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Fig. 4.15. Illustration of the modification of an image histogram to a pseudo-Gaussian shape.
a Original histogram; b Cumulative normal histogram; ¢ Histogram matched to Gaussian
reference

4.6
Density Slicing

4.6.1
Black and White Density Slicing

A point operation often performed with remote sensing image data is to map ranges
of brightness value to particular shades of grey. In this way the overall discrete
number of brightness values used in the image is reduced and some detail is lost.
However the effect of noise can also be reduced and the image becomes segmented,



102 4 Radiometric Enhancement Techniques

-pr-—-—————- ——
|
o e |
& . |
= b
= |
= |
(= —
= |
=2 |
a8 —_ | Fig. 4.16. The brightness value
é '——"‘ I mapping function corresponding
i 1 to black and white density
0 -1 slicing. The thresholds are user
0ld pixel brightness — specified
Red gun
100%—
1 ]
Green gun
100%—
|
Blue gun
100%—
Fig. 4.17. Simple example of creating the
look-up tables for a colour display device
|

to implement colour density slicing. Here
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or sometimes contoured, in sections of similar grey level, in which each segment is
represented by a user specified brightness. The technique is known as density slicing
and finds value, for example, in highlighting bathymetry in images of water regions
when penetration is acceptable. When used generally to segment a scalar image into
significant regions of interest it is acting as a simple one dimensional parallelepiped
classifier (see Sect. 8.4). The brightness value mapping function for density slicing
is as illustrated in Fig. 4.16. The thresholds in such a function are entered by the user.
An image in which the technique has been used to highlight bathymetry is shown
in Fig. 4.18. Here differences in Landsat multispectral scanner visible imagery, at
brightnesses too low to be discriminated by eye, have been mapped to new grey levels
to make the detail apparent.
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Fig. 4.18. [llustration of contouring in water detail using density slicing. a The image used is
a band 5 + band 7 composite Landsat multispectral scanner image, smoothed to reduce line
striping and then density sliced; b Black and white density slicing; ¢ Colour density slicing
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4.6.2
Colour Density Slicing and Pseudocolouring

A simple yet lucid extension of black and white density slicing is to use colours to
highlight brightness value ranges, rather than simple grey levels. This is known as
colour density slicing. Provided the colours are chosen suitably, it can allow fine detail
to be made immediately apparent. It is a particularly simple operation to implement
on a display system by establishing three brightness value mapping functions in the
manner depicted in Fig. 4.17. Here one function is applied to each of the colour
primaries used in the display device. An example of the use of colour density slicing,
again for bathymetric purposes, is given in Fig. 4.18.

This technique is also used to give a colour rendition to black and white imagery.
It is then usually called pseudocolouring. Where possible this uses as many distinct
hues as there are brightness values in the image. In this way the contours introduced
by density slicing are avoided. Moreover it is of value in perception if the hues used
are graded continuously. For example, starting with black, moving from dark blue,
mid blue, light blue, dark green, etc. through to oranges and reds will give a much
more acceptable pseudocoloured product than one in which the hues are chosen
arbitarily.

References for Chapter 4

Much of the material on contrast enhancement and contrast matching treated in this chapter will
be found also in Castleman (1996) and Gonzalez and Woods (1992) but in more mathematical
detail. Passing coverages are also given by Moik (1980) and Hord (1982). More comprehensive
treatments will be found in Schowengerdt (1997), Jensen (1986), Mather (1987) and Harrison
and Jupp (1990).

The papers by A. Schwartz (1976) and J.M. Soha et al. (1976) give examples of the
effect of histogram equalization and of Gaussian contrast stretching. Chavez et al. (1979) have
demonstrated the performance of multicycle contrast enhancement, in which the brightness
value mapping function y = f(x) is cyclic. Here, several sub-ranges of input brightness value
x are each mapped to the full range of output brightness value y. While this destroys the
radiometric calibration of an image it can be of value in enhancing structural detail.

K.R. Castleman, 1996: Digital Image Processing, 2e, N.J., Prentice-Hall.

P.S. Chavez, G.L. Berlin, and W.B. Mitchell, 1979: Computer Enhancement Techniques of
Landsat MSS Digital Images for Land Use/Land Cover Assessment. Private Communi-
cation, US Geological Survey, Flagstaff, Arizona.

R.C. Gonzalez and R.E. Woods, 1992: Digital Image Processing, Mass., Addison-Wesley.

B.A. Harrison and D.L.B. Jupp, 1990: Introduction to Image Processing, Canberra, CSIRO.

A. Hogan, 1981: A Piecewise Linear Contrast Stretch Algorithm Suitable for Batch Landsat
Image Processing. Proc. 2nd Australasian Conf. on Remote Sensing, Canberra, 6.4.1—
6.4.4.

R.M. Hord, 1982: Digital Image Processing of Remotely Sensed Data, N.Y., Academic.

J.R. Jensen, 1986: Introductory Digital Image Processing — a Remote Sensing Perspective.
N.J., Prentice-Hall.
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The sensor collects some of the electromagnetic radiation (radiance'?) that propagates upward
from the earth and forms an image of the earth’s surface on its focal plane. Each detector integrates

the energy that strikes its surface (irradiance'?) to form the measurement at each pixel. Due to sev-
eral factors, the actual area integrated by each detector is somewhat larger than the GIFOV-squared
(Chapter 3). The integrated irradiance at each pixel is converted to an electrical signal and quan-

tized as a integer value, the Digital Number (DN, )14 As with all digital data, a finite number of bits,
0, is used to code the continuous data measurements as binary numbers. The number of discrete
DNs is given by,

Npy = 2° (1-4)

and the DN can be any integer in the range,
DN, =10,29-1]. (1-5)

The larger the value of Q, the more closely the quantized data approximates the original continuous
signal generated by the detectors, and the higher the radiometric resolution of the sensor.

12.Radiance is a precise scientific term used to describe the power density of radiation; it has units of W-m2-
stl-um™ | e, watts per unit source area, per unit solid angle, and per unit wavelength. For a thorough dis-
cussion of the role of radiometry in optical remote sensing, see Slater (1980) and Schott (1996).

13.Irradiance has units of W—m‘z-um’l. The relationship between radiance and irradiance is discussed in
Chapter 2.

147 Also knownras Digiral Count.——
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1.5 Image Display Systems

Computer image displays convert the digital image data to a continuous, analog image for view-
ing. They are usually preset to display 8 bits/pixel in greyscale, or 24 bits/pixel in additive color,
achieved with red, green, and blue primary screen colors. Three bands of a multispectral image are
processed by three hardware Look-Up Tables (LUTs) to convert the integer DNs of the digital image
to integer Grey Levels (GLs) in each band,

GL = LUT,, . (1-7)

The DN serves as an integer index in the LUT, and the GL is an integer index in the video memory
of the display (Fig. 1-24). The range in image DNs is given by Eq. (1-5), while GL typically has a
range,

GL = [0, 255] (1-8)

range™

in each color. The hardware LUT can be used to apply a “stretch” transformation to the image DNs
to improve the displayed image’s contrast or, if the DN range of the original image is greater than
the GL range, the LUT can be used to “compress” the range for display. The output of the LUT will
always be limited according to Eq. (1-8).

Color images are formed from composites of the triplet of GLs corresponding to any three
bands of a multispectral image. With a 24-bit display, each band is assigned to one of three 8-bit
integers corresponding to the display colors: red (R), green (G), or blue (B). There are therefore 256

GLs available for each band. Every displayed pixel has a color defined by a triplet of GLs, which
we may consider a three-dimensional column vector RGB,17

RGB [GLp.GL..GLg]"

There are 256° possible RGB vectors, but fewer distinguishable display colors because there are no
monitors that can display all of the colors in the color cube. The exact color displayed for a given
RGB data vector depends on the phosphor characteristics and control settings of the monitor.
Computer monitors create color in an additive way; that is, a pixel with equal GLs in red, green,
and blue will appear as grey on the screen (if the monitor is properly adjusted); a pixel with equal
amounts of red and green, and with no blue, appears as yellow, and so forth. Certain color combina-
tions are widely used in remote sensing (Table 1-6). However, since many commonly-used bands
are not even in the visible spectrum, color assignment in the display image is arbitrary. The “best”

17.The triplet is conveniently written as a row vector in Eq. (1-9). The superscript T converts it to a column
vector by a transpose operation.
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FIGURE 1-24. The conversion from DN to GL to color in a 24 bits/pixel digital video display. Three images
are converted by individual LUTs to the three display GLs that determine the amplitude of the primary
display colors, red, green and blue. The last step is a digital-to-analog (D/A) conversion and combination
of the three channels to achieve the color seen on the monitor. At the bottom, the color cube for a 24 bits/
pixel display is shown; the vector RGB specifies any triplet of GLs within the cube.
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colors to use are those that enhance the data of interest. The popularity of the Color IR (CIR) type
of display derives from its emulation of color IR photography, in which vegetation appears as red
because of its relatively high reflectance in the NIR and low reflectance in the visible (Fig. 1-7).
Anyone with photointerpretation experience is usually accustomed to interpreting such images. The
natural color composite is sometimes called a “true” color composite, but that is misleading as there
is no “true” color in remote sensing—natural color is more appropriate for the colors seen by the
eye. The bands used to make TM CIR and natural color composites are shown in Plate 1-9.

Single bands of a multispectral image can be displayed as a greyscale image or pseudo-colored
by converting each DN or range of DNs to a different color using the display’s LUTs. Pseudo-
coloring makes it easier to see small differences in DN.

TABLE 1-6. Sensor band mapping to RGB display color for standard
color composites. A general false color composite is obtained by
combining any three sensor bands.

composite type
sensor natural color Color IR (CIR)
generic red:green:blue NIR:red:green
ALI 4:3:2 5:4:2
ASTER NA 3:2:1
AVIRIS 30:20:9 45:30:20
Hyperion 30:21:10 43:30:21
MODIS 13:12:9 16:13:12
MSS NA 4:2:1
SPOT NA 3:2:1
™, ETM+ 3:2:1 4:3:2
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atio Images

atio images are prepared by dividing the DN value in one

d by the corresponding DN value in another band for each
ixel. The resulting values are plotted as a ratio image. Figure
9 illustrates some ratio images prepared from TM bands of

the Thermopolis subscene. In a ratio image the black and white
extremes of the gray scale represent pixels having the greatest
difference in reflectivity between the two spectral bands. The
darkest signatures are areas where the denominator of the ratio
is greater than the numerator. Conversely, the numerator is
greater than the denominator for the brightest signatures,
Where denominator and numerator are the same, there is no
difference between the two bands.

For example, the spectral reflectance curve for vegetation
(Figure 3-1) shows a maximum reflectance in TM band 4
(reflected IR) and a lower reflectance in band 2 (green), Figure
8-29C is the ratio image 4/2, which is produced by dividing
DNs for band 4 by the DNs for band 2. The brightest signa-
tures in this image correlate with the cultivated fields along the
Wind River and Owl Creek (Figure 3-7H). Figure 8-29A is the
ratio image 3/1 (red/blue), in which red beds of the Chugwater
outcrops have very bright signatures.

Any three ratio images may be combined in red, green, and
blue to produce a color image. In Plate 14C the ratio images
3/1, 5/7, and 3/5 are combined as red, green, and blue, respec-
tively. Compare this image with the various Thermopolis color
images (Plate 2) and the interpretation map (Figure 3-8). The
signatures of the ratio color image express more geologic in-
formation and have greater contrast between units than do
color images of individual TM bands. An advantage of ratio
images is that they extract and emphasize differences in spec-
tral reflectance of materials. A disadvantage of ratio images is
that they suppress differences in albedo; materials that have
different albedos but similar spectral properties may be indis-
tinguishable in ratio images. Another disadvantage is that any
noise is emphasized in ratio images.

Ratio images also minimize differences in illumination con-
ditions, thus suppressing the expression of topography. In
Figure 8-30 a red siltstone bed crops out on both the sunlit and
shadowed sides of a ridge. In the individual Landsat TM bands
I and 3, the DNs of the siltstone are lower in the shadowed
area than in the sunlit outcrop, which makes it difficult to fol-
low the siltstone bed around the hill. Values of the ratio image
3/1, however, are identical in the shadowed and sunlit areas, as
shown by the chart in Figure 8-30; thus the siltstone has simi-
lar signatures throughout the ratio image. Highlights and shad-
ows are notably lacking in the ratio images of Figure 8-29.

In addition to ratios of individual bands, a number of other
ratios may be computed. An individual band may be divided
by the average for all the bands, resulting in a normalized ra-
tio image. Another ratio combination is produced by dividing
the difference between two bands by their sum; for example,
(band 4 ~ band 5)/(band 4 + band 5). Ratios of this type are
used to process AVHRR data, as described in Chapter 9.
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Change-Detection Images

Change-detection images provide information about seasonal
or other changes. The information is extracted by comparing
two or more images of an area that were acquired at different
times. The first step is to register the images using correspon
ing GCPs. Following registration, the digital numbers of ong
image are subtracted from those of an image acquired earlig;
or later. The resulting values for each pixel are positive, negas
tive, or zero; the latter indicates no change. The next step is.t¢
plot these values as an image in which a. neutral gray tone rep
resents zero. Black and white tones represent the maximum
negative and positive differences, respectively. Contras
stretching is employed to emphasize the differences.

The change-detection process is illustrated with Landsal
MSS band 5 images of the Goose Lake area of Saskatchewan:.
Canada (Figure 8-35). The DN of each pixel in the June 27
1973, image (Figure 8-35B) is subtracted from the DN of the
corresponding registered pixel in the September 7, 1973, im¢
age (Figure 8-35A). The resulting values are linearly stretched
and displayed as the change-detection, or difference, image
(Figure 8-35C). The location map aids in understanding

e
gy Ee
B." June 27,1973, image.

wle,

e,
e, "
e W

Agriculture a..

Mo,

A\,

W,
LI

adows

Co
i, RV
- AL g Sh

AT

ROV L
ST LR VA
PR VLI

NI ZRALLN ALy, YR

awn N .
Lty e C YRV, W e

W A ] .
o Agrictiture .

M

R
e AT

NP
RN e,

o e M
b avr

R

(AgB 0 sy T skm

C. Difference image (image A minus image B). D. Terrain map.

Figure 8-35 Change-detection image computed from seasonal Landsat MSS images,
Saskatchewan, Canada. From Rifman and others (1975, Figures 2-14, 2-15, 2-17).
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signatures in the difference image. Neutral gray tones repre-
senting areas of little change are concentrated in the northwest
and southeast and correspond to forest terrain. Forest terrain
has a similar dark signature on both original images. Some
patches within the ephemeral Goose Dry Lake have similar
light signatures on images A and B, resulting in a neutral gray
tone on the difference image. The clouds and shadows that are
present only on image B produce dark and light tones, respec-
tively, on the difference image. The agricultural practice of
seasonally alternating between cultivated and fallow fields is
clearly shown by the light and dark tones on the difference im-
age. On the original images, the fields with light tones have
crops or stubble and the fields with dark tones are bare earth.
Change-detection processing is also used to produce differ-
ence images for other remote sensing data, such as between
nighttime and daytime thermal IR images (Chapter 5).

HARDWARE AND SOFTWARE FOR IMAGE
PROCESSING

The image-processing routines are implemented on computer
systems that consist of hardware and software, both of which
are evolving at a rapid rate. For example, when the second edi-
tion of this book was wriiten, in 1986, a typical state-of-the-art
image-processing system cost several hundred thousand dol-
lars and was supported by a supercomputer and peripheral
hardware costing tens of million dollars, In 1996 a stand-alone
desktop computer system costing $15,000 replaces the earlier
system.

Hardware

Personal computers can be classified according to their operat-
ing system: Mac OS (Macintosh Operating System), Windows
95, or Unix. This book is not the forum to debate the relative
merits of these systems. Most systems are acceptable; the
choice is largely based on personal preference. Figure 8-36
shows the basic components of a typical image processing sys-
tem, such as the one I use.

The data input/output components are used to read original
data, such as TM, into the system. The common current for-
mats are 8-mm tape and CD-ROM. The second function of the
input/output components is to record the digitally processed
data for later playback into image prints (hard copy). The out-
put function is also used to make backup records that safe-
guard against loss of data.

The original TM data are loaded onto the hard drive (not
shown in Figure 8-36) which stores the original data. Several
different data sets (TM, SPOT, digital terrain data) may be
stored and used concurrently to create a combination image.
During a processing session, a number of intermediate data
sets are generated and stored on the hard drive. Therefore the
hard drive should have several gigabytes (10° bytes) of mem-
ory, which is relatively inexpensive. The data are processed by
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Figure 8-36 Components of a typical interactive image-processing

system.

the central processing unit (CPU) which incorporates the ra
dom access memory (RAM), shown in Figure 8-36. T
amount of RAM influences the speed at which the data a
processed. RAM is relatively expensive, but several tens

megabytes are a minimum requirement. The system in Figu
8-36 has 96 megabytes of RAM and performs satisfactoril
New systems operate in a parallel-processing mode that acce
erates processing speeds. Data are divided into subsets, typ
cally four, which are processed simultaneously and reco

bined into output data.

Images and program information are shown on monito
which are digitally controlled color display screens. Larg
area, high-resolution monitors are desirable for most-oper
tions. The system in Figure 8-36 employs a second option
smaller monitor to display program information, which elimi
nates clutter on the large monitor. The keyboard and mouse ¢
able the operator to interact with the system.

Software

Software is a set of instructions that commands the hardw
system. A basic set of software (DOS, Apple, or Unix) is i
stalled to operate the system. Additional application softw;
is required for specific tasks, such as image processing. A v
ety of image-processing software is available for each of ¢
three operating systems. Table 8-1 is a representative list
commercial vendors of image-processing software. All of
software packages include routines for the basic operations d
scribed in this chapter (restoration, enhancement, and inform
tion extraction), although the organization and nomenclatu
may be different. This book is not the forum to review the m
its of different software packages, except to note that there
séveral ways to evaluate software:

1. Contact established users with applications similar to yours
and get their opinions.
2. The Internet has bulletin boards that can be helpful.

3, Ask vendors for demonstration versions of their software
that can be installed on your system for evaluation.

4. Many vendors have demonstration booths at the remote
sensing conferences listed in Chapter 1, where you can try
out the software,

In addition to commercial software, there are a variety of
public-domain packages that are accessible via Internet. (Note:
1 am not suggesting “pirating,” or copying copyrighted soft-
ware. Not only is this practice illegal; it also denies compensa-
tion to the developers of the software. Without compensation,
there is no incentive to develop new software that we will need
in the future.)

interactive Image-Processing Session
A typical Landsat image-processing session proceeds as follows:

1. After the CCT is loaded, the analyst selects three TM bands
and assigns them to the blue, green, and red channels of the
monitor. A typical combination is bands 2-4-7 shown in
BGR (blue, green, and red). The TM image consists of
5667 lines, each with 6167 pixels, but the monitor in Figure

Table 8-1 Image-processing software and vendors

8-36 displays only 1152 lines by 870 pixels. The image is
1'e§ampled to fit on the monitor; every eighth line and every
eighth pixel are displayed. The mouse and on-screen cursor
are used to select a representative subscene, which is dis-
played at full resolution with each line and pixel of original
data shown on the monitor.

2. The display is examined for defects, such as banding and
line dropouts, which are then restored,

3. The next step is to enhance the image. Each of the three spec-
tral bands, together with its histogram, is viewed separately,
and the contrast is enhanced. The three bands are then
viewed as a color display, which typically is undersaturated.
The image is transformed into its IHS components, and satu-
ration is enhanced. At this stage it is generally useful to apply
a nondirectional edge-enhancement filter to the intensity
component. The image is transformed back into an enhanced
BGR display. Coordinate grids (latitude and longitude; UTM)
are added and the image is ready for plotting as hard copy.

4. Information extraction begins with the original data, not
with the enhanced data from step 3. Images of principal
components, ratios, and classifications are generated and
interactively modified to suit the application.

995 Wilderness Place
oulder, CO 80301

arth Resource Mapping

370 La Jolla Drive, Suite 900
an Diego, CA 92122
elephone: 619-558-4709

ax: 619-558-2657

ImageStation

Intergraph Corp.
Huntsville, AL 35894
Telephone: 205-730-2000
Fax: 205-730-1263

IMAGINE

ERDAS

2801 Buford Highway NE, Suite 300
Atlanta, GA 30329

Telephone: 404-248-9000

Fax: 404-248-9400

TNTmips

Microlmages, Inc.

201 North 8th Street
Lincoln, NB 68508
Telephone: 402-477-9554
Fax: 402-477-9559

VI’STA

International Imaging Systems
1500 Buckeye Drive

Milpitas, CA 95035
Telephone: 408-432-3400
Fax: 408-433-0965
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ABSTRACT

Flooding, a result of both natural and anthropogenic factors, poses serious risks for life, properties and
infrastructure. On global scale, with respect to the direct or indirect impact of natural disasters on millions
of people per year, floods are ranked as number one catastrophe. In Greece, despite the plethora of major
and catastrophic events in the country during the past decades, floods had not been adequately studied.
Furthermore, although Earth Observation (EO) data and Geographic Information Systems (GIS) provide a
secure and economic way of delineating, monitoring and ultimately managing flood events, they have
been hardly used in relevant studies in Greece. The main objectives of the present study were the
production of an online flood database for Greece, the use of EO and GIS techniques for flood mapping
and the provision of freely available geospatial data. EO data used mainly included Synthetic Aperture
Radar (SAR) (e.g. ENVISAT/ASAR, ERS) and medium to high resolution optical satellite imagery (e.g.
Landsat, SPOT) for delineating flooded areas and producing flood and flood-risk maps. The results of the
investigation are publically available over the internet through the project’s website, with potential for
further updates and expansion. Overall, it is envisaged that the data provided through this project, shall
serve as a basis for flood disaster management in the future, both during as well as in the pre- and post-
crisis phases.

Keywords: Greece, floods, database, GIS, Earth observation, mapping

1. INTRODUCTION

Flooding, a result of both natural and anthropogenic factors, poses serious risks for life, properties and
infrastructure. On global scale, with respect to the direct or indirect impact of natural disasters on millions
of people per year, floods are ranked as number one catastrophe (Bell, 1999).

During the last decades, the escalating frequency of flood events around the world, together with the
evidences and warnings about global climatic change, rendered this phenomenon a very serious issue.
Efficient flood management is thereafter a fundamental necessity, in order to minimize the adverse
consequences, in terms of human safety and damage to property.

To this end, European Union (EU) Member States are conducting a preliminary flood risk assessment
and subsequently developing flood hazard (i.e. showing flood probability) and flood risk maps (i.e.
related to the potential adverse consequences of a flood), whereas by 2015 flood risk management plans
will be drawn for high risk zones (Directive 2007/60/EC). This three stage process applies to all kinds of
floods (river, lakes, flash floods, urban floods, coastal floods, including storm surges and tsunamis) on all
of the EU territory and will need to be reviewed every six years (European Union 2007).

According to the definitions given by the U.S. National Oceanic and Atmospheric Administration
(NOAA), floods are overflows of water onto normally dry land that may last days or weeks. They are
caused by rising water in an existing waterway, such as a river, stream, or drainage ditch, with the
ponding of water occurring at or near the point where the rain fell. A flash flood is caused by heavy or
excessive rainfall in a short period of time, generally less than six hours. Flash floods are usually
characterized by raging torrents after heavy rains that rip through river beds, urban streets, or mountain
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canyons sweeping everything before them. They can occur within minutes or a few hours of excessive
rainfall. They can also occur even if no rain has fallen, for instance after a levee or dam has failed, or after
a sudden release of water by a debris or ice jam. Depending also on the geological and geomorphological
regime, the water can remain in the affected area for several days or, more commonly, run off within just
a few hours.

Earth Observation (EO) data, along with Remote Sensing and Geographical Information Systems
(GIS) techniques, provide safe and cost-effective tools for monitoring, mapping and assessing the
evolution and damages caused by flood events. Initiatives, dedicated centres, institutions and services,
such as (i) the International Charter (http://www.disasterscharter.org), (ii) the Centre for Satellite Based
Crisis Information (ZKI, http://www.zki.dIr.de/), (iii) Services and Applications For Emergency Response
(Safer, http://safer.emergencyresponse.eu) and (iv) SERTIT (Service Régional de Traitement d'Image et
de Télédétection, http://sertit.u-strasbg.fr/), use satellite images for Earth monitoring, offering substantial
support to major flood events and natural disasters in general, around the world.

In Greece, despite the plethora of major and catastrophic events in the country during the past decades,
floods have not been adequately studied. In particular, although EO data and GIS provide a secure and
economic way of delineating, monitoring and ultimately managing flood events, they have been hardly
used in relevant studies in Greece. This has been mainly attributed to the fact that most floods occurring
on Greek territory are relatively (with respect to the global average) small scale flash-floods, meaning that
EO data of high spatial and temporal resolution are required, in order to “capture” the disaster.
Regrettably, this kind of data is generally not available and hence it is considered as highly unlikely for
flash-floods to be recorded with appropriate satellite acquisitions. However, in early 2011, a project
focusing on the creation of a flood database for Greece and its combined use with EO data and GIS was
carried out (Mouratidis 2011, Mouratidis et al. 2011, Mouratidis et al. 2012). One year later, Diakakis et
al. (2012) published another historical flood catalogue together with a statistical and spatial analysis of
flood events, while the Ministry of Environment Energy & Climate Change of Greece published a
detailed report on the assessment and management of flood risks in Greece, in accordance to the
European Union Directive (YPEKA, 2012).

The main objectives of the present study were the production of an online flood database for
Greece, the use of EO techniques and GIS for flood mapping and the provision of freely available
geospatial data. EO data used mainly included: a) Synthetic Aperture Radar (SAR) satellite
imagery (ERS , ENVISAT/ASAR, ALOS/PALSAR) for delineating flooded areas by change
detection techniques and b) high resolution optical satellite images (e.g. Landsat, SPOT,
IKONQOS, Quickbird) are related classification techniques, mainly for the creation of flood risk
maps and, where feasible, also for the delineation of flooded areas.
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2.4 Image processing
2.4.1 SAR image processing

Contrary to optical sensors, radar systems with their all-weather, day and night applicability make
SAR data more appropriate for monitoring flood events (e.g. Badji and Dautrebande 1997; Yésou et al.
2000; Sarti 2004; Li et al. 2005), as the latter are normally associated with bad meteorological conditions
and a high percentage of cloud coverage.

During the pre-processing of SAR images using NEST (Next ESA SAR Toolbox) and Envi™, the

following steps took place:

1. Image calibration, by converting pixel values from digital number (DN) into backscattering
coefficient (c°) following Rosich & Meadows (2004), so that the value of the same pixel in each
image, as well as the different pixel values in the same image, would become comparable.

2. Co-registration of all SAR images in order to ensure geographical and geometrical overlap.

3. Optional orthorectification of the co-registered images using a Digital Elevation Model (DEM)
(e.g. SRTM).

Subsequently, the main SAR image processing for the detection and mapping of flooded regions

included:

1. The production of the average “dry” image, by calculating the mean values for each pixel using all
the available “dry” images.

