
Satellite data

Introduction

Satellite data are collected with sensors mounted on
satellites and saved mostly in digital forms. When
satellite data are displayed in map format, they are
known as satellite images or satellite pictures. Satel-
lite data is also a synonym of satellite imagery.
Human eyes only see a small portion (spectral
band ) of the electromagnetic spectrum but satellite
sensors can pick up information in a much wider
range, allowing human to look at ultraviolet, infrared,
thermal, and microwave signals. Such satellite data
are displayed by using color-coded maps to pro-
vide meaningful patterns and relationships. Satellite
imagery is sometimes supplemented with aerial pho-
tography. Both of them are called remote sensing or
remotely sensed data; however, the former can more
easily cover a larger viewing area, whereas the latter
normally has higher resolution.

Satellites collect data relevant to a wide range of
environmental topics and there are a variety of satel-
lite data that are designed for different topics. Satellite
data can be categorized into weather, marine, and
earth-observation/land-resource satellite data though
sometimes they share common capabilities. There are
also communication satellite data and global position-
ing system (GPS) satellite data. This article focuses
only on earth-observation satellite data.

On 23 July 1972, NASA launched ERTS-1, later
renamed Landsat-1. This was the first civil imaging
satellite that had enough resolution, 80 m, to image
land-use/cover patterns of 180 × 180 km2 within a
single scene. Now there are over two dozen satel-
lites in orbit. The Landsat series have been per-
haps the most frequently used land-resource satellite
data around the world. While governmental satellites
continue to provide large-scale, multipurpose data,
such as moderate-resolution imaging spectroradiome-
ter (MODIS), commercial imaging systems tend to
generate satellite data with higher spatial resolutions.
The GeoEye-1 satellite, launched on 6 September
2008, has the highest resolution among earth imag-
ing systems and is able to collect images with a
ground resolution of 0.41 m in the panchromatic (or
black-and-white) mode. DigitalGlobe’s WorldView-1
provides images with a 0.5-m resolution and its

QuickBird satellites provide images with a 0.6-m
resolution. The total area of land on the Earth is
very large and individual images from high-resolution
systems cover relatively small areas. The five satel-
lites from RapidEye contain identical multispectral,
equally calibrated sensors so that they are capable of
covering relatively larger land areas.

The Nature of Satellite Data

The data acquired by digital spectral remote sensing
instruments can be characterized in three “dimen-
sions”: spatial, spectral, and radiometric. Additional
information may be available from multiple passes
(time dimension) or from multiple look angles (direc-
tional dimension).

Spatial Characteristics

A single sensor integrates the energy received across
the instantaneous field of view (IFOV) to produce
an electronic signal whose magnitude depends on the
nature of the observed scene (the average radiance
in the prescribed spectral band) and on the dwell
time. The nominal dimensions of the IFOV vary
from approximately 1–10 km for weather and marine
observation satellites down to 0.5–250 m for earth
resource multispectral and satellite-mounted radar
systems. Such a number represents the pixel size
on the ground that the satellite can resolve and
refers to spatial resolution. Spatial scale normally
means geographic dimension, which is particularly
important in making maps. The width on the ground
imaged by a satellite sensor system is called its
swath and is from tens to hundreds of kilometers
wide. Since the along track image can be taken
continuously, a scene size is an image strip with a
length equal to its swath width. In general, the higher
the resolution, the smaller the swath; the larger the
scene, the greater the spatial scale. A higher spatial
resolution provides more detailed ground features,
including both useful (signal) and unuseful (noise)
ones, and normally results in more complicated data
analysis. For visualization purposes, it is unnecessary
for spatial resolution to be higher than the smallest
size human eye can see at a given spatial scale.

