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Abstract

Satellite imagery can be used to identify suitable habitat for mosquitoes in areas inaccessible or lacking sufficient ground-based information
about the environment but current applications are limited by the spatial and spectral resolution of the sensors. Here, models used to compare
prediction of the presence of Anopheles punctipennis larvae in Connecticut wetlands were built using stepwise logistic regression and compared
by Akaike's Information Criterion (AIC). Vegetation indices were extracted from three satellite sensor scenes (Hyperion, ASTER and Landsat-
TM) at three scales (pixel, wetland perimeter, and wetland area). The best models were developed using ASTER (ROC=0.80, p=0.01, AIC
65.37) and Hyperion (ROC=0.81, pb0.01, AIC 66.40) at the wetland area level. The Disease Water Stress Index (DWSI), a measure of leaf water
content, and Normalized Difference Vegetation Index (NDVI) were significant in many of the models. This comparison of satellite based models
demonstrates higher spatial and spectral resolution of ASTER and Hyperion resulted in more parsimonious models than Landsat-TM models. The
need for continued research and development into sensors with increased spatial and spectral resolution and the development of mosquito specific
indices is discussed.
© 2007 Elsevier Inc. All rights reserved.
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1. Introduction

Because of the dependent association between many
arthropod disease vectors and habitat, satellite data is increas-
ingly used to acquire spatially explicit information on habitats
used by arthropod-borne disease vectors (Beck et al., 2000;
Hugh-Jones, 1989; Pinzon et al., 2004). This information can
be used to develop vector distribution models and to identify
high risk areas that can be targeted in control operations
(Reviewed by: Graham et al., 2004; Ostfeld et al., 2005; Rogers
& Randolph, 2003). Landsat imagery in particular has been
extensively used to identify foci of mosquito-borne diseases
such as malaria (Beck et al., 1997; Diuk-Wasser et al., 2004),
⁎ Corresponding author. LEPH 600, 60 College Street, New Haven, CT
06511, United States. Tel.: +1 203/785 3223; fax: +1 203/785 3604.

E-mail address: durland.fish@yale.edu (D. Fish).

0034-4257/$ - see front matter © 2007 Elsevier Inc. All rights reserved.
doi:10.1016/j.rse.2007.10.005
West Nile virus disease (Brownstein et al., 2003), Venezuelan
equine encephalitis (Barrera et al., 2001), Eastern equine
encephalitis (Moncayo et al., 2000) as well as tick-borne Lyme
disease (Dister et al., 1997; Glass et al., 1995; Kitron &
Kazmierczak, 1997). These studies focus on vegetation as a
measurable index of resources that are necessary for arthropod-
borne disease vector survival or development.

Remotely sensed vegetation indices (VI) take advantage of
differences in spectral signatures to discern vegetation type
(Baret & Guyot, 1991; Bubier et al., 1997; Chuvieco et al.,
2002; Curran, 1989; Hirano et al., 2003; Schmidt & Skidmore,
2003), which can be related to vector habitat. The spectral
features measured are linked primarily to chlorophyll and water
content of plants (Vane & Goetz, 1993). Restricted spectral
resolution of traditional sensors in the visible and infrared
regions of the electromagnetic spectrum limits their ability to
distinguish among plant species which might provide more
specific information for identifying arthropod vector's habitat.
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Fig. 1. Map of Connecticut with circles representing the study sites. The inset provides an example of a single site with five sampling points marked.
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The higher spectral resolution of hyperspectral data provides
a unique opportunity to study vegetation due to the increased
ability to discern subtle spectral differences, allowing for de-
tection of plant biophysical and biochemical processes. Airborne
hyperspectral datasets have been used to identify plant species
(Asner, 1998; Kerr & Ostrovsky, 2003; Treitz & Howarth,
1999), detect plant stress (Carter & Miller, 1994; Penuelas &
Filella, 1998), and identify leaf water content (Penuelas et al.,
1997), however satellites have been less commonly used. The
potential use of hyperspectral data significantly increased in
2000, when NASA launched the Earth Observing-1 satellite
with the Hyperion sensor, the first high quality space-borne
hyperspectral spectrometer (NASA, 2001; Pearlman et al.,
2003). Townsend et al. (2003) found Hyperion and the Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) comparable in
prediction of leaf area index and canopy nitrogen concentration
and representation of ground-based field measurements. Other
satellite based studies have shown that narrow bands, especially
those in the short wave infrared (SWIR) region, are useful in
estimating leaf area index (Gong et al., 2003) and other vege-
tation attributes (Galvao et al., 2005).

