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The quantity E(BVi X BVy) is called the uncorrected sum of products. The relation-
ship of SPy; to the sum of squares (SS) can be seen if we take k and ! as being the
same; for example,

>iBV’-.-' iBV ;
»SPkk:i-l * n(l-zl u‘) ="'SSg 4-3)

Just as simple variance is calculated by dividing the sums of squares, SS, by (n —
1), covariance is calculated by dividing SP by (n — 1). Therefore, the covariance
between brightness values in bands k and I, Covy, is equal to (Davis, 1973)

~,SPu

| n 2 BVa. xBVa)—— znm }3 BVy “-5)

i=1
n(n —1)

The sums of products (SP) and sums of squares (SS) can be computed for all possible
combinations of the four Spectral variables in Table 4-1. These data may then be
arranged inad4x4 variance-covariance matrix as shown in Table 4-3. All'elements
in the matrix not on the diagonal have one duplicate (e.g., Covyz = C0V2.1. so that
Covu = Covu‘)

" TABI.E 4-3 Format of a Vanance-(:ovanance :

Mamx '

’“Band } " Band 2 Band 3 Band 4
Band 1 SS; o Coves Covas Covye
Band 2 Cova, S5, Covsy Cova,
Band 3 Covy,y Covs s SS, QOVM

Band 4 - Cov,, Covas Covas " SS¢ 7

The computation of variance for the diagonal elements of the matrix and covariance
for the off-diagonal elements of the data shown in Table 4-1 are provided in Table
4-4. The manual computatlon of the covariance between band 1 and band 2 is shown
in Table 4-5.

To estimate the degree of mtcrrelatlon between vanablw in a manner not influ-
enced by measurement units, the correlation coefficient, r, s used (Cooley and Lohnes,
1971). Correlation is the ratio of the covariance of two vanablw to the product of
their standard deviations, thus: »

COV)“
SkS1

N = 4-6)

Pictometry EX2002 (Part 4 of 13)
Roofr v. Pictometry
[PR2023-00436
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Univariate and Multivariate Statistics 67

TABLE 4-4 Variance-Covariance Matrix
of the Sample Data

Band 1 Band 2 Band 3 Band 4

Band 1 562.5

Band 2 135 264.8

Band 3 718.75 275.25 1007.5

Band 4 531.5 64 663.75 570

Because the correlation coefficient is a ratio, it is a unitless number. Covariance
may equal but cannot exceed the product of the standard deviation of its variables,
so correlation ranges from +1 to —1. In our example, a correlation coefficient of
+1 indicates a positive, perfect relationship between the brightness values in two of
the bands (i.e., as one band’s pixels increase in value, the other band’s values also
increase in a perfectly systematic fashion). Conversely, a correlation coefficient of
—1 would indicate that one band was inversely related to the other (i.¢., as brightness
values in one band increased in value, corresponding pixels in the other band would
systematically decrease in value). A continuum of less-than-perfect relationships exists
between correlation coefficients of —1 and +1. A correlation coefficient of zero suggests
that there is no linear relationship between the two bands of remote sensor data.
The between-band correlations are usually stored in a correlation matrix such as
the one shown in Table 4-6, which contains the between-band correlations of our
sample data. Usually, only the coefficients below the diagonal are displayed because
the diagonal terms are 1.0 and the terms above the diagonal are redundant.

Sample brightness values of band 1 are highly correlated with those of bands
3 and 4. A high correlation suggests that there is a substantial amount of redundancy
in the information content among these bands. Perhaps one or more bands could
be deleted from the analysis to reduce subsequent computation. Conversely, the low

TABLE 4-5 Computation of Covariance Between Bands 1
and 2 of the Sample Data

Band 12 Band 1 Band 1 X Band 2 Band 2 Band 22

16,900 130 7410 517 3,249
27,225 165 5,775 35 1,225
10,000 100 2,500 25 625
18,225 135 6,750 50 2,500
21,025 145 9,425 65 4,225
93,375 675 31,860 232 11,824
675232
Where SP,,==(3I,860)—-(—-)-5(-—)-=540

Covu=§-:—0-= 13
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68 Initial Statistics Extraction Chap. 4

TABLE 4-8 Correlation Matrix of the Sample Data

Band1 Band2 Band3  Band 4

Band 1 —
Band 2 0.35 —
Band 3 0.95 0.53 —

Band 4 094 0.16 0.87 —

correlation between band 2 and all other bands suggests that this band provides
some type of information not found in the other bands. More sophisticated methods
of selecting the most useful bands will be described in later sections.

The STATISTICS program listed in Appendix A can compute both univariate
and multivariate statistics for up to eight bands of remotely sensed data at one time,
then display the data in tables similar to those shown. The results of running this
program on the Charleston, S.C., TM scene are summarized in Table 4-7. The blue
band (1) exhibits the greatest range of brightness values (i.c., from 51 to 242). This

TABLE 4-7 Statistics for the Charleston, S.C., Thematic Mapper Scene Composed of Seven Bands
Each 240 X 256 Pixels

Band
number: 1 2 3 4 - ) 6 7
pm: 0.45-0.52 0.52-0.60 0.63-0.69 0.76-0.90 1.55-1.75 2.08-235 104-125
Univariate statistics : :
Mean 64.8 25.6 237 223 324 15.0 110.6
Std. dev. 10.05 5.84 830 15.76 - 23.85 12.45 421
Variance 100.9 4.1 68.8 2484 568.8 154.9 17.78
Minimum 51 17 14 4 0 0 920
Maximum 242 115 131 105 193 128 130
Variance-covariance matrix
1 100.93 '
2 56.60 34.14
3 7943 46.71 68.83
4 61.49 40.68 69.59 248.40
5 134.27 85.22 141.04 330.71 568.84
6 90.13 55.14 86.91 148.50 . 280.97 154.92
7 2372 . 14.33 22.92 43.62 78.91 42.65 17.78
Correlation matrix

1 1.00
2 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 0.7 0.88 1.00
6 0.72 0.76 0.84 0.76 0.95 1.00
7 0.56 0.58 0.66 0.66 0.78 0.81 1.00
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The Histogram and Its Significance to Digital Image Processing 69

range is not surprising because atmospheric scattering of blue wavelength energy is
expected. The reflective and middle-infrared bands (4, 5, and 6) all have minimums
near or at zero. These values are low because much of the Charleston scene is composed
of open water which absorbs most of the incident near- and middle-infrared radiant
flux, thereby causing low reflectance in these bands. Bands 1, 2, and 3 are all highly
correlated with one another (r > 0.95), indicating that there is substantial redundant
spectral information in these channels. Although not to the same degree, there is
also considerable redundancy between the reflective and middle-infrared bands (4,
5, and 6), as they exhibit correlations ranging from 0.76 to 0.95. Not surprisingly,
the lowest correlations occur when a visible band is compared with an infrared band,
especially bands 1 and 4 (r = 0.39). In fact, band 4 is the least redundant infrared
band when compared with all three visible bands (1, 2, and 3). For this reason,
band 4 (0.76 to 0.90 pm) will be used as an example throughout much of the text.
The thermal-infrared band 7 (10.4 to 12.5 pm) is not highly correlated with any of
the other bands, as it records emitted rather than reflected spectral radiation.

THE HISTOGRAM AND ITS SIGNIFICANCE TO DIGITAL
IMAGE PROCESSING OF REMOTE SENSOR DATA

A single band of remotely sensed imagery, k, was previously defined as being composed
of i rows and j columns, with a brightness value BV at each pixel location. Normally,
brightness values will range BV, from 26 to 28 (26 = values from O to 63, 27 =
values from O to 127, and 2% = values from O to 255). Tabulating frequencies of
occurrence of each of the brightness values within the image provides statistical infor-
mation which may be displayed graphically in a histogram (Castleman, 1978). The
range of quantized values, BV,, is provided on the abscissa, while the frequency of
occurrence of each of these values, f(BV;) is displayed on the ordinate. For example,
there might be 175 pixels with a brightness value of 50 in the scene.

A histogram of band 4 of the Charleston S.C., thematic mapper scene is shown
in Fig. 4-1. It was produced using the HISTOGRAM program found in Appendix
A. Note how the data are compressed into the lower one-fourth of the range O to
255, suggesting that it is relatively low in contrast. The various peaks and valleys
in the multimodal histogram correspond to dominant types of land cover in the
image. The peak with the highest frequency is associated with water pixels in the
scene.

A histogram of predawn thermal infrared (8.5 to 13.5 pm) imagery obtained
over a portion of the Savannah River is shown in Fig. 4-2. The modes in this histogram
are associated with the relatively cool temperature of the Savannah River swamp,
the slightly warmer temperature (12° C) of the Savannah River, and the higher
brightness values associated with a warm thermal plume. The plume enters the Savan-
nah River via a creek that carries hot water used to cool industrial activities.

The most fundamental histogram is a plot of the number of pixels occurring
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The Histogram and Its Significance to Digital Image Processing 71

for each of the brightness values. Often, however, the raw count of certain brightness
values becomes prohibitively difficult to display, especiaily when an unusually large
number of pixels have the same brightness value. When this occurs, it is useful to
scale the frequency of occurrence according to the relative percentage of pixels within
the image at each brightness level. If there are n pixels in the subimage, then the
percentage of pixels, p, at each brightness value, BV;, may be computed using the
equation

p(BV)= “7

fBY) + 100
n .
where f is the frequency of occurrence of the pixels having brightness value BV;.
Once this is computed, it is necessary to allocate a certain number of pixels to be
used in the histogram. For example, if 1000 pixels were allocated for the vertical
bars in the entire histogram display, a given brightness value with a frequency of
100 would be allocated 10% of the pixels and would be represented by a vertical
bar 100 pixels in height. In this manner, it is possible to highlight the information
content found in the histogram which may be masked when certain brightness values
have an inordinate frequency of occurrence. Examples of this type of histogram display
are provided in Fig. 4-3, where the ordinate axis ranges from 0 to 10%.
The histogram is a useful graphic representation of the information content of

101 101
91 99
84 81
9 74

PERCENT
o
PERCENT

2

©d
5

»
&

1 |

00 32 64 96 128 160 192 224 256 03 2 64 96 158 160 192 24 26
BRIGHTNESS VALUE BRIGHTNESS VALUE

CHARLESTON, SC. SAVANNAH RIVER, S.C.
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Figure 4-3 Histograms of the Charleston and Savannah River images displayed using percentages
instead of frequencies on the ordinate axes.
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72 " Initial Statistics ‘Extraction ° Chap. 4

a remotely sensed image. Histograms for each of the bands of imagery are often
displayed in many. studies because they provide the reader with an appreciation of
the quality of the original data (e.g., whether it is low in contrast, high in contrast,
or multimodal in nature). In fact, many analysts routinely provide both before (origi-

nal) and after histograms of the imagery to document the effects of applying an
image enhancement téchnique. Examples will be provided in Chapter 7.
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5

Initial Display Alternatives

INTRODUCTION

Black-and-white aerial photography exhibits a continuous range of gray values from
black through gray to white. Visual interpretation of such imagery is possible because
human beings process continuous-tone images throughout their daily lives. But what
about the interpretation of digital remotely sensed data available from sensor systems
such as the Landsat multispectral scanner or thematic mapper? How do interpreters
convert the brightness values (BVs) stored on a computer-compatible tape (CCT)
into an image that begins to approximate the continuous-tone photographs they are
used to interpreting? The answer is the creation of a brightness map, also commonly
referred to as a gray-scale map.

A brightness map is a computer graphic display of the brightness values (BVi)
found in digital remote sensor data (Fig. 2-1). Ideally, there is a one-to-one relationship
between input brightness values and the resultant intensities of the output brightness
values on the display [i.e., a BV of 0 would result in a very dark (black) intensity
on the map, while a BV of 255 would produce a bright (white) intensity]. All brightness
values between 0 and 255 would be displayed as a continuum of grays from black
to white. Unfortunately, it is not always easy to maintain this ideal relationship.

Most digital image processing systems designed for remote sensing education
or research purposes have the capability to produce brightness maps (Jensen, 1983).
The quality and interpretability of a remote sensing brightness map is dependent
on (1) the type of output device and (2) the type of algorithm(s) or logic used in
its creation.

This chapter describes the creation of remote sensing brightness maps using

73
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74 Initial Display Alternatives Chap. 5

two fundamentally different output devices: hard-copy and video displays. Hard-copy
displays are based on the use of line printers, line plotters, or film writers to produce
tangible hard copies of the imagery for visual examination. Conversely, video displays
are usually based on the use of black-and-white or color cathode ray tubes (CRTs)
that display a temporary image for visual examination (Green, 1983). The temporary
image may be discarded or subsequently routed to a hard-copy display if a hard
copy is desired. This chapter summarizes the logic and function of displaying the
remote sensor data using these display alternatives.

BLACK-AND-WHITE HARD-COPY IMAGE DISPLAY
Line Printer Brightness Maps

The most prevalent method of producing z brightness map is to output a “density-

sliced” map to a standard line printer. Dermsfpeshcimprefers 6 the-conversiofivel

th@%ﬁ%mwm of-animage into:a-series-of ‘diseréte  class-intervals or-sliecs

veach interval corresponds to a specific brightriess valie rarige (Haralick, 1973).
Such slices are analogous to class intervals used in cartography, where upper and
lower class limts are selected for choropleth, isarithmic, and dasymetnc mappmg
(Robinson et al., 1978).

To produce density-sliced maps on the line prmtcr it is nemsuy to select
(1) an appropriate number of class intervals, (2) the size or dimension of each class
interval, and (3) the symbolization to be assigned to each class interval. Crucial to

“this taskis an awareness of the statistical nature of the scene. Analysis of the histogram
provides valuable information when selecting the. number and: dimension of class
intervals. One can expect to successfully display::about eight class intervals on a
conventional line printer map (i.e., a 3-bit range; 2?.= 8). Thus this severely degrades
the potential of displaying a truly: continuous-tone ‘rendition of :a:Landsat: thematic
mapper image whose brightness values range from:0 to 255(8 bits). ::

There arenumerous. methods.of - sdwhngnelmummmmcludmg
naturat‘breaks; equal-size;-and-equat-areas(MacPougalt; 1976). Remote sensing spe-
cialists often select the natural break method, whereby they analyze the histogram
and then select m mutually: exclusive class intervals (i.c.,-density slices) to represent
the image. A nine-class-interval density-sliced map using:natural break criteria and
produced-ona line printer is shown in Fig. 5-1a. This is a very small area (just 23
rows by 20 columns) of the Landsat thematic mapper band-4:image of Charleston,
S.C. A panchromatic aerial photograph of approximately: the same geographic area
is shown in Fig. 5-2. The equal-size and equal-area class interval schemes applied
to the same area are shown in Fig. 5-1b and c, respectively. In an equal-size class
-interval scheme; the size of the class intervals is held as constant as possible. If the
data are not uniformly distributed throughout the range of possible brightness values,
this usually results in a relatively low contrast density-sliced map. Conversely, in

an equal-area scheme, the class intervals are adjusted so that approximately equal
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Figure 5-1 Three remote sensing brightness maps of a small portion of the Charleston, South
Carolina, band 4 thematic mapper image produced on an eight-line-per-inch line printer. The different

displays are the result of using (a) natural breaks, (b) equal size, or (c) an cqual-area class interval
scheme. The symbolization is held constant.

numbers of pixels fall within each of the m class intervals. This scheme guarantees
that every symbol selected will be used in the display. The natural breaks and equal-
area class interval schemes are often used for initial (quick-look) visual evaluations
of remotely sensed data. '
The few symbols on a line printer available for creating the impression of continu-
ous tone are a serious constraint. However, because the line printer is so ubiquitous,
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‘76 ! Initial Display Alternatives  Chap. 5

Figure 5-2 Panchromatic acrial photography
of approximately the same geographic area of
Charleston, South Carolina, as shown in Fig.
5-1. The original scalé¢ was 1:12,000.

much research has gone into identifying optimum single-print and overprint symboliza-
tion to approximate the continuous-tone gray scale. For example, Smith (1980) evalu-
ated 47 standard line printer symbols often used in computer cartography thematic
mapping (Table 5-1). Using a transmission densitometer, the “percent area inked”
of areas of symbols was measured, which included the empty space between symbols.
The Williams adjustment (sec Robinson et al., 1978) was theri applied to the densitome-
ter values to produce “perceived grayness values.” The lightest average gray attainable
was 23.2% (measured value, not converted) and the darkest was 65.1%, giving a
range of 41%. Converted to perceptual equivalence usmg the Wllhams curve (Fig.
5-3), the extreme values became 34.5 and 64.1 (Table 5-1), repr&entmg a range of
only 29.6%. Thus the 10-character-per-inch and 8-line-per-inch.format of the typical
line printer caused even the most dense overprint to yield only a 65% black area
as perceived by the viewer because of the empty space between -characters. Such
conditions reduce the effectiveness of line printer densnty-shoed maps when used to
approximate a continuous-tone remotely sensed image. '

When selecting the line printer symbol for each class interval, -one should try
to develop a graded series that provide adequate contrast‘between gray- -level symbols.
Some manufacturers do provide optional gray-scale character scts that may be used

a2
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TABLE 5-1 Symbolization and Perceived

Grayness Based on Transmission

Densitometer Measurements®

Perceived

Perceived
grayness grayness
Symbol (%) Symbol (%)
. [34.5] M 46.4
- 25.6 L. 464
’ 364 1- 48.0
+ {38.8) X— [48.5]
/ 39.8 /= 48.6
= {40.5] X= 50.1
1 40.6 X+ 50.5
7 41.5 Z= 50.5
L 418 I= 51.6
hd 420 vT 52.0
¢ 420 0- [52.9)
5 435 VA 53.9
4 435 0= 54.4
H 44.0 o/ 55.3
3 44.1 o+ 55.3
2 44.5 MW 55.9
S 48 O 56.5
X [44.8] TVA 57.6
N 449 HHH/ 58.0
6 454 (0) 4 [58.1]
(4] 454 OH = 60.3
9 455 MEW [62.0})
/= 45.6 OXAYV 62.5
8 463 HIXO 64.1

* Symbols cvaluated in Smith (1980).

b The bracketed symbol sets were used in the cre-
ation of Figure 5-1. They were chosen for diagram-
matic purposes only and should not be considered
ideal symbolization for the creation of line printer:

brightness maps.

in this regard (Hamill, 1977). Also, some line printers may be adjusted to eradicate
the scale distortion problem (Ballew and Lyon, 1977). But for the majority of users
who only have access to standard 8- to 6-line-per-inch printers, the creation of remote
sensing brightness maps continues to be a major problem.

Line Plotter Brightness Maps

The creation of brightness maps using line plotters is another feasible alternative.
Most educational and research institutions obtain line plotters, electrostatic printer-
plotters, and/or dot matrix printer-plotters with dot addressable graphics options.
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Figure $-3 The range of gray tones produced by overprinting symbols on a line printer is reduced
from 41% to approximately 30% after adjustment according to the Williams curve (after Smith,
1980). The 10-character-per-inch and cight-line-per-inch format typical of line printers causes even
the most dense symbolization to yield only 65% black. The blank areas between symbols contributes
a great deal to this condition. This graph is based on the assumption that the lightest class symbol
will not be blank (completely white) because in cartography this is not considered good practice,
as the map information may be visually confused with the border arca surrounding it. However,
most remote sensing practitioners often usc the blank symbol for the highest (brightest) class interval.
(From Jensen and Hodgson, 1983.)
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0% 100%

Brightness maps produced by plotters provide (1) greater scaling capability and (2)
the opportunity to create a unique sequence of symbols designed specifically for remote
sensing brightness mapping.

The ability to scale a brightness map so that it accurately overlays a planimetric
map base or other image is essential for most serious remote sensing endeavors.
Scaling is accomplished by calling “scale” subroutines available in the software sup-
plied with most plotters. Any previously defined alphanumeric character or symbol
(e.g., 2 **”) in the system software may be called. These are often-more uscful than
the standard line printer symbols. However, this type of symbolization is still inade-
quate and even overprinting of symbols only approximates the results produced in
the line printer brightness maps.

Other researchers have programmed plotters to turn on specific dots within a
specific pixel area (Craig et al., 1978). For example, dot matrix printer-plotter output
is shown in Fig. 5-4. Such dot matrices may be used to display as many as 16 gray
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Figure 54 Portion of a brightness map pro-
mpregyrp  duced on a matrix printer-plotter by turning
u“ nci.n on specific dots within a pixel. Each of the 10

PEETEI L patterns in this example were individually pro-

grammed. (From Craig et al., 1978.)

levels. However, this procedure still necessitates compressing the data down to a
4-bit resolution versus the 7- or 8-bit resolution of most digital remote sensor data.
What is needed are algorithms to produce any shade of gray desired (from black to
white; O to 255, respectively) for each pixel.

Crossed-Line Shading

The impression of continuous tone may be produced by using parallel lines, crossed
lines, or circular dots located adjacent to one another. This discussion focuses on
the use of crossed-line shading (Jensen and Hodgson, 1983). As the name implies,
crossed-line shading is produced by intertwining two perpendicular sets of equally
spaced parallel lines (Fig. 5-5). The lightness or darkness of the shading is controlled
by reducing or increasing the separation between neighboring lines. The width or
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\q Figure 5-5 Geometry of cross-line

shading (after Monmonier, 1980). The
line (w) is generally held constant while
— line separation (s) is varied using equa-
S4as = tion (5-5) to produce varying shades of
\ J J = gray within a pixel. (From Jensen and
Hodgson, 1983.)
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produce dlﬂ'erent shades of gray (M ! 1980,

To understand how the propo on f“‘the area inked is comp
typical cell in the shading pattern (Fig: 5-5) as:an uninked square t beunded by a
half-lme-thlck frame (Monmomer, 1979).. 'I]le mked or “black" propornon, p, is

n “dlvnded by the total area,of the cell

&)

(-2

u

aretlon, s, between nexghbormg

lines ylelds :

Gy . In.the original work‘"?by?Tobler (1973) on ,crossed—lme contmuous-tone mapping,
- thc proportlo pf,‘ : ‘_;accordmg to the ps ,hophysmal power functlon

s=1—,“£ [1+(1—'=)°~°1 6

where p now represents the intended proportlonrather
of the area inked (Monmonier, 1979).

Based on “work by Stoessel (1972), 'I‘ob deriv orrection for continuous-
tone, crossed line shading with the cxponentlal function area inked = value!4, which
represents the p_ereeptual function: values = (area inked)®” nmomet, 1980) This
transformation is, labeled “exponentxal-Stoessel” (Tobl Fig,
when the exponcnt a is setito:1.4, the nonlmw_ response of he hur
system is taken into cons € ‘
value = (area mked)‘{ _“" w‘luch obv:ously prodhces, i

then the apparent proportion
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10r Exponential-Stoessel (Tobler) ——
Exponential-Peterson =—=——

0]
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PERCEIVED VALUE (RESPONSE)
g
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s U SE— v — —— —

| s
0 37 50 10

AREA INKED (STIMULUS)

Figure 5-6 Two models that compensate for the nonlinear response of the
human eye to percent-area-inked stimuli. (From Jensen and Hodgson, 1983.)

where Rmin and Rmax Tepresent the extreme points in the brightness value range
that BVis might take upon itseif (e.g., if BV, = 255, then Rpn = 0 and Rpmax =
255).

Program BRIGHTNESS MAP listed in Appendix A uses this logic to create
brightness maps on an electrostatic plotter. A small portion of the Charleston, S.C.,
band 4 TM scene is displayed using the BRIGHTNESS MAP program in Fig. 5-7.
Note the variety of gray shades present compared with the illustrations in Fig. 5-1.
This same logic is applied to a 240 X 256 submatrix of the TM scene in Fig. 5-8.
The original of this illustration was approximately 30 by 36 in.; therefore, it has
undergone substantial photographic reduction.

This type of brightness map display produces results that are similar in appear-
ance to continuous-tone output. The method is superior to the creation of line printer
gray maps because (1) it uses a graded series of the same symbol (the crosshatch)

rather than totally different symbols that introduce texture into the display, and (2)

all cells are scaled to user specifications, alleviating the problem of the % or %
scale problem associated with typical 8- or 6-line-per-inch line printers. The most
effective display of the remote sensor data, however, is based on the use of video
displays, which have improved brightness map display capability.
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126

111

120

130

Figure 57 Remote sensing brightness map
of the Charleston, S.C., thematic mapper band
4 image produced on a 200-dot-per-inch elec-
trostatic plotter -using the BRIGHTNESS
MAP program and equation (5-5). The original
pixel size was 0.2 in. square with a line width
(w)ofOOZmBmmethcdatawassolaw

- ] ; in contrast, it was ‘enhanced using a percentage
CHARLESTON, . .S:C. ~ .BRAND 4 © 22 0% linear contrast strétéh dnscussed m Chapter 7.

136

VIDEO IMA GE DISPLAY

. Black-and-Whvte and Color Bnghtnoss Maps
A v:deo image d:splay simply means: that the 1mage is: provnded ina wdeo format
on a black-and-white or color monitor for visual examination and can easily. be modified
or discarded. The CPU generally: reads the digital: remote sensor data from a mass
storage device (¢ither disk or tape) and transfers these data. to the image processor.
The image processor: is"a collection of display memory composed of i. lines by j
columns and b bits, which may be -accessed sequentially, line by line (Fig. 5-9).
- Each line of digital values stored in the image processor display memory is continually
“scanned by -a “read:mechanism.” The contents of the:image processor memory are
normally “read” every 1, of a second, referred to as the “refresh rate” of the system.
The brightness values -encountered during this scanning :process are passed onto a
digital-to-analog converter (DAC) that prepares an analog video signal suitable for
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Figure 5-8 A remote sensing brightness map based on the same principles as Fig. 5-7 except
that an area 240 X 256 pixels is displayed.

display on the CRT screen. Thus the analyst viewing a CRT screen is actually looking
at the video expression of the digital values stored in the image processor memory.
The %,-s refresh rate is so fast that the analyst normally does not see any significant
amount of flicker on the CRT screen.

But-how-does the éntire fange of brightness: values in a digital data set get
displayed properly? Ttiis is a function of thic number of bits per pixel and the “video
lookup tables™ associated with the image processor (Greenberg et al., 1982; Green,
1983). Many image processing systems have 8 bits of color resolution per pixel. As
discussed earlier, this means that each pixel may assume any one of 256 values,
from O to 255. However, the exact nature of the display is more precisely controlled
by the size and characteristics of a separate block of memory called a “lookup table,”
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BLACK & WHITE
oRr
»| - RGB DISPLAY
71 MONITOR

:; 5 ., .g. Xor .‘a,g §§| Y

61| 0 [255] 0 Jereen :

it digital image processing sysiem. The image processor display
ote sensing brightness values from a° singlc band of imagery.
1 for display by specifying the contents of the 512-clemient color

-~ These values are then ma; ecifying 12-clen
- lookup table. An 8-bit di analog converter (DAC): then converts the digital lookup table
" .values into analog signals t.are used to modulate:the intensity of the ved; green, and blue

(RGB) “guns” that create the image on the color CRT screen. '

which contains the exact -disposition of .each combination of red, green, and blue
(RGB) values associated with each 8-bit pixel. Evaluating the nature of a 9-bit image
processor and associated:color lookup tables will provide some insight into the way
the brightness values: and color lookup:table must interact, --

~ In Fig. 5-9 one sees that the first 256 elements of .the lookup table coincide
with progressively greater values of the red, green, and blue (RGB). components,
ranging from 0, 0, 0,-which would be black on the screen, to 127, 127, 127, which
‘would be gray, and.of course 255, 255, 255, for a very bright white.. Thus if a pixel

" in a single band of imagery-had a brightness value of 127, the RGB value located
at table entry. 127 (with RGB values-of 127, 127, 127) would be passed on to the
8-bit digital-to-analog converter and a midgray pixel would be displayed. This type
of logic was applied to create the black-and-white thematic mapper band 4 image
of Charleston, S.C., shown in Fig: 5-10. This is often referred to as a true 8-bit
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Figure 5-10 Black-and-white display of the band 4 thematic mapper image
of Charleston, S.C. The data were collected on November 11, 1982, at path
16, row 37 of the World Reference System (WRS). Each of the 240 X 256
pixels displayed represent an area 30 X 30 meters on the ground.

black-and-white display because there is no generalization of the original remote
sensor data. This means that there is a one-to-one relationship between the 8 bits
of remote sensor input data and the 8-bit color lookup table. This is the ideal mecha-
nism for displaying remote sensor data. This same logic was applied to produce the
8-bit display of the predawn thermal infrared image of the Savannah River in Fig.
5-11 (Jensen et al., 1983).

If desired, the lookup table may be filled with much different values. For instance,
the first entry in the table might be given an RGB value of 255, 0, 0, which would
mean that any pixel with a value of 0 would be displayed as bright red. In this
way, it is possible to create a special-purpose lookup table with those colors in it
which are of greatest value or use to the analyst. This is precisely the mechanism
by which a single band of remote sensor data is color “density sliced.” For example,
Table 5-2 lists the upper and lower brightness values for the line printer density-
sliced map shown in Fig. 5-1a. If the analyst takes these same class intervals {(e.g.,
interval 1 is from O to 10) and assigns all the values in the color lookup table the
desired value (let’s say, dark blue; 0, 0, 120), then all red, green, and blue (RGB)
values in the lookup table from 0 to 10 will have 0, O, and 120 in them, respectively.
If class interval 2 is to contain all brightness values from 11 to 16 and be bright
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TABLE 5—-2 Class interya’rs ‘and Gotor—Lookup—Table Values for 0'.20Ior"E
Density Slicing'the: Band 4 Charleston; S.C., Thematic Mapper Scene:
Shown in an; 5-12: (Color Section) ", - . - . A I T
o Oolor-lookup-table o Bnghtnms
s value ' : value
Class O T . . 5 . Yo
intetval Visuat color:~ “iRed -:Green Blue Low . - High- :
1 Dark.bl,ug,.}\, . 0 0 120 0 10
2 Brightblue . 0 0 255 1t 16
3 Darkgreen:" 0 80 01 20
C4 ‘Gréen SR (| 140 0 7" 24
5 v Bri'gﬁtgréen-“ i 0 255 0 25 - 29
7 Darkred <120 60 0 37.. 4
8 - Bnghtred T 2ss o 0 4 5
: 9 White ~ 25§ 255 255 60" 255
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blue, the color lookup table from 11 to 16 would be allocated values O, 0, 255 (RGB).
Table 5-2 summarizes all the values of the color lookup table used to prepare the
density-sliced image shown in Fig. 5-12 (color section). Similar logic was applied
to density slice the predawn Savannah River thermal infrared image [Fig. 5-13 (color
section)]. The temperature class intervals and associated lookup table values for the
Savannah River color density-sliced image are found in Table 5-3.

Because there are 9 bits available in this particular image processor memory
(Fig. 5-9), it is possible to allocate an additional 256 colors to the lookup table,
bringing the total to 512 (i.e,, 2° = 512). In this case element number 256 in the
table might be yellow, composed of equal proportions of red and green, and no
blue (e.g., 255, 255, 0) or element 257 could be cyan (0, 255, 255). Obviously, when
the 9 bits of refresh memory are exhausted, no additional colors or shades of gray
may be displayed at one time on the CRT screen.

Much more flexibility is provided when multiple 8-bit images can be stored
and evaluated all at one time (Ferns, 1984). For examgle, Fig. 5-14 depicts the
configuration of a 24-bit image processing system complete with three 8-bit banks
of image processor memory and three 8-bit color lookup tables, one for each image
plane. Thus three separate 8-bit images could be stored at full resolution in the image
processor memory (one in the red, one in the green, and one in the blue). Three
separate 8-bit digital-to-analog converters (DACs) in effect read the brightness value
of a pixel in each of the red, green, and blue image planes and transform this digital
value into an analog signal that may be used to modulate the intensity of the red,
green, and blue (RGB) tricolor guns on the face of the CRT screen. For example,
if pixel (1, 1) in the red image plane has a brightness value of 255, and pixel (1, 1)
in both the green and blue image planes have brightness values of 0, then a bright
red pixel (255, 0, 0) would be displayed at location (1, 1) on the CRT screen. More

TABLE 5-3 Class intervals and Color-Lookup-Tabie Values for Color Density Slicing
the Savannah River Thermal Infrared Image Shown in Fig. 5-13 (Color section)

Color-lookup- Apparent Brightness
table value temperature (°C) value
Class
interval Visual Red Green Blue Low value Upper value Low High
Color
1. Land Gray 127 127 127 -3.0 11.6 0 73
2. River Dark blue 0 0 120 11.8 122 74 76
ambient
3. +1°C Light blue 0 0 255 124 13.0 77 80
4. 1.2-2.8°C Green 0 255 0 13.2 14.8 81 89
5. 3.0-5.0°C Yellow 255 255 0 15.0 170 90 100
6. 5.2-10.0°C Orange 258 50 0 172 22.0 101 125
7. 10.2-20°C Red 255 0 0 22 320 126 176
8. >20°C White 255 255 255 322 48.0 176 255

Source: Jensen et al. (1983).
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i Figure 5-14 Components of a 24-bit digital image processing system. The image processor can

; store and continuously evalute up to three 8-bit remotely sensed images. Three 8-bit digital-to-
analog converters (DACs) scan the contents of the three 8-bit color lookup tables. The pixel color
displayed on the CRT screen will be just one possible combination (e.g., red = 225, 0,0) out of a
possible 16,777,216 colors that can be displayed at any time using the 24-bit image processing
system. ’

(e, 2** = 16,777,216). Obviously, this provides a much more complete palette of
colors to choose from, all of which may be displayed on the CRT at one time.
What has just been described is the fundamental basis behind the creation of color

i
i
|
'
lf than 16.7 million RGB color combinations may be produced using this configuration
|
i
‘ composites.
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If one wanted to display a black-and-white version of a single band of imagery
(e.g. band 4) using this configuration, it would be necessary to fill all three image
planes (RGB) with the same band 4 values in order to create a normal-looking black-
and-white image on the CRT screen.

False Color Composites

High color resolution becomes very important when producing color composites.
For example, if a false-color reflective-infrared thematic mapper image is to be dis-
played accurately, each 8-bit input image (green, red, and reflective infrared) must
be assigned 8 bits of blue, green, and red, respectively. In this case, the 24-bit system
with three 8-bit color lookup tables just described would provide a true-color rendition
of the exact color of each pixel on the screen, as discussed previously. This means
that if a pixel had a red brightness value of 150, a green value of 150, and a blue
value of O, the resultant yellow pixel on the screen would truly be a product of
these three brightness values. This is true additive color combining with no generaliza-
tion taking place. ‘

If on the other hand, the image processor had only 9 bits of color, each of
the green, red, and reflective-infrared bands of remotely sensed data could be allocated
only 3 bits of color [i.e., only eight shades of blue (2* = 8), eight shades of green,
and eight shades of red]. This would result in only 512 possible combinations of
colors displayable on the monitor at one time, when the data have the potential to
yield over 16.7 million color combinations. Therefore, there must be generalization
and loss of color visual detail. In fact, if the data are very low in contrast (i.e., the
data are compressed into a very narrow range of brightness values), it will be difficult
to produce a useful color composite. However, if the individual bands of imagery
are contrast stretched, a reasonable color composite might be attained despite the
obvious generalization.

A color infrared color composite of bands 2, 3, and 4 of the Charleston, S.C,
thematic mapper scene is displayed in Fig. 5-15 (color section). It was produced
using an image processing system with 15 bits of spectral resolution (i.e., 5 bits allocated
to the blue, green, and red lookup tables, respectively). This means that the green
band (2) brightness values were scaled down from O to 255 to values ranging from
0 to 31 as were the red (3) and reflective-infrared (4) bands. The 15-bit display
enables 2'5 possible color combinations (32,768) to be displayed on the color monitor
at one time out of a possible 16.7 million colors (22¢). Image processing systems
that can display 22 colors on the monitor at one time generally provide a very
effective color composite. Systems that display fewer colors (e.g., 9 or 12 bits) run
the risk of artificial contouring in the color composites, due simply to the extreme
generalization that the data must undergo.

In addition to color infrared color composites, it is possible to create other
false-color composites. For example, natural color displays of the terrain may be
created using exactly the same logic except that the image processor blue, green,
and red memory planes are filled with blue, green, and red brightness values. In
the case of the Landsat TM data, this would mean that brightness values found in
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bands 1, 2, and 3 would be placed in the image processor blue, green, and red refresh
memory. planes. But what about all the other three-band color composites that may
be produced from the same TM data? Besides trial-and-error visuial analysis, is there
no way quantitatively to identify which three bands should produce the optimum
color composite?

TABLE 5-4 Optimum Index
Facgo»rsg (OIF) for Six of the
Charléston, §.C., Thematic

‘Mappér Bands

1 1,45 271371
2 2,4,5 23.549
3 3,45 22599
4 L,56 120,785 -
s 1,4,6 20466
6 4,56 20.100
7 L35 19.009
B 1,25 18,657
9 1,34 - 18.241
10 2,56 18.164
1§ 2,35 17.920
12 3,56 17.840
13 1,24 17.682
14 2,46 17372
15 3, 4,6 17041
16 2,34 15.492
17 1,36 12.271
18 1,26 11.615
19 2,36 10.387
1,2,3 8.428

20

* Six bands combined three at a time

allows.20 combinations. The thermal

infrared band 7 (10.4 to 12.6 pm) was

_ motused.

® OIF is calculated using the equation
\ :

: 3 s
,2,'“’“(”)

where s is the standard deviation for

band k, and 5; is the absolute value

of the correlation coefficient between
+ any 'two of the three bands being used
(Chavez et al., 1982). For example,

10.054 15.76 + 23.85
- 0.394+0:56 +0.88

=21.137
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Chavez et al. (1982, 1984) developed an optimum index factor (OIF) that ranks
the 20 three-band combinations that may be made from six bands of TM data (not
including the thermal infrared band). The technique, however, is applicable to any
multispectral remote sensing data set. It is based on the amount of total variance
and correlation within and between various band combinations. The algorithm used
to compute the OIF for any subset of three bands is

3

> s
OIF = (5-7)
> Abs(ry)

=1

where s, is the standard deviation for band k, and r; is the absolute value of the
correlation coefficient between any two of the three bands being evaluated. The three-
band combination with the largest OIF generally will have the most information
(as measured by variance) with the least amount of duplication (as measured by
correlation). Combinations within two or three rankings of each other may produce
similar results. Application of the OIF criteria to the Charleston, S.C., thematic
mapper data set (excluding the thermal band) resulted in the 20 combinations summa-
rized in Table 5—4. Table 4-7 is the source of the standard deviations and between
band correlation coefficients. A three-band combination using bands 1, 4, and 5 should
provide the optimum color composite with bands 2, 4, and 5, and 3, 4, and 5 just
about as good. Generally, the best three-band combinations include one of the visible
bands (TM 1, 2, or 3) and one of the longer-wavelength infrared bands (TM 5 or
6) together with TM band 4. TM band 4 was present in five of the first six rankings.
Such information may be used to select the most useful bands for three-band color
composites. The analyst must then decide what color to assign each band (red, green,
or blue) in the color composite.

The only time a large color lookup table is absolutely necessary is when a
color composite must be produced. In most other cases, 8 bits (256 colors) are generally
sufficient for producing density-sliced brightness maps, land cover classification maps,
and so on. This is not surprising since most cartographers who produce computer
graphic maps get along quite well with a color palette of just 256 displayable colors
2. '

TRANSFORMING VIDEO DISPLAYS TO HARD-COPY
DISPLAYS

There are numerous instruments that will sample the image being displayed on a
video display and produce a permanent hard copy. Many of the “color camera’’-
type instruments literally have a black-and-white CRT display inside them which is
used to expose black-and-white or color film. Most are based on a simple three-
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pass exposure system, ‘where first the blue, then the grecn, and finally the red informa-
‘tion stored in the refresh memory are sequentially €xposed to the film. -
Other more sophisticated hard-copy instrumients are based on liglit-emitting
" diodes (LEDS) or:laser scanning ‘systems that very precisely “write” or €Xpose every
pixel onto photographic film by modulating the intensity of the light source in direct
proportion to the brightness value encountered in the image processor memory (Bruno,
1984). These “film writer” devices are capable of maintaining positional accuracy
in the hard copy down to a few micrometers. Such devices provide the most impressive
hard copy from video displays but are also expensive. Some instruments can both
“read” (digitize) and “write” (expose) photographic film (Fig. 2-4). Several hard-
copy devices capable of reproducing remotely sensed data displayed on a CRT are
summarized in Table 5-5.

TABLE 5;5 Hard-Copy Output Devices Capable of Reproducing
Remotely Sensed. Data Displayed on a CRT Screen

Hard-copy device Quality  Cost
Color film writer/plotter (e.g., Optronics, Dicomed ssas saeese
Black-and-white film writer/plotter - . seene sens
Color cameras (e.g., Matrix, Dunn, Modgmph) PON o8
Ink-jet printers L - s
Color dot matrix printers . "
Camera (35mm) screen photography T e .

Source: Ferns (1984).. .

They are listed in descending order of quality and cost. -
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Image Preprocessing

INTRODUCTION

The ideal or perfect remote sensing system has yet to be developed: Also, the terrain
is amazingly complex and does not lend itself well to bemg Tecorded by relatively
simplistic remote sensing devices that have constramts such as spatial spectral, tempo-
ral, and radlometnc resolutxon Consequently, error creeps mto the data acqulsmon

BRI

may have an 1mpact on the accuracy of subsequcnt human of machmc—ass1sted image
analysis. Therefore, it is usually neccssary to preprocess. the remotcly sensed data
prior to analyzing it to remove some of these errors.

Image restoration is concerned with the correction of dlstortlon, degradatlons,
and noise introduced during the imaging process (Moik, 1980). Image restoration
produces a corrected image that is as close as possible, both geometrically and radio-
metrically, to the radiant energy characteristics of the original scene (Estes et al.,
1983).

To correct the image data, internal and external errors must be determined.
Internal errors are created by the sensor itself. They are generally systematic (predicta-
ble) and stationary (consiant), and may be determined from prelaunch or in-flight
calibration measurements. External errors are due to platform perturbations and the
modulation of scene characteristics, which are variable in nature. Such unsystematic
errors may be determined by relating points on the ground (i.e., ground control
points) to sensor system measurements. Radiometric and geometric error are the
most common types of error encountered in remotely sensed imagery.

94
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RADIOMETRIC CORRECTION OF REMOTE SENSOR DATA

Multispectral scanning systems (MSS) such as those described in Chapter 2 require
calibration and data correction to provide the user with reliable sensor data. A most
important operation is to determine the relationship between the individual detector
output and the input scene radiance, and to correct the data for any detector malfunc-
tions or distortions.

Detector Response Error

Remote sensors use detectors that convert the sensed radiance into a voltage or bright-
ness value. The Landsat MSS has six detectors operable during each scan measuring
in four spectral regions, while the TM has 16 detectors functioning during each
scan measuring near- and middle-infrared energy in six spectral regions. There are
several detector anomalies that can arise, including line dropouts, striping, and/or
line start problems.

If one of the six detectors in the Landsat MSS or one of the 16 detectors in
the TM fails to function during a scan, this can result in a brightness value of zero
for every pixel, j, in a particular line, i. This is often called a line dropout and
may appear as a completely black line in the band, k, of imagery. Obviously, this
is a very serious condition. There is no way to restore data that were never acquired;
however, it is possiblz to improve the visual interpretability of the data by introducing
estimated brightness values for each bad scan line. The first problem is to locate
each bad line. A simple thresholding algorithm can flag any scan line having a mean
brightness value at or near zero. Once identified, it is then possible to evaluate the
output for a pixel in the preceding line (BV;-1,;.x) and succeeding line (BVi +1.5.x)
and assign the output pixel (BV; ;.x) in the “dropout” line the average of these
two brightness values:

BV -1.j.x +BV; +l.j.k) ©1)

BVijk = Illt( >

This is performed for every pixel in a bad scan line (Guindon, 1984). The result is
an image consisting of interpolated data every nth line that is much more visually
interpretable than one with horizontal black lines running systematically throughout
the entire image. The restoration method is also applicable to dropout lines that
occur randomly.

Sometimes, a detector does not fail completely, but simply goes out of adjustment
(e.g., provides readings perhaps twice as great as the other detectors for the same
band). This is often referred to as n-line striping or banding. The data are valid,
but should be corrected (or restored) to have the same general contrast as the other
detectors per scan. First, the bad scan lines must be identified in the scene. This is
usually accomplished by computing a histogram of the values for each of the n detec-
tors over a homogeneous area such as a body of water. If one detector’s mean or
median is significantly different from the others, it is probable that this detector is

0982 OFEK 06780



96 Image Preprocessing  Chap. 6

out of adjustment. It may require a bias (additive or subtractive) correction.or a
more severe gain (multiplicative) correction. Then the errors arising from the malad-
justed detector are not as noticeable.

Occasionally, scanning systems fail to collect data at the beginning of a scan
line. This is called a line start problem. Also, a detector may abruptly stop collecting
data somewhere along a scan and produce results similar to the line dropout discussed
previously. Ideally, when data are not collected the sensor system would be pro-
grammed to remember what was not collected and place any good data in their
proper location within the scan. Unfortunately, this is not always the case. For example,
the first pixel in band k, on line i (i.e., BV;,,x) might be improperly located at
column 50 (i.e., BV}, 50.x ). If the line start problem is always associated with a horizon-
tal bias of 50 columns, it is a simple horizontal adjustment. However, if the amount
of the line start displacement is random, it is very difficult to restore the data without
extensive human interaction on a line-by-line basis. A considerable number ‘of MSS
data collected by Landsats 2 and 3 have this problem. Data not recorded by the
detectors can never be restored.

Atmospheric Effects

There is really no such thing as atmospheric “error” in remotely sensed data. The
energy emanating from the sky and recorded by the sensor is a true signal even
when it completely destroys our ability to measure the spectral reflectance patterns

8- 1.1am)

(.8 - 7.m)

50 1 1 1 I A 4 A 1 50 4 A 3 I A 1 L -1
80" B0* 70 60° 50° 400 30° 200 10° 80* 80* 70° 60 50° 40° 30* 3200  10°
Sun elevation angle #) Sun elevation angle )

Figure 6-1 (a) Effects of molecular (Rayleigh) scattering and sun angle on incident radiation
transmitted to the earth’s surface; (b) effects of aerosol (Mie) scattering and ‘sun angle on radiation
transmitted to the earth’s surface. (From Taranik, 1978.)
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of the terrain. Nevertheless, we often consider the deleterious effects of atmospheric
scattering and absorption as being sources of error that can minimize our ability to
extract useful terrain information from remotely sensed data.

Solar radiation is largely unaffected as it travels through the vacuum of space.
However, when it interacts with the earth’s atmosphere it is selectively scattered
and absorbed. This introduces external (unsystematic) radiometric distortion into
remotely sensed data. For Landsat MSS data, the atmospheric scattering of green
(band 4) wavelength energy is four times greater than the scattering of infrared (band
6) radiation (Fig. 6-1). Atmospheric absorption by water vapor and other gases in
the atmosphere mostly affects radiation of wavelengths longer than 0.8 pm, especially
MSS band 7 (Fig. 6-2). Thus atmospheric scattering adds brightness, whereas atmos-
pheric absorption subtracts brightness from landscape spectral measurements (Fig.
6-3). The effect of the atmosphere on spectral brightness creates problems when
trying to compare in situ measurements of spectral response and MSS spectral measure-
ments for the same geographic area. It can also effect classification accuracy. Fortu-
nately, it is possible to apply atmospheric scattering adjustments to the MSS or TM
data to minimize some of these effects. Two techniques will be discussed which are
based primarily on the fact that infrared data > 0.7 pm) are largely free of atmospheric
scattering effects, whereas the visible region (0.4 to 0.7 pm) is strongly influenced
by them (Taranik, 1978).

Histogram adjustment. This involves evaluating the histograms of the
various bands of remotely sensed data of the desired scene. Normally, the data collected
in the visible wavelengths (e.g., TM bands 1 to 3) have a higher minimum value
because of the increased atmospheric scattering taking place in these wavelengths.
For example, in the data shown in Fig. 64, the TM band 1 data have a minimum
of 51 and a maximum of 242. Conversely, atmospheric absorption subtracts brightness
from the data recorded in the longer wavelength intervals [e.g., TM bands 4, 5,

100

Wuua n D

- Figure 6-2 Effects of atmospheric water
vapor absorption on radiation transmitted

.w ; : ; : : : ;nL: 1:) to the carth’s surface. (From Taranik,
Precipitable Water fom) 1978.)
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Figure 6-3 Combined effects of scattering and absorption on the brightness values (BV) eventually
produced by the Landsat MSS sensor system. (From Taranik, 1978.)

and 6 (band 6 in our discussion is 2.08 to 2.35 pm)]. This effect commonly causes
data from the infrared bands to have minimums close to zero, even when no objects
in the scene truly have a reflectance of zero (Fig. 6-4).-

If the histograms in Fig. 64 are shifted to the left so that zero values appear
in the data, the effects of atmospheric scattering ‘will be somewhat minimized. This
simple algorithm models the first-order effects of atmospheric scattering, or “haze.”
It is based on a subtractive bias established for each spectral band. The bias is deter-
mined by evaluating the original histograms discussed previously. The atmospheric-
effects correction algorithm is defined as

output BV; ; . =input BV; ; x — bias (6-2)
where  input BV; ; x = input pixel value at line i and column j of band k *
output BV ; x = corrected pixel value at the same location 2

In our example, the appropriate bias was determined for each of the histograms
in Fig. 64 and subtracted from the data. The histograms of the corrected data are
displayed in Fig. 6-5. It was not necessary to adjust bands 5 and 6 for first-order
atmospheric effects because they originally had minimums of zero.

Regression adjustment. This atmospheric (haze) correction technique re-

quires that the analyst identify an area in an image either in shadow or in homogeneous

. deep, nonturbid water. The pixel brightness values for this area are then extracted
from each of the bands of digital data under investigation. Then, for each pixel in
the area, the brightness values of a visible band (e.g., TM band 1) are plotted against
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Figure 6-4 Original histograms of six bands of the Charleston, S.C., thematic mapper
scene. Atmospheric scattering in the visible regions has increased the minimum bright-
ness values in bands 1, 2, and 3. Generally, the shorter the wavelengths sensed by
cach band, the greater the offset from a brightness value of zetro.
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Figure 6-5 Result of applying a simple histogram adjustment atmospheric scattering
correction to the data shown in Fig. 6-4. Only the first four thematic mapper bands
required the adjustment. This method does not correct for atmospheric absorption.
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the corresponding values found at the same location in an infrared band (e.g., TM
band 6). For example, 25 pixels of open water were extracted from TM band 1 and
TM band 6. The data were plotted as a scattergram in Fig. 6-6. A straight line
was then “fit” through the distribution using a least-squares technique. If no haze
or atmospheric scattering exists, the line would be expected to pass through the
origin of the distribution. However, this is rarely the case. Instead, the line usually
intersects the x-axis (in this case the TM band 1 axis at a brightness value of 48).
This x-intercept represents the amount of bias caused by atmospheric scattering. It
is the amount that should be subtracted from all the original data in TM band 1
for this scene. Data from each of the other bands are then plotted against the band
6 data in a similar fashion to derive their offset values. This technique requires many
more passes through the digital data than when using the histogram adjustment
method discussed previously. There is no guarantee that it will provide superior results.

The subtraction of a bias or offset as described in these two techniques results
in an image that is low in contrast. Therefore, these techniques are rarely employed
without also using a gain (i.e., multiplicative) adjustment to the new brightness values.
This amounts to first subtracting a bias from each BV and then multiplying the
resulting BV by a constant (gain) to expand the values to fill the entire dynamic
range of the output device. This is a form of linear contrast stretching (discussed in
Chapter 7). It improves the visual interpretability of the atmospherically corrected
remotely sensed data.

The atmospheric corrections discussed here deal only with simple haze correc-
tions. Adjustments for atmospheric absorption are difficult to determine because at-
mospheric absorption is largely a function of water vapor in the atmosphere. The

192r

Figure 6-6 Atmospheric haze correction
based on a linear regression of TM band
1 and TM band 6 brightness values found
in an area of deep, nonturbid open water.
The x-intercept (a value of 48) is the
amount of bias that should be subtracted
from each brightness value in TM band 1
of this data set to adjust for atmospheric
scattering.

8
&

Brightness Values in TM Band 6
2

128 52
Brightness Values in TM Band 1
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amount of water vapor may be variable from scene to scene, but can be modeled
for one scene. if sufficient weather station data are available on total precipitable
water for the date and time that the MSS:data are acquired. Even then, much more
sophisticated models must be employed, such as those summarized in Turner (1978),
Mekler and Kaufman (1980), and Jackson et al. (1983).

GEOMETRIC CORRECTION OF REMOTE SENSOR DATA

: Remotely sensed data usually contain both systematic and nonsystematic geometric
errors. Some of the more important sources are summarized in Table 6-1 (Bernstein
and Ferneyhough, 1975; Bernstein, 1983). These errors may be divided into two
classes: those that can be corrected using data from platform ephemeris and knowledge
of internal sensor distortion, and those that cannot be corrected with acceptable
accuracy without a sufficient number of ground control points. A ground control
point (GCP) is a point on the surface of the earth where both image coordinates

TABLE 6-1 Sources of image Geometry Errors in Landsat MSS and TM Data

Systematic distortions

Scan skew: Caused by the forward motion of the platform during the time required for each
mirror sweep. The ground swath is not normal to the ground track but is slightly skewed, producing
cross-scan geometric distortion.

Mirror scan. velocity: The MSS mirror scanning rate is usuaily not constant across a given
scan, producing along-scan geometric distortion.

Panoramic distortion: The ground area imaged is proportional to the tangent of the scan angle
rather than to the angle itsclf. Because data are sampled at regular intervals, this produces along-
scan distortion.

Platform velocity: If the speed of the platform changes, the ground track covered by successive
mirror scans changes, producing along-track scale distortion. B

Earth rotation: The carth rotates as the MSS scans the terrain. This results in a shift of the
ground swath being scanned, causing along-scan distortion. ;

Perspective: For somé applications it is desirable to have the MSS images represent the projection
of points on the earth upon a planc tangent to the earth with all projection fines normal to the
planc. This introduces along-scan distortion. ;

, Nonsystematic distortions
Altitude: If the MSS platform departs from its normal altitude, this produces changes in scale.

Attitude: One sensor system axis is usually maintained normal to the earth’s surface and the
other parallel to the spacecraft’s direction of travel. If the sensor surface departs from this attitude,
geometric distortion results. o :

Source: Bernstein and Ferneyhough (1975); Bernstein (1983).
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(measured in rows and columns) and map coordinates (measured in degrees of latitude
and longitude, feet, or meters) can be identified. Those geometric distortions that
can be corrected through analysis of sensor characteristics and ephemeris include
scan skew, mirror-scan velocity nonlinearities, panoramic distortion, spacecraft veloc-
ity, and perspective geometry (including earth curvature). Those that can be corrected
only through the use of GCPs are sensor system attitude (roll, pitch, and yaw) and/
or altitude (Bernstein, 1983).

Most of the digital Landsat MSS data acquired through the EOSAT Company
have already had systematic error removed by the Master Data Processor at the
NASA Goddard Space Flight Center (NASA, 1979; Billingsley, 1983). Unless other-
wise processed, however, the unsystematic error remains in the image, making it
nonplanimetric. This section focuses on the two geometric corrections most often
used by earth scientists to make the digital remote sensor data truly useful; geometric
rectification and geometric registration.

Rectification is the process by which the gcometry of an image area iz made
planimetric (Haralick, 1973). It may not, however, remove distortion caused by topo-
graphic relief displacement in images. The process almost always involves relating
GCP pixel coordinates (row and column) with their map coordinate counterparts
(e.g., meters in northing and easting in a transverse Mercator map projection). This
is the most precise geometric correction since each pixel can be referenced not only
by its row and column in a matrix after rectification is completed, but it is also
rigorously referenced in degrees, feet, or meters in a standard map projection. When-
ever accurate area, direction, and distance measurements are required, geometric
rectification is required. This is often referred to as an image-to-map rectification.

Conversely, there may be times when such geometric precision is not necessary.
For example, one might want simply to compare two images obtained at different
dates to see if any change has taken place in them. Certainly, it is possible to rectify
both of the images to a standard map projection and then evaluate them (and this
is often done), but this may not be necessary. Instead, image registration might be
applied, which is the translation and rotation alignment process by which two images
of like geometries and of the same set of objects are positioned concident with respect
to one another so that corresponding elements of the same ground area appear in
the same place on the registered images (Haralick, 1973). This is often called image-
to-image registration.

The same general image processing principles are used in both image rectification
and image registration. The difference is that in image rectification the reference is
a map in a standard map projection, whereas in image registration the reference is
another image. It should be obvious that if an image is used as the reference base
(rather than a map), any other image registered to it will inherit the geometric errors
existing in the reference image. Because of this characteristic, most serious earth
science remote sensing research is based on analysis of data that have been rectified
to a map base. Therefore, this discussion will focus on image rectification.
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Geometric Rectification

Two basic operations must be performed in order to geometrically rectify a remotely
sensed image to a map coordinate system (Green, 1983):

1. The geometric relationship between the input pixel location (row and column)
and the associated map coordinate of this same point (x, y) must be identified.
This will establish the nature of the geometric coordinate transformation
that must be applied to rectify or relocate every pixel in the original input
image (x*, y') to its proper position in the rectified output image (x, y).
This process is called spatial interpolation.

2. Pixel brightness values must be determined. Unfortunately, there is not a
direct one-to-one relationship between the movement of input pixel values
to output pixel locations. It will be shown that oftén a pixel in the rectified
output image requires a value from the input pixel grid that does not- fall
neatly on a row-and-column coordinate. When this occurs there must be
some mechanism for determining the brightness value (BV) to be assigned
to the new rectified pixel. This process is called intensity interpolation.

Spatial interpolation using coordinate transformations. As dis-
: cussed earlier, some distortions in MSS data may be removed or mitigated using
i techniques that model systematic orbital and sensor characteristics. Unfortunately,
1 this does not remove error produced by changes in attitude (roll, pitch, and yaw)
or altitude. Such errors are generally unsystematic and are best removed by identifying
ground control points (GCPs) in the original imagery and on the reference map
and then mathematically modeling the geometric distortion present. This procedure
generally requires that polynominal equations be fit to the control point data using
least-squares criteria to model the corrections directly in the image domain without
explicitly identifying the source of the distortion. For moderate distortions in a rela-
tively small area of an image (e.g., a quarter of a Landsat or TM scene), a Six-
parameter affine transformation is sufficient to rectify the imagery to a geographic
frame of reference.

This type of transformation can model six kinds of distortion in the remote
sensor data, including: translation in x and y, scale changes in x and y, skew, and
rotation (Billingsley, 1983). When all six operations are combined into a single expres-
sion, it becomes

x' =ao+ax +azy
(6-3)
y' =bo+b1x +b2y

where x and y are positions in the output-rectified image or map, and x' and y'
represent corresponding positions in the original input image.

By the use of these six coordinate transform coefficients that model distortions
in the original scene, it is then possible to transfer (relocate) pixel values from the
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original distorted image x’, y” to the grid of the rectified output image, x, y. However,
before applying the rectification to the entire set of data, it is important to determine
how well the six cocfficients derived from the least-squares regression of the initial
GCPs accounts for the geometric distortion in the input image. The method used
most often involves computation of the root mean square error (RMSerror) for each
of the ground control points.

