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Abstract 

This study used Landsat 8 satellite imagery to identify environmental variables 

of households with malaria vector breeding sites in a malaria endemic rural district in 

Western Kenya. Understanding the influence of environmental variables on the 

distribution of malaria has been critical in the strengthening of malaria control 

programs.  Using remote sensing and GIS technologies, this study performed a land 

classification, NDVI, Tasseled Cap Wetness Index, and derived land surface temperature 

values of the study area and examined the significance of each variable in predicting the 

probability of a household with a mosquito breeding site with and without larvae. The 

findings of this study revealed that households with any potential breeding sites were 

characterized by higher moisture, higher vegetation density (NDVI) and in urban areas 

or roads. The results of this study also confirmed that land surface temperature was 

significant in explaining the presence of active mosquito breeding sites (P< 0.000). The 

present study showed that freely available Landsat 8 imagery has limited use in 

deriving environmental characteristics of malaria vector habitats at the scale of the 

Bungoma East District in Western Kenya 
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1. Introduction  

Malaria is a major contributor to morbidity and mortality in sub-Saharan Africa. 

The malaria parasite has a complex transmission cycle that is influenced by a 

combination of factors including the Anopheles mosquito vector, the parasite, human 

host, and the environment. Vector-borne diseases like malaria are climate sensitive and 

this has raised questions concerning the future risk of the disease given the implications 

of climate change. Understanding the influence of environmental variables on the 

distribution of malaria has been critical in the strengthening of malaria control 

programs. Ongoing efforts are underway to develop more accurate evidence-based 

maps of the global distribution of malaria risk based on the identified relationships 

between climate and malaria transmission (Caminade et al., 2014; Craig, Snow & le 

Sueur, 1999; Hay & Snow, 2006). Analyses have shown that temperature and rainfall 

have the greatest impact on the biological productivity and geographic distribution of 

malaria and vector habitats (Githeko, Lindsay, Confalonieri, & Patz, 2000; Huang, Zhou, 

Zhang, Wang & Tang, 2011). An increase in malaria incidence in Tanzania was 

positively correlated with an increase in rainfall and high temperatures (Jones, Wort, 

Morse, Hastings & Gagnon, 2007). A regional analysis in West Africa showed that 

changing rainfall patterns affected the environmental suitability of mosquito breeding 

sites that made areas more or less suitable for malaria transmission (Yamana & Eltahir, 



 

 

2 

2013). Although countries in Africa with endemic malaria are expected to experience the 

most significant shifts in the distribution of this disease, how smaller-scale individual 

districts might be affected is poorly understood (Githeko, Lindsay, Confalonieri, & Patz, 

2000; Haines, Kovats, Campbell-Lendrum & Corvalan, 2006). Further understanding of 

how environmental variables influence mosquito habitats at a smaller geographic scale 

is necessary to accurately predict how malaria distributions could shift at village-level in 

response to climate change.  

A combination of Geographic Information Systems (GIS) and Remote Sensing 

(RS) have proven to be essential tools in the large-scale geospatial mapping of larval 

habitats and the monitoring of environmental factors which influence the distribution 

and biological productivity of mosquito habitats (Sattler, et. al., 2005). Free, publicly 

available Landsat images that cover the globe and are updated daily make it possible to 

derive important environmental information from the Earth’s surface, including in 

remote areas that are difficult to access. Satellite imagery has been used to extract 

environmental variables related to malaria vector habitat and transmission. Landsat 

imagery data are commonly used for vegetation and water analysis to determine 

mosquito breeding habitat distribution (Hassan, Nogoumy & Kassem, 2013). The results 

of a study in Niger found an association between increases in monthly clinical malaria 

cases with minor peaks in Normalized Difference Vegetation Index (NDVI) values 
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(Thomson, Connor, Milligan & Flasse, 1997; Julvez, Develoux, Mounkaila & Jean, 1992). 

Classifying land cover using satellite imagery to derive environmental correlates of 

mosquito breeding habitats has also been used to estimate the environmental suitability 

for malaria vector development at a large spatial scale (Benali et al., 2014; Kulkarni, 

Desrochers & Kerr, 2010). Another study showed the importance of land cover, or 

landscape features, in predicting mosquito densities and habitats (Charoenpanyanet & 

Chen, 2008). 

These studies make it possible to analyze the spatial distribution of 

environmental variables and how this relates to the distribution of malaria and 

mosquito habitats. Validating the predictions from malaria vector habitat models is a 

crucial step in assessing their utility. Presence and absence of mosquito breeding sites is 

often collected through on the ground surveys and these data are required to validate 

predictive models and maps (Hassan, Nogoumy & Kassem, 2013; Charoenpanyanet & 

Chen, 2008). Decision makers can use these maps to identify areas most suitable to 

malaria vector breeding sites, reducing uncertainties in decision-making and leading to 

improved targeting and resource management.  

