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Although remotely sensed data have been used in public health studies, these studies are often limited by the
critical choice that has to be made in data selection: either using data with high spatial but low temporal
resolution, or data with high temporal but low spatial resolution. This choice creates significant limitations for
time-dependent epidemiological studies, since it is often essential to have datasets with high spatial and
temporal resolution. Effectively synthesizing high temporal resolution imagery with high spatial resolution
imagery can potentially ease this limitation. To this end, we conducted an experiment by creating a series of
simulated ASTER datasets by fusing ASTER and MODIS data with the STARFM image fusion model. These
simulated datasets are then used to derive the following urban environmental variables: normalized
difference vegetation index, normalized differencewater index, and land surface temperature. These variables
are used to quantitatively examine the effects of urban environmental characteristics on West Nile Virus
dissemination in Los Angeles County, California, where the epidemic was most prevalent in the United States
in 2007. Mosquito surveillance data were collected from the weekly summary reports published in the
California West Nile Virus website. A spatial–temporal analysis of WNV dissemination was conducted by
synthesizing remote sensing variables and mosquito surveillance records. We focused on assessment of WNV
risk areas in July through September due to data sufficiency of tested-positive mosquito pools. Moderate- and
high-risk areas of WNV infections in mosquitoes were identified for five selected time windows,
i.e., epidemiological weeks 30–31, 32–33, 34–35, 36–37, and 38–39. The results show that elevation and
urban built-up conditions were negatively associated with the WNV propagation, while LST positively
correlated with viral transmission. NDVI was not significantly associated with WNV transmission during the
studied time intervals. San Fernando Valley was found to be the most vulnerable to mosquito infections of
WNV within the City of Los Angeles. With the complementation of high-spatial resolution ASTER and
high-temporal resolution MODIS images, the fused image datasets allow for estimating environmental
parameters at desired epidemiological weeks. This paper provides important insights into how high temporal
resolution remote sensing imagery might be used to study time-dependant events in public health, especially
in the operational surveillance and control of vector-borne or other epidemic diseases.
Inc.
Published by Elsevier Inc.
1. Introduction

Remote sensing technology has been used to study health-related
issues or events in the past three to four decades (Cline, 1970). Remotely
senseddataarehelpful in investigating transmissionprocessesofdiseases
(Beck et al., 2000; Tatem et al., 2004a). Prediction models and warning
systems were developed for infection surveillance and control by
employing satellite data (Beck et al., 1997; Cooke et al., 2006; Winters
et al., 2008). Satellite imagery, such as those from Advanced Spaceborne
Thermal EmissionandReflectionRadiometer (ASTER), Landsat,Moderate
Resolution Imaging Spectroradiometer (MODIS), and Advanced Very
High Resolution Radiometer (AVHRR), have been used to derive
environmental variables pertaining to the habitats of disease vectors
(Beck et al., 1997; Brooker et al., 2002; Estrada-Peña, 2002; Hu, 2009; Liu
et al., 2008; Tatem et al., 2004b). With 15 m spatial resolution in visible
and near infrared (VNIR) bands, ASTER imagery has been employed as an
important data source in understanding urban landscapes and environ-
ments at the local scale (Liu et al., 2008; Liu & Weng 2009). Liu et al.
(2008) assessed the association between ASTER-derived environmental
conditions and WNV dissemination in Indianapolis, Indiana, and found
that agriculture and water coverage, length of streams, and wetlands
were closely associated with WNV propagation. A recent WNV study in
Chicago further demonstrated that built-up land, vegetation cover, and
the percentage of water showed strong correlations with WNV invasion
(Liu & Weng, 2009). However, ASTER's temporal resolution (16-day
revisit), plus the impact of cloud cover, lead to the lack of imagery data for
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preferred time interval(s) forpublic andenvironmental health studies.An
epidemic or a virus may spread rapidly on a daily or a weekly basis. In
previous studies of disease spread or virus dissemination, remotely
sensed environmental variables were obtained only at a much longer
time interval (Liu et al., 2008; Reisen et al., 2006a,b; Reisen et al., 2009). In
contrast, MODIS imagery possessed very high temporal resolution, in
spite of a much lower spatial resolution (250 m–1000 m in visible to
infrared bands).

Currently, no remote sensing system can provide data combining
bothhigh spatial resolution and revisit capabilities. To take advantage of
moderate spatial resolution Landsat TM imagery and high-temporal
resolution of MODIS, Gao et al. (2006) developed the Spatial and
Temporal Adaptive Reflectance Fusion Model (STARFM). This model
creates simulated surface reflectance images at Landsat spatial
resolution andMODIS acquisition dates based on aweighting algorithm
concerning spectral difference between input Landsat ETM+ and
MODIS surface reflectance, temporal change between input and
MODIS surface reflectance on the date of simulation, and the location
distance between the simulated pixel and its surrounding pixel with
similar spectral characteristics. Hilker et al. (2009b) applied the model
to generate dense time series Landsat data for a coniferous location in
central British Columbia, Canada, and successfully identified the
phonological patterns by calculating Normalized Difference Vegetation
Index (NDVI) from simulated Landsat reflectance values. Anderson et al.
(2011) estimated daily evapotranspiration from Landsat and MODIS
evapotranspiration image pairs at the continental scale based on
STARFMmodel.

West Nile Virus (WNV) is amosquito-borne flaviviruswith a natural
transmission cycle of bird–mosquito–bird, humans or other mammals
(Weaver & Barrett, 2004). The first recorded WNV outbreak in North
America was reported from New York City in summer 1999, and the
virus has been disseminated extensively throughout the rest of the
country and Canada, and possibly Mexico (Deardorff et al., 2006). The
rapid transmissionofNorth-AmericanWNVepidemic indicates efficient
enzootic amplification (Weaver & Barrett, 2004). Although many other
mosquito species have been reported with WNV infection in the North
American, Culex species are believed to be the primary vectors (Turell
et al., 2001). The geographical invasion of WNV is linked to the
occurrence of both avian reservoir host and mosquito vector, which is
associated with the environmental and social-economic conditions that
affect the distribution and population of specific birds and mosquito
species (Bertolotti et al., 2008; Gibbs et al., 2006; Reisen et al., 2005).
Local climate is an important driver in the reproduction and survival of
mosquitoes (Epstein et al., 1998). Higher temperatures may contribute
to the faster distribution and wider spread of WNV (Liu &Weng, 2009;
Reisen et al., 2004; Ruiz et al., 2010; Soverow et al., 2009). Temperature
variations across land surfacewithin limited distances tend to influence
the viral transmission by changing the extrinsic incubation period in
mosquitoes (Reisen et al., 2006b). Because mosquitoes thrive in hot,
humid environments (Dohm et al., 2002), this exacerbation in
temperature demonstrates the potential role of urban environments
in WNV dissemination owing to the effect of urban heat island (Weng
et al. 2004). Some findings show that land cover types such as
vegetation and built-up areas were closely associated with WNV
dissemination (Cooke et al., 2006; Liu et al., 2008; Ruiz et al., 2004).
Urbanization has been linked with WNV propagation as a risk factor in
the northeastern United States (Brown et al., 2008; Liu & Weng, 2009).
Elevation was observed to be related to the disseminations of WNV in
different regions (Eisen et al., 2008; Ozdenerol et al., 2008).