2. The implementation of a Change Detection Analysis (CDA) approach. CDA encompasses a broad
range of methods used to identify, describe and quantify differences between images of the same
scene at different times. In this study, the False Colour Composition (FCC) was adopted and
applied. Typically, two images were used; one before (mean of the dry images-where more than
one of them were available) and one during/after the flood. In each case study, the flood image was
assigned to both the red (R) and the green (G) channels while the ““dry’” image was assigned to the
blue (B) channel, in order to create an RGB false colour composite.

With respect to the interpretation of these RGB image products, unchanged or almost unchanged
features appear in variations of grey, whereas any change in the scene (denoting change in backscattering)
from one acquisition to the other appears in colour, so that:

1. Regions with significantly lower backscatter in the flood image appear in blue, indicating
possible flooded areas.

2. Regions with significantly higher backscatter in the flood image appear in yellow (yellowish),
indicating a possible increase in soil moisture.

3. Areas with little or no change are depicted as grey, the result thus being approximately equivalent
with that of each image independently (Fig. 8-11).
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Figure 8. Delineation of flooded areas by change detection techniques, in the post-crisis period (two days
after the flash-flood) in the prefecture of Thessaloniki (case study 1), using an ENVISAT/ASAR IMG mode
false colour composite: R=G=10/10/2006 (flood image), B=(5/10/2004 + 25/10/2005)/2 (average of two
images during the same season, but under dry conditions). Blue colour depicts flooded regions, while
yellow colour depicts wet soil.

',_ ,z = :-t‘i" - : "1_,-'.“" ] 3 A ‘ ! ,.-.",01'-.[ ). T B ‘ 3 |
Figure 9. Delineation of flooded areas in the prefecture of Thessaloniki in 2011 (case study 2), during the
post-crisis phase (four days after the flash-flood), using an RGB false colour composite of orthorectified
medium spatial resolution (150m) ASAR Wide Swath Mode data. R=G=25/09/2011 (flood image),

B=25/09/2011 (dry conditions). Blue colour depicts flooded regions, while yellow colour depicts wet soil.
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Figure 10: Overview of flooded afeas |nt prefcture of Thrace in 2007 (case study 3), during the crisis
period, by change detection techniques, using an ENVISAT/ASAR false colour composite:
R=G=18/11/2007 (flood image), B= average of seven images taken under dry conditions. Blue colour

depicts flooded regions while yellow colour depicts wet soil.

Figure 11: Floods along Pinios river, near Piniada, Farkadona and surrounding areas in Thessaly, in
2003 (case study 4), captured by ERS-2 during the crisis phase. SAR RGB false colour composite:
R=G=02/02/2003 (flood image), B= 06/02/2005 (dry conditions). Blue colour depicts flooded regions
while yellow colour depicts wet soil.
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— Table 2-3 Terrain signatures on normal color film and IR color film
Subject Normal color film IR color film
Healthy vegetation: ;
Broadleaf type Green Red to magenta
Needle-leaf type Green Reddish brown to purple
Stressed vegetation:
Previsual stage Green Pink to blue
Visual stage Yellowish green Cyan
Autumn leaves Red to yellow Yellow to white
> i Clear water Blue-green Dark blue to black
b i Silty water Light green Light blue
‘Damp ground Slightty darker than dry soil Distinctly darker than
. dry soil
Shadows Blue with details visible Black with few details
visible
‘Water penetration Good Moderate to poor
Contacts between land Poor to fair discrimination Excellent discrimination

and water
Red bed outcrops Red

sology
v:Figure 2-28 is a diagrammatic cross section of a leaf that ex-
pliiins these spectral signatures of vegetation. The transparent
% idermis allows incident sunlight to penetrate into the meso-
which consists of two layers: (1) the palisade paren-
of closely spaced cylindrical cells, and (2) the spongy
mi 'hyma of irregular cells with abundant interstices filled

. Both types of mesophyll cells contain chlorophyll,
ch reflects part of the incident green wavelengths and ab-
s7dll of the blue and red energy for photosynthesis. The
eliwavelengths of photographic IR energy penetrate into
pongy parenchyma, where the energy is strongly scattered

geles,
gele ected by the boundaries between cell walls and air
The high IR reflectance of leaves is caused not by
fophyll but by the internal cell structure. Gausman (1985)
tails of optical properties of plant leaves in the visible
eflécted IR regions. Buschmann and Nagel (1993) de-
caphs in Plal € roles of chlorophyll and cell structure in spectral re-
IR color phil f Ieaves
ctance cur¥é
al reﬂeg‘;‘; 2ton of Stressed Vegetation
ecte 4
:r; tllgght are. lmay be stressed because of drought, disease, insect
ant green it or other factors that deprive the leaves of water.

compares the intemnal structure of nonstressed and
€s. The nonstressed Jeaf (Figure 2-29A) has a cell
and reflectance characteristics comparable to those in

- In the stressed leaf (Figure 2-29B). the shortage
fauses the mesophyll cells to collapse, which strongly
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Figure 2-28 Diagrammatic cross section of a leaf, showing inter-
action with incident energy. Incident blue and red wavelengths are
absorbed by chlorophyll in the process of photosynthesis. Incident
green wavelengths are partially reflected by chlorophyll. Incident IR
energy is strongly scattered and reflected by cell walls in the meso-
phyll. Modified from Buschmann and Nagel (1993, Figure 9).
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B. Stressed.

Figure 2-29 Photomicrographs of cross sections of nonstressed and
stressed leaves. Collapse of cells in the mesophyll layer strongly re-
duces reflectance of incident IR energy. From Everitr and Nixon
(1986, Figure 1). Courtesy I. H. Everirt, U.S. Department of
Agriculture,

reduces IR reflectance from the spongy parenchyma. This de-
creased reflectance diminishes the red signature in IR color
photographs. Chlorophyil is still present, and the foliage may
have a green signature in normal color photographs for some
time after the onset of stress. In IR color photographs, how-
ever, stressed foliage has a distinctive blue signature. The loss
of IR reflectance is a previsual syniptom of plant stress because
it often occurs days or even weeks before the visible green
color begins to change. The previsual effect may be used for
early detection of disease and insect damage in crops and
forests. Evidence of plant stress is seen in the intramural play-
ing field east of Drake Stadium (Figure 2-27 and Plate 1C,D),
which is watered by a sprinkler system. In the normal color
photograph the field is entirely green, but in the IR color pho-
tograph the red signature is interrupted by blue strips that indi-

cate inadequately watered turf, ]
o

e

Autumn Senesgefice of Vegetation /
7 leaves of deciduous trees ;pdé?go senescence
- yellow, and brown. Figur%,2< 0 compares spectra

of greeff and senescent foliage. The~gteen chlorophyll has de-
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Figure 2-30 Refleciance spectra of green and senescent foliage. In
the autumn, chlorophyll deteriorates, which reduces the absorption
incident red energy. The development of anthocyanin and tannin

causes the yellow-red fall colors. From Schwaller and Tkach ( 1985,
Figure 2).

cayed, and red wavelengths,are no lon?r absorbed. The o
ganic compounds amhoc; hin and tannjfi are formed, /éausingz
the familiar autumn col s (Boyer and,élhers, 1988). The spec:

trum for senescent folj ge (Figure 2-30) shows nearly/equal re
flectance values in green. red, and pholographl}c(’IR bands

which results in a Avhite signaturé in IR color pjrotographs

Boyer and othersj Iso describe tﬂe changes in leaj physiology
and spectral refledtance during 7énescence. / E

; J
Signaturesfof Other Terréin Features

The small Igke north of UGLA has a dark green signature in J
the normal golor photograph that blends \vit};j{he vegetation. In
the IR co;c;r photograph tie lake has a dark Ylue signature that
contrasty’ with the red sj nature of vegetatién. This ability to
enhang the difference Petween vegetation ;’:md water is espe-
cially’ valuable for pping drainage patterns in heavily
forggted terrain. Silty fwater has a light bjue signature in IR
color photographs. One can recognize d%lmp ground on IR
color photographs by its relatively darker éignature. caused by
absorption of IR en}érgy. Shadows are dagker in IR color pho-
tographs than in n9'm1a] color photograpl)’s because the yellow
filter eliminates bliie light. | -

The IR color photograph in Plate 1D hfis a better contrast ra-
tio than the normal color photograph, foritwo reasons:

H

1. The yellow filter eliminates blue ligpt, which is preferen-
tially scattered by the atmosphere, as shown by the curve in
Figure 2-26C. Eliminating much of thk scattering improves
the contrast ratio.

2. For vegetation, soils, and rocks, reflectance differences are
commonly greater in the photographic IR region than in the
visible region.
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Figure 12-10 Changes in land use from 1976 to 1992 for the east-
ern portion of Phoenix, Arizona. Changes were interpreted from
Landsat MSS images acquired in 1976 and 1992 (Plate 23C, D).

corner reflectors in urbaf environments. The reduced bright-
ness is explained by gh‘é orientation of the street patterns and
buildings relative. to/the Seasat look dir/qétion. Street patterns
in this Arizona im&ge are oriented nogt‘h-south and east-west;
therefore, the no;{heast Seasat look L}iﬁi'(ection is oblique to most
buildings, whic¢h reduces the intghsity of radar backscatter.
This orientation effect was desciibed in Chapter 6. The retire-
ment corr;r-ﬁunity of Sun Ciyf (Figure 12-9) northwest/ of
Phoenix is an exception to é)ﬁe orthogonal street patterty, be-
cause the streets are laid ot in curved and circular P,a‘(ttems.
The radar-bright patches ithin Sun City (Figure 12-8A) are
cayéed by groups of ho;,fs;es oriented with some \}'a'lls normal
t/d'; the northeast radar lgok direction. &
/" The dark linear fegtures in the urban areas gre major high-
/ ways and irrigation £anals. Airport runways (§igure 12-9) also
have dark signaturgs. The narrow irregular datk features in Sun
City are golf cou;:‘ées and parks with smooth’lawns.

The irrigated Agricultural areas surrounding Phoenix belong
to the major qétegories of “cropland and pasture” (210) and
“orchards, gro'ves, vineyards, nurseries, and omamental horti-
culture” (220). In the Seasat image, the fields east of Phoenix
have a distinctly darker tone than the fields west of Phoenix.
When the Seasat and Landsat images were acquired in 1978,
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cotton, wheat, and alfalfa were the major crops in the eastern
area. Vegetables, citrus frtits, and grapes along with some cot-
ton and wheat were gfown in the western areg, which was
more intensively irrigdted. The relatively bright Seasat signa-
tures of the weste ea may be caused by the different crops
and soil moisture gontents.

Changin%,ﬁatterns of Land Use~ '

Phoenix is/one of the “sunbelt cities” in the southwestern
United Stdtes that have cxperienche'a explosive urban growth in
the past two decades. Repeated Landsat images are well syfited
to intefpret the expansion of urban land use. Plate 23C.D
show;"MSS images acquired in 1976 and 1992 of th ’eastern
portjon of Phoenix and viéinity. The images coingide with a
portion of the Seasat cgn‘r'erage as shown by the,/r/ectangle in
Fjgure 12-9. Comparing the MSS images showsthe extent and
feation of urban grotwth over a 13-year period. The map in
Figure 12-10 shows'level II land-use categd’x'ies. The “mixed
urban” category (480) is shown in contfasting pattems for
1976 and 1992. The “urban” category expanded by replac’i'ng
adjacent agriculfural land. The 1992 image clearly shows/agri-
cultural lands_s-{hat are candidates fog'the next cycle of/urban
expansion. R{épetitive images provigé valuablé information for
regulating gi-ban growth and planning the infrastructue of new
schools, utilities, parks, and publ,i‘f: services. '

In this'example, changes in land use were interpreted manu-
ally. Alternatively, each Phoe}iix image could have been digi-
tally classified, such as in thg‘example of Las Vegas. A change-
detection algorithm applied to the registered 1976 and 1992
classifications would show graphically and quantitatively the
changes in land use.

VEGETATION MAPPING WITH AVHRR IMAGES

Vegetation, both native and cultivated (agriculture), covers
much of the earth and strongly influences the environment.
Vegetation provides food, fiber, and building material. Until re-
cently adequate data were lacking for mapping the cormposi-
tion, concentration, and dynamics of the world’s vegetation.
Now the advanced very high resolution radiometer (AVHRR)
system on the NOAA environmental satellites provides world-
wide coverage twice daily. The AVHRR was described in
Chapter 4.

Normalized Difference Vegetation Index

Figure 12-11 shows spectral reflectance curves for soil and
vegetation together with wavelength ranges of AVHRR bands
1 and 2, which were selected to record significant properties of
vegetation. Band 1 (red, or R) records the absorption of red
wavelengths by chlorophyll; lower values indicate higher
chiorophyli content. Band 2 (reflected 1R, or RIR) records the
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Figure 12-11 Calculation of NDV/ for vegetation and soil from
AVHRR bands 1 and 2.

reflection of IR wavelengths by the cell structure of leaves;
higher values indicate more vigorous growth. These bands may
be combined in various mathematical formulas to produce veg-
etation indexes. Richardson and Everitt (1992) describe the
eight more commonly used indexes. By far the most widely

- employed version is the normalized difference vegetation index

(NDVT), which is defined as

/- RIR-R)

NDV (12-1)
(RIR +R)

Values for NDVI range from 1.0 to —1.0. Higher values indicate
higher concentrations of green vegetation. Lower values indi-
cate nonvegetated features, such as water, barren land, ice,
snow, or clouds. For the vegetation spectrum in Figure 12-11,
the NDV] is calculated as 0.67. For the dry soil spectrum, the
NDVT is only —-0.26. The NDVI is also useful because it largely
compensates for differences in solar illumination.

The global image in Plate 18B shows concentrations of veg-
etation for the continents based on NDV/ values. Dark-green
signatures represent the highest values and orange the lowest.
High concentrations of vegetation are shown in the equatorial

regions of South America, Africa, and Southeast Asia. Vegeta-
tion pattemns in the United States are clearty shown.

Vegetation Maps Using AVHRR

Until recently, AVHRR data at the full spatial resolution of
1.1 km were not readily available. Earlier studies used data
that were resampled as Global Area Coverage (GAC) with
4-km pixels or as Glebal Vegetation Index (GVI) data with
16-km pixels. Tucker, Townshend, and Goff (1985) derived the
NDVI from GAC data to map major vegetation types and sea-
sonal changes for Africa over a 19-month period in 1982 and
1983. Townshend, Justice, and Kalb (1987) used GAC and
GVI data of South America to evaluate different approaches
for mapping land cover. Goward, Tucker, and Dye (1985) de-
rived the NDVI from GVI data of North America at 3-week in-
tervals from April through November 1982. Seasonal NDVI
patterns were associated with major land-cover regions, and
multidate images portray patterns of vegetation growth and
senescence. Lloyd (1990) mapped worldwide vegetation cover
by a supervised classification of multidate GVI data.

A few early analyses employed 1.1-km AVHRR data. Tucker,
Gatlin, and Schneider (1984) used 1.1-km data of the Nile Delta
acquired from May to October 1981. They noted changes in
greenness that corresponded to known vegetation cycles and ag-
ricultural practices. Gervin and others (1985) compared 1.1-km
data for the Washington region with Landsat MSS data. Rather
than calculating the NDVJ, they performed an unsupervised clas-
sificatiorn of level I land use using AVHRR bands | through 4 for
a single image acquired in July 1981. The results were compared
with the MSS classification. Overall accuracy was 72 percent for
AVHRR and 77 percent for MSS.

Eidenshink (1992A) of the U.S. Geological Survey published
an AVHRR mosaic of North America for the period August 11
to 20, 1990. Each 1.1-km pixel is shown with a color code for
the highest NDVI value recorded during the 10-day period. This
maximum value represents the peak of vegetation “greenness,”
which is a measure of photosynthetic activity. The mosaic is a
graphic portrayal of vegetation vigor for that period on a conti-
nent-wide scale. Zhu and Evans (1994) of the U.S. Department
of Agriculture Forest Service used 1.1-km NDV/ data to classify
the forests of the United States (including Alaska and Hawaii)
into 25 categories. They also used this information to estimate
the percentage of forest cover for the conterminous United
States.

Biweekly NDVI Maps

Eidenshink (1992B) and associates at the EROS Data Center
(EDC) compiled 19 biweekly NDV/I images of the contermi-
nous United States for the 1990 growing season (March 16 to
December 20). Plate 24 shows 15 of these images that were se-
lected to illustrate the seasonal variation of vegetation cover,
These images, plus images for the period 1991 to 1995 and

VEGETATION MAPPING WITH AVHRR IMAGES 405




supporting information, are available on a CD-ROM from the
EDC. The following section describes how Eidenshink (1992B)
prepared the images.

Digital Processing The AVHRR data were resampled to
1.0-km pixels, which were processed at the EDC with the Land
Analysis System (LAS) software described by Ailts and others
(1990). Each biweekly NDVI image was produced by the fol-
lowing procedure.

1. Scene selection For each biweekly period all images with-
out major cloud cover were selected, which typically
amounted to 20 images. A single composite image was gen-
erated for each biweekly period, using the steps outlined
below.

2. Correcting for atmospheric scattering The angular field

of view for the AVHRR is 56° on either side of nadir. To-
ward either side of the image, the path length is much
greater than at the nadir (directly beneath the satellite) and
these longer paths are more severely affected by atmos-
pheric scattering. In order to correct for atmospheric scat-

tering, the relationship between solar illumination and

satellite viewing geometry must be determined. These rela-
tionships are calculated from satellite orbital characteristics
and used to correct for atmospheric scattering.

3. Radiometric calibration Performance of the AVHRR sen-
sors is known to have degraded after launch because of ex-
posure to the space environment. Data from bands 1 and 2
are calibrated using measurements of desert targets.

4. Geometric registration In order to produce a composite
biweekly image the daily data sets (step 1) are registered to
a common map projection: this ensures that each pixel is
referenced to the correct ground location. A master refer-
ence image was prepared with a geographic error of less
than 1.0 pixel. Automated correlation techniques are used to
register all images to the reference image.

. Calculation of NDVI For each daily mosaic, equation 12-1
was used to calculate the NDVI for each pixel.

6. Image compositing At this stage there are approximately
20 registered daily mosaics for each biweekly period. In
other words, there are 20 NDVI values for each pixel in a bi-
weekly period. For each pixel the maximum NDVI value is
selected, which represents the peak greenness for the period.

7. Products For each biweekly period an image is produced
that shows the maximum NDV/I for each pixel. Plate 24
shows 15 of the images that are greatly reduced from the
original scale (1:5.000.000). Maximum NDVI is shown in
dark green; intermediate is yellow; minimum is brown and
red. Water is light blue. Clouds are white. Statistical tables
(not shown) are produced for each period and include a
summary of the mean NDVT for each county in the United
States.
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Figure 12-12 Derivation of greenness attributes from NDV/ data of
biweekly cycles. Total NDV/ is the cumulative NDV/ for the green pe-
riod. From Loveland and others (1991. Figure 5).

The images in Plate 24 graphically show seasonal changes of
vegetation patterns in the United States. In the spring of 1990
(Plate 24B) greening began in the Gulf and Pacific Coasts and
expanded progressively inland. In mid-July and late August
(Plate 241,K) the northeastern United States was notably
greener than the southeast portion, probably because of rainfall
patterns. In the fall season, greenness diminished in a pattern
that is essentially the reverse of the spring greening.

Wade and others (1994) used similar methods to prepare 12
biweekly NDVI maps of the USA for the growing seasons in
both 1992 and 1993. In 1993 crops were affected by floods in
the northeast USA and drought in the southeast. The year 1992
was normal. The two years were compared by computing dif-
ference images (Chapter 8). For each biweekly period the 1992
NDVI values were subtracted from the 1993 values on a pixel-
by-pixel basis. The resulting difference maps graphically show
the extent and severity of floods and droughts on crops.

Greenness Attributes from Biweekly NDVI Data Further
processing of biweekly NDVI data derives additional vegeta-
tion information, called greenness atiributes. Figure 12-12is a
histogram of the mean NDVI values for deciduous forests,
plotted for each biweekly interval during the 1990 season. The
following greenness attributes were derived from such plots
and displayed as maps (U.S. Government Printing Office Doc-
ument: 1993-556-415):

1. Onset of greenness The date when the NDV/ first exceeds a
threshold value, which occurs in early June for this exam-
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43 Interaction of radiation with surface and atmosphere

and recalling that R= L /E, we see that for a perfect Lambertian surface

R=1/n yd G5

We have said that the specular and Lamberfian scatterers rep{esent
idealised, extrepic forms of behaviour which are seldom réalised in
practice. However, it may often happep-that the scattering from a real

quasi—s;:y ular or quasi-Lambertigy,
The behaviour of real scatterifg surfaces is ofte; ified, not by using . -
the F, but instead by méasuring the bidirestional reflectance factor »/

identical conditiong/ The utility of thjs function is tha;ﬁs;r} ces can be ;

manufactured which have a BRF yéry close to unity for'a fairly wid,e:f

range of wavelghgths and of incidence and scattering #ngles. Twl;ﬁ‘;t
common m.g,terials'_ar'e barium essed powder and
for 6 less than 45°, has a BRPgreater than 0.99 for'wavelengfhs between

0.37 pm and 1.15 gm, and magnesium oxide, whi€h has BRF greater than
0.98 over roughly the same range of conditions.

3.2.2 The Rayleigh criterion

We have distinguished between the behaviour of a perfectly smooth
surface, and a Lambertian surface which is in one sense perfectly rough. it
is clear that in order to assess which of these forms of behaviour provides
the better model of a real surface, some measure of roughness must be
adopted. That which is usually adopted is the Rayleigh criterion.
Consider the diagram of fig. 3.3, in which radiation is incident on and

reflected from a surface irregularity of height Ak, at an angle 6. It is clear
that the path difference between the scattered ray and a ray which is
reflected at the same angle from a height Ah=0is 2AA cos ,, and thus the
phase difference A¢ is given by A

Ad=4nAhcos0,y/A,
where 1 is the wavelength. A surface can be defined as smooth enough for
scattering to be specular if A¢ is less than some arbitrarily defined value of
the order of 1 radian. The conventional value is z/2; this is called the
Rayleigh criterion. Thus for a surface to be smooth according to this
criterion,

Ahcos@y/A<1/8 (3.6)
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Note that other critetia, such as n/8, have also been adopted for the value
of A¢ at which a surface becomes effectively smooth. A common
definition which provides for the possibility of some intermediate
condition between rough and smooth is that if A¢ is greater than n/2 the
surface is rough, and if A¢ is less than 47x/25, it is smooth. ’

Equation (3.6) evidently dictates that for a surface to be effectively
smooth at normal incidence, any irregularities must be less than about 4/8
in height. Thus for a surface to give specular reflexion at optical
wavelengths (A=0.5 ym, say), A/ must be less than about 60 nanometres.
This is a condition of smoothness likely to be met only in certain man-
made surfaces such as sheets of glass and metal. On the other hand, if the
surface is to be examined using VHF radio waves (say A=3m), Ak need
only be less than about 0.4 metres, a condition which could be met bya
number of naturally occurring surfaces.

A further aspect of (3.6) is that the restriction on A# for a surface to
reflect effectively specularly becomes less severe as the incidence angle 8,
is increased. Thus at glancing incidence (large ,) a surface may appear
quite smooth, whereas at 8,=0 it appears rough. This fact is familiar to
anyone who has had to endure the glare of reflected sunlight from a low
sun over an ordinary road surface. Although the scattering is by no means
specular, the component of the BRDF in the specular direction is greatly
enhanced.

& f
s

p /!
e 3.2.3 Intermediiite cases / -
We ha\;zdfived the BRDF for the simple limitiBg"éases of perfeotlgl
d

smooth perfectly rough surfages but, as we remarked before, thgs’é are
5

§
4

ig. 3.3. The Rayleigh criterion. Radiation is speculeirly reflected at an angle
8, from a surface whose r.m.s. height deviation is Ak. The difference in the
lengths of the two rays is 2Ahcos 6,.




Wind Speed, Direction, and Backscatter

So how is this roughness related to the wind speed? Unfortunately, there is no theory
relating the wind speed to the size of these capillary waves and the backscatter, so the
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wind speed dependence of sigma naught is determined empirically. There are various
algorithms depending on the scatterometer frequency.

It should be noted that the wind speed that gives rise to the small scale roughness is not
the same as the wind which is usually measured at say ten meters above the surface.
While these two speeds are connected, the stability of the atmosphere determines how
they are coupled. The stability depends on the vertical distribution of atmospheric
properties (namely temperature). Therefore, some assumptions about the relationship
between the 10-meter wind speed and the surface wind (called the friction velocity) are
generally made so that the wind speed can be determined.

Since the capillary waves align themselves roughly perpendicular to the wind, the

backscatter due to Bragg scattering will depend on the direction of the radiation (look
direction) relative to the wind speed (figure 3)

Ag= ——. (10.4)

Fig 10.3 — Bragg scattering geometry: surface-wave direction at angle ¢ to plane
of radar waves

Figure 3. Dependence of scattering on wind direction. For small angles, the wave crests
align to promote Bragg scattering. If the angle is large, the crests are mostly parallel to
the look direction, and so there is no series of crests to cause Bragg scattering (from
Robinson, 1985)

The backscatter will be highest parallel to the wind direction and lowest perpendicular to
the wind direction (since there would be no series of wave crests for resonant scattering
in this direction). This means that if we look at a spot from all angles relative to the wind
direction, as the azimuth changes from 0 degrees to 360 degrees the backscatter will peak
initially (looking upwind, wave crests are all aligned with look direction), reduce to a
minimum at 90 degrees (wave crests run parallel to look direction), and then increase to a
maximum again at 180 degrees (looking downwind), to another minimum at 270 degrees,
then maximum again at 360 (back to upwind). This pattern is depicted by the curve W1
in the figure 4.
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Figure 4. Solution curves for wind speed and direction for a measured backscatter. The
two curves show two measurements made of the same point in two different directions.
Since the backscatter varies with direction, the measured backscatter will be different. As
the solution must satisfy both measurements, the only possible solutions are where the
curves intersect.

From this behavior, we see there is an ambiguity in the wind direction determined from a
single look direction. Notice that for a given wind speed, a given backscatter could occur
for four different look angles. But we also have an ambiguous wind speed since if we do
not know the direction, we don’t know if a low backscatter is because we are looking
crosswind, or if the wind is actually weak and we are looking downwind.

To remove the ambiguity, we look at the surface at two different look angles. For an
observed value of sigma naught, there will be one possible wind speed for every possible
wind direction, given by the curve in figure 4. Now, if we have a second measurement at
a different angle relative to the wind direction, we must have a different curve (since the
backscatter will change as the look angle changes). These two curves will intersect at
four points. Since the wind speed and direction must satisfy both curves, the possible
values are given only by the intersection point. Note that the wind speed does not vary
much among intersection points, but it does for wind direction. This defines the wind
speed and direction, with an ambiguity of four possible values for the wind direction.
With a third look, the ambiguity can be further reduced.