Let us consider for a moment the nature of the GCP data. We first identify a
point in the image, such as a street intersection. Its original column and row coordinates
in the original image we will call Xorg and Yoris. The x, y position of the same
road intersection is then measured from the reference map in degrees, feet, or meters.
These two sets of GCP coordinates and many others selected by the analyst are
used to compute the six coefficients discussed in equation (6-3). Now, if we were to
input the map x and y values for the first GCP back into equation (6-3) with all
the coefficients in place, we would get computed x* and y’ values that are supposed
to be the location of this point in thc image space. Ideally, x’ would equal xong
and y’ would equal yong. Unfortunately, this is rarely the case. Any discrepancy
between the values represents image geometric distortion not corrected for by the
six-coefficient coordinate transformation.

A simple way to measure such distortion is by computing the RMSerror for
each control point using the equation

RMSerror = V(X' — Xorte)? + (9" — Yorie)* 64

where Xong and Yong are the original row and column coordinates of the GCP in
' the image, and x’ and y’ are the computed or estimated coordinates in the original
image. The square root of the squared deviations represents a measure of the accuracy
of this GCP in the image. By computing RMSerror for all GCPs, it is possible (1)
to see which GCPs exhibit the greatest error, and (2) to sum all the RMS,rror-
Normally, the user specifies a certain amount (a threshold) of acceptable total
RMS error. If an evaluation of the total RMSerror reveals that a given set of control
points exceeds this threshold, it is common practice to (1) delete from the analysis
the GCP that has the greatest amount of individual error, (2) recompute the six
coefficients, and (3) recompute the RMSeror for all points. This process continues
until one of the following occurs: the total RMSerror is less than the threshold specified,
or too few points remain to perform a least-squares regression to compute the coeffi-
cients. Once the acceptable RMS,or is reached, one can proceed to the intensity
interpolation phase of geometric rectification, which attempts to fill an output grid
(x, ) with brightness values found within the original input grid (x’, y")-

Intensity interpolation. This process involves the extraction of a brightness
value from an x’, y' location in the original (distorted) input image and its relocation
to the appropriate x, y coordinate location in the rectified output image. This *“pixel
filling” logic may be used to produce the output image line by line, column by column
(Castleman, 1978). Most of the time, the x’ and y’ coordinates to be sampled in
the input image are real numbers (i.c., they are not integers). For example, in Fig.
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| B X

Original Input Image Rectified Output Image
Figure 6-7 This diagram illustrates how the rectified output grid (X, Y) is filled with brightness
values from the geometrically distorted input grid (X', Y’). In particular, we are trying to fill
pixel 5, 4 in the output grid with' a valuc from the appropriate location in the input grid. The
appropriate location is computed using equation (6-3) with the six necessary cocfficients and a
value of § for the X value and a value of 4 for the Y value in the output image. The equation
then compiites the X", ¥* coordinates of the location in the original image to obtain the appropriate
brightness-value, The location in this example is2:4;:2.7. Because these coordinates are not integers,
it is necessary ‘to use an intensity interpolation technique to compuite the exact brightuess value
to be placed in X, Y location 5, 4 of the rectified image.

6-7 we see that pixel 5, 4 (x, y):in:the output image is to be “filled”  with the
value from coordinates. 2.4, 2.7 (x'; /)-in the input image. When this occurs, there
are several methods of brightness value (BV) interpolation that can be applied, includ-
ing nearest-neighbor; bilinear interpolation, and cubic convolution. The practice of
brightness value interpolation is commonly referred to.as resampling..

In zero-order, or nearest-neighbor interpolation, the brightness value of the
pixel closest to the x', y’ coordinate specified is assigned to the output x, y coordinate.
For example, in Fig. 6-7; the output pixel 5, 4 (x,.y) requests the brightness value
in the original input image at location 2.4, 2.7 (x’, y°). There is no value at this
location; however, there are nearby values at the integer grid intersections. A nearest-
neighbor rule wonld assign:the output pixel (x, y) the value of 15, which is the
value found at the nearest input pixel. . ST

This is a computationally efficient procedure. It is especially liked by earth
scientists because it does not:alter the pixel brightness values. during resampling. It
is often the very subtle changes in brightness value that make all the difference when
discriminating between one type of vegetation versus another, an edge associated
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with a geologic lineament, or different levels of turbidity or temperature in a lake.
Other interpolation techniques to be discussed use averages to compute the output
intensity value, often removing valuable spectral information.

First-order, or bilinear interpolation assigns output pixel values by interpolating
brightness values in two orthogonal directions in the input image. It basically fits a
plane to the four pixel values nearest the desired position (x’, ') in the input image
and then computes a new brightness value based on the weighted distances to these
points. For example, the distances from the requested x’, y’ position at 2.4, 2.7 in
the input image in Fig. 6~7 to the closest four input pixel coordinates (2,2; 3,2; 2,3;
3,3) are computed in Table 6-2. The closer a pixel is to the desired x’, y* location,
the more weight it will have in the final computation of the average. The weighted
average of the new brightness value (B¥ ) is computed according to the equation

S (Ze/D})
BV gy =T (6-5)
2 (1/D§)

k=1

A

where Zy are the surrounding four data point values, and D% are the distances squared
from the point in question (x’, y") to these data points. In our example, the weighted
average of BV, is 13.54 (truncated to 13), as shown in Table 6-2. The average
without weighting is 12. In many respects this method acts as a spatial moving filter
that subdues extremes in brightness value throughout the output image. The method
is also more computationally demanding than the nearest-neighbor method.

Cubic convolution resampling assigns values to output pixels in much the same
manner as bilinear interpolation, except that the weighted values of 16 input pixels
surrounding the location of the desired x’, y’ pixel are used to determine the value
of the output pixel.

Implementation. To appreciate digital image rectification, it is useful to
demonstrate the logic by applying it to a real data set, such as the Charleston, S.C.,

TABLE 6-2 Bilinear Interpolation of a Weighted Brightness Value (BV,,) at Location
x', y’ Based on the Analysis of Four Sample Points in Fig. 6-7

Sample point Value at Distance from
location sample point, x’, y' to the

column row z sample point D b} Z/D} 1/D}
2,2 9 0.806 0.65 13.85 1.530
3,2 6 0922 0.85 7.05 1.176
2,3 15 0.500 0.25 60.00 4.000
3,3 18 0.670 0.45 40.00 2.222
= 120.90 38928

BV =12090/8.928 = 13.54
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thematic mapper image. In doing so we are concerned with the rectification of the
remotely sensed data to a map (i.e., an image-to-map rectification). Obviously, the
type of map and its associated projection are important parameters and must be
carefully selected.

There are several types of map projections to be considered in this context.
On an equivalent (equal-area) map projection, a circle of diameter n drawn at any

- location on the map will encompass exactly .the same total geographic area. This
characteristic is useful if the scientist is interested in comparing land-use area, density,
and so on. Unfortunately, to maintain the equal-area attribute, the shapes, angles,
and scale in parts of the map may be distorted.

Conversely, a conformal map projection maintains correct shape and distance
around a given point on the map. Because angles at each point are correct on conformal
maps, the scale in every direction around any point is constant. This allows the
analyst to measure distarice and direction between relatively near points with good
precision. For our purposes, this means that for image areas covering a few contiguous
7.5-minute quadrangle sheets, accurate spatial measurement is possible if the data
are rectified to a conformal map projection.

One of the most often used projections for rectifying remotely sensed data is
the transverse Mercator projection. It is made from a normal Mercator projection
by rotating the cylinder (the developable surface) so that it lies tangent along a merid-
ian. The central meridians, the equator, and each line 90° from the central meridian
are straight lines (Fig. 6-8). The central meridian normally has a constant scale.
Any lines parallel to the central meridian are lines of constant scale. The universal
transverse Mercator projection often used by the USGS in their topographic mapping
program has a central scale factor of 0.9996 and is composed of 60 zones, each 6°
of longitude wide, with a central meridian placed every sixth meridian beginning
with 177° west.

In our example, the Charleston, S.C., 7.5-minute quadrangle (photorevised 1979)
was selected as the appropriate base map with which to rectify the TM data (Fig.
6-9). It lies in UTM zone 17 and has a 1000-m UTM grid overlay. Twenty ground
control points were located on the map (Fig. 6-9) and the UTM easting and northing
of each point were identified (Table 6-3). The same 20 GCPs were then identified
in the TM data according to their row and column coordinates (also in Table 6-3).

i The GCPs should normally be located throughout the region to be rectified and

; not congested into one small area simply because there are more easily identifiable

|

SR o

points in that area.
The 20 GCPs were input to the least-squares regression procedure previously
discussed to identify (1) the coefficients of the coordinate transformation, and (2)
the individual and total RMS,,, associated with the GCPs. A threshold of 0.5 was
not satisfied until 13 GCPs were deleted from the analysis. The order in which the
13 GCPs were deleted and the total RMS, ., found after each deletion is summarized
in Table 6-3. The seven GCPs finally selected that produced an acceptable RMS,rror
are shown in Table 6-4. GCP 11 would have been the next point deleted if the
- threshold had not been satisfied. The six coefficients derived from the seven suitable
GCPs are found in Table 6-5.

s e e e e e e
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Figure 6-8 Universal transverse Mercator (UTM) grid zone with associated parameters. This
projection is often used when rectifying remote sensor data to a base map. It is found on U.S.
Geological Survey 7.5-minute and 15-minute quadrangles.

It is instructive at this point to demonstrate how the six coefficients are computed.
This is done using only the final seven GCPs since these represent the set that produced
an acceptable RMSerror of < 0.50. Remember, however, that this same operation
was performed with 20 points, then 19, and so on, before arriving at just seven
acceptable points.

A least-squares multiple regression approach may be used to compute the coeffi-
cients. Two equations are necessary. One equation computes the image y’ coordinate
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Figure 6-9 Redu;:ed version of the Charleston, S8.C., 7.5-minute quadrangle. The UTM coordinates
’ and 19-of the 20 ground control points (GCPs) used to rectify the Charleston thematic mapper
scene are displayed.

|

|

' (the dependent variable) as a function of the x and y map coordinates (representing
two independent variables). The second computes the image x’ coordinates as a func-
tion of the same map (x, y) coordinates. Three coefficients are determined using

each algorithm. The mathematics for computing the column coordinates (x’) in the

image will now be presented.

Y = cither the x or y’ location in the image, depending on which is being evaluated;
in: this example it will represent the x’ values’

i j X1 = easting coordinate (x) of the map GCP

I X2 = northing coordinate (y) of the map GCP.

1 4

’ . Multiple regression coefficients computation. First, we will let
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TABLE 6-3 Characteristics of Twenty Ground Control Points Used to Rectify the
Charleston, $.C., Thematic Mapper Scene

_ Order of Easting Northing Total RMSerree
Point points on map, on map, after this
number deleted® X, X, X' pixel Y’ pixel point deleted

1 12 597,120 3,627,050 150 185 0.501

2 9 597,680 - 3,627,800 166 165 0.663
3 Kept 598,285 3,627,280 191 180 —
4 Kept 595,650 3,627,730 98 179 —

5 2 596,750 3,625,600 123 252 6.569

: : 6 13 597,830 3,624,820 192 294 0435
' 7 Kept 596,250 3,624,380 137 293 —
8 Kept 602,200 3,628,530 318 115 -—
: 9 Kept 600,350 3,629,730 248 83 _

b 10 5 600,680 3,629,340 259 93 1.291
H 1 Kept 600,440 3,628,860 255 113 —

é 12 10 599,150 3,626,990 221 186 0.601

13 8 600,300 3,626,030 266 21 0.742

14 6 598,840 3,626,460 211 205 1.113

15 3 598,940 3,623,430 214 295 4713
16 Kept 600,540 3,626,450 272 196 —_

17 4 596,985 3,629,350 134 123 1.950

18 7 596,035 3,627,880 109 174 0.881

19 11 600,995 3,630,000 269 71 0.566

20 1 601,700 3,632,580 283 12 8.542

Total RMSerror With all 20 GCPs used:  11.016

* For example, GCP 20 was the first point deleted. After it was deleted the tohl RMS,ror dropped from 11.016 to
8.542. Point 5 was the sccond point deleted. After it was deleted the total RMS.ror dropped from 8.542 to 6.569.

TABLE 6-4 Information concerning the Final Seven Ground Control Points Used to
Rectify the Charleston, S.C., Thematic Mapper Scene

Adjusted Adjusted
Point Easting easting Northing northing Ye
number on map Xt on map Xs® X' pixel, Y’ pixel
3 598,285 2635 3,627,280 2900 191 180
4 595,650 0 3,627,730 3350 98 179
7 596,250 600 3,624,380 0 137 293
8 602,200 6550 3,628,530 4150 318 115
9 600,350 4700 3,629,730 5350 248 83
1 600,440 4790 3,628,860 4480 255 113
16 600,540 _4890 3,626,450 _2070 272 _196
24165 22300 1519 1159
Minimum Minimum
= 595,650 = 3,624,380

* Adjusted easting values (X,) used in the least-squares computation of cocfficients. This is an independent variable.
» Adjusted northing values (X3) used in the lcast-squares computation of coefficients. This is an independent variable.
< The dependent variable (¥) discussed in the text. In this example it was used to predict the X' pixel location.

111
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TABLE 6-5 Coefficients Used to Rectify the Charleston, S.C., Thematic
Mapper Scene

x'=—3820783+  0.034187x + (~0.005481)y
y'= 130162 +(—0.005576)x + (—0.349150)y

where x and y are map coordinates, and x’ and y’ are predicted image coordinates

It is practical to use X; and X instead of x and y to simplify mathematical notation.

The seven coordinates used in the computation of the coefficients are shown
in Table 6-4. Notice that the independent variables (X, and X3) have been adjusted
(adjusted value = original value — minimum value) so that the sums of squares or
sums of products do not become so large that they overwhelm the precision of the
computation in the CPU being used. Note for example, that most of the original
northing UTM measurements associated with the map GCPs are already in the range
of 3 million meters. The minimums subtracted in Table 6-4 are added back into
the analysis at the final stage of coefficient computation. Below are the mathematics
necessary to compute the coefficients. It is technical but should be of value to those
interested in the fundamental principles of how to compute the coefficients used in
equation (6-3).

I. Find (X7X) and (X7Y) in deviation form:
n =7, the number of control points used

A. First compute:

n n n
SY=1519 T Xy=24165 3 Xz =22300
=] =1 o)

Y=217 X, =3452.1428 X, =3185.7142

n n n
2 Yi=366491 ¥ X} =119,151,925 T X% =89,832,800

i=1 i=1 i=1

n n n
Y XuY; =6,385515 3 XaY;=5234,140 ¥ X, X5 =91,550,500

§=1 i=] i=1

B. Compute sums of squares

n 1 n 2 . 1.
LIXi——(3 Xu) = 119,151,925——7-(24,165)=l
=1

im=1 n
= 35,730,896.4285

n

1/ 2
2. 2 Xﬁ —_—— ( 2 Xa) = 89,832,800 1 (22,300)2
i=1 n \j=3 7
= 18,791,373.7142
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3.3 XuXa =, (:2 Xn) (‘gXu)

i=1 =1

= 91,550,500 ——% (24,165)(22,300) = 14,567,714.2857

where

(XTX) = { 5,730,896.4285 14,567,714_.2857}
14,567,714.2857 18,791,373.7142

4. Covariance between Y and X,;:

» 1
E XuYi—— ( > Xn) (‘2 Yi) = 6,385,515 —7(24,165)(1519)
i=1 § =1 =) .
=1,141,710
5. Covariance between Y and Xz

n
2 XaY¥i —~ (2 xﬁ) 3 Y,) = 5,234,140—_1,(22,300)(1519)
il =]
= 395,040

where

&Y= {1,141,710}

395,040
II. Find the inverse of (X7X) = (X"X)™L.
A. First, find the determinant of the 2 X 2 matrix:

|XTX| = (35,730,896.4285)(18,791,373.7142) — (14,567,714.2857)*
= 459,214,334,417,386.5

B. Determine adjoint matrix of (X7X), where adjoint equals the transpose
of the cofactor matrix:

Adic t‘=[ 18,791,373.7142 —-14,567,714.2857}
jom —14,567,714.2857  35,730,896.4285
* Note that if

ab ol [ d b
"‘{cd}' then 4™ = dctA[ a]

C. Get (X7X)~! by multiplying the adjoint of (X"X) by the det (X™X)
under 1.

1
A
(@7X) (459,214,334,417,386.5)

{ 18,791,373.7142 —14,567,714.2857}
—14,567,714.2857  35,730,896.4285

1000
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={ 0.000000041 —ofooqoooosz}
—0.000000032 0000000078
III. Now compute coefficients, using a'.‘/ff-‘l(XTX)“l(XT Y).
A { 0.000000041" —0.000_00003"2}". {1,141,110]
" 1-0.000000032  0.000000078) | 395,040

_a,=( 0.000000041)(1,141,710) + (—0.000000032)(395,040)
a5 = (—0.000000032)(1,141,710) + (' 0.000000078)(395,040)

= 0.0341877
= —0.0054810

; o2 |
B. Now compute ao, the intercept from ao = Y -f('})*' aX: ) {The mini-
A ; \i&

mums of X; and X, (595,650 and 3,624,380, respectively) must be
accounted for here. See Table 6-4] =~ .. .. .- =

ao =217 — [(0.0341877)(3452.1428 -+ 595,650)
» + (—0.0054810)(3185.7142 + 3,624,380)] = 7-382.0783091

Therefore, the equation becomes
Y =—382.0783091 -+ 0.0341877X, + (—0.0054810)X ;

Because we actually evaluatéd the dependent variable x’, this becomes
x' =—382.0783091 + 0.0341877x + (~0.0054810)y

with x and y representing the map coordinates, and x’ being the predicted column
coordinate in the input image. SRR o '

Similar procedures are required to compute the other three coefficients for the
row.(y") location in the input image. This would requite inserting the seven y* pixel
values in the equation in Table 64 instead of the x’ pixel values just used. The X,
and X, values associated with the x, y coordinates of the map remain the same.

With the coefficienits established, it was necessary to (1) identify the UTM coordi-
nates of the area on the map to be rectified, (2) select the type of resampling to be
performed (e.g., nearest-neighbor, bilinear, or cubic convolution), and (3) specify the
desired output pixel size. The northwesternmost coordinate was N(3,630,000),
E(595,000) and the southeasternmost coordinate was N(3,624,000), E(603,000). A

. nearest-neighbor resampling algorithm was selected with a desired output pixel dimen-
sion grid of 30X 30 m. Obviously, the finer the dimension of the output grid, the
greater the number of computations required to fill it. Normally, the size of the
pixel is made square (e.g., 30 X 30; 50 X 50; 80 X 80) to facilitate scaling considerations
when the rectified data are displayed on CRTs, film writers, plotters, and so on.

Because the data-are rectified to the USGS Charleston, S.C., 7.5-minute quadran-

-gle; it is ‘posssible to route the remotely sensed data to a plotter or printer and
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have them precisely overlay the 1:24,000 scale map (assuming that proper scaling
adjustments are made). The capability to overlay the rectified image data onto map
data is very important in many image analysis applications because Landsat MSS
images at 57 X 79 m spatial resolution and TM images at 30 X 30 m spatial resolution
are still relatively coarse, making it very difficult to orient within a scene.

The geometric rectification process described here represents the most fundamen-
tal approach. More sophisticated methods do exist. For example, Friedman et al.
(1983) used improved resampling techniques to rectify Landsat imagery. They suggest
that their technique requires only four ground control points (GCPs) to rectify up
to 10 Landsat scenes. Others have incorporated digital elevation models (DEMs) as
an additional image file to improve both image rectification and classification (Seidel
et al., 1983; Naraghi et al., 1983). Furthermore, multiple Landsat scemes can now
be mosaicked together by simultaneously map projecting the remotely sensed data
while adjusting the edges of the frame so that no radiometric or geometric seams
are present (Zobrist et al., 1983).
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7

Image Enhancement

INTRODUCTION

Image enhancement algorithms are applied to remotely sensed data to improve the
appearance of an image for human visual analysis, or occasionally for subsequent
machine analysis. There is no such thing as the ideal or best image enhancement
because the results are ultimately evaluated by human beings who make subjective
judgments as to whether a given image enhancement is useful. This chapter identifies
a variety of point and local image enhancement techniques which have proven of
value for visual analysis of remote sensor data and/or subsequent machine analysis.
Point operations modify the brightness values of each pixel in an image data set
independently. Local operations modify the value of each pixel in the context of
the brightness values surrounding it.

IMAGE REDUCTION AND MAGNIFICATION
Image Reduction

In the early stages of remote sensing research or educational projects it is often
necessary to view the entire image in order to locate the row and column coordinates
of a subimage (or multiple subimages) which encompass the study area. Most image
processing systems can display only < 512 X 512 pixels at one time; therefore, it is
desirable to have some relatively simple procedure for reducing the original image
data set down to one or a few manageable images. To reduce a digital image to

117
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118 Image Enhancement  Chap. 7

just 1/m? of the original data, every mth row and mth column of the imagery are
systematically selected and displayed. For example, consider a Landsat MSS image
composed of 2340 rows by 3240 columns. If only every other row and every other
column (i.e., m = 2) were selected for a single band, the entire scene could be
displayed as a sampled image consisting of just 1170 rows by 1620 columns. This
reduced data set would contain only one-fourth (25%) of the pixels found in the
Original scene. The logic associated with such a reduction is shown diagrammatically
in Fig. 7-1. It is possible to sample the rows and columns with unequal integer
values (e.g., sample very second row and every: thirdcolumn) -This produces skewed
displays that are often difficult to interpret. Therefore, to maintain geometric relation-
ships it is usual practice to sample the rows and columns with the same integer
value, m. -
Most image processing systems cannot display an image that is 1170 X 1620
pixels in dimension as described in the previous example. Therefore, it is often necessary
to sample the remotely sensed data intensively. For example, consider the original
Charleston, S.C., thematic mapper scene that consists of 5940 rows by 6960 columns
per band. The Charleston TM band 4 image displayed in Fig. 7-2 was produced
by sampling every thirtieth row and column (i.e., m = 30) of the original imagery.
Thus this image represents only 1/900 of the original data and is composed of 198
rows and 232 columns. A color composite produced using sampled data from bands
2, 3, and 4 is shown in Fig. 7-3 (color section). :
If we compare the original data with the reduced data, there is an obvaous
loss of detail because so-many of the pixels are not present. Therefore, we rarely

ORIGINAL IMAGE -

NN BN ) AN oy
N 1E3§ 2Ny 3]
214 1]12]2}
o O E 'é\ 6Ny 3|
419|8(5|5|5
4 8 \7\ 5 MY 5
4]6]7]54]6 |
IMAGE REDUCTION
| [o]3]4 |
. | 715 4 _ . Figum 7-1 Image reduction achieved by sampling every
' other row and column of the original data. This operation
41714 E results in a new image consisting of only % (25%) of the
original data.
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Figure 7-2 This 198-row by 232-column image represents only 1/900 of the data found
in the 5940-row by 6960-column original thematic mapper image. It was created by
sampling every thirtieth row and thirtieth column of the band 4 image.

interpret image reductions. Instead, they are used for orienting within a scene and
locating the row and column coordinates of specific study areas which can then be
extracted at full resolution for analysis.

Image Magnification

Digital image magnification (often referred to as zooming) is usually performed to
improve the scale of a display for visual interpretation purposes, or occasionally, to
match the scale of another image. Just as row and column deletion is the simplest
form of image reduction, row and column replication represents the simplest form
of digital image magnification. To magnify a digital image by a factor m?, each
pixel in the original image is usually replaced by an m X m block of pixels, all
with the same brightness value as the original input pixel. An example of the logic
of a four-times magnification is shown in Fig. 7-4. This form of magnification is
characterized by visibly square tiles of pixels in the output display. Image magnifica-
tions of two, three, four, eight, and sixteen times the original Charleston TM data
are shown in Fig. 7-5. Note how the building shadows become progressively more
apparent as the magnification is increased. Magnifications of two, three, and four

1006

OFEK06804



120 Image Enhancement Chap. 7
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times the Savannah River thermal-infrared data are shown in Fig. 7-6. The scan
lines with line start problems become readily apparentas the magnification is increased.

. Magnification of the -original imagery is useful when the analyst is trying to
obtain détailed information‘about the spectral reflectance or emittance characteristics
of a relatively small geographic area of interest. During the “training” phase of a
supervised classification it is especially useful to be able to zoom in to the raw sensor
data to isolate a particular field, body of water, and so on. For example, some of
the sites shown in the color composite in Fig. 7-7 (color section) at various magnifica-
tions are used in the supervised classification discussed in Chapter 8.

In addition to magnification, many digital image processing systems provide a
mechanism whereby the analyst can pan or roam about a much larger geographic
area (e.g., 1024 X 1024) while only viewing a portion (e.g., 512 X 512) of this area
at any one time. This allows the analyst to view parts of the data base much more
rapidly. It also requires a more sophisticated image processor.

TRANSECTS

The ability to extract brightness value information along a user-specified transect
from point A to point B in an image is important in many remote sensing applications.
The data are often simply extracted from the remote sensing data and listed in tabular
format. Ideally, however, the brightness values encountered along the transect are
allowed to keep their spatial relationship by being plotted in a histogram format.
For example, consider transect A shown in the density-sliced band 4 image of Charles-
ton in Fig. 5-12 (color: section) and displayed as a-color-coded histogram in Fig.
7-8 (color section). The colors associated with the density-sliced class intervals (listed
in Table 5-2) are retained along this 5940-m transect (198 pixels at 30 m/pixel =
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Figure 7-5 The band 4 thematic mapper data of Charleston, S.C., has been magnified 0, 2, 3, 4,
8, and 16 times in thesé illustrations. Note the two large buildings and their associated shadows
as the magnification increases.
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, iffrared MSS data of the Savannali River is magnified 0, 2, 3, and 4-
tim - these illustral '“Note the line start problem associated with 8 few of the scan lines
which becomes progressively more apparent with magnification.

e e i

5940 m). The farther inland, the greater the brightness value of the pixels encountered
in the transect: This condition is expected since this is an infrared image (TM band
4) and water absorbs most of the incident radiant flux. ' ,
Transects passed through the predawn Savannah River thermal infrared data
serve to demonstrate the quantitative power of the transect enhancement technique
[Fig. 5-13 (color section)], A color-coded histogram of transect B is shown in Fig.
7-9 (color section). By ‘counting the number of pixels in specific temperature class
intervals within the plume and counting the total number of pixels in river width,
it is possible to determine the proportion of the plume falling within the temperature
class intervals (Jensen et al., 1983). The results of evaluating transects A through
G are summarized in Table 7-1. The values reported in this table were obtained
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ENDING PIXEL

IN TRANSECT
BEGINNING PIXEL, _ £
IN TRANSECT
8 -
- ‘
N
3 196 m — {

Figure 7-10 Linear measurements along a transect are easily oomputed when the beginning and
ending pixels of the transect fall on the same line. If this is not the case, the hypotenuse-of “stair-
stepped” pixels must be considered. In this example the pixels are 2.8 X 2.8 m in dimension.

only after the image had been geometrically rotated so that the endpoints of cach
transect fell on the same scan line. Thus seven individual geometric rotations were
required (not shown). This ensured that the number of meters in each temperature
class along each transect were accurately measured. If the analyst extracts transects
where the endpoints do not fall on the same scan line, the hypotenuse of “stair-
stepped” pixels must be considered instead of the simple horizontal pixel distance.
This relationship is demonstrated in Fig. 7-10. ‘

CONTRAST ENHANCEMENT

Remote sensors record reflected and emitted radiant flux from earth surface materials.
Ideally, one material would reflect a tremendous amount of energy in certain wave-
lengths, while another material would reflect much less energy in the same wavelengths.
This would result in contrast between the two types of materials when recorded by
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a remote sensing system. Unfortunately, different materials often reflect similar
amounts of radiant flux throughout the visible and near-infrared portion of the electro-
magnetic spectrum, resulting in a relatively low contrast image. In addition, besides
this obvious low-contrast characteristic of biophysical materials, there are cultural
factors at work. For example, people in developing countries often use natural building
materials (e.g., wood, soil, etc.) in the construction of urban areas. This results in
much-lower-contrast remotely sensed imagery for such areas than for urban areas
in developed countries, where concrete, asphalt, and fertilized green vegetation may
be more prevalent. Thus biophysical materials themselves are an important factor
and man may further confuse the issue by bringing the materials together in diverse
ways.

An additional factor in the creation of low-contrast remotely sensed imagery
is the sensitivity of the detectors. For example, the detectors on most sensing systems
are designed to record a relatively wide range of scene brightness values (e.g., 0 to
127 or O to 255) without becoming “saturated.” Saturation occurs if the radiometric
sensitivity of a detector is insufficient to record the full range of intensities of reflected
or emitted energy emanating from the scene. The Landsat MSS detectors, for example,
must be sensitive to reflectance from diverse biophysical materials such as basalt
outcrops or snow (possibly represented as BVs of 0 to 127, respectively). However,
very few scenes are composed of brightness values that utilize the full sensitivity
range of the Landsat detectors. Therefore, this results in relatively low-contrast imag-
ery, with brightness values that usually range from 10 to 50.

To improve the contrast of digital remotely sensed data, it is both desirable
and possible to utilize the entire brightness range of the display medium, which is
generally a video CRT display or hard-copy photographic film (discussed in Chapter
5). Digital methods may be more satisfactory than photographic techniques for contrast
enhancement because of the precision and wide variety of processes that can be applied
to the imagery. There are linear and nonlinear digital contrast enhancement techniques.

Linear Contrast Enhancement

A contrast enhancement (often referred to as a contrast stretch) expands the original
input brightness values to make use of the total range or sensitivity of the output
device. To illustrate the linear contrast stretch process, consider the Charleston, S.C.,
TM band 4 image produced by a sensor system whose image output levels can vary
from O to 255 (Fig. 5-10). A histogram of this image is provided in Fig. 7-1la.
We will assume that our output device (a high-resolution black-and-white CRT) can
display 256 shades of gray (0 to 255, respectively). The histogram and associated
statistics of this subimage reveals that the scene is composed of brightness values
ranging from a minimum of 4 to a maximum value of 104, with a mean of 27.3
and a standard deviation of 15.76 (Table 4-7). When these data are displayed on
the CRT without any contrast enhancement, we use less than one-half of the full
range of brightness values that could be displayed (i.e., brightness values between 0
and 3 and between 105 and 255 are not used). The image is rather dark, low in
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. Figure 7-11 (a) The histogram of the original band 4 Charleston, S.C., thematic mapper data;
(b) the histogram after a minimum-maximum contrast streich has been applied to the data; {c)
the histogram after a 5% linear contrast stretch, )
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Contrast Enhancement 127

contrast, with no distinctive bright areas (Fig. 5-10). It would be difficult to visnally
interpret such an image. A more useful display can be produced if we expand the
range of original brightness values to use the full dynamic range of the CRT display.

Linear contrast enhancement is best applied to remotely sensed images with
Gaussian or near-Gaussian histograms, that is, where all the brightness values fall
generally within a single, relatively narrow range of the histogram and only one
mode is apparent. Unfortunately, this is rarely the case, especially for scenes with
extensive land and water bodies. To perform a linear contrast enhancement, the analyst
examines the image histogram and determines the minimum and maximum brightness
values in the image, BV min and BV ., respectively. The output brightness value
BV o, is computed according to the equation:

lf”ul"'lgl’nnn

ot = X BV, 7-1
BV ou BV sax — BV in B -1y

where BV, is the original input brightness value and BV is the range of the brightness
values that can be displayed on the CRT (c.g., 256). In this example, any pixel
with a BV, of 4 would now have a BV ot of 0, while any pixel with a BV, of 104
would now have a BVou of 255. All original brightness values between 5 and 103
would be linearly distributed between 1 and 254, respectively. The application of
this enhancement to the Charleston band 4 TM data is shown in Fig. 7-12. This is
commonly referred to as a min-max contrast stretch. The resultant histogram is shown
in Fig. 7-11b. The logic of such a linear stretch is shown diagrammatically in Fig.
7-13a. :

Image analysts often specify BV min and BV mex that lie a certain percentage of
pixels “into” the tails of the histogram. This is called a percentage linear contrast

Figure 7-12 Minimum-
maximum linear contrast stretch
applied to the band 4 Charleston,
S.C., thematic mapper scene. The
minimum and maximum were 4
and 104, respectively.

1014

OFFKO0O68R12



128 Image Enhancement  Chap. 7
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Low Contrast Image Contrast Stretched Image
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Figure 7-13 Result of applying a minimum-maximum (a) or percentage linear contrast stretch
(b) to normally distributed remotely sénsed data. The histograms before and after the transformation
are shown. Note that bringing the minimum and maximum values in by 5% greatly increases the .
slope of the linear contrast stretch transformation.

stretch. For example, consider coming in 5% from the minimum and 5% from the
maximum. The minimum then becomes 15 and the maximum 86. All values between
15 and 86 are linearly . contrast stretched to lie within the range 0 to 255. All values
between O and 14 are now 0 and those between 87 and 104 are set equal to 255.
This results in more pure black-and-white pixels in the Charleston scene, dramatically
increasing the contrast of the image (Fig. 7-14). The histogram associated with this
percentage contrast stretch is- shown in Fig. 7-11c. The information content of the
pixels that “saturated” at 0 and 255 are lost..Note that the slope of the percentage
linear contrast stretch is much greater than for the simple min-max stretch (Fig. 7-
13b). _

It is not necessary .that the same percentage be applied to each tail of the
distribution. For example, what linear stretch would be appropriate if we were inter-
ested only in the water and wetland environments that have bnghtn&ss values ranging
from 4 to approxnmately 29 in band 4?7 Coming in 0% from the minimum and coming
in 63% from the maximum: -value would result in only the values between 4 and 29
being linearly contrast stretched to lie between O and 255. All land pixels having
brightness values > 30 would be bright white with a value of 255. Similar logic
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Figure 7-14 Result of applying a
59 linear contrast streich to the
band 4 thematic mapper data. After
coming in 5%, the minimum and
maximum values were 15 and 86,
respectively.

could be applied to enhance just the upland area at the expense of the water and
wetland.

A percentage linear contrast streich of the Savannah River thermal infrared
data was performed that enhanced the plume and river while subduing the contrast
of the swamp (Fig. 7-15). It involved coming in 30% from the minimum and 0%
from the maximum to highlight the modes of the histogram associated with the
plume and the river (see the original histogram in Fig. 4-2).

When the histogram of an image is not Gaussian in nature (i.c., it is bimodal,

trimodal, etc.), it is possible to perform a piecewise linear contrast stretch to the -

imagery of the type shown in Fig. 7-16. Here the analyst identifies a number of
linear enhancement steps that expand the brightness ranges in just the “modes” of
the histogram. In effect, this corresponds to setting up a series of BV min and BV mex
segments and using equation (7-1) within user-selected regions of the histogram.

Nonlinear Contrast Enhancement

Nonlinear contrast enhancements can also be applied to low-contrast imagery. One
of the most useful is histogram equalization. First, the histogram of the image is
derived. The user then specifies the number of output gray-scale classes (e.g., 32)
into which the data are to be redistributed. The algorithm then passes through the
data set and assigns approximately equal numbers of pixels to each of the output
gray-scale classes. Thus there should be an approximately equal number of pixels
found in each of the 32 brightness value classes. Such a contrast enhancement is
shown in Fig. 7-17. Histogram equalization applies the greatest contrast enhancement
to the most populated range of brightness values in the image. It automatically reduces
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Figure 7-15 Result of applying a
percentage linear contrast stretch to
" the Savannah River thermal

' infrared data. In this case the

- “minimum was moved in 30% while
" 'the maximum was moved in 0%.
This enhanced the modes of the
histogram associated with just the
thermal plume and the river.

.the contrast in-the very light or dark parts of the image associated with the tails of
* i a normally distributed histogram.’ SR ' 7
Histogram equalization contrast modification is found on many image processing
systems because to implement it requires very little information from the analyst.
Because of its wide availability, it is instructive to review how the equalization takes
place using a hypothetical data set (modified from Gonzalez and Wintz, 1977). For
example, consider:an image that is composed of just 64 rows and'64 columns (4096
pixels) with the range of brightness values that each pixel.can assume limited to
just eight values G.c., BY; = 8). A histogram of this hypothetical image is shown
in Fig. 7-18a and the frequency of occurrence of the individual brightness values,
f(BVi) summarized in Table 7-2. For example, there are 790 pixels in the scene
with a brightness value of 0 [i.e., f(BV) = 790] and 1023 pixels:with a brightness
value of 1 {i.e., f(BV1) = 1023]. We can compute the probability of the ith brightness
value, p;, by dividing each of the frequencies f(BV;) by the total number of pixels
in the scene (i, n = 4096). Thus the probability of encountering a pixel with a
brightness value of O in: the scene is approximately 19% f[i-e., po = JBYi)/n =
(790/4096) = 0.19].- A ‘plot of the probability of ocgurrence of cach of the eight
brightness values for the’ hypothetical scene is shown in Fig. 7-18b. This particular
histogram has an exceptionally large number of pixels with low brightness values
(0 and 1), making it a relatively low contrast scene. -
The next step is to compute a transformation function, &, for each of the individ-
ual brightness values. This is done by computing the cumulative frequency curve of
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255
3
@
0 .
0 BV, 255

Figure 7-16 Logic of a piecewise linear contrast stretch. This means that
selective pieces of the histogram are lincarly contrast stretched. Notice that
the slope of the linear contrast enhancement changes.

Figure 7-17 Result of applying a
histogram equalization to the band
4 thematic mapper data of
Charleston, S.C.
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Figure 7-18 Histogram equalization process applied to hypothetical data: (a) original histogram
showing the frequency of pixels in each brightness value; (b) the original histogram expressed in
probabilities; (c) the transformation function; (d) the equalized histogram expressed as probabilities;
(¢) the equalized histogram showing ‘the frequency of pixels in each brightness value. (Modified
from Gonzalez and Wintz, 1977.) .
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TABLE 7-2 Statistics for a 64 X 64 Hypothetical
image with Brightness Values from O to 7

Brightness
value, Frequency, Probability,
BV, f(BVY) plf(BV1)/n]

BV,=%=0.00 790 0.19
BV,=%=0.14 1023 0.25
BV3;=%=0.28 - 85 021
BVs=%=042 656 0.16
BV,=4%=0.57 329 0.08
BV;=%=0.T1 245 0.06
BV¢=9% =0.85 122 0.03
BV,=7%=1.00 81 002
n = 4096 pixels.

Source: Modified from Gonzalez and Wintz (1977).

the original histogram (Fig. 7-18c) using the following algorithm (Gonzalez and
Wintz, 1977):

1
5= 2P -2)
i=o
For example, the transformation function for brightness value BV,is

(]
so=3 0.19=0.19
{=0

Similarly,
1
$1= 2 P
i=0

=Po + P

=0.1940.25 (7-3)

= (.44
and

Sz=0.65 Sa=0.81 S4=0.89
55 =095 s¢=0.98 s3=1.00

In this example we want to try to equalize the number of pixels found in eight
brightness values. Therefore, we now compare each of the transformation functions
s; with each of the original brightness values BV}, and assign each of the transformation
functions to the brightness value closest to it in value. For example, consider the
first transformation, s, which has a value of 0.19 (i.e., so = 0.19). This value is
not close to BV, =% = 0, not close to BVz = % = 0.285, but is close to BV, =
14 = 0.14. This same logic can be applied to each of the transformed values:
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(s0=0.19) = (34 =0.14) (51 =0.44) = (3 = 0.42)
(s2=0.65) = (% =0.71) (ss=0.81) = (% = 0.85)
(s¢=0.89) = (¢ = 0.85) (s5=0.95)=1
(s¢=0.98) = 1 G:=10)=1

Now there are really only five distinct histogram-equalized brightness values. The
notation may be redefined to take this condition into account:

So'—‘-'% Sl=% S2=5/§ S3=% S«=1

This means that BV, is mapped to s¢ = 3, which now has all 790 pixels assigned
to it. Similarly, there are now 1023 pixels with value 5, = 3¢ and 850 pixé:ls with
value 52 = 3. However, because both levels BV and BV, were mapped to s3 =
8, there are now 656 + 329 = 985 pixels with this new brightness value. Similarly,
there are 245 + 122 + 81 = 448 pixels with value s, = 1 (Gonzalez and Wintz,
1977). The probability of encountering each of the five distinct brightness values is
shown in Fig. 7-18d. It was produced by dividing the new frequencies by 4096: for
example, the brightness value at 3 = 850/4096 = 0.19. A histogram of the number
of pixels in each of these new brightness values is shown in Fig. 7-18e. The histogram
equalization is an approximation to a uniformly distributed probability density func-
tion.

Frei (1977) discusses histogram hyperbolization enhancement, which is another

255

Bvout

oY «
]3vin 255

Figure 7-19 Logic of a nonlinear, logarithmic contrast stretch.
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histogram modification technique, but one that takes into account human brightness
perception characteristics. Still another type of nonlinear contrast stretch involves
scaling the input data logarithmically, as suggested diagrammatically in Fig. 7-19.
This enhancement has the greatest impact on the brightness values found in the
darker part of the histogram. It could be reversed to enhance values in the brighter
part of the histogram, if desired.

The selection of a contrast enhancement algorithm depends on the nature of
the original histogram and the elements of the scene that are of greatest interest to
the user. An experienced image analyst can usually identify an appropriate contrast
enhancement algorithm by examining the image histogram and then experimenting
until satisfactory results are obtained. Most contrast enhancements cause some useful
information to be lost. Hopefully, that which remains is of value.

Contrast enhancement is applied primarily to improve visual image analysis.
It is not good practice to contrast stretch the original imagery and then use the
enhanced imagery for computer-assisted classification, change detection, and so on.
Contrast stretching almost always changes the original pixel values, often in a nonlinear
fashion.

RATIOING

Sometimes the differences in brightness values from similar surface materials are
caused by topographic conditions, shadows, or seasonal changes in sunlight illumina-
tion angle and intensity. These conditions may hamper the ability of an interpreter
or classification algorithm to correctly identify surface materials or land use in a
remotely sensed image. Fortunately, ratio transformations of the remotely sensed
data can, in certain instances, be applied to reduce the effects of such environmental
conditions (Friedman, 1978). In addition to minimizing the effects of environmental
factors, ratios may also provide unique information not available in any single band
that is useful for discriminating between soils and vegetation (Satterwhite, 1984).
The mathematical expression of the ratio function is:

BV; ;.
BV ;.r =§-‘;f;‘j;':'

where BV, ;.. is the output ratio value for the pixel at row i, column j; BV; ; .« is
the brightness value at the same location in band k; and BV; ;. is the brightness
value in band L. Unfortunately, the computation is not always simple since BV; ;
= Q is possible. However, there are alternatives. For example, the mathematical
domain of the function is 1/255 to 255 (i.c., the range of the ratio function includes
all values beginning at 1/255, passing through O and ending at 255). The way to
overcome this problem is simply to give any BV;; with a value of 0, the value of
1. Alternatively, some like to add a small value (e.g., 0.1) to the denominator if it
equals zero.

To represent the range of the function in a linear fashion and to encode the
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ratio values in a standard 8-bit format (values from 0 to 255), normalizing functions
are applied. Using this normalizing function, the ratio value 1 is assigned the brightness
value 128. Ratio values within the range 1/255 to 1 are reassigned values between
1 and 128 by the function: » C

BV j.n =Int [(BVi j.r X 121+ 1] _ (7-5)
Ratio values from 1 to 255 are assigned values within the range 128 to 255 by the
function: '
BY;,
BV, 5.» =Int (128 +—‘2—’—) | _ (1-6)

Ratios of remotely sensed data can also be computed using the following algor-
ithm which does not require so much data evaluation (Hord, 1982):

BV‘J 'k) : -
BV ;. =K( ctan - 7-
b - BVi ;. D
If the constant K is set equal to 162.34, the ratio BV; ;.» can take upon itself any

value from 0 to 255.

Deciding which two bands to ratio is not always a simple task. Often, the
analyst simply displays various ratios and then selects the most visually appealing.
A more objective procedure was developed by Chavez et al. (1982, 1984) based on
the optimum index factor (OIF), discussed in Chapter 5. It can be used to rank the
utility of various combinations of bands for band ratioing. Also, Robinove (1982)
suggests that instead of using raw brightness values in the numerator and denominator

Figure 7-20 Image produced by
taking the ratio of thematic mapper
bands 3 and 4. The strect pattern
in the urban area is much more
visually interpretable in this image
than in any single band 4 image.
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of a band ratio, these data should first be transformed into physical values. He provides
simple equations and the necessary parameters to transform raw Landsat 1, 2, and
3 MSS data into either reflectance or radiance [expressed in milliwatts per square
centimeter per steradian (mW cm-2 sr?)].

The ratio of Charleston, S.C., thematic mapper bands 3 and 4 (red and infrared)
is displayed in Fig. 7-20. This type of ratio provides vegetation information, as will
be discussed in the section on vegetation indices in this chapter. Generally, the darker
the pixel ratio, the more vegetation present within the field of view of the picture
eclement. Several other band ratio images for a portion of the Charleston scene are
shown in Fig. 7-21. Sometimes, the inverse of a band ratio is of interest. For example,
the brighter the pixel ratio, the greater the amount of vegetative matter present in
Fig. 7-21b. The ratio of TM bands 2 and 5 is useful for identifying all water bodies

Figure 7-21 Four band ratioed images produced for a portion of the Charleston, S.C., thematic
mapper scenc.
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~ and provides some subtle wetland :information (Fig. 7-21c). The ratio of band 6 to
band 4 is not very useful since both are infrared bands: Notice that the noige in the
remotely sensed data is enhanced, particularly over the water (Fig. 7-21d). Band
ratioing depicts in spatial terms the amount of between-band correlation. Generally,
the lower the correlation between: the bands, the greater the information content of
the band-ratioed image. - : :

SPATIAL FILTERING

A characteristic of remotely sensed images is a parameter called spatial frequency,
defined as the number of changes in brightness value per unit distance forany particular
part of an image. If there are very few changes in brightness value over a given

area, this is referred to as being a “low-frequency” area. Conversely, if the brightness
+ values change dramaticaly over very short distances, this i an afea of “high-fre-

by its very nature describes the brightness values
to adopt a spatial approach to extracting quantita-

is done by looking at the local or neighboring pixel

just an indépendent pixel value. This perspective allows

atial frequency information from the imagery.

que for separating an image into its various spatial

esulting in a “Fourier transft

'

groups (or bands) of frequencies ";elaft'i've to others

Juencies to produce an enhanced image. Algorithms

»ss:(deemphasize)

and hence emphasize: fi tail and edges, are reférred to as high-frequency filters.
frequency content of the imagery

hange. Hord (1982) provides 4 listing of a Fourier trans-
though the operation of spatial filters is conveniently described through the
of Fourier analysis, the implementation does 1ot have to be through the
orm. A linear Spatial filter is a filter for which the brightness value
, the output image is a function of some weighted average
ightness values located in a particular spatial pattern around
timage. This process of evaluating the weighted neighboring
) called imensional convolution (Rosenfeld and Kak, 1976). The
dte is often vised 10 change the spatial frequency characteristics of an image.

For example, a linear spatial filter that emphasizes high spatial frequencies may sharpen
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Spatial Filtering 139

the edges in an image. A linear spatial filter that emphasizes the low spatial frequencies
may be used to reduce noise in an image.

Low Frequency Filtering in the Spatial Domain

Image enhancements that deemphasize or block the high spatial frequency detail
are low-frequency or low-pass filters. The simplest low-frequency filter (LFF) evaluates
a particular input pixel b_ightness value, BV, and the pixels surrounding the input
pixel, and outputs a new brightness value BV ,u: that is the mean of this convolution.
The size of the convolution mask or kernel (n) is usually 3 X 3, 5 X 5,7X17,9X59,
and so on. We will constrain this discussion primarily to 3 X 3 convolution masks
with nine coefficients, ¢;, defined at the following locations as:

C1 C3 Cs
mask template =c4 ¢35 Cs (7-8)
C3 Csg Cy

For example, the coefficients in a low-frequency mask might all be set equal to 1:

mask A=

[T

11
11 -9
1 1

The coefficients ¢;, in the mask are multiplied by the following individual brightness
values (B¥;) in the input image:

(c1 X BV,) (caXBV3) (csXBV3)
(caXBVY) (csX BVs) (ceX BV¢) (7-10)
(c7X BV7) (cs XBVs) (coX BVy)

where

BV1=BV;-15-1

BVz = BV{ -1.3

BV; = BV{ -1.j+1

BV4 = BVi,j—l

BVs=BV; ; (7-11)
BV‘ = BVi,j +1

BV;=BV; +1.§ -1

BVs=BVi+1j

BVs=BV;41.541

The primary input pixel under investigation at any one time is BVs = BVi.;. The
convolution of mask A (with all coefficients equal to 1) and the original data will
result in a low-frequency filtered image (Sullivan et al., 1984), where
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n=9
2 o X BW , | (-12)

{x=1
n

LFFﬁ,out = Int

ot (BV1 4+ BV,+ BV3+BV,+BVs+BVe+ BV + BVs+ BV,)
: g . 9

The spatial moving average then shifts to the next pixel, where the average o! all
nine brightness values is computed. This operation is repeated for every pixel in
the input image (Fig. 7-22). Such image smoothing is useful for removing periodic
“salt and pepper” noise often encountered in remote sensor data acquired by electronic
devices. _

This simple smoothing operation will, however, blur the image, especially at
the edges of objects. Blurring becomes more scvere as the size of the kernel increases.
To reduce blurring, unequal-weighted smoothing masks have been introduced, includ-

ing (Wang et al., 1983):

025 0.50 0.25
mask B=0.50 1.00 0.50 (7-13)
025 0.50 0.25
1.00 1.00 1.00
mask C=1.00 200 1.00 (7-14)
1.00 1.00 1.00 ‘
"\ NS\ L7 NN
NORNARBY AR
ORIGINAL WNVZZ XN
IMAGE IN
%\\
N
NN
\ \ \
AVERAGE
VALUES
| IR
FILTERED Figure 7-22 Logic of a3 X 3 spatial moving average
IMAGE ROV ARNEN to enhance low-frequency detail in an image. The nine
%{R /4/5\53 cocfficients of the 3 X 3 mask are all equal to 1 in this
example.
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Chin and Yeh (1983) evaluate other smoothing algorithms that can preserve edges
while still removing noise.

Using a 3 X 3 kernel can result in the low-pass image being two lines and
two columns smaller than the original image. Techniques that can be applied to
deal with this problem include (1) artificially extending the original image beyond
its border by repeating the original border pixel brightness values, or (2) replicating
the average brightness values near the borders, based on the image behavior within
a few pixels of the border. This maintains the row and column dimension of the
imagery but introduces some spurious information that should not be interpreted.

Images produced by applying the mask A spatial filter to the Charleston TM
data and Savannah River thermal infrared data are shown in Figs. 7-23 and 7-24,
respectively. The Charleston scene becomes blurred, suppressing the high-frequency
detail. Only the general trends (similar to a trend-surface analysis) are allowed to
pass through the filter. The smooth thermal plume is visually appealing, especially
since the bad scan lines are subdued. This suggests that low-frequency filtering is
most useful when there are significant low-frequency components in the scene as in
the thermal plume example. In a heterogeneous, high-frequency urban environment,
a high-frequency filter should provide superior results.

High-Frequency Filtering in the Spatial Domain

High-pass filtering is applied to imagery to remove the slowly varying components
and retain only the high-frequency local variations. One high-frequency filter
(HFF5out) is computed by subtracting the output from the low-frequency filter
(LFFs.on) from twice the value of the original central pixel value, BV, that is,

Figure 7-23 Result of applying a
3 X 3 low-frequency filter to the
Charleston, S.C., band 4 thematic
mapper image. All coefficients in the
3 X 3 mask were equal to 1.
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Brightness values‘tend to be }ughly corrclated Qm a nme-e‘lement wmdoW “Thus the
high-frequency filtered image will have a relahvely narrow intensity lnstogram This
suggests that most hlgh-frequency ﬂltered 1mages must bc contrast stretched prior
to visual analysis.
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High-pass filters that accentuate or sharpen edges can be produced using the
following convolution masks (Pratt, 1978):

|

mask E=—1

-1
1

mask F=—2

1

-1 -1
9 —1 (7-16)
-1 ~1
-2 1
5 —2 a-17)
-2 1

The application of mask E to the Charleston scene is shown in Fig. 7-25. It is a
very noisy image (as one would expect when enhancing high-frequency detail) and
is not very interpretable. A high-frequency filtered image of the Savannah River
thermal infrared data produced using equation (7-15) is shown in Fig. 7-24c¢. This
enhancement accentuates the bad scan lines. However, it also begins to highlight
the information content in the heart or core of the plume and is therefore a useful

enhancement.

Ford et al. (1983) had good results using a 5 X 5 convolution mask with the
following coefficients for the enhancement of high-frequency detail of urban areas

in Austin, Texas:

—-0.3
—0.3
—0.3
-03
-0.3

—0.3
—0.3
—0.3
~0.3
—0.3

—0.3
0.3

9.7
-0.3
-0.3

1030

—0.3
—0.3
—-03
-0.3
-03

-0.3
-03
—0.3 (7-18)
-0.3
-0.3

Figure 7-25 Result of applying a
3 X 3 high-frequency filter (mask
E) to the Charleston, S.C., band 4
thematic mapper data.
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EDGE ENHANCEMENT

For many remote sensing earth science applications the most valuable ihfoﬁnation
that may be derived from an image is contained in the edges surrounding various:
objects or features of interest. The edge enhancement operation delineates these edges

and thereby makes the shapes and details comprising the image more conspicuous
and perhaps easier to analyze. Generally, what the eyes sec as pictorial edges are
simply sharp changes in brightness- value between .two adjacent pixels. The edges
may be enhanced using either linear or nonlinear edge enhancement techniques. A
survey of edge detection techniques is found in Davis (1975), Shaw (1979), and Peli
and Malah (1982). ' o '

Linear Edga Ephancahu_nt.

One simple method of extracting edges in remotely sensed imagery is the application
of the running difference operation. The original image is shifted by one picture
element, and then.tested for a difference between corresponding pixels in the original
and shifted images. A midgray brightness value (e.g., BV = 127) is substituted for
the pixel if there is no difference, a darker value (c.g.» BV = 30) is substituted for
the pixel if there is a negative difference, and a lighter value is substituted (e.g., BY
= 200) if there is a positive difference. Hence transitions from light to dark produce
white lines; from dark to light, black lines. The result is an image with gray background
and black-and-white lines surrounding the edges of all objects (Spatial Data, 1975).
The algorithms for enhancing horizontal, vertical, and diagonal edges are; respéctively:

BV =By~ B¥iny @-19)
and if BV;; =0, thqlBV{J=121 o ’: | ﬂf
if BV; 5 <O, then Vi5=30 L .

if BV;.; >0, then BV, 3 =200 SRR
U BRy=BMy =By 00

and if BV; s =0, then BVsy = 127
if BV; ; <O, then B¥; 5 =30
if BV ; >0, then BV;.5 =200

Bhy=BVig—BVinsis @21

and if BV ; =0, then BV; 3 =121
if BVi.s <0, then BV 5 =30
if BV 5 >0, then BV 4 =200

By selectively applying thwe cnhancem‘ch,ts‘ it,isf.f)osgiblextqenhanéc only vertical,
horizontal, or diagonal edges in the imagery. B s
It is also possible to perform edge enhancement by convolving the original
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TABLE 7-3 Scale of Delta versus Kernel Size

Delta, A Smoothness/roughness Kemel size
£+3 Very smooth 9X9

+4 Smooth
*5 Semismooth 1x7
+6 Smooth/rough
*7 Rough/smooth 5X5
+8 Semirough
*9 Rough Ix3

2+10 Very rough 1x1

Source: After Chavez and Bauer (1982).

data with a weighted mask or kernel, as discussed previously. Chavez and Bauer
(1982) point out that the optimum kernel size (cg,3%X3,5%X57X7,0r9X 9)
typically used in edge enhancement is a function of the surface roughness and sun
angle characteristics at the time the data were collected. Taking these factors into
consideration, they developed a procedure based on the “first difference in the horizon-
tal direction” of the input image using the equation:

Diff BV;.; = BV;+1,5 — BV; 3 + 126 (7-22)

This operator is applied to every row, i, in the image or every mth row. The value
126 is added so that the output data are in the range 0 to 255. This results in a
first difference or derivative image. A histogram of the new image reveals generally
how many edges are contained in the image. The standard deviation of the first
difference image is computed and multiplied by 2.3 yielding a delta value, A, closely
associated with surface roughness (Table 7-3). The following algorithm and the infor-
mation presented in Table 7-3 arc then used to select the appropriate kernel size:

kernelye = 12— A (7-23)

The method is intended to be used by earth scientists to select the optimum kernel
size for enhancing the very fine image detail without having to try several different
versions before selecting the appropriate kernel size for their area of interest.

Once the size of the mask is selected, various coefficients may be placed in it.
For example, consider the following 3 X 3 compass gradient masks that can be used
to perform two-dimensional discrete differentiation edge enhancement (Robinson,
1977):

1 1 1

mask F= north= 1 =2 1 (7-29)
-1 -1 -1
1 1 1

mask G = northeast= —1 —2 1 (7-25)
-1 -1 1
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: -1 1 1

mask H= east = -1 -2 1 (7-26)
‘ " -1 1 1

-1 -1 1 ‘

mask I= southeast= —1 -2 1 (7-27)
1 1 1
R -1 -1 -1

mask J= south= 1 2 1 (7-28)
: 1 1 1
‘ 1 -1 -1

mask K = southwest= 1 -2 -1 (7-29)
1 1 1
1 1 -1

mask L = west = 1 -2 -1 (7-30)
1 1 -1

_ 1 1 1 :

mask M = nortliwest= 1 -2 -1 (7-31)

1 -1 —1

The compass names suggest the slope direction.of maximum response. For example,
. the west gradient mask produces a maximum output for horizontal brightness value
..changes from right to left. The gradient masks have zero weighting. (i.e,, the sum
of the mask coefficients is zero) (Pratt, 1978). This results in no output response
over regions with constant brightness values (i.c., no edges are present). -

. North.and east compass gradient masks were applied to the Charleston band
4 TM scene (Fig. 7-26). The north mask enhanced east-west trending edges while
the east mask enhanced north-south trending edges. Although it is systematically
surveyed, the street pattern of Charleston is not in a north-south orientation. In
fact, it changes orientation just north of Colonial Lake. Also, as mentioned previously,
there is a high degree of spectral heterogeneity in this urban area. These two factors
combine to produce edge-enhanced images that do not provide very much information
of value, although the land-water interface (edge) is highlighted quite well using
the north compass gradient mask. Edge enhancements performed in areas of high-
frequgncy detail often. do not produce useful results,

A horizontal, west compass gradient mask was applied to the Savannah River
thermal infrared data (Fig. 7-24d). This caused the western side of the river to exhibit
a distinct edge. Also, the heart of the plume begins to be represented by a thin,
dark line. It is also possible to combine enhancements. For example, Fig. 7-24¢ is
the result of applying the same horizontal compass gradient mask to the high-frequency
image in Fig. 7-24c. The edges of the plume and both sides of the river are very
distinct in this example. : : .