Spectral Characteristics

Broadband multispectral instruments such as the the-
matic mappers (TM) on Landsat satellites integrate

Encyclopedia of Environmetrics, Online © 2006 John Wiley & Sons, Ltd.
This article is © 2013 John Wiley & Sons, Ltd.
This article was published in Encyclopedia of Environmetrics Second Edition in 2012 by John Wiley & Sons, Ltd.
DOI: 10.1002/9780470057339.vnn057



2 Satellite data

reflected energy over spectral bands that are on the
order of 0.1 μm (in the visible region) to 2 μm (in the
mid- and thermal infrared regions) wide, for a total of
up to six or eight spectral bands. Imaging spectrome-
ters have spectral resolutions on the order of 0.01 μm
and up to 200 or more spectral bands. These narrow
spectral bands do not have sharp cutoffs, however,
and the measured signal generally includes some out-
of-band response. Radar instruments typically use
only a small number of discrete wavelengths. The
number and the placement of the spectral bands that
are sensed represent the ability to distinguish surface
features and create thematic maps (see Remote sens-
ing). The number of spectral bands is known as spec-
tral resolution: the more the spectral bands, the higher
the spectral resolution. In satellite data analysis, a
high spectral resolution means a high dimensionality,
which needs to be parameterized with a large-sample
dataset [1]. Because only up to three spectral bands
can be displayed at a time, a satellite image is nor-
mally a subset of satellite data. An increased spectral
resolution is useful for quantitative analysis but does
not necessarily contribute much more for image visu-
alization. New bands or features can be derived from
the original spectral bands (see the section below).

Radiometric Characteristics

Several properties of electromagnetic radiation can be
measured: intensity, phase, and polarization. Among
them, intensity is used most frequently. The resolu-
tion of digital intensity data or radiometric resolution
is reported in bits, between 6 bits (i.e., 64 quan-
tization levels) and 11 bits (2048 levels) for most
remote sensing instruments. In general this quanti-
zation effect is small relative to the signal-to-noise
ratio (SNR) of the receiver, which in turn is limited
by the fact that the target area is distant and het-
erogeneous, and the dwell time is short. In addition,
measured radiance is a function not only of surface
reflectance but of other factors including topographic
shading and atmospheric transmission. Scattering and
absorption of radiation by aerosols is the most signifi-
cant and variable of these atmospheric effects at short
wavelengths (visible and near-IR). Speckle (coherent
scattering) is the primary limitation on the radiomet-
ric resolution of radar images.

Radar sensors can be used to determine topogra-
phy to high precision (centimeters) and to measure
the surface reflectivity or backscatter as a function of

the frequency, polarization, and illumination direction
of the sensing signal. When used as an altimeter,
direct use is made of the phase information in the
returned signal. Scatterometry uses both the intensity
and the polarization of the electromagnetic radiation.
Objects that are comparable with or large relative to
the wavelength appear bright, while those that are
small appear dark, so that, to first order, what is being
measured is surface roughness. However, backscatter
is also sensitive to the orientation of an object or
surface with respect to the sensor, and to the tar-
get’s electrical properties, including water content.
Imaging radars (synthetic aperture radars, or SARs)
create intensity images as a function of frequency and
using all four combinations of sending and receiving
polarization states.

Time Dimension

Most of land imaging satellites operate in sun-
synchronous polar orbits and cover the Earth about
14 times a day. This means that the tracks of the
satellites on the earth’s surface are approximately
periodic. Depending on the configuration of an
instrument aboard the satellite, repeat coverage is
obtained with various frequencies. For Landsat TM
imagery, for example, the repeat period is on the
order of 14 days. Moderate resolution imaging spec-
troradiometer (MODIS) aboard Terra images the
entire surface of Earth every one to two days,
although the satellite itself has a typical period of
16 days. The frequency of land coverage within cer-
tain time frame is referred as temporal resolution.
To increase temporal resolution, directional space-
borne instruments are sometimes used to acquire
off-nadir imagery by looking forward and backward
along the flight path. Views of the same terrain
from different angles provide information about the
bidirectional reflectance function (BDRF) of vegeta-
tion canopies, used to identify their structural and
architectural characteristics. The multiangle imaging
spectroradiometer (MISR) aboard Terra collects nine
simultaneous images in different directions, which
are combined using stereoscopic techniques to obtain
three-dimensional information about aerosols, clouds,
and smoke plumes in the atmosphere. Multiple-look
information also improves estimates of total reflected
flux from the earth’s surface (albedo). The unavail-
ability of satellite data at a certain time and loca-
tion is a common limiting factor for remote sensing
applications.
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Correcting Geometric and Radiometric
Distortion

The remote measurements are not controlled exclu-
sively, or even directly, by the variables of interest
at the surface of the earth. Therefore, an understand-
ing of the physical basis for remote sensing and the
characteristics of remote sensing data is necessary to
guide the modification of statistical and other stan-
dard methods for extracting information from data.
Generally several preprocessing steps are required
before such methods can be applied. These include
the correction of geometric and radiometric distor-
tions in the data as well as feature extraction for more
efficient data processing.