The purpose of this study is to identify the environmental variables of malaria 

vector breeding sites located in the Bungoma East District of Western Kenya using a 

combination of Landsat 8 satellite images and geospatial analysis in GIS. We examined 
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the landscape determinants of mosquito breeding sites and the usefulness of using 

Landsat imagery in identifying these habitats in a rural district in Western Kenya. This 

study has the potential to identify households at risk by identifying the specific areas in 

which environmental conditions are suitable for mosquito breeding.  

Specific Aims 

Aim 1: To create five classified maps of the Bungoma East District of the spatial 

distribution of active mosquito larvae sites, land use/land cover, Tasseled Cap Wetness, 

Normalized Difference Vegetation Index (NDVI), and Land Surface Temperature (LST) 

using Landsat 8 satellite imagery in ENVI 5.0 

Aim 2: Use existing data of georeferenced mosquito breeding sites from the Bungoma 

East District to extract values of the land classification, Tasseled Cap wetness, NDVI, 

and land surface temperature using Geographic Information Systems (GIS) 

Aim 3: Identify environmental variables associated with the locations of households 

with identified mosquito breeding sites in the Bungoma East District using multiple 

linear regression and Geographic Information Systems (GIS) to predict locations of other 

potential breeding sites in the Bungoma East District based on the environmental 

classification.
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2. Methods 

2.1 Setting 

The Bungoma East District is located in Western Province, Kenya about 50 km to 

the east of the Ugandan border (Figure 1). The district is transected by the Nzoia River in 

the northwest and is bordered by another river in the east. It is situated in the foothills of 

Mt. Elgon from the north where the altitude is 2,000 meters above sea level and drops to 

1,200 meters above sea level in the lower lying areas in the south (ACT, 2011). The rainy 

season occurs between March to May. The total population is estimated to be about 

200,000 people. 

The Bungoma East District is largely rural and residents are primarily 

subsistence farmers. Malaria transmission occurs throughout the year in western Kenya 

with a seasonal peak after the rainy season. Health facilities in the Bungoma District 

diagnose malaria in outpatients more frequently than any other health condition making 

this an optimal study site location (WHO, 2002). 
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Figure 1: Reference Map of Study Area 

2.2 Description of the Sample  

In this study, we used the GPS coordinates of mosquito breeding site locations 

that were collected as a part of a previous case-control study that explored the efficacy 

decay of Insecticide Treated Nets (ITNs) in malaria prevention (Obala et al., 2015). The 

results of this study are described elsewhere (Obala et al., 2015). The cases were patients 

admitted to a public district hospital within the administrative boundaries of the 

Webuye Health and Demographic Surveillance Site (HDSS) with Rapid Diagnostic Test-

confirmed malaria infection and a primary diagnosis of malaria (Obala et al., 2015). Each 
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case was matched with an uninfected community control based on age, gender and 

village of residence (Obala et al., 2015). The sample size was a total of 860 households. 

The study was conducted in one year between 2013-2014.  

At each case and control household, field workers took a photograph using a 

mobile phone with GPS capabilities of all potential Anopheline sp. breeding sites within a 

200-meter radius of each household (Obala et al., 2015). Mosquito larvae were collected 

from identified active breeding sites associated with 860 households from August 2013 

to June 2014. Larval samples were returned to the Webuye health offices to be stored in 

70% alcohol until they were analyzed and identified. 

Larval breeding sites were classified as yes or no for 6 categories: “Man-made,” 

“standing water,” “moving water,” “hole,” “container,” and “seasonal” (Obala et al., 

2015). A study ID was assigned to each breeding site location. 
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2.3 Procedures 

2.3.1 Remote Sensing Data Acquisition and Pre-Processing 

Images of the study area were acquired from Landsat 8 remote sensors. The 

Landsat 8 images were retrieved from the online USGS Earth Explorer tool, courtesy of 

the NASA EOSDIS Land Processes Distributed Active Archive Center (LP DAAC), 

USGS/Earth Resources Observation and Science (EROS) Center, Sioux Falls, South 

Dakota. Landsat 8 images consist of 9 spectral bands and two bands in the thermal 

infrared wavelength. Landsat 8 images are at a 30 meter spatial resolution and the 

thermal bands are acquired at a 100 meter resolution. Landsat 8 Surface Reflectance 

images do not require additional radiometric or atmospheric corrections. To retrieve 

land surface temperature (LST), an uncorrected Landsat 8 OLI/TIRS image was used and 

radiometric corrections were applied using ENVI 5.0. The remotely sensed images used 

were taken within the same year as the field samples of mosquito breeding sites. One 