Edge enhancement without regard to edge direction may be obtained by applying
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Figure 7-26 Two compass gradient masks applied to the band 4 thematic mapper data of a
portion of the Charleston, S.C., scene. The north mask enhances edges trending cast-west, while
the cast mask enhances edges running north-south.

a Laplacian convolution mask to the imagery. The compass gradient is generally
preferred for finding lines, whereas the Laplacian is more useful in edge and boundary
detection. The Laplacian is a second derivative (as opposed to the gradient, which
is a first derivative) and is consequently more troubled by image noise (Hord, 1982).
Several 3 X 3 Laplacian filters (and weights) are shown below (Robinson, 1977;
Pratt, 1978; Sullivan et al., 1984):

0 -1 0

mask N=—-1 4 -1 (7-32)
0 -1 O
-1 -1 -1

mask O=—-1 8 -1 (7-33)
-1 -1 -1
1 2 1

mask P=-2 4 —2 (7-34)
1 =2 1

The Laplacian edge enhancement emphasizes maximum values, or peaks, within the
image. Human vision physiological research suggests that we see objects in much
the same way. Hence the use of this operation produces a more natural look than
that of many of the other edge-enhanced images. The computation of Laplacian mask
N for a given 3 X 3 region in the image would be:

Laps.ea = [~1(BV )] + [1(BV )] + [~ 1(BV 9] + [-1(BVs)] + [4(BV 5)] (7-35)

Al three of these Laplacian masks were applied to the Charleston image (Fig.
7-27). Again, no enhancement provided particularly useful results in the urban area.
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Figure 721 Result of applying several Laplacian masks (N, O, and P) to the original band 4
thematic mapper data of Charkeston, S.C. .

However, mask O did accentuate the edge of the wetland-water interface in the
southwest part of the image. .

Often, a Laplacian edge enhancement is added back to the original image using
the following mask (Bernstein, 1983):

0 -1 0
mask Q=—1 5§ —1 (7-36)
0 -1 0

The result of applying this enhancement to the Charleston scene is shown in Fig.
7-28. This is perhaps the best enhancement of high-frequency detail of the urban
area obtained thus far. Also, note the increased detail in the wetland.

There are numerous coefficients that can be placed in a 3 X 3 convolution
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Figure 7-28 Result of applying Laplacian
mask Q to the remotely sensed data. This mask
computes the Laplacian edge enhancement and
adds it back onto the original image. Note the
increased detail both in the urban area and
especially in the wetland.

kernel or mask. Usually, the analyst works interactively with the remotely sensed
data, trying new coefficients and selecting those that produce the most effective edge-
enhancement results. It is also possible to use combinations of operators for edge
detection. For example, Fberlein and Weszka (1975) found that a combination of a
gradient and Laplacian edge operators was superior to using either edge enhancement
alone.

Nonlinear Edge Enhancement

Nonlinear edge enhancements are performed uvsing nonlinear combinations of pixels.
Many algorithms are applied using either 2 X 2 or 3 X 3 kernels. The Sobel edge
detector is based on the notation of the 3 X 3 window described previously and is
computed according to the relationship (Duda and Hart, 1973; Gonzalez and Wintz,
1977):

Sobels gut = VX2 + Y2 (7-37)
where
X =[BVs+ (2(BV)) + BVy] — [BV1 + (2(BV.) + BV ] (7-38)
and
Y =[BV, + (2(BV2)) + BVs] — [BV: + (2(BV4)) + BV} (7-39)

A Sobel edge enhancement of the Savannah River thermal plume is shown in
Fig. 7-24f. It is a very effective edge enhancement with the heart and sides of the
plume surrounded by bright white lines. A piecewise linear contrast stretch of the
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150 Image Enhancement  Chap. 7
Sobel edge enhancement is shown inFig. 7-24g. This saturates some detail in the l
plume while picking up some edge inforr tion in the swamp. Finally, a Sobel edge
enhancement is applied to the low-fre uericy filtered image (Fig. 7-24h). This is.
perhaps the most striking edge enhancement, as the hot core of the plume turns

N PN

info a dark band that extends not only into the river but up into the tributaty. . -

The Robert's edge detector is based on the following 2 X 2 pixel window::"

The new pixel value at pixel iééﬁtiog;.zBV, mcomputed .ggt?‘;irding. to the equatton
(Gonzalez and Wintz, 1977; Peli and Malah, 1 ) TR 3

BV 00 Abs (B, — BV + Abs (BY

where ‘Abs refers to absblufc";,alu&é; A Robert’s edge eﬂhancementof e tff o
plume is shown in Fig. 7-24i. It produced results very simila £ Sebel edge therm ‘7 a‘_;”
ment. : _ s very 1mil’ar;‘ . | "‘

The Kirsch nonlinear edge enhancement calculates the gradient at pixel location
BV, ;. To apply this operator, however, it is first necessary to designate a different
3 X 3 window numbering scheme than we have used in previous discussions:

o BV, BV, BV,
window numbering for Kirsch= BV, BV;; BV, (7-42)
' ' B Ve B Vs B Ve

The algorithm applied is (Robinson, 1977; Gil et al., 1983):

7 . .
BV; ; = max {1, max [Abs (58 —:m)]} (743)
where )
S; =BV, +BV£+1+BVt+z C ' (7'44)
and
) T, = BVi4s+ BVise + BVius+ BVise+ BVi s (745)

The subscripts of BV are evaluated modulo 8, meaning that the computation moves
around the perimeter of the mask in eight steps. The edge enhancement computes
the maximal compass gradient magnitude about input image point BV; ;. The value :
of S; equals the sum of three adjacent pixels, while T; equals the sum of the remaining
four adjacent pixels. The input pixel value at BV, is never used in the computation.

For readers interested in the detection of lines as well as edges, refer to the
work by Gonzalez and Wintz (1977), Vanderbrug (1976), and Chittineni (1983).
Several masks for detecting lines are

-1 -1 -1
maskR= 2 2 2 (7-46)
-1 -1 -1

1037
OFEKO06835



Special Transformations 151

—1 -1 2

mask S=—1 2 -1 (7-47)
2 -1 -1
-1 2 -1

mask T=-1 2 -1 (7-48)
: -1 2 -1
2 -1 -1

mask U=—1 2 -1 (7-49)
-1 -1 2

Mask R will enhance lines in the imagery that are oriented horizontally. Lines oriented
at 45° will be enhanced using mask S. Vertical lines and lines oriented —45° will
be enhanced using masks T and U, respectively.

SPECIAL TRANSFORMATIONS
Principal Components Analysis

Principal Components Analysis (also referred to as PCA, factor or Karhunen-Loeve
analysis) has proven to be of significant value in the analysis of remotely sensed
digital data. The transformation of the raw remote sensor data using PCA can result
in new principal component images that are often more interpretable than the original
data (Kaneko, 1978; Byrne et al., 1980). Also, PCA analysis may 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. This ability
to reduce the dimensionality (i.e., the number of bands in the data set that must be
analyzed to produce usable results) from seven to two or three bands is an important
economic consideration, especially if the potential information recoverable from the
transformed data is just as good as that from the original remote sensor data (Wheeler
and Misra, 1976; Anuta, 1977; and Haralick and Fu, 1983).

To perform principal component analysis we apply a transformation to a corre-
lated set of multispectral data. For example, the Charleston, S.C., TM scene is a
likely candidate since bands 1, 2, and 3 are highly correlated, as are bands 5 and 6
(Table 7-4). The application of the transformation to the correlated remote sensor
data will result in an uncorrelated multispectral data set that has certain ordered
variance properties. This transformation is conceptualized best by considering the
two-dimensional distribution of pixel values obtained in two TM bands which we
will label simply X; and Xa. A scatterplot of all the brightness values associated
with each pixel in each band is shown in Fig. 7-29a together with the location of
the respective means p, and pa. 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 an extremely tight zone in the two-dimensional
space, these data would probably provide very little information of value.

The initial measurement coordinate axes (X, and Xz) may not necessarily be
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TABLE 7-4 Charleston, S.C., Thematic Mapper Scene Statistics Used in the Principal
Components Analysis

Band Number: 1 2 3 4 s 6 7
pm: 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
Mean 64.8 25.6 23.7 213 324 150 110.6
Std. dev. 10.05 5.84 8.30 15.76 23.85 1245 421
Variance 100.9 4.1 68.8 248.4 568.8 1549 17.78
Minimum s1 17 14 4 0 0 90
Maximum 242 115 131 108 193 128 130
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

s 134.27 85.22 141.04 '330.71 568.84

6 90.13 55.14 86.91 148.50 280.97 154.92

7 23.72 14.33 22.92 43.62 78.91 42.65 17.78

Correlation matrix

1 1.00

2 0.96 1.00

3 0.95 0.96 1.00

4 0.39 0.44 0.53 1.00

5 0.56 0.6} 0.71 0.88 1.00 .

6 0.72 0.76 0.84 0.76 0.95 1.00

7

0.56 0.58 0.66 0.66 0.78 081 100

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 (actually reprojected) onto a new set of axes
or dimensions, X} and X3 For example, the best translation for the original data
points from X, to X; and from X, to X5 coordinate systems might be the simple
relationship X} = X; — p and X2 = X2 — pa. Thus, the origin of the new coordinate
system (X and X3) now lies at the location of both means in the original scatter
of points (Fig. 7-29b).

The X’ coordinate system might then be rotated about its new origin (1, p2)
in the new coordinate system some ¢ degrees so that the first axis X is associated
with the maximum amount of variance in the scatter of points (Fig. 7-29c). This
new axis is called the first principal component (PCy = A1). The second principal
component (PC; = Ag) is perpendicular (orthogonal) to PCy. 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 so on, components contain monotonically
decreasing amounts of the variance found in the data set.

s
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A B c

Figure 7-29 Diagrammatic representation of the spatial relationship between the first two principal
components. (a) A scatterplot of data paints collected from two remotely bands labeled X and
X, with the means of the distribution labeled py and py. (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, — pa and X3 = X3 — pa. (c) The X’ axis system is then rotated about its origin (11,
j2) so that PC, is projected through the semimajor axis of the distribution of points and that the
variance of PC, is a maximum. PCs must be perpendicular to PC,. The PC axes arc 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%. (After Short, 1982.)

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 fashion 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
(Anuta, 1977; Short, 1982):

1. The n X n covariance matrix, Cov, of the n-dimensional remote sensing
data set to be transformed is computed (Table 7-4).

2. The eigenvalues, E = [A11,A22,As - . - Ax n}, and eigenvectors, EV = [axp
.. .for k =1 to n bands, and p = 1 to n components] of the covariance
matrix are computed such that:

, E

AMa O 0 0 0 0 4]

0 X220 O 0 0 O
EV Cov EVT 0 0 As O O O O
xnlxn] mxa [0 O 0 M0 001030

P[0 0 0 0 ks O O
0 0 0 0 0 Qg O
0 0 0 0 0 0 MDual
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where EVT 1s the transpose of the eigenvector matrix, EV, and E is a diagonal covari-
ance matrix whose elements A\, called eigenvalues, are the variances of the pth princi-
pal components, where p = 1 to n components.’ The nondiagonal eigenvalues, Ay,
are equal to zero and therefore can be ignored. The number of nénzero eigenvalues
in an n X n covariance matrix always equals n, the number of bands examined.
The eigenvalues are often called components (i.e., eigenvalue 1 may be referred to
as principal component 1).

Eigenvalues and eigenvectors were computed for the Charleston, S.C., TM scene
(Tables 7-5 and 7-6). Such computations can be performed using most statistical
analysis packages such as SAS or SPSS. Also, Cooley and Lohnes (1971) provide a
FORTRAN program that performs principal components analysis.

The eigenvalues contain important information. For example, it is possible to
determine the percent of total variance explained by each of the principal components,
%y, using the equation::

3 ei et;value X 100
 Yop = g,, L -51)
Y eigenvalue A,

p=t

where A, is the pth qigenValue out of the possible n. eigenvalues. The first principal
component (eigenvalue A;) of the Charleston TM scene accounts for 84.68% of the
variance in the entire multispectral data set (Table 7-5). Component 2 accounts for

TABLE 7-5 Eigenvalues Computed for the Covariance Matrix Found in Table 7-4.

Componetit,- N
1 2. 3 4 5 6 7
Eigenvalues. A, 1010.92 131.20 37.60 6.73 3.95 2.17 124
Difference 879.72 93.59 30.88 21N 1.77 0.93 -—

Total variance = 1193.81
Percent of total variance in the data explained by each component:

< Computed as: _ cigenvalue Ay X 100

%op

ki
Y cigenvalue A»
p=

For example,
7
T A, = 1010.92+ 131.20 + 37.60 + 6.73 + 3.95 + 2.17 + 1.24 = 1193.81
»=1 :

1010.92 X 100 _

Percentage of variance explained by first component = 1193.81 84.68
Percentage: 84.68 . 10.99 3.15 056 - -033 0.18 0.10

Cumulative: 84.68 95.67 98.82 99.38 99.71 99.89 99.99
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TABLE 7-6 Eigenvectors (a.,) Computed for the Covariance Matrix Found in Table 7-4.

Component,
i 2 3 4 5 6 7

1 0.205 0.637 0.327 —0.054 0.249 ~0.611 —0.079

2 0.127 0.342 0.169 —0.077 0012 0.396 0.821

3 0.204 0.428 0.159 —0.076 —0.075 0.649 —0.562
Bandy 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 o.o1l

6 0.376 0.197 —0.309 —0.312 —0.769 ~0.181 0.051

7

0.106 0.033 —0.080 0.887 0.424 0.122 0.005

10.99% of the remaining variance. 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 7-5). Thus, the seven-band TM data set 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 compo-
nent 1 stand for? By computing the correlation 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:

vV Vary
where ax; = eigenvector for band k and component p

A, = pth eigenvector (component)
Var, = variance of band k in the covariance matrix

Rip (7-52)

This computation results in a new n X n matrix (Table 7--7) filled with factor loadings.
For example, the highest correlations (i.e., factor loadings) for principal component
1 were for bands 4, 5, and 6 (0.894, 0.989, and 0.961, respectively, Table 7-7). This
suggests that this component is a near- and middle-infrared reflectance band. Con-
versely, principal component 2 has high loadings only in the visible bands 1, 2, and
3 (0.726, 0.670, and 0.592). This is a visible spectrum component. Component 3
provides very little information of value with no loading above 0.287. Component 4
accounts for very little of the variance but is easy to label since it loads heavily
(0.545) on the thermal infrared band 7. Components 5, 6, and 7 provide no useful
information and should probably not be analyzed further.

Now that we understand what “information” each component contributes, it
is useful to see what the images of these components look like. To do this it is
necessary first to identify the brightness values (BV;,;.ix) associated with a given

1042

OFEK 06840



156 Image Enhancement Chap. 7

TABLE 7-7 Degree of Correlation, Ry,, betweén Each Band, and Each Principal

Component,
Computed as:
Ry =22 XA
Vv vafk
For example,
0.205 X 4/ 101092 0.205 X 31.795
Ru=—" s w006 ¥
Resi= 0.742 X « /1015.5'2- _’0.742 X3L795 0.989
. V/568.84 23.85 )
0.342 X \/ﬂi.’).'(-) 0.342 X 1145
R 22~ = = 0.670
34.14 5.842
COmponent,
1 2 3 4 s 6 7

0.649 0.726 0.199 —0.014 0.049 —0.089 —0.008

 0.69%4 0.670 0.178  —0.034 0.004 0.099 0.157

" 0.785 0.592 0.118  —0023  —0.018 0.115  —0.075

Band,  0.894 —0.342 0.287 0017 -0019  —0002  —0.000
0989  -0084 —0.112  —0.032 0:030 0.000 0.000

0.961 0.181  —0.152 0065 —0.122 . —0.021 0.004

0.799 0089  —0.116 0.545 0.200 0.042 0:001

pixel. In this case we 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:

BV;,;,] =20
BV 112=30
BV:3=22
X =|BV114=60 (7-53)
BVi15=T70
BV,16=062
LBVI.I.'I = 50}

We will now apply the appropriate transformation to these data such that they are
projected onto the first principal component’s axes. In this way we will find out
what the new brightness value (newBV; ;) will be for this component, p. It is
computed according to the formula:

n

newBVg,j P =kz akpBV{.jk (7-54)
=1
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where a,, = factor loading (eivenvector)
BV;; = brightness value in band k for the pixel at row i column j
n = number of bands

In our hypothetical example this would yield:

newBV 111 =a11:(BV1.11) + a21(BV112) +a 31(BV11.3) T a41(BV 1.1.4)
+ as1(BV11s) T a6 (BV116) +a 72(BV 1.1.7)
=0.205 (20) + 0.127 (30) + 0.204 (22) + 0.443 (60) + 0.742 (70)
40.376 (62) + 0.106 (50)
=119.53

This is a “pseudo-measurement” that is a linear combination of original brightness
values and factor loadings (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 data to produce the
principal component 1 data set. Then p is incremented by 1 and principal component
2 is created pixel by pixel. This is the method used to produce the principal component
images (sometimes referred to as eigenimages) shown in Fig. 7-30. If desired, any
two or three of the principal components can be additively filtered with blue, green,
and/or red light to create a principal component color composite. These displays
often depict more subtle differences in color shading and distribution than the tradi-
tional color-infrared color composite images.

If components 1, 2, and 4 are of value, 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 principal 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).

Gunther (1982) developed a two-mode PCA that computes the first and second
principal components for three sets of MSS data: set one is MSS 4 and 5 data, set
two is MSS 5 and 6, and set three is MSS 6 and 7 data. This produces six PCA
axes and images that can be color composited to enhance the terrain.

Vegetation Indices!
The collection of accurate, timely information on the world’s food and fiber crops

continues to be important. The terrible famine and starvation in Ethiopia in 1984—
1985 is a sufficient example. The collection of such information using in situ techniques

is often expensive, time consuming, and occasionally impossible. An alternative is -

the measurement of vegetative amount and condition based on an analysis of remote
sensing spectral measurements.

! This section contains some information reprinted with permission from C. R. Perry, and L. F.
Lautenschlager, 1984, “Functional Equivalence of Spectral Yegetation Indices,” Remote Sensing of Environ-
ment, Vol. 14, pp. 169-182. © 1984 by Elsevier Science Publishing Co.
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158 Image Enhancement  Chap. 7

Figure 7-30 First four principal component images of the ‘Charleston; S.C., thematic mapper
data computed using all seven bands. Component 1 consists of both near- and middle-infrared
information (bands 4, 5, and 6). Component 2 contains primarily visible light information (bands
1, 2, and 3). Component 3 is difficult to interpret. Component 4 consists of the thermal infrared
information contributed by band 7. Thus the seven-band TM data can be reduced in dimension
to just three principal components (1, 2, and 4) that account for approximately 98% of the variance.

Much of the research in this area has involved the analysis of Landsat multispec-
tral scanner (MSS) and thematic mapper (TM) data usi_@ig_ digital image processing
techniques. The goal has often been to reduce the four to seven bands of MSS or
TM data down to a single number per pixel that predicts or assesses such canopy
characteristics as biomass, productivity, leaf area, and/or percent vegetative ground
cover. This section identifies several algorithms used to extract such information
from remotely sensed data, which are referred to collectively as vegetation indices
(VIs). It will be shown that many of the indices are redundant in information content
and should be used judiciously.
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Figure 7-31 Typical spectral reflectance characteristics for healthy green grass, dead or senescing
grass, and bare dry soil for the wavelength intcrval from 0.4 to 1.1 pm. [After Deering et al.,
(1975) and Perry and Lautenschlager (1984)]. © 1984 Elsevier Science Publishing Co. Inc. Used
with permission.

Typical spectral reflectance characteristics for healthy green vegetation, dead
or sensecent vegetation, and dry soil are shown in Fig. 7-31. Healthy green vegetation
generally reflects 40 to 50% of the incident near-infrared energy (0.7 to 1.1 pm),
with the chlorophyll in the plants absorbing approximately 80 to 90% of the incident
energy in the visible (0.4 to 0.7 pm) part of the spectrum (Jensen, 1983). Dead or
senescent vegetation reflects a greater amount of energy than healthy green vegetation
throughout the visible spectrum (0.4 to 0.7 pum). Conversely, it reflects less than
green vegetation in the reflective infrared region. Dry soil generally has higher reflec-
tance than green vegetation and lower reflectance than dead vegetation in the visible
region, whereas in the near-infrared, dry soil generally has lower reflectance than
green or senescent vegetation. Most vegetation indices are based on the fact that
there are significant differences in the shape of these three curves. Remote sensing
can provide no useful crop condition information if all three curves are situated on
top of one another.
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The brightness values (BVs) from an individual MSS band (e.g., Landsat MSS4,
MSS5, MSS6, MSS7) have been used as ‘vegetation indexes to estimate percent ground
cover and vegetative biomass (Wiegand et al., 1974; Tucker, 1979). Correlation coeffi-
cients from 0.30 for MSS7 with crop cover to 0.88 for MSS6 with leaf area index
have been reported. This is certainly the most computationally simple type of vegetative
index.

Between-band ratlomg of MSS and TM brightness values have been used to
estimate and monitor green biomass. The discussion on band ratioing earlier in this
chapter describes how the ratios are computed. For example, a simple red/infrared
ratio of TM bands 3 and 4 of the Charleston image is shown in Fig. 7-20. The
darker the ratio pixel, the greater the amount of vegetative matter.

One of the first successful vegetation indices based on band ratioing was devel-
oped by Rouse et: al. (1973). They computed the normalized difference of brightness
values from MSS7 and MSS5 for monitoring vegetatlon They called it the normalized
difference index, hereafter referred to as ND7. Deering et al. (1975) added 0.5 to
ND7 and took the square root, producing the transformed vegetation index, or TVIT.
Similar algorithms using MSS6 and MSSS were also used:

MSS6 MSS5
ND6 = Mss6 + MsS5 (7-53)
MSS7 — MSS5
ND7 =857+ MsS5 , (7-36)
TVI6=+/ND6+035 (7-57)
TVI7 =+/ND7+05 (7-58)
Perry and Lautenschlagcr (1984) found that the addition of 0.5 did not eliminate
negative values altogether. Therefore, they proposed the following algorithms:
NDé6 + 0.5
TVI6= X +/Abs(ND6 + 0. 7-59)
16 Abs(ND6 +03) Abs(ND6 + 0.5) (7-59)
ND7 4+ 0.5 - .
= - X ’ 0.5 @
™vH Abs(ND7 +0.5) VAbs(ND7+0.5) (7-60)

where Abs is the absolute value and 0/0 is equal to 1.

Transformed vegetation indices such as those discussed have been used exten-
! sively to measure vegetation amount (Curran, 1980; Lulla, 1983). For example, NOAA
'! , now provides a standard vegetation index map compiled weekly for both hemispheres
l, from NOAA AVHRR (advanced very high resolution radiometer) meterological satel-
r
i

Ta— _ ,_,.
B e S
e R

W=7 o

lite data (Tarpley, 1983; Fig. 7-32). Also, a simple red/reflective infrared ratio was
the basis of the FILE sensor system flown on board the Space Shuttle. It consisted
of itwo imaging cameras used to perform on-board mapping of earth phenomena
into one of four categories: water, vegetation, bare land; and clouds-snow-ice. Each
camera contained charge-coupled detectors (100 X 100 elements) which measured

o Rt b
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Figure 7-32 Vegetation index maps produced by applying transformed vegetation index algorithms
to NOAA advanced very high resolution radiometer (AVHRR) meteorological satellite data. (From

Tarpley, 1983)

surface reflectivity at wavelengths centered at 0.65 and 0.85 um with bandwidths
of 0.02 um. Pattern recognition algorithms based on ratios of the red and reflected
infrared reflectance values (Fig. 7-33) were used to make real-time classification deci-
sions (Sivertson et al., 1982). This is one of the first real-time, thematic mapping
sensors that could transmit the information to the earth or use it internally to control
the operation of other sensors and avoid the collection of unwanted or unusable
data (such as cloud-covered areas).

Two simple vegetation indices based on image differencing have found use.
They include the DVI, developed by Richardson and Weigand (1977), and the AVI,
proposed by Ashburn (1978):

DVI =24 MSS7 — MSS5 (7-61)

AVI=2.0 MSS7 — MSS5 (7-62)

One of the most important vegetation indices is the/tassled cap transformation
developed by Kauth and Thomas (1976). It is based on Gram-Schmidt sequential
orthogonalization techniques that produce an orthogonal transformation of the original
four-channel MSS data space to a new four-dimensional space. It is called the tassled
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RED SENSOR OUTPUT

Figure 7-33 Red and near-infrared band ra-
tio data obtained. by the Space Shuttle FILE
sensor was used to partition tlie two-dimen-

_ s sional feature space into the land-cover types
IR SENSOR OUTPUT shown. (After Sivertson et al, 1982.)

cap transformation because of its cap shape (Figs. 7-34 to 7-36). It has been rigorously
tested and is used extensively in agricultural research. The transformation identifies
four new axes, including the soil brightness index (SBI), the green vegetation index
(GVI), the yellow stuff index (YVI), and a non-such index (NSI) associated with
atmospheric effects. Generally, the first two indices contain most of the scene informa-
tion (95 to 98%). Kauth and Thomas found that nearly all (98%) of the variance
in bare soil spectra from several different soil types could be explained by thie'soil
brightness index (SBI). They concluded that bare soils would lie in a line” parallel
to the brightness axis and that a globally valid soil line exists that could be applied
to Landsat MSS agricultural scenes. Greenness is an orthogonal deviation from the
mean soil line and is used as a measure of the green vegetation present. The farther
the distance perpendicular to the soil line, the greater the amount of vegetation present
within the field of view of a pixel."

The coefficients in the following equations applied to Landsat 2 MSS data are
from Kauth et al. (1979) and Thompson and Wehmanen (1980):

SBI = 0.332MSS4 + 0.603MSSS5 + 0.675MSS6 + 0.262MSS7 (7-63)
GVI.=—0.283MSS4 — 0.660MSS5 + 0.577MSS6 + 0.388MSS7 (7-64)
YVI =—0.899MSS4 + 0.428MSS5 + 0.076MSS6 — 0.041MSS7 (7-65)

| NSI = —0.016MS54 + 0.131MSS§ - 0.452MSSG + 0.882MSS7 (7-66)

A greenness vegetation index (GVI) image is created by multiplying each of the
four original Landsat MSS brightness values for each pixel by the corresponding
tassled cap coefficient. Jackson (1983) describes the procedures for calculating the
cocfficients of n-space indices. Huete et al. (1984) and Ezra et al. (1984) provide
additional insight into the importance of calculating the coefficients on a site-specific
basis, if possible, rather than using global coefficients. Ezra et al. (1984) also review
the environmental factors that should be considered whenever a vegetation index is
applied. Crist and Kauth (1986) de-mystified the tassled cap transformation.
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Figare 7-34 Crop development in the
Kauth-Thomas tassled cap brightness-green-
ness plane of vegetation. (From Crist, 1983.)
© 1983 Purdue Research Foundation. Used
with permission.

Figure 7-35 Location of various types of land
cover when plotted in the brightness-greenness
spectral space. Brightness is highly correlated
with bare soil while greenness is highly corre-
lated with leaf area index, percent canopy clo-
sure, and/or biomass. (From Crist, 1983.) ©®
1983 Purdue Research Foundation. Used with

..

Figure 7-36 Actual plot of brightness and
greenness values for an agricultural area. Note
that the shape of the distribution looks like a
cap. (From Crist, 1983.) © 1983 Purdue Re-
search Foundation. Used with permission.
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PLANE OF VEGETATION .

E OF SO1LS Figure 7-37 Dispersion of sxx-band

thematic mapper data based on the use
of the Kauth-Thomas transformation.
(From Crist 1983.) © 1983 Purduc Re-
search Foundation. Used with permis-
sion.

Recent research has evaluated the Landsat 4 and 5 thematic mapper (TM)
data to determine if it provides as useful vegetation index information as the MSS
data. Crist and Cicone (1984) found that “the coefficients of the first two components
are, for the TM bands which sample the same spectral regions as the MSS bands
(TM bands 2, 3, and 4), comparable to those which define greenness and brightness.”
They found that the six-band TM data are dispersed into a three-dimensional space,
and more precisely, define two perpendicular planes and a transition zone between

Turbid
Water

Clear
Water

@ ~ A BRIGHTNESS

T
Concrete
Urban
Figure 7-38 Approximate direction of moisture variation in the planc of

soils. The arrow points in the direction of less moisture. (From Crist, 1983.)
© 1983 Purdue Research Foundation. Used with permission.

THIRD
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the two (Fig. 7-37). Fully vegetated areas define the “plane of vegetation,” while
bare soils data fall in a “plane of soils.” Between the two are data with partially
vegetated plots where both vegetation and soil are visible. Thus, during a growing
season, an agricultural field is expected to begin on the plane of soils, migrate through
the transition zone, arrive at the plane of vegetation near the end of crop development,
and then move back toward the plane of soils during harvest or senescence.

In addition, they identified a third component that is related to soil features,
including moisture status (Fig. 7-38). Thus an important new source of soil information
may now be available through the inclusion of the middle-infrared bands of the
thematic mapper. For example, the Charleston TM scene is decomposed into bright-
ness, greenness, and moisture content images in Fig. 7-39, based on the use of the

Figure 7-39 Brightness, greenness, and wetness images derived by applying Kauth-Thomas tassled
cap transformation cocfficients to the Charleston, S.C., thematic mapper data (six bands). The
coefficients used are summarized in Table 7-8.
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TABLE 7-8 Coefficients for the Creation of Tassled Cap Features Using Thematic
Mapper Data

Feature 1 2 K} 4 5 6

Brightness 033183 033121  0S5177 042514 048087 02252
Greenness  —024717  —0.16263  —040639 085468 005493  —0.11749
Third 013929 022490 040359 025178 —0.70133  —045732

Source: Crist and Cicone (1984). © American Society of Photogrammetry and Remote Sensing. Used
with permission.

TM tassled cap coefficients summarized in Table 7-8. The moisture component image
provides subtle information concerning the moisture status of the wetland environment.
- As expected, the greater the moisture content, the brighter the response. A color
composite using these three components enhances the separation between urban, water,
. and especially wetland. classes {Fig. 740 (color section)].

' Principal components analysis (described elsewhere in this chapter) can be applied
"to MSS data for vegetation applications. For example, Wheeler and Misra (1976)
“and Misra and Wheeler (1977) applied PCA to Landsat MSS data, producing resuits

very similar to the Kauth-Thomas transformation: '

MSBI = 0.406MSS4+ 0.600MSSS +0.645MSS6 +0.243MSS7  (7-67)

. MGVI=—0.386MSS4 — 0.530MSSS +0.535MSS6 + 0.532MSS7  (7-68)
MYVI= 0.723MSS4 = 0.597MSS5 + 0.206MSS6 — 0.278MSST  (7-69)

| . MNSI= 0.404MSS4— 0.039MSSS5 — 0.505MSS6 +0.762MSS7  (7-70)
" The similarity of the K&uih—ihomis arid Wheeler-Misra results was ironic in light
“of the fact that the logic and techniques underlying the two processes are different.
Principal ‘component analysis factors the total variation in the data into mutuaily
orthogonal components. The order is established by the successive directions of maxi-

mum variation. With- principal component analysis the analyst places a priori order

on the principal directions. Conversely, [the Kauth-Thomas application of] Gram~

R

Schiidt orthogonalization allows the analyst to freely establish a physical interpreta-

tion by choosing the.order in which the calculations are performed (Perry and Lauten-
schlager, 1984). S

The perpendicular distance to the “soil line” as an indicator of plant development

(Fig. 7-41) was developed by Richardson and Wiegand (1977). Generally, the farther

away from the soil line to the left, the greater the amount of vegetation present

(Curran, 1983). Note that there exists-a point on the line for both dry (A) and wet

(B) soils. Points C and D are partially vegetated areas with relatively dry or wet
soils, respectively. The soil line represents a two-dimensional variation of the Kauth—-

1053
OFEK06851



Special Transformations 167

Full Cover Vegetation
E

Partial Cover Vegetation

NEAR-INFRARED REFLECTANCE

RED REFLECTANCE

Figure 7-41 Relationship of vegetation to soil background using a perpendicular vegetation index.

(From Richardson and Wiegand, 1977.) © 1977 Elsevier Science Publishing Co. Inc. Used with
permission.

Thomas brightness value index (SBI). Two perpendicular vegetation indices (PVIs)
based on this logic were developed:

PVIT = /(0.355M557 — 0.149MSS3)? + (0.353M555 — 0.852MSS /) 7-1n)
PVI6 = /{(—2.507 — 0.457M355 + 0.498MSS6)E + (2.734 + 0.498MSS5 — 0.543MSSoy 7-n2)

Perry and Lautcnschlager (1984) felt that the perpendicular vegetation indices de-
scribed above were computationally inefficient and that they also did not distinguish
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right from left of the soil line (water from green vegetation). Therefore, they proposed
perpendicular vegetation indices (PVIs) that took these factors into account:

_ 1.091MSS6 — MSS5 — 5.49

PVI6= Vs g (-13)
2.4MSS7 — MSS5 —0.01
PVI7 = 24+ 1 74

Another vegetation index called greenness above bare soil (GRABS) was tested
by Hay et al. (1979). It was computed using the Kauth-Thomas transformation on
Landsat MSS data that had been corrected for sun-angle effects and atmospheric
haze: ‘

GRABS = GVI — (0.09178SBI) + 5.58959 (7-75)

Finally, Kanemasu et al. (1977) regressed wheat leaf area measurements with
MSS band ratios, resulting in the ELAI index:

ELAI=2.68 — 3.69R45 — 2.31R46 + 2.88R47 (1-76)
+0.43R56 — 1.35R57 + 3.07 [R45 — (0.5SR4AT)H(RAS)]

where R45 stands for a ratio of MSS bands 4 and 5. Work on a larger data set
resulted in another regression equation (Pollock and Kanemasu, 1979):

CLAI = 0.366 — 2.265R46 — 0.431(R45 — R4T}(R45) am
+ 1.745R45 + 0.57PV17 _ i

Perry and Lautenschlager (1984) used cluster analysis to study the empirical
relationships among the vegetation indices described above and others. Clustering
separated the VIs into two large groups and a few smaller ones. One large group
contained VIs based on MSS5 and MSS7, including AVI, PVI7, TVIT, R7S, and
ND7. The other large group contained VIs involving MSS5 and MSS6 and a few
Vls involving three or all four MSS channels, including GRABS, CLAI, R6S, TVIS,
ND6, GVI, MGV, PVI6, and SGVL The VIs within these two groups had absolute
simple correlations greater than 0.90, with most greater than 0.95. The elements of
these two large groups were correlated at 0.8 or higher, suggesting that redundancy
was rampant. Three small groups, however, werc off by themselves, suggesting that
they have unique information not contributed by the other indices. The three groups
were composed of the following indices: (NSLR76), (R64,R74), and (SBI, MSBI,
and SNSI). '

This condition encouraged Perry and Lautenschlager (1984) to further evaluate
several indices to determine their “equivalence” using alarm models and graphic
display techniques. Their results demonstrated that for practical purposes several of
the most widely used vegetation indices are completely equivalent. For example, all
transformed vegetation indices were found to be equivalent to their corresponding
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band ratios. Therefore, redundant information may be obtained when two or more
of the vegetation indices described above are applied to the same data set.

Texture Transformqtions

When human beings visually interpret remotely sensed imagery, they synergistically
take into account the following characteristics of the data: (1) context, (2) edges,
(3) texture, and (4) tonal variation or color. Conversely, most digital image processing
classification algorithms are based only on the use of the spectral (tonal) information
(i.e., brightness values). Thus, it is not surprising that there has been considerable
activity in trying to incorporate some of these other characteristics into the digital
classification procedure.

Haralick (1973) defines a discrete tonal feature as being a connected set of
pixels all of which have the same or almost the same gray shade (brightness value).
When a small area of the image (e.g., a 3 X 3 area) has little variation of discrete
tonal features, the dominant property of that area is gray shade. Conversely, when
a small area has a wide variation of discrete tonal features, the dominant property
of that area is texture. Most researchers trying to incorporate texture into the classifica-
tion process have attempted to create a new texture image which can then be used
as another “feature” or band in the classification. Thus, each new pixel of the texture
image has a brightness value that represents the texture at that location (ie.,
BY; 5 texture)-

In a comparative study of texture measures for level 1 terrain classification of
remote sensor data, Weszka et al. (1976) identified three standard approaches to
automatic texture classification. These approaches include features based on first-
and second-order gray-level statistics and on the Fourier power spectrum.

First-order statistics in the spatial domain. One class of picture proper-
ties that can be used for texture synthesis is first-order statistics of local areas (i..,
the means, variances, and standard deviations). For example, Mauer (1974) used
standard deviation as one of the texture features in the classification of crop types
in Switzerland. The analysis was based on large extended blocks (50 X 50 pixels)
of digitized 1:7,800 aerial photography. Such blocks also allowed the use of three
other first-order measures, including average distance between pixels belonging to
the same density class, average run length along a scan line of pixels of similar
value, and a measure of the probability that a pixel has a neighboring pixel with a
value in a particular density class. With the exception of run length, these texture
parameters were useful for discriminating crop types.

Hsu (1978) proposed 17 first-order texture measures to classify level I land
cover from digitized aerial photography. The study concluded that gray-level run-
length statistics (called waveform statistics) were superior, although all texture mea-
sures except kurtosis were statistically significant. Based on these results, Irons and
Petersen (1981) applied 11 of Hsu’s local texture transforms to Landsat MSS data
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using a 3 X 3 moving window (mean, variance, skewness, kurtosis, range, Pearson’s
second coefficient of skewness, absolute value of mean norm length differences, mean
of squared norm length differences, maximum of squared norm length differences,
mean Euclidian distance, and maximum Euclidean distance). Unfortunately, none
of these texture measures used in either supervised or unsupervised classifications
(discussed in Chapter 8) resulted in the derivation of a texture transform class that
corresponded to a land-cover category. The data sets and methiods in these two studies
were not idéntical; therefore, care should be exercised when comparing them.

A min-max texture operator based on an analysis of the brightness values found
within the following five-element spatial moving window has been proposed:

where

intensity of brightest intensity of darkest ‘
)_( ) a)

texture at pixel C "—?(  pixel at pixel at
A,B,C,D.E A,B,C.D.E

Shih and Showengerdt (1983) devised another min-max algorithm to include
information on the local edge amplitode and density (referred to as the LEAD texture
feature). The main difference between their algorithm and that of Mitchell et al.
(1977) is that all local pixel deviations within a specified threshold range were mea-
sured, not just local extrema. Their algorithm is based on the following three steps:
(1) cornvolution of Landsat MSS band 5 data using a 3 X 3 high-pass spatial filter;
(2) two absoliite value thresholds are applied to the high-pass image, which has been
histogram equalized so that each pixel is classified into one of three mutually exclusive
threshold ranges; Ty, T2, and Ty; and (3) a count image is produced by convolving

" the thresholded high-pass image with a window that counts the number of pixels in
each threshold range within the window area. The number of pixels within each
range is a measure of a specific amplitude (T'y, T3, and T's range limits) and density
(number of points within each range) of image activity, that is, edges, lines, points,
and other elements of texture within thé nicighborhood defined by the window. Their
window sizes were § X 5, 9 X 9, and 11 X 11. They reported that the inclusion of
textural features significantly improved the overall classification accuracy of geologic/
geomorphic classes within the training sites from an average of 73% in the “spectral
only” classification to 96% in the “spectral plus textural” classification.

Second-order brightness value statistics in the spatial domain. A
higher-order set of texture measures was proposed by Haralick and Shanmugam (1974)
and Haralick (1979) based on brightness value spatial-dependency matrices. If ¢ =
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(Ax, Ay) is considered a vector in the (x,y) image plane, for any such vector and
for any image f(x,p) it is possible to compute the joint probability density of the
pairs of brightness values that occur at pairs of points separated by c. If the brightness
values in the image can take upon themselves any value from O to the brightness
value range, BV, (e.g., 0 to 255), this joint density takes the form of an array he,
where h.(i,j) is the probability that the pairs of brightness values (i,j) occur at
separation ¢. This array, h, is BY; by BV, in size. It is easy to compute the h.
array for f(x,y), where Ax and Ay are integers, by simply counting the number of
times each pair of brightness values occurs at separation c(Ax and Ay) in the image.
For example, consider the following image, which has just five lines and five columns
and contains brightness values ranging from only 0 to 3:

01123
00 233
original image=0 1 2 2 3
1 23 2 2
2 23 3 2

If (Ax and Ay) = (1, 0), these numbers are represented by the brightness value
spatial-dependency matrix h¢:

0123

ort 210
he=110 1 3 O
210 0 3 5
3,0 0 2 2

where the entry in row i and column j of this matrix is the number of times brightness
value i occurs to the left of brightness value j (Weszka et al., 1976). For example,
brightness value 1 is adjacent to brightness value 2 a total of three times in this
simplified image [i.c., he(l, 2) = 3]. It is assumed that all textural information is
contained in the brightness value spatial-dependency matrices that are developed for
angles of 0°, 45°, 90°, and 135° (Fig. 7-42). Generally, the greater the number
found in the diagonal of the spatial dependency matrices, the more homogeneous
the texture is for that part of the image being analyzed.

Haralick proposed a variety of measures to extract useful textural information
from the h. matrices. In an empirical test of these measures with Landsat MSS
data, Haralick and Shanmugan (1974) used extended blocks (64 X 64) of imagery
quantized to just 16 levels. When four textures features and eight spectral Landsat
MSS features (bands) were used, 2 7% increase in level I land-cover classification
accuracy was reported. Jensen (1979) and Jensen and Toll (1982) report on the use
of Haralick’s angular second moment (ASM) for use as an additional feature in the
supervised classification of remotely sensed data obtained at the urban fringe and in
urban change-detection mapping. The ASM is computed according to the formula
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135° o0 45"
6 7 8
~1—b X o 1—= 0
Figure 7-42 Eight nearest
J neighbors of pixel X according to
4 7 3 _ 2 ) angle ¢ used in the creation of
' | ’ N spatial dependency matrices for the
measurement of image texture.
% (After Haralick and Shanmugam,
1973)
' BV, BV, i
ASM = z' 2 M (7_79)

{=15*1 R

where BV, is the range of possible brightness values, R the number of pixel pairs,
and h(i,j) the (i,j)th entry in one of the angular brightness value spatial-dependency
matrices discussed previously. During computation, four brightness value spatial-de-
pendency matrices (0, 45, 90, and 135) are derived for each pixel based on neighboring
pixel values. The average of these four measures is normally output as the texture
value for the pixel under consideration.

Sun and Wee (1983) built on the idea of the neighboring' gray-level dependency
matrix. They developed a new texture transformation (called NGLDM) that is (1)
easily computed, (2) essentially invariant undeér spatial rotation:(i.e.; the'same texture
value will result even if the brightness values are rotated), ‘and (3) invariant even
when the brightness value range is transformed. o e

Fourier power spectrum texture measures. It has been shown that
texture features developed in the Fourier domain are generally inferior to statistically
based texture measures for use in terrain classification (Weszka et al., 1976).

Although texture features have been increasingly incorporated into multispectral
classifications, no single algorithm combining efficiency and effectiveness has yet to
be widely adopted. Since many of the features are based on the convolution of the
original spectral data with a window of pixels, spatial detail is often lost at the edges
of important phenomena (Townshend, 1981). This can be of significance especially
in the urban and:suburban environment. Also, the texture features derived for one
type of application (e.g., land-use classification at the urban fringe) are not necessarily
useful when applied to another geographic problem (e.g., identification of selected
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geomorphic classes). Finally, some parameters central to the computation of the texture
features are still derived empirically (e.g., the size of the window or the location of
certain “thresholds”). This makes it difficult to compare and contrast studies when
so many variables in the creation of the texture features are not held constant.
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Color Fig. 2-25. This is SPOT simulation
data of the Washington, D.C. area obtained
on 6 July 1983 using a Daedalus multi-
spectral scanning system. [©1983 SPOT
Image Corporation].
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Color Fig. 5-13. Color density slice of the
 thermal plume in the Savannah River shown
in Figure 5-11. The color codes and associ-
ated class intervals are summarized in Table
5-3. The transects are discussed in Chapter
7. [Jensen et al., 1983].
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Color Fig. 5-1S. A color
infrared color composite of
the Charleston, South Car-
olina Thematic Mapper image.
TM bands 2, 3, and 4 were
-placed in the blue, green, and
red banks of the image proc-
essor memory, respectively.
[Author].

Color Fig. 7-3. A 198 row
by 232 column color infrared
color composite of bands 2, 3,
and 4 of the entire Charles-
ton, South Carolina, Thematic
Mapper scene. Every 30th row
and 30th column of the original
5940 rows and 6960 columns
were sampled. The Charleston
peninsula is the steel gray
area in the lower center of
the image. Note the turbidity
off the South Carolina coast.
{Author].
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Color Fig. 7-8. A color
coded transect through the
heart of the Charleston, South
Carolina Thematic Mapper
data. Refer to Color Figure
5-12 for the location of this
transect in the density sliced
band 4 TM image. The color
codes and class intervals are
summarized in Table 5-2.
[Author].

' FOUR MILE CREEK
| TRANSECT B

Color Fig. 79. A color
coded version of Transect B
previously identified in Color
Figure 5-13. The original
thermal infrared image was
calibrated to be within +.2°C
of the apparent temperature of
objects. Therefore, once the
transect was rotated so that
the beginning and ending
points of the transect fell on
the same line in the image,
statistical information could
be extracted. Refer to Table
7-1 for a summary of the
color codes and class inter-
vals. [Jensen et al., 1983].
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Color Fig. 7-40. A color composite produced by project-
ing the Brightness image in Figure 7-39 with red light, the
Greeness image with green light, and the Wetness image
with blue light. Note how the wetland areas show up in hues
of blue and green which are entirely appropriate. Commer-
cial and bare soil areas reflect visible and infrared light very
similarly, therefore they both show up in shades of red. If
desired, this three band vegetation index dataset could be
used as the basis for a supervised or unsupervised classifica-
tion. [Author].
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Color Fig. 8-15. The result
of applying a Minimum Dis-
tance to Means classification
“algorithm to the training data _
summarized in Table 8-3.
Bands 4 and 5 of the
Thematic Mapper were used.
The categories of this Super-
vised Classification are (1)
Yellow = Residential land
cover, (2) Red = Commer-
cial, (3) Light Green = Wet-
land, (4) Dark Green =
Forest, and (5) Blue =
Water. See Table 8-7 and
Table 8-8 for a summary of
the number of pixels in each
class and an evaluation of
classification error. {Author].

Color Fig. 8-21. The result
of performing an unsupervised
classification of the Charleston,
South Carolina Thematic Map-
per image using bands 3, 4,
and 5. Twenty clusters were
extracted and relabeled accord
ing to the criteria shown in
Figure 8-24 and Table 8-9.
[Author].
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Thematic Information Extraction

INTRODUCTION

It is possible to analyze remotely sensed data of the earth and extract useful thematic
information. Notice that data are. transformed into information. One of the most
often used methods of information extraction is multispectral classification . This proce-
dure assumes that imagery of a specific geographic area is collected in multiple regions
of the electromagnetic spectrum and that the images are in good registration (Fig.
8-1). For example, seven registered bands of thematic mapper data of a portion of
Charleston, S.C., are displayed in Fig. 8-2. Most of the information extraction tech-
niques rely on analysis of the spectral reflectance properties of such imagery and
employ special algorithms designed to perform various types of “spectral analysis.”
The process of multispectral classification may be performed using either of two
methods: supervised or unsupervised.

In a supervised classification, the identity and location of some of the land-
cover types, such as urban, agriculture, wetland, and forest, are known a priori through
a combination of field work, analysis of aerial photography, maps, and personal experi-
ence (Heaslip, 1975). The analyst attempts to locate specific sites in the remotely
sensed data that represent homogeneous examples of these known land-cover types
(Townshend, 1981). 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

177
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Multlspectral Image Concept

3.
(1 N
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i*igure 8-1 To perform multispectral classification the n-bands of remotely scnsed data must be
- in perfect registration. ‘ i - -

" these training sites is then evaluated and sssigned to the class of which it has the
. highest likelihood of being.a member. -

. TInanunsupervised classification,, the identities of land cover types to be specified
. a8 classes within ‘a scene are not generally. known a priori because ground truth is
. Iacking or surface features within the scene are not well defined. The computer is
required to group (cluster) pixel data into different spectral classes according to some
statistically determined criteria. It is then the responsibility of the analyst to label

these clusters. This chapter describes aspects of these two approaches.

SUPERVISED CLASSIFICATION

The fd_llowing arc,::i.mpor‘tmt_‘ aspects ofl_;pgindncting a rigoi‘ops and hopefully useful
supervised classification of remote sensor data: .

" 1. An appropriate classification scheme must be adopted.
2. Representative training sites must be selected, including an appreciation for
signature extension factors, if possible. =
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3. Statistics must be extracted from the training site spectral data.

4. The statistics are analyzed to select the appropriate features (bands) to be
used in the classification process; this may involve both computer graphic
and/or statistical methods of evaluating the degree of between-class separabil-
ity. ‘

5. Select the appropriate classification algorithm.

6. Classify the imagery into m classes.

7. Statistically evaluate the classification accuracy.

If these considerations are carefully addressed and if there are real differences between
the spectral reflectance characteristics of the various land cover classes under investiga-
tion, there is every hope that a useful thematic map will result. It is instructive to
review these parameters individually to understand their significance.

The Classification Scheme

The categories of interest must be carefully selected and defined to successfully perform
digital image classification. It is important for the analyst to realize, however, that
there is a fundamental difference between what we will call “information classes”
and “spectral classes” (Jensen et al., 1983; Campbell, 1983). Information classes are
those that man defines. Conversely, spectral 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 relatively high spatial resolution (30 X 30 m) remote
sensing device such as the thematic mapper might be able to identify a few pure
pixels of vegetation and a few pure pixels of asphalt road or shingles. However, it
is much more likely that in this residential area the pixel brightness values will be
a function of the reflectance from mixtures of vegetation and concrete. Unfortunately,
few planners or administrators want to sec a map labeled with such classes as (1)
concrete, (2) vegetation, and (3) mixture of vegetation and concrete. Rather, they
much prefer the analyst to rename the mixture class as single-family residential.
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 understand well the spatial and spectral characteris-
tics of the sensor 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 understood, spectral classes can be thoughtfully relabeled as informa-
tion classes when necessary.

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, including the U.S. Geological Survey Land Use/Land Cover
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Fignre 2 chm,bandsofl.andsatmemancmappcrdauform tcredmtheChuleston.
S.C, penmsuh.Bandsl:o6haveaspamlresoluuonof30x30mwhxle(hctbermalmfrned
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23

Classification System, thé Michigan C1ass:ﬁcataon System and thc Cowardin Wetland
Classification System. -
Major points of difference between varipus classlﬁeatlon schem are their (1)
- emphasis, and (2) ability to incorporate information obtained using remote sensing.
For example, the U.S. Geological Survey classification system (Anderson et al., 1976),
_is “resource” oriented in contrast with various “people or activity” oriented systems
such as the Standard Land Use Coding (SLUC) Manual (Urban Renewal Administra-
tion; 1965). 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-ori-
ented classification system whose primary emphasis would be the remaining 95 percent
of the United States land area.” The system addresses this need with eight of the
nine level I categories treating land area that is not in urban or built-up categories
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Figure 8-2 (Sec facing page for caption)

(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 interpreted, although it has been widely used for digital multispectral classifica-
tion as well. Land use/land cover data classified according to this system is compatible
with the land use coding used in the U.S. Geological Survey's Geographic Information
Retrieval and Analysis System (GIRAS) (Mitchell et al., 1977).

The Standard Land Use Coding Manual (SLUC), on the other hand, is land-
use “activity” oriented and is dependent primarily on in situ observation to obtain
remarkably specific land-use information even in regard to the contents of buildings
(Rhind and Hudson, 1980). Obviously, there exists the need to merge the two ap-
proaches to produce a hybrid classification system that incorporates both land use
interpreted from remote sensor data and very precise (and expensive) land-use informa-
tion obtained in situ when necessary.
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~TABLE 8-1 U.S. Geological Survey Land Use/Land Cover
: Classnfucatuon Systom for: \se with Remots SOnsor Dm

75

76

82

83

. 9 Pmmnnlsnowandwe 91

Strip mines, quarries, and gravel
pits

Tmnsmoml areas

Mixed barren land

Shrub and brush tundra

‘Herbaceous tundra

Bare ground
Glaciers

Source: Anderson ct al. (1976).
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Supervised Classification 183

TABLE8-2 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
I Landsat (formerly ERTS) type of data
nn High-altitude data acquired at 40,000 ft (12,400 m)
or above; results in imagery that is less than
1:80,000 scale
m 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 and 1:80,000 scale

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

Source: Anderson et al. (1976) and Jensen et al. (1983). © American Society
of Photogrammetry and Remote Sensing. Used with permission.

Such a system was prepared and adopted for the state of Michigan (Michigan
Land Use Classification and Referencing Committee, 1975). Although optimized for
Michigan land use, it serves as a guide for the preparation of detailed urban/suburban
classification schemes developed elsewhere. Like the USGS system, the Michigan
system permits aggregation from the lowest level upward to successively higher levels,
and in certain instances, the disaggregation of any higher-level data into lower levels.
This reduces cost and permits increased benefits as multidisciplinary users access
the same data base and avoid duplication of effort. Basically, the nine level I categories
of the USGS system were adopted without change. In addition, however, the Michigan
system includes detailed categories in levels II, III, and IV consistent with Michigan
environmental and cultural conditions. It is land cover oriented up to and including
level 111, making it amenable to remote sensing data analysis. It is both land cover
and activity oriented at level IV so as to better meet user needs at the local level.
A complete list of this detailed classification system is given in Jensen et al. (1983).

The United States has tremendous wetland resources. The U.S. Fish and Wildlife
Service is responsible for supervising the mapping of all wetland in the United States.
The interpretation of remotely sensed data plays an important role in this endeavor.
Cowardin et al. (1979) developed a wetland classification system that incorporates
information extracted from remote sensor data and in situ measurement. It describes
ecological taxa, arranges them in a system useful to resource managers, and provides
uniformity of concepts and terms. Wetlands are classified based on plant characteris-
tics, soils, and frequency of flooding. Ecologically related areas of deep water, tradition-
ally not considered wetlands, are included in the classification as deep-water habitats.
Five systems form the highest level of the classification hierarchy, including marine,
estuarine, riverine, lacustrine, and palustrine (Fig. 8-3). Marine and estuarine systems
each have two subsystems, subtidal and intertidal; the riverine system has four subsys-
tems, tidal, lower perennial, upper perennial, and intermittent; the lacustrine has
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Subsystem.

Unconsolidated Bottom

B

- Aquatic Bed
Reef

Unconsolidated Shore

—— Estuaring —————

. WETLANDS ANDDEEIP'WATEI HABITATS

Littoral

Aquatic Bed

t;ﬂminhw.
Unconsolidated Shore
— Emergent Wetland

Rock Bottom
Unconsolidated Bottom
Aquatic Bed
Unconsolidated Shore

Moss-Lichen Wetland
—~Emergent Wetland

Scrub-Shrub Wetland
~Forested Wetland ' -

" Figure8-3 The Cowardin et al, (1979) classification hierarchy of wetlands and deep-water habitats,
- showing systems, subsystems, and classes. The palustrine system does not include deep-water habitats.
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UPLAND

PALUSTRINE RIVERINE PALUSTRINE UPLAND

- L L

AQUATIC
BED

PORESTED
WETLAND
1NCONSOLIDATED
SHORE
UNCONSOLIDATED
BOTTOM
EMERCENT WETLAND $
NONPERSISTENT
EMERGENT WETLAND
PERSISTENT
SCRUB~ SCRUB
WETLAND

— HIGH WATER
et S b

c AVERAGE WATER ;élé_-— e
e .

o TEMPORARILY FLOODED

b SEASONALLY FLOODED

c SEMIPERMANENTLY FLOODED
d INTERMITTENTLY EXPOSED

¢ PERMANENTLY FLOODED

Figure 8-4 Distinguishing features and examples of habitats in the riverine system. (Cowardin
et al,, 1979)

two, littoral and limnetic; and the palustrine has no subsystem. Within the subsystems,
classes are based on substrate material and flooding regime or on vegetative life form.
The same classes may appear under one or more of the systems or subsystems. The
distinguishing features of the riverine system are shown in Fig. 8-4. This is the
only nationally recognized wetland classification scheme.

Robinove (1981) suggests that classification schemes such as those just described
are rigid, based on a priori knowledge and are “difficult to develop and difficult to
use. Nevertheless, they are widely employed because they theoretically provide a
framework which can be used in the same way by many individuals whose classification
results will be comparable.” This brings us to an important consideration. If there
is already a reputable classification system for the phenomena we are interested in,
it is foolish to start anew, reinventing another system which will probably only be
used by ourselves. It is better to adopt or modify existing nationally recognized classifi-
cation systems. This allows us to interpret the significance of our classification results
in light of other studies and makes it easier to share data (Rhind and Hudson, 1980).

Finally, it should be noted that there is a relationship between the level of
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186 Thematic Information Extraction:  Chap. 8

detail in a classification scheme and the spatial resolution of remote sensor systems
used to provide information. For example, Welch (1982) summarized this relationship
for the mapping of urban/suburban land use and land cover in the United States
(Fig. 8-5). A similar relationship exists when mapping vegetation (NASA, 1983;
Botkin et al., 1984). For example, the sensor systems and spatial resolutions useful
for discriminating vegetation from a global to an in situ perspective are summarized
in Fig. 8-6. This suggests that the level of detail in the desired classification system
dictates the spatial resolution of the remote sensor data that should be used. Spectral
resolution is also an important consideration. However, it is not as critical a parameter
as spatial resolution since most of the sensor systems (e.g., Landsat MSS, TM, SPOT,
etc.) record energy in approximately the same visible and near-infrared portions of
the electromagnetic spectrum (refer to Chapter 2).