There will always be an wind direction ambiguity of 180 degrees, since the sea surface

looks the same whether we are looking upwind or crosswind. This ambiguity can be
removed by comparing to other meteorological data or a numerical model.
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7

Infrared (IR) measurement of sea surface
temperature (SST)

This chapter considers another class of passive radiometers, those operating in the
thermal-IR part of the spectrum, which can measure the temperature of the sea
surface. IR sensors have been deployed for over 25 years on operational meteoro-
Jogical satellites to provide routine images of cloud top temperatures, and when there
is no cloud they observe SST patterns. This was the first of the methods of remote
sensing (o gain widespread acceptance by the oceanographic community. The
chapter examines the different factors that must be taken into consideration if
SST is to be measured precisely with a quantifiable accuracy. It starts with the
fundamentals of IR physics, explains the various processes required to unravel
ocean information from a signal measured at the top of the atmosphere, and then
explores the thermal behaviour of the ocean surface as it affects the oceanographic
interpretation of satellite data. Having outlined the generic issues for measuring SST
from space, there is then a description of the IR systems presently in operation, and
the global SST data products that they deliver. Finally, mention is made of the types
of oceanographic phenomena that have a thermal signature which can be observed
from space, although it is left to Understanding the Ocean from Space (Robinson,
2005) to present examples of how satellite SST data are being used to study
mesoscale and large scale ocean processes and global change.

7.1 PHYSICS OF IR RADIOMETRY

7.1.1 Thermal emission

The fundamental basis of IR remote sensing of SST is that all surfaces emit
radiation, the strength of which depends on the surface temperature. The higher

An explanation of all abbreviated space agencies, satellites, and sensors can be found on
p. xxxi of the front matter.
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the temperature, the greater is the radiant energy. By measuring the emitted
radiation, the temperature can be calculated, provided the physics of the process 1s
well defined.

The spectral characteristics of thermal emission from a body at temperature 7 ir
K are described by Planck’s radiation law:

_ G

ANlexp (C/AT) - 1]
where ) is the wavelength in metres; and M is the spectral exitance, sometimes called
emittance (i.e., the radiant flux density of radiation per unit bandwidth centred at i
leaving unit area of surface, irrespective of direction (the equivalent of irradiance

discussed in Section 6.2 but for energy leaving rather than falling on a surface)). €
and C, are constants with the values:

Cy =3.74 x 107" Wm?

M(\T) (7.1

C,=144x102mK

giving an estimate of M, in Wm™2m™'. To obtain M,g in Wm™? pm™! as is more
customary, Equation (7.1) should be multiplied by 107".
Integration of Equation (7.1) over all wavelengths gives the total exitance ol z
black body:
M=oT* (7.2

where o = 5.669 x 1078 Wm™2 K™ (Stefan’s constant).

Equation (7.1) represents ideal or black body radiation because it is based oz
ideal thermodynamic principles which apply only if the surface is a perfect emitter
The emitting properties of a real surface are described by its spectral emissivity, £(\

_ Exitance at wavelength A from real surface at temperature T

A) = : 7.3
e) M, (perfect emitter at temperature 7T') (

The logarithmic form of Equation (7.1) across a wide range of wavelengths has
already been illustrated in Figure 2.3, for several temperatures, including those of the
Sun and the Earth. Figure 7.1 is a linear plot of the Planck function in the IR part of
the spectrum, for temperatures spanning the range of SST. Note that the area under
each curve is given by Equation (7.2), while the spectral peak for each temperature :¢
found at wavelength A, given by Wien’s displacement law:

Amax T = C3 (7.4
where Cy = 2897 umK ™!

The consequences of the spectral dependence of the Planck function were
already discussed briefly in Chapter 2 where it was noted that solar emitted energy
has a peak in the visible part of the spectrum, because the sun is so hot. In contrast
at typical SSTs the emission peak lies between about 9 um and 11 pm. This makes the
thermal-IR an optimal region for monitoring SST since the emitted radiance is 2
maximum there and it varies rapidly with temperature changes, almost doubling
between 0 and 40°C. By measuring the radiance, an IR radiometer can detect the
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Figure 7.1. IR emission spectra of black bodies at temperatures between —10°C and
40°C.

brightness temperature of the radiation, defined as the temperature of the black body
which would emit the measured radiance across the waveband of the detector.

In principle this can be achieved by inverting Equation (7.1), and recalling that
for a Lambertian plane surface, the measured radiance L, is related to the exitance
M, by Ly = M, /. In practice a simple inversion is not possible since the bandwidth
of a detector is finite and its spectral response is tapered (see Section 7 .2.2). The
measured brightness temperature differs from the actual temperature of the
observed surface because of its non-unit emissivity, and because of the effects of the
interven-ing atmosphere. The latter restricts IR radiometry of the sea surface to two
spectral windows in the approximate ranges 3.5-4.1 pm and 10.0-12.5 pm.



Gulf Stream Temperatures

Ocean currents such as the Gulf Stream are responsible for moving excess heat gained in the

tropics to the poles, thus maintaining the Earth’s thermal equilibrium. On average, the atmosphere
and the ocean are equal partners in the amount of heat they transfer poleward. Sea-surface
temperatures are used to determine how much heat is transferred between the atmosphere and the
ocean,

The temperature of the ocean also determines how much carbon dioxide can be absorbed from the
atmosphere. Knowing how much i absorbed is important because carbon dioxide is one of the
major greenhouse gases that may be responsible for global warming.

This thermal infrared image of the northwest Atlantic Ocean was taken from a NOAA satellite
using the Advanced Very High Resolution Radiometer (AVHRR) instrument, which is sensitive to
changes in the temperature of the ocean’ s urface. The warmest temperatures (25 degrees C) are
represented by red tones, and the coldest temperatures (2 degrees C) by blue and purple tones.
The Gulf Stream is clearly visible as a core of warm water moving along the east coast of the
United States and turning eastward into the Atlantic near Cape Hatteras, North Carolina.

As the Gulf Stream moves toward the central Atlantic, it releases heat to the atmosphere, so that
by the time the Stream reaches the central Atlantic, it has lost its warm core, and its surface
waters are no longer distinguishable from the surrounding waters. The area just east of Cape
Hatteras sees the largest sustained transfer of heat from the ocean to the atmosphere. Because of
this large heat transfer, atmospheric storms tend to intensify in this region.




L. ——==mm Here is an image of the North Atlantic from June of 1984. Blue and purple
represent cold water while green represents warmer water. Just as Canada is cooler than Florida,
water off the coast of Canada is cooler than water offthe coast of Florida. This north-south gradient
isseen clearly in the image. This image alsoshows a current that brings warm water from the south
upto the north. This current is called the Gulf Stream; it moves north along the coast ofFlorida and
then turns eastward offofNorth Carolina flowing to the north-eastacrossthe Atlantic. It is one of

the strongest currents in the ocean with an average velocity of 1 m/s (3 ft/s).

TFhissimagesalsesshows that the Gulf Stream does not follow a straight path. Ithas many twists and
turns called meanders. A meander is charecterised by its wavelength (the distance along the stream
fromone wave crest to the next), and itsamplitude (the distance perpendicular tothe stream
betweenthe wave crest andtrough). If ameanderbecomes really sharp, it may pinchoffand form
whatis called aring. This is much like the formationof an oxbow lake by a river. Rings can be
formedeither to the north or to the south ofthe stream. For those rings formed to the north, the
water in the center of the ring is warmer than the surrounding water and thus such rings are called
warm core rings. For those rings formed to thesouth of the stream, the center contains water that is
coolerthan the surrounding water and they are calledcold corerings. Inthis image you can see one
warm core ring and two coldcore rings. If you are unsure what a ring looks like, look at the next
image from a different time in which the rings are labeled.

June 12
1988

Sarsasso
Sea

This image is a close up of part of the Gulf Stream. The rest of the images
will cover this same region and will be color-coded in the same way. In this image the core of the
Gulf Stream ranges between 25 and 28 deg C (77 and 82 F). The yellow water below the stream is
about 23 deg C (73 F) and the green water off Long Island is about 14 deg C (57 F). The blue water
around Nova Scotia is about 5 deg C (41 F)! The black line shows where the ocean is 1000m deep,
(water shoreward of this line is less than 1000 meters deep and water seaward of this line is more
than 1000 meters deep). This is usualy taken to be the edge of the continental shelf.

In most of the images to follow we will see a problem with collecting data from a satellite. A thick
cloud blocks all the the radiation and we get no data (shown on these images as white). But perhaps
more confusing, a thin cloud only blocks part of the radiation, making the water appear cooler than
it actually is. Since there are usually clouds in the sky, we usually lose some data. One way of
dealing with this problem is to combine 2 images taken close together in time. Since clouds always
make the water appear cooler, a third image is made using the warmer of the two values at each
point. If the two images contain clouds at different spots, the third image will contain few clouds.
More than two images may be composited in the same fashion.
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Despite their poor quality however, the Channel 3 images were most useful m detect.ing the
eruption. Channel 3 has been shown in several studies to be extremely sensitive to high t'cmpqrature
sources. The DN values for the eruption areas are much lower than those in the surrounding area
and the contrast with the surrounding land much higher than in channels 4 and 5.

Transects were also taken across the middle of the lava flow on the images for channels 2, 3 and 4
to obtain DN profiles, as shown on the figure below. This figure shows how the profiles provide a
very clear way of detecting lava. In particular, notice the large variation in the DNs of channel 3.
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Before classiﬁcatiop, the data were geometrically rectified and then a simple classification
procedure was e'ipphed manually to determine areas of fresh lava cover. This involved a two stage
process of training and classification.

® Training

In training, areas of known cover type are identified. In this case, training areas were chosen to
de.ﬁpe land areas not contaminated by the signal from lava, water or cloud. The maximum and
minimum pixel brightness values of these areas were used to define the upper and lower limits of a

lava-free 'lar.xd Jeature space. A feature space is a range of digital number (DN) values which are
characteristic of a land cover type on an image.

@ Classification

DN values below the minimum value for the feature space were classified as land covered by lava

and DN (\i/a.dues above the maximum value for the feature space were classified as areas of cloud or
snow and ice.
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AVHRR monitoring of the Krafla volcano eruption 1984 1009

Figure 5. Contrast stretched channel 2 night-time image acquired on 5 September at
04:47am, the Krafla area is at maximum magnification showing a surface area of
around 100km in width (east to west), The lava flow field is a source of sufficiently
intense heat to radiate at these short wavelengths, creating a ‘glow’ from an area of
bright pixels against a uniformly dark background. Occasional light pixels in the
background are due to noise.

thermal radiafce has been detectad at similar and shorter wavelengths on remotely
sensed data onl¥ at much higher sphtial resolution. For & ample, the

va flow from Sjerra Negra, Gala gos Islands, was radiant in ban¥s 5,6 akd 7
(Which cover the 0\6 to 1-1 um range) §f the Landsat MSS

as not detectakle on any channel 1 in age. By day‘his

swamped by refigcted radiation) and by night the Spurce was ndt

sufficiently radiant in this channy| to be detectabe.

S. Estimation of the size of the lava flow field using AVHRR thermal data
Dimensions of the lava flow field defined by the threshold in channels 4 and 5

.varied from image to image, varying between 3 and 7 pixels east to west and 11 and

:16 pixels north to south. The ground area represented by an AVHRR pixel increases
'with distance from nadir, increasing from an area of 1-1km at nadir to a maximum
£.2:5km by 5-6km off-nadir (Holben and Fraser, figure 1, 1984). Taking these
lIstortions into account the dimensions of the lava flow field were calculated. Using
ges where Krafla was close to nadir, size estimates approaching those given by
hoto mapping (Smithsonian Institution 1989) were obtained. On two images
lla was within 80 pixels of nadir, on these images we estimate lava dimensions as
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17-6km by 3-3km. This compares well with air photo mapping which gave
maximum dimensions of 15km by 4km.

However, lava flow field dimensions estimated using the AVHRR data are °

unlikely to be precise for, two reasons:

5.1. The effect of mixed pixels

It is extremely unlikely that the edge of the lava flow field will coincide with the
edge of a pixel. Instead pixels are likely to overlap the edge of the lava flow field and
will therefore be mixed land-lava pixels, which may contain only a small portion of
fresh lava flow field. Radiance from the small fraction of the pixel occupied by hot
lava will cause the whole pixel to be anomalous. Inclusion, or exclusion, of the whole
of such mixed pixels by imposition of a threshold will result in over- or under-
estimate of the dimensions.

5.2. The effect offoptical blurring )
g will result in yadiation being bleg/'from high radiance pixels into

fresh lava to apptar anomalously radiant, and will result in over-estimation of the
size of the lava-flow field.

6. Estimation of lava temperatures using AVHRR thermal data

Spectral radiance measured by the sensor can be converted to a pixel brightness
temperature using the inverse of Planck’s formula. Since this temperature will be an
integral of all the temperature sources which occupy the pixel. this will give a pixel-
integrated temperature (Rothery er al. 1988). For surfaces where temperatures are
fairly uniform over large areas. pixel-integrated temperatures approximate the true
surface temperature. However, in areas of volcanic activity uniform temperatures
are unlikely. Instead, temperatures will vary greatly over a small area, and a 1-1km
by 1-1km pixel will contain a variety of temperature sources. The resulting pixel-
integrated temperature will be meaningless since it will fail to identify the true
variations in surface temperature.

An active lava flow will consist of hot, incandescent, molten material in cracks or
open channels, surrounded by a chilled crust. In the simplest case the thermal
surface occupying the pixel will be made up of two distinct components (Rothery
et al. 1988, Oppenheimer et al. 1993, Flynn er al. 1993). a hot molien lava
component at temperature T;, which occupies portion p of the pixel, and a cool crust
E;)mp)o_nent at temperature T, which will occupy the remaining portion of the pixel

and method proposed by Dozier (1981) and Matson and Dozier
lire -and size of these two sub-pixel .heat ‘sources can be
ne:of the three parameters T,. T, or p is known then the method
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allows the remaining two parameters to be calculated by graphical or numerical
solution of the following simultaneous equations:

Li=p L{(T)+(1—-p) L(T) M

Li=p L(T)+(1—p) LL(T) o

Where L; and L; are the at-satellite spectral radiances in channels i and j (if
atmospheric attenuation can be ignored). p is the portion of the pixel occupied by
the hot lava temperature source. L;(T;) and L,(T,) are the spectral radiances for the
hot lava temperature source in channels i and j. and L;(T,) and L (T,) are the spectral
radiances for the cool crust temperature source in channels / and J.

Rothery er al. (1988) adapted this technique to estimate sub-pixel temperatures
at several volcanoes using the short-wavelength infrared bands of the Landsat
Thematic Mapper, and the potential of this method to monitor volcanic thermal
activity has been exploited by several other studies, including Glaze er al. (1989),
Oppenheimer (1991), Reddy er al. (1993). and Oppenheimer et al. (1993).

In this study, the corrupt DNs referred to previously prevented us from deriving
meaningful spectral radiances in channel 3. Furthermore. the wavelengths of channels
4 and 5 are too similar to each other to be useful in the dual-band method. There-
fore, in the example demonstrated here. we sought to solve the simultaneous equations
(1 and 2) for AVHRR channels 2 and 4 using data from the 5 September 1984 night-
time image. Radiant DN in channels 2 and 4 respectively were 44 and 32. leading,
via the calibration formula given by Kidwell (1986), to spectral radiant intensities
(spectral radiance expressed in units of wavenumber rather than wavelength) of
0-403mWm?sr 'cm ™! and 148 mWm?sr~'cm ™! respectively. As there are three
independerit unknowns in these equations (7. T, and p) it is necessary to assume a
value for one of them in order to solve the other two. Following the method of
Oppenheimer (1991) we elected to choose a realistic value for 7. In the case of
Krafla the sources of T, were molten basaltic lava (Gronvold 1987) in fountains
along the eruptive fissure, flowing in channels, and in cracks in a chilled crust (see
figure 2). Cas and Wright (1988) estimate the typical eruption temperature of basalt
to be in the range 1000. to 1200°C and Macdonald (1972) gives lava fountain
temperatures for Hawaiian volcanoes of between 1050 and 1190°C. Multiple
component modelling of spectroradiometer data for a basaltic lava lake (L. Flynn,
personal communication) in Hawaii by Flynn et al. (1993) gave a hot component
temperature of 1100° C in most cases. In this study we use a value of 1050° C for T,
as a reasonable starting point from which to estimate the values of T, and p.

A peculiarity of attempting to employ widely-separated wavebands such as
AVHRR channels 2 and 4 in the dual band method is that the peak sensitivities of each
correspond to rather different temperature ranges. By attempting to solve these
equations for T,=1050°C (or any comparable magmatic temperature) it becomes
apparent that the model T, must be too low for any thermal radiance to be emanating
from the crust in detectable amounts in channel 2. The solution converges near a value
of 35°C for T, occupying 0-996 (99-6 per cent) of a pixel, with 7, (at 1050°C)
occupying the remaining 0-004 (0-4 per cent) of the pixel. Since we have not attempted
to correct for atmospheric attenuation of upwelling radiance all of these values must
be regarded as approximations. More importantly, we regard the valie of T, as
untrustworthy because it is likely to represent the integrated spectral radiance in
channel 4 from a crust that probably has a range of temperatures, perhaps extending
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up to a few hundreds of degrees Celsius. as calculated by Flynn er al. (1993) from field
spectroradiometer data, in which case the true value of p must be less, and also from
some areas of lava-free ground beyond the edge of the flow field, where, at Krafla,
pixel-integrated temperatures spans a range from —4°C to +3°C.

All that these data really allow us to determine. is that the maximum amount of
each pixel that could be occupied by lava at 1050° C is 6-4 per cent. If the crust
includes a significant amount of surface area at above about 200° C then the 1050°C
molten lava has to be conﬁned to smaller fractions of each pixel.
| ~—Since-the-vatue of 1, e
lower than typical crust

of lava flow with a
at temperature Tz, where both T,
i i p of a pixel and

50° C in all pixels.
above noise levels
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Fire detection from NOAA sarellites y0)

3. Fire detection methodology

Matson and Dozier (1981), Matson et al. (1984) and Muirhead and Cracknell
(1984, 1985) have demonstrated that the use of the 3-8 pum thermal infrared channel on
board the NOAA polar-orbiting satellites provides  the capability to detect high
temperature sources such as steel plants, waste gas flares and fires. Figure | shows why
this is so. For high temperature targets, the maximum blackbody radiance shifts away
from the 11 pm channel and toward the 3-8 um channel. Figure 2 shows a typical
satellite-derived temperature plot over two high temperature sources located in Idaho.
Target | is a small controlled forest burn and target 2 is a phosphorous plant operated
by the FMC Corporation in Pocatello. Idaho. At these sources. the 3-8 um tempera-
tures are 16-2 deg K and 33-9 deg K higher than the corresponding ! I ym temperatures.
Typical temperature differences between the two channels over land surfaces are
usually [-2deg K. Using an algorithm developed by Matson and Dozier (1981), it is
possible to use the temperature difference in the two channels to estimate the areal
extent and temperature of the high temperature source causing the 3-8 um response.
For the two sources in figure 2. the area and temperature were 0-28 ha and 430deg K
for target I.and 1-7 haand 483 deg K for target 2. As evidenced by the calculated target
sizes and the detection of the phosphorous plant. it does not take a 1-1km target 1o
cause a response in the 3-8 um channel. Thus. small subresolution scale high tempera-
ture sources. such as fires, can be detected by the 3-8 um channel. The size of the
subresolution scale high temperature sources which can be detected depends on the
target temperature and area. Although the actual lower limit of detectability is not
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Figure 1. Planck radiances for temperatures from 200 K to 500 K. For a given increase in
temperature the increase in area under the 3.8 um segment (channe! 3) of the curve is
much greater than under the 11 um segment (channel 4).
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known, very hot and small targets such as waste gas flares from offshore oil platforms
have been detected (Matson and Dozier 1981 . Muirhead and Cracknel! 1984) as well as
small fires from straw burning (Muirhead and Cracknell 1985),

4. Case Studies
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in the frequency domain generally involves computing the
FFT of the original image, multiplying the FFT of a convolu-
tion mask of the analyst’s choice (e.g., a low pass filter) with
the FFT, and inverting the resultant image with the IFFT;
that is,

F 6y =25 F(u,v) = Fu,v)Glu,v)

— F'(u,v)—25 5 £ (%, 7)

The convolution theorem states that the convolution of two
images is equivalent to the multiplication of their Fourier
transformations. If

feey) = flx,y)g(x y) (7-60)
where * represents the operation of convolution, f{x, y) is the
original image-and g(x,y) is a convolution mask filter, then

F'(u,v) = F(u, v)G(u, v) (7-61)
where F’, F, and G are Fourier transforms of % £, and g,
respectively.

Two examples of such manipulation are shown in Figures 7-
29 and 7-30. A low-pass filter (mask B) and a high-pass filter
(mask D) were used to construct the filter function g(x, y) in
Figures 7-29 and 7-30, respectively. In practice, one problem
must be solved. Usually, the dimensions of f{x, y) and g(x, y)
are different; for example, the low-pass filter in Figure 7-29
only has nine elements, while the image is composed of
128 x 128 pixels. Operation in the frequency domain
requires that the sizes of F(u, v) and G(u, v) be the same. This
means the sizes of fand g must be made the same because the
Fourier transform of an image has the same size as the origi-
nal image. The solution of this problem is to construct g(x, )
by putting the convolution mask at the center of a zero-value
image that has the same size as f. Note that in the Fourier
transforms of the two convolution masks the low pass con-
volution mask has a bright center (Figure 7-29), while the
high-pass filter has a dark center (Figure 7-30). The multipli-
cation of Fourier transforms F(u, v) and G(u, v) results in a
new Fourier transform, F{u, v). Computing the inverse fast
Fourier transformation yields f(x, y), a filtered version of the
original image. Thus, spatial filtering can be performed both
in the spatial and frequency domain.

As demonstrated, filtering in the frequency domain involves
one multiplication and two transformations. For general
applications, convolution in the spatial domain may be more
cost effective. Only when the size of g(x, y) is very large, does
the Fourier method become cost effective. However, with the
frequency domain method we can also do some filtering that

CHAPTER 7 Image Enhancement

is not easy to do in spatial domain. We may construct a fre-
quency domain filter G(u, v) specifically designed to remove
certain frequency components in the image. Numerous arti-
cles describe how to construct frequency filters (Al-Hinai et
al., 1991; Pan and Chang, 1992; Khan, 1992). Watson (1993)
describes how the two-dimensional FFT may be applied to
image mosaicking, enlargement, and registration.

Special Transformations

Principal Components Analysis

Principal components analysis (often called PCA, or Kar-
hunen—Loeve analysis) has proved to be of value in the anal-
ysis of multispectral remotely sensed data (Press et.al., 1992;
Wang, 1993). The transformation of the raw remote sensor
data using PCA can result in new principal component
images that may be more interpretable than the original data
(Singh and Harrison, 1985). PCA analysis may also be used
to compress the information content of a number of bands
of imagery (e.g., seven Thematic Mapper bands) into just
two or three transformed principal component images. The
ability to reduce the dimensionality (i.e., the number of
bands in the dataset that must be analyzed to produce usable
results) from n to two or three bands is an important eco-
nomic consideration, especially if the potential information
recoverable from the transformed data is just as good as the
original remote sensor data. A form of PCA may also be use-
ful for reducing the dimensionality of hyperspectral datasets.
Satellite remote sensing datasets of the future may be hyper-
spectral, containing hundreds of bands (e.g., MODIS). For
example, Lee et al. (1990) used a modified PCA transforma-
tion (i.e., the maximum noise fraction, or MNF) for data
compression and noise reduction of 64-channel hyperspec-
tral scanner data in Australia. Noise was removed from the
multispectral data by transforming to the MNE space,
smoothing or rejecting the most noisy components, and
then retransforming to the original space.

To perform principal component analysis we apply a trans-
formation to a correlated set of multispectral data. For exam-
ple, the Charleston, S.C. TM scene is a likely candidate since
bands 1, 2, and 3 are highly correlated, as are bands 5 and 7
(Table 7-5). The application of the transformation to the
correlated remote sensor data will result in another uncorre-
lated multispectral dataset that has certain ordered variance
properties (Singh and Harrison, 1985). This transformation
is conceptualized by considering the two-dimensional distri-
bution of pixel values obtained in two TM bands, which we
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Table 7-6.  Charleston, South Carolina Thematic Mapper écene Statistics Used in the Principal Components Analysis
Band Number: 1 2 3 4 5 7 6
pum: 0.45-0.52 0.52-0.60 0.63-0.69 0.76-0.90 1.55-1.75 2.08-2.35 10.4-12.5
Univariate Statistics 7
Mean 64.80 25.60 23.70 27.30 32.40 i 15.00 110.60
Standérd Deviation 10.05 5.84 8.30 15.76 : 23.85 ‘ 12.45 4.21
Variance 100.93 34.14 68.83 248.40 568.84 154.92 17.78
Minlimum 51 17 14 4 0o 0 90
Maximum 242 115 131 105 193 128 130
Variance-Covariance Matrix
1 100.93
2 56.60 34.14
3 79.43 46.71 68.83
4 61.49 40.68 69.59 248.40
5 134.27 85.22 141.04 330.71 568.84
7 90.13 55.14 ‘8’6.91 148.50 280.97 154.92
6 23.72 14.33 22.92 43.62 78.91 42.65 17.78
Correlation Matrix
1 1.00
y 0.96 1.00
3 | 0.95 0.96 1.00
4 0.39 0.44 0.53 1.00
5 ‘ 0.56 0.61 0.71 0.88 1.00
7 0.72 0.76 0.84 0.76 0.95 1.00
6 | 0.56 0.58 0.66 0.66 0.78 0.81 1.00

will Iabel simply X, and X,. A scatterplot of all the brightness
values associated with each pixel in each band is shown in
Figure 7-31a, along with the location of the respective means,
Hyand 1,. The spread or variance of the distribution of points
is an indication of the correlation and quality of information
associated with both bands. If all the data points clustered in

- 2D extremely tight zone in the two-dimensional space, these

data would probably provide very little information.

- The initial measurement coordinate axes (X, and X,) may
Not be the best arrangement in multispectral feature space to

analyze the remote sensor data associated with these two
bands. The goal is to use principal components analysis to
translate and/or rotate the original axes so that the original
brightness values on axes X, and X, are redistributed
(reprojected) onto a new set of axes or dimensions, X, and
X7 (Wang, 1993). For example, the best translation for the
original data points from X, to X/, and from X, to X’ coor-
dinate systems might be the simple relationship X = X; -,
and X, = X, — l1,. Thus, the origin of the new coordinate sys-
tem (X"} and X’) now lies at the location of both means in
the original scatter of points (Figure 7-31b).
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Figure 7-31 Diagrammatic representation of the spatial relationship between the first two principal components: (a) Scatterplot of data
points collected from two remotely bands labeled X; and X, with the means of the distribution labeled L, and y,. (b) A new
coordinate system is created by shifting the axes to an X’system. The values for the new data points are found by the relationship
X,"=X, -, and X,”= X, — tlp. (c) The X" axis system is then rotated about its origin (W, 1) so that PC, is projected through
the semimajor axis of the distribution of points and the variance of PC, is 2 maximum. PC, must be perpendicular to PC,. The
PC axes are the principal components of this two-dimensional data space. Component 1 usually accounts for approximately
90% of the variance, with component 2 accounting for approximately 5%. '

The X’ coordinate system might then be rotated about its
new origin (};, l,) in the new coordinate system some ¢
degrees so that the first axis X’ is associated with the maxi-
mum amount of variance in the scatter of points (Figure 7~
31¢). This new axis is called the first principal component
(PC, = X,). The second principal component (PC, = 4,) is
perpendicular (orthogonal) to PC,. Thus, the major and
minor axes of the ellipsoid of points in bands X, and X, are
called the principal components. The third, fourth, fifth, and
50 on. components contain decreasing amounts of the vari-
ance found in the data set.