In this study, space-borne VIs were used to characterize
mosquito breeding habitat. VIs derived from Hyperion were
compared with those from two multispectral satellite sensors:
Advanced Space-borne Thermal Emission and Reflection
Radiometer (ASTER) and Landsat-5 Thematic Mapper (TM),
with respect to their ability to predict Anopheles punctipennis
larval presence in Connecticut wetlands. These satellites differ
in spectral and spatial resolution, both of which are likely to
be relevant in modeling permissible mosquito habitat. The
objective of this study was to determine which of the sensors
resulted in the best prediction of the presence of A. punctipennis
larvae: Hyperion (highest spectral resolution), ASTER (highest
spatial resolution) or the traditionally-used Landsat-TM.

Environmental factors affecting larval habitat suitability
likely operate at different spatial scales. Specifically, presence
of larvae have been positively associated with the wetland size
(Schafer et al., 2004). The scale at which environmental indices
are evaluated is important to understand the processes that
define an organism's distribution (Dunning et al., 1992; Morris,
1987). Thus, in addition to evaluating differing satellite sensor
resolution scales, the importance of scale in predicting presence
of A. punctipennis larvae was examined.

This analysis focuses on A. punctipennis larvae as they
were themost common in the samples and provide themost robust
data for modeling purposes. It is a common and locally abundant
mosquito species occurring throughout the US and southern
Canada. The larvae occur in a variety of aquatic habitats, but are
most commonly associated with permanent or semi-permanent
wetlands with relatively clear, moving water (Andreadis et al.,
2005). Adults readily take human blood meals and have been
found to be infected with West Nile virus and other arboviruses
that can cause disease in humans (Andreadis et al., 2005). Herein,
the suitability of VIs from three satellite sensors were compared
with respect to accuracy in predicting the distribution of
A. punctipennis larvae across wetlands in central Connecticut.

2. Materials and methods

2.1. Larval sampling

Mosquito larvae develop in aquatic habitat of varying types
depending upon the species. Larvae progress through multiple,
usually 4 stages, before pupation and eclusion into adults. Most



Fig. 2. Scales of habitat included: (a) 3 pixel radius area around each sampling point, (b) the pixels that marked the perimeter of the wetland based on the NWI shape
file, and (c) the wetland area demarcated by the NWI shape file. The three scales are displayed over a land use classification scheme where green colors indicate
vegetation and red colors indicate artificial surfaces.
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females are dependent on a blood meal for egg production and
host preference for specific species is common. After a blood
meal, females complete the cycle by laying eggs near or on the
water's surface, depending on the species. There is species
specific variety in the type of water source used for breeding,
ranging from large bodies of fresh water, to brackish marsh, tree
holes, or artificial environments such as plant vases and garbage
cans. This study focused on natural breeding habitats, in par-
ticular natural, fresh-water wetlands.

Study sites were located in central Connecticut (Fig. 1). Each
20 km2 site represents multiple wetlands and multiple samples
collected from May to October, 2005. For each site, collectors
sampled all accessible wetlands. For larger, deeper wetlands
only the perimeter could be sampled, which corresponds to the
most common mosquito habitat. Multiple samples were col-
lected from each wetland within the multiple wetlands found in
a site, resulting in 512 samples. Collections within a few meters
of each other were considered one sample. These wetlands were
not treated to control mosquito populations during the time of
this study.

Wetlands occurring within each site were identified using
maps from the National Wetlands Inventory (NWI). NWI
classification scheme was derived from stereoscopic analysis of
high altitude photography. The NWI scheme is hierarchical and
classifies wetlands based on system (marine, estuarine, palus-
trine) and substrate (rock bottom, emergent wetland, reef, etc.)
(Cowardin et al., 1979). Only wetlands classified as palustrine
were identified and sampled. Larval mosquitoes were sampled
using a standard one-pint cup affixed to a wooden handle and
global positioning satellite coordinates were logged for each
sampling point. Mosquito specimens were transported to the
laboratory and fourth instar larvae were identified to species
using a dissecting microscope and an identification key
(Andreadis et al., 2005). Earlier instars were allowed to mature
to fourth instar before identification.