With the dearth of remote sensing imageswith simultaneously high
spatial and temporal resolutions, the environment-driven transmission
processes of diseases may not be well understood and monitored with
desired timelines. By using the STARFM image fusion model, this study
simulatedASTER surface reflectance for selected dates in a series of time
windows based on ASTER and MODIS surface reflectance images. We
then derived environmental variables (vegetation index, water content
index, and land surface temperature) from simulated ASTER datasets to
study the association between the environmental conditions and WNV
dissemination in Los Angeles County, California, where the epidemic
wasmost prevalent in the United States in 2007. It is hypothesized that
more accurate risk assessment maps can be produced with the
temporally enhanced ASTER images.

2. Methodology

2.1. Study area

The studiedarea covers 95%of theCity of LosAngeles (LA), California,
USA and nearby locations: portions of Simi Valley in Ventura County,
Santa Clarita, Burbank, Inglewood andEast LosAngeles (Fig. 1). This area
contains both flat and hilly terrains stretching from the coast through
the San Fernando Valley to the north, comprising 3059 km2 of land and
453 km2 of water. The city of Los Angeles possesses a Mediterranean
climate with dry summers and moist winters. Precipitations are
typically expected in late fall, winter, and spring (SCDWR, 2009). Its
coastal area usually receives slightly less precipitation and more
precipitation in the mountain areas. The average high temperature is
29.3 °C in August and 20.1 °C in January based on the weather record
from the Downtown-University of Southern California campus. Tem-
perature transitionsbetween the inland and coastal areas canbeobvious
and closely related to elevation and distance from the coast.

California has become one of the most affected states for WNV
epidemics in the USA since the virus was initially detected in 2003
(Reisen et al., 2004). Southern California, especially the LA City and the
southern San Joaquin Valley in Kern County, has reported the greatest
number of WNV infections in both birds and mosquitoes in the state
according to Centers for Disease Control and Prevention (CDC). The
moderate Mediterranean climate facilitates the mosquito breeding
which in turnencourages thepropagationofWNV in the state (Reisen et
al., 2004). Culex pipiens quinquefasciatus and Culex tarsalis were the
dominantWNV vectors in LA County with theminimum infection rates
(MIRs) of 6.2 and 3.9 respectively in LA County in 2004 (Kwan et al.,
2010). TheMIR is currently used by CDC's arbovirus surveillance system
ArboNET and local public health departments. It equals to (number of
tested positive pools/total tested specimens×1000). As shown in Fig. 1,
all the tested-positive mosquito pools in the LA City in year 2007 fell
within the study boundary. A spatial cluster of positive pools can be
observed in San Fernando Valley in the northern part of the LA City.
Although mosquito control activities have been actively conducted in
the state (Carney et al., 2008), the viral transmission seems to continue.
The severe status of the WNV epidemic in the area makes this study
significant. The unique distribution of virus infections, diverse climate
conditions, and varied elevation in the in situ area indicates a good
location for studying the relationship between urban environment and
WNV dissemination. Well-organized mosquito control programs and
detailed surveillance data in the state makes the research possible.

2.2. Data collection and pre-processing

We focused our study on the mosquito infections in the
epidemiological weeks 30–39 between July and September in 2007,
since those months had the highest record of mosquito infections. The
epidemiological weeks were defined as a standardized time variable
for the purpose of epidemiological surveillance (Norms and Standards
in Epidemiology, 1999). Each epidemiological week is a seven-day
period beginning on Sunday and ending on Saturday. The first
epidemiological week of the year is determined to finish on the first
Saturday in January if it contains at least four days of themonth. If not,
it begins in December of the previous year.

Mosquito surveillancedata (both tested positive andnegative pools)
were collected from the weekly summary report published on the
California West Nile Virus website, a joint operation between the



Fig. 1. The geographical location of study area. The tested-positive mosquito records in 2007 were mapped. The population of cities is based on U.S. Census Bureau estimates in the
same year.

Table 1
ASTER and MODIS data used in image fusion.

Satellite data Acquisition date
(day/month/year)

Spatial resolution
(m)

Terra ASTER L1B
(Expedited Registered
Radiance at the Sensor)

07/08/2007 VNIR: 15
09/17/2007⁎ SWIR: 30
12/31/2007 TIR: 90

Terra MOD11 MODIS 09GHK
(Daily Surface Reflectance)
and Terra MODIS 11A1 LST/E
(Land Surface Temperature
and Emissivity)

07/08/2007 500 (reflectance)
07/28/2007 1000 (LST)
08/12/2007
08/24/2007
09/10/2007
09/17/2007⁎

09/24/2007

⁎ Images used for validation.
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California Department of Public Health, UC (University of California)
Davis Center for Vectorborne Diseases, California Department of Food
and Agriculture, and Mosquito and Vector Control Association of
California. The mosquito records tested by the Center for Vectorborne
Diseases (CVEC) at UC Davis included surveillance site ID, number of
mosquitoes in each tested pool, species names, collected dates, received
dates, city, county, and result (Negative orWNV). The records tested by
local agencies contain surveillance site ID, number ofmosquitoes in each
pool, species names, collected date, city, county, testmethod, and result.
The number of mosquitoes in each tested pool varies from 8 to 50 in the
studied time intervals with 23% of the pools having 50mosquito counts.
A pool was not considered positive again once a positive case was
counted. An aerial spraying of mosquito adulticide was usually
conducted after a pool was tested to be positive and some revisits
might be performed as follow-ups. It is notable that the aerial spraying
efforts tended to effectively reduce the infections and disrupt the viral
transmission in the local areas (Carney et al., 2008). We collected the
geographical coordinates of each surveillance site in Los Angeles County
and the surrounding counties from the surveillance map published in
CALSURV. Limited by the number of tested-positive mosquito pools, we
studied the mosquito infections on a bi-weekly basis instead of a single
epidemiological week: epidemiological weeks 30–31 (07/22-08/04),
32–33 (08/05-08/18), 34–35 (08/19-09/01), 36–37 (09/02-09/15), and
38–39 (09/16-09/29).
A series of Terra ASTER andMODIS scenes were acquired for image
fusion process (see Table 1 for a complete list). The simulated images
would be used to derive environmental conditions relevant to WNV
transmissions. Our principle of date selection was to select a date
closest to the middle of each bi-weekly time window with low cloud
cover (b10%). These carefully selected dates were considered as
representatives of corresponding time intervals based on the assump-
tion that there were no significant changes in environmental
conditions occurred across the surface within each given bi-weekly
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window.We aimed to capture the gradual changes in the environment
across the time windows from July to September by evaluating
the environmental conditions in each selected date (desired time-
interval) using the simulated datasets. The Fast Line-of-sight Atmo-
spheric Analysis of Spectral Hypercubes (FLAASH) atmospheric
correction module was applied to create the surface reflectance data
based on ASTER L1B data acquired on 07/08/2007, 09/17/2007, and
12/31/2007. Note: we needed the surface reflectance of the visible red,
Near Infrared (NIR), and Short-Ware Infrared (SWIR) bands to derive
vegetation index and water content. TheMid-Latitude Summer (MLS)
atmospheremodelwas applied to the images acquired on 07/08/2007,
09/17/2007 and 12/31/2007. The rootmean square errors between the
calculated ASTER surface reflectance images and MODIS 09GHK daily
surface reflectance data ranged from 0.033 to 0.062 at three image
dates (see Table 2 for details). All the ASTER bands (VNIR, SWIR, and
TIR) were georectified using a polynomial geometric model (RMSEs:
0.5–0.6) and registered to the USGS 1:24000-scale topography map.
SincewewoulduseVNIR, SWIR and TIR bands to derive environmental
variables for WNV analysis, both TIR and SWIR surface reflectance
imageswere resampled to possess the same spatial resolution as those
of VNIR surface reflectance images (15 m) using the nearest neighbor
method. The 500 m-spatial resolutionMODIS daily surface reflectance
data were also resampled to 15 m and geocorrected (RMSEs: 0.8–0.9)
using USGS topography map as reference, making them ready for the
image fusion. A study boundary was determined based on the overlap
between two georectified ASTER scenes acquired on 07/08/2007 and
12/31/2007 respectively.