Landsat 8 image was necessary to cover the study area and was acquired on May 21, 

2013 (Table 1). Subsequently, we subset the study area to approximately 40 km². There 

were no cloud free images of the study area during the rainy season so an image with 

the least amount of cloud coverage was selected. A mask was built by digitizing isolated 

clouds and shadows in the images and assigning them as no data. The mask was applied 

to exclude the values of clouds and shadows in each of the analyses. Analysis of Landsat 

8 Surface Reflectance imagery were done using ENVI 5.2 (Exelis Visual Information 
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Solutions, Boulder, Colorado). Other geospatial analysis was performed with ArcMap 10.3 

(ESRI ArcGIS Version 10.3.1 Redlands, CA). 

Each of the environmental variables of interest (NDVI, Tasseled Cap Wetness, 

land use/land cover, and land surface temperature) were analyzed separately. The 

methods of each are described in the following sections.  Using satellite imagery from 

one point in time during the same season that the breeding site data were collected 

assumes that these environmental variables do not change significantly throughout the 

rainy season and that 30m spatial resolution can capture variations in environmental 

variables associated with mosquito breeding site habitats. 

Table 1: Metadata of Satellite Imagery 

Metadata of Satellite Imagery 

Path/Row Image 

Acquisition 

Date 

Sensor # of Bands Spatial 

Resolution 

170/60 05/21/13 Landsat 8 SR 

Landsat 8 

OLI/TIRS 

9 

2 

30m 

100m 

 

2.3.2 Model Validation 

Breeding site identification: An accuracy assessment of the habitat classification 

was carried out through field observations of predicted breeding site locations. A total of 

70 mosquito breeding sites were prospectively identified and georeferenced using a 

Garmin GPSmap 60CSx unit. 
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2.4 Measures 

2.4.1 Image Classification 

A total of 70 ground control points of the land use/land cover in the study area 

were collected between May-June 2015 for the classification. The Landsat 8 Surface 

Reflectance images of the study area were obtained and classified into 8 spectrally 

distinct water and vegetation classes. This was done by defining regions of interests 

(ROIs) that represent each of the land cover types. Regions of Interest were defined 

using 70 ground control points with at least 10 points per land cover class: forest/dense 

shrubs, water, mixed agriculture, bare soil, urban/road, and sugarcane. Sugarcane was 

separated from mixed agriculture because extensive on the ground field surveys of 

breeding sites showed that more breeding sites were found near sugarcane fields and 

further analysis was desired. After the ROIs were finalized, each pixel in the subset 

image was assigned to the class that had the highest probability using the maximum 

likelihood supervised classification method. A cloud mask was applied and the 

classification output was exported to ArcMap 10.3. Multiple linear regression was 

selected to identify the relationship between mosquito densities and land cover types. 

2.4.2 Vegetation and Soil Moisture Indices 

The Normalized Difference Vegetation Index (NDVI) is calculated as a ratio 

between measured reflectivity in the red (0.63–0.69 μm) and NIR (0.76–0.90 μm). A 

NDVI was calculated for the study area using ENVI 5.2 with the cloud mask applied. 
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NDVI values range from -1.0 to 1.0 and were rescaled to -100 to 100 for analysis. 

Wetness is one of the spectral indices that represent land surface moisture content. 

Wetness values of the study area were derived from the Tasselled Cap algorithm for 

Landsat 8 Surface Reflectance Images (Baig, Zhang, Shuai & Tong, 2014). Since, the 

Tasseled Cap Function in ENVI 5.0 has not yet been updated to run an analysis on 

Landsat 8 images, the Band Math tool was used to manually calculate Tasseled Cap 

Wetness values. We used an algorithm and band coefficients that were derived to 

perform a Tasseled Cap transformation using Landsat 8 imagery (Baig, M. H. A, et al., 

2014). Both the NDVI and Tasseled Cap images were exported to ArcMap 10.3. 

