maximum temperature 
(Degree Celcius) 

Humidity 

Bandarban 2.5  19.9 30.3 70% 
Kuhalong 2.5 19.9 30.3 70% 
Shuloka 2.5 19.9 30.3 70% 

 
* There are no meteorological stations in all unions. We got data on Bandarban district and 
considered the same data for every union. 
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Chapter 4: Methodology 
 
The thesis work was done according to the following procedure 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.1: Flowchart of Methodology 
 
 
 
4.1 Land use and Land-cover classification scheme 
 
Humans can define land use as the use of land, usually with emphasis on the functional role of 
land in economic activities. Land Use and Land Cover (LULC) data consist of historical land 
use and land cover classification data that was based primarily on the manual interpretation of 
1970's and 1980's aerial photography. There are 21 possible land cover types (Source: USGS). 
Preparation of a land use map from aerial imagery is in essence a process of segmenting the 
image into a mosaic of parcels, with each parcel assigned to a land use class (Campbell, 
2003).  Land cover is important for planning and management activities, and is considered an 
essential element for understanding land use. Recently satellite images have been utilized for 
land use/land cover mapping (Jensen, 2004).  
 

Image pre-processing 

Image subset 

Image classification 
(Unsupervised classification) 

NDVI computation 

Post classification analysis  
(Aggregation) 

Accuracy assesment 

Statistical analysis 
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Based on the review of existing literature and considered the importance of land cover types, 
unsupervised classification was conducted on SPOT-5 image to identify light forest, dense 
forest, water body, marshy land, agriculture and others land use classes that were considered 
to be of interest. For this study SPOT-5 image was collected over the study area from SPOT 
image, France. This image was geometrically corrected and it was cloud free too.  
 
4.2 Image pre-processing 
 
4.2.1 Image subset 
 
SPOT-5 images are 60*60 km in size. But our study area is not so big and it was subset. It 
was clipped based on a particular shape outlined by a vector layer of the study area. 
 
 4.3 Image classification 
 
Image classification is generally used for land use/land cover mapping. In digital image 
processing, each pixel is treated as an individual unit composed of values in several bands. In 
our study by comparing pixels to one another, we have assembled groups of similar pixels 
into classes for land cover mapping from remotely sensed data (Lillesand, 2005).  The overall 
objective of image classification procedures is to automatically categorize all pixels in an 
image into land cover classes. There is supervised and unsupervised classification. Here 
unsupervised classification has been used. 
 
4.3.1 Unsupervised classification 
 
Unsupervised classification is used to cluster pixels in a data set based on statistics only, 
without any user-defined training classes. In unsupervised classification, any individual pixel 
is compared to each discrete cluster to see which one it is closest to. Although the method 
requires no user input to create the classified image, the output tends to require a great deal of 
post classification operations to make the result more meaningful. A main advantage of 
unsupervised classification is that we do not need previous knowledge of the image in order to 
get a classified image. Image signatures are derived based on image statistics (Lillesand, 
2005).    
 
4.3.2 K-Means Classifier 
 
The K-Means classifier uses a cluster analysis approach that requires selection of clusters 
from the data. This algorithm generates initial cluster centers and iteratively assigns all data 
points to its closest center. The iteration process stops when less than pre-selected number of 
points does not change its assigned cluster center. There is no implementation of a routine to 
indicate what the “right” number of clusters should be in this classification procedure. It is 
highly dependent on the assessment of the number of classes desired at the end of 
classification (Lillesand, 2005).  We have used the k-means clustering algorithm, which 
defines image classes by determining the optimal partitioning of the data distribution into a 
specified number of subdivisions. Here we have taken maximum 12 classes for every area.  
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4.4 Post Classification 
 
4.4.1 Aggregation 
 
Image classifiers do not always provide the desired level of accuracy. As a result, a clean-up 
is often necessary after a classification. Aggregation is such a post classification method and a 
process of combining classes in order to create a new aggregate class. A maximum of 255 
classes can be reassigned in a single session (PCI Geomatica, version 10). Aggregation is 
generally performed on the results of an unsupervised classification. With the help of 
reference data or knowledge of the scene, the analyst aggregates the spectral clusters into 
meaningful thematic classes. After accepting eleven classes from the K-Means algorithm, 
those were dissolved into six classes for the interest of this study.  
 