2.3. Image fusion

The spatial and temporal adaptive reflectance fusion model
(STARFM) was developed to simulate Landsat-like surface reflectance
images based on MODIS surface reflectance images (Gao et al., 2006).
A model algorithm is given below:

L χω=2;yω=2;t0
� �

= ∑
ω

i=1
∑
ω

j=1
∑
ω

k=1
Wijk × M xi; yj; t0

� �
+ L xi; yj; tk

� �
−M xi; yj; tk

� �� �
ð1Þ

where L and M represent the Landsat and MODIS surface reflectance
separately, ω is the searching window size and (xω/2,yω/2) is the
central pixel of the moving window, (xi, yj) is a given pixel location for
a Landsat and MODIS image pair, tk is the acquisition date for the
image pair, and t0 is the acquisition date for a simulated date. The
weight Wijk decides the influence of each neighboring pixel to the
simulated reflectance of central pixel (xω/2,yω/2). Variable Wijk is
defined by three components: spectral difference between Landsat
and MODIS, temporal difference between the simulated and input
MODIS images, and location distance between central pixel and
candidate pixel (Gao et al., 2006).

We applied the STARFM model to simulate ASTER land surface
reflectance and land surface temperature for images dated on
07/28/2007, 08/12/2007, 08/24/2007, 09/10/2007, and 09/24/2007.
These five dates were considered as representatives of the five studied
time windows (epidemiological weeks 30–31, 32–33, 34–35, 36–37,
and 38–39). The reference images were acquired on 07/08/2007 and
12/31/2007. Since the STARFM model was originally developed based
Table 2
Root mean square errors (RMSEs) between ASTER and MODIS surface reflectance at
different image dates.

Band pair 07/08/2007 09/17/2007 12/31/2007

ASTER band 2 v.s. MODIS band 1 0.055 0.037 0.049
ASTER band 3n v.s. MODIS band 2 0.051 0.040 0.062
ASTER band 4 v.s. MODIS band 6 0.034 0.033 0.043
on Landsat and MODIS images, we needed to modify the model
parameters (image size, spatial resolution) for use in this study. A single-
band ASTER surface reflectance image and a single-bandMODIS surface
reflectance image, acquired on the same day with similar spectral
ranges, were considered as one image pair. Concerning the similarity of
spectral range,wematchedASTER band 2 toMODIS band 1, ASTER band
3n to MODIS band 2, and ASTER band 4 to MODIS band 6. Specifically,
two images (e.g., ASTER band 2 and MODIS band 1) acquired on
07/08/2007 (Date 1) and 12/31/2007 (Date 2) respectively, alongwith a
single-bandMODIS image (e.g.,MODIS Band1) acquired on a date (Date
3) between 07/08 and 12/31, were input to the STARFM for simulating a
single-layer ASTER surface reflectance image in Date3. The 09/17/2007
ASTER image was used for validation.

2.4. Vegetation and built-up indices calculation

The presence of grass and other vegetation helps to retainmoisture
and shade in the neighborhood, which provides a favorable habitat for
mosquito survival. Canopy and other green spaces enhance local bird
abundance and species diversity (Cavareski, 1976; Emlen, 1974),
which potentially contributes to the spread of WNV. Normalized
Difference Vegetation Index (NDVI) makes use of visible light and
near-infrared radiation to identify vegetation abundance and biomass
(Baldi et al., 2008; Botkin et al., 1984; Mänd et al., 2010; Myneni et al.,
1995; Pettorellia et al., 2005). Spatial and temporal NDVI data are
important in constructing hydrologic and climatic models in urban
areas (Botkin et al., 1984; Jensen, 2000; National Research Council,
2003). NDVI has previously been linked with the distributions of
disease vectors such as mosquitoes (Anyamba et al., 2002) and ticks
(Randolph, 2000). TheNormalized Difference Built-Up Index (NDBI) is
another satellite-derived index for assessing built-up conditions
(including exposed barren lands) based on near-infrared and short-
wave infrared radiations (Zhao et al., 2003). A close to zero NDBI value
is usually associated with vegetation while negative value linked with
water. Built-up areas usually possess positive NDBI values (Zhao et al.,
2003). Areas with less built-up conditions (including barren lands)
may likely providemore favorable habitats for mosquito breeding and
bird nesting, e.g., canopies, stagnant water after flooding, small
detention ponds, settled sewage systems in old neighborhoods with
relatively bigger canopies, and underground catch basins (Ruiz et al.,
2007; Savage & Miller, 1995). In order to examine the possible
influences of vegetation and urban built-up conditions on the WNV
propagation, we calculated both NDVI and NDBI using the following
formulas:

NDVI ¼ band3n− band2
band3n þ band2

ð2Þ

NDBI =
band4� band3n
band4 + band3n

ð3Þ

where band 2 is simulated ASTER surface reflectance in the visible red
channel (0.63–0.69 μm), band 3n is the simulated reflectance in the
near-infrared spectrum (0.76–0.86 μm), and band 4 is the simulated
reflectance in the short wave infrared range (1.6–1.7 μm). Both NDVI
and NDBI values range from −1.0 to 1.0. A negative or close to zero
NDVI value is usually associated with water while a small positive
NDVI linked with bare soil and larger positive value for vegetations. A
negative NDBI value usually indicates water body with a close to zero
value for vegetation and positive for built-up lands (Zhao et al., 2003).