2.4.3 Land Surface Temperature from Landsat 8 

Natural and anthropogenic activities that influence the land use/ land cover of an 

area also have an effect on land surface temperature. Bands 10 and 11 of Landsat 8 data 

are in the thermal infrared wavelength. Due to issues with the thermal sensor of the 

satellite instrument at the time of this study, USGS advises users to avoid using BAND 

11 in analyses. Therefore, only Band 10 of the Landsat 8 OLI/TIRS was used to estimate 

at-satellite brightness temperature and in the conversion to land surface temperature 

(LST). We used Band 10 from the raw Landsat 8 OLI/TIRS image and applied 

radiometric corrections using the Radiometric Calibration tool in ENVI 5.2 to convert 

from Digital Numbers to Brightness Temperature values in Kelvin. The output image 

was exported to ArcMap 10.3. 
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Other studies have retrieved land surface temperature (LST) from multispectral 

TIR satellite imagery (Weng, Lu & Schubring, 2004; Yue, 2009; Sobrino, Jiménez-Muñoz 

& Paolini, 2004; Kesari et al., 2013). We used this formula to compute the emissivity 

corrected land surface temperatures (St) (Artis & Carnahan, 1982): 

 

TB = at-satellite brightness temperature   

λ=wavelength of emitted radiance  

ρ=h×c/σ (1.438×10−2 m K), σ=Boltzmann constant (1.38×10−23 J/K), h=Planck's 

constant (6.626×10−34 J s), and c=velocity of light (2.998×108 m/s). 

ε = emissivity 

The Land Surface Emissivity (LSE) values needed for the formula were estimated using 

the Normalized Difference Vegetation Index (NDVI) that has been used in other studies 

(Sobrino, Jiménez-Muñoz & Paolini, 2004). A final raster of the study area with land 

surface temperature (LST) values was computed and converted to degrees Celsius using 

the Raster Calculator in ArcMap 10.3. Using STATA 14, the Land Surface Temperature 

variable was rescaled for analysis by subtracting the mean temperature and dividing 

this by the standard deviation so that the constant represents the odds of finding a 

breeding site at mean temperature. 
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2.4.4 Probability Rasters 

The results of the stepwise multivariable logistic regression model were used to 

create probability rasters predicting the odds of finding households with any breeding 

site or a breeding site with larvae using the Raster Calculator tool in ArcMap 10.3. 

2.5 Analysis 

2.5.1 Description and Bivariate Analysis of Environmental Variables 
and Breeding Sites 

Using the classified images as a base imagery, we used the known locations of 

household locations with or without mosquito breeding habitats as training sites to 

determine the land classes, brightness temperature, NDVI (rescaled), Tasseled Cap 

wetness values. To derive the values of each of the environmental variables to the 910 

household locations with or without breeding sites, the values of each of the variables 

were extracted to the household locations using ArcMap 10.3 and exported for analysis 

in STATA 14. The land cover class “baresoil” was associated with only 5 breeding site 

observations and largely associated with an empty agricultural plot, therefore, it was 

combined with the land cover class “mixed agriculture” to reduce biases in the model. 

The land cover class pertaining to “water” was dropped because it was only associated 

with 3 breeding site observations. Breeding Sites corresponding to values of “0” or “No 

Data” for Land Surface Temperature (Celsius) were removed prior to analysis. Similarly, 

all breeding sites corresponding to values of “Masked Pixels” for the land use/ land 
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cover classification were also removed. This resulted in a total of 850 households 

remaining for analysis.  

Households were categorized as having a breeding site with larvae within 200 

meters, having any potential breeding site within 200 meters (with or without larvae on 

the day of survey), or having no breeding sites. We tabulated the statistical difference 

between the different environmental variables and breeding site categories. Continuous 

variables were described by mean values and compared across the different breeding 

site categories using a students-t test. A bivariate analysis of the categorical variable land 

use/land cover was performed using the Chi-Squared Test.  

A multivariable logistic regression and stepwise backward variable selection 

were applied to create the optimal model to describe the relationship between mosquito 

breeding sites and the environmental variables using STATA 14 (StataCorp. 2015). The 

breeding site data was coded as a binary outcome (0/1) to indicate the presence or 

absence of a site.  We then analyzed the odds of 1) a household having a breeding site 

given the environmental classification 2) the odds of a household having an active 

breeding site (larvae identified and collected) given the environmental classification. The 

variables were tested for interactions and none were statistically significant.  
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3. Results 

3.1 Households with Malaria Vector Breeding Sites 

A total of 850 georeferenced households were used for analysis in this study. A 

total of 511 households had at least one breeding site and 179 households had at least 

one breeding site with mosquito larvae (Figure 2). 339 households did not have sites. 

 

Figure 2: Map of Households with Malaria Vector Breeding Sites 
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3.2 Image Classification Results 

The largest land cover classes in the study area were mixed agriculture (38%), 

grass/pasture (21%) and sugar cane fields (17%) (Figure 3). Our land classification results 

clearly outlined known landscape features such as rivers, the Webuye town area, and 

agricultural plots of the sugarcane factory. 