4.4.2 Accuracy assessment 
 
Assessing the accuracy of a classification is one of the most important steps in the process. 
Accuracy is crucial for any mapping project developed from satellite imagery. Comparing a 
sample of the map data with actual ground conditions, by generating an error matrix 
traditionally assesses the accuracy of remotely sensed maps. This approach is useful for 
statistically measuring the results (Lillesand, 2005). After aggregation, accuracy assessment 
was done for all areas separately.   
 
The Confusion matrix was created for understanding accuracy. The Confusion matrix 
compares known reference data with the corresponding results of an automated classification. 
This matrix has equal number of rows and columns. The overall accuracy was computed by 
dividing the total number of correctly classified pixels by the total number of reference pixels. 
Producer’s accuracy was computed by dividing the total number of correctly classified pixels 
in each category by the number of training set pixels used for that category. User’s accuracy 
was computed by dividing the number of correctly classified pixels in each category by the 
total number of pixels that has been classified in that category (Lillesand, 2005).  
 
4.5 NDVI computations 
 
The Normalized Difference Vegetation Index (NDVI) is a simple numerical indicator that can 
be used to analyze remote sensing data, from a space platform and assess whether the target 
being observed contains live green vegetation or not. The NDVI is an important vegetation 
index because seasonal and inter-annual changes in vegetation growth and activity can be 
monitored (Lillesand, 2005). 

NDVI was calculated using the following formula (Rouse et al. 1974): 

NDVI=
RIR
R-IR

+
  

 
4.6 Statistical analysis  
 
After processing land cover maps (calculate areas occupied by land cover types) and NDVI 
computation, data was analyzed with malaria positive cases in SPSS software. Factor analysis 
was chosen to investigate if there is any relationship between land cover classes and malaria 
positive cases among different areas of the study area. Malaria positive cases are not equally 
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distributed among Bandarban, Kuhalong and Shuloka unions. There were big differences 
between observed and expected cases. 
 
Factor analysis is a method of data reduction and is used to identify underlying variables or 
factors that explain the pattern of correlations within a set of observed variables. Factor 
analysis generates a table in which the rows are the observed raw indicator variables and the 
columns are the factors or latent variables which explain as much of the variance in these 
variables as possible. The cells in this table are factor loadings, and the meaning of the factors 
must be induced from seeing which variables are most heavily loaded on which factors. There 
are many different methods that can be used to conduct a factor analysis (such as principal 
component analysis, maximum likelihood, generalized least squares etc). Eigenvalues are the 
variances of the factors.  PCA can be used for data reduction, but it can also be used to rotate 
the initial coordinate system in the data and to investigate the information content. It is not 
only used in research. There are also many different types of rotations that can be done after 
the initial extraction of factors, including varimax and equimax. Among them Varimax 
rotation is an orthogonal rotation of the factor axes to maximize the variance of the squared 
loadings of a factor (column) on all the variables (rows) in a factor matrix, which has the 
effect of differentiating the original variables by extracted factor. Each factor will tend to have 
either large or small loadings of any particular variable. A varimax solution yields results 
which make it as easy as possible to identify each variable with a single factor. This is the 
most common rotation option (SPSS10, 2000).  
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Chapter 5: Results and Discussions 
 
5.1 Land use and Land cover classification   
 
From the following table 5.1 we can see that in Bandarban union the total area is 106.85 sq 
km and water covers 16.05 square kilometer  in light forest, 27.46 square kilometer in 
agricultural land, 41.85 square kilometer in dense forest, 17.36 square kilometer in others 
land. Overall accuracy in Bandarban union is 85.71%. In Kuhalong union water covers 1.94 
square kilometer, light forest 12.53 square kilometer, agricultural land 21.51 square kilometer, 
dense forest 20.67 square kilometer and others occupied 24.26 square kilometer land. Overall 
Accuracy in Kuhalong is 86.60%. In Shuloka union water covers 1.20 square kilometer, light 
forest 9.91 square kilometer, agricultural land 13.21 square kilometer, dense forest 26.04 
square kilometer and others occupied 18.48 square kilometer land.    
 