2.2. Satellite data

Hyperion was tasked specifically for this project. ASTER
and Landsat imagery were acquired from the Yale Center for
Earth Observation Data Archive. Data for this study included a
30 July 2005 Hyperion scene, a 23 June 2003 ASTER scene,
and a 03 July 2004 Landsat-5 Thematic Mapper (TM) scene.
Cloud-free TM and ASTER images were not available for the
summer of 2005. Seasonal differences have a greater impact
on undisturbed vegetation than annual changes so cloud-free
summer images were selected from the two prior years. The
landscape variables are not expected to have changed over this
time.

Hyperion acquires reflectance over 196 unique bands in
10 nm intervals from 400 to 2500 nm. It has a spatial resolution
of 30×30 m and a 7.7 km wide swath. ASTER has a 14 band
spectral resolution that spans the visible and near infrared (NIR)
(15 m spatial resolution), short wave infrared (SWIR) (30 m)
and thermal infrared (90 m). Landsat-5 TM acquires 6 bands
with 30 m resolution in the visible, NIR and SWIR and one
thermal band with 120 m resolution.

Images were geo-referenced to the 26 April 1985 Landsat-5
TM scene (UTM Zone 18N, Datum WGS 1984) using the
rotation, scaling, translation method, and a nearest neighbor
resampling algorithm. Atmospheric Correction for the Hyperion
and ASTER scenes was performed using Fast Line-of-Site
Atmospheric Analysis of Spectral Hypercubes (FLAASH) in
ENVI v4.2 (Research Systems, 2005). Atmospheric correction
for the Landsat-TM scene was implemented using the
preprocessing tools in ENVI. Sampling points within the sites
obscured by clouds were excluded from the analysis (6 for
ASTER, 13 for Landsat, 42 for Hyperion).

NWI shape files were used to identify the wetlands in the
sampling areas and to extract environmental data at the three
scales: pixel, wetland perimeter, and wetland area (Fig. 2). Re-
stricting the imagery data to a three pixel buffer focuses on the
local environment for the sample. The wetland perimeter analysis
corresponds to habitat of mosquitoes which are, when found in
natural water sources, commonly found along the shallow pe-
riphery. The wetland area level provides a measure of the general
wetland characteristics such as depth. These three scales were
selected to be relevant to the mosquito breeding habitat. For the
pixel level analysis, a buffer was generated with a radius of three
pixels around each of the sampling points using the Buffer Tool in



Table 1a
The vegetation indices available for all sensors

Index Formula (nm) Hyperion ASTER Landsat-TM Source Feature

Normalized Difference
Vegetation Index

NDVI 800� 680
800þ 680

B45� B33
B45þ B33

B3� B2
B3þ B2

B4� B3
B4þ B3

Lillesand and Kiefer (1994) Chlorophyll and energy
absorption

Disease Water Stress Index DWSI 803þ 549
1659þ 681

B45þ B20
B151þ B33

B3þ B1
B5þ B2

B4þ B2
B5þ B2

As described by Galvao et al. (2005) Measure of internal plant
water

Names of the indices are in the left column, followed by the acronym, the formula by reflectance, and for each of the three satellite sensors. The final two columns
provide the source for the equations and the features these indices measure.
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ArcGIS v9 (Environmental Systems Research Institute, 2004).
For the wetland perimeter level analysis, the wetland polygons
were converted into lines using the Feature to Line tool in ArcGIS
and VIs were calculated using only those pixels that intersected
the line vector files. For the wetland area analysis, the original
NWI wetland shape files were used and values for all pixels that
fell within the wetland polygon were extracted.