To transform (reproject) the original data on the X, and X,
axes onto the PC, and PC, axes, we must obtain certain
transformation coefficients that we can apply in a linear fash-
ion to the original pixel values. The linear transformation
required is derived from the covariance matrix of the original
data set. Thus, this is a data-dependent process with each
new data set yielding different transformation coefficients.

The transformation is computed from the original spectral
statistics as follows (Short, 1982):

1. The # X n covariance matrix, Cov, of the n-dimensional
remote sensing data set to be transformed is computed
{Table 7-5). Use of the covariance matrix results in an

unstandardized PCA, whereas use of the correlation
matrix results in a standardized PCA (Eastman and
Fulk, 1993).

2. The eigenvalues, E = [A;}, Ay Azz --os Ay, and
eigenvectors EV = [ay, ... fork=1tonbands,and p =1
to n components] of the covariance matrix are

computed such that
. E
by O 0 0 0 o0 o0
0 A, 0 0 0 0 0| (74
EV Cov EVT _ 0 0 A,y O 0 0 0
[nxﬂ[anHan]_ 0 0 0 Ay O O O
0 0 0 0 Ay 0O 0
0 0 0 0 0 A O
o 0o 0o 0o o0 0 A,]

where EV7 is the transpose of the eigenvector matrix, EV, and
E is a diagonal covariance matrix whose elements A, called
eigenvalues, are the variances of the pth principal components,
where p = 1 to n components. The nondiagonal eigenvalues,

A are equal to zero and therefore can be ignored. The num-

ber of nonzero eigenvalues in an nXn covariance matrix
always equals 7, the number of bands examined. The eigen-
values are often called components (i.e., eigenvalue 1 may be
referred to as principal component 1).
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Table 7-6.  Eigenvalues Computed for the Covariance Matrix
Component p
1 2 4 5 ' 6 7
Eigenvalues, lp .1010.92 131.20 37.60 6.73 3.95 217 1.24
Difference 879.72 93.59 30.88 2.77 1.77 .93 -
Toté.l Variance = 1193.81
Percent of total variance in the data explained by each component:
Computed ss %, = eig_envalue kp % 100
z eigenvalue A,
p=1
For example,
7
Z KP = 101092 + 131.20 + 37.60 + 6.73 + 3.95+ 2.17 + 1.24 = 1193.81
p= 1
Percentage of variance explained by first component = %E—IIO—Q = 84.68
Percentage: 84.68 10.99 3.15 0.56 0.33 0.18 0.10
Cumulative: 84.68 95.67 98.82 99.38 99.71 99.89 99.99
Table 7-7.  Eigenvectors tay,) (Factor Scores) Computed for the Covariance Matrix found in Table 7-{;
Component p
1 2 3 4 5 6 7
band, 1 0.205 0.637 0.327 —0.054 0.249 -0.611 -0.079
2 0.127 0.342 0.169 -0.077 0.012 0.396 0.821
3 0.204 0.428 0.159 -0.076 -0.075 0.649 -0.562
4 0.443 -0.471 0.739 0.107 —-0.153 -0.019 —0.004
5 0.742 -0.177 -0.437 —0.300 0.370 0.007 0.011
7 0.376 0.197 ~-0.309 -0.312 ~0.769 -0.181 0.051
6 0.106 0.033 -0.080 0.887 0.424 0.122 0.005

Eigenvalues and eigenvectors were computed for the
Charleston, S.C., TM scene (Tables 7-6 and 7-7). Such com-
putations can be performed using most statistical analysis
packages, such as SAS or SPSS.

The eigenvalues contain important information. For exam-
ple, it is possible to determine the percent of total variance

explained by each of the principal components, %, using the
equation

eigenvalue A, X100

(7-63)

P n

Z eigenvalue 4,
p=l
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Table 7-8.  Degree of Correlation, Ry, between Each Band k and Each Principal Component p
a,, X JA
Computed as: R kp = kP—A/_;
ar,
For example:
0.205 % 4/1010.92 __ 0.205 X 31.795
R, = = = 0.649
’ /100.93 10.046
0.742 x 41010.92 _ 0.742 X 31.795
R, = = /7 = 0.989
’ A/568.84 23.85
0.342 x 4/131.20 _ 0.342x11.45
R,, = = = 0.670
’ J34.14 5.842
Component p
1 2 ' 3 4 5 6
oo 0199 0049 0089 0
0.670 ’0.178 7 0.004 0.099
L0592 . . ods. 0018 - oas
—0.342 0.287 -0.019 ~0.002
" o112 0030 0000
-0.152 0.065 -0.122 -0.021
Do ossowe oo
where A, is the pth eigenvalue out of the possible 7 eigenval- where

ues. For example, the first principal component (eigenvalue
A,) of the Charleston TM scene accounts for 84.68% of the
variance in the entire multispectral dataset (Table 7-6).
Component 2 accounts for 10.99% of the remaining vari-
ance. Cumulatively, these first two principal components
account for 95.67% of the variance. The third component
accounts for another 3.15% bringing the total to 98.82% of
the variance explained by the first three components (Table
7-6). Thus, the seven-band TM dataset of Charleston might
be compressed into just three new principal component
images (or bands) that explain 98.82% of the variance.

But what do these new components represent? For example,
what does component 1 stand for? By computing the corre-
lation of each band k with each component p, it is possible to
determine how each band “loads” or is associated with each
principal component. The equation is

R =“kpX\/Z
& A Var,

(7-64)

ay, = eigenvector for band k and component p
A, = pth eigenvalue
Var,, = variance of band k in the covariance matrix

This computation results in a new n X n matrix (Tablc‘e 7-8)
filled with factor loadings. For example, the highest correla-
tions (i.e., factor loadings) for principal component 1 were
for bands 4, 5, and 7 (0.894, 0.989, and 0.961, respectively,
Table 7-8). This suggests that this component is a near- and
middle-infrared reflectance band. This makes sense because

the golf courses and other vegetation are particularly bright -
in this image. Conversely, principal component 2 has high
loadings only in the visible bands 1, 2, and 3 (0.726, 0.670,
and 0.592), and vegetation is noticeably dark in this image.
This is a visible spectrum component. Component 3 loads
heavily in the near-infrared (0.287) and appears to provide
some unique vegetation information. Component 4
accounts for little of the variance but is easy to label since it
loads heavily (0.545) on the thermal-infrared band 6. Com-
ponents 5, 6, and 7 provide no useful information and con-
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tain most of the systematic noise. They account for very little
of the variance and should probably not be used further.

Now that we understand what information each component
contributes, it is useful to see what the images of these com-
ponents look like. To do this it is necessary to first identify
the brightness values (BV;; ) associated with a given pixel. In
this case we will evaluate the first pixel in a hypothetical
image at row 1, column 1 for each of seven bands. We will
represent this as the vector X, such that

_BV1,1,1 =20
BV, =30
BV;3=22
X =|BV;,=60 (7-65)
BV};5=70
BV;,; =62
| BVi16=50 |

We will now apply the appropriate transformation to this
data such that it is projected onto the first principal compo-
nent’s axes. In this way we will find out what the new bright-
ness value (new BV, ) will be for this component, p. It is
computed according to the formula

neWBv;',j’P == ZQkPBVw,k
k=1
where ay, = eigenvectors, BV;; = brightness value in band &
for the pixel at row i, column j, and n = number of bands. In
our hypothetical example, this yields

(7-66)

newBV);; =ay; (BV 1) +ay, BV 5 ) +as; (BV) 5) +a,, (B 4)
+a5;(BVyy5) +a61 BV ;) +a7,(BV6)
=0.205(20)+0.127(30)+0.204(22) +0.443(60)
+0.742(70)+0.376(62) +0.106(50)
=119.53

This pseudomeasurement is a linear combination of original
brightness values and factor scores (eigenvectors). The new
brightness value for row 1, column 1 in principal component
1 after truncation to an integer is newBV, | ; = 119.

This procedure takes place for every pixel in the original
image data to produce the principal component 1 image
dataset. Then p is incremented by 1 and principal compo-
nent 2 is created pixel by pixel. This is the method used to
. produce the principal component images shown in Figure 7-
" 32. If desired, any two or three of the principal components
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can be placed in the blue, green, and/or red image planes to
create a principal component color composite. These dis-
plays often depict more subtle differences in color shading
and distribution than traditional color-infrared color com-
posite images.

If components 1, 2, and 3 account for most of the variance in
the dataset, perhaps the original seven bands of TM data can
be set aside, and the remainder of the image enhancement or
classification can be performed using just these three princi-
pal component images. This greatly reduces the amount of
data to be analyzed and completely bypasses the expensive
and time-consuming process of feature selection so often
necessary when classifying remotely sensed data (discussed
in Chapter 8).

Fung and LeDrew (1987) and Eastman and Fulk (1993) sug-
gest that standardized PCA (based on the computation of
eigenvalues from correlation matrices) is superior to
unstandardized PCA (computed from covariance matrices)
when analyzing change in multitemporal image datasets.
Standardized PCA forces each band to have equal weight in
the derivation of the new component images and is identical
to converting all image values to standard scores (by sub-
tracting the mean and dividing by the standard deviation)
and computing unstandardized PCA of the results. Eastman
and Fulk processed 36 monthly AVHRR-derived normalized
difference vegetation index (NDVI) images of Africa for the
years 1986 to 1988. They found the first component was
always highly correlated with NDVI regardless of season,
while the second, third, and fourth, components related to
seasonal changes in NDVI.

There are other uses for principle components analysis. For
example, Gillespie (1992) used PCA to perform decorrela-
tion contrast stretching of multispectral thermal-infrared
data. The technique involved transformation of the multiple
bands of thermal-infrared data to principal components
(e.g., decorrelation), independent contrast stretching of
decorrelated PCA bands, and retransformation of the
stretched data back to the approximate original axes, based
on the inverse of the principle component rotation.

Vegeftation Indexes

The collection of accurate, timely information on the world’s
food and fiber crops will always be important (Groten,
1993). The collection of such information using in situ tech-
niques is expensive, time consuming, and often impossible
(Eastman and Fulk, 1993). An alternative is the measure-
ment of vegetative amount and condition based on an anal-




to the poor utilization of colour by the original correlated data, as seen in the
illustration of Fig. 6.9 and as demonstrated in Fig. 6.6¢c.

6.1.7 Other Applications of Principal Components Analysis

Owing to the information compression properties of the principal components
transformation it lends itself to reduced representation of image data for storage or
transmission. In such a situation only the uppermost significant components are
retained as a representation of an image, with the information content so lost being
indicated by the sum of the eigenvalues corresponding to the components ignored.
Therealter if the original image is to be restored, either on reception through a
communications chahnel or on retrieval from memory, then the inverse of the
transformation matrix is used to reconstruct the image from the reduced set of
components. Since the matrix is orthogonal its inverse is simply its transpose. This
technique is known as bandwidth compression in the field of telecommunications;
however it has not found great application in remote sensing image processing,
presumably because hitherto image transmission has not been a consideration and
available memory has not placed stringent limits on image storage.

An interesting application of principal components analysis is in the detection of
features that change with time between images of the same region. This is described by
example in Chap. 11. :

6.2 The Kauth-Thomas Tasseled Cap Transformation

The principal components transformation treated in the previous section yields a new
co-ordinate description of multispectral remote sensing image data by establishing a
diagonal form of the global covariance matrix. The new co-ordinates (components) are
linear combinations of the original spectral bands. Other linear transformations are of
course possible. One is a procedure referred to as canonical analysis, treated in
Chap. 10. Another, to be developed below, is application-specificin that the new axes in
which data are described have been devised to maximise information of importance, in
this case, to agriculture. Other similar special transformations would also be possible.

The so-called “tasseled cap” transformation developed by Kauth and Thomas (1976)
is a means for highlighting the most important (spectrally obseivable) phenomena of
crop development in a way that allows discrimination of specific crops, and crops {from
other vegetative cover, in Landsat multitemporal imagery. Its basis lies in an
observation of crop trajectories in band 6 versus band 5, and band 5 versus band 4
subspaces. Consider the former as shown in Fig.6.10a.

A first observation that can be made is that the variety of soil types on which specific
crops might be planted appear as points along a diagonal in the band 6, band 5 space as
shown. This is well-known and can be assessed from an observation of the spectral
reflectance characteristics for soils. (See for example Chap. 5 of Swain and Davis 1978.)
Darker soils lie nearer the origin and lighter soils at higher values of both bands. The
actual slope of this line of soils will depend upon global external variables such as
atmospheric haze and soil moisture effects. If the transformation to be derived is to be
used quantitatively these effects need to be modelled and the data calibrated or

corrected beforehand.

g Mt 5 a s s e

[ EEY

SPEpee

i R S ety P A

s

140

o &=

A= =

o c

2| Malure crop 8

i Emergence = Yellowing of

S Bright soil © owing o

a 5 senescent crops
[==)

Line of soils

region

Band 1(Band 4)

" Dark soil

, Band 2 (Band 5)
a b
Fig. 6.10. a Band 6 versus baﬁd 5 Landsat multi
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. Consxder now the trajectories followed in the band 6 versus band 5 subspace for ¢
pixels corre§ponding to growth on different soils — in this case take the fgctremc 1irc1)£
and dark .soxls as depicted in Fig. 6.10a. For both regions at planting the multis ectg ]
response is fiommaled by soil types, as expected, As the crops emerge the shadogs c;at
over th.e soil dominate any green matter response. As a result there is considerablS ’
darkening of thc' response of the lighter soil crop field and only a slight darkenin ot;'
.that on dark soil. When both crops reach maturity their trajectories come to etgher
implying clc_)sure of the crop canopies over the soil. The response is then dominatged b
the green biomass, being in a high band 6 and low band 5 region, as is well knowny
When the crops senesce and turn yellow their trajectories remain t,ogethcr and move:
away from the green biomass point in the manner depicted in the diagram. However
wherea}s the development to maturity takes place almost totally in the same‘ lane, the
i/ri!ov&l/mg de(;/elopmept in fact moves out of this plane, as can be assessed b;how, the
" quc;aotggsin ;\;;l%pl (;rtx) | the band 5 versus band 4 sgbspacc during senescence as

Should the crops then be harvested the trajectoric i
princip'le, back towards their original soil posthiofl(;.n'Fs peyond sencscence move, i
' Havxpg made these observations, the two diagrams of Fig. 6.10 can now be combined
into a sxpgle three dimensional version in which the stages of the crop trajectories can
be described according to the parts of a cap, with tassels, from which the name of the
.subsequent. transformation is derived. This is shown in F ig. 6.11. The first point to not
is that t'he line of soils used in Fig. 6.10a is shown now as a plane of soils. Its maxims .
spread 1s‘a]ong the three dimensional diagonal as indicated: however i't has a scattm
al?out this line consistent with the spread in band 5 vcrs’us band 4 as shown f;
F};lg. 6.10b. Kauth and Thomas note that this plane of soils forms the brim and base of
: e caé). As crops develop on any so@l type their trajectories converge essentially
owards the crown of the cap at maturity whereupon they fold over and continue to
yellpyvmg as indicated. Thereafter they break up to return ultimately to vari il

positions, forming tassels on the cap as shown, g roneser

The behaviour observable in Fig.6.11 led Kauth and Thomas to consider the
development of a linear transformation that would be useful in crop discrimination. As

with the mrineine? ~ccgmac oga oo r
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gonal axes. However the axis directions are chosen according to the behaviour seen in
Fig.6.11.

Three major orthogonal directions of significance in agriculture can be identified.
The first is the principal diagonal along which soils are distributed. This was chosen by
Kauth and Thomas as the first axis in the tasseled cap transformation. The
development of green biomass as crops move lowards maturity appears to occur
orthogonal‘to the soil major axis. This direction was then chosen as the second axis,
with the intention of providing a greeness indicator. Crop yellowing takes place in a
different plane to maturity. Consequently choosing a third axis orthogonal to the soil
line and greeness axis will give a yellowness measure. Finally a fourth axis is required to
account for data variance not substantially associated with differences in soil
brightness or vegetative greeness or yellowness. Again this needs to be orthogonal to
the previous three. It was called “non-such” by Kauth and Thomas in contrast to the
names “soil brightness”, “green-stufl” and “yellow-stufl” they applied to the previous
three.

The transformation that produces the new description of the data may be expressed
as

u=Rx+c (6.10)

where x is the original Landsat multispectral scanner pixel vector, and u is the vector of
transformed brightness values. This has soil brightness as its first component, greeness
as its second and yellowness as its third. These can therefore be used as indices,
respectively. R is the transformation matrix and ¢ is a constant vector chosen
(arbitrarily) to avoid negative values in u. '

The transformation matrix R is the transposcd matrix of column unit vectors along
each of the transformed axes (compare with the principal components transformation
matrix). For a particular agricultural region Kauth and Thomas chose the first unit
vector as a line of best fit through a set of soil classes. The subsequent unit vectors were

generated by using a Gram-Schmidt orthogonalization procedure in the directions

required. The transformation matrix generated was

0.433 0.632 0.586 0.264
—0290 —0.562 0.600 0.491
—0.829 0.522 -~0.039 0.194

0.223 0.012 —0.543 0.810

R=

From this it can be seen, at least for the region investigated by Kauth and Thomas, that
the soil brightness is a weighted sum of the original four Landsat bands with
approximately equal emphasis. The greeness measure is the difference between the
infrared and visible responses. In a sense therefore this is more a biomass index. The
yellowness measure can be seen to be substantially the difference between the Landsat
visible red and green bands.

Just as new images can be synthesised to correspond to various principal
components so can the actual transformed images be created for this approach. By
applying (6.10) to every pixel in a Landsat multispectral scanner image, soil brightness,
greeness, yellowness and non-such images can be produced. These can then be used to
assess stages in crop development.

Fig.6.12. Landsat multi-
spectral scanner band7 a
and band 5, b images of an
arid region containing irri-
gated crop ficlds. The ratio
of these two images ¢ shows
vegetated regions as bright,
soils as mid to dark grey and
water as black
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Figure 5 Observed vegetation isolines in NIR-red wavelength space for various canopy densities of cotton
and grass with differing soil-background conditions. [Reprinted by permission of the publisher from Huete
(1988). Copyright 1988 by Elsevier Science Publishing Co., Inc.]

NEAR-INFRARED REFLECTANCE FACTOR

intercepts with high€r vegetation densities (Eigure 5
getation spectral behavior has been verified wj d various
canopy/radiant transfer mgtels including the SAAﬁ’, model (S. Goward, pﬁ‘r‘éonal com-
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TABLE 4 Geometric Properties of Cotton-Canopy Isolines in NIR-Red
Wavelength Space

Green NIR Correlation
Cover (%) Slope Intercept Length n Coefficient (r)

0 1.06 0.026 0.396 8 0.997
20 1.24 0.106 0.301 5 0.998
25 1.30 0.131 0.278 4 0.999
40 1.54 0.186 0.224 8 0.997
55 2.01 0.253 0.156 4 0.999
60 2.50 0.240 0.153 8 0.997
75 3.93 0.299 0.094 8 0.994
90 15.26 0.006 0.052 4 0.977
95 2.19 0.005 0.021 4 0.134

100 55.33 —0.015 0.017 2 -

Source: Reprinted by permission of the publisher from Huete et al. (1985). Copyright 1985 by Elsevier
Science Publishing Co., Inc.

e
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IV.A.1 Ratio-Based Indices

Vegetation indices or greenness measures developed thus far can be classified into two
broad categories: the ratio indices and orthogonal indices. The ratio vegetation index
(RVI = NIR/red) and normalized difference vegetation index [NDVI = (NIR —
red) /(NIR + red) = (RVI — 1) /(RVI + 1)] are the most common of the ratio trans-
formations used as vegetation measures. They involve ratioing a linear combination of
the NIR and red bands by another linear set of the same bands. In the two-dimensional
NIR-red space, these indices are graphically displayed by vegetation isolines of increas-
ing slopes diverging out from the origin (Figure 9).

The ratio indices essentially rely on the existence of the soil-line concept in normal-
jzing soil behavior and discriminating vegetation spectra. Since most soil spectra fall on
or close to the soil line, and since the intercept of such a line is close to the origin, RVI
and NDVI values of bare soils (ratios) will be nearly identical for a wide range of soil
conditions. These indices have been found effective in normalizing soil-background
spectral variations (Colwell, 1974), and variations in irradiance conditions (Tucker,
1979). Tucker (1977) and Ripple (1985) found that the NDVI was the best estimator of
low amounts of blue grama (Bouteloua gracilis) and tall fescue (Festuca arundinacea)
grass phytomass. Colwell (1974) and Pearson et al. (1976) found that the RVI was
unreliable in grass canopies with low green covers (<30%). Weiser et al. (1984) re-
ported a direct correlation between RVI and tall grass prairie phytomass, however, they
found their results to be site-dependent, year-specific, and sensitive to the presence of
senescent vegetation.

IV.A.2 Orthogonal-Based Indices

The second broad category of spectral vegetation measures are orthogonal transforma-
tions that include the two-band perpendicular-vegetation index (PVI) of Richardson and
Wiegand (1977) and the four-band green-vegetation index (GVI) of Kauth and Thomas

5.0 (0.66)
3.0 (0.50)
/
/

20 (0.33)

1.5 (0.20)

R

2,

Red

Figure 9 Vegetation spectra isolines and convergence points in NIR-red wavelength space as predicted by
the ratio, normalized difference, and perpendicular-vegetation indices. [Reprinted by permission of the pub-
lisher from Huete (1988). Copyright 1988 by Elsevier Science Publishing Co., Inc.]
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(1976). The six-band (Crist and Cicone, 1984) and n-wavelength band (Jackson, 1983)
GV1 also represent orthogonal indices. The orthogonal indices are distinct from the ratio
indices in that isolines of equal ‘‘greenness’’ do not converge at the origin, but instead
remain parallel to the principal axis of soil spectral variation, i.e., the soil line (Figure
9). A greenness vector, orthogonal to the soil line, is computed to maximally include
green-vegetation signals while holding soil background constant. The projection of com-
posite spectra onto this vector is subsequently used as the measure of vegetation.

The explanation offered by the two types of indices are contradictory with each other
in describing soil-vegetation spectral behavior. As an example, a partial canopy over a
dry-soil background (A) is shown in Figure 9. If the soil background were to become
wet, a vegetation isoline bounded by dry- and wet-soil conditions would be formed. In
order for the RVI and NDVI to effectively normalize such a background change, the
vegetated pixel would have to shift directly toward the origin (B), following an isoline
of constant RVI and NDVI values. The PVI, however, would require the pixel to shift
along an isoline parallel to the soil line (C), so that both the wet- and dry-soil vegetated
pixels maintain a constant PVI value (equidistant to the soil line). Another vegetation
index, called the soil-adjusted vegetation index [SAVI = [(NIR — red) /(NIR + red
+ 0.5)]1.5] was developed by Huete (1988) to describe observed grass- and cotton-
vegetation isolines (Figure 5). The SAVI assumes a shift (D) that lies between those
predicted by the ratio and orthogonal approaches (Figure 9). This index takes on prop-
erties of both the NDVI and PVI and is more fully described later in this chapter.

There is a lack of detailed analyses concerning the limitations of these vegetation
indices in assessing greenness and in monitoring of the plant canopy (Tucker, 1979).
For the most part, quantitative information regarding the performance of various spectral
measures have been collected over uniform soil backgrounds with ground-based radi-
ometers. Multispectral data collected from space- or airborne sensors, on the other hand,
will quite often include different soil types under several soil-moisture conditions and
with varying quantities of dead organic material. The usefulness of vegetation spectral
indices depend, in part, on how well they minimize these soil-background spectral vari-
ations. In wavelength space, it is the migration of a vegetated pixel away from the soil
line in relation to vegetation density that must be adequately modeled.

IV.B Soii-Brightness Effects

Soil-brightness influences have been noted in numerous studies, where, for a given
amount of vegetation, darker- or lighter-soil substrates resulted in higher vegetation in-
dex values when the NDVI, RVI, PVI, and GVI were used as vegetation measures.
Colwell (1974) found dark-soil canopies to have the highest RVI values at low- to in-
termediate-percent oat covers. Elvidge and Lyon (1985) additively mixed vegetation
spectra with a series of arid-region soil substrates and reported higher RVI and NDVI
greenness values for darker substrates, but found no effect on the PVI. Jackson et al.
(1983) found the PVI and GVI to be sensitive to soil-moisture condition on a uniform
soil type. Huete et al. (1985) found RVI and NDVI values to decrease while PVI and
GVI values increased with increasing soil brightness under a constant amount of vege-
tation. All of these studies show spectral indices to be partially correlated with soil
brightness over certain ranges of vegetation density. Thus, in areas where there are
considerable soil-brightness variations resulting from moisture differences, roughness
variations, shadow, or organic-matter differences, there are soil-induced influences on
the vegetation index values.
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Soil-brightness influences are prevalent in partially vegetated canopies because the
ratio-based and orthogonal-based vegetation indices fail to predict the behavior of veg-
etated pixels as they migrate away from the soil line. If vegetation isoline behavior does
not agree with that predicted by spectral vegetation indices, then different soil back-
grounds under constant vegetation amounts will produce different spectral index values.
The isolines presented in Figure 5 neither converged at the origin (as required by the
RVI and NDVI) nor maintained slopes identical with the soil line (a PVI requirement),
At low-vegetation densities, the isolines are nearly parallel with the soil line, while at
very high densities. they nearly approach *‘zero’’ intercepts. Over most of the range of
vegetation densities, the isolines do not obey the pattern expected from the ratio and
orthogonal indices.

Figure 10 shows the soil-brightness problem inherent in the NDVI. Decreases in red-
canopy reflectance, due to darker-soil substrates, cause significant increases in the NDVI.
The NDVI appears to be as sensitive to soil darkening as to vegetation development.
Thus, a very low amount 320 kg /ha, of grass phytomass on a dark-soil substrate has
the same NDVI (~0.3) as 1000 kg /ha on a bright sandy substrate. The NDVI values
for a 20% green cotton cover (LAI = 0.5) ranged from 0.24-0.60 and approached the
values for a 60% green cover (LAI = 1.7). The NDVI also does not account for the
orientation of the bare-soil line (Figure 10). Since the soil line has a positive NIR inter-
cept in NIR-red wavelength space, darker soils have higher NDVI values than the lighter-
colored soils because their vector slope to the origin is steeper. As a result, the NDVI
would not be able to differentiate these darker (bare) soils from a 320 kg /ha grass can-
opy over lighter soils. -

Figure/11 demonstrates the wbnparallel nat\’i‘/er of cotton GVI isolines. From g,le‘ﬁ'é
data ong can see: (1) soil-brightness inﬂuenc¢s’,’u where brighter soils pfoduce the highest
GVI /Zlues for equivalent ¥egetation densitles, and () secondagf’s’oil variafiéfis wi f-%in
thesisolines. Secondary,£oil noise vari ’t{;ns increase withd,th’g additioqa'l/xii more
wélelengths in the qior’x)lputation of og;tﬁigonal indices. InFigure 11, thé GVI values of
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Figure 10 Relationship between the normalized difference and bare-soil red reflectance for various canopy
densities of cotton and grass. Numbers in parentheses denote grass biomass. [Reprinted by permission of the
publisher from Huete (1988). Copyright 1988 by Elsevier Science Publishing Co., Inc.]
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Figure 11 Relationship between a seven-band green vegetation index and seven-band soil-brightness index
for various green cotton covers. See Figure 1 caption for symbols; solid symbols denote wet-soil backgrounds.