Training Site Selaection and Statistics Extraction

With the classification scheme adopted, an analyst may select sites within the image
that are representative of the land cover classes of interest. These sites should not
be atypical but ones that represent the norm for each class. The image coordinates
of these sites are then identified and used to extract statistics from the spectral data
for each of these areas. Training data should be of value if the environment from
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é

APPROXIMATE IFOV (m)

Figure 8-5 Spatial resolution (IFOV) re-
quirements as a function of the mapping re-
quirements for levels 1 to IV land-use classes
in the United States (based on Anderson et
al., 1976). Levels I, I1, 111, and IV information
are normally derived from satellite, high-,
medium-, and low-altitude image data, respec-
tively. Note the dramatic increase in resolution
required to map level 11 classes. (From Welch,

~ 1982; Jensen et sl., 1983.) © American Society
LAND USE CLASS (level) of Photogrammetry. Used with permission.
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LEVEL I : Global
AVHRR

resolution: 1.1 km

LEVEL 1 : Continental
AVHRR
Landsat Multispectral Scanner
resolution: 1.1 km — 80 m

LEVEL IIIl : Biome
Landsat Multispectral Scanner
Thematic Mapper
resolution : 80m — 30m

LEVEL IV: Region
Thematic Mapper
High Altitude Aircraft
Large Format Camera
SPOT

resolution : 30m —3m+ _

LEVEL V: Plot
High and Low Altitude Aircraft
resolution : 3m4+ — I m+

LEVEL VI : In Situ Sample Site

Surface Measurements
and Cbeervations

Figure 8-6 Relationship between the level of detail required and the spatial resolution of various
remote sensing systems for vegetation inventories. (From NASA, 1983; Botkin ct al., 1984.)
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188 Thematic Information Extraction Chap. B

which they were obtained is relatively homogeneous. For example, if all the soils in
a given region are of approximately the same association, it is likely that training
data for wheat classification will be useful throughout the region. However, if the
soil conditions should change dramatically as the study progresses across the study
area, it is likely that the training data acquired at one end of the study area will -
not be representative of the spectral conditions found in the other side of the study
area. Thus, we have a signature extension problem, meaning that it is not possible
to extend our training data through x, y space. The easiest way to remedy this
situation is during the preliminary stages of a project. At this time all significant
environmental factors that could contribute to signature extension problems are identi-
fied, such as differences in soil type; water turbidity; crop species (c.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 stratifica-
tion of these data. In such cases, it may be necessary to retrain the classifier over
relatively short geographic distances. However, if environmental conditions are homo-
geneous or can be held constant (e.g., through band ratioing, atmospheric correction,
etc.), it may be possible to extend signatures vast distances in space, significantly
reducing the cost and effort involved with retraining (Carr et al., 1983). Much addi-
tional research is required before the concept of spatial and temporal (through time)
signature extension is fully understood.

Once signature extension factors have been evaluated, the analyst selects repre-
sentative training sites for each of the classes and collects the spectral statistics for
each pixel found within each “training” site. Each site is usually composed of many
pixels. The general rule is that if training data are being extracted from n bands,
the minimum number of pixels in a class should be n + 1. This condition will allow
the inverse of the covariance matrix for each class to be calculated, which is important
in some classification algorithms. Ideally, >10n pixels of training data are collected
for each class.

Program TRAINING in Appendix A accepts the row and column coordinates
of training sites for up to 25 classes from as many as six bands of remote sensor
data. The program then computes training data statistics to be used for the feature
selection and classification algorithms to be discussed.

If the analyst trains on six bands of Landsat thematic mapper data, then each
pixel in each training site is represented by a measurement vector, X., such that:

'BV(J,J

g SR er eSO T TR - = " o
e e A o s ot o e St D2t
R iar e s oo e T T P LI PO F, ok o TS e i

it
i
)

|
g

BV

X. =4 BVys

~

(8-1)
BV

LBV& y
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Supervised Classification 189
where BVy; is the brightness value for the (ij)th pixel in band k. The brightness

values for each pixel in each band in each training class can then be analyzed statisti-
cally to yield a mean measurement vector, M., for each class:

Mc =9 Hes - (8'2)

P'gd

LMJ

where po. 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:

Covenn CoVerz « -+ CoVen
Ve = COVc_zx COVe?z s 00ch =Ve (8-3)

s . -

Coveny CoVemz *** COVen

where Cove is the covariance of class ¢ between bands k through 1. For brevity,
the notation for the covariance matrix for class ¢ (i.e., Vexr) will be shortened to
V.. The same will be true for the covariance matrix of class d (i.e., Vau = Va).

The mean, standard deviation, variance, minimum value, maximum value, vari-
ance-covariance matrix, and correlation matrix for the training statistics of five
Charleston land cover classes (residential, commercial, wetland, forest, and water)
are listed in Table 8-3. These represent fundamental information on the spectral
characteristics of the five classes. However, it is very difficult to use just this information
to select the optimum bands for supervised classification. For this reason analysts
often use methods of feature (band) selection. ‘

Feature selection. Once the training statistics have been systematically
collected from each band for each class of interest, a judgment must be made to
determine those 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 those bands that provide only redundant spectral information. In this
way the dimensionality (i.c., the number of bands to be processed) in the data set
may be reduced. This process minimizes the cost of the digital image classification
(but hopefully, not the accuracy). Feature selection may involve both statistical and/
or graphical analysis to determine the degree of between-class separability in the
remote sensor training data. Combinations of bands are normally ranked according
to their potential ability to discriminate each class from all others using n bands at
a time. Statistical measures such as divergence will be discussed shortly.
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TABLE 8-3 Univariate and Muitivariate Training Statistics for Five Land Cover
Classes Using Six Bands of Landsat Thematic Mapper Data Obtained over
Charleston, S.C.

a. Statistics for Residential

Band: 1 2 - 3 4 5
- Univariate statistics
Mean 70.6 288 29.8 36.7 55.7 28.2
Std. dev. 6.90 396 5.65 453 10.12 6.70
Variance 416 157 319 20.6 1149 449
Minimum 59 22 19 26 32 16
Maximum 91 41 45 52 84 48
Variance-covariance matrix
1 47.65 ,
2 24.76 15.70
3 35.71 20.34 31.91
4 1245 827 12.01 20.56
5 3471 23.79 38.81 2230 114.89
6, 30.46 18.70 30.86 12.99 60.63 44.92
Correlation matrix '
1 1.00
1 0.91 1.00
3 0.92 091 1.00
4 0.40 0.46 047 1.00
5 047 0.56 0.64 0.46 1.00
6 0.66 0.70 0.82 0.43 0.84 1.00
b. Statistics for Commercial
Band: 1 2 3 4 5 6
Univariate Statistics
Mean 1124 533 63.5 54.8 774 45.6
Std. dev. .77 455 395 388 11.16 7.56
Variance 333 207 15.6 15.0 124.6 572
Minimum 103 43 56 47 s7 kY]
Maximum 124 59 7 62 98 57
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 15.84 239 094 124.63
6 —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
6 ~0.10 0.50 0.23 0.20 0.82 1.00
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c. Statistics for Wetland

Band: 1 2 3 4 5 6
Univariate statistics
Mean 590 216 19.7 20.2 282 122
Std. dev. 1.61 0.7 0.80 1.88 4.31 1.60
Variance 2.6 0.5 0.6 35 18.6 2.6
Minimum 54 20 18 17 20 9
Maximum 63 25 21 25 3s 16
Variance-covariance 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
6 —0.32 0.17 0.40 1.72 453 2.55
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
6 —0.13 0.15 0.32 0.57 0.66 1.00
d. Statistics for Forest
Band: 1 2 3 4 5 6
Univariate statistics
Mean 5.5 21.7 19.0 39.1 35.5 12.5
Std. dev. 221 1.39 1.40 5.11 641 297
Variance 49 1.9 19 26.1 41.1 8.8
Minimum 53 20 17 25 22 8
Maximum 63 28 24 48 54 22
Variance-covariance matrix
1 4.89
2 191 193
3 2.05 1.54 1.95
4 5.29 3.95 4.06 26.08
5 9.39 5.30 5.66 13.80 41.13
6 4.63 234 222 i 16.59 8.84
Correlation matrix
1 1.00
2 0.62 1.00
3 0.66 0.80 1.00
4 047 0.56 0.57 1.00
5 0.70 0.59 0.63 042 1.00
6 0.70 0.57 0.53 0.21 0.87 1.00
191
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TABLE 8-3 Cont.

. Statistics for Water

Band: 1 2 3 4 5 6
, Univariate statistics ‘
Mean " 615 23.2 18.3 9.3 52 2.7
Std. dev. 1.31 0.66 0.72 0.56 0.71 1.01
Variance 1.7 04 0.5 0.3 0.5 1.0
Minimum 58 2 17 8 4 ]
Maximum 65 25 20 . 10 7 5
Variance-covariance matrix

1 1.72

2 0.06 0.43

3 0.12 0.19 0.51

4 0.09 0.05 0.05 . 0.32

5 —0.26 -0.05 -0.11 -—0.07 0.51

6 -0.21 005 - -0.03 -0.07 005 1.03

Correlation matrix

1 1.00

2 007 100

3 0.13 0.40 1.00

4 0.12 0.14 0.11 1.00

5 —0.28 —0.10 -0.21 -0.17 1.00

6 —0.16 -0.08 —0.04 —0.11 0.07 1.00

If statistical techniques provide all the information necessary to select features
for classification, why use graphical methods alone or in conjunction with statistical
techniques? The reason is simple. 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 classification finds the
analyst beginning anew, relying totally on abstract statistical analysis. Many of the
practitioners of remote sensing are by necessity very graphically literate (i.c., they
can readily interpret graphs) (Boardman, 1983). Therefore, a graphic display of the
statistical data might be useful and often necessary for a thorough analysis of multispec-
tral training data and feature selection. Several graphic feature selection methods
have been developed for this purpose.

Graphic methods of feature selection may be grouped as being either two-dimen-
sional or synthetic three-dimensional displays of training class statistics. One method
of two-dimensional display is the “spectral plots” available in LARSYS and other
image processing systems (Anuta, 1977)_, where statistics are displayed in a bar graph
format for each band (Fig. 8-7). The “radiometric interpretive legend” developed
by Robinove (1977) is another attempt to communicate visually the relative and
absolute location of training class statistics. This method rearranges the data displayed
in the spectral plots (Fig. 8-8). Still other two-dimensional graphic methods plot
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Radiometric Legend
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Figure 8-8 Radiometric interpretive legend,

5. Multiple family although originally developed as a thematic

Residentisol 6 map key (Robinove, 1977), is uscful for assess-
a ing the separability of training class statistics.

6. Commercial / B The relationship between spectral band and
Borren 6 land cover training statistics is shown by a two-
T S T dimensional polygon with the remotely sensed

10 20 30 40 50 60 70 80 bands plotted on the ordinate and reflectance

Reflectonce Vailue values on the abscissa. (From Jensen, 1979.)

“ellipses or boxes” of training class statistics (Downs and Faust, 1978). Statistics in
two bands are compared at one time until all possible combinations are exhausted.
The statistics for the five Charleston land-cover classes are portrayed. in this manner
using bands 4 and 5 in Fig. 8-9. The mean =% 1 standard deviation was used to
obtain the lower and upper dimension of the boxes. The histogram of each class is
also plotted on each axis in this example. Notice the degree of overlap, particularly
between classes 1 and 4 using band 4 data and classes 3 and 4 using band 5 data.
The major drawback of such displays is that the analyst must overlay one set of
graphs onto another in order to visualize the feature separability of three or more
bands at one time. Driscoll and Walker (1982) improved on this type of two-dimen-
sional presentation by plotting the per pixel training class statistics in a bivariate
scatterplot which was color-coded. This method is effective but again suffers from
the problem that it is only possnble to visualize the training statistics using two bands
at a time. ‘

Graphic displays of training class statistics that facilitate analysis of three bands
at once often take the form of parallelepipeds displayed in three-dimerisional feature
space (Fig. 8-10). Jensen (1979) presented a method of displaying these parallelepipeds
in synthetic three-dimensional space and of interactively varying the wcwpomt azimuth
and elevation angles to enhance feature analysis and selection. The followmg discussion
on the creation of the three-dimensional parallelepipeds is also pertinent to the section
on parallelepiped classification to be presented. _

To display three-dimensional parallelepipeds in feature space, the analyst must
obtain fundamental training class statistical data and make several decisions. First,
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Eg 1. RESIDENTIAL

:s 2. COMMERCIAL
0 ;, 3. WETLAND

[« 5] 4. FOREST

gg 5. WATER
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BAND 4
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Figure 8-9  Plot of the Charleston, S.C., thematic mapper training statistics for five classes measured
in bands 4 and 5. The upper and lower limit of each box is 1 standard deviation. The actual
histogram for each class is shown on each axis. In some instances it is difficult to differentiate
between the histograms because they overlap. Note the overlap especially for classes 1 and 4 on
the band 4 axis and classes 3. and 4 on the band 5 axis.

the mean pex, and standard deviation, scx, of training class statistics for each class
¢ and band k are required. These data are routinely provided by image processing
systems. Using the mean and standard deviation statistics, the analyst determines
the lower and upper threshold values for each class and band. Next, the analyst
selects a combination. of three bands to portray initially because it is not possible to
use all six bands at once in a three-dimensional display. Landsat TM bands 4, 5,
and 6 are used in the following example; however, the method is applicable to any
three-band subset of a multispectral data set. Using this information, a parallelepiped
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| 6 7
Siv}siB  Figure 810 Simple parallelepiped displayed
- in pseudo-threc-dimensional space. Each of the
4 cight corners represents a unigue X, ¥, Z coor-
1 dinate corresponding to a lower or upper

threshold value of the training data. For exam-
ple, the original coordinates of point 4 arc asso-
o ciated with (1) the upper threshold value of
o band 4, (2) the lower threshold value of bend
° 5, and (3) the lower threshold value of band
¢ 6. Rotation matrix transformations cause the
(v original coordinates to be rotated about the
X ¥, Z axis some 8° and the X, Z axis some

\, &°. (From Jensen, 1979.)

Band 5 f\
\'m
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for each land cover class may be derived. Each corner of a parallelepiped is identifiable
by a unique set of X, ¥, Z coordinates corresponding to either the lower or upper
threshold value for the three bands under investigation (Fig. 8-10).

By applying a rotation matrix transformation to the original X, Y, and Z coordi-
nates defined as transpose vector PT, it is possible to provide a synthetic three-dimen-
sional view of parallelepipeds for numerous land cover classes. A viewing azimuth
rotation, 4, causes the parallelepipeds to be rotated about the ¥, Z axis some ¢
radians (Fig. 8-10) using the formula

A PT pr’

1 o o J[X1 [X
[o cos t —sint] Y |= Y'] (8-4)
o sint cost]lz] Lz

A viewing elevation rotation, B, causes the parallelepiped to be rotated about the
X, Z axis some s radians using the formula :

B pr  pr

coss 0 —sinsX - X' :
0 1 0 Y =[Y' (8-5)
sins 0 coss]LZ] LZ'

In practice, these two matrix transformations, A and B, are concatenated (Newman
and Sproull, 1978; Gasson, 1983) using matrix algebra to provide a final matrix
transformation C that-is applied to the original PT vector values, yielding PT’. This
transformation causes. the original X, ¥, and Z coordinates of PT to be shifted about
and contain depth information as vector PT’ (MacDougall, 1976). Display devices
are normally two-dimensional (e.g., plotter surfaces or cathode-ray-tube screens); con-
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Figure 8-11 Dcvclopment‘of a three-dimen-
sional parallelepiped of the five Charleston,
S.C., training classes derived from the thematic
1o mapper data. Only bands 4, 5, and 6 are used
in this investigation. The data are rotated about
the Y, Z axis, 0, 45, and 90°. At 0 and 90°
8 . [parts (a) and (c), respectively], we are actually
looking at only two bands analogous to the
two-dimensional boxes previously shown in
.i Fig. 8-9. The third band lies perpendicular to
1 OB the page we are viewing. Between such ex-

tremes, however, it is possible to obtain opti-
mum viewing angles for visual analysis of train-
ing class statistics using three bands at once.
Part (b) displays the five classes at a rotation
of 45° demonstrating that the classes are en-
o} tirely scparable using this three-band combina-
tion. However, it probably is not necessary to
use all three bands since bands 4 and 5 alone
will discriminate quite satisfactorily between

i
ca ]
P

¢ 0 - w © O 0  the five classes as shown in part (a). There
BAND 6 would be a substantial amount of overlap be-
BRIGHTNESS VALUES tween classes if band 5 and band 6 were used.

sequently, only the X' and ¥’ elements of the transformed matrix PT’ are used to
draw the parallelepipeds.

Manipulation of the transformed coordinates of the Charleston training statistics
using program PIPED in Appendix A provides a useful presentation (Fig. 8-11).
In Fig. 8-11a, all:three bands (4, 5, and 6) are being displayed except that the band
6 statistics are perpendicular (orthogonal) to the sheet of paper. Analysis of the
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upper and lower boundary for each class reveals that separation in band 4 is good
for all classes at = 1 standard deviation except for residential (class 1) and forest
-{4), which would overlap. Band 5 data exhibit fairly good separation between the
individual classes except for wetland (3) and forest (4), which have some overlap.
Notice how the use of two bands instead of just a single band completely separates
the boxes: For example, a classification based on density slicing either band 4 or
band‘ §:to classify these five classes would probably produce relatively poor results.
However, if both bands 4 and 5 are used, there should be adequate separation to
produce a useful thematic map of these five classes. ‘

By rotatifig the display 45°, the contribution of band 6 becomes apparent (Fig.
8-11b). This represents a pseudo three-dimensional display of the parallelepipeds.
As the display is rotated another 45° to 90°, band 6 data collapse onto what was
the band 4 axis (Fig. 8-11c). The band 4 axis i now perpendicular to the page,
just as band 6 was originally. The band 6, band 5 plot (Fig. 8-11c) displays some
overlap between wetland (3) and forest (4). By systematically specifying various azi-
muth and elevation angles it is possible to display the parallelepipeds for optimum
visual examination. This allows the analyst to obtain insight as to the consistent
location of the spectra in three-dimensional feature space.

In this example, it may be evident that just two bands, 4 and 5, provide as
good if not better separation than do all three bands used together. However, this
may not be the very best set of two or three bands to use. It might be useful to
evaluate other two- or three-band combinations. In fact, a certain combination of
perhaps four or five bands used all at one time might be superior. The only way to
determine this is through statistical feature selection. : :

Statistical methods of feature selection are used to quantitatively select the subset
of bands (or features) that provides the greatest degree of statistical separability be-
tween any two classes, ¢ and d. The basic problem of spectral pattern recognition
is: Given a spectral distribution of data in n bands of remotely sensed data, find a
discrimination technique that will allow separation of the major land cover citegories
with a minimum of error and 2 minimum number of bands. This problem is demon-
strated diagrammatically using just 1 band and 2 classes in Fig. 8-12. Generally,
the more bands analyzed in a classification, the greater the cost and perhaps the
greater the amount of redundant spectral information being used. Examining the
histograms in Fig. 8-9 suggests that there is substantial overlap between classes 1
and 4 in band 4 and between classes 3 and 4 in band 5. When there is overlap, any
decision rule that one could use to separate or distinguish between two classes must
be concerned with two types of error (Fig. 8-12):

1. A pixel may bé assigried to a class to which it does not belong (an error of
commission). s
2. A pixel is not assigned to its appropriate cldss (an error of omission).

The goal is to select an Gptimtim: subset of bands and apply appropriate classification
techniques to minimize both types 6f ¢rror in the classification process. If the training
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ONE DIMENSIONAL
‘.——
DECISION BOUNDARY
A
<A
(o]
o
< CLASS 1 CLASS 2
S ite R
PIXELS IN CLASS 2 ERRONEOUSLY PIXELS IN CLASS 1 ERRONEOUSLY
ASSIGNED TO CLASS 1 ASSIGNED TO CLASS 2

Figure 8-12 The basic problem in remote sensing pattern recognition classification
is: Given a spectral distribution of data in n bands (here just one band) find an
n-dimensional decision boundary that will allow the separation 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 distributions identifies potential classification
error.

data for each class from each band are normally distsibuted as suggested in Fig. B-
12, it is possible to use either a divergence or transformed divergence equation to
identify the optimum subset of bands to use in the classification procedure.

Divergence was one of the first measures of statistical separability used in the
machine processing of remote sensor data, and it is still widely used as a method
of feature selection (Swain and Wacker, 1971; Haack, 1983). It addresses the basic
problem of deciding what is the best g-band subset of n bands for use in the supervised
classification process. The number of combinations, C, of n bands taken g at a time
is

n n!
C (—) = (8-6)
g/ 4qi(n—g}
Thus, if there are six thematic mapper 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:
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()3

720
~59 &)

= 20 combinations

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 discussion by concerning ourselves with the statistical separability between just
two classes, ¢ and d. The degree of divergence or “separability” between ¢ and d,
Divergd, is computed according to the formula

AR e 5 s e SIS N p——

S UR——.

Divergea = 0.5 Tr [(Ve ~ VaX¥ 3! — V) 8-8)
+0.5Tr [(V:! + V7 XMe — Ma )M — Ma)")]

where Tr [] is the trace of a matrix (i.c., the sum of the diagonal elements), V.
and V, are the covariance matrices for the two classes, ¢ and d, under investigation,
and M, and Mj are the mean vectors for classes ¢ and d. It should be remembered
that the size of the covariance matrices V. and Vg is a function of the number of
bands used in the training process (i.e., if six bands were trained upon, both Ve
and V; 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 ¢ bands. For example, if ¢ =
3, what subset of three bands provides the best separation between these two classes?
Therefore, 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 eventnally identifying the subset of bands, perhaps bands 2, 3, and 6,
that resilts 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, Divergave. This
involves computing the average over all-possible pairs of classes, ¢ and d, while
holding the subset of bands, ¢ constant. Then another subset of bands, g 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 algo-
rithm. This can be expressed as:

Y.é

i

|

3

|

i i
i
i

3

!

i S a2 -

Toih

PRI

m=1 m
Divergas= 2, > Diverged (8-9)
c=]l d=c+1
C
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Supervised Classification 201

Using this, the band subset, ¢, with the highest average divergence would be selected
as the most appropriate set of bands for classifying the m classes.

Kumar and Silva (1977) suggest that it is possible to take the divergence logic
one step further and compute transformed divergence, DivergZy, expressed as:

(—Diverg@))

DivergT, = 2000 (l — exp n

(8-10)
This statistic gives an exponentially decreasing weight to increasing distances between
the classes. It also scales the divergence values to lie between O and 2000.

Program DIVERGENCE listed in Appendix A analyzes the covariance matrices
and mean vectors for pairs of classes and computes the divergence and transformed
divergence for m classes evaluating ¢ bands at a time. For example, Table 8—4 demon-
strates 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 between all
classes of interest.

A transformed divergence value of 2000 suggests excellent between-class separa-
tion. Above 1900 provides good separation, while below 1700 is poor. It can be
seen that for the Charleston study, using any single band (Table 8—4a) would not
produce as acceptable results as will using bands 3 and 4 together (Table 8-4b).
There are several three-band combinations that should yield good between-class separa-
tion 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 classification when divergence
statistics suggest that very good between-class separation is possible using just two
bands? We probably should not if the dimensionality of the data set can be reduced
by a factor of 3 (from 6 to 2) and classification 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, ¢ and d, are Gaussian in nature and that the means,
M., Ma and covariance matrices V. and Vq are available. It is computed as:

Bhatee =3 (Me — Ma) Vo Ve .~ Ma)
8-11)
Py [l AR ¢
2 | VaeVe) Videt(Va)

To select the best g features (i.e., combination of bands) from the original n bands
in an m-class problem, the Bhattacharyya distance is calculated between each of
the m(m — 1)/2 pairs of classes for each of the possible ways of choosing ¢ features
from n dimensions. The best g features are those dimensions whose sum of the
Bhattacharyya distance between the m(m — 1)/2 classes is highest (Haralick and

1096
OFEK 06894



SUONBUIqUIOD SSVD)

- auo.mom&>5 pouLIojsuBIL pus @oustisald

0007 0002 09¢L 0002 0007 0002 0002 9781 0002 9L61 9581
6L6 09§ 12 7869 8¢ 8901 $6LT (174 98 $¢ s 2
0002 0002 6661 0002 0002 0002 0002 1#61 0002 9L61 661
6251 872 9 $86€ 9s¢ 9€11 9521 82 £01 43 ¥ 2
T8¢l 6651 ¥Zs 0002 0007 0007 0002 0661 0002 8661 6¥LI
6 €1 (4 SpET . €68 6607 oLt 44 ov1 Ls £ 2
0002 6661 98¢ 0002 0002 0007 0002 6€61 0002 L661 7581
9L €9 £ 907 €47 6 9Ty 8T L01 143 9 1
10007 0002 6201 0002 0002 0002 0002 6£61 0002 8661 9681
8€01 $8s 9 8¢8L Lé¥ 8LL TLOE 14 i ¥s S 1
0002 0002 6661 0002 0002 0002 (1474 961 0007 8661 9661
(449} 617 99 66LE 9t 16 1521 € 001 $$ y 1
o6¥1 9611 siy 0002 0002 0002 0007 L861 0002 8661 60L1

11 L 4 ¥952 68¢ 8881 81 or (441 95 €1
LSyl 95Tl €9 0002 0002 0002 0002 6161 0002 L661 60L1
ot 8 4 TSLl ol oovl 58 9 6 1s 1

Wy p 3o spunq oML ‘Q

8661 6661 €12 0002 000 0002 0007 soLl 6661 1901 LOLY
95 £9 1 or6 ¥L 8€T <73 81 19. 9 9
000 0007 €28 0002 L¥61 0002 0002 ¥611 0z61 6LL 9£91
196 9§ 4 00€S 4 LL $¥IT L 9 y IS
000T 0002 6661 Q00T €091 00QT 0002 oL ¥$661 6081 S¥Lt
99¢1 (1) ¢4 09 LSEE £1 607 8¢l 0o Ly 61 y
6€€ w9 982 0007 0002 0007, 000T §861 0002 8661 1143

1 £ 1 1L02 9§ 1651 091 . - 6€ L0l ¥ £
068 886 9T 000z . 000Z 0002 8661 98Ll 0002 oL61 88s!
S s I 0601 982 9t01 49 81 L9 143 S 4
s¥il 159 861 0002 0002 0002 7861 6881 LL61 €661 €851
L £ 1 £08 - 95¢€ 009 8¢ €2 9 b 1

awijs D 10 pupq AO %
$ $ 14 §. ¥ £ H v £ 4 ouasralp SUOHISUIGUIOD
2 £ € 4 4 (4 i I 1 I a8erony pusg

ewny o:.,n,u 19 suopBUIqWO) pukg Jeddeyy opeWeyL g pPue 'y ‘'€ ‘T 1 Buisn peIeN|RAZ
s0ssQ|) 18ACD PUET “'O'S 'UOISBIRYD BAl] @Y} 10} SINSNAIS eoueBieal] -8 318VL

202

OFEKO06895

1097



$¥01

€LST

viLl
L

7801

18
1971

69%

- ¥96

0007

sor

019

<€9

699

£98

$86

6y

0007

$L9

€19

L6

000T
6L

1861
Lg

0007

ovL

S06

w6t

0002 0007
oziz 122¢
0002 Qo0z
6117 1e€l
000z 0002
956 Sove
0002 0007
ccot LLLl
000z 0002
8L6 gLor
0007 0002
ce6l 0ss
0007 0007
061 695t
0002 0002
$061 6Z¢l
0007 000
€591 1194
000¢ 000T
¥9¢1 10Tt
000Z QooT
7991 9921
0002 0007
(1,434 161
awy o 10 spunqg
000T 0007
9T 0L8T
000T 0002
60¢ (472}
0002 0007
[1Y4 919+
000¢ 000T
0I9! (Y44
0007 0007
6091 90Tt
0002 000T
9091 1Z€l
0007 0002
syit 1347

sy

¥661
Ly
6661
£9

7861
Lt

086l
is

6L61
9t

£661
114

L661
Is

6661

€561

¥961
[4

9861

T661
-

14
L1681
|4
891
1
€861
84
T661
sy
6661
19
2061
144

Lel

su

000T
(44!

#S1

6661
9

9
Lé61
(43
[$3
149
¥l

0002
11

6661
9
0002
Lt

8661
9

(4]

8

6661
€9

0007
Lt

866]
Ls

6661
8¢

000T
$6

6661
65

rL01

81
o

1581
17

6661
€9

6661
(19

101

0861
Ly

8061

0007

144!

8661

8661

TL8l

otel

0002

$981

6661

s181

s6Ll

oL6l

ot61

$¥81

$681

6181

203

OFEK 06896

1098



000z 000z 000z 0002 10002 000z 0002 €661 0007 0007 6661

sTLl £0€ 96 1919 898 1€L1 108% s¥ $91 otl 9 ¥y T 1
0002 0002 0002 0007, 0007 0007 0002 661 0007 000z 6661

L862 €16 801 L8TET 106 9691 1L6¥ 9 i st ‘s v Tl
0007 0007 §88 0007 000Z 0007 0007 9661 0007 0007 8881

L8 sL § (4444 €89 69€T s65 6¥ 4 L9 9 £ 2 1
0002 000Z 671 0007 0007 0007 0007 8661 000z 6661 6261

§601 0£9 8 sTStl 9L8 $SET 414 4] $91 £9 $ €71
0007 0007 0007 0007 0002 0007 0007 6661 000Z 0007 0002

sLs1 8€T L8 (3949 1811 19€7 6EET $9 LL L91 Y €21

- W1 © 1D SPUDq 4RO P

0007 0002 0007 0007 0002 0007 0007 €261 0002 0L81 6L61

¥667 6 $01 LLvil vit 9€ £00§ 9% £8 A4 9§ ¥
0007 0002 8921 0007 0002 000Z 0002 6661 0002 6661 LT61

$501 1€9 8 0066 €28 8491 £5¥¢ £9 ¥El 99 : 9 § €
000Z 0007 0007 0007 0007 0002 0002 6661 0007 0007 0002

9291 $87 01 60£9 $56 91 1981 £9 144 11 9 ¢ €
0007 0007 0007 0007 0002 000Z 0007 6661 0007 0007 0007

$E6T 16 ozl S0s€Y L£Ot 7291 1£0§ $9 621 901 S v €
0007 0002 el 000Z 0007 0007 0007 8961 0007 7861 9061

9001 6s L LSLL $9€ LSt 050€ €€ €11 8¢ 9§ ¢
0002 0007 0007 0007 0007 0007 0007 oLél 0007 9861 9661

8991 00¢ 06 118§ L9¢ 1611 1LLl e szl or 9 ¢ 2
0007 0007 0002 0007 0007 0007 0007 9561 0002 ¥861 661

962 968 €01 4,441 $8¢ 8s11 vL9¥ 1€ 801 8¢ S ¥ T
0007 0007 199 0007 0002 0002 0007 661 0002 6661 $981

69 L £ 08¥€ L19 €112 s 9 91 99 9 €2
s $ ¥ s ¥ s s 4 £ (4 souaioatp suopsuIqLIed
¥ € £ (4 (4 (4 I 1 I 1 afusony pusg

SUOHSUIQUIOD TR

204

PIUAIAKT POUIOJSURS], PUS Ul

‘Wog -8 318VL

OFEK06897

1099



“1918M ‘g 15910] ‘p ‘PUBHIOM ‘f {[BIOISUITIOD ‘7 {[BHUSPISA ] SI3QUINU SSED

£201

£601

659

0002 0002 000T
1912 13 443 LL
0002 0002 0002
6L61 £08¢ 08
0002 0002 9661
oLLl L8%S s
0007 0002 0002
98t¢T ovet (43
0002 000T 0002
£6tT 181 il
0002 0002 0002
¥8¢£C T0ES 174
awyl D 3D spuTq M1 9
0002 0007 0002
$991 1349 1/
0002 0002 €861
6771 6L0§ 8¢
0002 0002 000T
4414 ILYE 89
0007 000T 6661
(3 4%4 8481 $9
0002 000T 000T
£E1T ovos L9
0007 0007 0661
sott (4449 (44
000T 0007 0002
ys6t 616¢€ 99
000T - 0002 0007
§S61 £981 69
0002 0007 000T
1€61 £62S YL
0007 0002 6861
£991 95t 34

1371

ne et ek b

00z
rel

000¢
8tl

0002
L1

0002
oL

el

(44!

88
0002

0002
141!
0002
ttl
6661
9

0002

L661

Lee6l

0007

6661

orél

0002

TE6!

205

1100

OFEK06898



206 ) Thematic Information Extraction Chap 8

Fu, 1983) Kalayeh et al (1983) describe another statlstlcal method of feature selectlon
based on the two-class problem.

Select the Appropriata Classification Algonthm

Various supervised classification methods 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 (Friedman, 1980).
Parametric classification algorithms assume that the observed measurement vectors
X, obtained for each class in each spectral band during the training phase of the
supervised classification are Gaussian in nature (i.e., they are normally distributed).
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 dlstance, and maximum
likelihood decision rules.

The parallelepiped classification algorithm. This is a widely used deci-
sion rule (Addington, 1975). It is 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 vectof, Me = (Pek, Pe2, Pess - - -» Pen), With pey being the mean value of the
training data obtained for class ¢ in band k out of m possible classes as previously
defined. su is the standard deviation of the training data class ¢ of band k out of
m possible classes. In this discussion we 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. 8-13), a paraliel-
epiped algorithm decides BV is in class ¢ if, and only if,

Pk — Sk < BVigx < pok + 5 & (8-12)

~wheree =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

Lowex = pek — Sex (8-13)
and )
Higher = ok + Sor (&-14)
the parallelepiped algorithm becomes
Lowex < BV < Highet (8-15)

These decision boundaries form an n-dimensional parallelepiped in feature space. If
the pixel value lies above the lower threshold and below the high threshold for all
n bands evaluated, it is assigned to that class (see point a in Fig. 8-13). When an
unknown pixel does not satisfy any of the Boolean logic criteria (point b in Fig. 8-
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Figure 8-13 Points 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 a and b to the mean of all classes
in a minimum distance to means classification algorithm. Refer to Table 8-5 and Table 8-6 for
the results of classifying points a and b using both classification techniques.

13), 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 a and b are assigned to the forest and
unclassified categories in Fig. 8-13. The computations are summarized in Table 8-
5. First, the standard deviation is subtracted and added to the mean of each class
and for each band to identify the lower (Lex ) and upper (Hex ) edge of the parallelepiped.
In this case only two bands are used, 4 and 5, resulting in a two-dimensional box.
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208 Thematic Information Extraction  Chap. 8
TABLE 8-§ Example of Parallelepiped Classification Logic for Pixels 2 and b
in Fig. 8-13 .
pixel Does pixel
40, 40) b(10, 40)
satisfy criteria satisfy criteria
Lower Upper for this class for this class
threshold, threshold, in this band? in this band?
Class Lex Uex Lex Sa S Un Lx $b S Ux
1. Residential
Band 4 36.7—4.53= 36.7+453= Yes No
3127 4923
Band § 55.7—1072 = 55.7+10.72 = No No
4498 67.42
2. Commercial ' .
Band 4 548 —3.88= 54.8+3.88= No No
50.92 58.68
Band 5 77.4—1116= T1.4+11.6= No No
754 88.56
3. Wetland
Band 4 202—188= 202+ 1.88= No No
18.32 22,08
Band § 282 —431= 28.2+4.31= No No
23.89 K73} |
4. Forest
Band 4 39.1 —5.11= 39.1+511= Yes No
3399 “u2
Band 5 55— 641 = 355+ 641 = Yes, assign pixel No
2909 4191 to class 4,
forest
STOP
5. Water
Band 4 9.3—-0.56= 9.3 40.56= -_— No
8.74 9.86
Band $ 52—0.71= 5240.71= — No, assign pixel
449 591 to unclassified
category
STOP

This, of course, could be extended to n
upper thresholds for each box identified,
value of an input pixel in each band, k, sa

dimensions or bands. With the lower and
it is possible to determine if the brightness
tisfies the criteria of any of the five parallel-

epipeds. For example, pixel ¢ has a value of 40 in both band 4 and band 5. It
satisfies the band 4 criteria of class 1 (i.e., 31.27 < 40 < 41.23) but does not satisfy
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 thresholds, we find that it satisfies the criteria
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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. Unfortunately, its bright-
ness value of 10 in band 4 and 40 in band 5 never fall within the thresholds of any
of the parallelepipeds. Therefore, it is assigned to an unclassified category. Increasing
the size of the thresholds to * 2 or 3 standard deviations 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, resulting in classification error. Perhaps point b

really belongs to a class that has not been 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 usvally assigned to the first class for which it meets all criteria.
A more elegant solution is to take the 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.

The minimum-distance to means classification algorithm. This de-
cision rule is is computationally simple and commonly used. It can result in classifica-
tion accuracies comparable to other more computationally intensive algorithms, such
as the maximum likelihood algorithm (Hixson et al., 1980). Like the parallelepiped
algorithm, it requires that the user provide the mean vectors for each class in each
band pex, from the training data. To perform a minimum distance classification, a
program must calculate the distance to each mean vector, e, from each unknown
pixel (BVi). It is possible to calculate this distance using Euclidian distance based
on the pythagorean theorem or *“around the block™ distance measures (Swain and
Davis, 1978; Fig. 8-14). In this discussion we demonstrate the method of minimum
distance classification using Fuclidian distance measurements applied to the two un-
known points (a and b) shown in Fig. 8-13.

The computation of the Euclidian 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 =/ (BVax — pex ) + BVint — P ) (8-16)

where pex and po represent the mean vectors for class ¢ measured in bands k and
L In our example this would be:

Distg toch-1=\/(BVii4"’P'1.4)z+(§Vﬁs“"}‘-u)2 8-17)

To compute the distance from point a to the mean of class 2 in these same two
bands would be:

Dista to0 ctass 2=V (BVigs — Peal® + BVys — Pas) (8-18)

Notice that the subscript that stands for class, c, is incremented from 1 to 2. By
calculating the Euclidian distance from point a to the mean of all five classes it is
possible to determine which distance is shortest. Table 8-6 has a complete listing
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Gqlm iy
bo} |
p . o - P
b, a,
- EUCLIDEAN DISTANCE: . “ROUND THE BLOCK” DISTANCE:

FN n : n .
D“=\l_ll(a,-;bi)' . D= "1 la;-b,]

Figure 8-14 The distance used in a minimum distance to means classification algorithm can
take two forms: the “Euclidian” distance based on the Pythagorean theorem and-the “round
the block” distance. The Euclidian distance is. more computationally intensive. (Adapted from
Swain and Davis, 1978 © 1978 McGraw-Hill Book Co. Used with permission.)

TABLE 86 Example of Minimum Distance to Means Classification Logic for Pixels
a and b in Fig. 8-13

Distance from pixel.a . Distance from pixel b
(40, 40) to the mean (10, 40) to the mean
Class of cach class of each class
1. Residential V@O =367 T @0~ 55.77 = 16.04 VA0 —36TF ¥ (40— 55,77 = 30.97
2. Commercial V(@0 —S43F + (40— T1AP = 40.22 /(10— 54.8) + (40 — TTA)® = 58.35
3. Wetland V@0 —202¢F (40— 28.2)F = 23.04 V10— 202 + (40 — 28.2% = 15.75

Assign pixel b to this class; it has
. the minimum distance
4. Forest V(0= 35.“’4:370'—'§S3F=4.59 -\/110-39.1?+i40—35.3?=29.45
Assign pixel a to this class; it has
the minimum distance

5. Water V@093 F (@0 — 527 = 46.4 0= 93¢ F (@0 — 527 =343
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of the mathematics associated with the computation of distances 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. 1t is assigned to class 3 (wetland) 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 algorithm. There will be no
unclassified pixels.

Many minimum-distance algorithms let the analyst specify a distance or thresh-
old from the class means beyond which a pixel will not be assigned to a category
even though it is nearest to the mean of that category. For example, if a threshold
of 10.0 was specified, point @ 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 unclassi-
fied 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
Dan = \/2“51 (@ — b )P (8-19)

Figure 8-14 demonstrates how this algorithm is implemented.

Program CLASSIFY in Appendix A performs minimum-distance to means clas-
sification for up to 25 classes at one time using as many as six bands of remote
sensor data. The program was run on the Charleston, S.C,, thematic mapper data
set using the training data described previously. The results are displayed as a color-
coded thematic map in Fig. 8-15 (color section). The total number of pixels in each
class are found in Table 8-7. Error associated with the classification is summarized
in Table 8-8. Classification error is discussed later in this chapter in a section on
land-use classification accuracy assessment. Program CLASSIFY will store the clas-
sification map matrix which may then be plotted on an electrostatic plotter using
the BRIGHTNESS MAP program. A sample of the classified study area is shown
in Fig. 8-16.

TABLE 8-7 Total Number of Pixels
Classified into Each of the Five
Charleston, S.C., Land-Cover Classes
Shown in Fig. 8-15

Class Total number of pixels
1. Residential 14,398
2. Commercial 4,088
3. Wetland 10,772
4. Forest 11,673
S. Water 20,509
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TABLE 8-8 Evaluation of the Charleston, S.C., Thematic Mapper Test Data

a. Error Matrix

Interpreted land use
Actual Ommission  Commission Accuracy*
land-use class 1 2 3 4 5 Total error (%) error (%0) (%)
1. Residential 70 5 0 13 0 88 20.5 45 79.5
2. Commercial 3 55 0 0 0 58 5.2 8.6 94.8
3. Wetland 0 0 99 0 0 99 0.0 40 100.0
4. Forest 1 0 4 37 0 42 119 309 88.0
5. Water 0 0 0 0 12 121 0.0 0.0 100.0
60 103 S0 121 408

Total 74

b. Derivation of Omission and Commission Errors '

Omission errors Commission errors Correct
Land-use class Total % Total % Total %
1. Residential 18/88 20.5 4/88 45 70/88 79.5
2. Cognmercial 3/58 5.2 5/58 8.6 55/58 94.8
3. Wetland 0/99 0.0 4/99 40 99/99 . 100.0
4. Forest 5/42 11.9 13/42 309 37/42 88.0
S. Water 0/121 0.0 0/121 0.0 121/121 100.0

2 Overall accuracy = -382/408 pixels = 93.6%.

The maximum likelihood classification algorithm. This 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 feature vector X. It assumes
that training data statistics for each class in each band are normally distributed (i.e.,
Gaussian in nature). In other words, training data with bi- or trimodal 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 training 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 L Ve. The
decision rule applied to the unknown measurement vector, X, is (Anuta, 1977): Decide
X is in class ¢ if, and only if,

pe 2 pi, wherei =1, 2, 3, ..., m possible classes (8-20)
and
pe =[0.5 loge (det(Ve))] —[0.5(X — M)T(VINX — Me)) (8-21
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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
decision 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 ¥, and M, being the covariance matrix and mean vectors for class 1. Next,
p2 is computed using ¥ and M. This would continue for all m classes. The pixel
or measurement vector X is assigned to the class that produces the largest or maximum
pe. The measurement vector X used in each step of the calculation consists of n
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
BVg.s0]
BV4.;5
X=|BV4,j» (8-22)
BV4.50
BVa4.i®
LB Vi.je

Equation (8-21) assumes that each class has an equal probability of occurring
in the terrain. Common sense reminds us that in most remote sensing applications
there is a high probability of encountering some classes more often than others.
For example, in the Charleston scene the probability of encountering residential land
use is approximately 20% (i.e., 0.2), commercial (0.1),:wetland (0.3), forest ©.1),
and water (0.3). Thus, we would expect more pixels to be classified as water simply
because it is more prevelant in ‘the terrain. It is possible to-include this valuable a
priori (prior knowledge) information in the classification decision. We can do this
by weighting each class, ¢, by its appropriate a priori probability, ac. The equation

then becomes: Decide X is in class c if, and only if,
pel@) 2 pilac)  wherei=123,.. . m-possible classes (8-23)

and

@) = loge (ae) — 0.5 oge (det(Ve D] — [0.5(X — MOV HX — M) (B24

This Bayes’ decision rule is identical to the maximum Jikelihood decision rule exccpt
that it does not assume that each of the classes is equally probable (Hord, 1982). A
priori probabilities have been used successfully. as a way of incorporating the effect:

of relief and other terrain characteristics in improving classification accuracy (St;ahici*

357

1980). Haralick and Fu (1983) provide an in-depth " discussion of the probabilitie
and mathematics of the maximum likelihood and Bayes decision .rules. ()B\’iiOusly
the maximum likelihood and Bayes’ classifications require many more computation

per pixel than either the parallelepiped or minimum-distance classification algorithms
They do not always produce superior resuits.
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UNSUPERVISED CLASSIFICATION

In contrast to supervised classification, unsupervised classification requires only a
minimal amount of initial input from the analyst. It is a process whereby numerical
operations are performed that search for “natural” groupings of the spectral properties
of pixels, as examined in multispectral feature space. The user allows the computer
to select the class means and covariance matrices to be used in the classification.
Once the data are classified, the analyst attempts, a posteriori (after the fact) to
assign these “natural” or spectral classes to the information classes of interest (Robi-
nove, 1981). This may not be easy. Some of the clusters may be meaningless because
they represent mixed classes of earth surface materials. It takes interaction by the
analyst to unravel such mysteries. Hopefully, the analyst understands the spectral
characteristics of the terrain well enough to label certain clusters as representing
information classes.

Hundreds of methods of clustering have been developed for a wide variety of
purposes apart from pattern recognition in remote sensing. For example, Sokal and
Sneath (1963) developed clustering procedures for assessing plant taxonomy, and
Berry (1967) applied clustering to geographic regionalization. Clustering algorithms
used for the unsupervised classification of remotely sensed data generally vary accord-
ing to the cfficiency with which the clustering takes place. Different criteria of efficiency
lead to different approaches (Duda and Hart, 1973; Hartigan, 1975; Goldberg and
Shlien, 1976; Bryant, 1979; Haralick and Fu, 1983). An example of a conceptually
simple but not necessarily efficient clustering algorithm will be used to demonstrate
the fundamental logic of unsupervised classification.

The clustering algorithm discussed here operates in a two-pass mode (i.c., it
passes through the registered multispectral data set two times). In the first pass,
the program reads through the data set and sequentially builds clusters (groups of
points in spectral space). There is a mean vector associated with each cluster. In
the second pass, 2 minimum-distance classification to means algorithm similar to
the one described previously is applied to the whole data set on a pixel-by-pixel
basis, where each pixel is assigned to one of the mean vectors created in pass 1.
The first pass, therefore, automatically creates the cluster signatures to be used by
the classifier.

Pass 1: Cluster Building
During the first pass, the analyst may be required to suppl)f four types of information:
1. R, a radius in spectral space used to determine when a new cluster should

be formed (e.g., 15 units)

2. C, a spectral space distance parameter used when merging clusters (e.g.,
30 units)

1110
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3. N, the number of pixels to be evaluated between each merging of the clusters
(e.g., 2000 pixels)

4. Cpmay, the maximum number of clusters to be identified by the algorithm
(e.g., 20 clusters)

These can be set to default values if no initial human interaction is desired.

Starting at the origin of the multispectral data set (i.c., line 1, column 1), pixels
are evaluated sequentially from left to right. After one line is processed, the next
line of data is considered. We will only analyze the clustering of the first three pixels
in a hypothetical image and label them pixel 1, pixel 2, and pixel 3. The pixels
have brightness values in just two bands, 4 and 5. Their spatial relationships in
two-dimensiona! spectral space are shown in Fig. 8-17.

First, we let the brightness values associated with pixel 1 in the image represent
the mean data vector of cluster 1 (i.e., M1 = {10,10}). Remember, it is an n -dimensional
mean data vector with n being the number of bands used in the unsupervised classifica-
tion. In our example, just two bands are being used, so n = 2. Because we have
not identified all 20 spectral clusters (Nmax) as yet, pixel 2 will be considered as the
mean data vector of cluster 2 (i.e., M2 = {20, 20)). If the spectral distance (D) between
cluster 2 to cluster 1 is greater than R, cluster 2 will remain as cluster 2. However,

~ if the spectral distance (D) is less than R, the mean data vector of cluster 1 becomes '
the average of the first and second pixel brightness values and the weight (or count)
of cluster 1 becomes 2 (Fig. 8-18). In our example, the distance (D) between cluster
1 (actually, pixel 1) and pixel 2 is 14.14. If the radius, R, was initially set at 15.0,

2

§ Pixel 2 (20, 20)
o7 Pixel 3 (30, 20)
o 8
gs 10 J\E—

:g‘; Pixdl 1 (10, 10)

o)

0
0 10 2 0 40
_ Band 4
Brightness Values

Figure 8-17 Original values of pixels 1 to 3 as measured in bands 4 and 5 of the
hypothetical remotely sensed data.
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Figure 8-18 The distance (D) in two-dimensional spectral space between pixet 1
(cluster 1) and pixel 2 (cluster 2) in the first iteration is computed and tested against
the value of R, the minimum acceptable radius. In this case, D does not exceed R;
therefore, we merge clusters 1 and 2 as shown in Fig. 8-19.

pixel 2 does not satisfy the criteria for being cluster 2 because its distance from
cluster 1 is < 15. Therefore, the mean data vectors of cluster 1 and pixel 2 are
averaged, yielding the new location of cluster 1 at M, = {15, 15}, as shown in Fig.
8-19. The spectral distance (D) is computed using the Pythagorean theorem as dis-
cussed previously.

Next, pixel 3 is considered as the mean data vector of cluster 2 (ie, M2 =
{30, 20)). The distance from pixel 3 to the revised location of cluster 1, M, = (15,
15}, is 15.81 (Fig. 8-19). Because it is > 15, the mean data vector of pixel 3 becomes
the mean data vector of cluster 2.

This cluster accumulation continues until the number of pixels evaluated is
greater than N. At that point, the program stops evaluating individual pixels and
looks closely at the nature of the clusters obtained thus far. 1t calculates the distance
between each cluster and every other cluster. Any two clusters separated by a spectral
distance less than C are merged. Such a new cluster mean vector is the weighted
average of the two original clusters and the weight is the sum of the two individual
weights. This proceeds until there are no clusters with a separation distance of less
than C. Then, the next pixel is considered. This process continues to iterate until
the entire multispectral data set is examined.

Schowengerdt (1983) suggests that virtually all of the commonly used clustering
algorithms use iterative calculations to find an optimum sct of decision boundaries
for the data set. It should be noted that some clustering algorithms allow the analyst
to initially “seed” the mean vector for several of the important classes. The seed
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Figure 8-19, Pixcls 1 and 2 now represent cluster 1. Note that the location of .
cluster 1 has migrated from 10, 10 to 15, 15 afier the first iteration. Now, pixel 3
distance (D) is computed to see if it is greater than the minimum threshold, R. If
is, so pixel Jocation 3 becomes cluster 2. This process continues until all 20 clusters
are identified. Then the 20 clusters are evaluated using a distance measure, C (not
shown), to merge the clusters that are closest to one another.

30~
8 O
,% m__mding»o O
.5@ O beginning
:§E 10 J\gw
Cluster #1
g Cosher
0+ . !
0 10 20 0 40
Brightness Values -

Figure 8-20 This illustration demonstrates how the clusters migrate during the scv-
eral iterations of a clustering algorithm. The final ending point represents the mean
vector that would be used in phase 2 of the clustering process when the minimum
distance classification is performed. .
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data are usually obtained in a supervised fashion, as discussed previously. Others
allow the analyst to utilize a priori information to direct the clustering process (Whar-
ton and Turner, 1981).

Some programs do not evaluate every line and every column of the data when
computing the mean vectors for the clusters. Instead, they may sample every ith
row and jth column to identify the Cmax clusters. The decision to sample the data
is usually left up to the analyst (Justice and Townshend, 1982). If computer resources
are abundant, every pixel may be sampled. If resources are scarce, acceptable results
can usually be obtained by sampling the data. Obviously, there are a tremendous
number of computations being performed during this initial pass through the data
set.

A hypothetical diagram showing the cluster migration for our two band data
set is shown in Fig. 8-20. Note that as more points are added to a cluster, the
mean shifts less dramatically since the new mean computed is weighted by the number
of pixels currently in a cluster. The ending point is the spectral location of the final
mean vector that is used as a signature in the minimum distance classifier applied
in pass 2.

Pass 2: Assignment of Pixels to One of the € nax
Clusters Using Minimum-Distance Classification
Logic '

The final cluster mean data vectors are used in a minimum-distance to means classifica-
tion algorithm to classify all the pixels in the image into one of the Cmax clusters.
The analyst usually produces a display depicting to which cluster each pixel was
assigned. It is then necessary to evaluate the location of the clusters in the image,
label them if possible, and see if any should be combined. It is usually necessary to
combine some clusters. This is where an intimate knowledge of the terrain is critical.
. An unsupervised classification of the Charleston, S.C., TM scene is displayed
in Fig. 8-21 (color section). It was created using only TM bands 2, 3, and 4. The
analyst stipulated that a total of 20 clusters (Cmax) should be extracted from the
data. The mean data vectors for each of the final 20 clusters are summarized in
Table 8-9. These mean vectors represented the data used in the minimum-distance
classification of every pixel in the scene into one of the 20 cluster categories.
Scatterplots of the mean data vectors for each of the 20 clusters using just
bands 2 and 3 and bands 3 and 4 are displayed in Figs. 8-22 and 8-23, respectively.
In the band 2-band 3 scatterplot, the 20 clusters lic on a diagonal extending from
the origin of the plot. Unfortunately, the water cluster was located in the same spectral
space as forest and wetland when using just bands 2 and 3. Therefore, this scatterplot
was not used to label or assign the clusters to information classes. Conversely, the
scatterplot of bands 3 and 4 mean data vectors is relatively easy to interpret and
looks very much like the perpendicular vegetation index distribution shown earlier
in Fig. 7-41. This is not surprising since this is a red (band 3) versus near-infrared
(band 4) plot. ‘
Cluster labeling is usually performed by interactively displaying all the pixels
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TABLE 8-9 Results of Clustering on Thematic Mapper Bands 2, 3, and 4
of the Charleston, S.C., Scene
Percent Mean vector
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
2 714 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 2179 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 Residentiat 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 3042 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 22.36 20.22 31.21 Commercial 7 Dark red
20 0.02 34.00 43.00 48.00 Commercial 8 Bright red

assigned to an individual cluster on a CRT screen. In this manner it is possible to
identify their location and spatial association with the other clusters. This interactive
visual analysis, in conjunction with the information provided in the scatterplot, allows
the analyst to group the clusters into information classes as shown in Fig. 8-24
and Table 8-9. It is instructive to review some of the logic that resulted in the
unsupervised classification (Fig. 8-21) (color section). .

Cluster 1 was a very distinct cluster in spectral space (Fig. 8-24); therefore, it
was not difficult to assign it to the information class “water.” Clusters 2 and 3 had
a high reflectance in the near-infrared (band 4) with low reflectance in the red (band
3) due to 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 evidently were comprised of a mixture of moist soil and
abundant vegetation. Therefore, it was not difficult to assign both these clusters 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 residential housing is composed of a mixture of vegetated and nonvegetated
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Cluster Means for TM Bands 2 and 3
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Figure 8-22 The mean vectors of the 20 clusters displayed in Fig. 8-21 are shown
here using only bands 2 and 3. The mean vector values are summarized in Table
8-9. Notice the substantial amount of overlap among clusters 1, 2, 3, 4, 5, and 19.

(asphalt/concrete) surfaces, especially at TM spatial resolutions of 30 X 30 m. Based
on where they were located in feature space, the six clusters were collapsed into
just two: bright yellow (6, 7, 17) or yellow 0, 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 composed of concrete and bare soil often does. Two other clusters
(13 and 16) were associated with commercial strip areas, particularly 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 residential areas, where vegetation is
more plentiful. These three subgroups of commercial land use were assigned bright
red, red, and dark red, respectively (Table 8-9). :

Cluster 8 did not fall nicely into any group. It experienced very high near-
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Cluster Means for TM Bands 3 and 4
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Figure 8-23 The mean vectors of the 20 clusters displayed in Fig. 8-21 are shown
here usin‘gonlybandBand4data.ThemeuuvecwrvalwmsummuiudinTgbk
8-9. Compare the spatial distribution of these 20 clusters in the red and near-infrared
fmtunspwewithwhatisexpectedinatypicalpérpendiculnvegctaﬁoninduu
discussed in Chapter 7 and Fig. 7-41.

infrared reflectance and chlorophyll absorption, often associated with very well kept
lawns or parks. In fact, this is precisely what it was labeled, “parks and golf.”

N The 20 clusters and their color assignments are shown graphically in Fig. 8-
21. Obviously, there is more information present in this unsupervised classification
than in the supervised 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.

INCORPORATING ANCILLARY AND CONTEXTUAL DATA IN
THE CLASSIFICATION PROCESS

Ancillary data is any type of information used in the classification process that is
not directly obtainable from either the spatial or spectral characteristics of the remote

1117 OFEKO06915



incorporating Ancillary and Contextual Data 223

Cluster Means for TM Bands 3 and 4
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Figure 8-24 Grouping (labeling) of the original 20 spectral clusters into information
classes. The labeling was performed by analyzing the mean vector locations in bands
3 and 4.

sensor data itself (Tom et al., 1978; Strahler, 1980). For example, the amount and
type of agricultural land use in the previous year should be of value in this year’s
agricultural crop-type inventory. Similarly, certain types of forest species are spatially
distributed based solely on aspect and/or topographic characteristics. Ideally, land

cover classifications based on the analysis of remote sensor data should incorporate.

such valuable ancillary information.

Several approaches have been developed to incorporate ancillary data into the
remote sensing classification process. For example, one approach is to actually digitize
the ancillary data into an image format that is in near-perfect registration with the
remote sensor data. In this case the ancillary data become another “feature” in the
measurement vector, (e.g., instead of perhaps seven Landsat TM features, there are
eight, the eighth being an elevation feature). The digital terrain information can also
be used to compute other ancillary variables, such as aspect and slope, to improve
forest species identification. Such ancillary data can be trained on in a supervised
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classification or simply used as another plane of information in an unsupervised classifi-
cation (Hoffer et al., 1979; Tom et al., 1978).

Campbell (1983) suggests that ancillary data are well suited to layered classifica-
tions. Layered classification refers to the hierarchial process whereby two or more
decision rules are used in the classification process (Hauska and Swain, 1975; Jensen,
1978). The usual single-step classification algorithm uses all available information
in a single process to produce the entire menu of information classes. Layered classifica-
tion uses subsets of features in a series of separate decisions. For example, a simple
layered classification involving ancillary data might (1) threshold all pixels in the
scene that lie between 2600 and 3800 ft above sea level using digital terrain information,
and (2) apply a traditional maximum likelihood classification only to those spectral
data meeting this criterion to identify all spruce or fir in an area in the Colorado
Rockies. This should reduce the number of spruce-fir pixels assigned to forested
areas that cannot ecologically support spruce-fir. '

Ancillary data can also be used to assist in the final stages of cluster labeling
rather than as a feature in the classification process (Walsh, 1980; Logan and Strahler,
1980). Still others have used such- ancillary data to develop pixel-specific a priori
probabilities that can be used in the maximum likelihood classification algorithm
discussed previously (Strahler et al., 1978, 1980).

~ Richards et al. (1982) developed an alternative means of incorporating informa-
tion from ancillary data sources into the classification process. This method departs
from the previous studies in several important respects. First, it is applied to the
classification map after it has already been produced. Second, it can incorporate
contextual information into the process. Whereas texture refers to the spatial variation
within a contiguous group of pixels, the context of a pixel (or group of pixels) refers
to its spatial relationships with pixels in the remainder of the scene. Thus contextual
decision rules can, potentially at least, involve the use of any other pixel or group
of pixels from throughout the whole scene (Gurney and Townshend, 1983). There
are other classification algorithms that can incorporate contextual information, but
none incorporate ancillary data and context as effectively as this procedure (Kettig
and Landgrebe, 1976; Swain et al., 1980, 1981; Wharton, 1982).

The method is based on probabilistic label relaxation procedures, which are
used for embedding spatial context data in image-labeling problems. In addition,
ancillary information is used as a set of probabilities that are injected into a modified
relaxation method called supervised relaxation ‘labeling. This procedure is applied
to the existing remote sensing classification map and strikes a balance between the
spectral, spatigd, and ancillary data sources. Richards et al. (1982) reported improve-
ments of 68 10 81% in forest classification accuracy when topographic ancillary infor-
mation was incorporated in this manner. .