The satellite sensor scenes were manipulated in ENVI v4.2
using band math to generate the VI raster files. For each of the
three scales; pixel, perimeter, and wetland area, shape files were
imported as ENVI vectors to extract the vegetation index
values. NDVI and DWSI were used because these are common
across all sensors. Additional VIs specific to Hyperion were
also included as the narrow band indices are its defining
characteristic. Formulae for the VI are provided in Tables 1a and
1b. The minimum, maximum, mean and standard deviation VI
value for each polygon at the three scales were extracted. The
mean value is a measure across the whole wetland/perimeter/
collection point, while the standard deviation serves to assess
the heterogeneity. The minimum and maximum underscore the
range of each specific VI. For inclusion in the stepwise
hierarchical logistic regression models, selection between
minimum, maximum, mean and standard deviation for each
VI was based on the lowest p-value generated from single
covariate logistic regression models.
Table 1b
The vegetation indices available only with narrow band sensors

Index Formula (nm) Hyperion ASTER

Carter Miller Stress Index CMS 694
760

B34
B41

Same ba
as those
NDVI

Photochemical
Reflectivity Index

PRI 531� 570
351þ 570

B18� B22
B18þ B22

Both in

Water Index WI 900
970

B54
B83

Not
measure

Normalized
Difference Water Index

NDWI 864� 1245
864þ 1245

B51� B110
B51þ B110

1245 nm
Not mea

Red Edge Vegetation
Stress Index

RVSI 712þ 752
2

� 732
B36þ B40

2
� 732

Not
measure

Names of the indices are in the left column, followed by the acronym, the formula b
provide the source for the equations and the features these indices measure.
2.3. Statistical analysis

Forward stepwise logistic regressionmodelsweredeveloped to
predict the presence of larvae at each habitat scale using each of
the three sensors (p-value for entry = 0.2, p-value for
removal=0.3). Only those data points that were available across
all of the sensors (93 sampling points) were used. All variables
were scaled by dividing the values over the standard deviation and
analyses were conducted using Stata v9.0 (Stata Corp LP, 2005).
Correction for repeated measures in wetlands was performed
using the “cluster” option in Stata. Moran's Index, calculated
using ArcGIS, was used to test for spatial autocorrelation for total
A. punctipennis count across all wetlands.

Testing whether the model's predicted outcome was sig-
nificantly different from the actual outcome was performed
using Hosmer/Lemeshow (HL) goodness of fit (Hosmer &
Lemeshow, 1989). Only those models with HLN0.05 were
considered. The best model was selected based on Akaike's
Information Criterion (AIC) and models within 2 AIC units
were considered comparable; models within 7 AIC units have
less support but are still comparable; models with differences
greater than 10 AIC units are not comparable (Burnham &
Anderson, 2004). The area under the receiver operating char-
acteristic (ROC) curve is reported as a measure of diagnostic
accuracy (Swets, 1988).
Landsat-TM Source Feature

nds
for

Same bands
as those for
NDVI

Carter and
Miller (1994);
Pontius et al.
(2005)

Chlorophyll content

B1 Both in B2 Gamon et al.
(1997)

Correlated with carbon dioxide
uptake and gas exchange for
multiple plant types

d
Not
measured

Penuelas et al.
(1997)

Canopy water content

sured
1245 nm
Not measured

Gao (1996) Liquid water content of vegetation,
less sensitive to atmospheric scattering

d
Not
measured

As described
by Galvao
et al. (2005)

y reflectance, and for each of the three satellite sensors. The final two columns



Table 2
The stepwise regression models (pentry=0.2, premoval=0.3)

p-value pseudo-r2 GOF AUC AIC ΔAIC

Pixel (3 pixel buffer)
Landsat 0.002 0.11 0.12 0.66 71.96 6.59
NDVI_mean 0.002

ASTER Model not significant a

Hyperion 0.068 0.08 0.40 0.68 74.20 8.83
NDVI_max 0.068

Perimeter
Landsat 0.009 0.13 0.54 0.77 70.24 4.87
NDVI_sd 0.009

ASTER 0.012 0.14 0.52 0.76 69.19 3.82
NDVI_sd 0.012

Hyperion 0.024 0.13 0.31 0.71 72.14 6.77
DWSI_sd 0.104
PRI_sd 0.151

Wetland
Landsat 0.037 0.08 0.25 0.66 74.01 8.64
DWSI _max 0.037

ASTER 0.012 0.22 0.64 0.80 65.37 Best
DWSI _min 0.026
NDVI_max 0.010

Hyperion 0.006 0.26 0.96 0.81 66.40 1.03
DWSI_max 0.004
CMS_max 0.022
NDVI_min 0.027
NDWI_max 0.042

a Only those models with Hosmer Lemeshow pN0.05 were considered. For
this model, ASTER at the 3×3 pixel scale, no significant variables remained in
the model at the selected p-values.