[Reprinted by permission of the publisher from Huete et al. (1985). Copyright 1985 by Elsevier Science
Publishing Co., Inc.]

rlap with th Se from the 20% gpéen canopy (LAI = 0.5). As’ expected,
¥ soil 1nﬂuencg: decrease in magmtﬁde with i mcrea,s‘es in veoetatmn dqp ity due
to the decreased soi "é’xgnal y ra A
yfespectlve of fiow bare-soil spectra are normali e’d (ratios or r@tanom) soil- bnlgﬁt—
neds influences /become greater thbfmcreasmg ve e“énon densmes up. £ 40-60% green-
c‘gnopy cover;( LAI = 1-2). The#pectral index ¥alues from the 75% ‘canopy coxer (LAL¢
= 2.8) are, 4s sensitive to so;,lﬂ*%ackground ag'those from the 20% canopy cor‘{/ers (LA{
= 0.5) afd soil-induced vatiations in the NDVI for a constant canopy of LAI =
encompassed half the total NDVI dynamic range (zero to full cover) of the green canopy.
The SAVI, which was designed to minimize soil-brightness influences, produces veg-
etation isolines more nearly independent of the soil background (Figure 12). Soil vari-
ations are reduced by the SAVI in both the narrow-leaf grass (erectophile) and the broad-
leaf cotton (planophile) canopies. In Figure 13, soil-induced spectral index variations
are shown as a function of green cotton LAI for the NDVI, PVI, and SAVI. The rela-
tionship between NDVI and PVI with LAI is very soil-dependent, as seen by the con-
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Figure 12 Relationship between the soil-adjusted vegetation index and bare-soil red reflectance for various
canopy densities of cotton and grass. Numbers in parentheses denote grass biomass. [Reprinted by permission
of the publisher from Huete (1988). Copyright 1988 by Elsevier Science Publishing Co., Inc.]

siderable range in NDVI or PVI values for a constant vegetation density. Note the op-
posite soil-brightness effects between these two indices. The PVI values for a constant
amount of vegetation are greatest with the light-soil background, whereas it is the darker
soils that result in highest NDVI values. In both cases, the soil-brightness influence
becomes more serious at intermediate levels of vegetation density than at either very
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LEAF AREA INDEX

Figure 13 Vegetation index response and soil variations of the NDVI, SAVI, and PVI as a function of
cotton leaf-area index. [Reprinted by permission of the publisher from Huete (1988). Copyright 1988 by
Elsevier Science Publishing Co., Inc.]
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low or very high densities (Figure 13). The SAVI, by comparison, substantially reduces b
soil-induced variations, and it improves the linearity between the index and LAL ' '

IV.C Solar-Angle lnf?e’ﬁces L

Jackson et al /1980) showg#l how sunlit- and sHaded-soil backgrounds might affect spec-

tral indice; primarily t}g};f%ugh differences ip'red and NIR ﬂu)g\,ef;enetration through the !

canopy. ;The changes jh red- and NIR-catiopy reﬂectancez}y/ﬂ"ith sun angle {Figure 6) ;

were mbstly a resultyof differences in slnlit- and shaded-§811 contﬁbutiogs"f/ Figure 14
shoﬂv% the NDVI (;fa 40% cotton cyfgpy plotted against bare-soil NIR sfeflectance for
thefiwo solar zen}}f angles. As discifssed in the previgds section, NDVI values increase
a8 the soil becophes darker for cohstant vegetatior‘;ﬁonditions (Figy«f’e 10). The NDVI

!;’values are als?j‘ igher at the largér solar zenith angle, partly due gp a greater proportion

& of plant-matg,ﬁal irradiance ap“d partly as a resylt of greater soil"darkening (shadow) at F
this angle. Mot only are NDVI values greater, but the soil-indugéd effects are also smallep’
at the lar%& sun angle. Tt;[,é}NDVI of the 46% green canopy/s greatest with darker-soil
types and larger solar zghith angles (shaded soil). This corresponded to minimalsoil-
compogent contributi%g% (darkest soil giirface) and maxiyyﬁum vegetation irradj,g,ﬁ?ére con-
ditiogs. & I &

;E'gure 14 showksf{hat NDVI diff¢fences with solg,«r’yzenith angle are p;"f’rgiiarily a soil-
induced effect sinde (a) they become greater with Jighter-colored soilsfand (b) they are
minimal with vety dark soils. With the extrapolated *‘zero’’ soil baékground, the 40%
canopy only )@fiydes from 0.79-0.77 units. Thq;§oil-dependent nattire of the NDVI is of ’ ‘
concern to temporal data sets”due to NDVI sepsitivity to differenges in sunlit- and shaded- ‘
i soil compgﬁents resulting from variations inl solar zenith anglé. Huete (1987a) analyzed
sun-angle influences on the PVI and founﬁ a strong soil-component influence on diurnal

canopy spectral responses.

g
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Figure 14 Normalized difference vegetation index values of a 40% cotton canopy at two solar zenith angles
and different soil backgrounds. {From Huete (1987a).]




Thematic Information Extraction:
Image Classification

ntroduction e |

Remotely sensed data of the Earth may bé analyzed to extract useful thematic
information. Notice that data are transformed into information. Multispectral
classification is one of the most often used methods of information extraction.
This procedure assumes that imagery of a specific geographic area is collected
in muitiple regions of the electromagnetic spectrum and that the images are
in good gevmetric registration. The general steps required to extract land-
cover information from digital remote sensor data are summarized in Figure
8-1. The actual multispectral classification may be performed using a variety
of algorithms (Figures 8-1 and 8-2), including (1) hard classification using
supervised or unsupervised approaches, (2) classification using fuzzy logic,
and/or (3) hybrid approaches often involving the use of ancillary (collateral)
information. ‘

In a supervised classification, the identity and location of some of the land
cover types, such as urban, agriculture, or wetland, are known a priori (before
the fact) through a combination of fieldwork, analysis of aerial photography,
maps, and personal experience (Mausel et al., 1990). The analyst attempts to
locate specific sites in the remotely sensed data that represent homogeneous
examples of these known land-cover types. These areas are commonly
referred to as training sites because the spectral characteristics of these known
areas are used to train the classification algorithm for eventual land-cover
mapping of the remainder of the image. Multivariate statistical parameters
(means, standard deviations, covariance matrices, correlation matrices, etc.)
are calculated for each training site. Every pixel both within and outside these
training sites is then evaluated and assigned to the class of which it has the
highest likelihood of being a member. This is often referred to as a hard clas-
sification (Figure 8-2a) because a pixel is assigned to only one class (e.g., for-
est), even though the sensor system records radiant flux from a mixture of
biophysical materials within the IFOV, for example, 10% bare soil, 20% scrub
shrub, and 70% forest (Foody et al., 1992).

- In an unsupervised classification, the identities of land-cover types to be spec-
' ified as classes within a scene are not generally known a priori because ground
b reference information is lacking or surface features within the scene are not
well defined. The computer is required to group pixels with similar spectral
characteristics into unique clusters according to some statistically determined
criteria (Jahne, 1991). The analyst then combines and relabels the spectral
clusters into hard information classes (Figure 8-2a).

L
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Figure 8-1

CHAPTER 8 Thematic Information Extraction: Image Classification

General Steps Used to Extract Land Cover
Information from Digital Remote Sensor Data

State the Nature of the Classification Problem
*» Define the region of interest
* Identify the classes of interest from a Land Cover Classification System
Acquire Appropriate Remote Sensing and Ground Reference Data
* Select remotely sensed data based on the following criteria:
* Remote sensing system considerations
- Spatial, spectral, temporal, and radiometric resolution
* Environmental considerations
- Atmospheric, soil moisture, phenological cycle, etc.
» Obtain initial ground reference data based on
* a priori knowledge of the study area
Image Processirig of Remote Sensor Data to Extract Thematic Information
* Radiometric correction (or normalization)
* Geometric rectification
* Select appropriate image classification logic and algorithm
* Supervised
- Parallelepiped and/or minimum distance
- Maximum likelihood
- Others (e.g., fuzzy maximum Iikelihood)
* Unsupervised
- Chain method
- Multiple pass ISODATA
- Others (e.g., fuzzy c-Means)
* Hybrid involving ancillary information
* Extract data from initial training sites using most bands (if required)
* Select the most appropriate bands using feature selection criteria
* Graphical (e.g., co-spectral plots)
* Statistical (e.g., transformed divergence, TM-distance)
* Extract training statistics from final band selection (if required)
* Extract thematic information
» By class (supervised)
* Label pixels (unsupervised)
Error Evaluation of the Land Cover Classification Map (Quality Assurance)
* Obtain additional reference test data based on the following criteria:
* a posteriori knowledge of the study area
¢ Stratified random sample
* Assess statistical accuracy of the classification map
# Overall percent accuracy
* Kappa coefficient
* Accept or reject hypotheses
Distribute Results if the Accuracy is Acceptable
= Digital products
* Analog (hard-copy) products
* Error evaluation report
* Image and map lineage report

General steps required to extract land-cover information from digital remote sensor data.
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Classification of Remotely Sensed Data
Based on Hard Versus Fuzzy Logic

Single-Stage Hard Classification
of One Pixel to One Class

é Rectified
3 remotely
" sensed data

Hard partition of feature
space and assignment of
each pixel to one of m
classes using supervised
and/or unsupervised
classification logic

Final classification map
consisting of m classes

(@)

Computation of Fuzzy Membership

Grades andﬂfmal Class:ﬁcatlon

Fuzzy’partmon of feau{re space
wl;erem each pixel ] has a
membershlp gradg’ Value (from
m to 1) form claSses using
superv1sed and/or unsupervised
classafleat' i logic

Apphcatlori‘( of additional
logic to the membership
vrade  ihformation to derive
a fipdl classification- Thap
cgnsmtmg of m cléisses, if
“desired

(b)

Figure 8-2  Difference between a traditional single-stage hard classification using supervised or unsupervised classification logic and clas-

sification using fuzzy logic.

r’
K

Fuzzy set classzﬁcatwn logic, which'takes into account the
heterogeneous and imprecise naﬁure of the real world, .may

be used in cogi)unctlon with §ﬂperv1sed and unsuperv1sed ,

clasmﬁcaﬂon@lgonthms The/IFOV of a sensor system nor-
mally recoy‘ds the reflected gr emitted radiant fluxfrom het-
erogeneolis mixtures of bilophysical materials e?d/ch as soil,
water,| ,de vegetation. Also, the land-cover classes usually
gradefmto one anothér without sharp, harﬁ boundaries.
Thug, ireality is actua‘lly very imprecise and’ heterooeneous
(W‘Z\ig, 1990a and b Lam, 1993). Unfortunately, we usually

use very precise tlassmal set theory to® classify remotely

.sensed data into dlscrete, homogeneous information classes,
ignoring the 1m&)rec151on found in the real world. Instea}:l of
being assigned’to a single class out of #1 possible classes,éach
pixel in a fuzgy classification has m n;fembershlp grade talues
(to be discyfsed), each associated with how probable@( or cor-
related) iths with each of the clas;f of interest (Flguire 8-2b).
This infgrmation may be used byjthe analyst to e‘fftract more
precis¢fland cover mformatlon{; especially concernmg the
mzl;;zﬁp of mixed pixels ( Flshef{f and Pathirand, 1990; Foody
Trodd, 1993). ) Vi

5
e

’gspectral ancillary

Sometimes it is, M,, ecessary to include

data when pe}eformxng a supervised¢"unsupervised, and/for

fuzzy classifitation to extract the’desired informatigh. A

variety of methods exists, includling the use of geggraphic

strat1ﬁcat10n, layered clasaﬁca{ lon logic, and expert systems.
s

iy

In this chapter, each ma & 1nformat1on extrqé’flon method- '

olog’y is discussed in tefms of (1) when it j’ﬁppropmate, @)
u}ﬂportant con51de);at1ons that must be dddressed ar}d’ (3)
sthe nature of tzﬁejexpected results. /' o

B Supervised Classification

Useful supervised and unsupervised classification of remote
sensor data may be obtained if the general steps summarized
in Figure 8-1 are understood and carefully followed. The
analyst first selects an appropriate region of interest on which
to test hypotheses. The classes of interest to be tested in the
hypothesis will dictate the nature of the classification system
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to be used. Next, the analyst selects the appropriate digital
imagery, keeping in mind both sensor system and environ-
mental constraints. When the data are finally in house, they
are usually radiometrically and geometrically corrected as
discussed in previous chapters. An appropriate classification
algorithm is then selected and initial training data collected.
Feature (band) selection is then performed to determine the
bands that are most likely to discriminate among the classes
of interest. Additional training data are collected and the
classification algorithm is applied, yielding a classification
map. A rigorous error evaluation is then performed. If the
results are acceptable, the classification maps and associated
statistics are distributed to colleagues and agencies. This
chapter reviews many of these considerations in detail.

Land-cover Classification Scheme

All classes of interest must be carefully selected and defined
to successfully classify/remotely sensed data into land-cover

(or land-use) information (Gong and Howarth, 1992). This
requires the use off a classification schefne containing taxo- -
nomically corregt definitions of classes of mformatlon,

which are organ:fzed according to logrral criteria. It is impof-
tant for the anflyst to realize, however, that there is a fun,da-
mental drfferérce between 1nform‘at10n classes and spectral
classes (Ienéen et al, 1983; Cahmpbell 1987). Informatzon
classes are fhose that human bemgs define. Conversely, spec-
tral classes are those that are jnherent in the remoté sensor
data and must be identified and then labeled by thé analyst.
For exgmple, in a remotely4~sensed image of an u’rban area
there fs likely to be single- farmly residential housing. A rela-
tively high spatial resolutlén (20x20m) remote sensor such
as JPOT might be able t¢ record a few pure plXels of vegeta-
txgn and a few pure pL\els of asphalt road or shlngles How-
gver, it is more likely fhat in this residential area the pixel
brightness values w 11} be a function of the A{eﬂectance from
mixtures of vegetatlon and concrete. Few planners or admin-
istrators want to see a map labeled with cfasses like (1) con-
crete, (2) vegetamon, and (3) mlxturefof vegetation and
concrete . Ratheré* they prefer the analys, to rename the mix-
ture class as smgle -family residentialf (Westmoreland and
Stow, 1992). The analyst should only d@’ this if in fact there is
a good assogatron between the mitture class and single-
family resrdgntral housing. Thus, wefgee that an analyst must
often transfate spectral classes in 6 information classes to
satisfy bux;eaucratlc requirements,’An analyst should under-

stand well the spatial and spectral characteristics of the sen- /
sor systefm and be able to relate these system parameters to’

the types and proportions of materrals found within- the
scene and within pixel IFOVs. If these parameters are under-

CHAPTER 8 Thematic Information Extraction: Image Classification

stood, spectral classes 6ﬁen can be thoughtfully relabled as
information classes jfj .

; Y?-f"
Certain classification schemes hﬁve been developed vfhat can
readily lncc?{orate land- us’é and/or land-co¥er data

obtained byyinterpreting reﬁlotely sensed d?fénly a few

~will be dls@hssed here, mcludmg the followin

/'
- US. Geolog1cal ’Sur\ey Land IJée/Land Cover
Clasmﬁcatlon Sysgem J/ -
7 »

g
. U’ S. Fish and‘ erdhfe Serv1ce Wetland Clasmﬁéaﬂon
ystem ; s

£
. N.O.A.Aﬁ,«CoastWatch Land Co4ver Classiﬁcati@ifr System
a“

U.S. GB@LOGICAL SURVEY LAND USE/LAN/I}‘COVER Crassi-

FICATFON SYSTEM y
C } 5 .

r!‘ -

Major points of différence between various classification
schemes are their emphasis and abﬂity to incorporate infor-
mation obtained using remote setising. The U.S. Geological
Survey Land Use/Land Cover Cl s’%;l‘icatzon System (Anderson
etal., 1976; USGS, 1992), is resource oriented (land cover) in
contrast with various people/ or activity (land use) oriented
systems, such as the Stand rd Land Use Coding (SLUC) Man-
ual or the Michigan Lam{, gse Classification System (]ensen et
al., 1983). The USGS ratlonale is that “although there’is an
obvious need for an urban oriented land-use classrﬁcatlon
system, there is also 'need for a resource- orrented»clasmﬁca-
tion system whose primary emphasis would be, the remain-
ing 95 percent of’the United States land area ”’The US.G.S.
system addresse§ this need with eight of the nine level I cate-
gories treatlng Tand area that is not in urbari or built-up cat-
egories (Table 8-1). The system is des1gned to be driven
primarily by the interpretation of rémote sensor data
obtained at various scales and resoluﬁons (Table 8-2) and
not data;ollected in situ. It was mmaﬂy developed to include

land- use data that was visually photomterpreted although it

has bgen widely used for digital rﬁultlspectral classification
studges as well.

r? F
Th’e SLUC, on the other hand, is land-use activity. ériented
a‘nd is primarily dependen fon in situ observation to obtain

:Jremarkably specific land-pse information, even to the con-
" tents of buildings (Rhiﬁd and Hudson, 1980). Obviously,

there exists the need to merge the two approaches to produce
a hybrid classification’system that incorporates both land use
interpreted from remote sensor data and very precise (and
expensive) land-use information obtained in sifu when
necessary. :

i

K

K
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CoastWatch projects as input to the national database. The
underlined classes, with the exception of aquatic beds, can
generally be détected by satellite remote senisors, particularly
when suppgrted by surface in situ measurement. The classi-
fication system is hierarchical, reﬂe%té" ecological relation-
ships, dnd focuses on land-cover classes that can be
discrifminated primarily from satg:lﬁte remote sensor data.
‘j 'J':f ‘5“:;”
O?/SERVATIONS ABOUT CLAi@I%ICé;’inN SCHEMES

g E
~ &

Geographical information (jﬁcluding remote sensor,data) is
often imprecise. For example, there is usually a gradfial inter-
face at the edge of forg;ﬁ?t;s and rangeland (whére remote
sensing mixed pixels aré encountered), yet all the aforemen-
tioned classification ;$chemies insist on a hard boundary
between the classest The schemes should actually contain
fuzzy definitions sbecause the thematic information con-
tained in them i fuzzy (Fisher and Pathirana, 1990; Wang,
1990a). Fuzzy dlassification schemes are not currently avail-
able. Therefore, we must use existing dassiﬁcation schemes,
which are rigid, based on a priori kngivledge, and difficult to
use. Nevertheless, they are widely eriployed because they are
scientifically based, and individuals using the same classifica-
tion system can compare their results.

This brings us to another important consideration. If a rep-
utable classification system already exists, it is foolish to
develop an entirely new system that will probably only be
used by ourselves. It is better to adopt or modify-existing
nationally recognized classification systems. This allows us to
interpret the significance of our classification results in light
of other studies and n}ﬁéikes it easier to share dg,t% (Rhind and
Hudson, 1980). ¢ {»"'
Finally, it shouldgf’be noted that there s a relationship
between the level 0f detail in a classification scherne and the
spatial resolution of remote sensor systems used to provide
information. Welch (1982) summarized this relationship for
the mapping of urban/suburban land use and land cover in
the United States (Figure 8-5). A similar relationship exists
when mapping vegetation ( Botkin et al,, 1984). For example,

.the sensor systems and spatial resolutions useful for discrim-

inating vegetation from a globalig:(to an in situ perspective;are
summarized in Figure 8-6. THis suggests that the leyel of
detail in the desired classificatfon system dictates the );patial
resolutfon of the remote segfsor data that should b# used.
Spectral resolution is also anfimportant consideratigh. How-
ever, l{f is not as critical a paxjglrneter as spatial resolufion since
mosg’f‘ of the sensor systems (e.g., Landsat MS$ or SPOT
HRYV) record energy in approximately the sam green, red,
and near-infrared regi%fns of the electromaﬁmfgtic spectrum
;

A

£
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Approximate IFOV (m)

O. 3 53
I s 10 I Iv

L@ﬁd Cover Class (level)

Figure 8-5 Spatig{resolution (IFOV) requirements as a func-
tion/of the mapping requirements fof levels I to IV
la;’fd-cover classes in the United FS"tates (based on
Anderson et al., 1976). Levels I, I 111, and IV infor-

Jmation are normally derived from satellite, high-,
/' medium-, and low-altitude image data, respectively.

7 .. . . . s
#  Note the dramatic increase 1ﬁ resolution required to,r

f}j
7

v

f’
(e ’Jept for the Landsat TM, which has blue, migéﬁe-infra-
r%’f and thermal-infrared bagds).

Training Site Selection and Statistics Extraction

/o 1983). r
/ 7
'

/ map level II classes (froVelch, 1982; Jensen et %jg;,
S k)

An analyst may select training sites within the image that are
representative of the land-cover classes of interest after the
classification scheme is adopted. The training data should be
of value if the environment from which they were obtained is
relatively homogeneous. For example, if all the soils in a
grassland region are composed of well-drained, sandy loam
soil, then it is likely that grassland training data collected
throughout the region would be applicable. However, if the
soil conditions should change dramatically across the study
area (e.g., one-half of the region has a perched water table




Supervised Classification

with very moist near-surface soil), it is likely that grassland
training data acquired in the dry soil part of the study area
would not be representative of the spectral conditions for
grassland found in the moist soil portion of the study area.
Thus, we have a signature extension problem meaning that it
may not be possible to extend our grassland training data
through x, y space.

The easiest way to remedy this situation is by using geograph-
ical stratification during the preliminary stages of a project.
At this time all significant environmental factors that con-
tribute to signature extension problems should be identified,
such as differences in soil type, water turbidity, crop species
(e.g., two strains of wheat), unusual soil moisture conditions
possibly caused by a thundershower that did not uniformly
deposit its precipitation, scattered patches of atmospheric
haze, and so on. Such environmental conditions should be
carefully annotated on the imagery and the selection of
training sites made based on the geographic stratification of
these data. In such cases, it may be necessary to train the clas-
sifier over relatively short geographic distances. Each indi-
vidual stratum will probably have to be classified separately,
The final classification map of the entire region will be a
composite of the individual stratum classifications. How-
ever, if environmental conditions are homogeneous or can
be held constant (e.g., through band ratioing or atmospheric
correction), it may be possible to extend signatures vast dis-
tances in space, significantly reducing the cost and effort
involved with retraining. Additional research is required
before the concept of spatial and temporal (through time)
signature extension is fully understood.

Once signature extension factors have been considered, the
analyst selects representative training sites for each class and
collects the spectral statistics for each pixel found within
each training site. Each site is usually composed of many pix-
els. The general rule is that if training data are being
extracted from n bands then >10# pixels of training data are
collected for each class. This is sufficient to compute the vari-
ance-covariance matrices required by some classification
algorithms.

There are a number of ways to actually collect the training
site data, including (1) collection of in situ information, such
as tree height, percent canopy closure, and diameter-at-
breast-height (dbh), (2) on-screen selection of polygonal
training data, and/or (3) on-screen seeding of training data.
Ideally, the sites are visited in the field and their perimeter
and/or centroid coordinates obtained from a planimetric
Inap or measured directly using a global positioning system
(GPS). When U.S. government “selective availability” is “on”
the GPS x, y coordinates from a single hand-held receiver
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should be within +100 m of their planimetric position which
may not be sufficient when working with remotely sensed
data having pixels <30 x 30 m. If higher precision is required,
the GPS readings may be improved by (1) taking more read-
ings at one location and then averaging them or (2) having
access to a base station GPS unit that provides additional cal-
ibration information to perform differential correction of
the GPS data (Welch et al., 1992). The in sity x, ¥ training
coordinates may be input directly to the image processing
system to extract per band training statistics.

The analyst may also view the image on the color CRT
screen and select polygons of interest (e.g., fields containing
different types of agricultural crops). Most image processing
systems utilize a “rubber band” polygon tool that allows the
analyst to identify fairly specific areas of interest (AQI).
Conversely, the analyst may seed a specific x, y location in
the image space using the cursor. The seed program begins
at a single x, y location and evaluates neighboring pixel val-
ues in all bands of interest. Using criteria specified by the
analyst, the seed algorithm expands outward like an amoe-
bae as long as it finds pixels with characteristics similar to
th2 original seed pixel (e.g., Skidmore, 1989). This is a very
effective way of collecting homogeneous training informa-
tion.

If the analyst trains on six bands of Landsat thematic mapper
data, then each pixel in each training site is represented by a
measurerment vectot, X, such that
BVj
BV,
BV,
x, =BV (8-1)
BV,
BV

where BV, is the brightness value for the j, jth pixel in band
k. The brightness values for each pixel in each band in each
training class can then be analyzed statistically to yield a
mean measurement vector, M, for each class:

:ucl
H c2

Mc =ILIC3 (8'2)
Hey

He
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where (1, represents the mean value of the data obtained for
class ¢ in band k. The raw measurement vector can also be
analyzed to yield the covariance matrix for each class c:

COV:I} COVCIZ o Covcln
Cov.., Cov,, -+ Cov,

VC =\/':ki - . val .C-- . .[..” (8_3)
CO\':':E COVmZ o COV[””

where COV'; is the covariance of class ¢ between bands k
through  For brevity, the notation for the covariance matrix
for class ¢ (i.e., V,y) will be shortened to just V. The same
will be true for the covariance matrix of dass d (ie,
Vau= V).

The mean, standard deviation, variance, minimum value,
maximum value, variance-covariance matrix, and correla-
tion matrix for the training statistics of five Charleston, S.C.,
land-cover classes (residential, commercial, wetland, forest,
and water) are listed in Table 8-4. These represent funda-
mental information on the spectral characteristics of the five
classes.

OBSERVATIONS ABOUT TRAINING CLASS SELECTION

Sometimes the manual selection of polygons results in the
collection of training data with multiple modes in a training
class histogram. This suggests that there are at least two dif-
ferent types of land cover within the training area. This con-
dition is not good when we are attempting to discriminate
between individual classes. Therefore, it is a good practice to
discard multimodal training data and retrain on specific
parts of the polygon of interest until unimodal histograms
are derived per class.

Positive spatial autocorrelation exists among pixels that are
contiguous or close together (Griffith, 1987; Gong and
Howarth, 1992). This means that adjacent pixels have a high
probability of having similar brightness values. Training data
collected from autocorrelated data tend to have reduced
variance which may be caused more from the way the sensor
is collecting the data than from actuai field conditions (e.g.,
most detectors dwell on an individual pixel for a very short
time and may smear spectral information from one pixel to
an adjacent pixel). The ideal situation is to collect training
data within a region using every nth pixel or some other
sampling criteria (Labovitz and Masuoka, 1984). The goal is
to get nonautocorrelated training data. Unfortunately, most
dlgltal Image processing systems do not provide this option
in training data collection modules.

Selecfing the Opfimum Bands for Image
Classification: Feature Selection

Once the training statistics have been systematically col- -
lected from each band for each class of interest, a judgment:
must be made to determine the bands that are most effective

in discriminating each class from all others. This process is

commonly called feature selection. The goal is to delete from

the analysis the bands that provide redundant spectral infor-

mation. In this way the dimensionality (i.e., the number of
bands to be processed) in the dataset may be reduced. This

process minimizes the cost of the digital image classification

process (but should not affect the accuracy). Feature selec-

tion may involve both statistical and/or graphical analysis to

determine the degree of between-class separability in the

remote sensor training data. Using statistical methods, com-

binations of bands are normally ranked according to their

potential ability to discriminate each class from all others

using 7 bands at a time. Statistical measures such as diver-

gence will be discussed shortly.