Table 5.1: Land covered area in the study area 
 
Area (in Sq. km) Water Marshy 

land  
Light 
forest 

Dense 
forest 

Agriculture Others 

Bandarban  1.82 2.29 16.05 41.85 27.46 17.36 
Khualong 1.94 4.26 12.53 20.67 21.51 24.26 
Shulaka 1.20 4.21 9.91 26.04 13.21 18.48 

 
From table 5.2 we can see that there are large differences between observed and expected 
malaria positive cases in Kuhalong and Shuloka union compared with Bandarban union. It is 
clear that malaria positives are not equally distributed in all unions. For example, in 
Bandarban, there are 38421 people and 72 malaria positive cases. If we consider Bandarban 
as reference there should be 19 malaria positives in Kuhalong but there are 45 malaria 
positives which is almost two times higher and statistically significant compared with other 
unions. At the same time the expected number of malaria positives should be 15 in Shuloka 
compared with Bandarban, but the observed cases were 20.   
 
Table 5.2: Malaria Incidence in the study area 
 
Area Population Malaria positive Incidence 

(per 1000) 
RR (95% CI) p 

Bandarban  38421 72 1.8 Ref - 
Khualong 9972 45 4.5 2.4 (1.6-3.8) <0.001 
Shulaka 7968 20 2.5 1.8 (1.04-3.16) 0.22 
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Figure 5.1: Classified map of Shuloka, legend see figure 5.3 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.2: Classified map of Kuhalong, legend see figure 5.3               
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   Figure 5.3: Classified map of Bandarban union                                                     Legend 
 
 
 
 
 
 
Table 5.3 is a confusion matrix prepared to determine how well the classifier has categorized 
a representative subset of pixels using unsupervised classification. To create the classification 
k-means classifier was used. There are 66 pixels in water, 44 in marsh land, 59 in light forest, 
64 in dense forest, 43 in agriculture and 48 in others. With 95% confidence interval, the 
overall accuracy is 85.71%, overall Kappa statistic is 0.82% and overall Kappa variance is 
0.00%.  
 
Table 5.3 Confusion matrix resulting from classifying training set pixels for Bandarban 
union 
 
Name Water Marshy land Light 

forest 
Dense 
forest 

Agriculture Others 

Water 66 0 0 0 0 2 
Marshy land 2 44 1 0 0 2 
Light forest 0 0 59 6 3 0 
Dense forest 6 4 2 64 4 4 
Agriculture 0 0 2 3 43 0 
Others 5 4 1 2 1 48 

 
Overall Accuracy       : 85.71%    95% Confidence Interval ( 82.05%   89.37%) 
Overall Kappa Statistic:  0.82%    Overall Kappa Variance :  0.00% 
 



 

 18

Table 5.4 is a confusion matrix prepared to determine how well the classifier has categorized 
a representative subset of pixels using unsupervised classification. To create the classification 
k-means classifier was used. There are 50 pixels in water, 56 in marsh land, 61 in light forest, 
50 in dense forest, 56 in agriculture and 76 in others. With 95% confidence interval, the 
overall accuracy is 86.60%, overall Kappa statistic is 0.83% and overall Kappa variance is 
0.00%.  
 