Spatial or geometric distortion in the image arises
from several sources. These include the curvature
and rotation of the earth, the wide FOV and plat-
form instability (both of which are smaller problems
for satellite instruments than for airborne sensors),
and panoramic effects of scanning instruments. Radar
data are affected by the relationship between terrain
slope and look angle. While the theory behind the
correction of geometric distortions is usually straight-
forward, its implementation may not be. One problem
is registering the image to a rectified grid. (The same
problem arises when two or more images or maps
from different sources are overlain, another com-
mon preliminary to data analysis.) Different orders
of polynomial interpolation methods are satisfactory
depending on the number of ground control points.
Ortho-rectification with topographic data is helpful
in removing geometric distortion of the satellite data.
In general, simple nearest-neighbor resampling meth-
ods may be preferred because these do not distort
spectral characteristics that will be used for spectral
matching and detailed identification of objects in the
scene. Most of satellite data obtained now have been
geometrically corrected by providers but it is neces-
sary for users to double check geometric distortion
particularly for change detection (see Remote sens-
ing) [2].

Radiometric distortions are introduced by the
atmosphere between the surface and the sensor.
Scattering in the atmosphere causes fine detail in
image data to be obscured, and the effect is larger
at the edges of the swath. Scattering is wave-
length dependent, and is also a function of rel-
ative humidity, atmospheric pressure, temperature,
and visibility (a measure of the concentration of

larger particles or aerosols in the atmosphere).
Conversion of top-of-atmosphere reflectances into
surface reflectances requires ancillary information
such as estimates of visibility (particulate concentra-
tion) and relative humidity [3]. When such informa-
tion is unavailable, bulk correction methods that do
not require such data may be used. However, newer
instruments incorporate correction algorithms based
on detailed radiative transfer modeling [4].

Feature Extraction

The corrected remote sensing data set is a large “data
cube” with two spatial dimensions and one spec-
tral dimension, in which each piece of information
is proportional to the radiometric energy associated
with one pixel in one spectral band. Occasionally, a
fourth dimension is present in the form of time or
direction. Sometimes, the directional information is
converted into a third spatial dimension. The data
could be viewed as a set of K-dimensional vec-
tors, where K is the number of spectral bands,
indexed by the nonspectral dimensions of the data
cube. However, a data cube is not simply a set
of independent K-dimensional observations; much
structure is associated with the other dimensions.
The extraction of information from remote sensing
data begins frequently with the assembly of a rel-
evant set of features to which statistical and other
algorithms can be applied. A new set or subset of
features is determined with feature extraction and
selection [5].

Some simplifying spectral transformations are
based on previous information about the reflectance
properties of the materials of interest. An example is
the normalized difference vegetation index (NDVI),
which is calculated from the reflected solar radi-
ation in the near-IR (N = 0.725−1.1 μm) and red
(R = 0.58–0.68 μm) wavelength bands as

NDVI = N − R

N + R
(1)

NDVI compresses the size of the data by replacing
the two spectral bands with a single new band/feature
and is capable of broadly distinguishing vegetated
areas from other surface types. There are dozens of
indices of this kind that can be derived from remote
sensing data [6].
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For hyperspectral data, K is large and the energy
for a given pixel is available as a finely quantized
function of wavelength. Therefore, the sample deriva-
tives of energy with respect to wavelength can be
estimated to provide additional statistics [7]. Effi-
cient representations of hyperspectral data for specific
types of analyses are also provided by various binary
coding systems [8].

Among statistical transformations, principal com-
ponents analysis (PCA) is a standard tool for data
compression and enhancement in many earth science
fields. However, PCA may fail to order the compo-
nent images according to decreasing SNR because
the signal has spatial structure or the noise has spec-
tral structure. Modifications involve transforming the
K-dimensional observations Zi = Si + Ni , where Si

is the signal of interest in the ith pixel and Ni is noise,
before applying PCA. Given estimates of the covari-
ance matrices of the measurements, �, and the noise,
�N, PCA can be applied to the noise-adjusted covari-
ance matrix FT �F, where FT�NF = I. Orthogonal
subspace projection (OSP) methods [9] require either
knowledge or estimates of the spectral structure of
the noise, so that PCA or noise-adjusted PCA can
be carried out in the subspace orthogonal to the
subspace defined by this interfering signal. Depend-
ing on the signal that is targeted, the first a few
bands with greater eigenvalues are not always prefer-
able [10].