 

Figure 3: Image Classification Results 
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3.3 Vegetation Indices Results 

The mean NDVI of the study area was 0.66 (min. -0.22, max. 0.90) (Figure 4). 

NDVI is an index commonly used to quantify the density of plant growth. The NDVI 

values for a given pixel always range from -1 to +1 whereby values close to 0 indicate no 

vegetation and values closer to +1 indicate the highest possible density of green leaves 

(Earthobservatory.nasa.gov, 2016). Negative values generally correspond to barren areas 

of rock, sand or snow (Earthobservatory.nasa.gov, 2016). The NDVI range of the study 

area indicates that there are both densely vegetated and barren areas, with an average 

NDVI indicating medium-high plant density (Figure 4). The output for the Tasseled Cap 

Wetness Output bands represent the principal components rather than a spectral range 

so the values are all relative to the properties of the raster data (Figure 5). Therefore, we 

consider larger values to be representative of increased moisture. As seen in the Tasseled 

Cap Wetness Map, high moisture values correspond to known rivers in the study area 

and also to areas of high NDVI values (Figure 4). Particularly, the sugarcane factory that 

is located East in the study area corresponds to values of both high moisture and high 

NDVI, possibly indicating areas of irrigated sugarcane fields (Figure 4 & 5).  



 

18 

 

Figure 4: Map of Normalized Difference Vegetation Index Results 
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Figure 5: Map of Tasseled Cap Wetness Index 
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3.4 Land Surface Temperature Results 

The mean daytime temperature of the study area was 22.6 °C (min.14.2 °C, max. 

29.8 °C) (Figure 6). 

 

Figure 6: Map of Land Surface Temperature Results 
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3.5 Bivariate Analysis Results 

The two-sample t-test of Land Surface Temperature shows that mean 

temperature values across households with no breeding sites are similar to households 

with any potential breeding site (Table 1). The results of the mean temperature values 

with households without sites with larvae and households with sites with larvae shows 

that the temperature values are higher near households without active larval sites and 

this difference, although small, reaches statistical significance (P=0.0000) (Table 2). 

Table 2: Two-sample t-test with LST and any breeding site 

Two-sample t-test with equal variances 

Land Surface Temperature (Celsius) 

Group   Obs. Mean  SD [95% Conf. Interval] 

No Site 340 22.94 0.95 22.84  - 23.04 

Any Site 513 22.92 0.98 22.83  - 23.00 

Total 853 22.93 0.97 22.86 - 22.99 

P-value = 0.7378 

 

Table 3: Two-sample t-test with LST and larval sites 

Two-sample t-test with equal variances 

Land Surface Temperature (Celsius) 

Group   Obs. Mean  SD [95% Conf. Interval] 

No Site w/larvae 674 23.00 0.98 22.92  - 23.07 

Site w/larvae 179 22.65 0.88 22.52  - 22.78 

Total 853 22.93 0.97 22.86 - 22.99 

P-value = 0.0000 

 

The two-sample t-test of Tasseled Cap Wetness shows that households with no 

breeding sites had higher values, which are associated with increased soil moisture, than 
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households with any breeding sites, however, this was not statistically significant (Table 

3). Households with larvae sites had higher Tasseled Cap Wetness values than 

households without larvae sites, however, this also was not statistically significant 

(Table 4).  

Table 4: Two-sample t-test of Tasseled Cap Wetness and any site 

Two-sample t-test with equal variances 

Tasseled Cap Wetness 

Group   Obs. Mean  SD [95% Conf. Interval] 

No Site 340 -498.46 275.21 -527.81  - -469.10 

Any Site 513 -509.81 284.20 -534.46  - -485.16 

Total 853 -505.28 280.55 -524.14 - -486.43 

P-value = 0.7378 

 

Table 5: Two-sample t-test of Tasseled Cap Wetness and larval sites 

Two-sample t-test with equal variances 

Tasseled Cap Wetness 

Group   Obs. Mean  SD [95% Conf. Interval] 

No Site w/larvae 674 -512.19 279.51 -533.33  - -491.05 

Site w/larvae 179 -479.30 283.68 -521.14  - -437.45 

Total 853 -505.28 280.55 -524.14 - -486.43 

P-value = 0.1634 

 

Before performing the bivariate analysis with NDVI, the NDVI values ranging 

from -1.0 to 1.0 were rescaled to -100 to 100 for analysis. The results of the t-test with 

NDVI shows that there is no statistical difference between groups of any site or no site 
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(Table 6). The mean NDVI values for households with larvae sites is slightly higher than 

mean NDVI values for no sites with larvae with statistical significance (p<0.05). 