Table 5.4 Confusion matrix resulting from classifying training set pixels for Kuhalong 
union 
 
Name Water Marshy land Light 

forest 
Dense 
forest 

Agriculture Others

Water 50 2 2 3 0 3 
Marshy land 0 56 0 0 1 0 
Light forest 0 0 61 0 0 1 
Dense forest 6 3 2 50 4 4 
Agriculture 0 2 1 0 56 0 
Others 2 5 3 8 2 76 
 
Overall Accuracy       : 86.60%    95% Confidence Interval ( 83.15%   90.05%) 
Overall Kappa Statistic:  0.83%    Overall Kappa Variance :  0.00% 
 
Table 5.5 is a confusion matrix prepared to determine how well the classifier has categorized 
a representative subset of pixels using unsupervised classification. To create the classification 
k-means classifier was used. There are 55 pixels in water, 48 in marsh land, 59 in light forest, 
64 in dense forest, 44 in agriculture and 76 in others. With 95% confidence interval, the 
overall accuracy is 88.26%, overall Kappa statistic is 0.85% and overall Kappa variance is 
0.00%.  
 
Table 5.5 Confusion matrix resulting from classifying training set pixels for Shuloka 
union 
 
Name Water Marshy land Light 

forest 
Dense 
forest 

Agriculture Others

Water 55 0 0 0 0 0 
Marshy land 0 48 1 0 1 0 
Light forest 0 0 59 1 1 4 
Dense forest 1 0 3 64 2 1 
Agriculture 4 2 0 2 44 2 
Others 3 8 2 5 3 76 
 
Overall Accuracy       : 88.26%    95% Confidence Interval ( 84.95%   91.57%) 
Overall Kappa Statistic:  0.85%    Overall Kappa Variance :  0.00% 
 
5.2 NDVI Computation 
 
NDVI was computed from SPOT-5 image (table 5.6) for Bandarban, Kuhalong and Shuloka 
union. Minimum, maximum, standard deviation, median and average values of NDVI were 
computed and the average value of NDVI was used to investigate the correlation between 
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malaria positives and NDVI, because it has proved to be a potential tool for monitoring 
malaria epidemics in tropical countries.   
 
Table 5.6: Value of NDVI in the study area 
        
Area (in Sq. 
mile) 

NDVI_Mean NDVI_Median NDVI_St. 
Dev 

NDVI_Max NDVI_Min

Bandarban  0.06 0.05 0.06 0.21 -0.21 
Khualong 0.05 0.03 0.06 0.22 -1 
Shulaka 0.05 0.02 0.05 0.21 -0.23 

Source: Computed from SPOT-5 imagery (February 2003) 
 
5.3 Factor Analysis on Data Set 
 
Factor Analysis (FA) is a data reduction technique in multivariate analysis. FA is used to 
group all the variables according to most correlated variables and represents the 
intercorrelation structure of the data set. In our study we would like to find the correlation 
structure of our data set. We are mainly interested in investigating which variables are 
grouped with the variable “Malaria positive”. 
 
In our analysis we take variables malaria positive, water, marshy land, light forest, dense 
forest, agriculture, others, average humidity, average rainfall, average temperature and 
average NDVI from our data set. We conduct factor analysis separately on two different sets 
of data. For both data sets we extract two factors (groups) according to scattered plot and 
Eigenvalue greater than 1. Extraction method is Principal Component Analysis and rotation 
method is Varimax with Kaiser Normalization. For the analysis we used SPSS software and 
our findings are presented below: 
 
From table-5.7 we see that variable malaria positive, water, light forest, agriculture, average 
NDVI and average humidity  have high load on 1st factor, on the other hand variables marshy 
land, dense forest, average rainfall and others have high load on 2nd factor. But dense forest 
contradicts with marshy land and others on 2nd factor.  
 
Table 5.7: Rotated Factor Matrix 

Factor Variables 
  1 2 
Malaria positive .97 -.21 
Water .88 .46 
Marshy land -.74 .67 
Light forest .96 -.27 
Dense forest .57 -.82 
Agriculture .99 -.09 
Others .04 .99 
Average NDVI .99 -.09 
Average Humidity .71 .70 
Average Rainfall -.06 .99 
Average Temperature -.14 .99 

Table-5.7: Rotated factor matrix. Extraction Method: Principal Component Analysis.  
Rotation Method: Varimax with Kaiser Normalization. Bold value indicates high load of 
variable on factor. 
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We tried to make our analysis based on these 4 observations.  Firstly we take average 
temperature i.e. average temperature = (maximum temperature + minimum temperature)/2 
which is 25.1. 70%, 2.5 and 25.1 as a mean of the variables average humidity, rainfall and 
temperature respectively.  We randomly generated 3 observations, from normal distribution 
with mean 70 and variance 1 for humidity. Similarly we generated observation for variables 
average rainfall and average temperature using mean 2.5 and 25.1 respectively. Finally we got 
12 observations for 3 variables humidity, rainfall and temperature.  
 