2.5. Land surface temperature calculation

Reisen et al. (2006b) suggested that in a California study warmer
summer temperatures contributed to viral transmission and minor
temperature variations at the local scale, and also tended to effectively
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influence the viral transmission in situ because the infective life (IL) is
linked with an exponential function of the extrinsic incubation period
(EIP) (IL=Pn/− ln P, IL: infective life (IL), P: daily probability of survival-
ship, n: EIP) (MacDonald, 1957). When temperature increased about
2.3 °C from Long Beach on the coast to Monrovia close to the Angeles
National Forest in the north in August, 2004, the potential decrease in
the EIP was from 17.9 to 12.4 days and the duration of IL was almost
doubled from 1.4 to 2.6 days given a daily probable survivorship of 0.9
(Reisen et al., 1991; Reisen et al., 1992). Reisen's results (2006b)
concluded that temperature variations tended to amplify in the
summer. In this study, we used satellite-derived land surface temper-
ature (LST) as another potential explanatory predictor of viral
transmission. A temperature and emissivity separation (TES) algorithm
has been developed and used to estimate LST with ASTER data (ASTER
Level-2 product (AST_08): Surface Kinetic Temperature). However TES
was demonstrated to be less accurate over low spectral-contrast
surfaces (e.g., agriculture) (Gillespie et al., 1998; Jimenez-Munoz et al.,
2006; Sobrino et al., 2007).Wedecided to retrieve LST fromASTER band
13 for each of two dates (07/08/2007 and 12/31/2007) by using the
formulas developed by Jiménez-Muñoz and Sobrinowith TIGR61 as the
atmospheric sounding database (Jimenez-Munoz & Sobrino, 2003,
2010; Sobrino et al., 2004). The first step was to calculate spectral
radiance and brightness temperature:

Ly;b13 = NDb13
−1

� �
× UCCb13

ð4Þ

Tb =
K2

ln
K2

Ly;b13
+ 1

 ! ð5Þ

where Lγ,b13 is spectral radiance of ASTER band 13, NDb13 is the digital
number of ASTER band 13, UCCb13 is ASTER Unit Conversion Coefficient
(UCC) for band 13 (normal gain: 0.005693 Wm−2 sr−1 μm−1/DN), Tb
is brightness temperature, K1 (865.65 Wm−2 sr−1 μm−1) and K2

(1349.82 K) are coefficients determined by effective wavelength of
ASTER band 13 (10.657 μm) (Jimenez-Munoz & Sobrino, 2010).

The second step was to apply the Jiménez-Muñoz and Sobrino
(JM&S)'s Single-Channel (SC) algorithm to retrieve the land surface
temperature (Ts) (Jimenez-Munoz & Sobrino, 2003, 2010) formulas as
follows:

Ts = γ ×
1
ε

ψ1 × Lsensor + ψ2ð Þ + ψ3

� �
+ δ ð6Þ

γ ¼ T2b

K2 × Ly;b13 × ½ Lγ;b13
K1

þ 1�
ð7Þ

δ = Tb � γ × Lγ;b13 ð8Þ

where Ts is LST, γ and δ are parameters depend on the Planck's
Radiance Function, ε is surface emissivity calculated using the NDVI
method as shown in Eqs. (9), (10), and (11):

ε = εbare soil + εf ull vegetation−εbare soil
� �

× PV + Ci ð9Þ

Pv =
NDVI−NDVIbare soil

NDVIf ull vegetation−NDVIbare soil

 !2

ð10Þ

Ci = 1� εbare soilð Þ × 1−Pvð Þ × F × εf ull vegetation: ð11Þ

In Eq. (9), surface emissivity εwas calculated from NDVI according
to Sobrino & Raissouni (2000). It is noted that although the thresholds
in Sobrino's NDVI method can be easily assessed based on NDVI
histogram, it is difficult to assess the soil emissivity without
knowledge of the linear relationship between emissivity and surface
reflectivity for ASTER visible band (red band) following Sobrino's NDVI
method when NDVIs are less than certain value (e.g., 0.2). Therefore,
NDVI thresholds were not considered with the method of emissivity
calculation developed by Jimenez-Munoz et al. (2006). Pv is the scaled
NDVI representing vegetation proportionwith a value equaling to one
for full vegetation cover and zero for bare soil (Carlson & Ripley, 1997).
The values ofNDVIbare soil andNDVIfull vegetation in Eq. (10)were obtained
from theASTERNDVI histogram. Since the study area includes bothflat
and elevated terrains, the cavity effect Ci in Eq. (11) needed to be
considered in emissivity estimation. Ci can be estimated from
geometrical models, and F is a shape factor with the value from 0 to
1 (Sobrino et al., 1990). Without the availability of necessary
geometrical factors (e.g., tree height and width), a mean value (0.55)
was given to F assuming various geometrical distributions, according
to Sobrino et al. (2004). The vegetation emissivity (εfull vegetation) was
obtained by adding a small value (Ci=0.005) on a typical vegetation
emissivity (0.985) accounting the cavity effects in the study area,
according to Sobrino & Raissouni (2000).

The ASTER Spectral Library Version 2.0 was used to choose a typical
soil emissivity (εbare soil). There are total 69 soil spectra classifiedasAlfisol
(9 samples), Aridisol (14 samples), Entisol (10 samples), Inceptisol (7
samples), Lunar (17 samples), Mollisol (9 samples), Spodosol (1
sample), Utisol (1 sample), and Vertisol (1 sample) in the spectral
library (Baldridge et al., 2009). According to the SoilDataMart sponsored
by the U.S. Department of Agriculture Natural Resources Conservation
Service, the City of Los Angeles and its surrounding areas contain various
types of soils mainly falling in three classes, Alfisol, Entisol, andMollisol.
With the absence of soil emissivitymeasured in the field or laboratory, a
mean emissivity value for those three classes were selected and filtered
according to ASTER band13 filter function as εbare soil (0.970) to apply for
Eqs. (9) and (11). Kirchhoff's Law (ρ=1−ε) was applied to convert
hemispherical reflectance collected in the ASTER spectral library to
surface emissivity (Nicodemus, 1965). The final formula for emissivity is
thus given by

ε = 0:986 + 0:00358 × Pv ð12Þ

ψ1,ψ2, and ψ3 in Eq. (8) are atmospheric functions empirically
obtained from 2nd-order polynomial fits versus the atmospheric
water vapor content based on TIGR 61 database (Jiménez-Muñoz
et al., 2009), according to Jimenez-Munoz & Sobrino (2010).

ψ1
ψ2
ψ3

2
4

3
5=

0:05327 �0:03937 1:05742
�0:48444 �0:74611 �0:03015
0:00764 1:24532 �0:39461

2
4

3
5 ×

ω2

ω
1

2
4

3
5 ð13Þ

where ω represents the atmospheric water vapor content. GPS
meteorological records provide necessary information for measuring
atmospheric water vapor content (Bevis et al., 1992; Rocken et al.,
1997). The real time integrated atmospheric water vapor from the
closest GPS site in dates 07/08/2007 and 12/31/2007 was obtained
from the University Corporation for Atmospheric Research (UCAR)/
COSMIC program Suominet real-time national GPS network (Ware
et al., 2000). The resulting LST maps had the same spatial resolution as
that of the resampled ASTER band 13 (15 m).