The ancillary data used in any of the foregoing procedures is seldom collected
for the sole purpose of being used as additional information in a remote sensing
classification. Rather, it is usually collected for an entirely different reason and then
adapted for use in the remote sensing application. Therefore, ancillary data are seldom
initially compatible with the remotely sensed data in scale, projection, minimum
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mapping unit, date, or accuracy. For example, U.S. Geological Survey digital elevation i
models (DEMS) and U.S. Soil Conservation Service soils maps are frequently used i
as ancillary data. The map scales, projections, and minimum mapping units of these
two data types are totally different and initially incompatible with the format of
the digital remote sensor data. Many differences can be minimized through radiometric
and geometric preprocessing. Any unresolved incompatabilities, however, many de-
tract from the usefulness of the ancillary data.

The incorporation of ancillary and contextual data in the remote sensing classifi-
cation process is an important alternative to those studies based solely on the analysis
of spectral information analyzed on a per pixel basis. Howevet, the choice of variables
t0 be included is critical. Common sense suggests that the analyst should thoughtfully
select only those variables with conceptual and practical significance to the classifica-
tion problem at hand. Incorporating layers of possibly redundant ancillary information
can serve no useful purpose and can rapidly consume limited data analysis resources.

LAND-USE CLASSIFICATION ACCURACY ASSESSMENT!

If remote sensing—derived land-use or land-cover maps and associated statistics are
to be useful to the researcher or the user community, there must be a method for
quantitatively assessing classification accuracy. This usually requires the collection
of some in situ data or a priori knowledge about some parts of the terrain which
can then be compared with the remote sensing-derived classification map. Thus, to
assess classification ‘accuracy it is necessary to-compare two classification maps: (1)
" the remote sensing-derived map, and (2) what we will call the assumed true map
(it may in fact contain error). The assumed true map may be derived from in situ
investigation or quite often from the interpretation of remotely sensed data obtained
at a larger scale or higher resolution. For example, researchers commonly compare
a Landsat-supervised classification with an assumed true map produced by interpreting
large-scale (e.g. 1:20,000) aerial photography. Since both maps are derived from
the interpretation of remotely sensed data, it does not seem to be a rigorous foundation
to build on. In any case, land-use data on the assumed true map must be in near-
perfect registration with the remote sensing—derived map. Both maps must have exactly ]
the same nominal scale classification scheme {i.c., codes such as 1,2,30rA,BC ;
that represent land-use classes at pixel locations (i j)). If these criteria are met, it is
possible to conduct two types of classification accuracy surveys: overall and site specific.

Overall Classification Map Accuracy Assessment

To determine the overall accuracy of a remote sensing—derived classification map, it
is necessary to ascertain whether the map meets or exceeds some predetermined
classification accuracy criteria. For example, the overall accuracy of land-use maps

1This section contains information reprinted with permission from Jensen et al. 1983, “Urban—
Suburban Landuse Analysis,” Chapter 30 in The Manual of Remote Sensing, R.N. Colwell, ed., Vol. 2,
1571-1666. © 1983 The American: Society of Photogrammetry and Remoic Sensing. {
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for earth resource management should generally be 85% and the accuracy must be
approximately equal for most categories (Anderson et al., 1976; Milazzo, 1980). Proce-
dures for evaluating two maps and accepting or rejecting such hypotheses are reviewed
in Fitzpatrick-Lins (1978, 1980), Ginevan (1979), Aronoff (1982), and Jensen et al.
(1983). L -

Overall accuracy assessments evaluate the agreement between the two maps
in total area in each category. They usually do not evaluate compensating €rrors
that occur in the various categories. For this reason, Aronoff (1982) suggests that
“the comparative analysis of [site-specific] error matrices may provide better methods
of comparing land-use classification mapping methods than a simple comparison of
overall estimated map accuracy.” :

Site-Specific Classification Map Accuracy
Assessment S :

This type of error analysis compares the accuracy of the remote. sensing—derived
classification map pixel by pixel with the assumed true land use map. A number of
strategies have been developed. We will constrain our discussion to the results of a
supervised classification, although the techniques are equally applicable to unsuper-
vised classification map comparisons. - .
_ First, it is possible to conduct a site-specific error- evaluation based only on
the training pixels used to train the classifier in a supervised classification. This simply
. means that those pixel locations i, j used to train the classifier are carefully evaluated
on both the remote sensing-derived classification map and the true map. If training
samples are distributed randomly throughout the study area, this evaluation may
. be considered representative of the study area. Unfortunately, the locations of training
sites are usually nonrandom. They are biased by the analyst’s a priori knowledge of
where certain land cover types exist 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 because these are the data locations that were used to
“train” the classifier. Therefore, it would seem that this procedure is born of expediency
and, as a result, can have little use in any serious attempt at accuracy assessment
(Campbeli, 1983). . :

_ Conversely, if other test locations in the study area are identified and correctly
labeled prior to the classification and if these are not used.in the training of the
classification algorithm, they can be used to evaluate the accuracy of the classification
map. This procedure generally yields & more credible classification accuracy assess-
ment. However, additional “ground truth” is required for these test site areas, coupled
with the problem of determining how many pixels are necessary in each test site
class. Also, the method of identifying the location of the test sites prior to classification
i§ important since many statistical tests require that locations be randomly selected
(e.g., using a random number generator for the identification of unbiased row and
column coordinates) so that the analyst does not again bias their selection.

The most rigorous error evaluation is when every pixel in the remote sensing-
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derived classification map has a companion pixel in the “assumed true” map. Such
an error evaluation requires additional resources to identify, rectify, and compare
every pixel in the assumed true map with the same pixel in the classification map.
This procedure is unsuitable for practical projects concerned with land-use classifica-
tion over vast areas, since it requires that duplicate inventories be made. However,
for small studies, where the emphasis is on technique development or understanding
the advantages and disadvantages of multispectral classification, this approach does
have certain advantages.

Once the criterion for objectively identifying the location of specific pixels to
be compared is determined, it i8 necessary to identify the class assigned to each
pixel in both the remote sensing-derived map and the “assumed true” map. These
data are tabulated and reported in a contingency table, where overall classification
accuracy and misclassification between categories are identified. It usually takes the
form of an m X m matrix, where m is the number of classes under investigation.
The rows in the matrix represent the “assumed true” classes, while the columns
are associated with the remote sensing—derived land use. The entries in the contingency
table represent the raw number of pixels encountered in each condition; however,
they may be expressed as percentages if the number becomes too large. One of the
most important characteristics of such matrices is their ability to summarize errors
of omission and commission. Results from the supervised classification of the Charles-
ton, S.C., thematic mapper data will be used to demonstrate how the contingency
table can be used to identify these types of error.

Prior to the supervised classification of the Charleston scene with the training
data summarized in Table 8-3, test sites that contained a total of 408 pixels were
randomly identified. The ideal number of points to be tested in the land-use classifica-
tion map was determined from the formulas for the binomial probability theory.
The formula for the number of points selected was:

_4(p)a)

N £

(8-25)

where p is the expected percent accuracy, ¢4~ the difference between 100 and p, E
the allowable error, and N the number of points to be sampled (Fitzpatrick-Lins,

1980). For a sample where the expected accuracy was 85% at an allowable error

of 5%, the number of points necessary for reliable results was:

X
y o AEX19)

o a minimum of 204 points

With expected map accuracies of 85% and an acceptable error of 10%, the sample
size for a map would be at least 50. The greater the allowable error, the fewer points
that need to be collected to evaluate the classification accuracy. According to Van
Genderen and Lock (1977), however, the smallest sample size for meaningful results
is 20 points even if the sample is error-free.

The disposition of the 408 pixels in both the remote sensing-derived map and
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the “assumed true” map are summarized in the contingency table found in Tabl
8-8a. The total column on the right summarizes the “assumed true” number ¢
pixels in each class. The total at the bottom of each column provides informatio:
on the number of pixels in each class found within the test sites on the remot
sensing classification map. The diagonal elements of the matrix represent the numbe
of pixels correctly classified. For example, 382 of the 408 pixels were correctly classified
representing an overall classification accuracy of 93.6%.

The 93.6% accuracy statistic is useful but does.not report how confident wi
should be that the map actually exceeded the 85% criterion originally established
To determine this, the following methodology was used. The ratio, p (expressed a:
a percent), of the number of points: correct, ¢, to the total number of points, n.
represented the accuracy for the map. As this value was the test value for comparison
to the minimum standard of 85% accuracy, a one-tailed test was appropriate. The
95% one-tailed lower confidence limit for a binomial distribution was obtained from
the equation (derived from Snedecor and Cochran, 1967, p. 211):

p ¥p“~[1.645 vV @~XgH/n +%] (8-26)

where p = accuracy of the map expressed as a percent

P~ =value ¢/n expressed as a percent
¢~ =100—p~
n = sample size

If p exceeds the 85% criterion at the lower confidence limit, it is possible to accept
(with 95% confidence) that the map met or exceeded the accuracy standards. When
the overall accuracy statistic (p~ = 93.6%) and the total number of points (n =
408) are analyzed, the 95% one-tailed lower confidence limit is 91.48%. Thus this
map exceeds the 85% overall accuracy criterion.

The off-diagonal entries provide information on errors of omission and commis-
sion. Errors of commission are found in the lower left half of the matrix, while
errors of omission are found in the upper right half of the matrix. Errors of omission
for each class are computed by summing the number of pixels assigned to incorrect
categories along each row and dividing this number by the total number of true
pixels in the category. For example, 18 pixels of residential land use were assigned
to categories other than residential, primarily forest. This resulted in an error of
omission for this category of 20.5%. Errors of commission are computed by summing
the number of pixels assigned to incorrect categories along each column and dividing
this number by the total number of pixels assigned to the column category. For
example, 4 of the 88 residential land-use pixels on the classification map really belong
to other categories. This resulted in a commission error of 4.5% for the residential
land-use category. '

Whereas a single accuracy statement with a given lower confidence limit was
sufficient to describe the entire map, it is also important to determine the accuracy
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of individual categories. To determine the true 95% confidence limits for each category,
the following two-tailed test was applied:

p=p~* [1.96 VP~ Xg™)/n +?] 8-27)

where p~ is again the value of the true percent correct, g~ is equal to 100 — p~,
and n is the number of points sampled in each category.
The results of the five classes examined for errors of commission and omission

are shown in Table 8-10. Based on an evaluation of the errors of commission, all

classes except forest and commercial exceeded the specified accuracy of 85% at the
lower confidence limit. Commercial almost met the criteria at 84%. Residential land
use and forest did not meet the 85% criterion when errors of omission are evaluated.

TABLE 8-10 Individual Category Error Evaluation

Commission Omission
95% 95%
Points % confidence % confidence

Class correct n correct limits n correct limits
Residential 10 74 95 89-100 88 80 71-89
Commercial 55 60 92 84-99 58 95 88-100
Wetland 99 103 96 92-100 99 100 98-100
Forest 37 50 74 65-83 42 90 81-99
Water 121 121 100 98-100 121 100 98-100

Such tables and statistics provide useful information on the type of confusion
that took place in the classification. For example, some residential land use was
misclassified as forest (13 pixels), but forest was rarely misclassified as residential
(1 pixel). Perhaps more attention should be given to the selection of training sites
for residential and forest which might improve the supervised classification of these
two classes. ‘

It is possible to produce remote sensing-derived classification maps by holding
certain parameters constant and applying various treatments such as different classifi-
cation algorithms, the use of human interpreters with different degrees of skill or
expertise, analysis of different types of imagery or film/filter combinations, or classifica-
tion maps obtained from different scales of imagery. Rosenfield (1982) and Congalton

and Mead (1983) propose non-parametric and parametric techniques that the analyst -

can use to determine if the differences in the classification maps produced by the
various treatments are significant.

Procedures such as those discussed allow land-use maps derived from remote
sensing to be quantitatively evaluated to determine overall and individual category
classification accuracy. Their proper use enhances the credibility of using remote
sensing-derived land-use information.
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Chqhge Detection

INTRODUCTION

Accurate land-use and land-cover information is needed at the local, regional, and
national administrative levels for thoughtful land-use planning and management (Paul
and Mascarenhas, 1981). For example, in areas where intensive urbanization and
limited agriculture must coexist, local agencies often conduct surveys to monitor
and regulate the conversion of prime agricultural land to suburban land, lest this
renewable resource be lost indefinitely (Carlson and Rubingh, 1979).

This chapter identifies methods of digital change detection mapping using remote
sensor data. Emphasis is on detection of new residential development at the urban
fringe, although there are other equally important types of change detection that
could be demonstrated. The nature of the change detection problem in general is
first addressed to demonstrate the complexity of the digital change detection task.
Change detection algorithms used with Landsat imagery are then reviewed.

THE NATURE OF CHANGE DETECTION

How do we identify changes in imagery of the same geographic arca obtained at
different times? Change detection can be a fairly straightforward task for interpreters
evaluating large-scale aerial photography, but visual comparison of photos can be
slow, tiring, and is subject to numerous errors of omission (Shepard, 1964). These
are some of the reasons that digital methods are used to correlate and compare
two sets of imagery to identify changes. A change detection method should be based

234
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The Nature of Change Detection 235

on a sensor system that (1) has a systematic period between overflights (e.g., 18
days), (2) records imagery of the same geographic area at the same time of day to
minimize diurnal sun angle effects, (3) maintains the same scale and look-angle geome-
try; (4) reduces relief displacement as much as possible, and (5) records reflected
radiant flux in consistent and useful spectral regions. If these conditions are satisfied,
it may be possible to analyze the spatial, spectral, and temporal characteristics of
the remote sensor data to obtain land-use change statistics and produce a land-use
change map. :

' Accurate spatial registration of at least two images is essential for digital change
detection; The images may be raw remote sensor data obtained on two different
dates or two classification maps produced from imagery obtained on two different
dates. This necessitates the use of geometric rectification algorithms that register
the images to each other or, even better, to a standard map projection (refer to
Chapter 6 for a discussion on image rectification). Rectification should result in the
two images or maps being within one-fourth to one-half a pixel of registration one
to another. If the misregistration is greater than 1 pixel, this may result in the identifica-
tion of spurious areas of change between the two data sets. .

The spatial resolution of the sensor system is important because the instantaneous
field of view (IFOV) governs the size of the area over which radiant flux will be
integrated and recorded. The size of the picture element represents the minimum
mapping unit. For example, the 79 X 79 m ground resolution of the Landsat MSS
precludes the identification of individual houses, trees, and so on. Therefore, one
must be satisfied recording general levels of land cover such as rangeland or residential
housing. :

Having established that the sensor system should record an image of the same
area at regular intervals and at the same time of day, a fundamental question arises.
Which dates should be used? Anniversary dates are often used because they minimize
differences in reflectance caused by seasonal vegetation changes, soil moisture variation,
or sun angle differences. Indeed, there may even be optimum dates within the year
for change detection for a given region. For example, anniversary spring dates were
found to be superior for Richmond, Virginia, because the vegetation canopy was
sparse enough to enable residential land use to be discriminated from natural vegetation
(Christenson, 1977). :

A fundamental assumption of digital change detection is that there exists a
difference in the spectral response of a pixel on two dates if the land-use changes
from one type of land cover to another. Ideally, the spectral resolution of the sensor
system is.sufficient to record reflected radiant fiux in spectral regions that best capture
the most descriptive spectral attributes of the object. Unfortunately, Landsat’s MSS
is relatively coarse being composed of four broad bands. Also, these bands were
optimized for terrain analysis, not suburban, applications and there is redundancy
in the information content of MSS bands 4 and 5 and in bands 6 and 7. Therefore,
we find instances where the four-dimensional vector of the MSS data for each pixel
may not provide sufficient information to allow correct classification, let alone change
detection. For example, numerous reports identify signature overlap between agricul-
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tural and residential land use (Jensen, 1981). Fortunately, detection of change requires
less spatial and spectral resolution than does identification of an object. Therefore,
although it may be difficult to classify suburban land use to its most detailed class,

" jt may be possible to at least identify that it has changed. Higher-resolution sensor
systems (e.g., acrial photography) or field work can then be applied to the areas of
change that have been detected.

Landsat MSS and even Thematic Mapper data are at best useful only for regional
or national change detection. Even then the data may not constitute a primary source
for such an update, but may rather function in a complementary role (Milazzo, 1980).
1t takes improved spatial and spectral resolution to achieve detailed local change
detection. Even the Landsat thematic mapper with its 30 X 30 m spatial resolution -
and six spectral bands cannot be used to perform detailed change detection in urban
environments. The 16- or 18-day temporal resolution, however, is probably sufficient
for most urban change detection tasks.

CHANGE DETECTION ALGORITHMS

The selection of an appropriate change detection algorithm is based on an analysis
of several important factors. First, the analyst must know the cultural and biophysical
characteristics of the study area. Next, it is imperative to know the precision with
which the multiple-Gate imagery is registered. Finally, one should be aware of change
detection algorithm alternatives, their degree of flexibility, and availability. There
are at least five general classes of change detection algorithms, including image differ-
encing, image ratioing, classification comparison, comparison of preprocessed imagery,
and change vector analysis (Howarth and Wickware, 1981; Jensen, 1981; Jensen and
Toll, 1982). There are a variety of alternatives within most of these classes, and it is
not practical to provide examples of each change detection alternative. Rather, most
algorithms will be discussed in light of previous research, with a select few demon-
strated by example. In the latter case, a 6-mi? portion of the Fitzsimmons 7.5-minute
quadrangle in Denver, Colorado, where substantial residential development has taken
place between 1976 and 1978 will be evaluated. Landsat MSS imagery was obtained
on October 1, 1976, and September 30, 1978 (Fig. 9-1). The data were registered
10 a universal transverse Mercator (UTM) projection using 32 ground control points.
Pixels were resampled to 60 X 60 m using a nearest-neighbor algorithm that did
not alter the original pixel values, in contrast to cubic-convolution resampling (refer
to Chapter 6 for a discussion of these resampling methods). :

To complement the digital data set, panchromatic aerial photography of the
study area (0.4 to 0.7 pm) was obtained on October 8, 1976, and October 15, 1978
(Figs. 9-2 and 9-3). Ten stages of residential development were visually interpreted
and overlayed on top of the aerial photography based on evidence of clearing, subdivi-
sion, transportation, buildings, and landscaping (Fig. 9-4). This detailed classification
of relatively homogeneous phases of residential development were used as “ground
truth” to assess the digital change detection performance.
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Change Detection Algorithms 237

Figure 9-1 Landsat MSS band 5 images of a portion of the Fitzsimmons 7.5-minute quadrangle
study area obtained on October 1, 1976, and Scptember 30, 1978. Raw data were used in all
change detection procedures, whereas these figures have been contrast stretched. (From Jensen
and Toll, 1982.)

Image Differencing

Image differencing involves subtracting the imagery of one date from that of another.
The subtraction results in positive and negative values in areas of radiance change
and zero values in areas of no change. In an 8-bit (2%) analysis with pixel values
ranging from O to 255, the potential range of difference values is —255 to 255. The
results are normally transformed into positive values by adding a constant, c. The
operation is expressed mathematically as

Axige = BV (1) — BV (D + ¢ 9-1)

where Axiga = change pixel value
BV (1) = brightness value at time 1
BV (2) = brightness value at time 2
¢ = a constant (e.g., 255)

#
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Figure 9-2 Panchromatic aerial photographyof a portion of the Fitzsimmons 7.5-minutc quadran-
gle near Denver, Colorado, on October 8, 1976. Photography was obtained from Colorado Aerial
Photo Service of Denver, Colorado. The original scale was 1:52,800. The land cover was visually
photointerpreted and classified into 10 classes of residentisl development using the logic shown in

Fig. 9-4. (From Jensen, 1981.)
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Figure 9-3 Panchromatic aerial photography of the study area obtained on October 15, 1978.
The original scale was 1:57,600. Comparison with Fig. 9-2 reveals substantial residential land
use development since October 8, 1976. (From Jensen, 1981.)
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Change Detection Algorithms 241

i=1...number of line
j=1. .. number of column
k = a single band (e.g., MSS 5)

This procedure yields a “differenced” distribution for each band (Fig. 9-5),
approximately Gaussian in nature, where pixels of no brightness value change are
distributed around the mean and pixels of change are found in the tails of the distribu-
tion. A critical element of the image differencing method is deciding where to place
the threshold boundaries between change and no-change pixels displayed in the histo-
gram. Often, a standard deviation from the mean is selected and tested empirically
to determine if changes were accurately monitored. The procedure has also become
interactive, wherein an analyst familiar with the area tries various thresholds until
optimum ones are identified (Royal, 1980).

A change histogram was created for the Denver study area by differencing
MSS band 5 data acquired on October 1, 1976, and September 30, 1978. Interactive
analysis of the histogram produced a change map that was superimposed as precisely
as possible onto the 1978 aerial photography (Fig. 9-6). Comparing manually inter-
preted categories (Figs. 9-2 and 9-3) with the digital change map (Fig. 9-6) revealed
some interesting relationships. The digital method accurately identified land-use
change from natural vegetation (category 1) to partially or fully landscaped residential
development (categories 5 and 10, respectively). However, in sections A and C there
were substantial errors of omission when change was from natural vegetation to
categories 3, 4, and 6 (i.c., when development was initiated but not completed). The
absolute accuracy of the classification was 77%, with the majority of the error being
omission (statistics are summarized in Table 9-1a).

Akin to image differencing is the image overlay method described by Banner
and Lynham (1981) and Howarth and Boasson (1983). They found that displaying
the MSS band 5 image on one date in blue on the CRT screen and the MSS band
5 image on the next date in red on the CRT was quite useful for identifying change
and did not necessitate taking the difference. After adjustment of the color balance,
areas of no change appeared gray. Any areas that had changed were highlighted in
one of the colors. The greater the change in tone from light to dark (or vice versa)
between the two dates, the more dominant one of the colors (blue or red) appeared
on the screen. This technique requires the availability of a digital image processing
system.

Image Ratioing

Changes in viewing conditions (e.g., shadows, seasonal reflectance differences due
to sun angle, etc.) degrade the ability of a classifier to identify materials correctly.
Fortunately, ratio transformations tend to remain invariant when changes result from
such factors. These ratios are especially useful for change detection when several
dates of imagery are used in an analysis because they can reduce the effect of environ-
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IMAGE DIFFERENCING

CHANGE DETECTION METHOD
© TIME 1 | . TIMEZ
LANDSAT SCENE LANDSAT SCENE
REGISTER SCENES RB‘GISTER SCENES
TIME 1 (BAND 5) TIME 2
] i : S
SUBSET, PIXEL BY PIXEL UBSET

10 | |
RANGE RESIDENTIAL
/MINUS ,

TIME 1
' |TIME 2

SUBTRACTION
TIME 1 — TIME 2
+ CONSTANT (255) 1,30

| 10 - 40 + 255 = 225
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Figure 9-5 Image differencing change detection method. (From Jensen, 1981.)

242

137 OFEK 06935



)
T ‘3 ¥ 1

Hef Tl
SO MO0

s
’Ymm

. BLARARE
B QlL ['i ANNLLOA .
omeEnng. .
,. il il it S
m Emman ;

T, [0
[IDMIDCNON
mmmm‘L

AL ABRAAAL
AEBANLAMSHNLLA X
AALAAAMABLLALR LA "AMH
LHLEAMLLALAANANSE
PRLY- YL .
AALANLAN
FALDABANSSL

meas

0,

Figure 9-6 Land-use change map produced using the MSS band 5 image differencing method.
The results are superimposed on the October 15, 1978 aerial photography. Two symbols represent
pixels found in the lower or upper tails of the change histogram. Some errors of commission are
outlined. (From Jensen, 1981.)
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244 Change Detection  Chap. 9

TABLE 9-1 Change Detection Evalustion Yor an Area Near
Denver, Colo. from October 1, 1976 to September 30, 1978
Using Landsat MSS Dats® :

a. Band 5 spectral image differencing
2 -Change  No change
‘Change 973 810 absolute sccuracy:
No Change 175¢.. 2362 (973 + 2362)/4320="T1%

b. Band 5 spectral image differencing plus texture differencing
Change T 1142 . 641% - - . absolute accuracy:
No Change 180 - 2357 (1142 + 2357)/4320 =81%

= These statistics were derived by comparing the results of Landsat digita!
change detection methods with a binary change/no-change map produced
from the photointerpretations of the 1976 and 1978 panchromatic aerial
photography. ‘

 Esrors of omission.

< E - ({ P ] v

Source: Jensen and Toll (1982).

mental and system muitipliéative factors present. The better these factors are con-
trolled, the higher the probability that accurate change detection will take place.
The mathematical expression of the ratio function is:

_ BV (1)
Sl T

where Arg = non-normalized change pixel value
BV (1) = brightness value at time 1
BV (2) = brightness value at time 2
i=1...number of line
j=1. . . number of column
k =a single band (e.g,, MSS 5) |

Basically, a pixel that has not changed in land cover will have the same brightness
value on both dates, yielding a ratio value of 1.0 that can be scaled to produce a
midgray torie (the method of scaling the ratioed data is described in the section on
band ratioing in Chapter 7). Areas of change in the multiple date imagery will have
values either higher or lower than 1.0. Thus, as with the image differencing method,
a change histogram is produced with the tails of the distribution containing the change
information. The selection of thresholds is again based on empirical judgment (Fried-
man, 1978).

Ratio change detection using this logic was first reported by Todd (1977) for
an area near Atlanta, Georgia, where 91% of the land-use change was identified
correctly. Friedman and Angelici (1979) also used visual analysis of the ratio histo-
grams to identify thresholds for mapping areas of urban and nonurban change in

©-2)
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Los Angeles. Howarth and Boasson (1983) applied the ratio change detection technique
in a CRT environment. Pixels that did not change in brightness value between dates
were allocated a midgray tone (i.c., RGB = 127, 127, 127). Areas of change that
had values either higher or lower than 1.0 were displayed in either light or dark
tones that were directly proportional to the spectral intensity of the change that
took place. Therefore, the lighter or darker a pixel appeared; the more the digital
value changed between the two dates. They experienced good results for an area
near Hamilton, Ontario, Canada, using MSS band 5 ratio data from 1974 and 1978.
The band 5 ratio data were sensitive to cultural changes, while band 7 ratioed data
were sensitive to changes in water conditions. Robinson (1979) criticized ratio change
detection as being a statistically invalid method due to the non-Gaussian, bimodal
distribution that is often produced when ratioing multiple-date data.

Classification Comparisons

Several change detection alternatives evaluate land-use classifications produced either
from each separate date of imagery or from the two dates of imagery as a set. Because
accurate classification of urban land use on even a single date is difficult using Landsat
MSS or TM data, care must be exercised in the application of these techniques.

Postclassification comparison. This alternative identifies change by
comparing two independently produced classification maps. An algorithm simply com-
pares the two classification maps utilizing class pairs specified by the analyst and
generates a map indicating areas of change. By properly coding the classification
results for date 1 and date 2, the analyst can produce change maps that show a
complete matrix of changes. Therefore, it is possible to identify not only the pixels
that have changed between the dates, but also the nature of that change (Howarth
and Wickware, 1981).

The results of postclassification comparison in one study were considered a
priori to be the superior change detection method and used as the standard for evaluat-
ing the results of other methods (Weismiller et al., 1977). Unfortunately, no ground
truth was available to test the method. Conversely, others have found that this method
produces poor results unless extremely accurate classifications of the individual dates
are made (Stow et al., 1980). The accuracy of the method depends on the accuracy
of the initial classifications, and any errors are compounded. Another study concluded
that the heterogeneity of urban land use produced many “mixed” pixels, which lowered
the accuracy of the individual classification maps. A symptom of the problem was
that too much change was consistently identified (Toll et al., 1980).

Spectral/temporal change classification. This - alternative detects
change by performing a single classification on a multiple-date data set. If Landsat
MSS data are used, the four bands of data for each of two dates (eight bands total)
are analyzed at one time using pattern-recognition techniques. The method may employ
supervised classification techniques, in which case the analyst selects “training™ sites
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246 Change Detection Chap. 9

that are used to determine signatures for desired classes or unsupervised classification
techniques, in which case like phenomena are clustered into similar classes based
on their statistical properties. In either case, change classes should have significantly
different statistics from nonchange classes. :

Although this method is appealing because it requires only a single classification,
it is a very complex classification. If all eight bands are used, some will be redundant
in information content. Also, if clustering is performed, the cluster labeling is usually

“difficult. For example, 52 spectral classes were produced whien a coastal Texas study
‘area was analyzed using this method. Five information classes were synthesized from
the 52 spectral classes, four of which represented change. The change map was judged
unsatisfactory ‘when compared to the reference data set (Weismiller et al., 1977).

Preprocessing to Improve Change Detection

Many change detection studies preprocess the remotely sensed data prior to using
it in one of the change detection methods just discussed.

Low-frequency filtering. One type of preprocessing is image smoothing
where a spatial moving average enhances areas of homogeneity at the expense of
high-frequency detail. For example, MSS band 7 data were (1) smoothed using a
3 X 3 moving-average filter, or (2) smoothed using a boundary preserving algorithm
(Maxwell, 1976; Nagao and Matsuyama, 1979). The new images were then differenced
and mapped. The methods were judged ineffective (Riordin, 1980). Conversely, other
research found that data smoothed with a 3 X 3 spatial moving average performed
almost as well as differenced MSS band 5 data (Royal, 1980).

High-frequency filtering. It is possible to apply a filter that enhances
high-frequency detail in the scene. For example, a Laplacian enhancement may be
applied to each local neighborhood. Such enhancements produce a sharp visual image
but contain more noise than the original. Thus, there is a trade-off in deciding to
what extent edges should be enhanced. In one study using such a procedure, the
results were less accurate than using simple image differencing of MSS band 5 data
(Royal, 1980). ,

Texture transformations. Texture is very important in the human inter-
pretation of change in aerial photography and therefore offers the potential of improved
accuracy when used as an element in machine-assisted change detection. Basically,
it is possible to preprocess the remotely sensed imagery to yield multiple-date texture
images. These images can then be analyzed using any of the change detection proce-
dures described previously. Jensen (1982) analyzed the Denver,.Colorado, Landsat
data set to determine the utility of incorporating texture as well as spectral information
in an image differencing change detection analysis of residential areas. He used the
angular second moment (ASM) proposed by Haralick (1979) to create texture images
from the 1976 and 1978 MSS band 5 images (see Chapter 7 for a discussion of
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these and other texture measures). The 1976 and 1978 texture images were differenced
and the histogram analyzed to produce a change map showing areas where texture
changed dramatically between 1976 and 1978 (Fig. 9-7). The texture change map
complemented rather than duplicated information provided in the change map derived
from MSS band 5 spectral characteristics alone (Fig. 9-6). The texture change map
accurately identified many pixels of developing residential land use, &speclally condi-
tions 4 and 6 in sections A, C, and D (outlines areas in Fig. 9-7). Unfortunately,
change in land use from rangeland (category 1) to established residential (category
10) occasionally produced no significant change in texture, resulting in these areas
not being identified. Thus, the texture change map complemented the spectral change
map and should be used in conjunction with, but not alone for this study area.
The differenced band 5 (Fig. 9-6) and the texture change map (Fig. 9-7) were combined
into a single change map (Fig. 9-8). The absolute accuracy -of this change map was
81%. The 4% increase was due to fewer omission errors (fefer to Table 9-1b).

Analysis of where the stages of development cluster in three-space (band 6,
X -axis; band 5, Y-axis; and texture on the Z-axis) provided insight into the nature
of both spectral and textural change as a function of residential development stage.
With the 1976 band 5 and 6 statistics displayed in Fig. 9-9a, notice the separation
that exists between most stages, with the exception of rangeland (1) and partially
landscaped residential (5). In 1978, there was still overlap between stages 1 and 5,
however, the more serious problem was the complete overlap of stages 2 and 4 (Fig.
9-9a). Note in both dates the modest contribution of band 6 to separability. Band
5 accounted for the majority of the separation.

As the parallelepipeds are viewed from O, 60, and 90°, the importance of the
texture information becomes apparent. The edge-on view of 1976 MSS band 5 and
texture data shown in Fig. 9-9c demonstrated that, although there was still some
overlap between stages 1 and 5, there was substantial textural difference between
these two classes. The most pronounced texture contribution, however, was shown
in Fig. 9-9¢; where the texture provided complete separation of stages 2 and 4 when
used in conjunction with MSS band 5 data. Stages 1 and 5 were completely disjoint
for the 1978 image.

In this study, Landsat spectral data and derived texture data provided comple-
mentary information, and when used together, increased change detection accuracy.
The primary contribution of texture data was the measure of class heterogeneity.
Specifically, texture data improved the detection of intermediate stages of residential
development, particularly stages 4 and 6 in the model. Unfortunately, texture data
alone cannot be used to adequately detect change from natural vegetation O to
either partially (5) or fully landscaped (10) residential areas. :

Principal component analysis (PCA). Principal component analysis ap-
plied to multispectral data produces a series of linear transformations of the observed
variables that result in a new, smaller set of mutually orthogonal variables (refer to
Chapter 7 for a discussion of how PCA is performed). Because each consecutive
new variable accounts for the maximum amount of variability within the original
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Figre 99 Stages of residential development at the urban fringe displayed

of spectral (MSSS, MSS6) and textural statistics obtained from the 1976 and:1978 La
imagery of ‘the Fitzsimmons 7.5-minute quadrangle near Denver, Colorado. The: paralielepipeds

_ were constructed using the mean 1 standard deviation ‘for.each spectral or textural feature and

cach of the five stages of residential development. The top-row provides the 1976
from 0 10 60, then 90°, and the botton row presents the 1978 statistics. Of pa

is the counterclockwise stage of developrient pattern found when band 5 and texture ‘are plotted
together in C and C'. Also, note the degrec of separation between:stages, especial lyin the 1978
data (i.e., in C): (From Jensen and Toll, 1982.) G ST S

data, the transformation provides uncorrelated variables, with the first to enter compo-
nent generally containing 90 to 95% of  the variance. Thus, principal component
analysis may reduce the dimensionality of the change detection problem without
losing useful information. e N .

; In several change detection studies, the four-dimensional Landsat data of each
date were preprocessed using principal. component analysis. In each case, (1) the
mean and variance of a sample of observations from a given subscene were obtained,
(2) cigenvalues and cigenvectors were extracted, (3) the ‘entire population was trans-
formed using the matrix, obtained in step 1, and (4) histograms were analyzed using
image differencing techniques and a decision rule applied. In an analysis of imagery
for Orlando, Florida, land was separated from water using component 1 and urban
versus nonurban identified using component 2. This method was judged superior to
simple ratio techniques also applied to the scene (Friedman, 1980). Conversely, Toll
et al. (1980) applied principal component transformations to images of Denver, Colo-
rado, and Richmond, Virginia, study areas yielding poor change detection results
compared to simple image differencing of band 5 or 7 data. o

Byrne et al. (1980) used two four-channel Landsat scenes of the same area of
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New South Wales that were recorded on different dates. These data were registered
and treated as a single eight-dimensional data set as input to the principal component
analysis. They found that component 1 represented primarily the unchanged land
cover as measured by the infrared bands. It was also a good indicator of terrain
topography and roughness. Component 2 represented unchanged land cover measured
in the visible region. Components 3 to 5 contained change information. Components
6 to 8 contained random noise. They concluded that principal component analysis
provides an effective way of identifying areas in which change has occurred between
two four-channel multispectral scanner images.

Change Vector Analysis

When land undergoes a change or disturbance, its spectral appearance may change.
If two spectral variables are measured for the area both before and after change
occurs and then are plotted on the same graphic, a diagram such as Fig. 9-10a
might result. The vector describing the direction and magnitude of change from
the first to the second date is a spectral change vector. The decision that a change
has occurred is made if a threshold is exceeded. Figure 9-10b illustrates a case in
which no change would be detected, while Figs. 9-10c and d illustrate the other
half of the information contained in the change vector, namely its direction. Direction
contains information about the type of change. For example, the direction of change
due to clearing should be different than change due to regrowth of vegetation.

This method was applied successfully to forest change detection in northern
Idaho (Malila, 1980). The data were preprocessed using an agricultural transformation
that collapsed the four Landsat features of each date to just two features, brightness
and greenness. A

SPECTRAL CHANGE
VECTOR
OATE 2

MAGNATUOE
©) ANGLE OF CHANGE

DATE ¥

SPECTRAL VARIABLE ¥

SPECTRAL VAMABLE X.

B o D
UTTLE OR CHANGE: CHANGE:
NO CHANGE {e.0. CLEARED FOR {e.9. HEGROWTH OF
SUBDIVISION) NATURAL VEGETATION)
YEM 2
Y
oy 2 ¥ Figure9-10 A schematic diagram
of the spectral change vector
THRESHOLD THRESHOLD DGO Change detection method (after
X [ X Malila, 1980).
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CONCLUSIONS

OD——e e T T

Digital change detection is a difficult task to perform accurately. The results will

not be as accurate as those produced by a photointerpreter analyzing large-scale

aerial photography on individual dates and transferring this information onto a base

map. Nevertheless, because manual change detection is exhausting, difficuit to repli-

cate, and incurs substantial data acquisition costs, researchers continue to seek im-
~ proved digital change detection alternatives.

Spatial, spectral, and temporal constraints affect digital change detection. Assum-
ing that the imagery can be placed in a configuration that allows digital analysis,
the selection of an appropriate change detection algorithm takes on significance. There
exist a variety of algorithms from which to choose. Image differencing or ratioing
of spectral data is practical but may be too simple to identify the variety of change
in a complex scene. Classification comparison methods are useful only if accurate
land-use classifications can be obtained. Principal component analysis appears to offer
the most promising change detection technique involving image preprocessing. Change
vector analysis also appears promising.

Persons conducting digital change detection must be intimately familiar with
the environment under study, the quality of the data set, and the characteristics of
change detection algorithms. Also, much work remains to identify optimum change
detection algorithms for specific geographic areas and problems.
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10

The Interface of Remote
S'ensing and 'Geog;abhiéf‘ o

In Formafioh Systems

INTRODUCTION
" There exists in the world today a tremendous amount of cartographic, thematic infor-
‘mation. More and more of this information is being maintained in geographic informa-
tion systems (GIS) that are designed to accept large volumes of spatial data derived
from a variety of sources. The 'GIS efiiciently store, retrieve, manipulate, analyze,
and display these data according to user-defined specifications (Marble et al., 1983).
" This cartographic information is usually very static in nature, with most being collected
on a single occasion and then archived (Curran, 1985). f
~ Remote sensing also produc a us am »
remote sensing systems usually collect data not just on a single date, but on multiple
dates, allowing the analyst to not only inventory, but also to monitor. The ability
to monitor development through time provides valuable information about the pro-
cesses at work. Furthermore, remote sensing often provides valuable information
about certain biophysical: measurements (e.g., object temperature, biomass, height)
which could be of significant value in modeling the environment. Unfortunately, such
valuable Temote sensing information is not oftén used because it is very difficult to
interrelate the remote sénsing information with other types of spatially distributed
(cartographic) information. Many observers feel that the full potential of both geo-
graphic information systems and remote sensing can best be achieved if the technologies
are integrated (Shelton and Estes, 1981; Short, 1982). Some have suggested that the
real utility of remotely sensed data is intimately related to whether or not the data
can be associated with other spatial information, usually stored in a GIS format
(Simonett et al., 1977).

oduces a tremendous amount of mformatlon. However,

254
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Fundamental Geographic Information System Concepts 255

Over two decades ago, Garrison et al. (1965) described the significant potential
for integrating remotely sensed information with other nominal or interval scale infor-
mation in a GIS for modeling purposes. Since this time GIS technology has continued
to develop. There now exist scores of geographic information systems, many of which
are summarized in Calkins and Tomlinson (1977), Knapp and Rider (1979), Marble
et al. (1983), and Hansen (1985). In fact, Tomlinson (1984) reported that approximately
1000 GIS and automatic cartography systems were in operation in North America
in 1983 and 4000 are forecast to exist by the end of the decade. Some GIS can
incorporate remotely sensed information readily, while others experience great diffi-
culty incorporating it. It is beyond the scope of this chapter to review all GIS available
and their attributes. Rather it is instructive to identify the fandamental generic attri-
butes common to most GIS and suggest how the remotely sensed data can be incorpo-
rated and used within the GIS framework. '

FUNDAMENTAL GEOGRAPHIC INFORMATION SYSTEM
CONCEPTS

All data that can be mapped has both locational (x, y) and nonlocational (i.c., attribute)
characteristics. For example, a feature may exist at an x, y location and possess Z
attributes. These attributes can be both qualitative (e.g., the land use at a location)
or quantitative (¢.g., the elevation at the same location). In addition, the attributes
at the location can be monitored through time. These three components—location,
attribute, and time—represent the content of most GIS (Fig. 10-1). How are these
data stored (encoded) digitally?

Data Encoding

There are four fundamental types of geographic data to be stored in a GIS; points,
Tines, polygons and surfaces (Deuker, 1979). A summary of three of these data types
and their methods of representation is shown in Fig. 10-2. These data can be stored
in a number of formats, including (1) traditional Cartesian x, y coordinates; (2) in
a topological format as nodes, links (line segments), and polygons; or (3) in a grid
(raster) format.

The more traditional encoding of points, lines, and polygons is based on the
use of Cartesian coordinates such as longitude/latitude founded on the principles of
Euclidean geometry. This is often called polygon or vector coding. Figure 10-3 shows
conceptually how a typical map composed of points, lines, and polygons is encoded
from its original analog map format into a digital format through the process of
digitization. Some of the more popular polygonal GIS in the United States are the
Map Overlay System (MOSS; Lee, 1983), ARC-INFO (Dangermond, 1983), and
Intergraph.

The polygonal GIS is ideal for the incorporation of thematic information derived
from the visual analysis of aerial photography or other types of analog remote sensor
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Figure 10-1 Three conceptual components of a geographic information system (GIS). (After Dan-
germond, 1983.)

data. The overlays produced in the interpretation process become simply another
type of map which can be systematically digitized into the GIS. It is much more
difficult to incorporate remotely sensed information obtained in a digital raster format
(such as land-use maps derived from digital Landsat MSS or TM data) into the
polygon GIS format since the fundamental data structures are different. To accomplish
this goal it is necessary to perform a raster-to-polygon conversion on the gridded
remotely sensed information. This is no trivial matter, as it can consume considerable
computer resources. :

In addition to the expression of geographic phenomena using Cartesian coordi-
nates, one can also use principles of graph theory involving topological relationships
to express the relative location of various map elements. The first and most commonly
used GIS system applying graph theory to maps is called dual independent map
encoding (DIME) and was developed by the U.S. Bureau of the Census (Marble et
al., 1984). DIME is actually a combined x, y coordinate and topological encoding
system. It involves topologically structuring the graph elements of a map (i.c., the
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Figure 10-2 Geographic data types and various methods of representation. (After Dan-
germond, 1983.)
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Figure 10-3 Encoding of point, line, and polygon features using polygon (vector) Cartesian coordi-
nate digitization techniques. (After Dangermond, 1983.)

map nodes, line segments, and polygons). Fignre 104 shows how a typical polygon
map can be abstracted into seven nodes, 11 links (line segments), bounding five basic
polygons. By numbering these links and associating them with nodes as well as poly-
- gons on the right and left, a basic map notation system can be derived. By adding
x, y coordinate encoding at each of the nodes, one has a dual system for spatially
identifying all elements of a map. This facilitates not only analysis using x, y coordi-
nates but also use of mathematics associated with graph theory involving networks,

spatial aggregation, and so on (Dangermond, 1983).
Point, line, or polygonal data can also be encoded using a grid (often called a
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Figure 10-4 Example of an x, y coordinate node file created using a topological data structure.
(After Dangermond, 1983.)
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. Fundamental Geographic Information System Concepts 261

raster) cartographic data structure (Fig. 10-5). Grid-cell coding actually creates a
matrix that is superimposed over the terrain such that the attribute information is
collected within a systematic array of grid cells. These cells are often referred to as
picture elements (pixels) and analyzed and displayed as if they were images in a
remote sensing data set. Grid-based geographic information systems usually have
little difficulty incorporating information derived from digital remotely sensed data.
All that is necessary is that the GIS files and the remote sensing—derived files be
referenced to the exact coordinate location on the ground. Fig. 10-6 illustrates how
a number of remote sensing—derived files can be placed in registration with other
cartographic information using the raster format. To bring these polygon-based files
into congruence with the raster remote sensor data, it is necessary to perform a
vector-to-raster conversion. Again, this can consume computer resources. Some of
the more popular grid-based GIS systems are MAP (Berry, 1981; Berry and Tomlin,

GIS FILE : DATA SOURCE :

. TOPOGRAPHY — AERIAL AND FIELD SURVEY

. SOILS &———AM AND FIELD SURVEY
. GEOLOGY &—AEMAL AND FIELD SURVEY
. PRECIPITATION &——mm SURVEY

. POPULATION }S-———AERJAL AND FIELD SURVEY
. ARCHAEOLOGY )r—— FIELD SURVEY

. LAND COVER )*Y———AERIAL SURVEY

. LANDSAT TM DATA }Y——-AER!AL SURVEY

. HYDROLOGY )k———AERIAL AND FIELD SURVEY

. HYDROLOGIC UNITS &-—_‘ U.8.G.S. HYDROLOGIC MAPS

. SURFACE TEMPERATURE AERIAL SURVEY

. SURFACE BIOMASS  ~————AERIAL SURVEY

v 14
. PLANIMETRIC BASEMAP}S———-—N QUADRANGLES

Figure 10-6 A computerized geographic information system can be conceptualized as a
base map accompanied by numerous registered overlays (files). This example illustrates a
grid-based GIS where 13 matrices are in near-perfect registration. Information in the data
base was derived from a variety of sources.

1156

OFFK 06954



262 The Interface of Remote Sensing and GIS Chap. 10

1981), ELAS (Whitley et al., 1981), IBIS (Zobrist et al., 1978), and IDIMS (ESL,
1982). ‘ :

Generally, polygon encoding more accurately defines the boundaries of point,
line, and polygonal data compared with the grid method of digitization. However,
if the grid mesh is extremely small in dimension over a given region, it is also possible
to maintain very accurate polygon shape characteristics using this data structure.

Data can be encoded into one of the three cartographic data structures using
either manual or automatic techniques. The most tedious is manual encoding involving
an analyst who must physically encode each point, line, and polygon using a coordinate
digitizing system. When the Cartesian method discussed previously is used, this may
even entail “double digitizing” of certain line segments, especially those between
adjacent polygons. This double digitizing may create serious error, often called “shiv-
ers,” to be introduced into the data set if exactly the same points are not digitized.
In fact, this problem of double digitization is precisely the reason many polygon-
based GIS now ineorporate topological digitizing schemes which do not require tha
the common boundary between adjacent polygons be digitized twice. Rather, the
polygon coordinates are reconstructed by the computer using the node, line segment
and polygon information.

There now exist expensive instruments that will automatically convert hard:
copy map information into any of these formats. The two main approaches are usually
referred to as automatic line following and scanning. Most users in North Americ:
currently prefer the scanning approach (Marble et al., 1983). The linear photodiode
method of scan digitization described in Chapter 2 is among the most popular. Ir
addition, very sophisticated software must be available to perform pattern recognitior
on the scanned information to appropriately label the points, nodes, and polygon:
and place them in one of the cartographic data structures discussed.

. Data quagqmont

Once the spatial data have been encoded they must be stored, yet be ready for immedi
ate access and manipulation. Each variable (often called a GIS layer) is archived i1
a computer-compatible digital format as a geographically referenced plane in the
geographic information system data base. The data base can contain any type O
information that is spatially distributed, ranging from socioeconomic (¢.g., populatior
density), to climatological (e.g., ppm 0zone over the city), to fundamental biophysica
variables (e.g., surface temperature). When digitally registered to one another, the:
form a data bank composed of n layers which can be queried to answer question
(Fig. 10-6). : _ . ,

Because each polygon can have a unique shape, its storage, retrieval, and manipu
lation in a polygonal data structure is complex and expensive (Calkins and Tomlinson
1977). Therefore, Curran (1985) suggests that the grid is the most popular data struc
ture, as it is cheap to store, retrieve, and manipulate and can be of any dimensio
from the 10 X 10 km unit used for the United Kingdom land characteristic dat
base (Ball et al., 1983) to the 30 X 30 m unit of Landsat TM pixel. Conversely
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Avery and Berlin (1985) state that polygon coding requires less computer storage
space than does the grid coding. Thus there continues to be debate over which is
the most economical and efficient data format.

Ideally, the data base files reside in CPU memory (RAM) and are immediately
accessible for computation and manipulation. However, because of the tremendous
amount of information contained in the files, they are usually stored on relatively
fast hard disk drives. The worst case is when the data are stored off-line on tape or

- other media and must be loaded onto the hard disk when needed. Improvements in
optical disk storage during the next decade will make the economical storage and
access of extremely large GIS data banks possible.

Data Manipulation

To extract meaningful information from a GIS data base, one must be able to query
it and ask logical questions, a process commonly referred to as data manipulation.
Berry and Tomlin (1981) and Dangermond (1983) provide an extensive review of
the editing and data manipulation alternatives available on sophisticated GIS systems.
Here, we will only touch on the most fundamental aspects of data manipulation
and provide diagrammetric examples whenever possible.

First, it is assumed that the GIS has the capability to make scale and projection
changes, remove distortion, and perform coordinate rotation and translation if neces-
sary (Fig. 10-7). When map scale is changed this might also require (1) line coordinate
thinning, which reduces the number of coordinates defining a given line; (2) line
dropping when the boundary between two adjacent polygons is deleted; or (3) edge
matching when a large number of map sheets must be composited into one continuous
map for analysis.

The analyst must be able to browse or roam within the data base, selectively
windowing in on a region of interest. Then, within this window it should be possible

ok &%
M Ai"

o) | 7

J

DISTORTION REMOVAL TRANSLATION
SCALE CHANGE (LINEAR AND RUBBER | PROJECTION CHANGE ROTATION/
SHEETING ) COORDINATE

Figure 10-7 Fundamental geometric manipulation of GIS data base files. (After Dangermond, 1983.)
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to define an even more specific subwindow within which more detailed questions
will be asked. Ideally, this takes place in real-time while viewing the data on a high-
resolution color CRT monitor.

Once the area of interest is identified, various types of analyses may be performed.
Some of the most important include map overlay, map dissolve, polygon overlay
for area calculation, measurement, and proximity searches. We will evaluate these
based on polygon GIS logic and then look at them again using grid GIS logic.

Polygon overlay and dissolve techniques involve the compositing (integrating)
or extracting (disintegration) of multiple maps (two or more) in order to create a
new data set (Fig. 10-8). Normally, the new data set is created containing new polygons
formed from the intersection of the boundaries of the two or more sets of separate
polygon layers. In addition to creating new polygons based on the overlay of the
multiple layers, these polygons are assigned multiple attributes (i.c., the attributes
that were attributed to each separate overlay before the composition occurred). The
mathematical overlay of these maps is performed for the purpose of area measurement
as well as multiple attribute (multiple parameter) modeling exercises. This may involve
the weighting of various parameters and their subclassification in order to create
“mode) interpretations”; an example of such an interpretation is the generation of
land suitability/capability assessments.

Map dissolve is the inverse of polygon overlay (Fig. 10-8). It extracts from 2
multiple attribute polygon file single attributes, both by attribute description and
locational definition. The coordinates of the lines dropped can be deleted from the
data base if desired.

A second type of polygon overlay is performed when the areas for a given
data layer (e.g., land use) need to be calculated and summarized within a second
layer of polygons such as census tracts (Fig. 10-8). The resulting output is the summary
of statistics (i.c., land-use areas by census tracts).

| N

OVERLAY FOR | OVERLAY FOR
MAP COMPOSITE | ~MAP DISSOLVE | AREA CALCULATION|

Figure 10-8 Data manipulation using polygon overlay and dissolve techniques. (After Dangermond,
1983)
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The four most common types of measurement tasks involve points, line, polygons,
and volumes (Fig. 10-9). The two typical measurement activities associated with
points are enumeration of total number of points and also enumeration of total number
of points falling within polygons. The latter technique involves the use of a “point-
in-polygon” routine which counts the number of the various types of points falling
within selected polygons (e.g., number of wells within a water district). The two
basic forms of line measurement are point to point and measurement along a curvilinear
line. The two basic types of area measurement are the area of a polygon and the
perimeter of a polygon. The fourth category of measurement involves volumetric
measurement, which is performed either through a cross-section technique or through
overlays of multiple surfaces (i.e., before grading, after grading, and difference compu-
tation.) The latter procedure requires that the data be in a grid format.

Grid cell analysis analytical activities are similar to the types of map analysis
that are performed using a polygon-based GIS, but they have more generalized spatial
resolution. However, it should be pointed out that the grid cell technique for map
manipulation is typically much more efficient both in data storage and in the operation
of analytic tasks (Dangermond, 1983).

Grid cell overlay involves the development of Boolean logic map overlays in
order to create composite maps. Typically, this involves the weighting of selected
classifications for multiple map layers, resulting in a numeric surface of composite
data, expressing the user’s interpretation (Fig. 10-10). The example in Fig. 10-11
demonstrates how weighted soils, slope, and access data can be used to compute a
suitability index map.

Y
+
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+ + —_—
+ s WZ@‘&W
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TOTAL NUMBER ( STRAIGHT ) ( AREA) CROSS SECTION

Y . .
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| SURFACE 2
i

- g

POLY 1 1 ﬁ
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POLY 3 2 1 X SURFACE
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POINTS DISTANCE AREAS VOLUMES

Figure 109 Measurement of points, distance, area, and volume in a GIS. (After Dangermond, 1983.)
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BOOLEAN MAP AREA SEARCH DISTANCE OPTIMUM
MODEL CALCULATIONS RADIUS CALCULATION CORRIDOR
: OVERLAY OVERLAY AGGREGATIONS ( ACCESS) SELECTION

11“ :
\{i , Figure 10-10 Grid-based GIS analytical techniques. (After Dangermond, 1983)

Grid cell point, distance, and area calculation are similar to polygon overlay
for calculations except that they are based on a gridded data. Grid cell search radius
“aggregation is used to count the number of events, activities, or related geographic
phenomena that fall within a specified distance from each grid cell. The information
is stored in a new grid array and represents a frequency/accessibility surface. The
computation is usually based on a moving circle with a user-specified search radius
moving across the grid on a cell-by-cell basis.

Grid cell distance calculation involves the computation applied to the nearest
event or geographic characteristic, which is defined by the user. A typical application
is calculation of the distance from each cell to a stream network, road network,
and so on. The output from the analysis is the creation of an accessibility file (Fig.
10-10). ‘

Using a grid-based GIS it is also possible to compute an optimal corridor (Fig.
10-10). This involves the computation of a least cost between points. Specifically, a
friction surface is computed away from the origin and also away from the destination.
These friction surfaces are numerical summaries of cost based on an original input
grid of costs computed using the grid weighted overlay technique described above.
This original map (actually surface of grid data) expresses for each cell the cost to
move across it. These costs can be economic costs, environmental costs, social costs,.
and so on, and are summarized based on multiple parameter overlay. After computing
the two friction maps (origin and destination), they are overlaid and the resulting
surface is an optimum routé selection with gradient computations of increased costs
away from the optimum. a

Another type of grid-based GIS operation that is very useful is matrix analysis.
This function allows the analyst to select two files that are to be combined by assigning

—
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Figure 10-11 Logic of grid cell overlay using soils and vegetation files stored in a grid-based GIS.
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COLUMN VARIABLE:=SOILS
SOLTYPEA  SOLTYPEB SOLTYPESC,D  SOLTYPESEF
Col. 1 Cd. 2 Cl3 ol 4
VEG ‘
TYPE
H
NEW DATA ” .
- wora| vauE=0| 1| 2 3
ROW VEG
VARIABLE: "[J¥ " o
VEGETATION e | | |
o2 4 5| . e 17
VEG |
TYPES
LM |
o' 8 9 10 11
Figure 10-12 Example of grid cell overlay using two attribiste filcs to identify the most suitable
area for development.

one variable to the columns of a matrix and the other variable to the rows of a
matrix. The logic is shown digrammatically in Fig. 10-12. Note that the data subclasses
can be assigned selectively or combined within each row or column. The numbers
shown in the corners of the matrix clements are the resultant data values in the
output file. For example, data value 9 represents all grid cells that consist of both
soil type B and either vegetation type L or M. The ‘user defines how many rows
and columns will be used to create the matrix. R,

Many types of data are best manipulated in a grid format, especially those
which are continuous over the landscape, such as elevation, slope, temperature; popula-
tion density, and so on. For this reason most of the GIS:work performed on such
surfaces require that this type of data be in a grid format. Examples of applying
this information include the computation of the viewshed for a proposed subdivision
on a hillside, the determination of sun intensity and duration if large buildings are
to be built, and the modeling of surface relief, slope, and aspect rélative to other
socioeconomic and environmental parameters. A

DATA OUTPUT

The output from GIS operations may be a hard-copy display of the'spatial distribution
of important thematic information on a line plotter, an ephemeral display of the
same data on a CRT screen, or a listing of statistics. Since the data were entered
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using known coordinate locations associated with a rigorous base map and projection,
the output map files may be scaled to desired dimensions.

CONCLUSION

Some remote sensing specialists cannot understand why many GIS practictioners
do not incorporate more remote sensing information into their GIS data base. Good-
child (1978) pointed out that those who continually work with polygon format GIS
feel that the remote sensor data are poor in positional and categorical accuracy.
Furthermore, a common oversight of those attempting to promote the incorporation
of remote sensing data into GIS is to assume that the flow of data should be unidirec-
tional (i.e., from the remote sensing system to the GIS). They should realize that
the reverse flow, from the GIS to the remote sensing system, is desirable but used
only infrequently. Why should the “backward” flow of data be so important? One
example is that remote sensing analysts can use these “ancillary data” to improve
their classification accuracy. For example, forest cover mapping from Landsat was
improved by incorporating topographic and other ancillary information (Strahler et
al., 1978; Maw and Brass, 1981).

At present the interface between geographic information systems and remote
sensing systems is functionat but weak (Hutchinson, 1982; Junkin, 1982; Jensen, 1984).
Each side suffers from a lack of critical support of a type that could be provided
by the other. The GIS has a continuing need for timely, accurate updates of the
various spatial data entities, whereas the remote sensing systems could benefit from
access to highly accurate ancillary information to extract more useful information
from the imagery (Calkins and Marble, 1980; Marble et al., 1983). Generally, if the
data in the GIS are improved, everyone can address more important questions. Indica-
tions suggest that the relationship is improving.
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APPENDIX A

The SENSOR Digital Image

Processing Programs*

THE SENSOR PROGRAMS

The SENSOR programs listed in this appendix may be used to perform several of
the digital image processing operations described in the text. They were conceived
and developed by John R. Jensen and Michael E. Hodgson of the Department of
Geography of the University of South Carolina. They may be freely copied and used
for educational and research purposes. When the use of these programs results in
publishable research, please cite the following reference:

Jensen, J. R., and M. E. Hodgson. 1986. “Appendix A: The SENSOR Digital
Image Processing Programs,” in Introductory Digital Image Processing: A Remote Sensing
Perspective. Englewood Cliffs, N.J.: Prentice-Hall, Inc.