 
 
Figure-5.4: Factor loading plot in rotated space, which is constituted by rotated factor 
loadings of 1st and 2nd factor. 
 
From figure-5.4 we also see that the 1st factor comprises the variables malaria positive, water, 
light forest, agriculture, average humidity and average NDVI and the 2nd factor comprises the 
variables marshy land, dense forest, average rainfall and others.  
 
5.4 Identification of habitat sites 
 
Malaria control programs in Bangladesh have no disease risk map to guide intervention. Such 
maps and land cover information can be used to optimize the timing and location of the 
distribution of insecticides, bed nets, and anti malarial drugs. The habitats of mosquitoes 
differ according to the vegetation and nature of the local environment (Nihei et al., 2002). 
Satellite images and NDVI are widely used for that purpose.  
It was very difficult to analyze these data because of limited sample sizes. This study is 
conducted with one month malaria positive cases and sample sizes were very small. SPOT-5 
data has been used to classify land that favours mosquitoes and is suitable for development of 
life-cycles of malaria vectors. Lastly we have concluded that water, light forest, and 
agricultural land may be suitable for malaria vector breeding in the study area.  In order to be 
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sure, larva sample sizes have to be collected from the study area and laboratory investigation 
will be needed.  
 
5.5 Discussions 
 
Our main aim was to find geographic features suitable for malaria vector breeding habitats 
using remotely sensed imagery. In terms of area, 85% of Bandarban, 87% of Kuhalong and 
89% of Shuloka was correctly classified using SPOT-5 imagery.  We got 89% accuracy for 
water, 87% for light forest, 88% for agricultural land.  We got lower accuracy in agricultural 
land 86%) because of different tones and textures from various crop types and growth stage. 
To check the accuracy of the remote sensing data, the geographic coordinates of fifteen points 
from different land cover pattern (dense forest, light forest, water body, marshy land and 
agriculture land) were collected using a GPS. The GPS data were superimposed on land cover 
map that confirmed classifications of the land cover patterns using unsupervised 
classifications were correct.  
 
Like many other diseases malaria is a communicable and infectious disease and its 
distribution, incidence and prevalence are greatly influenced by environmental factors. 
Although it is globally well known, no attempts have been made to map the distribution of 
malaria in relation to specific environmental factors/land cover classification in Bangladesh, 
where malaria is a major endemic disease. Such a study will help to control malaria in 
Bangladesh. In 2004 the official annual number of laboratory confirmed malaria cases was 
almost 60,000 with more than 500 deaths (WHO, 2005). The study is directly or indirectly 
relevant to two of the eight UN Millennium Development Goals (MDGs): (1) Reduce child 
mortality; (2) Combat [HIV/AIDS], malaria and other diseases. 
 
Malaria vectors can survive within 14-18 degree Celsius at the lower end and about 35-40 
degree Celsius at the upper end. At around 30-32 degree Celsius, malaria vector can survive 
and warming above 34 degree Celsius generally has a negative impact on the survival of 
vectors and parasites (Gethkie et al., 2000). During February 2003 the average humidity in air 
was 70, rainfall was 2.5 millimetre, the maximum temperature was 30.3 degree Celsius and 
the minimum temperature was 19.9 degree Celsius that was suitable for malaria vectors 
breeding.  
 
In Kuhalong there were more malaria positives compared with Shuloka and Bandarban union. 
Compared with Bandarban and Shuloka union more areas were covered by water in 
Kuhalong, responsible for spreading of malaria. Settlements are sparsely distributed in all 
unions. Since remote sensing imagery is expensive, this study was conducted in a small area. 
Studying land cover patterns and incidence of malaria in a broader geographic area is 
important for better understanding about mosquito breeding sites and controlling malaria in 
Bangladesh.  
 