MODIS daily LST data for each date were collected and resampled to
match the spatial resolution of ASTER LSTmaps. Two pairs of ASTER and
MODIS LST images (dated 07/08/2007 and 12/31/2007 respectively)
were input into the STARFM to simulate ASTER LSTs (15 m spatial
resolution) for multiple dates during the epidemiological weeks
observed (07/28, 08/12, 08/24, 09/10, 09/24). We converted LST
datasets to be integer format to meet the parameter requirement of
STARFM. Since STARFM was designed to simulate surface reflectance
with 10,000 scale factor, we next converted the LST values to be
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comparable to surface reflectance values with real values ranging from
zero to one, e.g., a real temperature value 310.2(K) would be converted
to 3102 for inputting into STARFM.

2.6. Other environmental variables

There are significant variations in elevation in the study area that
may be significant enough to impact local climate. We therefore
acquired the U.S. Geological Survey (USGS) Digital Elevation Model
(DEM) image (30-m spatial resolution) and resampled it to be 15-m
resolution using the nearest neighbor method. This environmental
variable was used along with remotely sensed variables (NDVI, NDBI,
and LST) as potential explanatory variables for analysis of WNV
dissemination in Los Angeles.

2.7. Mapping risk areas

Previous studies have identified the risk areas of WNV based on
the locations of positive mosquito pools (e. g., Liu et al., 2008; Kwan
et al., 2010). It is necessary to include negative records in the risk
evaluation for better assessing the level of viral transmission (Bernard
et al., 2001). To evaluate the possible correlation between the
explanatory environmental variables and WNV dissemination in
mosquitoes, we integrated all the environmental data into individual
census blockgroups by calculating their means in each blockgroup. In
order to account both tested negative and positive surveillance
records, a pixel-based (15 m) Euclidean distance map (Ep) was
computed to assess the distance from each pixel to the presence of all
the tested-positive pools in weeks 30–39 (July–September), and
another pixel-based Euclidean distance dataset (En) was measured
based on the presence of all the tested-negative pools in the same
time period. A normalized Euclidean distance Eo was then generated
using the formula:

Eo = Ep � En
� �.

Ep + En
� �

: ð14Þ

The value of Eo ranges from −1 to 1, with value 1 representing a
zero distance to the negative pools (i.e., the lowest risk of WNV
infection), and value −1 indicating a zero distance to the positive
pools (i.e., the highest risk). Value 0 implies a location with identical
distance to both negative and positive pools which can be considered
as low to moderate risk. Some surveillance sites possessed both
negative and positive records because more than one mosquito pools
were sampled in those sites. In that case, we removed the negative
records from those sites in calculating Euclidean distance to negative
pools (En). The mean Eo was next calculated for each census
blockgroup which was used as one of the inputs for subsequent
correlation and regression analysis.

Bivariate Pearson correlation and step-wise linear multivariate
regression analysis were performed between the normalized Euclidean
distance to positive-tested mosquito pools (Eo) and the environmental
variables. Variables remained by the regression analysis were used to
calculate theMahalanobis Distance (MD). MD is a distance index based
on correlation between variables by which different conditions can be
analyzed (Mahalanobis, 1936). It has been used to examine the
similarity of one environmental/habitat setting to another one (e.g.,
Knick and Dyer, 1997).We usedMD to identify suitable habitats for the
dissemination of WNV in tested-positive mosquitoes. The formula to
calculate MD can be expressed as:

D xð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x−μð ÞTS�1 x−μð Þ

q
ð15Þ

where D(x) is MD, x is the vector of environmental variables, μ is the
mean vector of environmental factors for the locations (pixels) closest
to mosquito infections, S−1 is the inverse weighted covariance matrix
of environmental factors in those infected locations, and T indicates a
transposed matrix. Small MD values suggest more favorable habitats
for WNV-infected mosquitoes while greater values associate with less
suitable habitats. Assuming that MDs follows the Chi-square (x2)
distribution, we calculated the p-value for each MD and considered
pixels with p-value between 0.9 and 1.0 to be in high risk areas and
those with p-value between 0.6 to 0.9 in moderate risk areas. A risk
map was expected for each of the five windows, 30–31, 32–33, 34–35,
36–37, and 38–39. Since these time intervals were associated with
different numbers and locations of positive/negative mosquito pools,
a normalized Euclidean distance (Eo) was separately calculated for
each timewindowbased on positive and negativemosquito records in
each interval. Only pixels with Eob−0.9were selected as the potential
locations for viral transmission. Those pixels were used to calculate μ
and S−1 in MD assessment.

3. Results

3.1. WNV dissemination

The study area contained 86% of tested-positive mosquito pools in
LA County in 2007. Fig. 2 shows the number of tested-positive
mosquito pools in LA City and LA County. The first positive pool was
reported in the epidemiological week 25 (mid-June) from LA City, a
23-week delay after the earliest record was reported to the county
just outside of LA City. More positive pools were reported since then
and reached three peaks in weeks 31 (late July), 34 (mid-August), and
36 (early September). The infections became less frequent after that.
The temporal pattern of WNV dissemination throughout the year is
similar to what was reported from other studied areas, e.g., in
Indianapolis (Liu et al., 2008). However, WNV had a longer life span in
LA. Positive pools were detected even in epidemic week 46 in
November. This long duration may be linked to its generally warmer
temperature in the LA City throughout the year (Reisen et al., 2006b).

The overallMIR in the study areawas 3.33 in July–September, 2007.
Table 3 shows the MIRs for individual mosquito species using an Excel
add-in PooledInfRate (version 3.0) developed byDr. Brad Biggerstaff at
CDC. According to Table 3, three species, Cx. Stigmatosoma, Cx.
Quinquefasciatus, and Cx. Tarsalis demonstrated higher infection rates
with MIR equal to 8.51, 3.87, and 1.42 respectively. This finding is
consistentwith a time-series analysis for LA County between 2003 and
2008, which examined species vulnerability to WNV infection (Kwan
et al., 2010).

3.2. Image fusion validation

For validation purposes, we compared the ASTER surface reflectance
data for image date 09/17/2007 with the simulated surface reflectance
for the samedate. Fig. 3 shows theobserved and simulated images in the
visible red, near infrared and shortwave infrared bands. Each pair of the
observed and simulated surface reflectance looked very similar in terms
of spatial variations and the statistics for all the bands. The absolute
difference between the observed and the simulated surface reflectance
was less than0.2 for all bands, amongwhich theSWIRband received the
lowest difference, manifesting the best image fusion result. The slightly
better prediction in SWIR band may be explained by less atmospheric
scattering effect on longer wavelength.