Table 6: Two-sample t-test of NDVI and any site 

Two-sample t-test with equal variances 

NDVI 

Group   Obs. Mean  SD [95% Conf. Interval] 

No Site 340 64.91 9.29 63.92 - 65.90 

Any Site 513 64.98 9.10 64.19 - 65.77 

Total 853 64.95 9.17 64.34 - 65.57 

P-value = 0. 9084 

 

Table 7: Two-sample t-test of NDVI and larval sites 

Two-sample t-test with equal variances 

NDVI 

Group   Obs. Mean  SD [95% Conf. Interval] 

No Site w/larvae 674 64.62 9.36 63.91 - 65.32 

Site w/larvae 179 66.22 8.32 64.99 - 67.44 

Total 853 64.95 9.17 64.34 - 65.57 

P-value = 0. 0378 

 

The Chi-Squared Test performed for the land classification showed that the 

distribution of breeding sites across the land cover classifications was not significantly 

different than random (chi-square with four degrees of freedom = 1.4354, p = 0.838) 

(Table 7). Similarly, none of the land classes were significant in predicting a household 

with a larvae site or no larvae site (chi-square with four degrees of freedom = 2.2207, p = 

0.695) (Table 8).  
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Table 8: Chi-Squared Test of Land Classification and any site 

Chi-Squared Test 

Land use/Land cover No Site Any Site 

trees/dense shrub 48 64 
  14.16 12.52 

sugarcane 35 59 
  10.32 11.55 

urban/road 47 82 
  13.86 16.05 

pasture 72 106 
  21.24 20.74 

mixed agriculture 137 200 
  40.41 39.14 

total 339 511 
  100 100 

Pearson ch2 (4) = 1.4354  Pr = 0.838 

 

Table 9: Chi-Squared Test of Land Classification and larval sites 

Chi-Squared Test 

Land use/Land cover No Larvae Site Larvae Site 

trees/dense shrub 86 26 

  12.82 14.53 

sugarcane 74 20 

  11.03 11.17 

urban/road 107 22 

  15.95 12.29 

pasture 143 35 

  21.31 19.55 

mixed agriculture 261 76 

  38.9 42.46 

total 671 179 

  100 100 

Pearson ch2 (4) = 2.2207  Pr = 0.695 
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3.6 Stepwise Multiple Logistic Regression Results 

Because we expect that many of our environmental variables will be correlated 

(i.e. NDVI and wetness, or land cover and temperature) we used a multivariable 

regression approach to analyze our set of possible predictors in relationship to the 

outcome. A stepwise multiple regression was fit to evaluate which environmental 

variables were predictive of households with any breeding site and a breeding site with 

larvae. The results of the stepwise backwards elimination model indicate that 

“urban/road” land class, Tasseled Cap Wetness, and NDVI were best in predicting any 

breeding site, however, none of these were significant at the p=0.05 level (Table 10). The 

land class “urban/road” was associated with a higher odds (OR = 1.47) of finding a 

potential breeding site, whereas, low moisture was associated with a lower odds (OR = 

0.10) of finding a potential breeding site (Table 10). Furthermore, a higher NDVI value 

was associated with a slightly higher odds (OR = 1.03) of finding a potential breeding 

(Table 10). 

Table 10: Summary of Stepwise Multivariable Logistic Regression Model of 

Any Breeding Site 

Summary of Stepwise Multivariable Logistic Regression Model of Any Breeding Site 

Predictor Variable 
Odds 
Ratio 

Standard 
Error P-value 

95% Confidence 
Interval 

urban/road 1.47 0.37 0.128 0.90 - 2.42 

tasseled cap 
wetness 0.10 0.0004 0.112 0.10 - 1.00 

NDVI 1.03 0.02 0.085 0.10 - 1.06 

Intercept 0.16 0.20 0.149 0.01 - 1.95 
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The model to identify the relationship between the environmental variables and 

a household with a breeding site with larvae had only one statistically significant 

variable: Land Surface Temperature (p<.0000, OR: 0.67, 95% CI: 0.56, 0.81) (Table 11). 

The results show that a one-unit increase in Land Surface Temperature meant that the 

presence of a mosquito breeding site with larvae was about 33% less likely. As described 

above, the Land Surface Temperature variable was rescaled for analysis by subtracting 

the mean temperature and dividing this by the standard deviation so that the constant 

represents the odds of finding a breeding site at mean temperature. 