The programs were written in ANSI FORTRAN 66 on an IBM mainframe
computer system. Programs written using this compiler are very transportable. They
will also compile on an ANSI FORTRAN 77 compiler with minor modification.
All the programs use direct-access files that are defined by a single statement (DEFINE
FILE). To run the programs on other computer systems using a FORTRAN compiler,
simply change the pertinent DEFINE FILE statements and make modifications in
the READ or WRITE input/output statements.

These programs were written to operate in batch mode primarily because most
students have access to a mainframe computer with a version of ANSI FORTRAN

* This appendix was written by John R. Jensen and Michael E. Hodgson. The authors assume no
liability for the accuracy of these programs, although great care was taken in their preparation. Please
contact the authors if you have suggestions regarding the SENSOR digital image processing software.

272

R

OFFK 06965

1167



The SENSOR Programs 273

that will run in batch mode. However, the programs can easily be made to operate
in an interactive environment. All that is required is that the programs be modified
so that they accept input from the terminal rather than from unit 5, route output
to the terminal instead of unit 6, and use the approptiate compiler file definition
syntax.

Program Limitations

The programs were written to use very small amounts of computer random access
memory (RAM). The maximum amount of image data held in RAM at one time
is one row of data i, for each of the k, possible bands. The default maximum number
of columns in a row of image data is 2100 pixels. There is no limit to the number
of rows. The default maximum number of bands in a remote sensor dataset is 6.
Therefore, the analyst can process quite a significant matrix of remote sensor data.
When performing supervised training and classification the maximum number of
classes is 25. Any of these default maximum values may be increased or decreased
by simply changing the DATA and DIMENSION statements at the beginning of
the programs. It is important to remember, however, that all the programs must
have the same limits. This means that if a change is made in the maximum number
of bands (e.g., from 6 to 7), this same change should be made in all the programs.

The Format of a SENSOR Image File

The raw SENSOR image file (and the output file for a classification map) are stored
in direct-access files in a band sequential (BSQ) format as discussed in Chapter 2.
However, prior to each bank of band sequential data, there exist two header records.
The first header record contains the information on the number of rows, number of
columns, and so on, of the data set. The second header record contains a title for
the image file. These two header records are then followed by the image data. The
image data are found in record 3 and onward. Here the complete matrix of band 1
data arc present followed by band 2 data and so on. The input/output routines
that access the image files use a record length and block size of 100 bytes. Internal
program documentation in the first few programs describes how to change the blocksize
if desired.

Three input/output subroutines (RWHEAD, RWLINE, RWBLK) perform all
the reading and writing to the image data. While the image data are stored as byte
data (to minimize storage), the input/output routines decompress the byte data to
two-byte INTEGER values before use in the other routines of each program.

The STATISTICS File
Prior to performing supervised training and classification it is necessary to initialize

a direct-access file by running the CREATE STATS program. This file will contain
one header record plus three records of statistics data for each of the 25 maximum
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possible classes. The variance, covariance, the means, and standard deviation vectors
are all stored. Also, the number of samples, number of training sites, and coordinates
of the training sites for each class are stored. Two input/output routines (RWSTHE
and RWSTAT) are used to read to or write from the STATISTICS file. Blocksize
for the statistics file should be > 90 + (16 * number of bands).

AN OVERVIEW OF THE SENSOR SYSTEM PROGRAMS

The SENSOR software will perform the image processing operations shown in the
accompanying flowchart (Fig. A-1). It is instructive to review briefly the major func-
tions of these programs. - ‘ : 4

The: LANDREAD and TMREAD programs can be used to extract a user-
specified rectangular submatrix from either a Landsat miultispectral scanner (MSS)
data set or a Landsat thematic mapper (TM) data set. The LANDREAD program
assumes that the data have had standard geometric correction applied at the EROS
Data Center and are written in band sequential (BSQ) format on two 1600-bpi tapes.
The TMREAD program assumes that the P-level data are written in band sequential
format (BSQ) and reside on either a 1600- or 6250-bpi tape drive. The multiple-
band submatrix of data extracted from the tapes are then placed in a SENSOR
direct-access file in the BSQ format described previously. -

The STATISTICS program computes the mean, standard deviation, minimum
value, maximum value, covariance matrix, and correlation matrix of the user-specified
bands of data for a subimage found in a SENSOR data set. These data are then
printed out in the format described in Chapter 4.

The SENSOR Digital ﬁnage Processing System

[LANDR-EAD JlﬁfIREAD

HISTOGRAM

SRIGTINESS MAP k———

[CREAI‘lE STATS|
BN

| 1 |
[PRINT STATS][DIVERGENCE | [PIPED]
CLASSIFY —

Figure A-1 SENSOR Digital Tmage Processing System programs and the
typical sequence of program operation.
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The HISTOGRAM program produces histograms of the individual bands of
remotely sensed data stored in the SENSOR data set. The user specifies the beginning
and ending rows and columns of the subimage to be histogrammed, the band number,
and the type of histogram to be displayed. It is possible to display raw histograms
of the data or histograms that reflect the distribution of the data after a minimum-
maximum or percentage linear contrast stretch has been applied. The analyst specifies
the length of the axes and annotation of the histograms. Output is to a pen plotter
or electrostatic plotter. The listing provides JCL for output to a Gould 100-dot-
per-inch electrostatic plotter using CALCOMP pen plotter emulation routines.

The BRIGHTNESS MAP program will display a pseudo-continuous-tone image
of a single band of imagery stored in a SENSOR file. The analyst identifies the row
and column dimensions of a submatrix within the data set to be displayed and the
band number. Raw brightness values may be mapped or the data may be contrast
stretched using a minimum-maximum or percentage linear contrast stretch algorithm.
In addition, some compensation for the nonlinear response of the human eye to
stimuli can be made. Output is to an electrostatic plotter using CALCOMP pen
plotter emulation routines. The program is also used to display the output from a
matrix produced in the supervised classification map process.

The CREATE STATS program initializes (places “zeros”) in files that are used
in the collection of training statistics and in the supervised classification of the remotely
sensed data. This program must be run prior to running the TRAINING program.

The TRAINING program allows the analyst to identify the row and column
coordinates of specific rectangular training sites located within a SENSOR file. The
user determines the number of classes to be trained on, the number of training sites
to be identified, their coordinates, and the bands to be evaluated. The training statistics,
including the minimum, maximum, mean, variance, covariance, and correlation ma-

trices of the various training classes, are then written to the printer and to the statistics

direct-access file for subsequent use in other SENSOR programs. Program PRINT-
STATS can be used to print the contents of the statistics file at a later date without
having to rerun the TRAINING program.

The PIPED program displays two- or pseudo-three-dimensional parallelepipeds
of the training statistics for classes of interest that were collected in the TRAINING
program. This allows the analyst visually to see if there is substantial overlap among
the training class statistics while evaluating up to three bands at one time. The user
specifies the classes to be plotted, the number of standard deviations to be used to
create the parallelepipeds, the bands to be evaluated, and the azimuth and rotation
angles. Output is to an electrostatic plotter using CALCOMP pen plotter emulation
routines.

The DIVERGENCE program allows the analyst to statistically evaluate the
training class statistics obtained in the TRAINING program. The program will deter-
mine the “best” g band subset out of k bands for classifying m classes. For example,
we might want to identify the best three-band combination out of six bands for
classifying five classes. The optimum subset of bands (called features) may then be
used in the supervised classification process.
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The CLASSIFY program allows the analyst to perform a minimum distance
to means classification based on the statistics collected in the TRAINING program
and stored in the statistics file. The user identifies the bands and classes to be used
in the analysis. A minimum-distance to means classification is then performed and
routed to a file for eventual display on the electrostatic plotter using program
BRIGHTNESS MAP. If desired, the program will produce a contingency table show-
ing errors of omission and commission for the pixels located within the class training
sites.
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LANDREAD

/ /BOOKIN JOB (D6600217,9) ,' VF~LANREAD' ,TIME=(,59) ,MSGLEVEL=(1,1),
// MSGCLASS=A,REGION=128K,USER=SBSO1 ,PASSWORD=22222?

/*ROUTE PRINT MVS.R8

// EXEC DSUTIL

//SYSIN DD *

DELETE DSN=SBS .MEH1B.LAMS4AC.R149C177

// EXEC FORTGCLG ,PARM.LKED='NOMAP ,NOXREF"

//FORT .SYSPRINT DD DOMMY

//FORT .SYSIN DD * ,
wmmmmmwmmmm
LANREAD PROGRAM
THIS PROGRAM READS LANDSAT DIGITAL TAPES(MSS ONLY) WHICH HAVE BEEN
GROMETRICALLY CORRECTED AND ARE WRITTEN IN THE BAND SBQUENTIAL
FORMAT(BSQ) ONTO TWO 1600 B.P.I. TAPES.

INPUT PARAMETER LINES:
COLIRNS DESCRLPTION

eeees.LINE 1
1-5 PUT A 'FIRST' IF THIS IS THE FIRST BAND T0 BE PUT IN
THE FILE. ANYTHING ELSE FOR THE 2ND OR SECEEDING BANDS.

6-10 NUMBER OF ROWS TO BE STORED IN THE SENSOR IMAGE FILE
11-15 NUMBER OF COLUMNS TO BE STORED IN THE SENSOR IMAGE FILE
16-20 TOTAL NUMBER OF BANDS TO BE PLACED IN THE IMAGE FILE

a0 ‘LINE 2
i-5 BEGINNING ROW OF SUBMATRIX ON TM TAPE
6-10 ENDING ROW OF SUBMATRIX
11-15 BEGINNING COLUMN OF SUBMATRIX
16-20 ENDING COLUMN OF SUBMATRIX
C 21-25 BAND # WHICH THIS DATA WILL BE STORED AS
C 26-30 SAMPLING INTERVAL ( 1 MEANS TAKE EVERY PIXEL)
C
C......LINE3
c 1-80 ALPHANUMERIC TITLE FOR SENSOR IMAGE FILE
c
C MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:
C NCMAX - MAXIMUM # OF COLIMNS OR PIXELS IN A LINE
‘THIS VALUE MUST NOT BE LARGER THAN THE 'LINE.' ARRAY SIZES.
NBIK - # OF PIXFLS PER LOGICAL RECORD IN IMAGE FILE. -
(MUST BE CONSISTENT WITH OTHER PROGRAMS AND IMPORTANTLY
WITH THE ARRAY 'IBYTE' SIZE IN 'RWLINE' SUBROUTINE.

nooaCcOOOOOO0OOOONaGOnn

IN ADDITION TO THE VARIABLES ABOVE THE # OF RECORDS IN THE IMAGE FILE
MUST BE SET IN THE 'OEFINE FILE 9(# STATMENT.

'THE PROGRAM BYPASSES THE DIRECTURY AND HEADER FILES ON EACH TAPE
AND GOES DIRECTLY TO THE BRIGHINESS VALUES IN THE IMAGE
FILES. THIS IS ACCOMPLISHED THROUGH THE APPROPRIATE INPUT FILE
INFORMATION(E.G. OF IBM JCL - LABEL~=(3,BLP,,IN) DIRECTS THE PROGRAM
TO BEGIN READING BAND 4 IMAGE FILE DATA IF TAPE 1 IS LOADED).

THE REQUESTED DATA MATRIX IS PLACED IN THE SENSOR IMAGE FILE
FORMAT .

leXeX2X212122k2ie k2 K2 X2 2 X2 22
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Cc

C
cmmmr#(mmmz)lsmns.
C THE MSS BANDS ON TWO 1600 B.P.I. TAPES ARE IDENTIFIED
C AS FOLLOWS:

C BAND4 - TAPE1 FIIE3

C BANDS5 - TAPE1 FILE6

C BAND6 - TAPE2 FILE3

C BAND7 - TAPE2 FILE 6

C’ 1 ‘

C LOGICAL UNITS USED:

C 5 - USER INPUT FROM LINES . °

C.-6 - LINE PRINTER OR TERMINAL

C 8 - TAPE FILE NS

C 9 - IMAGE FILE

c

DIMENSION FILTIT(20)
INTEGER*2 LINE!(2100)
DATA NBLK/100/, NCMAX/2100/, RFIRST/'FIRS'/, LINE1/2100*0/
DATA IERR/0/

C ....MAXIMM # OF COLS AND ROWS IN MSS BAND-SEQUENTIAL IMAGE
DATA Noomsl3548/, NROWMS/2983/

c

Crmee=d IS’I'ARGUDMTSIHJIDBESEI’THE#OFRHX)RDS IN-YOUR °
C-----> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
C-====> ((INTEGER(NCOLS/NBLK)+1)*NROWS)*NBAND + 3 '

c DEFINE FILE 9(1195,100,L,IREC)

Cevees..CHECK TO SEE IF THE USER IS sr:rnm up ‘H{E H‘IPGE FILE FOR
C ....THE FIRST BAND.
CALL READIN(IBR,IER,IBC,IEC,IBAND, NROWS ,NCOLS ,NBAND, FILTIT,
& ISAMP, RBAND NCOUB NROWMS, IERR) '
IF(IERR.EQ.1) Gom 9999

[¢X ]

«.+.COMPUTE # OF RECORDS PER ROW
NACC=(NCOLS/NBLK) + 1
IREM=MOD(NCOLS ,NBLK)
IF(IREM.EQ.0) NAEO-NACG—‘I

an

«eo. WRITE OUT HEADER IF FIRST TIME
" IF(RBAND.EQ.RFIRST) CALL SETUP(NROWS,NCOLS ,NBAND,NACC,NBLX,
& _ FILTIT,LINE? ,NCMAX, IERR)
IF(IERR.KQ.1) GOTO 9999

IF(RBAND .NE.RFIRST) CALL RWHEAD(S ,NROWS ,NCOLS ,NBAND,FILTIT,0)
c .
Ceeso. PRINT BANNER

" CALL CREDIT(NROWS NCOLS ,NBAND, FILTIT)
c
C

CALL WRMAT(NROWS, NACC,NBLK, TBR, IER, IEC, IEC, [BAND, LINE1 ,
& ISAMPN(MAXIERR)
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END

SUBROUTINE READIN(IBR,IER,IBC,IEC,IBAND,NROWS ,NCOLS ,NBAND,FILTIT,
& ISAMP ,RRAND,NCOLMS ,NROWMS , IERR)
@mmmmmmﬁm*mmmmw
C READS THE PARAMETERS SPECIFIED BY THE USER AND ECHOS THEM OUT.
C IF A CONFLICT IN THE IMAGE FILE AND THE SUBMATRIX SPECIFIED
C IS IDENTIFIED, THE PROGRAM TERMINATES BY SEITING IERR=1.
ck*************** ;
DIMENSION FILTIT(20)
DATA RFIRST/'FIRS'/
C
C .....INPUT USER PARAMETERS .
READ(5,11,END=9400) RBAND,NROWS ,NCOLS ,NBAND
11 FORMAT(A4,1X,315) '
READ(S5,12,END=9400) IBR,IER,IBC,IEC,IBAND,ISAMP
12 FORMAT(615)
READ(5,13,END=9400) FILTIT
13 FORMAT(20A4)

C :
NROWS2=( IER-IBR+1) / ISAMP
NCOLS2=( LEC-IBCH1) / ISAMP

C

c

C ....ECHO OUT PARAMETERS READ IN

WRITE(6,31) NROWS ,NCOLS , NBAND, ISAMP , IBR, IER, IBC,I1EC , IBAND ,RFIRST

31 FORMAT(1X//1X,'--> PARAMETERS FOR SENSOR IMAGE FILE:'/

1X,' # ROWS=',15/

1X,*' # COLS= ',I5/

1X,' # BANDS=',I5/

1X," SAMPLING INTERVAI~',I5/

. SUBMATRIX SPECIFIED'/

1X,' - ROWS - - COLUMNS - v
1X,' BEGIN END BEGIN BND BAND' /
1X,416,5X,12,//
1X,' FIRST ? =',M//)

PRARRRRRR
—
Lad

c
C .....CHECK FOR PROGRAM AND IMAGE LIMITATIONS
IF(IBAND.LT.! .OR. IBAND.GT.4 .OR. IBAND.GI.NBAND) GOTO 9000
IF(IBR.LT.1 .OR. IBC.LT.! .OR. IBR.GT.NROWMS .OR. IBC.GT.NOOLMS)
& GOTO 9100 ,
IF(IER.LT.1 .OR. IEC.LT.1 .OR. IER.GT.NROWS .OR. 1EC.GT .NCOLMS)
& GOTO 9100
IF(NROWS2 .NE .NROWS .OR. NCOLS2 .NE.NCOLS) GOTO 9200
IF(ISAMP.LT.1) GOTO 9300
c RETURN
C l....o.l..ERmRm%m....l..‘....l‘l..
9000 WRITE(6,9001) IBAND,NBAND
9001 FORMAT(IX,//1X,'*** YOU SPECIFIED AN ILLEGAL BAND # OF ',12,';'/
& 1X,'  THERE ARE',I2,' BANDS IN SENSOR IMAGE FILE.')
1ERR=1
RETURN
9100 WRITE(6,9101)
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9101 FORMAT(1X,//1X,**** SUBMATRIX REQUESTED OUTSIDE OF IMAGE '/
& 1X,* FILE LIMITS')
IERR=1
RETURN
9200 WRITE(6,9201)
9201 FORMAT(1X,//1X,"*** TOTAL NUMBER OF ROWS AND COLUMNS IN IMAGE' /
& 1X,' FILE DO NOT MATCH SUBIMAGE DIMENSIONS.')
1ERR=1 :
RETURN :
9300 WRITE(6,9301) ISAMP
9301 FORMAT(1X,//1X,'*** YOU SPECIFIED AN ILLEGAL SAMPLING INTERVAL' /
& 1X,' OF ',I3)
IERR=1
RETURN
9400 WRITE(6,9301)
9401 FORMAT(1X,//1X,'*** PREMATURELY RAN OUT OF PARAMETER CARDS')
IERR=1
RETURN
END .

SUBROUTINE CREDIT(NROWS ,NCOLS ,NBAND, FILTIT)
Jodokdkkkikd
C SIMPLY PRINTS A BANNER ON THE OUTPUT WITH LIMITS OF THE
C IMAGE FILE.
mmmmmmmwmw
DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS,NCOLS ,NBAND
11 FORMAT(1X,60('*')/
' LANDREAD

& , PROGRAM' //

& 1X,60('*")//

& '---> PARAMETERS FOR IMAGE FILE:'/
& 1X,20M//

& ' NUMBER OF ROWS= ',I5,/

& ' NUMBER OF COLIMNS=',I5,/

& ' NUMBER OF BANDS=',I5//)

RETURN

D

WWW*WWWW*

SUBROUTINE SETUP(NROWS ,NCOLS ,NBAND,NACC,NBLK, FILTIT ,LINE] ,NCMAX,
I

C****************************** Jokdekdcd et Fedckdk ek ek dedededokok dedekokok Kk dekok e dek

C WRITES THE HEADER AND DUMMY DATA FOR THE FILE. | .
DIMENSION FILTIT(20)
INTEGER*2 LINE! (2100)

«++WRITE HEADER RECORD
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND,FILTIT,1)

QO o0

....JWRITE 0'S FOR ALL IMAGE DATA LINES
DO 200 IBAND=~1,NBAND
DO 100 IROW=1,NROWS
CALL RWLINE(9 Eléé)m NGMAX ,NROWS ,NACC, IROW, IBAND ,NBIK 1,
& I
IF(IERR.EQ.1) RETURN
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100  CONTINUE
200  CONTINUE
C
WRITE(6,901) .
901 FORMAT(1X///1X,'---> SENSOR IMAGE FILE INITIALIZED')
RETURN

END ,
ok ook oo edckocccoaccdanckdedcdeooocook
SUBROUTINE WRMAT(NROWS ,NACC,NBLK,IBR,IER,IBC,IEC,IBAND,LINEI,
& 1SAMP ,NCMAX , TERR)

@W*Mmmmm

C READS THE TAPE AND CREATES THE SENSOR IMAGE FILE. _
CRxkickkfeikkiook koo ook ek ook iedeoddedeoodcceddedckcooook ok
INTEGER*2 LINEI(NCMAX)
LOGICAL*1 REC(3596)
C
C......READ AND WRITE BRIGHINESS VALUES IN SUBMATRIX
C ......READ TO FIRST OF DATA MATRIX
IF(IBR.EQ.1) GOTO 50
NSKIP=IBR~1
DO 20 I=1,NSKIP
READ(8,11) REC
n FORMAT(100(100A1) ,100(100A1) ,100(100A1))
20 CONTINUE
c
C ......READ AND WRITE REQUESTED SUBMATRIX
50 IROW=NSKIP
KROW=0
DO 100 I=1IBR,IER
READ(8,11) REC

TROW=IROWH+1
IR= IROW-1
IREM= MOD(IR,ISAMP)
IF(IREM.NE.0) GOTO 100
CALL MOVBYT(LINE1 ,NOMAX,IBC,IEC,ISAMP,REC)
KROW=KROW+1 '
CALL RWLINE(9$§)NE1 , NOMAX ,NROWS ,NACC, KROW, IBAND ,NBLK, 1,
& I
IF(IERR.BQ.1) RETURN
80 CONTINUE
c
100 CONTINUE

c
9999 RETURN
END
Cecdekiokdededeeiodod e ddoioooocoeckcadocok koo ook

SUBROUTINE MOVBYT(LINE! ,NCMAX,IBC,IEC,ISAMP,REC)
Chdkkkdiok Rk ek deioedcokdconacckokeoodooccockccddceoekcoeodcdnoicok
MOVES A GROUP OF BYTES INTO THE LINE1 ARRAY,
COLUMNS IBC TO IEC ARE MOVED TO THE 1 THROUGHT NTH BYTE IN LINE1.

MAJOR VARIABLES:
REC - 4 LINES OF A DATA FROM A T™M TAPE
LINE! - 2 BYTE ARRAY HOLDING 1 LINE OF IMAGE DATA
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C K - SPECIFIES 1 - 4TH LINE OF IMAGE DATA TO MWVE

INTEGER*2 I12BYTE(2), LINEI(NCMAX)
LOGICAL*1 T1BYTE(2), REC(3596)
EQUIVALENCE (I11BYTE(1) ,I2BYTE(1))
c
IB=1
C....<.OFFSET FOR LOCATION OF PIXELS IN RECORD
IBEGP= IBC + 12
IENDP= IEC + 12
c .
C .....DECOMPRESS A LINE OF DATA
DO 100 IP=IBEGP,IENDP,ISAMP
I1BYTE(2)=REC(IP)
LINE1 (1B)=12BYTE(1)
1B=1B+1
100 CONTINUE
RETURN
END

**********************************************************

SUBROUTINE RWHEAD(IUNIT,NROWS,NCOLS ,NBAND, FILTIT ,IRW)

READS OR WRITES A HEADER RECORD FOR THE DIRECT ACCESS FILE

IUNIT - SPIESFIES THE FILE TO ACCESS (9-IMAGE FILE, 11-CLASSIFIED
FI

NROWS - # OF ROWS IN IMAGE FILE

NCOLS - # OF COLUMNS IN IMAGE FILE

NBAND - # OF BANDS IN THE IMAGE FILE A

IRW - SPHIIEI]B WHETHER TO READ(0) OR WRITE(1) A LINE

cooaaQaaan

DIMENSION FILTIT(20)
IREC=1
IF(IRW.EQ.1) GOTO 10
READ(IUNIT' IREC) FILTIT
IREC=2
READ(IUNIT' IREC) NROWS ,NCOLS,NBAND
RETURN
10 WRITE(IUNIT' IREC) FILTIT
IREO=2
WRITE(IUNIT' IREC) NROWS,NCOLS,NBAND
RETURN
END

SUBROUTINE RWLINE(IUNIT,LINE,NCMAX ,NROWS ,NACC,IROW,IBAND,NBLK,
& 1RW,IERR)

READS OR WRITES A ROW OF DATA OF A SPECIFIED CHANNEL FROM
A DIRECT ACCESS FILE. :

MAJOR VARTABLES:
IUNIT - SPECIFIES THE FILE TO ACCESS (9-IMAGE FILE, 11-CLASSIFIED

LINE - ARRAY OF DN VALUES FOR THE ROW f
(NOTE: THIS IS PRESENTLY SET FOR | BYIE PER PIXEL)
NCMAX - MAXIMM # OF COLUMNS OR PIXELS POSSIBLE IN A LINE

OOOOAOOOOO
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C IBYTE - A RECORD OF DATA DIMENSIONED TO 'NBLK'

C NROWS - TOTAL NUMBER OF ROWS FOR A CHANNEL

C NACC - THE NUMBER OF BLOCKS PER ROW OF DATA

C IROW - THE REQUESTED ROW

C IBAND - THE CHANNEL NUMBER

C NBLK - NUMBER OF PIXELS PER BLOCK ,

C IRW - SPECIFIES WHETHER TO READ(0) OR WRITE(1) A LINE

C IERR - RETURNS A 1 IF THERE IS A CONFLICT IN THE # BYTES PER
c RECORD

C

C NOTE: THIS IO ROUTINE USES A RECORD LENGTH OF 100 BYTES.

c IF A DIFFERENT RECORD LENGTH IS DESIRABLE ONE MUST REDIMENSION
C THE ARRAY 'IBYTE' AND RESET THE DATA STATEMENT FOR NB.
Gk ek dekiokdociokodecokdodcokooeokocdokoick ok

INTEGER*2 LINE(NCMAX)
LOGICAL*1 IBYTE(100)
DATA NB/100/

1F(NBLK.NE.NB) GOTO 9000

TREC2=( (IBAND-1) *NROWS*NACC) + ((IROW-1)*NACC) + 2
IBA=1
DO 50 I=1,NACC
IREC=IREC2+1
CALL READLI(IUNIT,NBLK,IREC,IRW,IBYTE,LINE(IBA))
TBA=TBAHNBLK
50 CONTINUE
RETURN
9000 WRITE(6,9001) NBLK,NB
9001 FORMAT(1X,"'*** SORRY, CANNOT USE THE IMAGE FILE AS YOU ARE'/

& 1X,’ SUGGESTING A BLOCK SIZE OF ',I5," BUT THE '/
& 1X%,' RWLINE SUBROUTINE IS PRESET T0 ',IS,' BYTES')
IERR=1

RETURN

END

@mmm*mm“ﬂmmmmmmm*ﬂmmm

SUBROUTINE READLI(IUNIT NBLK,IREC,IRW,IBYTE,IBLK)
Chicdickiek ok ik ki ok ok doelck ik ook ek ek ok

C COMPANION ROUTINE OF 'RWLINE' FOR READING AND WRITING

C A RECORD OF DATA

Gk ook ikl e St dedededc e ke ook oo ok
INTEGER*2 I2BYTE(1) ,IBLK(NBLK)
LOGICAL*1 I1BYTE(2) , IBYTE(NBLK)
BQUIVALENCE (I1BYTE(1),I2BYTE(1))

IF(IRW.FQ.1) GOTO 100

Jokddekk ok

o0

+++.GET A BLOCK AND DECOMPRESS
READ(IUNLIT' IREC) IBYTE
DO 20 IP=1,NBLK
11BYTE(2)=1BYTE(IP)
20  IBLK(IP)=I2BYTE(1)
RETURN

C ....COMPRESS A BLOCK AND WRITE OUT

M
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284 The SENSOR Digital Image Processing Program Abpendix A

100 DO 50 IP=1,NBLK
12BYTE(1)=IBLK(IP)
50  IBYTE(IP)=L1BYTE(2)

WRITE(IUNIT' IREC) IBYTE

RETURN

END
//GO .FIO5F001 DD *
FIRST 149 177 4

1 2983 1 3548 1 2

10S ANGELES (SAMPLED EVERY 20)
//GO0.FIO8FO0t DD UNIT=TAPED,DISP=OLD,DCB=(RECFM=F ,LRECL~3596 ,
1/ BLKSIZE=3596 ,DEN=3) ,VOL=SER=LSATO1 ,LABEL~(3,BLP, ,IN)
//G0.FTO9F001 DD DISP=(NEW,DELETE,UNCATLG) ,UNIT=3330V,
// DSN=SBS .MEH1B .LAMS4C .R149C177 ,SPACE=(100, (1195) ,RLSE) ,
/1l VOL=SER=SBS102 ,DCB=(RECIM=F ,LRECL~100 , BLKS1ZE~100)

#
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TMREAD

/ /BOOKTM JOB (D6600217,9) ,' VF-BOOKIM' , TIME~(8,59) ,MSGLEVEL~(1,1),

// MSGCLASS=A ,PASSWORD=?7?2?? ,USER=SBSO1

/*ROUTE PRINT MS.R8

// EXEC FORTGCLG,PARM.LKED='NOMAP ,NOXREF"

/ /FORT .SYSPRINT DD DIMMY
Wmmmw*mmmmmmm**m
TMREAD PROGRAM

REFORMATS A SECMENT OF A RAW THEMATIC MAPPER TAPE (P LEVEL) INTO

A "SENSOR' IMAGE FILE.

X2 X2E2 R 1]

- INPUT PARAMETER LINES:
COLUMNS DESCRIPTION

-.."ILINEI .
1-5 PUT A 'FIRST' IF THIS IS THE FIRST BAND TO BE PUT IN
THE FILE. ANYTHING ELSE FOR THE 2ND OR SECEEDING BANDS.

6~-10 NUMBER OF ROWS TO BE STORED IN THE SENSOR IMAGE FILE
1-15 NUMBER OF COLUMNS TO BE STORED IN THE SENSOR IMAGE FILE
16-20 TOTAL NUMBER OF BANDS TO BE PLACED IN THE IMAGE FILE

C ......LINE 2 :

c 1-5 BEGINNING ROW OF SUBMATRIX OF TM TAPE

c 6-10 ENDING ROW OF SUBMATRIX

C 11-15 BEGINNING COLIMN OF SUBMATRIX

C 16-20 ENDING COLUMN OF SUBMATRIX

C 21-25 BAND # WHICH THIS DATA WILL BE STORED AS
SAMPLING INTERVAL (1 MEANS TAKE EVERY PIXEL)

QOO OOONO0

(9]
7
8

......LINE 3
1-80 ALPHANUMERIC TITLE FOR IMAGE FILE

MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:
NCMAX - MAXIMM # OF COLUMNS OR PIXELS IN A LINE
THIS VALUE MUST NOT BE LARGER THAN THE 'LINE.' ARRAY SIZES.
- # OF PIXELS PER LOGICAL RECORD IN IMAGE FILE.
(MUST BE CONSISTENT WITH OTHER PROGRAMS AND IMPORTANTLY
WITH THE ARRAY 'IBYTE' SIZE IN 'RWLINE' SUBROUTINE.

:

IN ADDITION TO THE VARIABLES AROVE THE # OF RECORDS IN THE IMAGE FILE
MUST BE SET IN THE ‘'DEFINE FILE 9(# STAIMENT.
ALSO, THE USER MUST SET THE LABEL PARAMETER ON THE TAPE.

LOGICAL UNITS USED:

5 - USER INPUT FROM LINES

6 - LINE PRINTER OR TERMINAL
8 - TAPE FILE

9 - IMAGE FILE

acaanacaOnOOanNOOOnnOOn

ek dedckdededkSddok ki ke dok ko ioicd ok ek kk ik deockok ok

|
i

DIMENSION FILTIT(20)
INTEGER*2 LINEI(2100)
DATA NBLK/100/, NCMAX/2100/, RFIRST/'FIRS'/, LINE1/2100*0/
DATA 1ERR/0/
C ....MAXIMJM # OF COLS AND ROWS IN T P-LEVEL IMAGE
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" DATA NCOLIM/6967/, NROWIM/5965/

c .
Co--> 1ST ARGUMENT SHOULD BE SET THE # OF RECORDS IN YOUR
-5 PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
C-—==-> ((INTEGER(NCOLS/NBLK)-+1)*NROWS) *NBAND + 3
DEFINE FILE 9(4161,100,L,IREC)
c
G.......CHECK TO SEE IF THE USER IS SEITING UP THE IMAGE FILE FOR
C ....THE FIRST BAND.
CALL READIN(IBR,IER,IBC,IEC,IBAND NROWS,NCOLS NBAND,FILTIT,
& 1SAMP , RBAND ,NCOLTM,, NROWIM , IERR)
IF(IERR.EQ.1) GOTO 9999
c v
C ....COMPUTE # OF RECORDS PER ROW o :
NACC~(NCOLS/NBLK) + 1
IREM=MOD(NCOLS ,NBLK)
IF(IREM.BQ.0) NACC=NACC-1
c
C .....WRITE OUT HEADER IF:FIRST TIME
IF(RBAND.EQ.RFIRST) CALL SETUP(NROWS,NCOLS,NBAND,NACC,NBLX,
& FILTIT,LINEl ,NQMAX , IERR)
IF(IERR.BQ.1) GOTO 9999

C
IF(RBAND.NE.RFIRST) CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTIT,0)
c

Cueso. PRINT BANNER
CALL CREDIT(NROWS ,NCOLS ,NBAND,FILTIT)

c
CALL WRMAT(NROWS ,NA(X),NBI.K,IBR,IER,IBC,IEC,IBAND,ISM,LINE] ,
& NCMAX , 1ERR)
c
c
9999 SIOP
END

.....................

....................

& ISAMP ,RBAND,N(I)L’D‘I,NM,IERR)

............................................ Bbindodolde kickikk
CKKKKnxnunnnunnnxnnnnnnxuunnlunxhnunnnnunnnxnunnnnnnunnnxnnnnxnnnnnnn

C READS THE PARAMETERS SPECIFIED BY THE USER AND ECHOS THEM OUT.
C IF A CONFLICT IN THE IMAGE FILE AND THE SUBMATRIX SPECIFLED
C IS IDENTIFIED, THE PROGRAM TERMINATES BY SETTING IERR=1.
@**ﬂ**mﬂmﬂmﬂmm*mmﬂm**m****mmmm
DIMENSION FILTIT(20)
DATA RFIRST/'FIRS'/

c
C .....INPUT USER PARAMETERS
READ(5,11,END=9400) RBAND ,NROWS ,NCOLS ,NBAND
11 FORMAT(A4,1X,315)
READ(5,12 ,END=9400) IBR, IER,IBC,1EC, IBAND, ISAMP
12 FORMAT(615)
READ(5,13 ,FND=9400) FILTIT
13 FORMAT(2044) ’ !

NROWS2=( IER-IBR+1) / ISAMP
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NOOLS2=(IEC~IBC+1) / ISAMP

C
c
C ....ECHO OUT PARAMETERS READ IN ,

WRITE(6,31) NROWS,NCOLS,NBAND,ISAMP,IBR,IER,IBC,IEC, BAND,RFIRST
31 FORMAT(1X//1X,'--> PARAMETERS FOR SENSOR IMAGE FILE:'/
1X," # ROWS= ',I5/
1X,' # COLS=',I5/
1X,' # BANDS=',I5/
1X," SAMPLING INTERVAL=',IS///
1X,'  SUBMATRIX SPECIFIED'/
1X," - ROWS - - COLIMNS - '/
1X,' BEGIN FND BEGIN END  BAND'/
1X,416,5X,12,//
1X,' FIKST ? =',A4//)

PR

c
C .....CHECK FOR PROGRAM AND IMAGE LIMITATIONS
IF(IBAND,LT.1 .OR. IBAND.GT.7 .OR. IBAND.GT.NBAND) GOTO 9000
IF(IBR.LT.1 .OR. IBC.LT.! .OR. IBR.GT.NROWIM .OR. IBC.GT.NCOLTM)
& GOTO 9100
IF(IER.LT.1 .OR. IEC.LT.! .OR. IER.GT.NROWIM .OR. IEC.GT.NCOLTM)
& GOTO 9100
IF(NROWS2 .NE.NROWS .OR. NCOLS2 .NE.NCOLS) GOTO 9200
IF(ISAMP.LT.1) GOTO 9300
RETURN

c
c .Q-.l.l...mmR k‘mm...‘....l........
9000 WRITE(6,9001) IBAND,NBAND )
9001 FORMAT(1X,//1X,'*** YOU SPECIFIED AN ILLEGAL BAND # OF ',I12,';
& 1). THERE ARE',I2,' BANDS IN SENSOR IMAGE FILE.')
1ERR=1 )
RETURN
9100 WRITE(6,9101)
9101 FORMAT(1X,//1X,'*** SUBMATRIX REQUESTED OUISIDE OF IMAGE '/
& 1X%,’ FILE LIMITS')
IERR=1
RETURN
9200 WRITE(6,9201)
9201 FORMAT(1X,//1X,'*** TOTAL NUMBER OF ROWS AND COLUMNS IN IMAGE'/
& 1X,' FILE DO NOT MATCH SUBIMAGE DIMENSIONS.')
TERR=1

RETURN
9300 WRITE(6,9301) ISAMP
9301 PORMAT(IX //1X,"*** YOU SPECIFIED AN ILLBGAL SAMPLING INTERVAL'/
& 1X,’ OF ',I3)
IERR=1

RETURN
9400 WRITE(6,9401)
9401 FORMAT(1X,//1X,"'*** PREMATURELY RAN OUT OF PARAMETER CARDS')
IERR=1
RETURN
END

CXkdkikickkdkkhiokikkkkickkkkkhdihdhkdkkikkhkkkdkdohkkkkdkkkkkikkkikhkihikihkk

SUBROUTINE CREDIT(NROWS ,NCOLS,NBAND,FILTIT)
Crickkddkickxdcordick ook ok dokok dekok

1182

OFEK06980



288 The SENSOR Digital Image Processing Program Appendix A

CSIMPLYPRINI'SABANNRCNTHEGIMWI’DILIMHSOF'DIE
C IMAGE FILE.

DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS,NCOLS ,NBAND
11 FORMAT(1X,60('*')/

& ' ™ TAPE TO SENSOR IMAGE FILE PROGRAM'//
& 1X,60('*")//
& '---> PARAMETERS FOR IMAGE FILE:'/
& ' NIMBER OF ROWS= °',I15,/ ”
& ' NUMBER OF COLUMNS=',15,/
& ' NUMBER OF BANDS=',IS//)
RETURN
END

ke hd bk dododsfodrdede B i de e i T

C WRITES THE HEADER AND DUMMY DATA FOR THE FILE.

DIMENSION FILTIT(20)
INTBGER*2 LINEI (2100) -

« « « WRITE HEADER RECORD
CALL RWHEAD(9,NROWS ,NCOLS ,NBAND,FILTIT,1)

an Qo

.<«.WRITE 0'S FOR ALL IMAGE DATA LINES
DO 200 IBAND=1 ,NBAND '
DO 100 IROW=1 ,NROWS
CALL RWLINE(9 l‘,1{.111{;\“31 ,NCMAX ,NROWS ,NACC, TROW, 1BAND,NBLK, 1,
I

&
IF(IERR.EQ.1) RETURN
100 CONTINUE
200 CONTINUE

WRITE(6,901)
901 FORMAT(1X///1X,'---> SENSOR IMAGE FILE INITIALIZED')

END

SUBROUTINE WRMAT(NROWS ,NACC ,NBLK, 1BR,IER,IBC,1EC,IBAND, ISAMP,
& LINE! ,NCMAX , IERR)

gklj*mnsnmmmmncnmmsmsoamnw.
INTEGER*2 LINE1(NCMAX) f
LOGICAL*1 REC(28672)
c
C
C......READ AND WRITE BRIGHTNESS VALUES IN SUBMATRIX
C ......READ TO FIRST OF DATA MATRIX
| NSKIP=0
IF(IBR.LE.4) GOTO 50
NSKIP=( (IBR-1) /4)
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DO 20 I=1 ,NSKIP
READ(8,11) REC
L1 FORMAT(100(100A1) ,100(100A1) ,100(100A1))
20  CONTINUE '
c
C  <.e...READ AND WRITE REQUESTED SUBMATRIX
50  IROW=NSKIP*4
KROW=0
DO 100 I=1,1492
READ(8,11) REC
IF(IROW.GT.IER) RETURN

DO 80 K=1,4
IROW=TROWH
IF(IROW.LT.IBR .OR. IROW.GT.IER) GOTO 80
IR=IROW-1
IREM=MOD(IR, ISAMP)
LF(IREM.NE.0) GOTO 80 -
CALL MOVBYT(LINE! ,NQMAX ,K,IBC,IEC,ISAMP,REC)
KROW=KROW¢1
CALL RWLINE(9 Eléé)m ,NCMAX ,NROWS ,NACC  KROW, IBAND ,NBLK,, 1,
1

IF(1ERR.EQ.1) RETURN
80 CONTINUE

100 CONTINUE

SUBROUTINE MOVBYT(LINE! ,NOMAX K, IBC,IEC, ISAMP ,REC)
Chiciedckddokdkadok ok dokdokdokdekckdok ook ook

MOVES A GROUP OF BYTES INTO THE LINE! ARRAY.

COLUMNS IBC TO 1EC OF REC ARE MOVED TO THE 1 THROUGHT NTH
LOCATION IN LINEI.

ekkkdckik

Qo

Cc
C
C MAJOR VARTABLES:
C REC - &4 LINES OF DATA FROM A TM TAPE (BYTE VALUBES)
C LINE! - 2 BYTE ARRAY HOLDING 1 LINE OF IMAGE DATA (2-BYTE VALUES)
C K - SPECIFIES 1 - 4TH LINE OF IMAGE DATA TO MWVE
@ﬂm****m**mm*mm*mﬁ*ummwm
INTEGER*2 I2BYTE(2), LINE!(NQMAX)
LOGICAL*] I1BYTE(2), REC(28672)
EQUIVALENCE (11BYTE(1),I2BYTE(1))

c
IB=1
IBRGP= ((K-1) * 7168) + IBC
1ENDP= IBEGP + IEC-1

c

C .....DECOMPRESS A LINE OF DATA
DO 100 IP=IBEGP,IENDP,ISAMP
11 BYTE(2)=REC(1P)
LINE1 (1B)=12BYTE(1)
IB=IB+
100  CONTINUE
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290 The SENSOR Digital iImage Rrocessing Program Appendix A

SUBROUTINE RWHEAD(IUNIT ,NROWS ,NOOLS ,NBAND, F LTIT,IRW)
c**ﬁ*m*wﬁ*mk*ﬂ*ﬂ*ﬂ*ﬂ****ﬁﬂ***********mmm*
C READSORWRITPSAIEAD@RE@RDWR.MDIRMACCI‘SS FILE
C IUNIT - SPlF:CE;FIES THE FILE TO ACCESS (9-IMAGE FILE, 11-CLASSIFIED
C FIL :
C NROWS - # OF ROWS IN IMAGE FILE
C NOOLS - # OF COLUMNS IN IMAGE FILE
CNBAND-#OFBANDSIN'NEIMAGE_FI[.E o
¢ IRW - SPECIFIES WVHETHER TO READ(0) OR WRITE(1) A LINE
WNMWMHWWWWW*WM

DIMENSION FILTIT(20)

IREC=1 :

IF(IRW.EQ.1) GOTO 10

READ(IUNIT' IREC) FILTIT

IREC=2

READ(JUNIT' IREC) NROWS,NCOLS ,NBAND

RETURN
10 WRITE(IONIT' IREC) FILTIT
TREC=2
WRITE( IUNIT' IREC) NROWS ,NCOLS ,NBAND

.............................................

.......... 2 dded
Cxuunnnxxuuxnnnnalxn)uu\nnnunnxunuuuluannxu’xnnunnnnu AEKEARXEEKRAAKEERRARERR

SUBROUTINE RWLINE(IUNIT,LINE NCMAX ,NROWS ,NACC, IROW,1BAND,NBIK,
& IRW,IERR)

....................................

(@]

" READS OR WRITES A ROW OF DATA OF A SPECIFIED CHANNEL FROM
A DIRECT ACCESS FILE. . _ R ,

MAJOR VARIABLES: . . . : - ,
TUNIT - SPECIFIES THE FILE TO ACCESS (9~IMAGE FILE, 11-CLASSIFIED

FILE)

LINE - ARRAY OF DN VALUES FOR THE ROW

(NOTE: THIS IS PRESENTLY SET FOR 1 BYTE PER PIXEL)
NCMAX - MAXIMM # OF COLUMNS OR PIXELS POSSIBLE IN A LINE
1BYTE - A RECORD OF DATA DIMENSIONED TO 'NBIK'
NROWS - TOTAL NUMBER OF ROWS FOR A CHANNEL
NACC - THE NUMBER OF BLOCKS PER ROW OF DATA
IROW - THE REQUESTED ROW . e
IBAND - THE CHANNEL NUMBER S
NELK - NUMBER OF PIXFLS PER BLOCK _ W
IRW - SPECIFIES WHETHER TO READ(0) OR WRITE(1) A LINE
IERR - RETURNS A 1 IF THERE IS A CONFLICT IN THE # BYTES PER

anoaoncoanannonnnn

C NOTE: THIS IommEUSBAREOORDLmﬁiOFmo BYTES.
C IF A DLFFERENT RECORD LENGTH IS.DESIRABLE ONE MUST REDIMENSION
c THE ARRAY *IBYTE' AND RESET THE DATA STATEMENT FOR NB.

it bk ik b ke oo oo ode et nde e e i e Aedr e de ke K A K e e e K P ks b A ik kdo ke deodeode e St e Tk ok
Llunnnnnnnauxnnnnnuxnuunxnunnnnnnunnnunnxuqqnuuuuunuunﬁnuuunluununnnnu

INTEGER*2 LINE(NCMAX)
LOGICAL*1 IBYTE(100)
DATA NB/100/

OFFK 06983
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c
IF(NBLK.NE.NB) GOTO 9000

IRE(%=((IBAND—1)*NRU¢B*NACC) + ((IROW-1)*NACC) + 2
IBA=
DO 50 I=1,NACC
IREC=IREC2+1
CALL READLI(IUNIT,NBLK,IREC,IRW,IBYTE,LINE(IBA))
IBA=IBA+NBLK
50 CONTINUE
RETURN
9000 WRITE(6,9001) NBLK,NB
9001 FORMAT(1X,'*** SORRY, CANNOT USE THE IMAGE FILE AS YOU ARE'/

& ix,* SUGGESTING A BLOCK SIZE OF *,I5," BUT THE '/
& 1x,’ RWLINE SUBROUTINE IS PRESET T0 ',I5,' BYTES')
TERR=1

RETURN

END

Chickkcdddcdedieddedohederdocooioc oo ook ek ook ok oo ok
SUBROUTINE READLI(IUNIT ,NBLK,IREC,IRW,IBYTE,IBLK)

Chicck ok ke ik koo ook ook oo ocdiedodecdcioecoiokcdodok ok

C COMPANION ROUTINE OF 'RWLINE' FOR READING AND WRITING

INTEGER*2 I2BYTE(1) ,IBLK(NBLK)
LOGICAL*1 I1BYTE(2) ,IBYTE(NBLK)
BQUIVALENCE (I1BYTE(1) ,I2BYTE(1))

IF(IRW.FQ.1) GOTO 100

C ....GET A BLOCK AND DECOMPRESS
READ(IUNIT' IREC) IBYIE
DO 20 IP=1,NBIK
I1BYTE(2)=IBYTE(IP)
20  IBLK(IP)=I2BYTE(1)
RETURN
C
C ....COMPRESS A BLOCK AND WRITE OUT
100 DO 50 IP=1,NBIK
I2BYTE(1)=IBLK(IP)
50  IBYTE(IP)=I1BYTE(2)
WRITE(IUNIT' IREC) IBYTE
RETURN
END
//G0.FIOSF001 DD *
OTHER 198 232 7
15940 1690 2 30
ENTIRE ™™ SCENE (SAMPLED EVERY 30)
//GO.FI08F001 DD UNIT=T6250 ,VOl~SER=010501,DISP=OLD,LABFL=(1,BLP,,IN) ,
// DCB=(RECFM=F ,1RECL=28672 ,BLKSIZE=28672 ,DElN=4)
//GO.FTI09F001 DD DSN=SBS.MEH1B.CHIM/B.R198C232,DISP=0LD
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Ll STATISTICS

//BOOKST2 JOB (D6600217) ,' VF-BOOKST2' ,TIME=( ,59) ,MSGLEVEL=(1,0) ,
// USER=SBSO1 ,PASSWORD=27272?
/*ROUTE PRINT MVS.R8
// EXEC FORTGCLG , PARM  LKED=" NOXREF ,NOMAP'
//FORT .SYSPRINT DD DOMMY
//FORT .SYSIN DD *
Wm*mmﬂmmmﬂmwﬂmm
C IMAGE STATISTICS PROGRAM
c
C COMPUTES THE SIMPLE STATISTICS AS WELL AS THE VARIANCE-COVARIANCE
C AND CORRELATION MATRICES FOR ALL OF THE BANDS IN AN IMAGE FILE.
c
C MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:
%:: C NCMAX - MAXIMUM # OF COLUMNS OR PIXELS IN A LINE
 THIS VALUE MUST NOT BE LARGER THAN THE 'LINE.' ARRAY SIZES.
NBMAX - THE MAXIMM NUMBER OF BANDS OF DATA WHICH COULD BE USED.
(THIS NUMBER MAY BE LARGER THAN THE ACTUAL NUMBER OF BANDS
IN THE IMAGE FILE, HOWEVER, IT MJST NOT BE LARGER THAN THE
STATISTICS ARRAY SIZES IN MAIN.
NBLK - # OF PIXELS PER LOGICAL RECORD IN IMAGE FILE.
(MUST BE CONSISTENT WITH OTHER PROGRAMS AND IMPORTANTLY
WITH THE ARRAY 'IBYTE' SIZE IN 'RWLINE' SUBROUTINE.

IN ADDITION TO THE VARIABLES ABOVE THE # OF RECORDS IN THE IMAGE
FILE MUST BE SET IN THE 'DEFINE FILE 9(#' STATEMENT.

—~-)> ESSENTIALLY THE ONLY PARAMETER TO RESET INSIDE THE SOURCE CODE
FOR RUNNING WITH DIFFERENT FILES ARE THE # OF RECORDS IN THE
THE DEFINE FILE STAIMENT. :

QOO?GOGOOOOQOGOG

C 1OGICAL UNITS USED:
C 6 - LINE PRINTER OR TERMINAL
C 9 - IMAGE FILE
} c 1 L .0 2.2 d L, d PEE T Y Lol doad .Al Londen 2 2 0 & 0 2 B & 0 B 2 R L, B
L“‘“n'l“ﬁlﬁﬁixﬂlxﬂllﬁ'ﬁ ﬂﬂﬂﬂﬂﬂﬂﬂﬂ Kﬁnﬂlxllﬁlﬁx,l“"“ﬁHﬂ'ﬁ_““““““““““‘l“:"““l
DIMENSION MINC(6), MAXC(6), RMEANC(6), VARC(6), STDC(6),
i & OVC(6,6) , CORRC(6,6)
DIMENSION FILTIT(20)
Ll INTEGER*2 LINEI(2100), LINE2(2100)
N DATA IERR/O/
h . DATA NBLK/100/, NOMAX/2100/, NBMAX/6/
Cee-==> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C-----> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
Cemmn=> (INTEGER((NCOLS/NBLK)+1)*NROWS)*NBAND + 3
DEFINE FILE 9(4323,100,L,IREC)
c

Cueee. READ HEADER RECORD :
CALL RWHEAD(9 ,NROWS ,NOOLS ,NBAND, FILTIT ,0)
IF(NBAND.GT .NRMAX) GOTO 9000

c

C ....COMPUTE # OF RECORDS PER ROW
NACC=(NCOLS/NBLK) + 1
IREM=MOD(NCOLS ,NBLK)
IF(IREM.EQ.0) NACO=NACC-1
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C..v....PRINT CREDITS AND HEADER INFORMATION
c
CALL CREDIT(NROWS ,NCOLS ,NBAND,FILTIT)
C......GENERATE STATISTICS
CALL STAT(RMEANC,STDC,VARC ,MINC,MAXC,COVC,CORRC ,NROWS ,NCOLS,,
& NCMAX ,LINE} ,LINE2 ,NBAND ,NBLK ,NACC , IERR)
IF(1ERR.BQ.1) GOTO 9999
Cevee...PRINT OUT STATISTICS
CALL PUSTAT(RMEANC,STDC,VARC ,MINC ,MAXC ,COVC, CORRC ,NBAND)
c GOTO 9999

c....'.lm mm LA RN R Y NN R ERNRENN]
9000 WRITE(6,9001) NBANDS ,NBMAX
9001 FORMAT(1X,'*** SORRY, CANNOT COMPUTE STATISTICS BECAUSE '/

& 1x,' THERE ARE ',I2,' BANDS IN THE IMAGE FILE AND'/

& 1X,' YOU HAVE THE PROGRAM LIMITS AT ',12,°'.'

& 1X,' INCREASE THE STATS ARRAYS AND NBMAX IN MAIN.')
9999 STOP

END

SUBROUTINE CREDIT(NROWS,NCOLS ,NBAND,FILTIT)

C SIMPLY PRINTS A BANNER ON THE QUTPUT WITH LIMITS OF THE
C IMAGE FILE.
ymmmﬂﬂmﬂmmmmmm
DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS,NOOLS ,NBAND
11 FORMAT(1X,60('*')/
! STATISTICS PROGRAM'//
1X,60C**')//
'——-> PARAMETERS FOR IMAGE FILE:'/
1X,208//
' NUMBER OF ROWS= ',I5,/
' NUMBER OF COLIRMNS=',I5,/
' NUMBER OF BANDS=',I5//)
RETURN

[-oB-2R-cB B N of-¢

Cickdedcdickded ok ook ok ook ook ocdoccdooiacoioiok ook ok ok
SUBROUTINE STAT(RMEANC,STDC,VARC,MINC,MAXC,COVC,CORRC ,NROWS ,

& ..., NOOLS NQUAX, LINEI ,LINE2 ,NBAND,NBLK,NACC, IERR)
ckm************* Yok kkkdokkkdck dokkdokkkdckkkdck sk Ik kkdok kokdok ko kdkokekok dciok
C GENERATES THE STATISTICS FOR ALL BANDS FOR ENTIRE
C THE IMAGE.

c

C MAJOR ARRAYS:

C LINE! - TEMPORARY STORAGE FOR A LINE OF A BAND OF DATA
C LINE2 - TEMPORARY STORAGE FOR A LINE OF A BAND OF DATA
C RMEANC - VECTOR OF MEAN STATS

C MINC - VECTOR OF MINIMM BRIGHINESS VALUES

C MAXC - VECTOR OF MAXIMM BRIGHINESS VALUES

C VARC - VECTOR OF VARIANCES

C SIDC - VECTOR OF STANDARD DEVIATIONS

C CWC - MATRIX OF COVARIANCE VALUES

C CORRC - MATRIX OF CORRELATION VALUES

1188
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INTEGER*2 LINEI(NCMAX), LINE2(NCMAX) : |
C.....NOTE: OOVC AND CORRC ARRAYS ARE STORED AS COVC(ROW,COLIM)
DIMENSION MINC(NBAND), MAXC(NBAND) , RMEANC(NBAND),

& VARC(NBAND) , STDC(NBAND) ,WVC(NBAND‘,NBAND) R
& CORRC(NBAND,NBAND) -
DOUBLE PRECISION SUMX, SS; SP

C
Ceueee .COMPUTE SIMPLE Sl‘A'l‘ISTICSFOREAﬂiBAND”"- :
" ...SET UP DEGREES OF FREEDOM; USE N DEGREES-OF FREEDOM FOR MEAN,
C ...USE N-1 DEGREES OF FREEDOM FOR ALL OTHER STATS.
C

TOTPIX=FLOAT(NROWS*NCOLS)
TOTP12=TOTPIX-1.

Cc
¢ ...FOR EACH BAND, CALCULATE MEAN
C i+

DO 100 I=1,NBAND:
MINC(1)=99999
MAXC(1)=-99999
SUMK=0 .

DO 50 J=1,NROWS S
CALL RWLINE(9,LINE] ,NCMAX ,NROWS NACC,J,I ,NBLK,0,1ERR)
IF(1ERR.EQ.1) RETURN o
0O 20 IPIX=1,NCOLS
SUMX=SUMX + LINE1 (IPIX) o
TF(LINE (1PIX) .LT .MINC(I)) MINC(I)=LINEI(IPIX)
1F(LINE! (IPIX) .GT .MAXC(I)) MAXC(I)=LINE] (IPIX)
20 CONTINUE o
SO CONTINUE

-

RMEANC( 1) =SUMX/TOTPIX
100 CONTINUE

Covusne .CALCULATE VARIANCE-COVARIANCE AND MATRIX

DO 300 I=1,NBAND -
55=0.
DO 200 J=1,1
Sp=0.

DO 150 K=1,NROWS |
CALL RWLINE(9,LINE! ,NCMAX;NROWS ,NACC,K,I ,NBLK,0,1ERR)
CALL RWLINE(9 ,LINE2 NCMAX ,NROWS ,NACC,K,J ,NBLK,0,IERR)
DO 130 IP=1,NCOLS | |
SP= SP + (LINE!(IP)-RMEANC(I)) * (LINE2(IP)-RMEANC(J))
130 CONTINUE |
IF(1.NE.J) GOTO 150
DO 140 IP=1,NCOLS ,
SS= SS + (LINEI (IP)-RMEANC(I))**2
140 CONTINUE
150 CONTINUE

1F(1.BQ.J) VARC(I)= SS / TOTPI2
IF(1.BQ.J) STDC(I)= SQRT(VARC(D))
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COvVC(1,J)= SP / TOTPI2
c 200 CONTINUE
c «+.FILL UPPER RIGHT OF MATRIX
IF(I1.KQ.1) GOIO 300
1E=I-1
Do 250 JC~1,IE
250 oWC(JC, I)=00VC(1,JC)
c 300 CONTINUE
C.ve.o.CALCULATE CORRELATION STATISTICS
DO 400 I=1,NBAND
DO 350 J=1,1
CORRC(L,J)= OOWC(I,J) / (SIDC(I)*SIDC(J))
350 CONTINUE
400 CONTINUE
c
RETURN

Jekdkdkhkkkkkkkkikkkk *******************************************ﬂ

SUBROUTINE RWHEAD( IUNIT ,NROWS ,NCOLS ,NBAND,FILTIT, IRW)
Fokdek kOl ek ke dok ek *

READS OR WRITES A HEADER RECORD FOR THE DIRECT ACCESS FILE

IUNIT - SPECIFIES THE FILE TO ACCESS (9-IMAGE FILE, 11-CLASSIFIED
FILE)

NROWS - # OF ROWS IN IMAGE FILE

NCOLS - # OF COLUMNS IN IMAGE FILE

NBAND - # OF BANDS IN THE IMAGE FILE

IRW - SPECIFIES WHETHER TO READ(0) OR WRITE(1) A LINE

Iekcdedoiciokokkdodok koo ook

QAaOOaQOOn

|
|
|

ok
DIMENSION FILTIT(20)

IREC=1

IF(IRW.EQ.1) GOTO 10

READ(IUNIT' IREC) FILTIT

IREC=2 :

READ(IUNIT' IREC) NROWS,NCOLS ,NBAND

RETURN
10 WRITE(IUNIT'IREC) FILTIT
IREC=2
WRITE(IUNIT' IREC) NROWS,NCOLS ,NBAND
RETURN
END

..................................................

& IRW,1ERR) _ -
READS OR WRITES A ROW OF DATA OF A SPECIFIED CHANNEL FROM
A DIRECT ACCESS FILE.