2305H.E. Brown et al. / Remote Sensing of Environment 112 (2008) 2301–2308
The outcome of the model, probability for a wetland to have
A. punctipennis larvae, was calculated using inverse logistic
transformation (probability of presence=exp(y) / (1+exp(y))),
Fig. 3. Predicted presence of A. punctipennis larvae based on ASTER data extracted
maximize the accuracy of the model. Dark wetlands are those predicted to have larvae
where (y) is the linear predictors of the identified environmental
variables. To assess the accuracy of the model, 75% of the data
was randomly selected for model building and the remaining 25%
were used to test themodels. This resulted in 64 observations from
which to build the models and 29 for model validation. Using a
threshold probability to optimize both sensitivity and specificity,
samples were predicted as positive or negative and comparedwith
the 25% of data not used in the model development. Thresholds
can also be selected to reflect the goal of control efforts: higher
sensitivity to increase the likelihood that any wetland with larvae
is identified and higher specificity to insure that negativewetlands
are correctly ignored. Agreement between the predicted and the
actual presence in the validation dataset was performed using the
Kappa statistic (Landis & Koch, 1977).

3. Results

Of the 512 sampling points collected over the repeated visits
to the sites, 336 were positive for mosquito larvae of which 109
were positive for A. punctipennis. 93 of the sampling points
were available in all three images and used in the analysis.
Among the 64 observations from which the models were built,
18 were positive for A. punctipennis and 46 were negative for
A. punctipennis. The mean number of samples per wetland
was 3.9 (median 2). Awetland was considered positive, if it was
ever positive for A. punctipennis.

Sixteen mosquito species were identified in the wetlands
sampled, with A. punctipennis accounting for 346 of the total
2031 identified specimens. There was no significant spatial auto-
correlation between the samples for A. punctipennis (Moran's
Index=−0.009, Z score=−0.10, p=0.54).
at the wetland level. The cut-off threshold of 0.50 was selected for this map to
and where the recommendation would be to initiate mosquito control measures.
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The best model was developed using ASTER data at the
wetland area level, with the Hyperion model at the wetland area
level being comparable (Table 2). Both models are moderately
accurate with AUC values 0.80 for the ASTER model and 0.81
for the Hyperion model.

The selected models were:

Model 1) ASTER at the Wetland Area Level
Log Odds (A. punctipennis)=−2.03(DWSImin)+5.22
(NDVImax)+59.27
Model 2) Hyperion at the Wetland Area Level
Log Odds (A. punctipennis)=2.30(DWSImax)−19.30
(CMSmax)−15.05(NDVImin)−2.23(NDWImax)+53.75

These models can be used to generate a dichotomous out-
come map applicable to control efforts. A probability threshold
of 0.50 for Model 1 was found to maximize the number of
correctly predicted samples. Points above this threshold were
classified as positive and below were classified as negative
for A. punctipennis larvae. At this threshold, 13 of 18 were
correctly identified as having larvae and 33 of 46 were correctly
identified as being negative for A. punctipennis larvae. This
model was significantly better than chance (Kappa=0.57, p=
0.019). To create the predictive map, median presence/absence
predictions were used for each wetland based (Fig. 3).
Alternatively, a probability threshold of 0.25 could be used to
optimize sensitivity and specificity (13 of 18 correctly positive,
33 of 46 correctly negative, Kappa=0.39, pb0.001).

3.1. Model validation

The prediction was validated by using Model 1 to test the
outcome in the remaining 29 sampling points. Using the thresh-
old probability that maximizes accuracy (0.50) results in a non-
significant model (2 of 6 correctly predicted positive, 20 of 23
correctly predicted negative, Kappa=0.21, p=0.12). However,
using a cut-off probability of 0.65, 2 of 6 were correctly
identified as having larvae and 22 of 23 points as being negative
for A. punctipennis larvae. This model was significantly better
at identifying samples with and without larvae than chance
(Kappa=0.36, p=0.019).