Why use graphical methods of feature selection if statistical
techniques provide all the information necessary to select the
most appropriate bands for classification? The reason is sim-
ple. An analyst may base a decision solely on the statistic, yet
never obtain a fundamental understanding of the spectral
nature of the data being analyzed. In effect, without ever
visualizing where the spectral measurements cluster in n-
dimensional feature space, each new supervised classifica-
tion finds the analyst beginning anew, relying totally on the
abstract statistical analysis. Many of the practitioners of
remote sensing are by necessity very graphically literate; that
is, they can readily interpret maps and graphs (Dent, 1993).
Therefore, a graphic display of the statistical data is useful
and often necessary for a thorough analysis of multispectral
training data and feature selection. Several graphic feature
selection methods have been developed for this purpose.

GRrRAPHIC METHODS‘ OF FEATURE SELECTION

Bar graph spectral pjéts were one of ‘the first 51mp/Le feature
selection aids whére the mean #1o are displayed in a bar
graph format for each band (Flgure 8-7). Tha‘érowdes an
effective visual presentatiorni of the degree, of between- class
separabl,lfi{y for one band: ‘4t a time. In the’ example, band 3 is
only gseful for dlscrlmlnatmg betweert water (class 1) a,.nd all
othef classes. Bands'1 and 2 appear to provide goo@»separa-

hty between rrost of the classes (with the possible excep-

" tion of classesw5 and 6). The display prov1des no information

on how well” any two band$ would perform. .

,/

A
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Table 8-4.  Univariate and Multivariate Training Statistics for the Five Land-

cover Classes Using Six Bands of Landsat Thematic Mapper
Data Obtained over Charleston, South Carolina ‘

a. Statistics for Residential

Band 1 Band 2 Band 3 Band 4 Band § Band 7
Univzitriate statistics f : o ' ‘ ‘ »
Mean | 705 28.8 29.8 36.7 sy 28.2
Std. <1§ev. S 690 3.96 Coss s 1072 670
Variance 476 157 31.9 i 20.6 114.9 44.9
Minirhum 59 22 19 26 Ly 16
Maximum 21 41 45 52 84 48
Variance-covariance matfix
1 17,65
2 s 1570
3 3571 2034 31.91
PR 1245 827 1201 2056 -
5 34.71 23.79 38.81 22.30 s
7 e 30.46 18.70 308 1299 60.63 44.92
Correléltion matrix - | |
A 1 ‘ A‘r"‘ : | 1.66"
2 0.91 1.00
l3 0.92 0.91 1.00
s 0.40 0.46 0.47 1.00
5. oar 056 0.64 046 100
7 0.66 0.70 0.82 0.43 0.84 1.00
b. Statistics for Commercial
Band 1 Band 2 Band 3 Band 4 Band 5 Band 7
,;Univariiate statistics : i : : ’
Mean 112.4 53.3 63.5  sug 774 45.6
Std.dev. 5.77 455 395 a1 7.56
Variancg 333 20.7 15.6 15.0 1246 57.2
Mmunum 103 43 56 47 sy 32
Maxirnu;m 4 59 72 62 o8 57

'

PP EPVE EP RV
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b. Statistics for Commercial (Continued)

CHAPTER 8 Thematic information Exiraction: Image Classification

Band 1 Band 2 Band 3 Band 4 Band 5 Band 7

Variance-covariance matrix

1 33.29

2 11.76 20.71

3 19.13 11.42 15.61

4 19.60 12.77 14.26 15.03 !

5 -16.62 15.84 2.39 0.94 124.63

7 —4.58 17.15 6.94 5.76 68.81 57.16
Correlation matrix

1 1.00 §

2 0.45 1.00

3 0.84 0.64 1.00

4 0.88 0.72 0.93 1.00

5 -0.26 0.31 0.05 0.02 | 1.00

7 -0.10 0.50 0.23 0.20 0.82 1.00

¢. Statistics for Wetland
Band 1 Band 2 Band 3 Band 4 Band 5 Band 7

Univariate statistics
Mean 59.0 21.6 19.7 20.2 28.2 12.2
Std. dev. 1.61 0.71 0.80 1.88 4.31 1.60
Variance 2.6 0.5 0.6 3.5 18.6 2.6
Minimum 54 20 18 17 20 9
Maximum 63 25 21 25 35 16
Varianc_e-cova;-iance matrix

1 2.59

2 0.14 0.50

3 0.22 0.15 0.63

4 -0.64 0.17 0.60 3.54

5 -1.20 0.28 0.93 5.93 18.61

7 —0.32 0.17 0.40 1.72 4.53 2.55
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c. Statistics for Wetland (Continued)

Band 1 Band 2 Band 3 Band 4 Band 5 Band 7
Correlation matrix
1 1.00
2 0.12 1.00 ;
3 0.17 0.26 1.00
4 ~0.21 0.12 0.40 1.00
5 -0.17 0.09 0.27 0.73 » 1.00
7 -0.13 0.15 0.32 0.57 0.66 1.00
d. Statistics for Forest
Band 1 Band 2 Band 3 Band 4 Band 5 Band 7
Univariate statistics
Mean 57.5 21.7 19.0 39.1 35.5 125
Std. dev. 2.21 1.39 1.40 5.11 6.41 2.97
Variance 4.9 1.9 1.9 26.1 1 41.1 8.8
Minimum 53 20 . 17 25 22 8
Maximum 63 28 24 48 54 22

. . . ;
Variance-covariance matrix i

1 4.89 }
.‘2 1.91 1.93
‘3 2.05 1.54 1.95 :
4 5.29 3.95 4.06 26.08 ‘
5 9.89 5.30 5.66 13.80 41.13
7 4.63 2.34 222 3.22 16.59 8.84

Correlation matrix 7

- 1 1.00‘

2 0.62 1.00
3 0.66 0.80 1.00 :,
4 0.47 0.56 0.57 1.00 j
5 0.70 0.59 0.63 0.42 1.00

7 0.70 0.57 0.53 0.21 0.87 1.00
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0,255,255 255,255.255
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0.0.255 255,0.255

Viewing Direction

(b)

(a) Cospectral mean vector plots of 49 clusters from Charleston, S.C., TM data in bands 3 and 4. (b) The logic for increasing

nurmeral size and thickness along the z axis. (¢) The introduction of band 2 information scaled according to size and thickness

along the z axis (Hodgson and Plews, 1989).

depicting ;1{18’(& Iabels farther from the viewer with smaller
i els, the relatxve proxlmlty of the means in the

cue (Plgure &é‘éfb) /"
Feature space plots in two dimensions depict the distribution
of all the pixels in the scene using two bands at a time (Figure
8-9). Such plots are often used as a backdrop for the display

of various graphic feature selection methods. A typical plot

usually consists of a 256 X 256 matrix (0 to 255 in the x axis
and 0 to 255 in the y axis), which is filled with values in the
following manner. Let us suppose that the first pixel in the
entire dataset has a brightness value of 50 in band 1 and a
value of 30 in band 3. A value of 1 is placed at location 50, 30
in the feature space plot matrix. If the next pixel in the
dataset also has brightness values of 50 and 30 in bands 1
and 3, the value of this cell in the feature space matrix is
incremented by 1, becoming 2. This logic is applied to each
pixel in the scene. The brighter the pixel is in the feature
space plot display, the greater the number of pixels having
the same values in the two bands of interest. Feature space

oA
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Feature Space Plots in Two-Dimensions

: 127

E
i
;
i

TM Band 3
TM Band 4

0 TM Band 1 127 TM Band 2

< Lo
U -O
= g
TM Band 3 TM Band 4
: Figure 8-9

Two-dimensional feature space plots of four pairs of Landsat TM data of Charleston, S.C. {(a) TM Bands 1 and 3, (b) TM bands
. 2and 4, () TM bands 3 and 4, and (d) TM bands 4 and 5. The brighter a particular pixel is in the display, the more pixels within ,
the scene having that unique combination of band values.




plots provide great insight into the actual information con-
tent of the image and the degree of between-band correla-
tion. For example, in Figure 8-9a it is obvious that bands 1
and 3 are highly correlated and that atmospheric scattering
in band 1 (blue) results in a significant shift of the brightness
values down the x axis. Conversely, plots of bands 2 (green)
and 4 (near-infrared) and 3 (red) and 4 have a much greater
distribution of pixels within the spectral space and some
very interesting bright locations, which correspond with
important land cover types (Figures 8-9b and c). Finally, the
plot of bands 4 (near-infrared) and 5 (middle infrared)
shows exceptional dispersion throughout the spectral space
and some very interesting bright locations (Figs 8-9d). For
this reason, a spectral space plot of bands 4 and 5 will be
used as a backdrop for the next graphic feature selection
method.

Cospectral parallelepiped or ellipse plots in two-dimensional
feature space provideé useful visual between-class separability
information ( Ierisen and Toll, 1982; Jain, 1989). They are
created usmgr’the mean, [,, and standard deviation, s, of
training class statistics for each class ¢ and band k. For exam-
ple, the tfammg statistics for five Charleston, S.C. land-cover
classeSrare portrayed in this manner and draped over the fea-
ture,rspace plot of TM/bands 4 and 5 in Figure 8-10. The
loWer and upper limits of the two-dimensional parallelepi-
_.peds (rectangles) were obtained using the mean +106 of each
band for each class. If only band 4 data were used to classify
the scene, there,would be confusion’ between classes 1 and 4,
and if only baﬁd 5 data were used there would be confusion
between classes 3 and 4. Howe,xfer, when band 4 and 5 data
are used af ‘the same time to ¢lassify the scene there appears
to be good between-class se15arab1hty among the five classes
(at least a +10). An evaluatlon of Figure 8-10 reveals that
there 4re numerous water pixels in the scene found near the
orlglb in bands 4 and E}ﬂThe water training class is located in
this region. Similarly;’ the wetland training class is situated
Wlthm the bright wetland region of band 4 and 5 spectral
/ space. However, it/ appears that training data wére not col-
lected in the hegit of the wetland region of spectral space.
Such 1nformat1,én is valuable because we may want to collect
additional trammg data in the wetland region to see if we can
capture morg¢ of the essence of the feature space. In fact, there
may be twofor more wetland classes residing in this portion
of spectral space. Sophisticated imdge processing systems
allow the/analyst to select tramm?‘:iata directly from this
type of display, which contains (1)/the training class parallel-
epipeds and (2) the feature spac’e plot. The analyst uses the
cursor to interactively select traimng locations (they may be
polygonal areas, not just parallelepipeds) within the feature
space {Baker et al., 1991). If jésired, these feature space par-
titions can be used as the #ctual decision logic during the

CHAPTER 8 Thematic Information Extraction: Image Classificqt

/_/

/ /

Negative signs of ¢ or 9 are used fofr counterclockw/wse rota-
tion and positive signs for clockwige rotation. Thls transfor— \
mation causes the original brlghtness value coordinates, L=
to be shifted about and contain depth mformatlon as vector
PT. Display devices are two dimensional (e. g., plotter sur-
faces or cathodé-ray-tube screens); only the x and y elements

classification phaee of the.project This type of ﬁ]fer
feature space partitioning is very powerful (Cetin and Levan
dowski, 1991)

It is possible to display three bands of trammg data at on
using .trispectral pamllelep’zpeds or el}ipses in three-dimey
sional feature space (Flguxe 8-11). Jensen and Toll (1982
presented a method of displaying parallelepipeds in syn
thetic three- dimensional space and of interactively varyin
he viewpoint ammuth and elevatlon angles to enhance fea
ture analysis and;selectlon Agam, the mean, 114, and stan
dard deviation, s, of training class statistics for each class
and band k are used to identify the lower and uppér thresh-
old values fpr each class and band. The analyst then selects a
combinatign of three bands to portray because it is not pos-—
sible to uée all six bands at once in a three-dimensional dis-
play. Landsat TM bédnds 4,5, and 7 are used in the following -
example; howevey, the method 'is apphcable to any three:
band subset. Each corner of a parallelepiped is identifiable by
a unlque set of x, y, z coordinates correspondmg to either the
lower or upper threshold value for the three bands under
1nvest1gat10n (Figure 8-11).

The corners of the parallelep1peds may be viewed from a
vantage point other than a snnple frontal view of the x, y axes
using three-dimensional cdordmate transformat1on equa-
tions. The feature space may be rotated about any of the axes,
although rotation around the x and y axes normally provides
a stiifficient number of \flewpomts Rotat1on about the x-axis -~

G/radians and the y-axis 6 radians is 1mplemented usmgbthe .
following equations }f {odgson and Plews, 1989):
pT p’ -
[X,Y,Z,1]=[BVx,BVy,BVz,1]* —
/ | L
1 0 0 0 N I
0 cos¢ —sing 0 | :
j/ 0 sing = cos¢ 0 4 = 5
/ - 0 0 0 1 :‘; - » « ,
f r : ) §oq / P
, cos@ 0 sinf 9 /
) 0 O / :
; —sin@ ])0 cos® /0 .
/ 0 ‘o 0 ;,: - } }
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Figure 8-11 Simple parallelepiped displayed in pseudo three-di-
mensional space. Each of the eight corners repre-
sents a unique x, 3, z coordinate corresponding to a
lower or upper threshold value of the training data.
For example, the original coordinates of point 4 are
associated with (1) the upper threshold value of
band 4, (2) the lower threshold value of band 5, and
(3) the lower threshold value of band 7. The rotation
matrix transformations cause the original coordi-
nates to be rotated about the y axis some 9 radians,
and the x axis some ¢ radians.

of the tranéformed ma}t’rix P” are used t})“ draw the parallel-
epipeds. / ;

i

S Y ’
Mampulatlon of the transformed coordmates of the Charles-
tony ’S.C., tramlng statistics is showr! in Figure 8-12. All théee
b@nds 4,5, and 7) are displayed in Flgure 8-12a, except; that
,the band 7 s;tatlstlcs are perpeqchcular (orthogonal) to the
sheet of paper By rotating the; dlsplay 45°, the contnbutlon
¢ of band 7/becomes apparent, (Plgure 8-12b). This represents
a pseudo three- d1men51onaJ display of the paralleleplpeds
As the dlsplay is rotated argother 45° to 90°, banf}’7 data col-
lapse onto what was the band 4 axis (Figure 8-12¢). The band
4 a:gis is now perpendlqular to the page, just gs band 7 was
originally. The band 7 'band 5 plot (Figure 8-12¢) displays
sa%ne overlap betweerf;f wetland (3) and forest (4). By system-
atically specifying va}nous azimuth and elevation angles, it is
possible to display the parallelepipeds for optimum visual
examination. This allows the analyst to obtain insight as to

" Thematic Information Extraction: Image Classificatig,

“three-band combmfatlons In fact, a certam combmatlon o

cal feature selection.

the consistent location of the t;ammg data in thre/e-
sional feature space. /

/

;
In this example it is evident that just two bands, 4 and 5, pr
vide as good if not better separatlon than all three bands used:
together. However, this may not be the Vey’y best set of twO

bands to use. It rmght be useful to evaluate other two-

pérhaps four or five bands used all at one time might be
superior. The onIy way to determme 'this is through statisti-

i

STATISTICAL METHODS OF FEATURE SELECTION

Statistical methods of feature selection are used to quantita-

tively select which subset of bands (or features) provides the ,

greatest degree of statistical separability between any two
classes c and d. The basic problem of spectral pattern recog-
nition is that given a spectral distribution of data in n bands
of remotely sensed data, we must find a discrimination tech-
nique that will allow separation of the major land-cover cat-

egories with a minimum of error and a minimum number of -

bands. This problem is demonstrated diagrammatically

using just one band and two classes in Figure 8-13. Generally,

the more bands we analyze in a classification, the greater the
cost and perhaps the greater the amount of redundant spec-
tral information being used. When there is overlap, any deci-
sion rule that one could use to separate or distinguish
between two classes must be concerned with two types of
error (Figure 8-13):

1. A pixel may be assigned to a class to which it does not
belong (an error of commission).

2. A pixel is not assigned to its appropriate class (an error
of omission).

The goal is to select an optimum subset of bands and apply
appropriate classification techniques to minimize both types
of error in the classification process. If the training data for
each class from each band are normally distributed, as sug-
gested in Figure 8-13, it is possible to use either a trans-
formed divergence or Jeffreys—Matusita distance equation to
identify the optimum subset of bands to use in the classifica-
tion procedure.

Divergence was one of the first measures of statistical separa-
bility used in the machine processing of remote sensor data,
and it is still widely used as a method of feature selection
(Swain and Davis, 1978; Mausel et al., 1990). It addresses the
basic problem of deciding what is the best g-band subset of 7




One-dimensional
decision boundary

Class 1 Class 2

255

Pixels in Class 1
erroneously assigned
to Class 2

Number of pixels

Pixels in Class 2
erroneously assigned
to Class 1

Figure 8-13 The basic problem in remote sensing pattern recog-
nition classification is, given a spectral distribution
of data in 1 bands (here just 1 band), to find an n-di-
mensional decision boundary that will allow the sep-
aration of the major classes (just 2 in this example)
with a minimum of error and a minimum number
of bands being evaluated. The dark areas of both dis-
tributions identify potential classification error.

bands for use in the supervised classification process. The
number of combinations C of 1 bands taken ¢ at a time is

C[ﬁjz n!
q g (n—g)!

Thus, if there are six TM bands and we are interested in the
three best bands to use in the classification of the Charleston
scene, this results in 20 combinations that must be evaluated:

1
86
3 31(6—3)!
_ 720

" 6(6)
=20 combinations

(8-6)

(8-7)

If the best two band combinations were desired, it would be
necessary to evaluate 15 possible combinations.

Divergence is computed using the mean and covariance
matrices of the class statistics collected in the training phase
of the supervised classification. We will initiate the discus-
sion by concerning ourselves with the statistical separability
between just two classes, c and d. The degree of divergence or
separability between c and d, Diver_,, is computed according
to the formula

Diver,, = %tr[(Vc VW v

+%tr[(Vf1+VEI)(MC"Md)(Mc‘Md)T]

where tr [+] is the trace of a matrix (i.e., the sum of the diag
onal elements), V_and V; are the covariance matrices for the

two classes, ¢ and d, under investigation, and M, and M, are -
the mean vectors for classes ¢ and d. It should be remem-

bered that the sizes of the covariance matrices V and V,are a
function of the number of bands used in the training process
(i.e., if six bands were trained upon, then both V, and vV,
would be matrices 6 X 6 in dimension). Divergence in this
case would be used to identify the statistical separability of
the two training classes using six bands of training data.

However, this is not the usual goal of applying divergence. .

What we actually want to know is the optimum subset of g
bands. For example, if g = 3, what subset of three bands pro-
vides the best separation between these two classes? There-
fore, in our example, we would proceed to systematically
apply the algorithm to the 20 three-band combinations,
computing the divergence for our two classes of interest and
eventually identifying the subset of bands, perhaps bands 2,
3, and 6, that results in the largest divergence value.

But what about the case where there are more than two
classes? In this instance, the most common solution is to
compute the average divergence, Diver,,,. This involves com-
puting the average over all possible pairs of classes, ¢ and d,
while holding the subset of bands g constant. Then, another
subset of bands q is selected for the m classes and analyzed.
The subset of features (bands) having the maximum average
divergence may be the superior set of bands to use in the
classification algorithm. This can be expressed as

m=-1 m
2 Diver,;

Diver,,, =-<=hd=cil (8-9)

avg — C
Using this, the band subset g with the highest average diver-
gence would be selected as the most appropriate set of bands
for classifying the m classes.

Unfortunately, outlying easily separable classes will weight
average djvergence upward in a misleading fashion to the
extent that suboptimal reduced feature subsets might be
indicapéd as best (Richards, 1986). Therefoyre,‘ it is necessary
to cornpute transformed divergence, TDiver,,, expressecfi{,é’s

i e ; s

s B R
o

s ,f"’/ #

o —Divef. <
// TDiver,; = 200 1—exp[~D—g£rﬁd—] 4 (8-10)
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Table 8-5.  Divergence Statistics for the Five Charleston, South Carolina, Land-cover Classes Evaluated Using 1, 2, 3, 4, and 5 Thematic
Mapper Band Combinations at One Time
Divergence (upper number) and Transformed Divergence (lower number)
Class Combinations®
1 1 1 1 2 2 2 3 3 4
Band Average
Combinations  Divergence 2 3 4 5 3 4 5 4 5 5
a.Oneband at a time v ’
- 1 45 36 23 38 600 356 803 1 3 7
1583 1993 1977 1889 1982 2000 2000 2000 198 651 1145
2 V 34 67 15 54 1036 286 1090 1 5 5
1588 . 1970 2000 1786 1998 2000 2000 2000 . 246 988 890
3 54 107 39 160 1591 576 2071 1 3 1
1525 1998 2000 1985 2000 2000 2000 2000 286 642 339
- 4 19 47 0 1238 209 13 3357 .. 60 - 210 1466
1748 1809 1994 70 2000 2000 1603 2000 1999 2000 2000
5 4 26 7 2645 77 29 5300 2 556 961
1636 779 1920 1194 2000 2000 1947 2000 523 2000 2000
7 6 61 18 345 238 74 940 1 63 56
1707 1061 1999 1795 2000 2000 2000 2000 213 1999 1998
) b.Two bands atatime
1 2 » 51 92 26 85 1460 410 1752 2 8 10
1709 1997 2000 1919 2000 2000 2000 2000 463 1256 1457
1 3 56 125 40 182 1888 589 2564 2 7 11
1709 1998 2000 1987 2000 2000 2000 2000 418 1196 1490
- 1 4 - .53 100 . 32 1251 941 446 3799 66 . . 219 - 1525
1996 -~ - 1998 2000 1962 2000 ---2000 -- 2000 2000 1999 --:2000 - - 2000 -
1 5 54 71 28 3072 778 497 7838 6 585 1038
1896 1998 2000 1939 2000 2000 2000 2000 1029 2000 2000
17 ‘ 52 107 28 426 944 421 2065 3 L 63 - 76
1852 - 1997 2000 1939 2000 2000 2000 2000 .. - 586 1999 . 2000 -
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Table 8-5.  Divergence Statistics for the Five Charleston, South Carolina, Land-cover Classes Evaluated Using 1, 2, 3, 4, and 5 Thematic -
Mapper Band Combinations at One Time (Continued)

Divergence (upper number) and Transformed Divergence (lower number) E

Class Combinations®

1 1 1 1 2 2 2 3 3 4
Band Average
Combinations  Divergence 2 3 4 5 3 4 5 4 5 5
3 4 101 124 61 1321 1606 905 4837 80 210 1487 .
2000 2000 2000 1999 2000 2000 2000 2000 2000 2000 2000 - ﬁ
3.5 59 114 45 3206 1609 740 9142 5 597 1024
RGN e ~1895 - 1999 2000 1992 2000 2000 2000 2000 964 2000 - - 2000 T é
3 7 63 131 41 525 1610 606 3122 2 65 59 :
1845 1999 2000 1989 2000 2000 2000 2000 469 1999 1999
4 5 21 52 11 4616 231 37 10376 98 889 2902
1930 1851 1997 1468 2000 2000 1981 2000 2000 2000 2000 ?
4 7 20 76 21 1742 309 79 4740 86 285 1599 -
1970 1844 2000 1857 2000 2000 2000 2000 2000 2000 2000 -
i
57 6 62 24 2870 246 97 5956 5 598 989 -
1795 1074 1999 1900 2000 2000 2000 2000 978 2000 2000 i
¢. Three bands ata time
123 59 154 44 191 2340 613 2821 3 16 17 5
1815 1999 2000 1992 2000 2000 2000 2000 643 1745 1774 o
1 2 4 95 142 40 1266 1662 675 4381 68 236 1573
1999 2000 2000 1986 2000 2000 2000 2000 2000 2000 2000
1-2 5 58 118 32 3201 1564 604 9281 7 589 1045
1909 1999 2000 1964 2000 2000 2000 2000 1129 2000 2000 :
12 7 57 146 30 493 1653 494 3176 4 69 80
1868 1998 2000 1953 2000 2000 2000 2000 732 2000 2000
1°3 4 117 150 64 1329 1905 985 5120 86 219 1534
‘ 2000 2000 2000 1999 2000 2000 2000 2000 2000 2000 2000
1 35 60 137 51 3569 1902 863 11221 7 622 1088
1920 1999 2000 1997 2000 2000 2000 2000 1202 2000 2000
1:3 7 63 157 45 580 1935 669 3879 4 66 79
- 1872 1999 2000 1993 2000 2000 2000 2000 731 1999 2000
1 4 5 82 105 36 4923 978 635 12361 104 906 2955
1998 2000 2000 1979 2000 2000 2000 2000 2000 2000 2000
1 :4’ 7 82 129 37 1777 1055 610 5452 93 288 1669
1998 2000 2000 1980 2000 2000 2000 2000 2000 2000 2000
1 5 7 56 109 37 3405 956 508 8948 8 627 1077

1924 1998 2000 1982 2000 2000 2000 2000 1261 2000 2000
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This statistic gives an exponentially decreasing weight to
increasing distances between the classes. It also scales the
divergence values to lie between 0 and 2000. For example,
Table 8-5 demonstrates which bands are most useful when
taken 1, 2, 3, 4, or 5 at a time. There is no need to compute
the divergence using all six bands since this represents the
totality of the data set. It is useful, however, to calculate
divergence with individual channels (g = 1), since a single
channel might adequately discriminate among all classes of
interest.

A transformed divergence value of 2000 suggests excellent
between-class separation. Above 1900 p;g'{rides good separa-
tion, while below 1700 is poor. It can be seen that for the
Charleston study, using any single band (Table 8-5a) would
not produce as acceptable results as using bands 3 and 4
together (Table 8-5b). Several three-band combinations
should yield good between-class separation for all classes.
Most of them understandably include bands 3 and 4. But
why should we use three, four, five, or six bands in the classi-
fication when divergence statistics suggest that )zery good
between-class separation is possible using just fwo bands?
We probably should not if the dimensionality 6f the dataset
can be reduced by a factor of 3 (from 6 to 2) and classifica-
tion results appear promising using just the two bands.

There are other methods of feature selection also based on
determining the separability between two classes at a time.
For example, the Bhattacharyya distance assumes that the
two classes cand d are Gaussian in nature and that the means
and covariance matrices M, and M and covagiance matrices
V.and V, are available. It is computed as // '

Bhat :-:;(MC - Md)’ @ (M.-M,)
| d t‘/ +Vd/ (8-’4)
;f-i-lloge 2
FT2 Jden(v,)yfdet(v,) %

,“.
4

. To select the best g features (i.e., combination, of bands) from

the or1g1na1 n bands in an m-class problern, the Bhatta-
charyya distance is calculated between each of the m(m —
“1)/2 pairs of classes for each of the possible ways of choosing
q features from n dimensions. The bést g features are those
dimensions .whose sum of the- Bhattacharyya distance

between the m(m—1)/2 classes 1§ highest (Haralick and Fu, ,

1983). /

—A saturating transform applied to the Bhattacharyya distance

me/aJéure yields the Jeffreys—Matusita Distance (often referred
to’as the JM distance):

225

M= (1 £ Bh“‘fd) - (8-12)

2

The M d1stance has a saturating behavior with increasing
class separatfon like transformed divergence. However, it is
not as cornputatlonally efficient as transformed divergence.