MAJOR VARIABLES:
IRNIT - SPEC%FI!S THE FILE TO ACCESS (9-IMAGE FILE, 11-CLASSIFIED
FILE)
LINE - ARRAY OF DN VALUES FOR THE ROW
(NOTE: THIS IS PRESENTLY SET FOR 1 BYTE PER PIXEL)
NCMAX - MAXIMM # OF COLUMNS OR PIXELS POSSIBLE IN A LINE

'+ XXz X2 X2 K2z Xz
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296 ” The SENSOR Digital image Processing Program.. . Appendix A

C IBYTE - A RECORD OF DATA DIMENSIONED TO 'NBLK'

C  NROWS - TOTAL NUMBER OF ROWS FOR A CHANNEL

C NACC MNMH!OFBIDGCSPERWOFDATA‘

C IROW -'mERmUESI‘EDIOW«, e .

C IBAND - THE CHANNEL NRMBER

C NBIK. - NUMBER OF PIXELS PER BLOKK

C IRW - SPECIFIES WHETHER TO READ(0) OR WRITE(1) A LINE

C LERR REIURNSA1IF'IHEREISA(INELICI’IN’ME#BYTESPER
C RECORD

c

i

IF A DIFFERI‘NI.‘ 'RECORD LENGTH IS
THE ARRAY 'IBYTE' ANDRBEI"I&!EMI‘AS‘MEMENTFDRNB.
C************ : : :
INTEGER*2 LINE(NQMX)
LOGICAL*1 IBYTE(100)

é
5
g
E
%
S
8
i

27
He
22
E§<
:
2

c DATA NB/100/
IF(NBLK.NE.NB) GOTO 9000
Iggzz-((lmb-n*nmm*nwc) + ((mm)*mm) * 2
IBA=1
DO 50 I=1,NACC- R
© IREC=IREC24I :
CALL READLI(IUNIT,NBLK,IREC,IRW, IBYTE LINE(IBA))
1BA=1BAHNBLK , ‘ j
50 CONTINUE : : L
RETURN
9000 WRITE(6,9001) NBIK, NB
9001 FORMAT(1X,**** SORRY, CANNOT USE T[-IE Mm m.E AS YOU ARE'/
& x' SUGGESTING A BLOCK SIZE OF ° 15 BUT THE */
& 1x,' RWLINE SUBROUTINE IS PRESET 'm ,Is," BYTES')
IERR=1
RETURN

mm*ﬂm*ﬂmwmmm*ﬁmmmmﬂm

SUBROUTINE READLI(IUNIT,NBLK, IREC IRW,IBYTE ,IBLK)
c*******m************m**** e
C COMPANION ROUTINE OF 'RWLINE' FOR READING AND warrmc
C A RECORD OF DATA
C**m*mu*mm*m*mﬂ**ﬂ*mmmmm*m*mmﬂ

INTEGER*2 I2BYTE(1) ,IBLK(NBLK)

LOGICAL*1 ITBYTE(2), IBYTE(NBIK)

- BQUIVALENCE (IlBYTE(‘l) 12BYTE(1)) -

IF(IRW m 1) cmo 100

a0

+.GET A BLOCK AND DECOMPRESS
READ(IUNIT’ IREC) IBYTE
DO 20 IP=1,NBLK
~ T1BYTE(2)=1BYTE(IP)
20  IBLR(IP)=I2BYTE(1)
RETURN

C ....O0MPRESS A BIOCK AND WRITE OUT

OFFK 06989
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100 DO 50 IP=1,NBLK
I12BYTE(1)=1BLK(IP)

S0  IBYTE(IP)=I1BYTE(2)
WRITE(IUNIT® IREC) IBYTE
RETURN
END

SUBROUTINE PUSTAT(RMEANC,STDC,VARC ,MINC,MAXC,COVC ,CORRC ,NBAND)
Gk ok ik ik kdookdoookocockoodcoacddcock ook ek okokokdokaosok

C PRINTS THE SUMMARY STATISTICS FOR ALL BANDS OF THE IMAGE FILE.

(2}

C LIMITS: THE WRITE STATMENTS ARE SET UP FOR NO MORE THAN 8 BANDS OF

C DATA PER IMAGE FILE. IF YOU WANT MORE, CHANGE ARRAY 'ICOUN',
c ITS DATA STATEMENT, THE 'NOMAX' DATA STATEMENT, AND THE 8I'S
C

DIMENSION RMEANC(NBAND), STDC(NBAND), VARC(NBAND),

& MINC(NBAND) , MAXC(NBAND) , COVC(NBAND,NBAND) ,
& CORRC(NBAND , NBAND)

DIMENSION ICOUN(8)

DATA ICOUN/1,2,3,4,5,6,7,8/, NOMAX/8/

IF(NBAND .GT .NOMAX) GOTO 9000

c

c
Ceveeee..PRINT OUT BANNER AND SIMPLE STATS
WRITE(6,101) (ICOUN(J) ,J=1 ,NBAND)
101 FORMAT(1X,'  UNIVARIATE STATISTICS'/
& 1X,70¢*_*)/
& 1X,' BARD ',8110)
WRITE(6,111)
111 FORAT(1X,70(°_"))
v
WRITE(6,102) (RMEANC(J) ,J=1,NBAND)
102 FORMAT(IX,'MEAN ‘' ,8F10.1)
WRITE(6,103) (STDC(J) ,J=1,NBAND)
103 FORMAT(1X,'STD. DEV.',1X,8F10.2)
WRITE(6,104) (VARC(J) ,J=1 ,NBAND)
104 FORMAT(1X,' VARIANCE ' ,8F10.1)
WRITE(6,105) (MINC(J) ,J=1,NBAND)
105 FORMAT(1X,'MINIMM ' ,8110)
WRITE(6,106) (MAXC(J) ,J=1,NBAND)
106 FORMAT(1X,'MAXIMM *,8110)

WRITE(6,111)

c

Ceeeqs .PRINT OUT COVARIANCE MATRIX
WRITE(6,121)

121 FORMAT(1X,////® VARIANCE-COVARIANCE MATRIX'/1X,70('_'))
WRITE(6,122) (ICOUN(J) ,J=1,NBAND)
122 FORMAT(1X,'BAND' ,8110)
WRITE(6,111)
DO 150 I=1,NBAND
WRITE(6,123) I,(cOvC(1,J),J=1,I)
123 FORMAT(1X,12,4X,8F10.2)
150 CONTINUE '
WRITE(6,111)
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c
Cues...PRINT OUT CORRELATION MATRIX

WRLTE(6 ,221)
291 FORMAT(1X,////'  CORRELATION MATRIX'/1X, 70(' '))

WRITE(6,222) (ICOUN(J),J=1,NBAND)
222 FORMAT(1X,'BAND' ,8110)

wm‘z(a 111)

D0O.250 I=1 ,NBAND :
S WRITE(6,223) 1 (ooRRC(I.J) Je1 1)
223 FORMAT(1X,I2 4x L8F10.2)

CONTINUE
WRITE(6,111)
RETURN

c ,
Ceesoo .ERROR MESSAGES
9000 WRITE(6,9001) NBAND,NOMAX
9001 FORMAT(1X,'*** SORKI YOU ARE MmSIm THE LIMITS OF THE'/
& 1X,' PUSTAT SUBROUTINE BY USING ',12,' BANDS, LIMITS'/
& 1X,' OF ',12,' BANDSINEFH‘XZI‘ IDDIFYPUSTAT'I
& IX,' SUBR(!JTINE "
RETURN
END
/*

//G0.FTI09F001 DD DSN=SBS .MEH1 B ,BOOK6C .R240C256 ,DISP=SHR

I
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HISTOGRAM

//BOOKHI JOB (D6600217,99,99) , ' VF-BOOKHI' , TIME=(0,9) ,MSGLEVEL=(1,0)
// MSGCLASS=A,PASSWORD=?2272? ,USER=SBSO!

/*JOBPARM CARDS=9999

/*ROUTE PRINT MVS.R8

/*ROUTE PUNCH RMI8

// EXEC FORTGCLG,PARM,LKED="HCMAP ,NOXREF"

//FORT .SYSPRINT DD DUMMY

//FORT .SYSIN DD *
@*M*ﬂmmmmmmmmmm
C HISTOGRAM PROGRAM

C

C PRODUCES A HISTOGRAM OF THE SUBMATRIX SPECIFIED ON A VECTOR PLOTTER.
c

C

C THE PARAMETER LINES TO INPUT ARE INDICATED BELOW:
C

C COLUMNS VARIABLE DESCRIPTION

C.‘... LINE# ]

c 1-5 IBR BEGINNING ROW OF SUBIMAGE "1.0 BE HIS’I‘(XERMMED.

C 6_10 Im ENDIM; " " 1]
C11-15 IBC BEGINNING COLUMN " "o "
mDIm " (1] " " ]

BAND # TO HISTOGRAM
THE TYPE OF HISTOGRAM TO BE PLOTTED
(1=NORMAL HISTOGRAM OF DATA, 2=MIN-MAX STRETCH
OF DATA, 3=PERCENTAGE STRETCH OF DATA)
- PERCENTAGE STRETCH ON BOTH SIDES
36-40 IYAX - SPECIFIES Y-AXIS CONTROL (O=PROGRAM SET,1=USER SET)
41-45 IZYMAX - MAXIMM Z VALUE LABEL ON Y-AXIS (USED IF IYAX=1)

(@]
Z
(=
&
| I I R B B |

aQoaoao
(oS
-t
L ]
w
w
g

Cieess LINE # 2 ’

C 1-5 X0 - X ORIGIN FOR THE X-Y PLOT AX1S

Cc 6-10 YO - Y ORIGIN FOR THE X~Y PLOT AXIS

c 11-20 XLEN LENGTH OF X-AXIS(INCHES)

21-30 YLEN LENGTH OF Y-AXIS(INCHES)

31-40 XLABL X-AXIS LABELING INCREMENT(IN UNITS OF INPUT DATA)
41-50 YLABL Y-AXIS LABELING INCREMENT(IN UNITS OF INPUT DATA)

......LINES # 3"'5
ANNOT - ANNOTATION TO BE PLOTTED BELOW THE GRAPH
(A MAXIMM OF 80 CHARACTERS PER CARD WILL BE PLOTTED
AT RHEIGH S1ZE)

IF ANOTHER HISTOGRAM IS DESIRED ON THE SAME PLOT, INPUT THE SAME
SEQUENCE OF LINES.

OO0 OO0n

---> IMPORTANT, THE USER MIST SEI THE # OF REOORDS IN THE IMAGE FILE
INSIDE THE SOURCE CODE UNLESS HIS MACHINE WILL ALLOW OTHER
TYPES OF DIRECT ACCESS SPECIFiCATIONS,

QOGQ

[)

.

C ARRAY MUST BE MODIFIED ALONG WITH THE NQMAX VARIABLE.
c

C MAJOR VARIABLES:

(9]
=
2
:
&
2
5
5
2
=
B
2
3
2
-
&
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THIST1 -VFCIORC(NTAINIK;IHEFRHIUNCYOFMNVAHIE
(DIMENSIONED TO THE VALUE OF NHIST)

IHISTZ-VEC’I'ORUSINHIS‘IYI;RAMSTREM{IM
(DIMENSIONED TO THE VALUE OF NHIST) _

NCMAX -MAXIMMNIMBEROF(DUDNSORPIXE[SINALINE.'NISVALUE
MJSTM)I‘BEI_AK;ERIH_AN'I‘HE'LINH' ARRAY SIZE.

NBIK -#OF(I)IIMSPERHBICALREG)RDIN'MERMGEFIIE.
(MJST BE CONSISTENT WITH OTHER PROGRAMS AND IMPORTANTLY
WITH THE ARRAY 'IBYTE' SLZE IN ' RWLINE'

RHEIGH - HEIGHT OF NUMERIC LABELS( INCHES)

CSIZE - HEIGHT OF ALPHANUMERIC LABELS(INCHES)

C)C’C3C§C)C3C3C§C7C§C§€D

bﬂwnnunqnuvu\unnnunuunnnl‘u‘uﬁa‘snv‘u‘u‘u\iinu nnnnnnn KATKERIIEKEKKKEKXER KRR RIS KRXKKK
DIMENSION FILTIT(20), IHIST1(256), THIST2(256)
INTBGER*2 LINE! (2100) ~
DATA RHEIGH/.07/, CSIZE/.10/, NHIST/256/, 1ZDN/255/
DATA NBLK/100/, NCMAX/2100/ ' .
DATA IERR/O/

C
Comemm 1SIARGUMENFSH)01DBESEI'H{E#OFRE(X)RDSIN‘H]JR
C---—-> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY: '
C-em=) (II\TI‘EGER((N(X)IS/NBUQH)*NROVB)*NBAND +3

DEFINE FILE 9(4161,100,L,IREC)

... .GET HEADER FROM IMAGE FILE
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTTT,0)

Qa0 OO0

....COMPUTE # OF RECORDS PER ROW
NACC=(NCOLS/NBLK) + 1
TREM=MOD(NCOLS ,NBLK)
IF(IREM.BQ.0) NACC=RACC-1

CALL CREDIT(NROWS ,NCOLS,NBAND,FILTIT)

a0 Qo

veoess READ INPUT PARAMETERS _
100 CALL READIN(IBR,IER,IBC,IHJ,IYAX,IZYMAX,IBAND,NBAND,NMIS,
& ' N(X)IS,ITYPE,PERCEN,XO,YO,XIB‘I,Y[B‘I,DUABL,
& IYLABL, IERR)
IF(IERR.EQ.1) GOTO 9999
NPIX=(1ER-IBR+1) * (1EC-IBC+1)

C
Cueeoeos OOMPUTE FREQUENCY VECTOR .
CALL FREQ(IHIST! ,NHIST,IBAND,NBIK,IBR,IER,IBC,‘IEC.IZIN,
& NMB,NACC,IZMIN,IMX,LINE‘I ,NOMAX , IERR)
c IF(IERR.EQ.1) GOTO 9999

C......WATCH OUT FOR STRETCHED HISTOGRAMS
270&1F(1TYPE.EQ.3) CALL PSTRET(IHIST!,NHIST,IZMIN,IZMAX,NPIX,
PERCEN)

IF(ITYPE.EQ.2 .OR. ITYPE.FQ.3) CALL STRET(IHISTI ,IHIST2 ,NHIST,

& IZMIN,TZMAX,IZDN) ,
IF(ITYPE.B).2) WRITE(6,201) IZMIN,IZMAX

201 FORMAT(IX,/’ MIN-MAX STREICH REQUESTED ~ MIN=',I5,’ MAX=',I5)
IF(ITYPE.BQ.3) WRITE(6,202) IZMIN,IZMAX

PRESE
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202 YORMAT(1X,/' PERCENT STRETCH REBQUESTED  MIN=',I5,' MAX=',IS)
c
C ....LIST HISTOGRAM FREQUENCIES
CALL LSTHIS(IHIST! ,NHIST)
c

C..s....PLOT THE HISTOGRAM
CALL leS("w. ,-30. .0)
CALL PLTHIS(IHIST1 ,NHIST,IXLABL,IYLABL,IZYMAX,IZDN,X0,Y0,
& XLEN,YLEN,RHEIGH,CSIZE ,XINC,YINC , IYAX)
c

. € «...PLOT TITLES
CALL PLTITL(XO,YO,RHEIGH,CSIZE,IERR)
IF(IERR.EQ.1) GOTO 9000
C......50 SEE IF THERE IS ANOTHER HISTOGRAM TO PLOT

GOTO 100

c

' 9000 CAILPlﬂl‘(O.,O..fi)

9999 sToP
END

Cloddckcdedokoicdok ok ik dododoi o de ik i ekl dededede e ik ek dedededededescee ek deiddedeke
SUBROUTINE CREDIT(NROWS ,NCOLS ,NBAND,FILTIT)

Gk ke ik Rk ol e dcde At de iR d A A Al de AR e ede e e e ede e d e e de e e

C SIMPLY PRINTS A BANNER ON THE OUTPUT WITH LIMITS Of THE

C IMAGE FILE,

CRFdeRddctdded Aotk i dede ke ke dedededede e S de e de et dededede i Rede Rl dedcdedededdede e e dede e dedede e e ke ek

DIMENSION FILTIT(20)

WRITE(6,11) FILTIT,NROWS,NCOLS,NBAND

1 FDRI%T(IX 60('*')/
! HISTOGRAM PROGRAM'//

1X,60('**)//
'---> PARAMETERS FOR IMAGE FILE:'/
1X,20M4//
' NUMBER OF ROWS= ',IS,/
' NUMBER OF COLIMNS=',IS,/
' NUMBER OF BANDS=',I5//)

RETURN

END
kgt A AR I Jk K d K e d A dedede AR I A RSt dede St de e dededeAe B Seded e dede e e

SUBROUTINE READIN(IBR,IER,IBC,IEC,IYAX,IZYMAX,IBAND,NBAND,

& NROWS ,NCOLS , ITYPE, PERCEN ,XO, YO ,XLEN, YLEN,
& IXLABL, IYLABL, IERR)

CFricddcicdedededededeietedek et ekt et Aok e ded dede it dediedede e dedededede Aokt e e
C READS THE PARAMETERS SPECIFIED BY THE USER AND ECHOS THEM OUT.
C IF A CONFLICT IN THE IMAGE FILE AND THE SUBMATRIX TO BE SPECIFIED
C IS IDENTIFIED, THE PROGRAM TERMINATES BY SEITING IERRe].
ARSI A dde R KR R FA A Ak dedede I ddede Sk de e dededede e dedededsde e e edede e de e R e de ke e de e de
c

mmmmmmm

READ(S5,11,END=9500) IBR,IER,IBC,IEC,IBAND,ITYPE,PERCEN,
& IYAX, IZYMAX
11 FORMAT(615,F5.0,215)

READ(5,21,END=9500) XO,YO, XIB'IYI..EN IXLABL, IYLABL
21 I‘URW\T(M'S .0,215)

c
C ....ECHO OUT PARAMETERS READ IN

TS
P
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WRITE(6,31) 1BR, IER,1BC,IEC,IBAND,XO,YO XLEN,YLEN,
IXLABL

o

,IYLABL
31 mmwr(lxmx' SUBMATRIX SPECIFIED'/
1X," - ROWS - - COLUMNS -'/
1X,' BEGIN END BEGIN END BAND' /
1X,416,5%,12//
1X,"' ~ORIGIN- -ms mems- -AXIS LABEL INCS.-'/
X, X Y D S 4
1x21'5 1,3X,F5.1, 1x551 7x215)
IF(IYAX . 1) mu'rz(ﬁ 81) 1ZYMAX
81 FORMAT(1X,//' MAXIMM Y COLUMN VALUE=',IS)

R

C
IF(IRAND.LT.1 .OR. IBAND.GT.NBAND) GOTO 9000
IF(IBR.LT.1 .OR. IBC.LT.1 .OR. IBR.GT.NROWS .OR. IBC.GT.NOOLS)
& GOTO 9100
IF(IER.LT.] .OR, IEC.LT.1 .OR. IER.GI.NROWS .OR. IEC.GT.NCOLS)
& GOTO 9100
c
c I.Q...-...mmR mm.....‘......'t...
9000 WRITE(6,9001) IBAND,NBAND
9001 FORMAT(1X,//1X, "*** YOU SPECIFIED AN ILLEGAL BAND # OF ',12,';'/
& 1X,' ONLY ',I2,' BANDS IN IMAGE FILE.')
1ERR=1
RETURN
9100 WRITE(6,9101)
9101 Fomwr(m //1x “iik SUBMATRIX REQUESTED OUTSIDE OF IMAGE '/
& ,' FILE LIMITS')
9500 IERR=1
RETURN

Wmmﬁmmmmm**mw

SUBROUTINE PSTRET(IHIST! ,NHIST,IZMIN,1ZMAX,NPIX ,PERCEN)

ck**************k***************** *mmm**ﬂ*m*m*m

C (I)MPUIESIHEMINIMMANDMAXIMMNVALUESFDRAPERCMPGLSTREKH
Chcddcdckick ik ook dooocddoekoocdokdcekdek e ok ioed ek

DIMENSION IHIST!(NHIST)

NIN=( (PERCEN/2.)/100.) * FLOAT(NPIX)

WRITE(6,9) NIN
9 FORMAT(1X,' HISTOGRAM STRETCHED ' ,IS,' PIXELS ON SIDES')
Ce e« :GET MAXIMM VALUE

ITOTIN=0
10 ITOTIN=ITOTIN + IHIST1(IZMAX+1)

IF(ITOTIN.GE.NIN) GOTO 20

TZMAX=] ZMAX -1

GOT10 10

C

C :
C.eess GET MINIMM VALUE
20 ITOTIN=0
30 ITOTIN=ITOTIN + IHIST?(IZMINH1)
IF(ITOTIN.GE.NIN) GOTO 50
TZMIN=1ZMINH1
GOTO 30
50 RETURN
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mmﬂjn*mmm**mmmmﬁmﬁm Jedededededcdk dede ke Sk
SUBROUTINE FREQ(IHISTt ,NHIST,IBAND,NBLK,IBR,IER,IBC,IEC,IZDN,
& NROWS ,NACC, I7MIN, 1ZMAX  LINE1 ,NCMAX , TERR)
Gk ook ek ieaccdooock ook odooeoedoeioeeoceookdodcooe ook ool koo
C COMPUTES THE FREQUENCY OF EACH DN VALUE IN THE SUBMATRIX.
Clkk ik ik oAk i dok okl e sk et ik e dod el deiedoe it i deke Sk ek k
DIMENSION IHIST!(NHIST)
INTEGER*2 LINEI(NCMAX)

(¢

NHIST!=NHIST+1
00 10 I=1,NHIST
10 IHISTI(I)=0
c : __
DO 200 IROW-IBR,IER
CALL, RWLINE(9,LINE! ,NOMAX ,NROWS ,NACC, IROW, IBAND,NBLK 0 , IERR)
[F(IERR.BQ.1) RETURN
Ce.....PUT SUBIMAGE IN VECTOR
DO 50 JPIX=1BC,IEC
IDN=LINE] (JPIX)
IF(IDN.LT.0 .OR. IDN.GT.IZDN) GO TO 50
C......COMPUTE STATISTICS FOR HISTOGRAM
THIST1 (IDN+1)=IHIST! (IDN+1)+1
50  CONTINUE ‘
200 CONTINUE
c
C..vers COMPUTE MAXIMM AND MINIMM
DO 250 I=1,NHIST
IZMIN=I-1
IF(TIHISTI(I) .EQ.0) GOTO 250
GOTO 260
250  CONTINUE
DO 260 I=1,NHIST
INDX=NHIST1-1
IZMAX=INDX-1
IF(IHISTI (INDX) .FQ.0) GOTO 260
GOTO 9000
260  CONTINUE
9000 RETURN

CxIddcick e dddedededodckdedok dedok dedededeiicdok dotokdedod kededek dededededededoioicdoiededoledeededeodededeicke edok ko

SUBROUTINE LSTHIS(IHIST1 ,NHIST)

c*********************************************************************

C LISCs THE FREQUENCY FOR THE HISTOGRAM

C

C NOTE: IF THE USER WANTS TO ALTER THE DN VALUE RANGE TO SOMETHING OTHER
C THAN 255 HE MUST CHANGE THE INCREMENTS WITHIN THE DO LOOP AND
c ‘THE 'IDNMAX' IN THE DATA STATEMENT.

C*********************************************************************

DIMENSION IHIST1(NHIST)
DATA IDNMAX/256/

c
LF(NHIST .GT.IDNMAX) GOTO 9000
WRITE(6,11) .
11 FORMAT(1X,//1X, "' ~==nem HISTOGRAM TO BE PLOTTED ==---- 1/
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& 1X,4(" DN £,700

D0 150 I=1,64
I=I-1
12=1463
13=1#127
T4=1+191
WRITE(6,141) It ,THISTI(I1+1) 12, THISTI (I2+1)
& 13, THISTI (13+1) , T4 , HIST1 (T4+1)
141  FORVAT(1X,I3,17,8X,13,17,8X,I3,17,8X,13,17)
150  CONTINUE
RETURN

c

c N
C..........ERROR m..‘oo-.o-.
9000 WRITE(6,9001) NHIST,IDNMAX
9001 FORMAT(1X,'*** SORRY, YOU ARE REQUESTING A DN VALUE RANGE OF'/
& 1X,' UP TO ',18,'. LIMITS OF ',13,' IN EFFECT.'/
& 1X,' MODIFY LSTHIS SUBROUTINE FOR LISTING')
RETURN
END

ck*************‘k******************************** Sekdekokkdedokddok keokedokok k Kkk

SUBROUTINE STRET(IHIST1 ,IHIS'I‘Z,M!ISI‘,IMN,IM,IZHW) ,
otk de ek deokdok i ke de dedek R dededek Rk ookl dede

Cidcickdckcickick ko
C STRETCHES THE HISTOGRAM
edcddededoioedcdokk gl dede ok ik doddedohodde e e dedededciedee

DIMENSION IHIST1(NHIST), IHIST2(NHIST)

DO 10 I=1,NHIST
10 IHIST2(I)=0
c
IB=TZMINH+1
IE=1ZMAXH1
RANGE=12MAX- I ZMIN+1

DO 50 I=IB,IE
IDN=I-1
NUM=THIST1 (I)
RINDK= ( (IDN-IZMIN) / RANGE) * FLOAT(NHIST-1)
INDX=INT(RINDX)
IF(INDX.LT.0) INDX=0
IF(INDX.GT.IZDN) INDX=IZDN
THIST2 (INDK+1)= THIST2(INDKH) + NUM
50  CONTINUE
c
C......RELOAD ORIGINAL HISTOGRAM
DO 100 I=1,NHIST
100  IHISTI(I)=IHIST2(I)
c
RETURN
END ,
SUBROUTINE PLTHIS(IHIST! ,NHIST, IXLABL,IYLABL,IZYMAX, [ZDN,X0,YO,
& XLEN, YLEN, RHEIGH, CSIZE, XINC, YINC; IYAX)

Gk ek ok kiR ok koo ok oooecaoonaocoo ok ok ook ok
C CALLS THE PLOTTER ROUTINES FOR CONSTRUCTING THE HISTOGRAM.
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..............................................................

atinddd
CKK nnnnnnnnnn KKK KKKEEKICXKREEIXERKERAXTKAANEARRRNXARR KEAKKAKEKRKXXRKXKXKRKRAKKRARR

DIMENSION IHIST!(NHIST)

c
C......CALCULATE MAXIM/M PIXELS IN ANY DN VALUE
IDNUM=0
1ZDN2=1ZDN+1
DO 400 I=1,1ZDN2 -
IF(IHIST1(I) .GT.IDNUM) IDNUR=IHISTI (D
400  CONTINUE

IMAX=( TDNUM/ TYLABL)

YMAX=FLOAT( ( IMAX* IYLABL)+IYLABL)
TYMAX=TFIX(YMAX)

c

C......HAS USER CHOSEN TO SPECIFY MAXIMM Z VALUE ON Y AXIS?
IF(IYAX.BQ.1) YMAX=FLOAT(IZYMAX)
IF(IYAX.EQ.1) TYMAX=IZYMAX
YINC=YLEN/YMAX
XINC=XLEN/ 1ZDN

Comommnonmm= ——— ————

[

Cu.....DRAW AND LABEL EACH AXIS
Cee....PLOT EACH FREQUENCY COLUMN
X1=X0
YINMA=YO+YLEN

nO 500 I=1,IZDN
X1=X1+XINC
Y2=Y0 + (FLOAT(IHIST1(I))*YINC)
IF(IYAX.NE.1) GO TO 480
IF(IHIST1(I) .GT.IZYMAX) CALL YERR(Y2,YINMA, IHIST1 (I) , IERR)
480 CALL PLT(X1,Y0,3)
CALL PLT(X1,Y2,2)
500 CONTINUE
c
CoeooesPLOT X-AXIS
CALL PLT(XO+XINC,Y0,3)
CALL PLT(X1,Y0,2)
c
Coveee .PLOT X-AXIS LABEL
X9=((X1-X0)/2.) + XO - ((CSIZE*16.)/2.)
~ Y9=YO-(RHEIGH*4.)
CALL SYMBOL(X9,Y9,CSLZE,'BRIGHINESS VALUE',0.,16)

c
C..... .PLOT BOTH Y-AXES
X1=X1+XINC
XMAX=X1
Y2=Y0 + (YMAX*YINC)
CALL PLT(X0,Y0,3)
CALL PLT(X0,Y2,2)
CALL PLT(XMAX,YO,3)
c CALL PLT(XMAX,Y2,2)
Ceees..PLOT Y-AXES LABELS
Y9=( (Y2-Y0)/2.) + YO - ((CSIZE*9.)/2.)

1200
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1ZLONG=NPLEN(YMAX,-1)

X8=X0- (RHEIGH* (FLOAT ( 1ZLONG)+2.5))
x9=max+(mm1cuk(nm(1m>+3 .5))

CALL SYMBOL(X8,Y9,CSIZE, mmum ,90.,9)
CALL SYMBOL(X9,Y9,CSIZE,' FREQUENCY' ,90.,9)

c

c.c- ...IABHJ X-AXIS
X1~0
X=XO+(XINC*,5)

Y=YO~ (RHEIGH*1 .5)

515 XL=FLOAT(IXL)
XOFPF=(NPLEN(XL,~1) *RHEIGH) * .5
X=XO+(XL*XINC) -XOFF
CALL NUMBER(X,Y,RHEIGH,XL,0.,-1)
IXI=IXL+IXLABL
IF(IXL.GT.IZDN) GOTO 600
GO T0 515

c
C......LABEL Y-AXES

600 IYI~O

615 YIL=FLOAT(IYL)

XOFEENPI.BJ(YL ~1)*RHEIGH
X1=X0-(XOFF+RHEIGH)

X2=)Q‘IAX+RHEIGH+((IZID[‘B*RHEIG{) ~XOFF)
Y1=YO+(YL*YINC) - (RHEIGH* .5)

CALL NUMBER(X1,Y1 ,RHEIGH,YL,0.,-1)

CALL NUMBER(X2,Y1,RHEIGH,YL,0.,-1)

IYL=IYL+IYLABL

IF(IYL.GT.IYMAX) RETURN .

GOTo 615

END

SUBROUTINE YERR(Y2,YINMA,IZ,6IERR)
Chddck ek ddok ok ek ddeddk e ek aook g i ek it dede e i R ek dod e A de ek ek e deke
C PLOTS A WARNING FOR A DN VALUE WITH MORE PIXELS THAN USER ALLOWS
C TO BE PLOTTED AS A HISTOGRAM COLIMN
Wmn*mmmmmm
TERR=1ERR+1
IF(IERR.GT.10) GO TO 10
WRITE(6,9) 12
9 I‘URMATUX,;** WARNING FREQUENCY COLUMN TOO LARGE FREQ=',
& 110
10 Y2=YINMA
RETURN
END
Crcdcdcheickicedoidoi ook doookdok ook oo doeoioecok ook ook ook
SUBROUTINE PLTITL(XO,YO,RHEIGH,CSIZE,IQUIT)
Gl okt dok Sl ko dk Rk IR R R ded e dedede S ek S de e e de e e St S e
C PLOTS THE TITLE BELOW THE HISTOGRAM
Cdkicik ok ik koo ok ook o itk o e deeock okoiacedo de ok oo oot
DIMENSION ANNOT(20)
C
C......EXPECT TO PLOT 3 LINES OF TITLE MAXIMM
ING=0
Y1=YO- ((RHEIGH*4.) + (CSIZE*2.5))

I
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701 READ(5,710,END=9000) ANNOT
710 FORMAT(2044)
INC=INCH
CALL SYMBOL(XO,Y1,CSIZE,ANNOT,0.,80)
Y1=Y1-(CSIZE*1.7)
IF(INC.LT.3) GO TO 701
RETURN
9000 IQUIT=1
RETURN
END
CH-HHHHHFHHFFHHHRRHRE R R R R
FUNCTION NPLEN(RN(R{,NDEC)
C THIS ROUTINE CALCULATES THE NUMBER OF DIGITS IN A POSITIVE NUMBER
C RNUM - THE POSITIVE REAL NUMBER
C NDEC - NUMBER OF DECIMAL PLACES TO CONSIDER IN THE COUNTING OF
C DIGITS.
O T LA g N N e o o
LEN=0 ‘
RVAL=RNUM
c
100 IF(RVAL.LT.1.00) GO TO 200
LEN=LEN+1
RVAL~RVAL/10.
GO TO 100
200 NPLEN=LEN+NDECH1 ;
IF(RVAL.EQ.0.00) NPLEN=LEN+NDECH+2
RETURN

END
Chidkkkkicik kkdekdedodeddododede dededededok dodedededededede Jedekeiesese sedokededek dodededededede e dededede ek vk dedede de

SUBROUTINE PLT(X,Y,IP)
Gk ek koo ook e ook oo
CALLS THE APPROPRIATE PEN UP-DOWN MOVES FROM THE PLOTTING SOFIWARE
INCORPORATED. THIS ROUTINE MAY EASILY BE REPLACED FOR OTHER
SOFTWARE/HARDWARE CONFIGURATIONS.

IP -CONTROLS THE PEN-UP DOWN MOVEMENTS.
IF IP=3, MOVE TO POINT X,Y WITH PEN UP.
LF [P=2, MIVE TO POINT X,Y WITH PEN DOWN.
ek ok dokdok koo gk ook okoilodeie ok dokeooknclokodoeadoe doodcok deedeododede Sedetededeok

CALL PLOT(X,Y,IP)
RETURN

[+ X2X2X2R2K2)

C%C

END

J*
//LKED.SYSLIB DD DSN=SBS.GOULDLIB,DISP=SHR,VOL~SER= ,UNIT=
// DD DSN=FORT .FORTLIB,DISP=SHR
// DD DSN=ACAD.SUBLIB,DISP=SHR
//GO.FIO5F001 DD *

1 198 1 232 4 1 2. 010000

1. 1.5 7.0 4.0 64 1000
CHARLESTON TM SCENE BAND 4
TM READ TEST

/*

//GO.FTO9FO01 DD DSN=SBS.MEM1B.CHIM7B.R198C232 ,DISP=SHR,LABEI=(,,,IN)
//GO.SYSVECTR DD DSN=&&VECTORS,UNIT=SYSDA,DISP={MOD,PASS),
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// SPACE=(1320, (1000,400) ) ,DCB=BLKSIZE=1320
//GO.SYSPOUT DD SYSOUD=*

//BITSET EXEC PQ4=BISTINGO

//STEPLIB DD DSN=SBS.GOULDLIB,DISP=SHR

/ /SYSVECTR DD DSN=&&VECTORS , DISP=(OLD , DELETE)

//SYSUT1 DD DSN=&&SYSUT1 ,UNIT=SYSDA, SPACE=(18200,200)
//SYSPLOT DD SYSOUT=(B, ,PLOT) ,DEST=NIR8

%SYSP(IJT DD SYSOUT=*

T

1203
OFFKO7001



BRIGHTNESS MAP

//BOOKBM JOB (D6600217,99,99) , ' VF-BOOKEM' ,TIME=(,19) ,MSGLEVEL~(1,0),

/] MSGCLASS=A,PASSWORD=??227? ,USER=SBS01 , REGION=500K

/*JOBPARM CARDS=9999

/*ROUTE PRINT MVS.R8

// EXEC FORTGCLG,PARM.LKED='NOMAP ,NOXREF'

/ /FORT .SYSPRINT DD DIMMY

//FORT .SYSIN DD *
Wmmmmmmm**mmﬂmmm

C BRIGHINESS MAP

C CONTINUOUS DENSITY SHADING TECHNIQUE EMPLOYED
C

c

C COLOMNS DESCRIPTION

Ceeeas LINE # 1:

C 1-5 BEGINNING R(MOFINPUIMATRIX'IOBE

C 6-10 ENDING ROW OF " "

C 11-15 BEGINNING COLOMN " " o "
C 16-20 ENDING COLUMN " " v "

OPTIONS 1-3 INCORPORATE TOBLER'S NON-LINEAR RESPONSE CONSTANT.
1=NO STRETCH
2=LINEAR STRETCH WITH MINIMUM AND MAXTMUM
3=PERCENTAGE LINEAR STRETCH
OPTIONS 4-6 ARE ORDINARY LINEAR FUNCTIONS.
4=NO STRETCH
5=LINFAR STRETCH WITH MINIMUMM AND MAXIMM
6=PERCENTAGE LINEAR STRETCH
7=PLOTS CELL VALUES WITHIN EACH CELL
8=DISCRETE CLASSED MAP
(1IF YOUR ADVENTURESOME, CARD 3 WILL CONTAIN # OF CLASSES,
CARD 4 WILL CONTAIN THE CLASS VALUES;
CARD 5 WILL CONTAIN SHADING PATTERNS FOR £ACH CLASS;
THE TITLE CARDS WILL THEN FOLLOW.)

31-35 LOWEST POSSIBLE Z VALUE.
36-40 HIGHEST POSSIBLE Z VALUE.
41-45 TOTAL PERCENTAGE LINEAR STRETCH (BOTH SIDES)

OO0QQAOCOOCOOOaOOOCOOO0

eeees CARD # 2

c 1-5 ORIGIN OF GRID MATRIX (LEFTMOST COLUMNS)

C 6-10 ORIGIN OF GRID MATRIX (BOTTOMMOST ROW)

Cc 11-15 CELL SIZE(INCHES)

C 16-20 MINIMUM DISTANCE BETWEEN SHADING LINES(INCHES)

c (FOR 100-DOT PER INCH PLOTTER .017 IS A GOOD CHOICE.)
C 21-25 CONTROLS PLOTTING OF CELL BOUNDARIES(O=PLOT,

C 26-30 TSIZE - SIZE OF TITLE CHARACTERS(OPTIONAL, DEFAULT IS
CHARACTERS £QUAL TO THE CELL SIZE.

essee CARD # 3 AND FOLLOWING
1-80 TITLES - ANY SORT OF ALPHANUMERIC INFORMATION.

WMW***H“HMMMHWMWMHW**H

309
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DIMENSION ICLASS(25), SHI(25)
DIMENSION-TITL1(20), FiLTIT(ZO)

DIMENSION IHIST1 (256) IHIST2(256)

INTBEGER*2 LINE1(2100)

DATA NBLK/100/, NCMAX/2100/.,  NEMAX/6/, NCIMAX/25/
DATA NHIST/ZS6/, 1ZDN/256/

INC=1

QOG ¢

C--~-~> 1ST ARGUMENT SHOULD BE SET T0 THE # OF RECORDS IN YOUR
C-----> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:

Comenw) (INI'K;ER((MDISINBHOH)*NMJS)*NBAM) +3

c DEFINE FILE 9(1195 100,L,IREC)

C......READ HEADER RECORD FROM FILE
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTIT 0)
Cc
C ....COPUTE # OF RECORDS PER ROW
NACO=(NCOLS/NBLK) + 1
IREM=MOD(NCOLS ,NBLK)
IF(IREM.EQ.0) NA(XH%COH
C
CALL (RE)IT(NMB,N(DIS NBAND FII..'ITD
Cc
Ce.....GET USER SUPPLIED PARAMETERS
CALL READIN(NROWS,NCOLS,IBR,IER,I1BC, IEC, IBAND,NBAND, IMM, CSIZE,

& TSIZE. TZMIN , LZMAX, PERCEN , XMIN, YMIN, RLWID, RLABL,,
& - ICPLOT ,NCLASS, ICLASS ,SHD, INCR ,NCLMAX , 1 ERR)
IF(IERR.EQ.1) GOTO 9999

C ot iz

C......COMPUTE TOTAL NUMBER OF CELLS IN MATRIX,
u—((nm-mmn )*((IEG—IBC)ﬂ) :

CHALF-CSIZE*
ms1m122~.3

c

C.ee...IF CONTRAST STRETCH SPECIFIED COMPUTE MINIMIM AND MAXIMR{ VALUES.
IF(IM.EQ.1 .OR. IM.EQ.4 -OR. MM.KQ.7) GO TO 100
c : -
C......O0MPUTE HISTOGRAM OF STATS -
CALL FREQ(IBAND,NBLK,IBR,IER,IBC, 1EC, 1ZDN,NROWS ,NACC,
& ‘ IMNIZ‘IAXIHISTIMISTLINEINQ‘IAXIERR)
IF(1ERR.EQ.1) GO TO 9999

c ;
C......D0 WE WANT TO STRETCH THE BRIG'H']N!'SS VAUJB?
IF(IML.EQ.3 :OR. IMM.BQ.6)
& CALL PSTRET(IHIST! ,NHIST,IZMIN,IZMAX N,NPIX ,PERCEN)
Ceve.....STREICH THE HISTOGRAM

c CALL STRET(IHIST ,IHIST2 ,NHIST , IZMIN, [ZMAX , 1 ZD)

C
IF(IML.EQ.2 .OR. IMM.BQ.5) WRITE(6,54) IZMIN,IZMAX

w
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54 FORMAT(1X,//1X,'=~- Z VALUES USED FOR CONTRAST ENHANCEMENT ---'/
& 1X,' MINIMIM Z VALUE MAXIMM Z VALUE'/
& 1X,2X,18,13X,18)
c
C
C.vee..INITIALIZE PLOTTING DEVICE
100 CALL PLOTS(~60.,-60.,0)
C
C-
Ceeee.. SECTION FOR PLOTTING MAP
C.ove...PLOT CELLS FROM TOP TO BOTTOM, LEFT TO RIGHT.
C......CALCULATE STARTING POSITION FOR ROW 'I'
C
C..o...CALCULATE SEPARATION LIMITS
SMAX= CSIZE*1.41421356
ZBOT= ( (2*SMAX*RLWID) ~- (RLWID*RLWID) ) / (SMAX*SMAX)
ZMIN=FLOAT(I1ZMIN)
2MAX=FLOAT( 1 ZMAX)
NR=1ER-1BR+1
CHEIGH=CSIZE
IF(CHEIGH.GT..10) CHEIGH=.10
IF(TSIZE.LE.0.) TSIZE=CHEIGH
YC2=YMIN+(FLOAT(NR) *CSIZE) + CSIZE + (CHEIGH*6.) + (TSIZE*3.)
YMAX=YC2
XMAX=XMIN+ (FLOAT(IEC-IBCH1)*CSIZE)
YC1=YC2-CSIZE
XCl=XMIN -
CALL ROWLAB(XC1,YC! ,XMAX ,CSIZE,CHEIGH, IBR)
CALL COLLAB(XC!,YC1,CSIZE,CHEIGH,IBC,IEC,INCR)
DO 900 I=IBR,IER
XC1=XMIN
XC2=XMIN+CSIZE
IF(MOD(I,INCR) .BQ.0) CALL ROWLAB(XCI,YC! ,XMAX,CSIZE,CHEIGH,I)
CALL RWLINE(9,LINE! ,NCMAX NROWS,NACC,I,IBAND,NBIK, :
& IRW,IERR)
IF(IERR.EQ.1) GOTO 9999 .
DO 800 J=IBC,IEC

IVAI=LINE! (J)
REFL~FLOAT(IVAL)
Ceeevees. .PLOT GRID
IF(ICPLOT.BQ.0) CALL CELPLT(XCl,YCl ,XC2,YC2)
Ceceves...SHADE CELL ,
GO T0(600,600,600,600,600,600,700,720) , IMM
c ,
Cuevseeese FLIP Z VALUES TO EMULATE AIR PHOTO POSITIVE.
600 Z=ZMM(ZMIN, ZMAX , REFL)
ZEYE= (Z* (1.0-ZBOT) ) + ZBOT
IF(IMM.LE.3) ZEYE=Z**1.4
SPAC=(RLWID/ ZEYE)* (1 4(1 .~ZEYE)**0.5)
CALL OCELS(XC1,YC1 ,XC2,YC2,SPAC)
GO 10 750
C..... PLOT Z-VALUES INSTEAD OF SHADING
700 CALL CELLAB(XCt,YC! ,CHALF ,RNSIZ ,REFL)
GO TO 750

——
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. C.o..'b DISCREIE mm :
720 CALL DISCRE(XC1 ,YCl ,XQ YC2 ,1CLASS ,RLWID, SHD, REFL,Z80T,
& NCLASS N(HMAK)
C.........(I)‘PUI‘E COORDINATES OF NEXT CELL
750 XC1=XC1+CSIZE
XC2=XC2+CS1ZE
800 CONTINUE
YC1=YC1-CSIZE
YC2=YC2~-CSIZE
900 CONTINUE
CALI, ROWLAB(XMIN,YC2 ,XMAX ,CSIZE,CHEIGH IER)
XMAX=XC1
C......DRAW BORDER AROUND ENTIRE MAP IF NECESSARY
c IF(ICPLOT.MQ.1) CALL CELPLT(XMIN,YG2,XMAX YMAX)

YP=YC2
c

C......PLOT ANNOTATION ON BOTTOM OF MAP
CALYL, ANNOT(XMIN,XMAX,YP ,CHEIGH , IMM)
C
C ,
C.veee.READ AND PLOT TITLE INFORMATION.
1991 XP=XMIN
c-
Cseee..CREATE LEGUND FOR PLOT
2000 IF(DM LT.7) CALL LEGUND(ZMIN,ZMAX XMIN,YMIN, XP,YP RLABL,
CSIZE,CHEIGH,RIMID, ZBUI' IBC,1EC, IBR IER IROT, IMY)
2100 IF(IWI EQ.8) CPJ.L DISLEE(XMIN YP CSIZE RL‘WID ZBOT IC[ASS SHD,
NCIMAX NCI.ASS)

2200 YP=YP-TSIZE

c

CALL TITLE(XP,YP,TSIZE)
c ;

CALL PLOT(0.,0.,999)
9999 STOP

END
CHIckickck ok doddd Ak ekttt e e dedi e dcdededeededededc e e e deicde S e e
SUBROUTINE READIN(NROWS ,NCOLS,IBR,IER,IBC,1EC, 1BAND,NBAND,IMM,

CS1ZE,TSI1ZE,1ZMIN,I1ZMAX , PERCEN , XMIN, YMIN,RLWID,
RIABLICPIDTNCIASS IC[ASSSHDINCRNCIMX
I

WWM%WMWMWW
C READS THE PARAMETERS SPECIFIED BY THE USER AND ECHOS THEM OUT.
C IF A CONFLICT IN THE IMAGE FILE AND THE SUBMATRIX TO BE SPECIFIED
C IS IDENTIFIED, THE PROGRAM TERMINATES BY SEITING IERR=1.
ikt ok ook ek e el

DIMENSION ICLASS(NCIMAX), SHD(NCIMAX)

INCR=10

RLABL~32.

R

c
C......INPUT CONTROL PARAMETERS.
READ(S,1 ,END=9500) IBR, IER, IBC, TEC, TBAND, IMM, IZMIN, 1ZMAX , PERCEN
1 FORMAT(815,F5.0) . .
READ(S,2,END=9500) XMIN,YMIN,CSIZE,RLWID,ICPLOT ,TSIZE
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2 FORMAT(4FS5.0,15,F5.0)
IF(IZMAX-1ZMIN.LT.20) RLABL~1.
IF(IMM.NE.8) GO TO 50
READ(5,5 ,END=9500) NCLASS, (ICLASS(J) ,J=1 ,NCLASS)
5 FORMAT(I5/(2512))
READ(5,6 ,END=9500) (SHD(J) ,J=1,NCLASS)
6 FORMAT((15F5.0))
c

50 WRITE(6,52)
52 FORMAT(1X,'---- CONTROL PARAMETERS ~---')
C ....ECHO OUT PARAMETERS READ IN
WRITE(6,31) IBR,IER,IBC, IEC, IBAND ,XMIN,YMIN, IM{
31 FORMAT(1X//1X,' SUBMATRIX SPECIFIED'/

& 1X,' - ROWS - - COLUMNS -'/

& 1X,' BEGIN END BEGIN END BAND' /
& 1X,416 ,5X,12//

& 1X,' -ORIGIN- '/

& 11X, X Y M/

& 1X,2F5.1,6X,12)

IF(IMM.BQ.8) WRITE(6,21) NCLASS,(ICLASS(J).,J=1,NCLASS)
21 FORMAT(1X,'-~ NUMBER OF CLASSES=',I3/
& 1X, 'CLASSES TO USE= ',1216)
IF(IMM.FQ.8) WRITE(6,22) (SHD(J) ,J=1,NCLASS)
22 FORMAT(1X,'--SHADING PATTERNS=',12F5.1)

IF(IBAND.LT.1 .OR. IBAND.GT.NBAND) GOTO 9000
LF(IBR.LT.1 .OR. IBC.LT.! .OR. IBR.GT.NROWS .OR. IBC.GT.NCOLS)
& GOTO 9100
IF(IER.LT.1 .OR. IEC.LT.! .OR. IER.GT.NROWS .OR. IEC.GT.NCOLS)
& GOTO 9100
RETURN
c
c ..........ERmR bmmm....l.‘...“.....
9000 WRITE(6,9001) IBAND,NBAND
9001 FORMAT(1X,//1X,'*** YOU SPECIFIED AN ILLFGAL BAND # OF ',12,';'/
& 1X,* ONLY ',I2,' BANDS IN IMAGE FILE.')
1ERR=1
RETURN
9100 WRITE(6,9101)
9101 FORMAT(1X,//1X,"'*** SUBMATRIX REQUESTED OUTSIDE OF IMAGE '/
& 1X,* FILE LIMITS')
9500 IERR=1
RETURN
END

W*mmmmmmﬂm

SUBROUTINE CREDIT(NROWS ,NCOLS ,NBAND,FILTIT)
Gk d ik doookkodcokok ook oo ook gk oo

C SIMPLY PRINTS A BANNER ON THE OUTPUT WITH LIMITS OF THE
C IMAGE FILE.
WWMWWMWM
DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS ,NCOLS,NBAND
11 FORMAT(1X,60('*')/
& BRIGHINESS MAPPING PROGRAM'//
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& lx60('*')//

& ‘'---> PARAMETERS FOR IMAGE FILE:'/
& 1x20MII

& ' NIMBER OF ROWS=" ',IS,/

& 'mmmovmums-'ISI

& ' NOMBER OF BANDS=' 15//)

RETURN

END

SUBROUTINE PSTREI‘(IHiSTl ,NHIST, IZMIN,1ZMAX N ,NIN,, PERCEN)
cummmmmmmmm
C (INPUFESBIEMNIMMANDMAXIMMNVAIHESFORAPERCENNGESFREMI

Khkkkdkkikkkiiik

" DIMENSION mmmnsﬂ

NINR((PM/Z.)/I(D ) * FLOAT(N)
WRITE(6,9) NIN
9 FORMAT(1X,' HISTOGRAM STRETCHED °,IS,' PIXE[S ON SIDES')
C......GET MAXIMM VALUE
TTOTIN=0
10 ITOTIN=ITOTIN + IHISTI(IZMAX+1) .
IF(ITOTIN.GE.NIN) GOTO 20 : ' '
1ZMAX=17ZMAX~1 : \ ,
GoTO 10

ccm MINIMM vmm;
20 ITOTIN=0
30 TTOTTN-TTOTIN + THISTI (IZMINH)
IF(ITOTIN..GE.NIN) GOTO 50
TZMIN=IZMIN#1 -
QUTO 30
c
50 WRITE(6,51) IZMIN,IZMAX,PERCEN
51 FORMAT(1X,//1X, "'~~~ Z VALDES USED FOR CONTRAST ‘ENHANCEMENT ---'/
& 1X, MINIMM 2 VALUE - MAXIMM Z VALUE - PERCENTAGE'/
& 1x2x1813x1812xms.3)

RETURN
Wﬂmﬁmmmwmm
SUBROUTINE FREQ(IBAND,NBLK,IBR,IER,IBC,IEC,IZDN NROWS ,NACC,

& © . IZMIN,IZMAX,IHIST| ,NHIST LINE1 ,NCMAX , TERR)
**‘k*********

ck**k*ﬁ**k************ﬂ*****************k**********
C COMPUTES THE FREQUENCY OF EACH DN VALUE IN THE SUBMATRIX.

DIMENSION IHIST1(NHIST)
INTBGER*2 LINE1(NCMAX)

*hkkkkk

C
NHISTI=NHIST{
DO 10 I=1,NHIST : A
10 THISTI(D)=0 .,
c .

DO 200 IROW-IBR,IER
CALL RWLINE(9,LINE} NQ’]AXNRD‘BNACCIROWIBANDNBIKO IEI{R)
IF(IERR.:Q.1) RETURN
Ce.....PUT SUBIMAGE IN VECTOR
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DO 50 JPIX=IBC,IEC
IDN=LINE1 (JPIX) ’
IF(IDN.LT.0 .OR. IDN.GT.IZDN) GO TO 50
C.e....OOMPUTE STATISTICS FOR HISTOGRAM.

THIST! (IDt¥+1)=THIST! (IDNH)+1
50 CONTINUE
200 CONTINUE

c
Cees...COMPUTE MAXIMUM AND MINIMM
DO 250 I=1,NHIST
IZMIN=I~1
IF(IHIST1(I) .]Q.0) GOTO 250
GOTO 260
250  CONTINUE
DO 260 I=1,NHIST
INDX=NHIST1~-1
1ZMAX=INDX~1
IF(IHIST1 (INDX) .EQ.0) GOTO 260
GOTO 9000 ‘
260 - CONTINUE
9000 RETURN
y*n*%*mw*mm**mmmmmmmmm

SUBROUTINE STRET(IHIST!,IMIST2,NHIST,IZMIN,IZMAX,IZDN)
Chdcdck ek Rk ek ik koo koo kdriekoedec ok ok iekcdeidcok ok koo ek

C STRETCHES THE HISTOGRAM
W**umm*“ﬁmmmﬂmﬂmw
DIMENSION IHIST1(NHIST), IHIST2(NHIST)
c
00 10 I=1,NHIST
10 IHIST2(1)=0
C
IB=1ZMINH+1
IE=1ZMAX+1
RANGE=1ZMAX -1 ZMIN+1

DO 50 I=IB,IE
IDN=I-1
NUM=IHIST1 (1)
RINDX= ((IDN-IZMIN) / RANGE) * FLOAT(NMIST-1)
INDX=INT(RINDX)
IF(INDX.LT.0) INDX=0
IF(INDX .GT.IZDN) INDX=IZDN
IHIST2 (INDX+1)= IHIST2(INDX+1) + NUM
50 CONTINUE
c
Cevess .RELOAD ORIGINAL HISTOGRAM
DO 100 I=1,NHIST
c 100  IHIST1(I)=IHIST2(I)
RETURN

ck*******************************ﬂ********************** vk K dckdekededdededede

SUBROUTINE OCELS(XC1,YC1,XC2,YC2,SPAC)
Chid skl oo ook ook

1210

OFFKO7008



316 The SENSOR Digital Image Processing Program Appendix A

C FILLS A SQUARE CELL WITH A PERPENDICULAR CROSS-HATCH LINE MESH,
C XCI,YCI-OZX)RDINMOFIQERIEFI‘HAND(DRNHQOFCE[L.

C  XC2,YC2 - COORDINATES OF UPPER RIGHT HAND CORNER OF CELL.