Statistical transformations can also be tailored
using auxiliary information in the form of “ground
truth” for some of the pixels in the image or spectral
information about target elements. Given a training
set, Tu et al. [11] use canonical correlation analysis
for band selection. Jimenez and Landgrebe [12] opti-
mize a transformation by projection pursuit, using a
projection index that is a measure of separability of
the target classes in the training set.

Clustering is another approach to data reduction
and feature extraction. In the spectral domain, clus-
tering generates a set of spectral classes, while in
the spatial domain the result is a segmented image.
Statistical methods for the spectral domain are gen-
erally flexible split-and-merge algorithms [13]. Self-
organizing feature maps are used often, together
with neural net classifiers; see, for example, Blonda
et al. [2]. Camps-Valls et al. [14] use vector quan-
tization methods with optimal source coding, that
is, optimization of the codebook vectors based on
a training set with an appropriate metric. Image

segmentation has been performed using wavelet-
based multiresolution analysis [4], region-growing
methods [15], neural networks [16], fuzzy sets [17],
Bayesian morphology [18], and hierarchical random
field models [19].

Feature selection is a way of dimensionality while
maintaining the original spectral characteristics for
the selected features. Correlations between bands and
class sample data are often used for feature selection
so that classification accuracy is increased [20–22].

Working with Data from Multiple Sources

Information that is useful for improving classifica-
tion comes from other sources as well as the spatial
context. Categorical information is available from
existing thematic maps, such as might be produced
by conventional geological field mapping. Much dig-
ital information is stored in geographic information
systems (GIS). Human interpreters possess and use a
priori knowledge about objects such as roads, rivers,
and buildings. These data, even if they are spatially
referenced and digital, are frequently not on the same
measurement scale as remote sensing data, or not
stored using the same database structures, or are not
image data.

Two basic approaches to working with data from
multiple sources can be distinguished. One is “data
fusion” or “data integration,” in which data from
all sources are used simultaneously or sequentially
to arrive at the ultimate classification. Data fusion
methods are often employed to create an imagery
taking advantage of both panchromatic and multi-
spectral or hyperspectral sensors [23], and the new
imagery has a sharpened resolution [24, 25]. The
other is “decision fusion,” in which interpretations of
data from the different sources are combined to make
the final classification decision. Le H’egarat-Mascle
et al. [26] combine monosource classification results
using evidential reasoning, deriving the required
mass functions by an unsupervised method. Other
common decision fusion methods include weighted
consensus methods, where the weights assigned
to individual data sources reflect the reliability of
those sources, and joint likelihood formalisms [27].
Benediktsson and Kanellopoulos [28] propose a two-
stage approach, in which the first stage requires either
a majority or unanimity of the sources to agree on
a classification, and the remaining samples are then
classified in a second stage using a neural net.
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The effects of data fusion are found in the National
Land Cover Data (NLCD), which have been produced
for conterminous United States with Landsat TM
data acquired in 1992 and 2001. One of the most
significant differences between NLCD 1992 and 2001
is that there are apparently more impervious surface
area in 2001 than in 1992. This is because NLCD
2001 was made by integrating Landsat TM data with
road GIS data where NLCD 1992 was created with
only Landsat TM data.

While most of commercial satellite data can be
purchased from data providers, many governmental
satellite data can be downloaded without charge from
US government websites, such as US Geological
Survey’s EarthExplorer (http://edcsns17.cr.usgs.gov/
NewEarthExplorer/), US Geological Survey’s Earth
Resources Observation and Science (EROS) Cen-
ter (http://eros.usgs.gov/), US National Oceanic and
Atmospheric Administration’s Earth Observation
Group (http://ngdc.noaa.gov/dmsp/download.html),
and US Department of Agriculture’s National
Resources Observation Service (http://datagateway.
nrcs.usda.gov/GDGOrder.aspx).
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