Mausel et al. (1990) fevaluated four statistical separability
meastres to determifie which would most accurately identify
the'best subset of fpur channels from an eight-channel (two
date) set of multispectral video data for a computer classifi-

Jcation of six agricultural fedtures. Supervised maximum
 likelihood clagsification (to be discussed) was applied to all

70 possible four-band combinations. Transformed diver-
gence and the Jeffreys—Matusita distance both selected the
four-ch?nnel subset (/bands 3, 4,7, and'8 in their exam/ple)
which yielded the highest overall classification accuracy/of all
the pand combmatlons tested. In- fact, the transformed
divérgence and ]M distance measgrres were highly correlated
(0296 and 0 ?7 respectively) Vyath cla551ﬁcat10n accuracy
when all 70" classifications wefe considered. /The Bhatta-
charyya dlstance and simple dxvergence selected the eleventh
and twenty -sixth ranked fotir-channel subsgts, respectively.
A general rule of thumb i¢ to use transformed divergence or
JM-distance feature seletion measures whenever possible.

Select the Appropriate C/ass[ﬁf:%ﬁon Algorithm

Various supervised classification algorithms may be used to
assign an unknown pixel to one of a number of classes. The
choice of a particular classifier or decision rule depends on
the nature of the input data and the desired output. Paramet-
ric classification algorithms assume that the observed mea-
surement vectors X, obtained for each class in each spectral
band during the training phase of the supervised classifica-
tion are Gaussian in nature; that is, they are normally distrib-
uted. Nonparametric classification algorithms make no such
assumption. It is instructive to review the logic of several of
the classifiers. Among the most frequently used classification
algorithms are the parallelepiped, minimum distance, and
maximum likelihood decision rules.

PARALLELEPIPED CLASSIFICATION ALGORITHM

This is a widely used decision rule based on simple Boolean
“and/or” logic. Training data in n spectral bands are used in
performing the classification. Brightness values from each
pixel of the multispectral imagery are used to produce an n-
dimensional mean vector, M, = (Ug Hep 3 -+ > Hey) With Ly

being the mean value of the training data obtained for class ¢
in band k out of m possible classes, as previously defined. S
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Figure 8-14 Pointts a and b are pixels in the image to be classified. Pixel a has a brightness value of 40 in band 4 and 40 in band 5. Pixel b has
a brightness value of 10 in band 4 and 40 in band 5. The boxes represent the parallelepiped decision rule associated with a 1
standard deviation classification. The vectors (arrows) represent the distance from 4 and b to the mean of all classes in a mini-
mum distance to means classification algorithm. Refer to Tables 8-8 and 8-9 for the results of classifying points a and b using

both classification techniques.

is the standard deviation of the training data class ¢ of band k
~ out of m possible classes. In this discussion we will evaluate
all five Charleston classes using just bands 4 and 5 of the
training data.

Using a one-standard deviation threshold (as shown in Fig-

ure 8-14), a parallelepiped algorithm decides BV is in class

cif , and only if,
uck_sckSBViij#ck-‘_sck (8-13)

where

I

c=1,2,3,...,m, number of classes
k=1,2,3,...,n, number of bands

Therefore, if the low and high decision boundaries are
defined as

Lck= Hep—Se (8-14)

and

Hckz.uck+ Sck (8'15)
the parallelepiped algorithm becomes
Ly < BV SHy (8-16)

These decision boundaries form an n-dimensional parallel-
epiped in feature space. If the pixel value lies above the lower
threshold and below the high threshold for all n bands eval-
uated, it is assigned to that class (see point a in Figure 8- 14).
When an unknown pixel does not satisfy any of the Boolean
logic criteria (point b in Figure 8-14), it is assigned to an
unclassified category. Although it is only possible to analyze
visually up to three dimensions, as described in the section
on computer graphic feature analysis, it is possible to create
an n-dimensional parallelepiped for classification purposes.

We will review how unknown pixels 4 and b are assigned to
the forest and unclassified categories in Figure 8-14. The
computations are summarized in Table 8-6. First, the stan-
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Table 8-6.  Example of Parallelepiped Classification Logic for Pixels a and b in Figure 8-14.

Does pixel a(40,40) Does pixel b (10, 40)
satisfy criteriaforthis  satisfy criteria for this
class in this band? class in this band?

Class Lower Threshold, L,  Upper Threshold, H_, Ly<as<Hgy Log<b<Hy
1. Residential o
Band 4 36.7-4.53 =31.27 36.7 +4.53 = 41.23 Yes No
“'Band 5 55.7-10.72 = 44.98 55.7 +10.72 = 66.42 No No =
2. Commercial
Band 4 54.8 —3.88 = 50.92 54.8 + 3.88 = 58.68 No No
Band 5 77.4—11.16 = 66.24 77.4+11.16 = 88.56 No No
3. Wetland
--Band 4 20.2~1.88=18.32 20.2 +1.88 =22.08 No No
Band 5 28.2-4.31=23.89 28.2 +4.31 =32.51 No No
4, Forest )
Band 4 39.1-5.11=33.99 39.1+5.11 =44.21 Yes No
Band 5 35.5-6.41 = 29.09 35.5+6.41 =41.91 Yes, assign pixel to class No
4, forest. STOP.
5.  Water ;
Band 4 9.3-0.56=18.74 9.3 +0.56 = 9.86 — No
Band 5 5.2-0.71=4.49 5.2+0.71 =591 — No, assign pixel to
unclassified category.
STOP.

dard deviation is subtracted and added to the mean of each
class and for each band to identify the lower (L) and upper
(H,;) edge of the parallelepiped. In this case only two bands
are used, 4 and 5, resulting in a two-dimensional box. This
could be extended to n dimensions or bands. With the lower
and upper thresholds for each box identified it is possible to
determine if the brightness value of an input pixel in each
band, k, satisfies the criteria of any of the five parallelepipeds.
For example, pixel 4 has a value of 40 in both bands 4 and 5.
It satisfies the band 4 criteria of class 1 (i.e., 31.27 < 40 <
41.23), but does not satisty the band 5 criteria. Therefore, the
process continues by evaluating the parallelepiped criteria of
classes 2 and 3, which are also not satisfied. However, when
the brightness values of a are compared with class 4 thresh-
olds, we find it satisfies the criteria for band 4 (i.e., 33.99 < 40
£ 44.21) and band 5 (29.09 <40 <41.91). Thus, the pixel is

~assigned to class 4, forest.

This same logic is applied to classify unknown pixel b. Unfor-
tunately, its brightness values of 10 in band 4 and 40 in band
5 never fall within the thresholds of any of the parallelepi-
Peds. Therefore, it is assigned to an undlassified category.
Increasing the size of the thresholds to 2 or 3 standard devi-
ations would increase the size of the parallelepipeds. This

might result in point b being assigned to one of the classes.
However, this same action might also introduce a significant
amount of overlap among many of the parallelepipeds result-
ing in classification error. Perhaps point b really belongs to a
class that was not trained upon {e.g., dredge spoil).

The parallelepiped algorithm is a computationally efficient
method of classifying remote sensor data. Unfortunately,
because some parallelepipeds overlap, it is possible that an
unknown candidate pixel might satisfy the criteria of more
than one class. In such cases it is usually assigned to the first
class for which it meets all criteria. A more elegant solution is
to take this pixel that can be assigned to more than one class
and use a minimum distance to means decision rule to assign
it to just one class.

MiNnmMuM DISTANCE TO MEANS CLASSIFICATION ALGO-
RITHM

This decision rule is computationally simple and commonly
used. When used properly it can result in classification accu-
racy comparable to other more computationally intensive
algorithms, such as the maximum likelihood algorithm. Like
the parallelepiped algorithm, it requires that the user provide
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Figure 8-15 The distance used in a minimum distance to means
classification algorithm can take two forms: the Eu-
clidean distance based on the Pythagorean theorem
and the round-the-block distance. The Euclidean
distance is more computationally intensive.
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the mean vectors for each class in each band |, from the
training data. To perform a minimum distance classification,
a program must calculate the distance to each mean vector,
11, from each unknown pixel (BVj;) (Jahne, 1991). It is pos-
sible to calculate this distance using Euclidean distance based
on the Pythagorean theorem or “round the block” distance
measures (Figure 8-15). In this discussion we demonstrate
the method of minimum distance classification using
Euclidean distance measurements applied to the two
unknown points (a and b) shown in Figure 8-14.

The computation of the Euclidean distance from point a (40,
40) to the mean of class 1 (36.7, 55.7) measured in bands 4
and 5 relies on the equation

Dist = \[(Bvijk "luck)z +(Bvij1 ~Hg )2 (8-17)

where 11, and [, represent the mean vectors for class ¢ mea-
sured in bands k and L In our example this would be

. 2 2
Dist ; 6 dass1 = \/(;Vijtl - ,“1,4) + (BV,-]-S "#1,5) (8-18)

The distance from point a to the mean of class 2 in tﬁese =
same two bands would be

Dist atoclass2 = \/(BV{]"l —Haa )2 + (BVijS —Hs )2 (8‘19)

Notice that the subscript that stands for class ¢ is incre-
mented from 1 to 2. By calculating the Euclidean distance
from point a to the mean of all five classes it is possible to
determine which distance is shortest. Table 8-7 is a listing of
the mathematics associated with the computation of dis-

tances for the five land-cover classes. It reveals that pixel a

should be assigned to class 4 (forest) because it obtained the

minimum distance of 4.59. The same logic can be applied to .
evaluating the unknown pixel b. It is assigned to class 3 (wet- --

land) because it obtained the minimum distance of 15.75. It
should be obvious that any unknown pixel will definitely be
assigned to one of the five training classes using this algo-
rithm. There will be no unclassified pixels.

Many minimum-distance algorithms let the analyst specify a
distance or threshold from the class means beyond which a
pixel will not be assigned to a category even though it is near-
est to the mean of that category. For example, if a threshold
of 10.0 was specified, point a would still be classified as class
4 (forest) because it had a minimum distance of 4.59, which
was below the threshold. Conversely, point b would not be
assigned to class 3 (wetland) because its minimum distance
of 15.75 was greater than the 10.0 threshold. Instead, point b
would be assigned to an unclassified category.

When more than two bands are evaluated in a classification,
it is possible to extend the logic of computing the distance
between just two points in n space using the equation
(Schalkoff, 1992)

(8-20)

Figure 8-15 demonstrates how this algorithm is imple-
mented.

Hodgson (1988) identified six additional Fuclidean-based
minimum distance algorithms that decreased computation
time by exploiting two areas: (1) the computation of the dis-
tance estimate from the unclassified pixel to each candidate
class and (2) the criteria for eliminating classes from the
search process, thus avoiding unnecessary distance computa-
tions. Algorithms implementing these improvements were
tested using up to 2, 4, and 6 bands of TM data and 5, 20, 50,
and 100 classes. All algorithms were more efficient than the
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Table 8-7.  Example of Minimum Distance to Means Classification Logic for Pixels a and b in Figure 8-14.
Distance from pixel a (40,40) tothe mean of  Distance from pixel b (10, 40) to the mean of
Class each class each class

1. Residential

2. Commercial

J(40=36.7)2 + (40 - 55.7)% = 16.04

J(40 - 54.8)2 + (40 — 77.4)2 = 40.22

J(10-36.7)2 + (40 - 55.7)? = 30.97

J(10 —54.8)2 + (40 — 77.4)% = 58.35

J(10-20.2)2 + (40 - 28.2)2 = 15.75
Assign pixel b to this class; it has the minimum
distance

J(10-39.1)2 + (40 — 35.5)% = 29.45

3. Wetland J(40-202)7 + (40-282)% = 23.04
4 Forest J(40-39.1)2 + (40~ 355) = 459
Assign pixel a to this class; it has the minimum
distance
/5. Water

J(40-93)2+ (40-52)2 = 46.4

J(10-93)2+(40-5.2)2 = 348

traditional Euclidean minimum distance algorithm. Classifi-
cation times for the six improved algorithms using a four
band dataset are summarized in Figure 8-16. The simplest
and slowest new algorithm (D2) does not compute the
square root of the sum of squared partial distances (i.e.,
accumulated distance). The most computationally efficient
algorithm incorporated three new ideas: (1) the accumula-
tion of partial distances (ACCUM), (2) adding a check for
one-half the nearest-neighbor distance (NND), and (3) first
performing a sort of the classes in a single band (SORT). All
algorithms result in the assignment of pixels to the same n
classes, so any increase in efficiency is very important.

A traditional minimum distance to means classification
algorithm was run on the Charleston, S.C., Thematic Map-
per dataset using the training data previously described. The
results are displayed as a color-coded thematic map in Figure
8-17 {color section). The total numbers of pixels in each class
are summarized in Table 8-8. Error associated with the clas-
sification is discussed later in the accuracy assessment sec-
tion of this chapter.

- Maxivmum LikeriHo0D CLASSIFICATION ALGORITHM

~ The maximum likelihood decision rule assigns each pixel
having pattern measurements or features X to the class ¢
Whose units are most probable or likely to have given rise to
eature vector X (Swain and Davis, 1978; Foody et al., 1992).

t assumes that the training data statistics for each class in
each band are normally distributed, that is, Gaussian (Blais-
dell, 1993). In other words, training data with bi- or trimodal

Table 8-8.  Total Number of Pixels Classified into Each of the
Five Charleston Land-cover Classes Shown in Figure
8-17
Class Total Number of Pixels

1. Residential 14,398

2. Commercial 4,088

3.  Wetland 10,772

4. Forest 11,673

5.  Water 20,509

histograms in a single band are not ideal. In such cases the
individual modes probably represent individual classes that
should be trained upon individually and labeled as separate
classes. This would then produce unimodal, Gaussian train-
ing class statistics that would fulfill the normal distribution
requirement.

Maximum likelihood classification makes use of the statistics
already computed and discussed in previous sections,
including the mean measurement vector M, for each class
and the covariance matrix of class ¢ for bands k through [, V_
The decision rule applied to the unknown measurement vec-
tor X is (Swain and Davis, 1978; Schalkoff, 1992)

Decide X is in class ¢ if, and only if,

.>p;» wherei=1,2,3,.., mpossible classes  (8-21)
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Figure 8-16 Results of applying six improved minimum distance to means classification algorithms to Charleston, 5.C., TM data (from

Hodgson, 1988).

and

P ={—0-510ge[det(vc)]}—[o.s(X—MC)TV;‘(X-MC)] (8-22)

and det (V) is the determinant of the covariance matrix V..
Therefore, to classify the measurement vector X of an
unknown pixel into a class, the maximum likelihood deci-
sion rule computes the value p, for each class. Then it assigns
the pixel to the class that has the largest (or maximum)
value.

Now let us consider the computations required. In the first
pass, p; is computed, with V| and M, being the covariance
matrix and mean vectors for class 1. Next, p, is computed
using V, and M, This continues for all m classes. The pixel or
measurement vector X is assigned to the class that produces
the largest or maximum p,. The measurement vector X used
in each step of the calculation consists of 7 elements (the
number of bands being analyzed). For example, if all six
bands were being analyzed, each unknown pixel would have
a measurement vector X of

BV,
BV,
BV..
X=| (8-23)
BV, ja
BV, ;s
| BV.js |

Equation 8-22 assumés that each cla,ss has an equél probabil-
ity of occyﬁmg in/the terrain. Cgmmon sen§é remings us
that in phost ?ﬂote sensing %pphcanons there is & high
probabylity of ¢ncountering séme classes more often than
otherg. For &% mple, in the llarleston scene the prébablhty
of ghcountefing re51dent1al land use is ,apprommately 20%
(9 £0. 2); cpmmeraal (0. 1), wetland, (0 3% fore;t (0.1); and
lWater, (0;3) Thus, we WOuld expect more pme)s to be class1—

*ﬁed as) water simply ] because it is more prevalent in the; ter-

! rain. J is poss1ble fo include thjs valuable a priori (prlor

knowledge) 1nformat10n in the’ classification decision. We
car do this by Welghtmg each class cbyits approprlate a pri-
ori probablhtyf a. The equatlon then becomes ¢

I
K

e,

Decide XQI,S in class ¢, if. 4and only if, - {
Pc? zpla), » / (8-24)
5 : !
wher 7 ;
/? ;,.' ;‘!
‘ i=142,3, ..., m possible classes ¢
and __f‘f al ;
p.(a, ) /loge( o= {0 Sflog [det(V )]} -
/ (8-25)

/ osx- M”)T(v“)(xw |

4
This Bayes’s decision ;rule is 1dent1cal to the maximum likeli
hood decision rule efxcept that it C}oes not asgume that each
cl 'ss has equal pr, bablhtles (Hord, 1982). Aspriori propabil-
],;thS have been u ed successfully as a way of mcorpora’cfmg the
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It is of interest to note that SSE has a theoretical Jmmlmum of zero, Wthh
corrcsponds to all clusters comal’ g only a single data p@mt As aresult, if an ji€rative
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9.3 The Iterative Optimization (Migrating Means) Clustering
Algorithm

The iterative optimization clustering procedure, also called the migrating means
technique, is essentially the isodata algorithm presented by Ball and Hall (1965). It is
based upon estimating some reasonable assignment of the pixel vectors into candidate
clusters and then moving them from one cluster to another in such a way that the SSE
measure of the preceding section is reduced.

9.3.1 The Basic Algorithm

The iterative optimization algorithm is implemented by the following set of basic steps:

1. The procedure is initialised by selecting C points in multispcctral space to scrve as
candidate cluster centres. Let these be called

lﬁ‘, i=1,... C-

The selection of the if; at this stage is arbitrary with the exception that no two may
be the same. To avoid anomolous cluster generation with unusual data sets it is
generally wise to space the initial cluster means uniformly over the data. This can
also scrve to enhance convergence.

Besides choosing the s, the number of clusters C, must be specilied beforehand by
the user.

2. The location x of each pixel in the segment of the image to be clustered is examined
and the pixel is assigned to the nearest candidate cluster. This assignment would be
made on the basis of the Euclidean or even L1 distance measure.

3. The new set of means that result from the grouping produced in step (2) are
computed. Let these be denoted

m,i=1,...C.

o
F

L R T L LT LT TP R it s e soann
poees » o LA AL

4. Il my; =iy for all i, the procedure is terminated. Otherwise 7, is redefined as the
current value of m; and the procedure returns to step (2). .

The iterative optimization procedure is illustrated for a simple set of two
dimensional patierns in Fig. 9.2
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Fig. 9.2. Anillustration of clustering by iterative optimization (or the isodata method). As noted,
the method lcads to a progressive reduction in SSE
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9.3.2 Mergings and Deletions

Once clustering is completed, or at any suitable intervening stage, the clusters can be

cxamined to see whether

(i) any clusters contain so few points as to be meaningless (e. g. that thcy would not. give
acceptable statistics estimates if used in training a maximum likelihood classifier),
or

(i) some clusters are so close together that they represcnt an unnecessary or indeed an
injudicious division of the data, and thus that they should be merged.

{n view of the material of Sect. 8.2.6 a guideline exists for (i), viz that a cluster would
be of little value for training a maximum likelihood classificr if it did not contain about
10 N points where N is the number of spectral components. In Chap. 10, which deals
with scparability and divergence, means for deciding whether clusters should be
merged can also be devised.

9.3.3 Splitting Elongated Clusters , - _

' L s .
Another.stage that can be inserted into the isodata algorithm is to separatc elongaled
clusters into two new clusters. Usually this is done by prespecilying a standard
deviation in cach spectral band beyond which a cluster should be halved. Again thiscan
be done after a set number of iterations, also specificd by the user.

9.3.4 Choice of Initial Cluster Centres

Initialisation in the iterative optimization procedure requires specification of the
number of clusters expected, along with their starting positions. In practice .lhc? actual
or optimum number of clusters to choose will not be known. Therefore it is often
chosen conservatively high, having in mind that resulting inseparable clusters can'bc
consolidated after the process is completed, or at intervening iterations if a merging
operation is available. o

The choice of the initial locations of the cluster centres is not critical although .
cvidently it will have an influence on the time it takes to rcac_h a ﬁn‘al, acceptable
clustering. Since no guidance is available in gencral the following is a logical procedure
and one which is adopted in LARSYS (Phillips 1973). The initial cluster ccx_ltrcs are
chosen uniformly spaced along the multidimensional diagonal pf the mulllsp.cclrzu
pixcl space. This is a line from the origin to the point corrt?spondmg to the maximum
brightness value in each spectral component (corresponding to ‘127, 127, 127, 63‘ for
Landsat multispectral scanncr data). This choice can be refined if the user has some lc.lca
of the actual range of brightness values in cach spectral component, say t.)y. l}a\{x11g
previously computed histograms. In that case the cluster centres would be initialised
along a diagonal through the actual multidimensional extremities of the data.

Choice of the initial locations of clusters in the manner described is a rczlsonab{c an'd
effective one since they are then well spread over the multispectral space in a region in
which many spectral classes occur, especially for correlated data such as that
corresponding to soils, rocks, concretes, etc.

w

9.3.5 Clustering Cost ' T

Obviously the major limitation of the isodata technique is the need to prespecify the
number of cluster centres. If this specification is too high then a posteriori merging can
be used ; however this is an expensive strategy. On the other hand, if too few are chosen
initially then some multimodal spectral classes will result which, in turn, will prejudice
ultimate classification accuracy. '
Irrespective of whether too many or too few clusters are used, the isodata approach is
computationally expensive since, at each iteration, every pixel must be checked against
all cluster centres. Thus for C clusters and P pixels, PC distances have to be computed
at each itcration and the smallest found. For 4 band data, each Euclidean distance
calculation will require 4 multiplications and 4 additions; ignoring the square root
operation in (9.1) since that need not be carricd out. Thus for 20 classes and 10,000
pixcels, 100 iterations of isodata clustering would take approximaltely 27 minutes of
computation if a multiplication and addition requires approximately 20 ps, just for the
distance computations. - ‘

9.4 Unsupervised Classification and Cluster Maps

At the completion of clustering, pixels within a given group are usually given a symbol
to indicate that they belong to the same cluster or spectral class. Using these symbols a
cluster map can be produced; this is a map corresponding to the image which has been
clustered, but in which the pixels are represented by their symbol rather than by the
original multispectral data. The availability of a cluster map allows a classification to
be made. If some pixels with a given label can be identified with a particular ground
cover type (by means of maps, site visits or other forms of reference data) then all pixels
with the same label can be associaled with that class. This method of image
classification, depending as it does on a posteriori recognition of the classes, is called
unsupcrvised classification since the analyst plays no part until the computational
aspects arc complete. Often unsupervised classification is used on its own, particularly
when reliable training data for supervised classification cannot be obtained or is Loo
expensive to do so. However, it is also of value, as noted carlier, to determine the
spectral classes that should be considered in a subsequent supervised approach. This
approach is pursued in detail in Chap. 11.

9.5 A Clustering Example

To illustrate the nature of the results produced by the iterative optimization algorithm
asimple example with Landsat multispectral scanner data is presented. Fig. 9.3 a shows
a small image segment (band 7 only for illustration) which consists of regions of crops
and background soils. Figure 9.3 b shows a scatter diagram for the image. In this band 5
versus band 7 brightnesscs of the pixels have been plotted. This is a subspace of the full
four dimensional mullispectral space of the image and gives an illustration of how the
data points are distributed.

The data was clustered using the iterative optimization procedure as implemented by
Kelly (1983). Only five itcrations were used and the algorithm was asked o determine
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Fig.9.3. a Image scgment used in the clustering illustration; b Bund? versus band 7 scatter
diagram for the image; ¢ Cluster centres on a band 5 versus band 7 diagram; d Cluster map
produced by the isodata algorithm
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five clusters. Merging and splitting options were employed at the end of cach iteration
leading ultimately to the four clusters shown on the plot of cluster means in
Fig.9.3c and the cluster map shown in Fig. 9.3d. Comparison with Fig. 9.3a shows that
the vegetation classes have been segmented more finely than the background soils in
this case. Nevertheless the cluster map displays acceptable spatial homogencity.
Numecrical details of the clusters established are given in Table 9.1.

Table 9.1. Cluster means and standard deviations for Fig. 9.3. gencrated by the iterative
optimization procedure

Cluster ‘ Symbol Band Mcan St. Dev.
1 . 4 74.4 9.6
5 85.5 13.7
6 89.9 14.2
7 69.8 12.1
2 * 4 45.0 2.0
5 324 2.2

6 1274 ' 63
7 1368 . v 5.9
3 + 4 60.0 , .32
5 59.5 . 4.0
6 944 .69
7 83.7 15
4 X 4 48.9 ' 38
5 9.0 6.5
6 114.0 59
7 116.3 8.4

Itis important to realise that the results gencrated in this example arc not unique but
depend upon the clustering parameters chosen. In practice the user may need to apply
the algorithm several times with different parameter values to generate the desired
scgmentation.

\ C
9.6 A Single Pags Clustering Techpique R
* ' ‘:‘Q?'k‘,

\In order to reduce the cost of clusterin image data, alternalivmé;’s%to iterative
ostimization have been prgposed and are widely mplemented in software% ckages for
remyle sensing image anafy fagain i )
accur? cy; however if the usery]

9.6.1 Singl Pass Algorithm

iy

Not all of the rcgjon to be clustered must be¥ysed in developing ciyster centres but
rather, for cost redtigtion, a randomly sclected salgple may be chosen ad the samples
arranged into a two drgensional array. The [irst rowspf samples is then uscd to obtain a
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Table 8-9.  Results of Clustering on Thematic Mapper Bands 2, 3, and 4 of the Charleston, South Carolina TM Scene
Mean vector
Percent of Class Color
Cluster scene Band 2 Band 3 Band 4 description assignment

1 24.15 23.14 18.75 9.35 Water . Dark blue
2 7.14 21.89 18.99 44.85 Forest 1 Dark green
3 7.00 22.13 19.72 38.17 Forest 2 Dark green
4 11.61 21.79 19.87 19.46 Wetland 1 Bright green
5 5.83 22.16 20.51 23.90 Wetland 2 Green
6 2.18 28.35 28.48 40.67 Residential 1 Bright yellow
7 3.34 36.30 25.58 35.00 Residential 2 Bright yellow
8 2.60 29.44 29.87 49.49 Parks, golf Gray
9 1.72 32.69 34.70 41.38 Residential 3 Yellow

10 1.85 26.92 26.31 28.18 Commercial 1 Dark red

11 1.27 36.62 39.83 41.76 Commercial 2 Bright red

12 0.53 44.20 49.68 46.28 Commercial 3 Bright red

13 1.03 33.00 34.55 28.21 Commercial 4 Red

14 1.92 30.42 31.36 36.81 Residential 4 Yellow

15 1.00 40.55 44.30 39.99 Commercial 5 Bright red

16 2,13 35.84 38.80 35.09 Commercial 6 Red

17 4.83 25.54 24.14 43.25 Residential 5 Bright yellow

18 1.86 31.03 32.57 32.62 Residential 6 Yellow

19 3.26 2236 20.22 31.21 Commercial 7 Dark red

20 0.02 34.00 43.00 48.00 Commercial 8 Bright red

the featyre space plot usihg the samebands in Figure 8-9a.

