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WHY?
The extreme weather events cause large number of adverse health outcomes. Heat waves and cold spells cause increase in mortality and hospitalizations for vulnerable population,
hurricanes and tornado cause an increase in trauma related hospital admissions. It has been shown that there could be substantial difference in the rate of hospitalizations for similar events conditioned on the climate patterns at patient’s locale. The climate differences play a major role in assessing vulnerability scores for different locations and efficiency of
an early warning systems and public health interventions. Climate classification allows separating a large continuous territory into smaller areas with similar weather conditions.

The goal of this work is to define, using remote sensing data, climate zones for the Cont. United States that would be useable for
a healthcare vulnerability assessment and forecasting and modeling of infectious diseases and health impacts of extreme weather

HOW?

RESULTS

MODerate-resolution Imaging Spectroradiometer (MODIS) on board NASA's
Terra and Astra satellites produces worldwide NDVI snapshot every 16 days.
The remote sensing data was downloaded from an FTP depository . The analysis used data set for the period from Jul 4, 2002 to March 13, 2012. There
were 228 individual snapshots in this data set. Each NDVI snapshot has a
worldwide coverage, with -180 to +180, -90 to +90 degrees extent, placed on
0.05x0.05 degree grid. For the climate analysis of the conterminous United
States we clipped the worldwide NDVI snapshot to a bounding box of -125 to -65, 24 to 50 degrees
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The water reflectance pattern should produce very low values in NDVI data.
However it often produced an uneven reflectance and the large water bodies needed to be masked in our analysis. The raster water mask was built based on a vector map data. The water mask is a snapshot in the same geographic coordinates as
an original data, with cell value of 1 indicating a land mass and with a value of 0 indicating large bodies of water It was
applied to the 223 NDVI snapshots prior to the analysis.
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NDVI data is a 223-dimensional data set. The data set is redun12 Principal The
dant and heavily correlated across time and space. The principal component analysis is a mathematical orthogonal transformation that crecomponents ates a set of variables from an original data set that is linearly independent. The first principal component contains the largest amount of
information with ach of the following components has diminishing marginal information. This causes the majority of useful information to concentrate in the first few components.
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The k-means unsupervised classification
algorithm groups data points based on the level of their
“similarity”, using Euclidean inter- and intra-cluster
distances.
The number of clusters decided based on the value of a
Calinski-Harabasz cluster validity index.

The convolution with a “majority” 15x15 kernel applied to the
output of the k-means algorithm. The “majority” kernel assigns
value to each point in the data set equal to the value of the majority points surrounding the point, excluding those that do not
have class values (ex: points over water). This transformation
kernelmakes inter-cluster edges less jagged, more smoothly defined,
and it removes smaller clusters within large areas.
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Zone Description
1. Cool wet summers; Cold moderately dry winters
2. Hot wet summers; Hot moderately wet winters
3. Temperate wet summers; Temperate wet winters
4. Temperate arid summers; Temperate arid winters
5. Hot, wet summers; Hot wet winters
6. Warm, wet summers; Cold moderately dry winters
7. Warm moderately dry summers; Moderate arid winters
8. Cool moderately dry summers; Cold arid winters

Population, Hosp, Rate
at risk
65+ y.o. per 10K Temp,
3.3MM (10.4%)
5.1MM (16.2%)
10.9MM (34.5%)
1.2MM (3.9%)
5.3MM (16.9%)
3.4MM (10.6%)
2.0MM (6.2%)
0.4MM (1.4%)

7,509
10,376
24,803
1,790
15,109
8,156
2,976
1,240

22.8
20.2
22.7
14.6
28.3
24.3
15.2
27.9

7.5 (5.9;9.1)
16.1 (13;19)
12.1 (10;14)
11.1 (7;15)
16.6 (14;19)
8.8 (6;11)
12.8 (10;16)
6.8 (5; 8)

Precip,
mm
845
737
1,088
253
1,254
699
4328.
358

Climate data shows well defined separation between climate zones based on seasonal characteristics, as well as annual temperature and precipitation parameters.
The largest population is in zone 3, 10.9 million persons at risk. The smallest
population belongs to zone 8, 400 thousand people at risk. The highest hospitalization rate due to hypothermia is in zones five, 28.3 and three – 27.9 hospitalizations per 10,000 persons at risk. The lowest rate is in zone 4, 14.6 and in zone
seven, 15.2 hospitalizations per 10,000 persons at risk. This data shows that relatively warm, south eastern region has highest rate of hypothermia hospitalizations per person at risk, whereas, a dry south-western region has the lowest rate.

Using Spatial Analyst and Zonal Analysis every zip code is assigned to a majority class. The zip code is a unit of analysis in the
healthcare data set. The person at risk is defined as an elderly
person, age 65 and older. The membership of a person at risk in a
particular climate zone is defined by his/her residential address.
The person is considered to belong to the same climate class as
the zip code where he/she resides. Using zip code allocation
computed an average number of elderly people (65 y.o. or older)
living in each climate zone for 16 years between 1991 and 2006
and determined a number of hospitalizations due to hypothermia,
Comparison of an objective clasan environmentally induced condition.

COMPARE

sification with existing KöppenGeiger climate zone divisions
shows a high degree of similarity between the two. However, it
also shows more intuitive cliToday the climate classiﬁcation of Köppen and Geiger is
mate divisions produced by objective clustering. For example,
assigned to the classical climatology and is called a gean original Köppen-Geiger classineric climate classiﬁcation. This is a classiﬁcation that
fication assigns Northern Montana and
identiﬁes climates in similarity to their effects on plant growth, which rely
Western New Mexico to the same climainly on aridity and warmth. There are five main climate zones, according
mate zone. This is not an intuitive clito the original Köppen Classification: zones A, B, C, D and E. Each location
mate division. The objective classification, on the other hand, intuiis assigned to a specific zone based on temperature and precipitation pattively places Northern Montana
terns. Each major zone is subdivided to several sub regions.
and majority of Nevada, Arizona
and New Mexico into separate
climatic regions. However Mississippi river delta, an irrigated
agricultural land is classified as
NDVI= (NIR-Red)/(NIR + Red)
The original Köppen-Geiger climate classification relied on proxy measurements, such as ambient temperature and aridity to identify climate simi- a separate climate area due to a
difference in crop types on the
larity relative to plant’s growth patterns. Recently with the application of remote sensors we can directly record properties of vegetation cover
without the need of proxies. The plant leaves reflect strongly in Near Infrared (NIR) part of the spectrum (wavelengths of 700 to 1000 nanomeirrigated land and surrounding prairie.
ters), while strongly absorbing in the Red spectrum (400 to 700 nanometers ). The NDVI is a ratio between the difference and the sums of reflecThis difference in vegetation cover
tance in these bands. The greater values of the index indicate stronger vegetation cover in the region. MODIS Terra and Astra satellites provide
does not necessarily reflect climate
worldwide coverage. The NASA produces twice a month a worldwide NDVI map from 2002 to present with 0.05 degree resolution.
differences in these adjacent areas.

Original Köppen-Geiger Climate Classification

NDVI: Normalized Difference Vegetation Index
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