We found that water, light forest, and agricultural land produced high loading while analysed 
with malaria positive cases. But in our hypothesis, we expected malaria positives will be 
highly correlated with marshy land but we didn’t get any relationship with marshy land, 
probably because this analysis is only based on dry season data.  
Average NDVI values computed from SPOT-5 was also positively correlated with malaria 
positives. NDVI are extremely valuable and effective in analysing the conditions of malaria 
occurrence. NDVI also indicate annual changes in vegetation activity.  
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In this study we’ve developed/produced detailed map of land use in three unions of 
Bandarban. Our result also showed that humidity is an important environmental variable and 
responsible for spreading of malaria in the study area.   
 
5.6 Limitation of this research  
 
Land classification result computed from SPOT-5 imagery indicated that different land 
classes could be indicators of presence of vector habitats. Because of very small sample size, 
a single satellite image, and only one season’s malaria positive data, this result is not too 
reliable and we failed to show vector habitat maps properly. Further study is needed to 
understand the epidemiological relations with different types of forest coverage and other land 
cover types that are suitable for possible vector breeding sites.  It is also important to 
understand different types of vectors breeding grounds in different lands.  
 
Our analysis produces slightly misleading results for two data sets. It may happen due to a 
very small sample size. We tried to find correlation structure (mainly for the malaria positive) 
of our data set with restricted sample size, but factor analysis might not be reliable for such a 
sample size. 
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Chapter 6: Conclusion 
 
Malaria control in Bangladesh faces many formidable challenges, such as inadequate 
accessibility to effective treatment; lack of trained manpower; inaccessibility to epidemic 
areas; poverty of potential victims, lack of education, poor record keeping system, and a lack 
of malaria risk maps. Health facilities for management of severe malaria are limited, 
surveillance inadequate, and vector control insufficient. 
 
The study has focused on one of the southern parts of Bangladesh where 56,361 people live 
under risk of malaria. The results of this study show that land cover maps and NDVI can be 
used to monitor and detect mosquito-breeding sites. Different types of vegetation along 
marshy land and rivers may include opportunistic growth of commonly found secondary 
vegetation such as bamboo that is suitable for larval habitats in the study area. Malaria 
positive cases are significant in Kuhalong union compared with Bandarban union and the 
study results show that there are more water bodies (according to total land) and getting more 
malaria. 
 
Climate, weather, land cover patterns, agricultural practices, deforestation, water distribution, 
house construction may all play a role on risk of malaria diseases. Using SPOT-5 
multispectral satellite imagery, six land cover types were classified and considered for 
potential vector breeding sites in the study area. Successful prediction of the spatial 
distribution of mosquito habitats will help to control the vector in most productive larva 
habitats. Statistical result shows the overall accuracy in land cover classification in Shuloka is 
87.93%, Kuhalong 89.92% and in Bandarban 89.47%. With a higher spatial resolution of 10 
meter SPOT-5 imagery, epidemiological investigations of malaria research will be possible 
with many more environmental variables in the near future. From this study we can say that 
remotely sensed land cover can be a valuable indicator to predict the location of mosquito 
larva breeding in Bangladesh.  
 
Remote sensing imagery with GIS spatial analysis techniques will play an important role in 
malaria vector surveillance and control programs at local scales. Malaria incidence and 
remote sensing data were not sufficient to study a large area. According to our knowledge, 
this is the first use of remote sensing imagery and spatial analysis for studying association 
between malaria and land cover patterns in Bangladesh. Although the data of the study were 
insufficient to make any conclusive statements, it indicates satellite data and GIS tools may 
play an important role in malaria vector surveillance and control programs in Bangladesh.   
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Appendix: A 
Table A1: Accuracy Statistics of Shuloka Union  
 