Unf rfunately, the)«rater cluster was located /gm the same
pe/c')cral space as forest and w:tzlaéd when v1e4zed using just
bands 2 and 3/T herefore, thjs scatterplot/was not used §
label ora n the clusters to/ nformation/lasses. Conveysely,
a cospe ral plot of bands’3 and 4 meay data vectors i6 rela-
tl\?yf/asy to interp ;/ 4nd looks very/much like the perpen-

band 3 plot Compare this dlstrlbuil;n)?/duster means with

dictilar vegetation ipdex distributioy shown earlir in Figure
7-41. This is not Ly rprising since t is is a red (Band 3) versus
near-infrared (Band 4) plot.

Cluster labeling is usually performed by interactively dis-
playing all the pixels assigned to an individual cluster on the

screen with a color composite of the study area in the back-
ground. In this manner it is possible to identify the location
and spatial association among clusters. This interactive
visual analysis in conjunction with the information provided
in the co-spectral plot, allows the analyst to group the clus-
ters into information classes as shown in Figure 8-25 and
Table 8-9. It is instructive to review some of the logic that
resulted in the final unsupervised classification (Figure 8-22)
(color section).

Cluster 1 occupied a distinct region of spectral space (Figure
8-25). It was not difficult to assign it to the information class
water. Clusters 2 and 3 had high reflectance in the near-infra-
red (band 4) with low reflectance in the red (band 3) due to

s
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Cluster Means for TM Bands 2 and 3
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Brightness Values in Band 2

Figure 8-23 The mean vectors of the 20 clusters displayed in Fig-
ure 8-22 are shown here using only bands 2 and 3.
The mean vector values are summarized in Table §-
9. Notice the substantial amount of overlap among
clusters 1 through 5 and 19.

chlorophyll absorption. These two clusters were both
assigned to the forest class and color coded dark green (refer
to Table 8-9). Clusters 4 and 5 were situated alone in spectral
space between the forest (2 and 3) and water (1) and were
comprised of a mixture of moist soil and abundant vegeta-
tion. Therefore, it was not difficult to assign both these clus-
ters to a wetland class. They were given different color codes
to demonstrate that, indeed, two separate classes of wetland
were identified.

Six clusters were associated with residential housing. These
clusters were situated between the forest and commercial
clusters (to be discussed). This is not unusual since residen-
tial housing is composed of a mixture of vegetated and non-
vegetated (asphalt and concrete) surfaces, especially at TM
spatial resolutions of 30 x 30 meters. Based on where they
were located in feature space, the six clusters were collapsed
into just two: bright yellow (6, 7, 17) or yellow (9,14,18).

Eight clusters were associated with commercial land use. Four
of the clusters (11, 12, 15, 20) reflected high amounts of both
red and near-infrared energy as commercial land use com-
posed of concrete and bare soil often does. Two other clusters
(13 and 16) were associated with commercial strip areas, par-
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Brightness Values in Band 3

Figure 8-24 The mean vectors of the 20 clusters displayed in Fig-
ure 8-22 are shown here using only band 3 and 4 da-
ta. The mean vectors values are summarized in Table
8-9. Compare the spatial distribution of these 20
clusters in the red and near-infrared feature space
with what is expected in a typical perpendicular veg-
etation index as discussed in Chapter 7 and Figure 7-
4].

ticularly the downtown areas. Finally, there were two clusters
(10 and 19) that were definitely commercial in character but
that had a substantial amount of associated vegetation. They
were mainly found along major thoroughfares in the residen-
tial areas where vegetation is more plentiful. These three sub-
groups of commercial land use were assigned bright red, red,
and dark red, respectively (Table 8-11).

Cluster 8 did not fall nicely into any group. It experienced
very high near-infrared reflectance and chlorophyll absorp-
tion often associated with very well kept lawns or parks. In
fact, this is precisely what it was labeled, “parks and golf””

The 20 clusters and their color assignments are shown
graphically in Figure 8-25. There is more information
present in this unsupervised classification than in the super-
vised classification. Except for water, there are at least two
classes in each land-use category that could be successfully
identified using the unsupervised technique. The supervised
classification simply did not sample many of these classes
during the training process.




236 CHAPTER 8 Thematic Information Extraction: Image Classification

Cluster Means for TM Bands 3 and 4
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Figure 8-25 Grouping (relabeling) of the original 20 spectral
clusters into information classes. The relabeling was
performed by analyzing the mean vector locations in
bands 3 and 4.

Unsupervised C/assiﬁcaﬁor},Using the ISODATA
Method / y ¢

o

£

&

idely used cluﬁéring algorithm is the Iterative Self-
izing Data Analysis Technique (ISODATA) (Tou and
Go?,z’élez, 1977; Sabisis, 1987; Jain, 1989). ISODATA repre-
septs a fairly comprehensive set of heuristic (rule~of—thumb‘)
- pfocedures that have been incorporated into an iterative clas-
sification algorithm (ERDAS, 1994;°USGS, 1990; Hayward,
1993). Many of the steps incorporated into the algorithim are
aresult of eyperience gained threugh experimentation,
£ 7 #
ISODATAJ’is self-organizing ﬁecause it requires;felatively lit-
tle humg’n input. A sophisficated ISODATA algorithm nor-
mally réquires the analyst/to specify the following criteria;
»‘l{ }) §

7

* Cia the maximum ,r{umber of clusters;t';) be identified by’

pﬁe algorithm (e.',g/., 20 clusters). However, it is not
,‘uncommon for lg%s to be found in the final classification
£+ map after splitti}n‘g and merging take place. /
. 4 s
. - 7/
* T: the maxipium percentage of pixels whose class values
are allowedto be unchanged between iterations. When this

number is reached, the ISODATA algorithm ferminates.

v“),,:""
Some datasets /ﬁ/lay never reach the desired percentage
unchanged. If this happens; it is necessary to interrupt

processing ahd edit the pa};émeter.

* M: the maximum number of times ISO];J{TA is to classify,
pixels gZd recalculatecluster mean vectbrs. The ISODATS,
algorithm terminates when this number is reached.

. nimum members in a cluster (% ): If a cluster containg
Iéss than the; minimum per,c‘éntage of members, it is
deleted and.,‘;t:he members ate assigned to an alternative
cluster. This also affects whether a class is going to be split
(see m;a.)iimum stangi’aird deviation). Th,e' default
minimlggin percentage gf members is often se}t‘é 0.01.

i i <

* Maximum  standard deviation: When' the standard

devfation for a cliister exceeds the specified maximum

st@ndard deviatipgh and the number .of members in the
class is greater than twice the specified minimum
members in a’class, the cluster is split into two clusters.

The mean vectors for the two newclusters are the old class

centers *1 standard deviation. Maximum ﬁtandard

deviation values between 4.5 and 7 are typical.

- Split Separation Value: If thisf;;%;alue is chan ed from 0.0, it
takesﬁ,*j‘fle place of the stan(_férd deviation&i determining
the locations of the new mgan vectors plyfs and minus the
split separation value. £ ;

/

* Minimum distance betwken cluster menns: Clusters with a
weighted distance less than this value are merged. A
default of 3.0 is often used.

ISODATA INITIAL ARBITRARY CLUSTER ALLOCATION
ISODATA is"'fterative because it'makes a large nu /er of
passes through the remote sefising dataset until "Zeciﬁed
results dre obtained, instead 'of just two passes. Also, ISO-
DATA does not allocate its initial mean vectors p%sed on the
analysis of pixels in thgx‘ﬁrst line of data like},?the two-pass
algorithm. Rather, an jhitial arbitrary assignmient of all C,,
/clusters takes place glong an n-dimensiona}fvector that runs

7 between very specific points in feature space. The region in

feature space is defined using the meat, Y, and standard
deviation, 0}, of each band in the anafysis. A hypothetical
two-dimensiopial example using bands{.% and 4 is presented
in Figure 8-26a, in which five mean vectors are distributed
along the véctor beginning at location Yy — 03, 1, — 0, and
ending at/ll; + 03, I, + 0. This method of automatically
seeding the original C, . vectors makes sure that the first few
lines of;ta do not bias the creation of clusters. Note that the
two-difnensional parallelepiped (box) does not capture all




Land-use Classification Map Accuracy Assessment

Ed

+ Compactness: the fégion area divided by the square of the
region penmeter Agncultural fields generally have high
compactness

. Boundar)’f straightness: the"percentage of the boundary
pixels, of a region that b@l’ongs to straight segments. Man-
madé boundaries tend to be straight; thus agricultural
re/g" 1ons tend to have hlgh boundary stralghtness

+ Spectral characteristics of water based on the simple
red/near-mfrared ratios discussed in Chapter 7.

a‘

+ Size of the r‘égion.

r »""
Vi

Clasaﬁcatmn errors were substantlally lower (by a factor of
about 3f than those of the per-pixel classifier” (Mason et al,

1988)¢ Slmﬂarlv, Bolstad and Lillesand (1992) developed a
rule ‘gased classification model based on Landsat TM data,
soif texture data, and topographlc position data. The rule-
based approach resulted in statistically 51gn1ﬁtant improve-
ments in c1a531ﬁcat16n accuracy (>15%). Westmoreland and
Stow (1992) used a rule-based 1nteg1:a€éd image process-
ing/GIS systerny to update urban la:pd use polygons in San
Diego, Califophia. Their approachwas based on analysis of
remotely s;nsed data (1988 Landsat TM), map ancillary data
(San Dlego 1987 land use forecast and 1989 generalland use
plan), arid a series of Boolean logic decision rules. About
75% of the change in land use was correctly labeled into 19
categories using their method.

The incorporation of ancillary data in’the remote sensing
classification process is an important alternative to studies
based solely ph the analysis of spectral information analyzed
on a per-pikel basis. However, the choice of variables to be
included j critical. Common sense suggests that the analyst
should thoughtfully select dnly variables with conceptual
and practical significance fo the classification problem at
hand. Incorporating 1llog15,al or suspect afncﬂlary informa-
tion can rapidly consume hrmted data an;flyms resources and
lead to inaccurate results.

# Land-use Classification Map
Accuracy Assessment

There must be a method for quantitatively assessing classifi-
cation accuracy if remote-sensing-derived land-use or land-
cover maps and associated statistics are to be useful (Meyer
and Werth, 1990). Classification accuracy assessment was an
afterthought rather than an integral part of many remote
sensing studies in 1970s and 1980s. Unfortunately, many
studies still simply report a single number (e.g., 85%) to

247

express classification accuracy. Such nonsite-specific accu-
racy assessments completely ignore locational accuracy. In
other words, only the total amount of a category is consid-
ered without regard for its location. A nonsite-specific accu-
racy assessment yields very high accuracy but misleading
results when all the errors balance out in a region.

To correctly perform classification accuracy assessment, it is
necessary to compare two sources of information: (1) the
remote-sensing-derived classification map and (2) what we
will call reference test information (which may in fact contain
error). The relationship between these two sets of informa-
tion is commonly summarized in an error matrix (Table 8-
11). An error matrix is a square array of numbers laid out in
rows and columns that expresses the number of sample units
(ie., pixels, clusters of pixels, or polygons) assigned to a par-
ticular category relative to the actual category as verified in
the field. The columns normally represent the reference data,
while the rows indicate the classification generated from the
remotely sensed data. An error matrix is a very effective way
to represent accuracy because the accuracy of each category
is clearly described, along with both the errors of inclusion
(commission errors) and errors of exclusion (omission
errors).

But how do we obtain unbiased ground reference informa-
tion to compare with the remote sensing classification map
and fill the error matrix with values? Basically, the following
issues must be addressed:

+ Use of training versus test reference information

+ Total number of samples to be collected by category

+ Sampling scheme

* Appropriate descriptive and multivariate statistics to be
applied

Training versus Test Reference Information

Some analysts continue to perform error evaluation based
only on the training pixels used to train or seed the classifica-
tion algorithm. Unfortunately, the locations of these training
sites are usually not random. They are biased by the analyst’s
a priori knowledge of where certain land-cover types existed
in the scene. Because of this bias, the classification accuracies
for pixels found within the training sites are generally higher
than for the remainder of the map. Therefore, this biased
procedure is born of expediency and can have little use in any
serious attempt at accuracy assessment (Campbell, 1987).
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Table 8-11.  Error Matrix of the Classification Map Derived from Landsat TM Data of Charleston, South Carolina

Reference Data

Water

Classification Residential Commercial Wetland Forest Row Total
Residential 70 5 0 13 0 88
Commercial 3 55 O 0 0 58
Wetland 0 0 99 0 0 99

Forest 0 0 4 37 0 41

Water 0 0 0 0 121 121
Column Total 73 60 103 50 121 407

Overall Accuracy = 382/407 = 93.86%

Producer’s Accuracy (measure of omission error)

Residential = 70/73 = 96% 4% omission error
Commercial = 55/60 = 92% 8% omission error
Wetland = 99/103 = 96% 4% omission error
Forest = 37/50 = 74% 26% omission error
Water = 121/121 = 100% 0% omission error

User’s Accuracy (measure of commission errory

Residential = 70/88 = 80% 20% commission error
Commercial =55/58 =  95% 5% commission error
Wetland = 99/99 = 100% 0% commission error
Forest = 37/41 = 90%  10% commision error
Water = 121/121 = 100% 0% commission error

Computation of K, ; Coefficient

Nixii “2(&4 Xx+i)

=l

Khat =

i=l

;
N’ “Z(xﬂ ><x+i)

where N = 407
r
ini =(70+55+99+37 + 121) =382
=1

r

=]

3 (xi X2%,;) = (88X 73) + (58 X 60)+ (99 x 103+ (41 x 50)+ (121 x 121) = 36,792

i=1

_ 407(382)—36,792 _155,474-36,792 118,682

=92.1%

therefore Ky,

4072 -36,792  165,649-36,792 128,857

The ideal situation is to locate reference test pixels in the study
area. These sites are 110t used in the training of the classifica-
tion algorithm and therefore represent unbiased reference
information. It is possible to collect some test reference
information prior to the classification, perhaps at the same
time as the training data. But the majority of test reference
information is collected after the classification has been per-
formed, so some sort of stratified random sample can be uti-
lized to collect the appropriate number of samples per

category. Landscapes often change rapidly. Therefore, it is
desirable to collect both the training and reference informa-
tion as close to the date of data acquisition as possible.

Sample Size

3

/ ‘ ‘4-";; "f‘( " £
The g¢tual pfimber of Pixels to bgdfgferencegfén the ground
and{{jsed 10 assess t}{éj accuracy@‘findividtgfcateg@"ries in the
& & : *
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Evaluation of Error Matrices

After the test reference information has been collected from
the randomly located sites, it is compared on a pixel-by-pixel
basis with the information present in the remote-sensing-
derived classification map. Agreement and disagreement are
summarized in the cells of the error matrix. Information in
the error matrix may be evaluated using (1) simple descrip-
tive statistics and/or (2) discrete multivariate analytical sta-
tistical techniques.

DescripTIvE EvaLuaTioN oF ERROR MATRICES

Overall accuracy is computed by dividing the total correct
(sum of the major diagonal) by the total number of pixels in
the error matrix. Computing the accuracy of individual cat-
egories, however, is more complex because the analyst has
the choice of dividing the number of correct pixels in the cat-
egory by the total number of pixels in the corresponding row
or column. Traditionally, the total number of correct pixels
in a category is divided by the total number of pixels of that
category as derived from the reference data (i.e. the column
total). This statistic indicates the probability of a reference
pixel being correctly classified and is a measure of omission
error. This statistic is called the producer’s accuracy because
the producer (the analyst) of the classification is interested in
how well a certain area can be classified. If the total number
of correct pixels in a category is divided by the total number
of pixels that were actually classified in that category, the
result is a measure of commission error. This measure, called
the user’s accuracy or reliability, is the probability that a pixel
classified on the map actually represents that category on the
ground (Story and Congalton, 1986).

Sometimes we are producers of classification maps and
sometimes we are users of them. Therefore, we should always
report all three accuracy measures; overall accuracy, pro-
ducer’s accuracy, and user’s accuracy, because we never know
how the classification may be used (Felix and Binney, 1989).
For example, the remote-sensing-derived error matrix in
Table 8-11 has an overall classification accuracy of 93.86%.
However, what if we were primarily interested in the ability
to classify just residential land use using Landsat TM data of
Charleston, S.C.? The producer’s accuracy for this category
was calculated by dividing the total number of correct pixels
in the category (70) by the total number of residential pixels
as indicated by the reference data (73), yielding 96%, which
is quite good. We might conclude that because the overall
accuracy of the entire classification was 93.86% and the pro-
ducer’s accuracy of the residential land use class was 96% the
procedures and Landsat TM data used are quite adequate for

identifying residential land use in this area. Such a concly-
sion could be a mistake. We should not forget the user’s accy-
racy, which is computed by dividing the total number of
correct pixels in the residential category (70) by the tota]
number of pixels classified as residential (88), yielding 809
In other words, although 96% of the residential pixels were
correctly identified as residential, only 80% of the areas
called residential are actually residential. A careful evaluation
of the error matrix reveals that there was confusion when
discriminating residential land use from commercial and
forest land cover. Therefore, although the producer of this
map can claim that 96% of the time an area that was residen-
tial was identified as such, a user of this map will find that
only 80% of the time will an area she or he visits in the field

using the map actually be residential. The user may feel that

an 80% user’s accuracy is unacceptable.

DISCRETE MULTIVARIATE ANALYTICAL TECHNIQUES Ap-
PLIED TO THE ERHOR MATR}%( ,
Discrete multivariate techniques have been used to statisti-
cally evaluate the accutacy of remdte-sensing-derived classi-
fication rnaps and error matrices since 1983 and are now
widely adopted (€ongalton and Mead, 1983; Hudson and
Ran}rﬁ, 1987; Cdmpbell, 1987). The techniques are appro-

(¥

priate becaus%&emotely sensed data are discrete rather than
continuous gnd are also binomially or multinomially dis-
tributed rather than _Hormally diéiributed. Statistical tech-
niques based on nqgfhal distributions simply do not apply.

It isi,ihstructive to review sgvéral multivariate error egalua-
tion techniqués using the érror matrix found in Table 8-11.
First, the rz,ni; error matrix may be normalized (standardized)
by appl)gj,ﬁg an iterative proportional fitting procedure that
forces each row and-column in the matrix to;sum to 1 (not
shown). In this Vga‘j}, differences in sample sizes used to gen-
erate/the matriges are eliminated and individual cell values
within the ratrix are directly comparable. In addition,
because as part of the iterative process the rows and columns
are totaled (i.e., the marginals), the resulting ndrmalized
matrix i%more indicative of the Q"’ff—diagonal cg;H' values (i.e.
the errofs of omission and comtission). In other words, all
the vallies in the matrix are itératively bale‘aﬁced by row and
colunin, thereby incorporating informatién from that row
and golumn into each individual cell va?/e‘. This process then
changes the cell values’ r along the major diagonal of’the
matrix (correct classification), and /t’herefore a norndalized
overall accuracy ca?/i)e computed for each matrixifby sum-
ming the major diagonal and dividing by the total of the
entire matrix. Thérefore, it m?/be argued that the normal-
ized overall accd;acy is a beffer representation”of accuracy
than is the overall accuracy computed fromh the original
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to be used. Next; the analyst selects the appropriate digital
imagery, keeping in mind both sensor system and environ-
mental constraints. When the data are finally:-in house, they
are usually radiometrically and geometgically corrected as
discusséd in previogg”éhapters. An appropriate classification

algor*fthm is then sélected and initightraining data collected:™

Feature (band) _§éiection is then petformed to determine’the

/bands that are‘most likely to disCriminate among thpe"&lasses
of interest. ‘Additional training data are collected and the
classification algorithm is ‘applied, yielding a classification
map. A rigorous error évaluation is then performed. If the
reg,u’l'ts are acceptable; the classification ‘maps and assofci»a’f?ed
statistics are dispributed to colleagués and agengjes. This
<}chapter reviews many of these considerations infd’é’taﬂ.

Land-cover Classification Scheme

All classes of interest must be carefully selected and defined
to successfully classify remotely sensed data into land-cover
(or land-use) information (Gong and Howarth, 1992). This
requires the use of a classification scheme containing taxo-
nomically correct definitions of classes of information,
which are organized according to logical criteria. It is impor-
tant for the analyst to realize, however, that there is a funda-
mental difference between information classes and spectral
classes (Jensen et al, 1983; Campbell, 1987). Information
classes are those that human beings define. Conversely, spec-
tral classes are those that are inherent in the remote sensor
data and must be identified and then labeled by the analyst.
For example, in a remotely sensed image of an urban area
there is likely to be single-family residential housing. A rela-
tively high spatial resolution (20 x 20 m) remote sensor such
as SPOT might be able to record a few pure pixels of vegeta-
tion and a few pure pixels of asphalt road or shingles. How-
~ ever, it is more likely that in this residential area the pixel
brightness values will be a function of the reflectance from
mixtures of vegetation and concrete. Few planners or admin-
istrators want to see a map labeled with classes like (1) con-
crete, (2) vegetation, and (3) mixture of vegetation and
concrete . Rather, they prefer the analyst to rename the mix-
(ture class as single-family residential (Westmoreland and
Stow, 1992). The analyst should only do this if in fact there is
a good association between the mixture class and single-
family residential housing. Thus, we see that an analyst must
often translate spectral classes into information classes to
satisfy bureaucratic requirements, An analyst should under-
stand well the spatial and spectral characteristics of the sen-
sor system and be able to relate these system parameters to
the types and proportions of materials found within the
scene and within pixel IFOVs. If these parameters are under-

stood, spectral classes often can be thoughtfully relabled a5
information classes.

Certain classification schemes have been developed that can
readily incorporate land-use and/or land-cover data"
obtained by interpreting remotely sensed data. Only a few
will be discussed here, including the following:

+ US.  Geological
Classification System

Survey Land Use/Land Cover

« US. Fish and Wildlife Service Wetland Classification
System

* N.O.A.A. CoastWatch Land Cover Classification System

U.S. GEoL0GICAL SURVEY LAND Use/LAND CoveRr CrLassi-
FICATION SYSTEM

Major points of difference between various classification
schemes are their emphasis and ability to incorporate infor-
mation obtained using remote sensing. The U.S, Geological
Survey Land Use/Land Cover Classification Systern (Anderson
etal., 1976; USGS, 1992), is resource oriented (land cover) in
contrast with various people or activity (land use) oriented
systems, such as the Standard Land Use Coding (SLUC) Mn-
ual or the Michigan Land Use Classification System (Jensen et
al., 1983). The USGS rationale is that “although there is an
obvious need for an urban-oriented land-use classification
system, there is also a need for a resource-oriented classifica-
tion system whose primary emphasis would be the remain-
ing 95 percent of the United States land area” The U.S.G.S.
system addresses this need with eight of the nine level I cate-
gories treating land area that is not in urban or built-up cat-
egories (Table 8-1). The system is designed to be driven
primarily by the interpretation of remote sensor data
obtained at various scales and resolutions (Table 8-2) and
not data collected in situ. It was initially developed to include
land-use data that was visually photointerpreted, although it
has been widely used for digital multispectral classification
studies as well.

The SLUC, on the other hand, is land-use activity oriented
and is primarily dependent on in situ observation to obtain
remarkably specific land-use information, even to the con-
tents of buildings (Rhind and Hudson, 1980). Obviously,
there exists the need to merge the two approaches to produce
a hybrid classification system that incorporates both land use
interpreted from remote sensor data and very precise (and
expensive) land-use information obtained in situ when
necessary.




Supervised Classification

Table 8-1.  U.S. Geological Survey Land Use/Land Cover Classi-

fication System for Use with Remote Sensor Data®

Classification Level

1 Urban or Built-up Land

11 Residential
12 Commercial and Services
13 Industrial
14 "Transportation, Communications, and Utilities
15 Industrial and Commercial Complexes

_ 16 Mixed Urban or Built-up
17 Other Urban or Built-up Land

2 Agricultural Land
21 Cropland and Pasture
22 Orchards, Groves, Vineyards, Nurseries, and Ornamental
Horticultural Areas
23 Confined Feeding Operations
24 Other Agricuitural Land

3 Rangeland
31 Herbaceous Rangeland
32 Shrub-Brushland Rangeland
33 Mixed Rangeland

4 Forest Land
41 Deciduous Forest Land
42 Evergreen Forest Land
43 Mixed Forest Land

5 Water
51 Streams and Canals
52 Lakes
53 Reservoirs
54 Bays and Estuaries

6 Wetland
.. 61 Forested Wetland
61 Nonforested Wetland

7 Barren Land
71 Dry Salt Flats
72 Beaches
73 Sandy Areas Other Than Beaches
74 Bare Exposed Rock
75 Strip Mines, Quarries, and Gravel Pits
76 Transitional Areas
77 Mixed Barren Land

8 Tundra
" 81 Shrub and Brush Tundra
82 Herbaceous Tundra
83 Bare Ground Tundra
84 Wet Tundra
85 Mixed Tundra

9 Perennial Snow or Ice
91 Perennial Snowfields
92 Glaciers

? Source: Anderson et al., 1976; USGS, 1992

Table 8-2.  The Four Levels of the U.S. Geological Survey Land
Use/Land Cover Classification System and the Type
of Remotely Sensed Data Typically Used to Provide

the Information

Classification

Level Typical Data Characteristics

1 Landsat MSS (79 X 79 m), Thematic Map-
per (30 X 30 m), and SPOT XS (20X 20 m)

II SPOT Panchromatlc (10 x 10 m) data or
high-altitude aerial photography acquired
at 40,000 ft (12,400 m) or above; results in
imagery that is <1 : 80,000 scale

I Medium-altitude data acquired between
10,000 and 40,000 ft (3100 and 12,400 m);
results in imagery that is between 1 : 20,000
tol: 80,000 scale

v Low-altitude data acquired below 10,000 ft
(3100 m); results in imagery that is larger
than 1 : 20,000 scale

U.S. FISH/& WiLDLIFE SERVICE WETLAND CLASSIFICATION
SYSTEI\? g

The,’conterminOus United States lost 53% of its wetland to
agricultural, residential,’and/or commercial land use from
1780 to 1980 (Dahl, 1990). The U.S. Fish and Wildlife Service

is responsible for mapping all wetland in the United States.

Therefor¢, they developed a -wetland classification system
that incorporates mformat10n extracted ,from remote sensor
data and in situ measurement (Cowardm et al., 1979). The
system describes ecolocrlceﬁ taxa, arranges them in a system
useful to resoiirce managers, and provides umformlty of
concepts and terms. Wetlands are classified based on plant
characteristics, soils, and frequency/of flooding. Ecologically

related areas of deep water, traditionally not,considered wet-

lands, are mcluded in the classification as deep-water habi-
tats. Five systems, form the highest level of the classification
hierarchy: marine, estuarine, riverine, Iaoustrme, and palus-
trine (Figure 8- 3) Marine and estuaring systems each have
two subsystems, subtidal angl mtertldal the riverine system
has four subsystems tidal, lower peremmal upper perennial,
dnd 1nterrn1ttent the lacustrme has” two, littoral and lim-
netic, and the palustrme/flas no subsystem. Within the sub-
systems, Elasses are based on subsgrate material and flooding
regime,or on vegetau{/e life form The samg¢ classes may
appear under one or fnore of the systems or subsystems The
distinguishing features of the riverine system are shown in
Figure 8-4. This was the first nationally recognized wetland
classification scheme.
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