3.3. Urban environmental conditions

Fig. 4 shows NDVI images based on simulated surface reflectance
in visible red and NIR bands. As observed in the figure, all five dates
demonstrated similar variations in NDVI values with minor temporal
changes. These images had very similar mean values of close to 0.2,
with standard deviations being close to 0.2 as well. The northeast
corner (San Gabriel Mountains) and southwest corner (Santa Monica



Fig. 2. Tested-positive mosquito surveillance records in Los Angeles in year 2007.
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Mountains stretching along the coast) possessed the highest values of
NDVI, indicating the greatest vegetation abundance. San Fernando
Valley in the northern part of LA City yielded a moderate NDVI value
with a mix of vegetation and built-up lands. The lowest NDVI was
found in the central and south of the LA City, Simi Valley and highly
elevated ridges on the west (e.g., Rocky Peak Park), and northwest
corner (City of Santa Clarita), which had very limited vegetation cover
but possessed dense built-ups and some exposed barren lands.

Fig. 5 shows NDBI computed based on the simulated surface
reflectance in NIR and SWIR bands. All five image dates have similar
mean values of NDBI (−0.03–0.01) and standard deviations (0.08–
0.11). Relatively smallerNDBI valueswere observed in the SanFernando
Valley, which possessed abundant vegetated areas. The Downtown
Central City and South communities exhibitedmix of low andmoderate
to highNDBI valueswith highly developed land. Some vegetation pixels
at the Santa Monica Mountains and San Gabriel Mountains possessed
positive NDBI values, while areas to the west and north had the highest
NDBI values owing to the existence of exposed lands in the mountains
and some urban development.

Fig. 6 shows the calculated LSTs in the five dates. It is not surprising
that higher LSTswere found in highly-urbanized areas in the south of LA
City in Los Angeles Basin while well-vegetated Santa Monica Mountains
stretching along thecoast andSanGabrielMountains in thenortheastern
corner of LA City (Fig. 4) possessed much lower temperatures. The San
Fernando Valley also showed quite high LSTswith wide-spread built-up
comminutes. Some high LST spots can be observed in the northwest
corner of the image where Santa Clarita City is located, as well as in the
west central area,which is awell-developed Simi Valley, fragrant coastal
sage scrub, sandstone boulders, outcroppings, and native grasses. The
Table 3
Mosquito species tested for WNV infection in the study area, July–September, 2007. The MIR
with 95% confidence.

Mosquito species No. pools reported No. positive po

Cx. Stigmatosoma 13 1
Cx. Quinquefasciatus 483 63
Cx. Tarsalis 45 2
Cx. Erythrothorax 35 0
Cs. Incidens 7 0
Cx Thriambus 5 0

⁎ Minimum infection rate.
northwest corner showed relatively higher temperatures whichmay be
associated with exposed soil or bare ground. The temperatures
(minimum, maximum, and mean) kept dropping from 07/28/2007 to
09/24/2007, except on 09/10/2007, which was about 3 °C higher than
the previous date 08/24/2007. The northeast corner showed elevated
values of LSTs on August 24. This observation agreed with the values on
MODIS LSTmap and also conformed to the local weather record for that
day. This unexpected warmer temperature might have something to do
with an aberration in the local weather for that day. The standard
derivations were quite similar for all the image dates with less than 1 °C
variation.

3.4. Risk areas of WNV

Table 4 shows the results of step-wise linear multivariate
regression analyses between WNV infections in mosquitoes and the
environmental variables. Elevation showed negative relationship to
WNV infections in mosquitoes based on its positive relation to the
normalized Euclidean distance. This finding indicates that areas with
higher elevations were less susceptible to WNV infections. It has been
found that mosquito species (e.g., Cx. Pipiens, and Cx. Tarsalis) were
abundant in the plain habitats with lower elevations (e.g., b1600 m)
and warmer temperatures, but became less prevalent in elevated
areas and foothills with slightly lower temperatures (Eisen et al.,
2008). Elevation showed negative relationship to WNV infections in
mosquitoes based on its positive relation to the normalized Euclidean
distance (standardized coefficient: 0.423). This finding indicates that
areas with higher elevations were less susceptible to WNV infections.
It has been found that mosquito species (e.g., Cx. Pipiens, and Cx.
was calculated based on bias-corrected maximum likelihood estimation (scale: 1000)

ols MIR⁎ Lower limit Upper limit

8.51 0.47 44.67
3.87 3.00 4.92
1.42 0.26 4.65
0.00 0.00 2.22
0.00 0.00 10.81
0.00 0.00 20.03
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Fig. 3. A comparison of surface reflectance retrieved from ASTER L1B radiance (observation) and simulated surface reflectance on 09/17/2007. ASTER and MODIS image pairs
acquired on 07/08/2007 and 12/31/2007 were used as the references.
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Fig. 4. NDVI images calculated based on simulated surface reflectance (visible red and NIR bands) and basic statistics (maximum (MAX), minimum (MIN), mean (MN), and standard
deviation (SD)).
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Tarsalis) were abundant in the plain habitats with lower elevations
(e.g., b1600 m) and warmer temperatures, but became less prevalent
in elevated areas and foothills with slightly lower temperatures (Eisen
et al., 2008). LST tended to be positively correlated to WNV infections,
which indicates that areas with relatively lower LSTs tended to more
resistant to WNV dissemination. Higher temperatures may facilitate
the multiplication of mosquitoes which potentially promote WNV
propagation (Reisen et al., 2006b). NDBI was found to weakly
negatively correlate with WNV infections in mosquitoes while
positively associating with normalized Euclidean distance. Relatively
less developed land on the ground surface can provide favorable
habitats, e.g., ditches, retention or detention ponds, and creeks for
mosquito breeding (Batzer and Resh, 1992). Highly developed
downtown Los Angeles possessed much fewer canopies for bird
nesting with less shade or stagnant water for mosquito breeding.
NDVI was not significantly linked with viral transmission in the LA
area. This absence appeared to disagree with previous findings that
vegetation facilitated the dissemination of WNV by providing
favorable habitats for mosquito breeding (Eisen et al., 2008; Liu &
Weng, 2009; Ward et al., 2005). This apparent contradiction may be
associated with the fact that a great portion of elevated lands in LA
were well covered by vegetation but with relatively lower temper-
ature and thus likely smaller mosquito population. The standardized
regression coefficients indicate that elevation and urban built-up
conditions were more crucial in the WNV spread than land surface
temperature.

We calculated the minimum, maximum, and mean values of
elevation and the simulated environmental variables (NDBI, LST, and
NDVI) for pixels with tested-positive or negative mosquito pools
(Table 5). Note that we chose a Horvitz-Thompson weighted (Horvitz
and Thompson, 1952)mean sincemore than onemosquito pools were
tested in some surveillance sites. As shown in Fig. 1, all the negative
and positive poolswere located in relatively lower terrains. Pixelswith
positive mosquito pools (positive pixels) tended to possess common
characteristics throughout the studied weeks: lower terrains, limited
built-up lands, warm land surface temperatures, and good amount of
vegetation. This observation agrees with previous studies in other
regions, e.g., Colorado, Chicago, and Indianapolis (Eisen et al., 2008; Liu
et al., 2008; Liu & Weng, 2009). However it is interesting to observe
that the weighted mean elevation of positive pixels tended to
gradually decrease from weeks 30–31 (237.92 m) to 38–39
(201.75 m) with a temporary rise in weeks 34–35 (253.07 m). In the
weeks 34–35, the tested-positive mosquito pools were collected from
both lower terrain surface (minimum: 182 m) and higher land
(maximum: 366 m). The unique occurrence in this time window
indicates the degree to which the 2007 invasion of the virus in LA City
impacted the higher elevation areas. Further research is needed to
determine the extent of vertical expansion by combining climate
conditions with surveillance records from more years.