4. Discussion

The model using ASTER data extracted at the level of the
wetland area achieved 33% sensitivity and 94% specificity for
identifying wetland samples with respect to their suitability for
A. punctipennis larvae. Presence of A. punctipennis was found
to be negatively correlated with the minimum DWSI and
positively correlated with the maximum NDVI at the wetland
area level using ASTER data. Using Hyperion data also at
the wetland area level, presence of A. punctipennis was pos-
itively correlated to the maximum DWSI and negatively corre-
lated with the maximum CMS, minimum NDVI and maximum
NDWI.

NDVI and DWSI are important predictors in the best two
models. This study shows that these two indices, biologically
relevant to the breeding and development of mosquito species,
are useful for the identification of mosquito habitat for A.
punctipennis.

NDVI is a commonly used VI for habitat studies and can be
measured in ASTER, Landsat-TM, and Hyperion using the
red and NIR bands of each sensor; 2–3, 3–4, and 33–45
respectively. Vegetative cover is important both in the breeding
habitat and as resting habitat for adult mosquitoes. High vege-
tation cover can also be linked to the presence of potential hosts
such as birds and other vertebrates. One would expect, as seen in
the models presented here, that higher NDVI is positively
associated with presence of A. punctipennis larvae. For these
reasons it has been shown to be of particular use in predictive
modeling of infectious disease distribution (Brownstein et al.,
2002; Gemperli et al., 2006; Kitron & Kazmierczak, 1997).

Less commonly used, DWSI is an index developed to detect
disease in sugarcane using Hyperion hyperspectral imagery
(Apan et al., 2004). This index, which focuses on the green, red,
NIR, and SWIR, was shown to be associated with areas of
sugarcane affected by orange rust disease. Here, this VI was
evaluated for its applicability for discerning mosquito habitat
among wetlands because of the inclusion of SWIR. SWIR is a
measure of moisture-based absorption and presumably related
to wetlands and to the availability of breeding habitat for A.
punctipennis.

In addition to the application of established indices for the
developing predictive models of the presence/absence of A.
punctipennis, this study highlights the importance of accounting
for the scale at which data are extracted. Models based on higher
spatial resolution (ASTER: 15 m2 pixel) and spectral resolution
(Hyperion: narrow bands) data resulted in better predictive
models than those derived using Landsat-TM data. Previous
work has shown the scale at which indices are extracted is
important for habitat identification (Dunning et al., 1992;
Morris, 1987; Schafer et al., 2004). Though it was expected that
the higher resolution satellite data would provide better models,
the data from the wetland area was unexpectedly more pre-
dictive than the more local scales. The shallow water of the
perimeter provides some protection from potential predators as
well as increased vegetation and food sources for mosquito
larvae, so we hypothesized that the perimeter model would
perform better as it is a better measure of critical habitat for the
mosquitoes. One explanation for the greater predictability of
wetland area model is that A. punctipennis is more commonly
found in open clear water and the entire wetland area data
may be capturing spectral signatures characteristic of open
water bodies.

Ideally, indices could be developed that are specific to
mosquito habitat rather than relying on VIs created for other
purposes. Endmember analyses identifies pure signatures within
the datasets and is one means to develop indices (Asner, 1998;
Gomez et al., 2005; Rashed et al., 2003). However, in New
England, this is not feasible with data of the resolution used in
this study as the vast majority of the forests are mixed decidu-
ous and pure pixels, which would allow for specific species
differentiation, are rarely found. As a result, this study used
established vegetation indices to identify habitat.
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This study identified several established vegetation indices,
and two in particular: NDVI and DWSI, that can be used to
develop predictive models of the presence or absence of a par-
ticular mosquito species, A. punctipennis. These indices are in-
directly related to mosquito distribution by identifying aspects of
the environment that are important to mosquitoes at different
developmental stages. Their utility indicates that remotely sensed
imagery can be successfully applied for this purpose. This study
also emphasized the importance of selecting the more relevant
habitat scale for the mosquito species being studied.

Surveys of mosquito species distribution is a labor intensive
endeavor that is burdensome on the constrained budgets of
departments of public health and the environment. As a result,
much of the mosquito control efforts are reactionary; responding
to outbreak foci or to complaints from citizens. Predictive maps
for the distribution of arthropod vectors and nuisance species
developed using remotely sensed imagery can maximize the
effectiveness of control measures, therefore optimizing the use
of the limited resources. This study indicates that the relatively
available ASTER data can be used to enhance predictive models
and established VIs are germane to this application.
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