Class  
name 

Producer’s 
accuracy 

95% confidence 
interval 

User’s 
accuracy 

95% confidence 
interval 

Kappa 
statistic 

Water 87.30% 78.28%  96.31% 100% 99.09% 100.90% 1.00 
Marshy land 82.75% 72.17%  93.34% 96% 89.56% 102.43% 0.95 
Light forest 90.76% 82.96%  98.57% 90.76% 82.96%  98.57% 0.88 
Dense forest 88.88% 80.93%  96.84% 90.14% 82.50%  97.77% 0.87 
Agriculture 86.27% 75.85%  96.69% 81.48% 70.19%  92.76% 0.78 
Others 91.56% 84.98%  98.14% 78.35% 69.63%  87.06% 0.72 
 
       Overall Accuracy       : 88.26%     95% Confidence Interval (84.95%   91.57%) 
       Overall Kappa Statistic:  0.85%    Overall Kappa Variance :  0.00% 
 
Table A2: Accuracy Statistics of Kuhalong Union 
       
Class name Producer’s 

accuracy 
95% confidence 

interval 
User’s 
accuracy

95% confidence 
interval 

Kappa 
statistic 

Water 86.20% 76.47%  95.94% 83.33% 73.07%  93.59% 0.80 
Marshy land 82.35% 72.55%  92.14% 98.24% 93.96% 102.53% 0.97 
Light forest 88.40% 80.12%  96.68% 98.38% 94.44% 102.32% 0.98 
Dense forest 81.96% 71.49%  92.43% 72.46% 61.19%  83.72% 0.67 
Agriculture 88.88% 80.33%  97.44% 94.91% 88.46% 101.36% 0.93 
Others 90.47% 83.60%  97.34% 79.16% 70.52%  87.81% 0.73 
      
       Overall Accuracy       : 86.60%     95% Confidence Interval (83.15%   90.05%) 
       Overall Kappa Statistic:  0.83%    Overall Kappa Variance :  0.00% 
 
Table A3: Accuracy Statistics of Bandarban union     
 
Class name Producer’s 

accuracy 
95% confidence 

interval 
User’s 
accuracy

95% confidence 
interval 

Kappa 
statistic 

Water 83.54% 74.73%  92.35% 97.05% 92.30% 101.81% 0.96 
Marshy land 84.61% 73.84%  95.38% 89.79% 80.30%  99.29% 0.88 
Light forest 90.76% 82.96%  98.57% 86.76% 77.97%  95.55% 0.84 
Dense forest 85.33% 76.66%  94.00% 76.19% 66.48%  85.89% 0.70 
Agriculture 84.31% 73.35%  95.27% 89.58% 79.90%  99.26% 0.87 
Others 85.71% 75.65%  95.77% 78.68% 67.59%  89.78% 0.74 
  
      Overall Accuracy       : 85.71%     95% Confidence Interval (82.05%   89.37%) 
      Overall Kappa Statistic:  0.82%    Overall Kappa Variance :  0.00%   
 
Table A4: Demographic structure and malaria incidence in the study area 
    
Area (in Sq. mile) Population Malaria positive 
Bandarban  38421 72 
Khualong 9972 45 
Shulaka 7968 20 



 

 28

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  Figure A1: Grayscale view of Bandarban             Figure A2: Grayscale view of Bandarban  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure A3: Grayscale view of Bandarban  
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Table A5: Unsupervised classification result of Bandarban union 
 

Classification Algorithm: K-Means Unsupervised 
Classification Input Channels:   1,2,3,4 
Classification Result Channel:   5 
Number of Clusters: 11 
Cluster Pixels Mean Position   Std Dev 
2 18208 25.10    

26.40    
30.84 
26.68                           

6.52    
5.57    
3.75    
5.57    

3 91542 37.37 
20.88 
26.58  
39.87                              

4.08  
4.12  
2.78      
4.04   

4 257114 44.67 
21.15  
26.90 
48.18                              

3.65 
2.64 
1.73 
3.86             

5 274691 53.28 
21.61 
27.51   
53.66                              

3.54 
1.88 
1.25  
3.47            

6 160529 63.88 
23.93 
29.43 
62.17                                

6.19   
2.67 
1.97   
4.43         

7 161439 48.19  
26.63 
30.10  
62.64                              

4.76 
3.87  
2.52  
4.22          

8 75666 55.78                                
32.60                                
33.91                               
73.21        