Table 11: Summary of Stepwise Multivariable Logistic Regression Model of 

Larval Sites 

Summary of Stepwise Multivariable Logistic Regression Model of Larval Sites 

Predictor Variable 
Odds 
Ratio 

Standard 
Error P-value 

95% Confidence 
Interval 

LST Celsius 0.67 0.06 0.000 0.56 – 0.81 

Intercept 0.25 0.02 0.000 0.21 – 0.30 

 

3.7 Probability Rasters 

The results of the probability raster for predicting any breeding site based on the 

environmental variables “urban/road,” Tasseled Cap Wetness, and NDVI display the 

areas of highest probability (P= 0.997) and lowest probability (P=0) within a 30-meter by 

30-meter area across the Bungoma East District (Figure 7). The results of the probability 

raster for predicting a breeding site with larvae based on the model with the statistically 

significant Land Surface Temperature variable (p<0.05) shows that the highest 
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probability of predicting a site with larvae is P=0.0009 within a 100-meter by 100-meter 

area (Figure 8). 

 

Figure 7: Probability Raster of Areas with Any Breeding Site 
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Figure 8: Probability Raster of Areas with Breeding Sites with Larvae 

3.8 Model Validation 

Ground truth points of mosquito breeding sites were prospectively collected 

between June 4th 2015 – July 24th 2015 to assess the predictive abilities of our model. A 
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total of 70 georeferenced points were collected to describe locations having a potential 

breeding site. A total of 69/70 (99%) of the identified breeding sites fell into a predicted 

probability range between 0.51-0.70 (Figure 9). 

 

Figure 9: Histogram of Probabilities of Any Site 
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4. Discussion 

This study represents a snapshot of the relationship between specific 

environmental variables and malaria vector breeding sites in a rural district in Western 

Kenya. In this study, we developed two multivariable logistic models using 

environmental variables derived from LANDSAT 8 satellite imagery to describe 

households with potential breeding sites and households with larval sites. The 

validation of our model showed that 99% of our identified breeding sites were 

associated with predicted probabilities of 0.51 or higher. The findings of this study 

showed that households with any potential breeding sites were characterized by higher 

moisture, higher vegetation density (NDVI) and in urban areas or roads. The results of 

this study confirmed that land surface temperature was significant in explaining the 

presence of active mosquito breeding sites (P< 0.000) (Table 11). This result was not 

surprising given that other studies have determined that temperature and rainfall have 

the greatest impact on the biological productivity and geographic distribution of malaria 

and vector habitats (Noor, A. M., et al., 2014; Caminade, C., et al., 2014; Githeko, et al., 

2000; Huang, F., 2011). The failure of our model in identifying multiple environmental 

variables to describe the larval sites may be due to the fact that larval sites and their 

colonization are transient. Although no larvae were found at the time of data collection, 

it is possible that there may have been larvae present a few weeks earlier or a few weeks 

later.  Since our logistic model to predict households with active larvae sites had only 
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one significant parameter, we were unsuccessful in providing an informative probability 

map given that the highest probability of predicting households with a larvae site within 

100m by 100m areas in the Bungoma East District was very low (p=0.0008). 

Our findings show that urban areas and roads were important predictors, with 

NDVI and Tasseled Cap Wetness, indicating that land cover type is important in 

predicting households with breeding sites. The importance of urban areas and roads is 

potentially due to the tightly compacted soil in these areas that can lead to more 

stagnant pools of water or where more manmade breeding sites or breeding sites from 

farm animal footprints occur. Since breeding site data were collected within a 200-meter 

radius of a household, it is possible that the land cover of the breeding site was 

misclassified because it was located in a different 30m x 30m pixel than the household 

thus potentially associated with a different land cover type. The Chi-Squared Test 

showed that our households with breeding sites and larval sites were more frequently 

found within land covers of mixed agriculture and pasture which was similar to another 

study in Western Kenya that found that larval sites of Anopheles gambiae complex 

habitats were more frequently found in farmlands and pastures (Minakawa, N., et al., 

2005). These results suggest that further analysis with actual breeding site locations 

and/or finer scale satellite imagery is necessary to identify important land cover types of 

individual breeding sites.  

 This study also confirmed the importance of the relationship between NDVI and 
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malaria vector breeding sites, which was consistent with other studies (Hassan, 

Nogoumy & Kassem, 2013). Although NDVI was important, but not statistically 

significant, in our multivariable logistic model to describe households with any potential 

breeding sites, the bivariate analysis showed that higher NDVI mean values are more 

predictive of households with larval sites than households without larval sites and this 

was significantly significant (Table 7). Given that our results indicate that NDVI does 

have an influence on the availability of breeding sites, further analysis using finer scale 

satellite imagery is necessary to determine the small-scale variability of NDVI across 

breeding sites and larval sites.  