The weighted mean temperature of pixels with positive pixels
reduced across theweeks from July (44.89 °C) to September (33.83 °C)
except for a temporary increase in weeks 36–37 (40.52 °C). The
distinct temperature rise in weeks 36–37 may correspond to the
temporary increase of LSTs (minimum, maximum, and mean) on
09/10/2007 (Fig. 6). This unexpected increase of LST seemed not to
change the spatial pattern of WNV dissemination abruptly based on
the mosquito surveillance records. This temperature increase also did
not appear to influence the result of risk-areas assessment because no
moderate or high risks were identified in that particular area. The
changes in altitudes and temperatures indicate that the dissemination
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Fig. 5. NDBI images calculated based on simulated surface reflectance (NIR and SWIR bands).
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of WNV tended to move towards lower altitudes when the
temperature drops from July to September. Neither the weighted
mean NDBIs nor the weighted mean NDVI of positive pixels varied
significantly across the timeline (Table 5). This consistency may be
linkedwith long leaf-on season and build-up conditions in LA. Overall,
the detected temporal changes of environmental conditions, where
positive mosquito infections were reported, indicate that the WNV
dissemination tended to bemore active in lower altitudeswith limited
built-ups mingled with vegetation and when overall temperature
dropped due to change of seasons.

Comparing the statistics of the pixels containing positive and
negative mosquito pools, it is interesting to observe that positive
pixels tended to have a narrower range of elevation variations than
that of pixels with negative pools (negative pixels). In the epidemic
weeks 36–37, the elevation difference was 30 m (from 213 to 243 m)
for positive pixels and 534 m (from 14 to 548 m) for negative pixels.
This narrow range of elevation variations indicates a possible
threshold for the vertical transmission of the virus. Further research
is needed to identify the possible causes of this narrow vertical extent.
There were slight differences in weighted mean values of NDBIs
between positive and negative pixels, since NDBI was negatively
associated with viral transmission. The weighted mean LST for
positive pixels was higher than that of negative pixels at all times.
Although theminimum LSTs for pixels with either negative or positive
pixels were above the minimum temperature (14.3 °C) required for
virus replication in mosquitoes (Reisen et al., 2006b), positive pixels
tended to have narrower ranges of LST variations than those of
negative pixels. This observation is similar to what was observed on
elevation as discussed earlier. The narrow range in LST indicates
stricter temperature threshold for active viral transmission. In
addition, pixels with infected pools tended to have slightly higher
weighted mean NDVI than those with negative pools across the time
period. Further studies are necessary to fully explain mosquito
ecology and related viral presence and spread.

Fig. 7 shows the spatial distribution of risk areas of WNV infection.
The risk areas (bothmoderate- and high-risk) appeared predominantly
in or near the San Fernando Valley close to the Burbank and Glendale
areas, where elevation changes were limited and vegetation abundance
was notablewith consistentmoisture. The spatial distribution tended to
stretch from east to west without significant expansion on the north–
south direction. More specifically, in the epidemic weeks 30–31 (July
22–August 4), the identified risk areas were stretched through several
communities in or around the San Fernando Valley (fromWest Hills to
Canoga Park, Winnetka, Reseda, Northridge, Van Nuys, North Hills,
Panorama City, Mission Hills, Pacoima, and to Sun Valley)with high risk
areas mainly in the Winnetka and Pacoima areas. WNV risk tended to
further east to BurbankandGlendale in theweeks32–33 (August 5–18),
with high risk areas mainly in Reseda, Van Nuys, Panorama City, and
North Hollywood, although no significant increase in the number of
tested positive mosquito pools was reported for this period of time
(Fig. 2). The risk areas continued expanding to the east in weeks 34–35
(August 19–September 1) with an increasing number of mosquito
infections (Fig. 2).High risk areaswere identified inGlendale for thefirst
time, with moderate risk in Eagle Rock-Glassell, Highland Park, South
Pasadena, and Pasadena. These high risk areas were mainly located in
West Hills, Canoga Park, Northridge, Granada Hills, North Hills, and
Mission Hills. The risk areas shrank significantly in weeks 36–37
(September 2–15), whichweremainly distributed in Encino (high risk),
Sherman Oaks, Glendale, and South Pasadena area. The majority of
positive pools were reported from Envino in week 36 with no positive
record inweek 37, but negative pools were reported from other parts of
the study area in both weeks. The risk areas kept moving eastwards in
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Fig. 6. Simulated LSTs based on the fusion of ASTER LST and MODIS LST image data.
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weeks 38–39 (September 16–29) from Encino to El Sereno, with high
risk areas mainly found in North Hollywood, Highland Park, Lincoln
Heights, and El Sereno. This eastward moving trend may have
something to do with mosquito control efforts by the local mosquito
control agencies, e.g., aerial spraying of mosquito adulticide (Carney
et al., 2008).

4. Discussion and conclusions

This study has demonstrated an approach to investigate the effect of
environmental and climatic factors on WNV dissemination in Los
Angeles by using remotely sensed data and mosquito surveillance
records. The risk areas were assessed for only July–September in 2007
due to data sufficiency of tested-positive mosquito pools. In order to
improve the temporal resolution of environmental variables needed for
a WNV study, an image fusion model, STARFM, was employed to fuse
ASTER andMODIS imagery. Simulated surface reflectance of ASTER red,
Table 4
The unstandardized and standardized regression coefficients between normalized
Euclidean distance to tested-positive mosquito pools and explanatory environmental
variables. (R2=0.308).

Environmental
variables

Unstandardized
coefficients

Standardized coefficients

B Std. error Beta

Elevation 0.001 0.000 0.423
LST −0.037 0.002 −0.307
NDBI 0.404 0.116 0.048
Constant 0.786 0.070

Note: All the variables were correlated to WNV infections at the 0.01 significance level
(2-tailed).
NIR, and SWIR bands were used to derive NDVI, NDBI, and LSTs. Risk
areas ofWNV infections inmosquitoeswere thendetected and analyzed
for the epidemiological weeks 30–31, 32–33, 34–35, and 36–37. The
results show that elevation and urban built-up conditions were
negatively associated with the WNV propagation, while LST positively
correlatedwith viral transmission.NDVIwasnot significantly associated
withWNV transmission during the studied time period. Among the four
explanatory variables, elevation and LST seemed to play a more
important role in viral transmission based on regression analysis. San
Fernando Valley was found to be themost vulnerable toWNV infection
in 2007.