5.96                          
4.66                         
3.14                        
4.72    

9 22921 58.83                               
41.23                                
39.11      
84.97         

6.45                          
5.19                          
3.54                          
5.89   

10 5603 61.71                                
51.24                               
44.80                                
97.09         

5.38    
6.34   
4.39    
7.12                          

11 829 69.06                                
64.23                                
51.41                                
107.68        

6.80    
6.73                         
5.95                          
7.41    

 41 79.68                                
84.29                             
64.68 
125.70         

3.99    
5.06    
9.26 
10.50  

Total 1068583   
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Table A6: Unsupervised classification result of Kuhalong union  
 

Classification Algorithm: K-Means Unsupervised 
Classification Input Channels:   1,2,3,4 
Classification Result Channel:   5 
Number of Clusters: 11 
Cluster Pixels Mean Position   Std Dev 
2 165 50.69      

24.90       
13.76                                
0.00 

6.61    
5.02    
14.83   
0.01 

3 19419 31.76                              
30.28                                
33.01                                
30.72 

8.15    
7.98    
5.05    
6.73 

4 92463 39.88                               
20.53 
26.60                              
43.75 

4.23    
2.64    
1.73    
4.03 

5 206739 46.61                                
21.69                               
27.49        
52.10 

3.59    
2.47    
1.51    
3.69 

6 215117 54.66        
21.94         
27.98         
56.91 

3.13    
1.74    
1.07    
3.25 

7 125345 63.68                                
23.38                                
29.24                              
63.98 

5.00   
2.30    
1.60    
3.98 

8 127012 49.40                                
26.18                               
29.88                                
65.54 

4.40    
3.25    
1.97    
3.84 

9 42635 56.22                               
32.01                                
33.51         
75.87 

5.80                          
4.03    
2.64    
4.52 

10 6448 62.71                                
44.67                                
40.97                              
98.65 

4.92   
4.12    
2.62    
4.23 

11 12991 57.44                               
40.88                                
38.72                               
85.69 

5.61    
4.66    
3.20    
5.26 

12 3572 64.48                                
51.17                                
44.30                               
110.08 

3.88    
5.33    
2.65    
4.46 

Total  851906   
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Table A7: Unsupervised classification result of Shuloka union 
 

Classification Algorithm: K-Means Unsupervised 
Classification Input Channels:   1,2,3,4 
Classification Result Channel:   5 
Number of Clusters: 11 
Cluster Pixels Mean Position   Std Dev 
2 12044 34.04                               

19.68                                
25.44                                
34.21 

4.84    
4.02    
2.74    
4.22 

3 68004 41.36                                
20.76                               
26.30                                
44.03 

3.29    
3.02    
1.96    
4.22 

4 110838 51.05                                
20.37                                
26.38                                
47.10 

3.77    
1.40    
1.07    
3.28 

5 132110 48.59                              
23.44                               
28.15                                
56.20 

4.21    
2.81    
1.69    
3.20 

6 149587 60.25                                
22.53                                
28.15                                
58.12 

3.89   
1.92    
 1.33    
4.01 

7 99184 68.00                               
24.92                                
30.08                                
68.62 

5.36    
2.51    
1.66    
4.81 

8 101213 52.62                                
27.67                                
30.62                               
67.26 

4.66    
3.48    
2.08    
3.74 

9 42196 56.84                               
33.90                                
34.20                                
78.64 

5.36    
4.51    
2.71    
4.61 

10 12541 61.54                               
42.70                               
39.02                                
92.37 

5.39    
4.50    
2.58    
5.98 

11 1618 69.22                                
53.44                                
44.27                                
110.38 

6.23    
8.38    
3.78    
6.20 

12 1469 72.54                                
59.23                                
47.43                              
95.89 

6.89    
6.92    
4.03    
6.99 

Total        730804   
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