4.1 Implications for further research 

Future satellite-derived analysis should make use of fine-scale resolution 

imagery (i.e. IKONOS) that could account for at least some of the limitations in 

determining environmental variables of malaria vector breeding sites. Given that this 

study used data from an independent study, we were limited in the information 

available on the identified malaria vector habitats and non-habitats used in our analyses. 

We lack some of the determinant factors that could explain the presence/absence of 

Anopheles larvae, such as water depth, water conductivity, and water turbidity. Given 

the results of the importance of temperature, it would also be important to include 

elevation as a variable in our model from a high resolution (<250m) Digital Elevation 

Model. This could also be used to delineate streams in the study area in order to include 
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an analysis on Distance to Streams from households or breeding site locations. Hence, 

our model could only explain some of the variability of the presence/absence of the 

larvae as the relations with other important variables were not taken into account. 

Furthermore, an analysis of the breeding sites at a higher resolution might detect more 

of the variability across the study area and between sites with or without larvae with 

respect to NDVI, temperature, soil moisture, and land cover. 

4.2 Study Strengths and Limitations 

This study analyzed the relationship between environmental variables and 

breeding sites using remotely sensed data from a single timepoint at the mid-point of 

the study representing the rainy season. Using satellite imagery from one point in time 

during the same season that the breeding site data were collected assumes that these 

environmental variables do not change significantly throughout the rainy season and 

that 30m-100m spatial resolution can capture variations in environmental variables 

associated with mosquito breeding site habitats. The results of the two-sample t-test 

indicate the limitations in analyzing the relationship between land surface temperature 

and the presence of breeding sites with or without larvae in only a single period in time.  

The land surface temperature values derived from a single image on May 13, 2015 

(during the rainy season) cannot explain the variability that could account for the 

differences in temperatures from mosquito breeding site observations that were 

collected at different periods of the year. For instance, our model showed that a decrease 
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in temperature increased the probability of the presence of a larval site. Although 

statistically significant, the minimal difference in temperature means (0.35°C) in 

describing a household with larval site and household without a larval site is likely due 

to having not separated mosquito breeding site observations across the different seasons 

in which they were collected and analyzing temperature within a similar time period. 

This is likely a limitation for the other environmental variables as well. Other limitations 

include the inability to conduct accuracy assessments of our environmental variables, 

like land cover and NDVI.  Additionally, the validation of our model was limited to 

presence-only points, and therefore, the predicted probabilities of habitat absences is 

unknown. Although only validating the predictive abilities of our model for the 

presence of a breeding site limits our understanding of our model’s predictive power, it 

is also important to note that there are limitations in using absence data in habitat 

modeling due to the uncertainties in determining whether an area is truly uninhabited 

by a species. 

The results of this study indicate that the spatial resolution (30m) of the Landsat 

8 multispectral bands and spatial resolution (100m) of the thermal bands are potentially 

too coarse to characterize the environmental determinants of mosquito breeding sites in 

the Bungoma East District in Western Kenya. The coarse spatial resolution limits the 

variability detectable across environmental variables that is important to the small-scale 

areas of mosquito habitats, especially within the Bungoma East District that 
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encompasses a very heterogeneous area in terms of land use and topography.  

Another limitation to this study includes our lack of further analysis on the 

effects of scale on the relationships between the mosquito habitats and environmental 

variables. Some studies have further examined how the relationships between species-

environment interactions change as the scale at which these relationships are examined 

changes (Vittor, A. Y. et al., 2009). For instance, the importance of land cover variables 

might change as the scale becomes coarser from 30 square meters to 1 square kilometer 

around the mosquito habitats since the scale differences will change the distribution of 

land cover variables examined. Given the variety of satellite sensors available that offer 

remote sensing imagery at varying spatial scales, it is likely that researchers operating at 

different scales will reach different conclusions about the importance of certain 

environmental variables and mosquito habitats. Therefore, although we identified the 

importance of NDVI, urban/road land cover, soil moisture, and LST as important 

environmental variables in describing mosquito breeding sites in this study area, we 

cannot generalize relationships at one spatial scale of 30-100m² to all spatial scales. 

Further analyses should include a comparison between Anopheles species-environment 

relationships at multiple scales.  
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5. Conclusion 

Mapping mosquito breeding sites plays an important role in malaria control 

programs.  The present study showed that freely available Landsat 8 imagery has 

limited use in deriving environmental characteristics of malaria vector habitats at the 

scale of the Bungoma East District in Western Kenya. Nonetheless, we were still 

successful in describing some important factors related to malaria vector sites, such as 

NDVI, soil moisture, land cover types, and land surface temperature. 
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