Detecting temporal changes of environmental variables with high
resolution is crucial inunderstanding theprocessofdiseasedissemination.
Fused images make it possible to better understand the land surface
patterns and processes that link with virus invasion at the local scale.
These temporally enhanced images are equally important to derive
relevant environmental variables with desired timelines and to construct
early warning systems for public health studies. Future research in public
and environmental health should be directed to improve the quality of
necessary image inputs for image fusion (e.g., better assessment on
surface reflectance andmore accurate measurement of LSTs), to enhance
the algorithms of image fusion for better simulation of terrain surfaces of
any types, and to derive other environmental variables that might be
related to viral transmission. It would also be interesting to include
remotely sensed social-economic and demographic data for studying the
interactions among human, environment, and virus transmission.

In this study, we used the single ASTER band (band 13) but not all
the five TIR bands (ASTER bands 10–14) to estimate the LSTs in those
representative dates. Although we received reasonable results with
good agreement to MODIS daily LST data, it is worthwhile to try other
LST estimation algorithms (e.g., TES algorithm). An examination on
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Table 5
Minimum (MIN), Maximum (MAX), and Horvitz-Thompson weighted mean (WMN) values of environmental variables for pixels with tested positive (+) and negative (−)
mosquito pools.

Weeks Result Elevation (m) NDBI LST (°C) NDVI

MIN MAX WMN MIN MAX WMN MIN MAX WMN MIN MAX WMN

30–31 + 213 285 237.92 −0.18 0.04 −0.09 39.76 45.46 44.89 0.21 0.49 0.32
– 14 428 166.26 −0.23 0.18 −0.01 27.46 46.30 39.96 0.01 0.56 0.25

32–33 + 162 238 211.60 −0.25 0.12 −0.11 41.24 45.08 42.28 0.18 0.46 0.39
– 20 484 219.55 −0.28 0.15 −0.07 31.68 45.70 40.26 0.09 0.63 0.37

34–35 + 182 366 253.07 −0.12 0.08 −0.09 35.06 39.18 36.84 0.18 0.50 0.32
– 20 428 204.79 −0.18 0.14 −0.02 29.02 40.18 36.31 0.05 0.57 0.31

36–37 + 213 243 216.15 −0.12 0.13 −0.08 37.78 42.56 40.52 0.25 0.51 0.36
– 14 548 192.61 −0.32 0.19 −0.03 30.84 45.58 39.43 0.01 0.53 0.26

38–39 + 162 219 201.75 −0.22 −0.15 −0.19 32.92 35.60 33.83 0.22 0.44 0.36
17 411 202.11 −0.29 0.15 −0.01 28.96 38.45 33.48 0.06 0.78 0.35

Fig. 7. WNV risk areas identified in epidemiological weeks 30–39 between July to September 2007 indicated by Mahalanobis Distance p-value (Pixel size: 15 m). The communities
containing the moderate to high risk are highlighted in grey.
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the possible linear relationship between emissivity and reflectance in
ASTER visible red band would likely improve the accuracy of
emissivity estimation. For this type of study, there is room for
improvement in the MODIS surface reflectance and LST products. The
reason for this assertion is that we have to use some MODIS surface
and LST data with missing values as inputs to the image fusion model
in order to maintain a reasonable time interval.

Image fusion procedure with STARFM provided reasonable
simulation results and effectively facilitated the derivations of
explanatory environmental factors for WNV study. There are some
documented limitations in STARFM, e.g., less capable to handle the
directional dependence of reflectance and to simulate surface
disturbance and heterogeneous fine-grained landscapes (Gao et al.,
2006; Hilker et al., 2009a; Roy et al., 2008; Zhu et al., 2010). Urban
environments are heterogeneous and spectrally diverse. Improved
image fusionmodels, such as Spatial Temporal Adaptive Algorithm for
mapping Reflectance Change (STAARCH) by Hilker et al. (2009a) and
enhanced spatial and temporal adaptive reflectance fusion model
(ESTARFM) by Zhu et al. (2010), may be more suited for public health
studies.

We did not assess the uncertainty caused by the resampling
procedure in this study because the potential differences in pixel
value caused by various resampling methods would less likely
influence the results due to the following reasons. First, the mosquito
surveillance sites were discrete points instead of continuous surfaces.
We estimated a group of relevant environmental variables (DEM,
NDVI, NDBI, and LST) by computing the statistics (MAX, MIN, and
weighted mean) for pixels containing tested positive or negative
pools. We did not expect that different resample methods would
make substantial changes in those statistics. Second, we created the
risk maps by evaluating the probability of Mahalanobis distance based
on the pertinent environmental conditions. The possible differences
caused by various image resampling methods would be minimized
during the calculation of p-value for each individual pixel.

We hypothesized that more accurate risk assessment maps can be
produced with the temporally enhanced ASTER images. Small (2005)
indicated that the characteristic scale for urban environments is
10–20 m based on his study of 14 cities in theworld.We assumed that
15 m spatial resolution was suitable for testing our hypothesis by
providing good details of environmental conditions. However, Weng
et al. (2004) suggested that the operational scale for LST was around
100 m based on a study in Indianapolis. A more systematic analysis is
warrant to evaluate the scale effect on risk area assessment in order to
determine which scale (spatial resolution) is the most appropriate in
theWNV transmission in an urban environment. The results from this
study can also be compared with those derived by using MODIS only
products.

The assessment of risk areas may be improved in the future. Aside
from the environmental variables used in the study, meteorological and
social-economic conditions, and some other environmental factorsmay
also be associatedwithWNVdisseminations, e.g., avian immune system
and habitats, precipitation, housing conditions (density and age),
infrastructures (e.g., sewage systems and transportation networks),
and local mosquito control efforts. Increased antibody immunity in bird
species may influence the viral transmission pattern (Brinton, 2009;
Ringia et al., 2004). An examination of the relationship between birds as
the host andmosquitoes as the vectorwill help to better understand the
viral transmission cycle. Rainfall records, when evenly distributed, can
be useful in studying the possible influence of rainfall on mosquito
breeding and propagation. Communitieswith older houses tend to have
moremature tree canopywith considerable sizes that provide favorable
habitats for bird nesting and shades for mosquitoes. Domestic and
international transportation movements may be linked with viral
transmission (Reisen et al., 2004). Accounting for localmosquito control
activities inWNV risk assessmentwill alsohelp to better understand the
presence of reported WNV infections. In addition, a more detailed
assessmenton the vertical extent of virus transmission and temperature
thresholds in the local area may help to better interpret WNV spread.
Other environmental factors, such as evapotranspiration that can be
derived from remotely sensed imagery, may serve as additional
explanatory variable in detecting and modeling WNV risk areas. The
WNV surveillance data used for this study was collected from CA
arbovirus summary reports. It is possible that positive mosquito pools
outside the range of sampling effort were not examined. More field in
situ measurements/records and entomological investigations are thus
needed to validate the observations. When the factors identified above
are all addressed, the accuracy of risk assessment will be improved and
the resultant risk maps will be more valuable.
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