C SPAC - DISTANCE BETWEEN:SHADING ‘LINES(IN INCHES) »

CHD=SPAC*1 4142136 .
C
C.eee.PLOT 45 DEGREE LINE
Yi=YC2
X2=XC1
100 X2=X2+CHD
Y1=Y1-CHD
1F(Y1.LT.YC1) GO TO 110
CALL PLT(XC1,Y1,3)
CALL PLT(X2,YC2,2)
GO TO 100
110 X1=XC1+(YC1-Y1)
Y2=YC2- (X2-XC2)
120 IF(Y2.LT.YCl) GO TO 200
CALL PLT(X1,YC1,3)
CALL PLT(XC2,Y2,2)
X1=X1+CHD
Y2=Y2-CHD
G0 10 120
¢ _
Ceove...PLOT 135 DEGREE LINE
200 X2=XC2
Yi=YC2
205 X2=X2-CHD
Yi=Y1-CHD
IF(Y1 .LT.YCl) GO T0 210
CALL PLT(XC2,Y1,3)
CALL PLT(X2,YC2,2)
GO TO 205
210 X1=XC2-(YCi-Y1)
Y2=YC2-(XC1-X2)
220 1F(Y2.LT.YC!) RETURN
CALL PLT(X1,YCt,3)
CALL PLT(XC!,Y2,2)
X1=X1-CHD
Y2=Y2-CHD
GO TO 220
END

SUBROUTINE CELPLT(XCI ,YCl ,XC2,¥C2) 4
C DRAWS A RECTANGULAR CELL.
C XCl YC! - COORDINATES OF LOWER LEFT HAND CORNER OF CELL
C XC2'YC2 - COORDINATES OF UPPER RIGHT HAND CORNER OF CELL |
CALL PLT(XC1,YC1,3)
CALL PLT(XCl ,YC2,2)
CALL PLT(XC2.YC2.2)
CALL PLT(XC2.YCl.2)
CALL PLT(XC1.YC1.2)

IS =
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RETURN
END
L6 o o o o o o o B o o o o o o o o o o o o o
REAL FUNCTION ZMM(ZMIN,ZMAX,R)
C CALCULATE Z VALUE FROM EITHER NO CONTRAST STRETCH OR SIMPLE LINEAR
C STRETCH
C++++++PF+++++++++++++++P++++++++++++++r+¥++f+++++++++++&rkb+++++++++++f
Z=ZMIN+(ZMAX-R)
C......NORMALIZE REFLECTANCE VALUE(AND/OR STREICH)
M= (Z-2MIN) / (ZMAX-ZMIN)
IF(ZMWM.1E.0.) ZMM=.001
IF(Z2MM.GE.1.) ZM4=.999
RETURN
END

Wm*mmmm*mm*mmﬂ

SUBROUTINE CELLAB(XC1,YC! ,CHALF,RNSIZ,REFL)
CRIcsck ek dedddodededdededde oo dededoie ki dedekedede dededededetededededededcdede e ek et dedededededede e dede
C PLOTS THE VALUE OF EACH GRID CELL IN THE CELL
C

C XCt, YC1 - BOTTOM LEFT COORDINATES OF CELL.
Cdedekickckdole ikl ecokledokokdedok ok ook okl ddeddoc Il ke e ot sk el docoke el ioedek
LEN=NPLEN(REFL,-1)
C... ..PLOT VALUE FOR UNROTATED VERSION
X1=XC1+CHALF- (FLOAT(LEN) *.5 *RNSIZ)
YI~YCI+CHALF-(RNSIZ *.5)
CALL NUMBER(XL,YL,RNSIZ,REFL,0.,-1)
RETURN

mmm*u*u**mm&m**mmmmm

SUBROUTINE DISCRE(XCt ,YC1,XC2,YC2,1CLASS,RLWID,SHD,REFL,ZBOT,
& NCLASS NCLMAX)
Cdedcdcie R xR itk Rk Sk dek i dedcdede ek detdedededededoe e ook iecciok ook dedodedcod s dededek de
C SHADES CELLS BASED ON USER DEFINED CLASS INTERVALS AND PERCENTAGE
C OF AREA INKED.
Cr¥dedckk ek etk dededode e foce el ool ook il ded oo ook dodede e dodedokdooioiodok ek

DIMENSION ICLASS(NCIMAX), SHD(NCIMAX)
C

C.....SEARCH FOR CORRECT CLASS, FIND PERCENTAGE TO INK
DO 100 I=1 ,NCLASS
PER=SHD(I)
IF(REFL.EQ.ICLASS(I)) GO TO 101
100 CONTINUE
RETURN
101 IF(PER.LE.0.) PER=.01
ZEYE-PER* .01
ZEYE~ (ZEYE* (1.0-ZBOT) ) + ZBOT
SPAC=(RLWID/ZEYE)* (1 .+(1 .~ZEYE)**0.5)
CALL OCELS(XCt,YCl ,XC2,YC2 ,SPAC)
RETURN
END

mm*umm***ﬂ*muﬂm*mmnmmmﬂ

SUBROUTINE ROW[AB(XC1 ,YC1 . XMAX ,CSLZE ,CHEIGH , INUM)
Chickkecdekckk ik ook

c LABEISROWSWI’IJ{THERGJN[NBER

mﬂm&*ﬂu*ﬂmm**mmm*mm
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TLAB=TNUM
I.EN=NPI.B‘I(I-‘LOKI‘(IIAB) ~1)
* XimXCl- = CHEIGH - (W(IIN)*G!EIGH)

YL=YC1+( (CSIZE~-CHEIGH) /2.) .
.CALL. NUMBER(XL,, YL ,CHEIGH, I'IDAT(I.NIH) 0:. ,-1)
X1=XMAX +CHEIGH
- CALL; NUMBER(XL,YL,CHEIGH ,FLOAT(INR®) ,0. ,~ 1)
=

SUBROUTINE OOLLAB(XC1,YC1,CSIZE, amca 1BC, Im INCR)
c mmsmormooumsz\cmssmm
TIBC2=1BC+1 ‘
IEC2=IEC-1 = :
memmm'r(lm) -1) :
XLm(XC1+(CSIZE*.5)): = ((F[DNI‘(LBN)*Q!EIGH)* 5)
YL~YC1+CS1ZE+CHEIGH
CALL NUMBER(XL,YL,CHEIGH,FLOAT(IBC) ,0.,-1)
C..ooo UNROTATED VERSION -FOR EACH COLIMN 1ABEL
DO 100 I=IBC2,1EC2
IF(MOD(I, INCR).NE .0) GO 10 100
LEN=NPLEN(FLDAT(I) ~D
mi-(xm+(csmE*FmAT(1-IBC))) + (csne* 5)
XIAXIM - ((FLOAT(LEN)*CHEIGH)*.5) . - :
CALL NUMBER(XL,YL,CHEIGH ,FLOAT(I) o.,-1)
100 CONTINUE
- * XIM=XC1+(FLOAT(IEC-1BC+1) *CSIZE) - (CSIZE*.7)
-+ X~XEM- (FLOAT(NPLEN(FLOAT(IEC) ,~1) ) *CHEIGH* .5) -
CALL NlMBER(XL YL, cmmm F[DAT(IEC) o.,-1)

* SUBROUTINE ANNOT(XMIN,XMAX,YP,CHEIGH, IMY) -~ °
: MIN, X . ,

C PLOTS ANNOTATION CONCERNING THE MAP ON THE BOTTOM

C LR RS A »
S1ZE~CHEIGH
SIZE2=(XMAX-XMIN) /42,
IF(SIZE.GT.SIZE?) SIZE~SIZE2
YP=YP - (SIZE*1.4)

(I)'m(12312378) m
1 CALL SYMBOL(XMIN, YP SIZE,'RAW DATA' 0.,8)
GO 10 10
2 CALL SYI:)IBOL(MN YP SIZE, 'MIN-MAX SI'REI’(H' 0.,15)
GO T0 1
3 CAH‘EDSYMBOL(MN YP SIZE ' PERCENTAGE STREKH 0.,18)
m m 10 s
7 CALL SYMBOL(XMIN,YP, smz 'CELL Vm' 0.,11)
~ G0"TO 10 ' )
8 CALL SYMBOL(XMIN, YP SIZE ' DISCRETE CIASSES 0.,16)
c......m CRE)ITS ;
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10 XP=XMAX-(SIZE*22.)
CALL SYMBOL(XP,YP,SIZE,"BRIGHINESS MAP PACKAGE',0.,22)
YP=YP-(SIZE*1 .4)
CALL SYMBOL(XP,YP,SIZE,' GEOGRAPHY DEPARTMENT' ,0.,22)
YP=YP-(SIZE*1.4)
CALL SYMBOL(XP,YP,SIZE,' U. OF SOUTH CAROLINA’,0.,22)
IF(IMM.EQ.8) YP=YP-SIZE
RETURN
END

C*********************************************************************

SUBROUTINE LEGUND(ZMIN,ZMAX ,XMIN,YMIN,XPT,YPT ,RLABL,CSIZE ,CHEIGH,
& RIWID,ZBOT,IBC,IEC, IBR,IER,IROT,IM)
CFRIcddcdedededededodededek dokorokcoiook ok ok i dokdokiodeokcokokoedeokolck Aok
IS ROUTINE PLOTS A CONTINUOUS DENSITY LEGUND AND ALSO ANNOTATES
THE LHGUND ACCORDING TO THE SPECIFIED CONTRAST ENHANCEMENT.

ZSHIF - CHANGE IN Z VALUE FOR NEIGHBORING LEGUND CELLS

C

c

c

C HEIGH - HEIGHT OF LEGUND LABELS(IN INCHES)

c

C XSHIF - DISTANCE(IN INCHES) BETWEEN EACH LABEL OF LEGUND.
C

C***********************************************************************

NCOL~IEC~-IBC+1

GAPLEG=CHEIGH*4 . + CSIZE

ZSHIF=( (ZMAX-ZMIN)+1 .0) /FLOAT(NCOL)

XSHIF=(RLABL/ZSHIF)*CSIZE ’
XCi=XMIN
YCl=YPT-GAPLEG
YPT=YC1

7 XC2=XCI+CSIZE
YC2=YC1+CSIZE
&=MIN

c
C
Cee....PLOT CELLS AND SHADE
DO. 100 I=1,NCOL
C.......NORMALIZE DATA
IF(1.BEQ.NCOL) Z=ZMAX
IN=DMM(ZMIN, ZMAX, Z)
IF(IMM.LE.3) ZN=ZN**1.4
ZEYE=(ZN* (1.0-ZBOT) ) + ZBOT
SPAC=(RLWID/ZEYE) * (1 .4(1.-ZEYE)**0.5)

CALL CELPLT(XC1,YCl ,XC2,YC2)
CALL OCELS(XCt,YC1 ,XC2,YC2,SPAC)

Z=Z+ZSHIF
XC1=XCI1+CSIZE
XC2=XC2+CSIZE
100  CONTINUE
X=XPT+(CSIZE/2.)
Y=YPT+(CSIZE/2.)

e voa s ANNOTATE LEGUND

anod
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C.eee..PLOT NUMBERS FOR UNROTATED VERSION
c'uoo--m FIRSTN‘M
LEN=NPLEN(ZMIN,-1)
YP=YC2+(CHEIGH*1.3) . i~
XP=X~( (FLOAT(LEN) *CHEIGH) /2.)
CALL M!MBE{(XP,YP,GIEIGI;MN 0.,-1)
IF(IMM.BQ.1 .OR. IM1.EQ.4) GO TO 205
YP2=YP+(CHEIGH*1 .8)
XP=X-((‘HEIGH"2.5)
- CALL SYMBOL(XP,YPZ,Q-IEI@!,SH(DHN) ,0.,5)
205 1Z=ZMIN/RIABL . - .
Z-(F[DAT(:IZ)*RIABL).-'-MABL
X=X4((Z-ZMIN) /ZSHIF)*CSIZE
210 IF(Z.GE.ZMaX) GO TO 300
C...s..PLOT REMAINING NORMBERS
LEN=NPLEN(Z,-1)
XP=X-( (FIDAT(LBI)«*CHEIGD 12.)
CALL. NUMBER(XP,YP ,CHEIGH,Z,0. »~1)
F=X+XSHIF : .
1F(Z.BQ.ZMAX) GO TO 999
Z=Z+RLABL
GO TO 210
300 LEN=NPLEN(ZMAX,-1)
Xu(N(DL*CSIZE)-(CSIZE/Z‘) + XMIN
XP=X-( (FLOAT(LEN) *CHEIGH) /2.) t
CALL NUMBER(XP.YP,GIEI@%,ZMAX,O.,J)
IF(IM.EQ.1- .OR. IMM.EQ.4) GO TO 999
XP=X-(CHEIGH*2.5)
CALL SYMBOL(XP,YP2 ,CHEIGI,SH(MAX) ,0.,5)

..............................

U:'n'n'ci-‘-iiii uuuuuuuuu Jedekdededeokk Jedekkkick -nnunu-unannuusnnkixﬁi&kuiiiiékx&ia’-i*‘kﬂ
SUBROUTINE DISLEG(XMIN,YP,CSIZE,RLWID,ZBOT, ICLASS ,SHD,NCLMAX,
& NCLASS) f , T

C CREATES A LEGEND FOR DISCREIE CLASS MAPS :
Wﬁwmmmmm**mmﬂmmﬂmﬂ

DIMENSION ICLASS(NCIMAX), SHD(NCLMAX)

c
CPART=CSIZE* .75
CLIT=CSIZE*.13
YP=YP-CSIZE
XC2=XMIN+CSIZE
c

C .....PLOT ALL CLASSES
DO 100 I=1 ,NCLASS
YP=YP-CSIZE-CLIT
YC1=YP-CSIZE
CALL CELPLT(XMIN,YCI ,XC2,YP)

C +....COMPUTE SHADE PATTERN AND SHADE
IF(SHD(I) .LE.0.) SHD(I)=.01
ZEYE=SHD(1)* .01
ZEYE= (ZEYE* (1.0-ZBOT) ) + ZBOT :
SPAC=(RLWID/ ZEYE)* (1 +(1 .-ZEYE)**0.5)
CALL OCELS(XMIN,YCI ,XC2,YP,SPAC)
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X2=XC24CS1ZE

Y2=YCI4+CLIT
RCLASS=FLOAT(ICLASS(I))
NDIG=NPLEN(RCLASS ,-1)

CALL NUMBER(X2,Y2 ,CPART ,RCLASS,0.,-1)
100 CONTINUE

YP=YP-CSLZE

RETURN

GWWM*WWM*WW

SUBROUTINE TITLE(XP,YP,TSIZE) _
@*ﬂ*mnm*mw*ﬂmmﬁw
DIMENSION TITL(20) .
1 READ(5,11,END=9999) (TITL(J) ,J=1,20)
11 FORMAT(20A4)

Cl.....CALCULATE TITLE PLOTTING POSITION.
YP=YP-(1.5*TSIZE)

CALL SYMBOL(XP,YP,TSIZE,TITL,0.,80)
GO TO 1

9999 RETURN ¥
END

C4-H+H—H-H—H-H-I-H%HHMFHFFF+HHWF%FF+PHMH+FFH+M{—H4+HH+H+
FUNCTION NPLEN(RNUM,NDEC)

C| THIS ROUTINE CALCULATES THE NUMBER OF DIGITS IN A POSITIVE NUMBER

C| RNUM - THE POSITIVE REAL NUMBER

C| NDEC —NUMBEROFDIKIIMALPIACESTOCONSIDERIN'ME(X)(MIMOF

C DIGITS.

& C~H—+—i—H+H-i-H-i-!—G-H+H—!—H—0+l+H-H0-km%%%#%%%%%

- LEN=(0)

rf RVAL~RNUM

(2]

100 IF(RVAL.LT.1.00) GO TO 200
LEN=LEN+

i RVAL=RVAL/10.
GO T0 100

200 NPLEN=LEN+NDECH
IF(RVAL.F).0.00) NPLEN=LFN+NDEC+2
RETURN

..........................................................

SUBROUTINE PLT(X,Y,IP)
ede e et g S ik e e A AR Ak e el i e e ek et etk

CALLS THE APPROPRIATE PEN UP-DOWN MOVES FROM THE PLOTTING SOFTWARE

INCORPORATED. THIS ROUTINE MAY EASILY BE REPLACED FOR OTHER
SOFTWARE/HARDWARE CONFIGURATIONS .

QO

IF IP=3, MOVE TO POINT X,Y WITH PEN

IF IP=2, MOVE TO POINT X,Y WITH PEN DOWN.
mmmm**mmmmmmwm
CALL PLOT(X,Y,IP)

RETURN

END

QOoOOOO0OO0
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322 The SENSOR Digital Image Processing Program:- - Appendix A

/*

//LKED .SYSLIB DD DSN=SBS .GOULDLIB,DISP=SHR ,VOL~SER~, UNIT=

// DD DSN=FORT.FORTLIB,DISP=SHR -

/1l mnsnhmsm.mmspzsm e

//GO.FIO5F001 DD * ‘ R
1 149 1 177 3 5 0 255 6. e

20 2.0 0 .015 0 .12 G
msmcmas CA. BAND 6

//GO FT00F001 DD DSN=SBS .MEH1B.LAMSAC.R149C177, DISP=SHR'

/ /GO .SYSVECIR DD DM&VEIORS,UNHESYSN DISP-(M)D PASS), 7
/1 " SPACE=(1320, (1000 ,400)) ,DCB=BLKSIZE~1320

//G0.SYSPOUT DD SYSOUT=* L e
//BITSET EXEC PQ4=BTSINS0 ’ Lo
//STEPLIB - DD DSN=SBS .GOULDLIB,DISP=SHR

//SYSVECTR DD DSN=&&VECTORS DISP“(OLD DELETE)

//SYSUTT DD DSN=&&SYSUTH, ONLT-SYSDA , SPACE=(18200,200)
//SYSPLOT DD SYS(I)'IE(B,,PI.UD DESI'*NIIB

%SYSP(IJT DD SYSCUT=*

1217
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An Overview of SENSOR System Programs 323

CREATE STAT

/ /BOOKCRS JOB (D6600217) ,'VF~BOOKCRS' ,TIME=(0,9) ,MSGLEVEL~=(1,0) ,
// USER=SBSO1 ,PASSWORD=?2777?

/*ROUTE PRINT MVS.R8

// EXEC DSUTIL

//SYSIN DD * ,

DELETE DSN=SBS .MEH .BOOK6C.STATS

]/ EXEC FORTGCLG ,PARM.LKED='NOMAP ,NOXREF"

//FORT .SYSPRINT DD DUMMY

THIS PROGRAM MUST BE RUN INITIALLY BEFORE ANY TRAINING SITES
ARE SELECTED FOR AN ARFA. THE PROGRAM WRITE 0'S IN ALL SPACES

THINGS TO SET: ’
COMPUTE THE BIOCKSIZE FROM THE USER'S DOCUMENT.
COMPUTE 1/4 THE BLOCKSIZE (I.E., BLOCKSIZE/4)
PUT THIS VALUE AS THE DIMENSION OF ILINE ARRAY AND THE DATA STATEMENT
FOR ILINE.
PUT THE APPROPRIATE # OF RECORDS IN THE VARIABLE NREC AND IN THE
DEFINE FILE 10(# STATEMENT.
Kk kkkkkkk
DIMENSION ILINE(46)
DATA NCLASS/25/
DATA ILINE/46*%0/

C
C ....NUMBER OF RECORDS IS CALCULATED BY:
c # = (NUMCLS*2) + 2
DEFINE FILE 10(52,184,L,1REC)
NREC=52
DO 100 I=1,NREC
IREO=1
WRITE(10'IREC) ILINE
100 CONTINUE
900 SsTOP
END
//GO.FT10F001 DD DISP=(NEW,CATLG,DELETE) ,UNIT=3330V,
/1l DSN=SBS .MEH . BOOK6C .STATS , SPACE=(184 ,(52) ,RLSE) ,
1/ VOL~=SER=SBS102 , DCB=(RECFM=F ,LRECL~184 , BLKS1 ZE=184)

aoOOO0OnOaOOnO0
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TRAINING

//BOOKTR2 JOB (D6600217) , ' VF-BOOKTR2" , TIME~(,19) ,MSGLEVEL~(1,0) ,
/] USER=SBSO1 ,PASSWORD=?12227

/*ROUTE PRINT MVS.R8

// EXEC FORIGCLG,PARM.LKED="'NOMAP ,NOXREF"

//FORT .SYSPRINT DD DUMMY

//FORT .SYSIN DD *

C TRAINING PROGRAM

C  COMPUTES STATISTICS FOR TRAINING CLASSES

< |

C EACH TRAINING SITE IS SPECIFIED ON A SEPARATE LINE.

C COLIMNS DESCRIPTION

C 1-5  TRAINING CLASS #

C 6-10  BEGINNING ROW OF SITE

C 11-15  ENDING ROW OF SITE

C 16-20  BEGINNING. COLUMN OF SITE

C 21-25  ENDING COLUMN OF SITE

C 26-32  CLASS DESCRIPTION .

c

C MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:

C NOYAX - MAXIMPM # OF COLUMNS OR PIXELS IN A LINE | :

THIS VALUE MUST NOT BE LARGER THAN THE 'LINE.’ ARRAY SIZES.

NEMAX - THE MAXIMUM NUMBER OF BANDS OF DATA WHICH COULD BE USED.
(THIS NUMBER MAY BE LARGER THAN THE ACTUAL NUMBER OF BANDS
IN THE IMAGE FILE, HOWEVER, IT MUST NOT BE LARGER THAN THE
STATISTICS ARRAY SIZES IN MAIN.

NBLK - # OF PIXELS PER LOGICAL RECORD IN IMAGE FILE.

(MUST BE CONSISTENT WITH OTHER PROGRAMS AND IMPORTANTLY
WITH THE ARRAY 'IBYTE' SIZE IN 'RWLINE' SUBROUTINE.

IN ADDITION 10 THE VARIABLES ABOVE THE # OF RECORDS IN THE IMAGE
FILE MUST BE SET IN THE ‘DEFINE FILE 9(#' STATEMENT; ALSO, THE #
F RECORDS AND BLOCKSIZE OF THE TRAINING STATISTICS FILE MUST BE
ET IN THE ‘DEFINE FILE 10(#,#'. '

acaaononoaaonn

o

4

~---> ESSENTIALLY THE ONLY PARAMETER TO RESET INSIDE THE SOURCE CODE
FOR RUNNING WITH DIFFERENT FILES ARE THE # OF RECORDS IN THE
DEFINE FILE STATMENT.

annn q3<1 o

LOGICAL ONITS USED:
5 - USER INPUT ON LINES
6 - LINE PRINTER OR TERMINAL
9 - IMAGE FILE
10 - TRAINING STATISTICS FILE
*************m*************ﬂﬂ*****************m****mﬂ*****
DIMENSION ICLASS(25), IROCOL(25,4), NSAMP(25), RNAMEC(25,4)
& FILTIT(20)
DIMENSION MINC(6), MAXC(6), RMEANC(6), VARC(6), STDC(6),
& COVG(6,6) , CORRC(6,6)
INTEGER*2 LINE!(2100), LINE2(2100), ISTATU(25)
DATA NBLK/100/, NQMAX/2100/, NBMAX/6/, NCIMAX/25/, NOMCLS/0/
DATA ICLASS/25%0/, IROCOL/100%0/
IERR=0
C .
C--w==> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR

gz(ﬁ aoaan

324
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An Overview of SENSOR System Programs 325

C~-~-=> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:

C-~~--=> (INTEGER( (NCOLS/NBLK)-+1) *NROWS) *NBAND + 3
DEFINE FILE 9(4323,100,L,IREC)

C

C----=> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C~-~-=> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:

DEFINE FILE 10(52,184,L IRH}C)

C......READ HEADER RECORD FROM FILE
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTIT,0)
IF(NBAND.GT .NBMAX) GOTO 9000

c

C ....COMPUTE # OF RECORDS PER ROW
NACC=(NCOLS/NBLK) + 1
IREM=MOD(NCOLS , NBLK)
IF(IREM.EQ.0) NACC=NACGH+1

c
C......PRINT PROGRAM BANNER

CALL CREDIT(NROWS ,NCOLS ,NBAND, FILTIT)
c
C

«e««..READ TRAINING CLASS SPECIFICATIONS
CALL READIN(NROWS,NCOLS , ICLASS , IROCOL,NSAMP , RNAMEC ,
& NUMCLS ,NCLMAX , IERR)
IF(IERR.EQ.1) GOTO 9100

C......PERFORM STATISTICS COLLECTION FOR ALL CLASSES
CALL TRAIN(NROWS,NOOLS ,NBAND,NACC,NBLK ,LINE! ,LINE2 ,

& NCMAX , ICLASS , IROCOL,NSAMP ,RNAMEC ,NUMCLS,,
& NCLMAX , ISTATU ,MINC ,MAXC ,RMEANC , VARC , STDC,
& COVC,CORRC, LIERR)
c :
GOTO 9999

C..I..... ERmRtmm [ EE R R ENNNE NN ENEEEEEEANEENEE NN NENS]
9000 WRITE(6,9001) NBANDS ,NBMAX
9001 FORMAT(1X,'*** SORRY, CANMJI C(I*IPUTE STATISTICS BECAUSE '/

& 1x' THERE ARE ' JI12,0 BANDSIN'I‘HEIMAGEFH_.EAND/
& lx,' YOU HAVE THE PROGRAM LIMITS AT *,I12,'
& 1X," INCREASE'IHLSTATSARRAYSANDNBMAXINMAIN')

9100 WRITE(6 9101)
9101 FORMAT(1X,//'**** PROCESSING STOPPED BECAUSE OF PREVIOUS ERRORS' )
9999 STOP
END
mmmmm*n**ﬂ*ﬂm*
SUBROUTINE CREDIT(NROWS ,NCOLS ,NBAND, FILTIT)
mmwmmmmmmmﬂmm
C SIMPLY PRINIS A BANNER ON THE OUTPUT WITH LIMITS OF THE
C IMAGE FILE,
mmm*mmmmﬁmﬂm*mm
DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS ,NCOLS,NBAND
" FDRMAT(IX ,60('**)/
& TRAINING PROGRAM'//
& 1X ,60("*")//

..

1220

OFFK0O7018



326 The SENSOR Digital image Processing Program Appendix A

'..-> PARAMETERS FOR IMAGE FILE:'/
1X,2084//

' NUMBER OF ROWS= ',I5,/

* NUMBER OF COLIMNS=',IS,/

' NUMBER OF BANDS=',I5//)

RETURN

R

END
SUBROUTINE READIN(NROWS ,NCOLS ,1CLASS, IROCOL ,NSAMP ,RNAMEC,
& NUMCLS ,NCLMAX , IERR)
Chedeiek k 3 k 4
C READS THE PARAMETERS SPECIFIED BY: THE USER AND ECHOS THEM OUT.
C IF A CONFLICT IN THE IMAGE FILE AND THE TRAINING SITE 1S IDENTIFIED,
C ‘THE PROGRAM TERMINATES BY SETTING IERR=1.
c
C MAJOR VARIABLES: ;
ICLASS - ARRAY OF CLASS NUMBERS FOR ALL SAMPLES, -
IROCOL - ARRAY OF BEGINNING ROW, ENDING ROW, BEGINNING
COLUMN, AND ENDING COLUMN FOR EACH TRAINING
SITE OF EACH CLASS. ;
C NSAMP - NUMBER OF SAMPLE SITES FOR EACH CLASS. -
ck******************* ’ 3
DIMENSION ICLASS(NCIMAX), IROCOL(NCIMAX,4), NSAMP(NCLMAX) ,
* RNAMEC(NCIMAX ,4)
DIMENSION RNAME(4)

[+ X2 X1X2]

WRITE(6,11)

11 FORMT(1X,"----> READING SAMPLE SITE SPECIFICATIONS °//

& 1X,'  BEGIN END BEGIN BND'/

& | 1X,' CLASS ROW ROW COLUMN  COLUMN NAME' /)
NUM= A

1 READ(S,21 ,ERR=9000,END=100) ICLASS(NUM) , IROCOL(NUM,1),

& TROCOL(NUM,2) , IROCOL(NUM, 3) , IROCOL(NUM,4) ,
& RNAME

21 FORMAT(SIS ,4A4)
DO 22 ICHAR=1,4 :
22  RNAMEC(ICLASS(NUM) ,ICHAR)= RNAME( ICHAR)
DO 25 I=1,2
12=14+2
IF(IRO,(X)L(MM,I) JLT.1 .OR. IROCOL(NIM,I) .GT .NROWS) GOTO 9100
IF(IROCOL(NUM,12) .LT.1 .OR. TROCOL(NUM, I2) .GT.NCOLS) GOTO 9100
25 CONTINUE . _
IF(IROCOL(NUM,1) .GT. IROCOL(NUM,2)) GOTO 9100
IF(IROCOL(NUM,3) .GT. TROCOL(NUM,4)) GOTO 9100
WRITE(6,26) ICLASS(NRM) ,JROCOL(NUM, 1) ,IROGOL(NUM,2) ,
& IROCOL(NUM, 3) , IROCOL(NUM,4) ,RNAME .
26 FORMAT(1X,15,216,4X,16 ,3X,16,5X,40)
NOM=NUMH
G010 1
100 IF(IERR.EQ.1) RETURN
NRM=NUM-1
NUM2=NUM-1
Co.....SORT SAMPLES BY CLASS
DO 150 I=1 ,NUM2
12=1+1

OFFK07019
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DO 140 J=I2 ,NOM
IF(ICLASS(J) .GT.ICLASS(I)) GOTO 140
CALL SHUFFL(ICLASS(I),ICLASS(J))
CALL SHUFFL(IROCOL(I,!),IROCOL(J,1))
CALL SHUFFL(IROCOL(I,2) ,IROCOL(J,2))
CALL SHUFFL(IROCOL(I,3),IROO0L(J,3))
CALL SHUFFL(IROCOL(I,4),IROCOL(J,4))
140 CONTINUE
150 CONTINUE
c
C......COMPUTE NUMBER OF SAMPLES PER CLASS
NUMCLS=0
1B=1
1E=2
C .....INCREMENT TO FIND RANGE OF SAMPLES
210 IF(IE.GT.N) GOTO 220
IF(ICLASS(IE) .NE.ICLASS(IB)) GOTO 220
IE=IEH
GoTO 210
C ....# SAMPLES FOR A CLASS FOUND
220 NUMCLS=NUMCLS+!
NSAMP(NUMCLS)=1E-~1B
IF(NSAMP(NUMCLS) .GT.4) GOTO 9200
IF(IE.GT .NUM) RETURN
IB=IE
1E=IB+1
‘GOTO 210
Ceeeeoaes ERROR MESSAGES veveeevesccsesssssascacsccanss
9000 WRITE(6,9001) ,
9001 FORMAT(1X,/' **** ERROR - PROBLEM READING A SAMPLE; CHECK INPUT')
9002 IFRR=1
GO0 1
9100 WRITE(6,9101) ICLASS(NUM) ,IROCOL(NUM,1) ,IROCOL(NIM,2) ,
& IROCOL(NUM,3) , IROCOL(NUM,4)
9101 FORMAT(1X,15,216,4X,16,3X,16/
& 1X, '¥*%x FRROR - LAST
1ERR=1
Qo101
9200 WRITE(6,9001) NSAMP(NUMCLS), NUMCLS
9201 FORMAT(1X,/' **%* SORRY - NO MORE THAN &4 SAMPLES PER CLASS ARE'/
& ' ALLOWED. YOU ',12," CLASSES'/
& ' SAMPLES FOR CLASS # *,12)
IERR=1
GOTO 210
BND

SAMPLE OUTSIDE OF IMAGE')

ck*************************************m**************** foke ek dek kR kkkk

SUBROUTINE SHUFFL(IVAR!,IVAR2)
Chkiokickickkieedodokk ook ook Rdooonookicck ook oo oo e foecdeos

C SWITCHES TWO ELEMNTS
Chkiokkckidokdok ok ok ookl doccecioacdeiaokdstok ook dedoodoeaceook

IVARH=1VARI
IVAR1=IVAR2
IVAR2=TIVARH

RETURN
L .
g R
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mmmmw*ﬂmummm*ﬂw

SUBROUTINE TRAIN(NROWS,NCOLS,NBAND ,NACG NBLK LINE1 ,LINE2,

& NCMAX , ICLASS , IROCOL , NSAMP , RNAMEC, NUMCLS,
& NCLMAX , ISTATU ,MINC, MAXC, RMEANC, VARC, STIC,
o & ~ OOVC,CORRC, IERR) ,

C COLLECIS THE STATISTICS FOR EACH CLASS AND WRITES THEM
¢ INTO A DIRECT ACCESS FILE .,

c
C IROCOL(1,1) = BEGIN ROW IROCOL(1,2) = END ROW
C IROCOL(1,3) = BEGIN COLUMN IROCOL(1 ,4) = END COLIMN

DOUBLE PRECISION SUMX, SS, SP
INTEGER*2 LINE!(NCQMAX) , LINE2(NCMAX)

C ... NOTE: COVC AND OORRC ARRAYS ARE STORED AS COVC(ROW,COLUMN)
DIMENSION MINC(NBAND), MAXC(NBAND) , RMEANC(NBAND) ,

& VARC(NRAND) , STDC(NBAND), COVC(NBAND,NBAND) ,

& CORRC(NBAND ,NBAND) _

DIMENSION ICLASS(NCIMAX), IROCOL(NCLMAX,4), NSAMP(NCLMAX),
& RNAMEC(NCLMAX ,4)

INTEGER*2 ISTATU(NCLMAX)
c DIMENSION RNAME(4), IOOORD(4,4)

C..eess.READ STATISTICS FILE HEADER
CALL RWSTHE(ISTATU,NCIMAX,0)
c
C......COMPUTE SIMPLE STATISTICS FOR EACH CHANNEL
INDX1=1
DO 500 ICLS=1,NUMCLS
INDX2=INDX1 + NSAMP(ICLS)-1

DO 100 I=1 ,NBAND
MINC(1)=99999
MAXC(I)=-99999
SUMK=0 .
I'TOTPX=0

DO 60 ISAMP=INDX! ,INDK2
1S=ISAMP- INDK1+1
IBR=IROCOL(ISAMP,1)
TER=TROCOL(ISAMP,2)
T1BC=IROCOL(ISAMP,3)
1EC=IROCOL(ISAMP ,4)
ICOORD(IS,1)=IBR
ICOORD(IS ,2)=IER
ICOORD(IS,3)=IBC
TCOORD(IS,4)=1EC - :
I'IOTPX=1TOTPX + ((IER-IBR)+1)*((IEC-IBC)+1)

DO 50 J=IBR,IER ,
CALL RWLINE(9,LINE! ,NCMAX ,NROWS,NACC,J,I,NBLK,0,IERR)
IF(IERR.BQ.1) REIURN
DO 20 IPIX=IBC,IEC
SUMX=SUMX + LINE1 (IPIX)

TF(LINE! (IPIX) .LT MINC(I)) MINC(I)=LINE!(IPIX)
IF(LINE! (IPIX) .GT.MAXC(I)) MAXC(I)=LINE!(IPIX)

1223
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20 CONTINUE
50 CONTINUE
60 CONTINUE
c >
TOTPI2=ITOTPX-1
RMEANC( 1)=SUMX/FLOAT( ITOTPX)
100 CONTINUE

c
Cev....CALCULATE 1ST AND 2ND MOMENTS AND VARIANCE-COVARIANCE
DO 300 I=1,NBAND
SS=0.
DO 200 J=1,1
SP=0.
DO 160 ISAMP=INDX1 ,INDK2
IBR=IROCOL(ISAMP,1)
IER=IROCOL( ISAMP,2)
IBC=IROCOL(ISAMP, 3)
1EC=IROCOL( ISAMP,4)
C »  +...FOR EACH ROW OF THE IMAGE
DO 150 K=IBR,IER
CALL RWLINE(9,LINE! ,NCMAX,NROWS ,NACC,K,I,NBLK,0, ERR)
IF(IERR.BQ.1) REIURN
CALL RWLINE(9,LINE2 NCMAX ,NROWS ,NACC,K,J ,NBLK,0 , IERR)
IF(IERR.BQ.1) REIURN
DO 130 IP=IBC,IEC
SP=SP+(LINE} (IP)-RMEANC(I)) * (LINE2(IP)-RMEANC(J))
CONTINUE

130
IF(1.NE.J) GOTO 150
DO 140 IP=IBC,IEC
SS= SS + (LINE!(IP)-RMEANC(I))**2
140 CONTINUE
150 CONTINUE
160 CONTINUE
IF(1.BQ.J) VARC(I)= SS / TOTPI2
IF(1.5Q.J) STDC(I)= SQRT(VARC(I))
OONC(1,J)= SP / TOTPI2
c
200 CONTINUE
c
Cc +eess FILL UPPER RIGHT OF MATRIX
IF(I.EQ.1) GOTO 300
IE=I-1
DO 280 JC=1,IE
280 COVC(JC, I)=COVC( I ,JC)
c 300  CONTINUE

Ceceeeeo .CALCULATE CORRELATION STATISTICS
DO 400 I=1,NBAND

DO 350 J=1,1
CORRC(L,J)= OOWC(1,J) / (STDC(I)*STDC(J))
350 CONTINUE
400 CONTINUE

c
Ceeeesses .PRINT OUT STATISTICS
DO 410 ICHAR=1,4

329

1224

OFEK07022
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410 RNAME(ICHAR)= RNAMEC(ICLS,ICHAR)
WRITE(6,411) RNAME,ICLS ,NSAMP(ICLS),ITOTPX '
4 FOWGAT('I',/HX,S('-').') STA'I'S FOR ',404," CLASS #',13,
& 12,' SAMPLES ',I8,' PIXELS'//)
CAILPUSTAT(RMEANCS’IIX:VARCDHMMAXCGNCG)RRCNBAND)
C
Ceeveos o WRITE RECORD TO STATS FILE
CALL RWSTAT(RMEANC,VARC ,MINC,MAXC, (XNCRNAMEIC[SNBAND
- NSAMP(ICLS) , ICOORD, I'TOTPX I)
ISTATU(ICLS)=1
INDX1=INDX2+1
500 CONTINUE
Cc
C...... .UPDATE STATISTICS FILE HEADER
CALL RWSTHE(ISTATU,NCIMAX,1)
RETURN
END . e
Wmmmmmmmmmmm
SUBROUTINE PUSTAT(RMEANC,STDC,VARC,MINC,MAXC,COVC,CORRC ,NBAND)
Wﬂﬂ***m*mmmmm
C PRINT THE SUMMARY STATISTICS FOR ALL BANDS OF A TRAINING CLASS
c

C LIMITS: mmlmsmammsmwmmmmsmw

C DATA PER IMAGE FILE. IF YOU WANT MORE, CHANGE ARRAY 'ICOUN',
C ITSDATASTATBM'DIEM&AX'DATASTATDM ANDTHESIS
C AND 8F'S IN THE OUTPUT STATEMENTS,

c****m***mm***********ﬂmm**m*ﬂ*ﬂ*m*mm*mm*m

DIMENSION RMEANC(NBAND), STDC(NBAND), VARC(NBAND),
MINC(NBAND) , MAXC(NBAND) , COVG(NBAND,NBAND) ,

CORRC(NBAND, NBAND)

DIMENSION ICOUN(S)

c DATA ICOWN/1,2,3,4,5,6,7,8/, NOMAX/S/.

LF(NBAND .GT .NOMAX) GOTO 9000
C...cc...PRINT OUT BANNER AND SIMPLE STATS

WRITE(6,101) (ICOUN(J),J=1,NBAND)
101 FORMAT(1X,"' UNIVARIATE STATISTICS'/

e

& 1X,70C"_ ")/
& 1X,' BAND °*,8110)
WRITE(6,111)

111 FORMAT(1X,70('_"))

c
WRITE(6,102) (RMEANC(J) ,J=1 ,NBAND) "
102 FORMAT(1X, 'MEAN ' ,8F10.1)
WRITE(6,103) (STDC(J) ,J=1 ,NBAND)
103 mm(,x.'sm- m.',‘x,amo.Z)
WRITE(6,104) (VARC(J) »J=1 ,NBAND)
104 FORMAT(1X,'VARIANCE ',8F10.1)
WRITE(6,105) (MINC(J), J=1 NBAND)
105 FDRMAT(IX ' MINIMM 8110)
WRITE(6,106) (MAXC(J),J=1,NBAND)
106 FONdAT(lX,'MAXIMM ',8110)
WRITE(6,111)
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C.eooe PRINT OUT COVARIANCE MATRIX
WRITE(6,121)
121 FORMT(1X,////’ VARTANCE-COVARIANCE MATRIX' /1X,70('_"))
WRITE(6,122) (ICOUN(J) ,Je=1 ,NBAND)
122 FORMAT(1X,'BAND' ,8110)
WRITE(6,111)
DO 150 I=1,NBAND
WRITE(6,123) I,(0ONC(I,J),J=1,I)
123  FORMAT(1X,12,4X,8F10.2)
150 CONTINUE
WRITE(6,111)
c

Ceee...PRINT OUT CORRELATION MATRIX

WRITE(6,221) .

221 FORMAT(1X,////' CORRELATION MATRIX'/1X,70('_'))
WRITE(6,222) (ICOUN(J),J=1,NBAND)

222 FORMAT(1X,'BAND' ,8110)
WRITE(6,111)
DO 250 I=1,NBAND

, WRITE(6,223) I,(CORRC(I,J),J=1,I)
223 FORMAT(1X,I2,4X,8F10.2)
250

v

CONTINUE
WRITE(6,111)
RETURN

c

c.'....mmR m.....'........’

9000 WRITE(6,9001) NBAND,NOMAX

9001 FORMAT(1X,'*** SORRY, YOU ARE TRANSGRESSING THE LIMITS OF THE'/

& 1x,* PUSTAT SUBROUTINE BY USING *,12,' BANDS. LIMITS'/
& 1x,' OF ',I2,' BANDS IN EFFECT. MODIFY PUSTAT '/

& 1x,' SUBROUTINE.')

RETURN

END

c!.*tttitiﬁtttt.tii.iitltttﬁ.tﬁtt‘.'.t..‘iﬂ.i.tiﬁ*’t'."*“*

S'IBROUTINE RWSTHE(ISTATI,IRN)
Eittt*tti FAANENAR SR RN R AR RN R NARN AR NDARRAANARR AR AR R r R ARG AN

READS AR WKITES THE HEADEK FROM THE STATISTICS FILE

CRRRr AR AR A A AR A AR AR A ARRA RN ANR R AR I AR AR AR AN PN R R AR AR RN AR,

INTEGER®*2 ISTATU(S,)
IRicﬁil 0.0) READ(1O'IR 1$TAT
{E }gthn!:; wﬁxrelxoleEEé; YSTA u
T INE A A A AN VAR M INE S AXC T COVE JRNAME
L ICLs.Né¥TE.17615i.IRu$ * ’
E*ﬁittiﬁ*t.tt*.iﬁitiiiit l#;;;'*iit*ﬁt’ﬁi*ii'*i‘fiiﬁi.'.tt..

*
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332 The SENSOR Digital Image Processing Program  Appendix A

/*

//GO.FIOSFO01 DD *

70 80 125 132RESIDENTIAL

38 41 159 162COMMERCIAL

50 65 8 9OCOMMERCIAL

152 160 98 10SWETLAND

179 185 34  39FOREST :

160 170 180 190WATER s |

//GO.FIO9FO01 DD DSW=SBS .MEH1 B, BOOK6C .R240C256 ,DISP=SHR, LABEL=( ,’, , IN)
//GO.FT10F001 DD DSN=SBS MEH .BOOKEC . STATS ,DISP=OLD ‘

wmpP W —

N
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PRINTSTATS

//BOOKPS JOB (D6600217), 'VF—BOOKPS' ,TIME=(,19) ,MSGLEVEL~(1,0) ,
// USER=SBSO1,PASSWORD=222777
/*ROUTE PRINT MVS.R8
// EXEC FORTGCLG,PARM,LKED='NOMAP ,NOXREF'
//FORT .SYSPRINT DD DUMMY
//FORT ,SYSIN DD *
QMMWHWMMMWMMMW
C PRINTSTATS PROGRAM
C  PRINTS THE STATISTICS FOR TRAINING CLASSES
C .
C MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:
C NBMAX - mmxmmmmmnmnswmmmxmoouwwusm.
(THIS NUMBER MAY BE LARGER THAN THE ACTUAL NUMBER OF BRANDS
IN THE IMAGE FILE, HOWEVER, IT MUST NOT BE LARGER THAN THE
STATISTICS ARRAY SIZES IN MAIN.
NBLK - # OF PIXELS PER LOGICAL RECORD IN IMAGE FILE.
(MUST BE CONSISTENT WITH OTHER PROGRAMS AND IMPORTANTLY
WITH THE ARRAY 'IBYTE' SIZE IN ’'RWLINE' SUBROUTINE.
NCLMAX- MAXIMM # OF TRAINING CLASSES WHICH MAY BE SELECTED

IN ADDITION TO THE VARIABLES ABOVE THE # OF RECORDS IN THE IMAGE
FILE MUST BE SET IN THE 'DEFINE FILE 9(#' STATEMENT; ALSO, THE #
OF RECORDS AND BLOCKSIZE OF THE TRAINING STATISTICS FILE t-UST BE

C SET IN THE 'DEFINE FILE 10(#,#'.

QOOGC)QOGGOO

(2]

C LOGICAL UNITS USED:
C 6 - LINE PRINTER OR TERMINAL
C 9 - IMAGE FILE
C 10 - TRAINING STATISTICS FILE
Cddkidededodiekkiciclokiokdiokodekodechdoked oo dedeideedok edeedolooiedeede skt dede dededo i kosododon ke
DIMENSION RNAMEC(25,4), FILTIT(20)
DIMENSION MINC(6) , MAXC(G) RMEANC(6) , VARC(6), STDC(6),
& COVC(6 6) (DRRC(G ,6)
INTEGER*2 ISTATU(25)
DATA NBLK/100/, NBMAX/6/, NCLMAX/25/
IERR=0
c
C-----> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
Coemmn > PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
C-~=--> (INTEGER((NCOLS/NBLK)+1) *NROWS) *NBAND + 3
OEFINE FILE 9(4323,100,L,IREC)
c

C~---=> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C-----> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
C-----> # RECS = (NCILMAX * 2) + 2

DEFINE FILE 10(52,184 L, IRECC)
c

C......READ HEADER RECORD FROM FILE
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTIT,0)
IF(NBAND.GT .NBMAX) (XIIO 9000
c
C.........READ HEADER FROM STATS FILE
CALL RWSTHE(ISTATU,NCLMAX,0)
C

C......PRINT PROGRAM BANNER
333
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334 The SENSOR.Digital image Processing Program Appendix A

CALL CREDIT(NROWS,NCOLS ,NBAND,FILTIT)

c T

C......PRINT STATISTICS FOR ALL CLASSES
CMLPSTAT(NBANDNmmmmmcmmANCVARCsmmm
& ISTATU, IERR)
GOTO 9999 -

c ; -

c..‘...lmmR mm .....l.........

9000 WRITE(6,9001)- NBANDS ,NBMAX' - 2

9001 FORMAT(1X,'*** SORRY, CANNOT LIST STATISTICS BECAUSE '/

& X' THERE'ARE ',12,' mnnsmmmmmm'/
& 1x,': YOU HAVE THE PROGRAM LIMITS AT ',12,'
& X' mcmssﬁmmsmmmwmmn)

9999 S'IOP

SUBR(IITINE CRE)IT(NR(NB NCOIS NBAND FILTIT)

C SIMPLY PRINTS A’ BANNER‘(NJM»'W& Wlm LIMITS OF THE
C IMAGE FILE.
Wmmmmmﬂﬂmﬂ**mm
DIMENSIGN ‘FILTIT(20) -
WRITE(6;11) FILTIT,NROWS ; NmIS NBAND
" FORMAT(IX 60('**)/

& PRINT STATISTICS PROGRAM' // \
& 1X,600°*")// ~
& '—--> PARAMETERS FOR IMAGE FILE:'/

& IX , 20847/

& ' NUMBER OF ROWS= ',15,/

& ' NUMBER OF COLUMNS=',IS,/

& ' NUMBER OF BANIB-' 15//)

‘RETURN

END

SUBROUTINE PSTAT(NBAND,NCIMAX ,MINC ,MAXC ,RMEANC ,VARC, STDC,COVC,
& CORRC, ISTATU, IERR) .
C LOOPS 'nmmm.mn szTwmcs oomacmo mﬁ,PRINrS THEM
o ER

C ... NOTE: COVC AND CORRC ARRAYS ARE STORED AS COVC(ROW,COLIMY)
DIMENSION MINC(NBAND) , MAXC(NBAND) , RMEANC(NBAND) , VARC(NBAND),
& STDC(NBAND) , COVC(NBAND ,NBAND) , CORRC(NBAND), NBAND)
DIMENSION RNAME(4), ICOORD(4,4) e
INTEGER*2 ISTATU(NCIMAX)
C
Ceseeuess PRINT OUT STATISTICS
DO 100 IPOS=1,NCIMAX ‘
IF(ISTATU(IPOS) .BQ.0)° GOTO 100
mm(mvmmmmmxmsm
& NSLTE, ICOORD, I'TOTPX , IRW)
WRITE(6,11) RNAME.IPOS ,NSITE,ITOTPX
11 FORMAT('1°,//1%,5('- "1 STATS FOR ',4M,' CLASS #',I3,
& 12, SAMPLES .18, PIXELS'//)
DO 20 I=1.NBAND
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An Overview of SENSOR System Programs

STDC(I)= SQRT(VARC(I))
CONTINUE

20
DO 60 I=1,NBAND
DO 50 J=1,1
CORRC(I,J)= COVC(I,J) / (STDC(I)*SIDC(J))
50 CONTINUE
60  CONTIMIE

CAILPUSTAT(REEANCSTDCVARCMINCMAXC(XNC(I)RRCNBAND)
100  CONTINUE
RETURN
: END ,
koo ok ook ok ok dedocidokdoioleloleecidoleodoookadicoioiodok ook ook ok ki e ko
SUBROUTINE PUSTAT(RMEANC,STDC,VARC,MINC,MAXC,COVC ,CORRC ,NBAND)
Chrdckdokkkick ok dolokdoikiokiookodok il eeiooiokoonici ke ok ook oo ook ok kodok

C PRINT THE SUMMARY STATISTICS FOR ALL BANDS OF A TRAINING CLASS
C
C LIMITS: THE WRITE STATEMENTS ARE SET UP FOR NO MORE THAN 8 BANDSOF

c DATA PER IMAGE FILE. IF YOU WANT MORE, CHANGE ARRAY 'ICOUN',
c ITS DATA STATEMENT, THE 'NOMAX' DATASTATEMENI‘ AND'IHEBIS
C ANDBF'SIN'I'HEOUI'PUIS‘I‘ATE‘MENI‘S.

DIMENSION RMEANC(NBAND) , STDC(NBAND) VARC(NBAND) ,

& MINC(NBAND) , MAXC(NBAND) , COVC(NBAND ,NBAND) ,
& CORRC(NBAND ,NBAND)

DIMENSION ICOUN(8)

DATA ICOUN/1,2,3,4,5,6,7,8/, NOMAX/8/

IF(NBAND.GT .NOMAX) GOTO 9000

c
C..evs...PRINT OUT BANNER AND SIMPLE STATS-
WRITE(6,101) (ICOUN(J) ,J=1,NBAND)
101 FORMAT(1X,'  UNIVARIATE STATISTICS'/
& 1X,70(' ")/
& 1X,' BAND ',8I10)
WRLTE(6,111)
111 FORMAT(1X,70('_"))
c
WRITE(6,102) (RMEANG(J) ,J=1,NBAND)
102 FORMAT(1X,'MEAN  ',8F10.1)
WRITE(6,103) (STDC(J) ,J=1,NBAND)
103 FORMAT(1X,'STD. DEV.',1X,8F10.2)
WRITE(6,104) (VARC(J) ,J=1,NBAND)
104 FORMAT(1X,'VARIANCE ' ,8F10.1)
WRITE(6,105) (MINC(J) ,J=1,NBAND)
105 FORMAT(1X,"MINIMM ' ,8110)
WRITE(6,106) (MAXC(J),J=1,NBAND)
106 FORMAT(1X,'MAXTMM ' ,8110)

WRITE(6,111)

¢ :

C......PRINT OUT COVARIANCE MATRIX
WRITE(6,121)

121 FORMAT(1X,////" VARIANCE-COVARIANCE MATRIX'/1X,70('_"))
WRITE(6, 122) (ICOUN(J) ,J=1 ,NBAND)

122 FORMAT(1X,'BAND' ,8110)
WRITE(G,HI)
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DO 150 I=1 ,NBAND
WRITE(6,123) 1 ((XNC(I,J) »=1,I)
123 FORMAT(1X,12 ld{ ,8F10.2)
150 CONTINUE
WRITE(6,111)
C :

Ceee...PRINT OUT CORRELATION MATRIX
WRITE(6,221)
21 mw:r(lx.////' CORRFLATION MATRIX' /1X,70("_*))
WRITE(6 222) (I00UN(J) ,J=1 ,NBAND)
222 FORMAT(1X,"BAND' ,8110)
WRITE(6,111) fh
DO 250 I=1 ,NBAND :
 WRITE(6 273) 1,(amc(1,.1) .M D
‘ % FORMAT(IX,I2,4X,8F10.2) -

WRITE(6,111)"
C
c......m m‘............-..v

9000 WRITE(6,9001) NBAND,NOMAX

9001 FORMAT(1X, '***sonmr Ywmmmmsnnmx,mrswm'/
& 1x,* msmsmmmmmnn ,I2,' BANDS. LIMITS'/
& 1x.' OF *,12," BANDS IN EFFECT. mDIHPusrA'r'/
& 1x,' SUBR(DTDE)
END

//GO.FIO9F001 DD DSN=SBS.MEHIB. HXXBC R240(?256 DISP=SHR IABE!.F(,,,IN)
//G0.FT10F001 DD DSN-SBS.MFH. m(ﬁc STATS, DISP-SHR IABEZD-(,,. IN) -
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PIPED

//BOOKPP JOB (D6600217,99,99) , *VF-BOOKPP' ,MSGLEVEL=(1,0) ,MSGCLASS=A,
// TIME=(,9) ,PASSWORD=??2?7?? ,USER=SBSO1

/*ROUTE PRINT MVS.R8

/*ROUTE PUNCH RMIS

/*JOBPARM CARDS=9999

// EXEC FORTGCLG ,PARM.LKED="'NCOMAP ,NOXREF'

/ /FORT .SYSPRINT DD DUMMY

C BOOKPP

C PLOTS TRAINING CLASSES AS PARALLELEPIPEDS
c

c

C INPUT DATA LINES:

C COLUMNS VARIABLE DESCRIPTION
c

C..LINE # 1

C 1-4 TYPE CONTROL OF THE NUMBER OF CLASSES TO BE PLOTTED
C 'ALL ' - FOR ALL CLASSE3 IN THE FILE

C » 'USER' - FOR JUST THOSE THE USER SPECIFIES

c 6-10 DEV THE NUMBER OF STANDARD DEVIATIONS FOR PIPEDS
C 16~25 XZROT ROTATION AROUND THE X-AXIS(DEGREES)

C 26-35 YZROT ROTATION AROUND THE Y-AXIS(DEGREES)

C 36-37 I CHANNEL, TO USE AS X-AXIS

C 38-39 1C2 CHANNEL TO USE AS Y-AXIS

C 40-41 1C3 CHANNEL TO USE AS Z-AXIS

c

C..LINE # 2

cC 1-5 NCLASS - THE NUMBER OF CLASSES TO PLOT

C 6-8 - 1ST CLASS TO PLOT

c 9-11 - 2ND CLASS TO PLOT

C12-14 - AND SO ON IN I3 FORMAT

MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:

NEMAX - MAXIMUM # OF BANDS USED BY THE PROGRAM; SHOULD BE >= THE
NUMBER OF BANDS IN THE IMAGE FILE AND BQUAL TO THE ARRAY
SIZES FOR THE STATISTICS IN MAIN.

IN ADDITION TO THE VARIABLES ABOVE THE # OF RECORDS IN THE IMAGE
FILE MUST BE SET IN THE 'OEFINE FILE 9(#' STATEMENT; ALSO, THE #
OF RECORDS AND BLOCKSIZE OF THE TRAINING STATISTICS FILE MUST BE
SET IN THE 'DEFINE FILE 10(#,##'.

cOoOOQaGOQOONn

----> ESSENTIALLY THE ONLY PARAMETER TO RESET INSIDE THE SOURCE CODE
FOR RUNNING WITH DIFFERENT FILES ARE THE # OF RECORDS IN THE
DEFINE FILE STATMENT.

LOGICAL UNITS USED:
6 - LINE PRINTER OR TERMINAL
C 9 - IMAGE FILE '
C 10 - TRAINING STATISTICS FILE
Crickdodok koo ook ok ok ek ek ok ok deececkdeacddiecce oo ook
DIMENSION MINC(6), MAXC(6), RMEANC(6), VARC(6), STDC(6),
& OOvVC(6,6) , CORRC(6,6)

QOQQQ(.‘)O

337
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338 The SENSOR Digital Image Procéssing Program  Appendix A

DIMENSION RMINPP(25,3) RMAXPP(ZS 3) IRBZZUS(ZS)
DIMENSION FILTIT(20) .
INTEGER*2 ISTATU(25), ICLUSE(25)
DATA NEMAX/6/, NCLMAX/25/, ICLUSE/25%0/
c DATA mmuslzs*ol IERR/O/

C......READ HEADER FROM FILES

C-22223 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C----~> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY: -
C-~--~> (INTHER((NCOLS/NBLK)+1)*NROWS) *NBAND + 3

. DEFLNE FLLE 9(4323,100,L, IREC) A

C~----> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C~-~--> PARTICULAR FILE. # OF RECORDS IS CAUMLATE) BY:
C~=~==> # RECS = (NCIMAX *:2) + 2
C-====> 2ND ARGUMENT IS CALCULATED BY:
C BLOCKSIZE =¥k
DEFINE FILE 10(52 ;184 ,L,IRECC)
c
C......READ HEADER REGORD FROM F.[LE
CALL RWHEAD(9.,NROWS;NCOLS ,NBAND, FILTIT,0)
IF(NBAND,GT NE‘IAX) GUID 9000 5

«...READ HEADER FROM STA'I’S FILE
CALL RWSTHE( ISTATU,NCIMAX,0)

Q a0

C......PRINT CREDITS
CALL CREDIT(NRO&B N(I)IS NBAND FILI‘IT)
c

C......READ IN PARAMETERS AND CLASS STATS -
CALL, READIN(ISTATU, ICLUSE ,RMINPP RMAXPP NCLMAX ,NBAND, IREQUS
& RMAX ,PSIZE ,MINC, MAXC, RMEANC VARG, STDC, COVC ,CORRC,
& XZROT ,YZROT, IC1 ,1C2,1C3, IERR)
IF(IERR.EQ.1) GOTO 9999
NTICKS=(RMAX/20.0)+1
RMAX=FLOAT(NTICKS) *20 .0

CALL PLOTS(-60.,-60.,0)

CALL GRAPH(NCLMAX ,NBAND ,XZROT ,YZROT ,NTICKS,RMAX ,RMINPP , RMAXPP,
& PSIZE, ICIUSE,ICl 1(2 103)
CALL Pwr(o.,o.,999)
GOTO 9999

c

c...-...mm ..O...Ql...‘.l.

9000 WRITE(6,9001) NBAND,NBMAX

9001 FORMAT(1X,'*** somzy CANmr COMPUTE PIPEDS BECAUSE THERE'/
& 1X,' ARE ',12,' BANDSIN'IHED‘IAGEFILEANDYUJ'/
& lx,' HAVE THE PROGRAM LIMITS AT ' JI2,° /
& 1X,* msmrsmmsmnmxmmu')

9999 STOP

END

ck*************************,‘k*********************#********.************

~ SUBROUTINE CREDIT(NROWS,NCOLS,NBAND,FILTIT) -
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An Overview of SENSOR System Programs 339

C SIMPLY PRINTS A BANNER ON THE OUTPUT WITH LIMITS OF THE
C IMAGE FILE.
Wmm“mmﬁ**mmm**mm
DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS,NCOLS,NBAND
11 mm(lx 60('*")/
PARALLELEPIPED PROGRAM'//
1X,60('**)//
'——-> PARAMETERS FOR IMAGE FILE:'/
1X,2084//
' NUMBER OF ROWS= ',IS,/
' NUMBER OF COLUMNS=',IS,/
' NUMBER OF BANDS=',I5//)
RETURN
END o
ymx*u*ﬂﬂmmmmﬂm“**mﬁmmmﬂ
SUBROUTINE READIN(ISTATU, ICLUJSE,RMINPP ,RMAXPP ,NCIMAX ,NBAND,
& IREQUS , RMAX , PSTZE ,MINC ,MAXC , RMEANC ,VARC, STIC,
& COVC, CORRC, xzmr YZRO'I‘ ICl ICZ 1C3 IERR)
C***mnm*m**mmm*ﬂm*mmm*
DIMENSION MINC(NBAND), MAXC(NBAND), RMEANC(NBAND),
& VARC(NBAND), COVC(_NBAND,NBAND) , CORRC(NBAND,NBAND) ,
& RNAME(4)
DIMENSION RMINPP(NCLMAX,3), RMAXPP(NCIMAX,3)
DIMENSION RID(20), ICOORD(4,4)
[NTEGER*2 - ISTATU(NCLMAX) , ICLUSE(NCLMAX) , IREQUS(NCLMAX)
DATA RALL/'ALL '/, PIRAD/.01745329/, DEVIAT/1./

READ(5,10) TYPE,DEV,XZROT,YZROT,IC!,IC2,1C3,PSIZE
10 FORMAT (A4,1X,3F5.0,312,F5.0)
IF(PSIZE.LE.0.) PSIZE=6.0

PR R

WRITE(6,1) TYPE,DEV,XZROT,YZKH‘,ICI ,1C2,1C3
1 FORMAT(1X,'---> INPUT PARAME‘I'ERS '/
& 1X, " SELECTION TYPE= ' ,A4/1X,'STD. DEV=' F5.1/
& 1X,'X ROTATION=',F5.1/1X,'Y ROTATION=',F5.1/
& IX,'BANIB TO USE St ,313)
C
Ceoeso.CONVERT TO RADIANS
XZROT=~(XZROT*PIRAD)
YZROT=-(YZROT*PIRAD)
IF(DEV.GT.0.) DEVIAT=DEV
IF(TYPE.EQ.RALL) GOTO 70
CuvsesoIF USER DOESN'T WANT ALL CLASSES, READ SUBSET

c
READ(5,11) NCLASS, (IRBQUS(J) ,J=1,NCLASS)
11 FORMAT(I2,2012)
IF(NCLASS.LT.1 .OR. NCLASS.GT.NCLMAX) GOTO 9000
WRITE(6,12) NCLASS,(IREQUS(J) ,J=1,NCLASS)
12 FORMAT(1X,'# OF CLASSES TO PLOT=',12/
& 1X,'CLASSES = ',201I3)
Ce.....CREATE ARRAY CONTAINING PIPEDS TO PLOT
DO 50 I=1,NCIMAX
ICLS=IREQUS(I)
IF(ICLS.LT.1 .OR. ICLS.GT.NCIMAX) GOTO 9100

—d
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IF(ISTATU(ICLS) .BQ.0) GOTO 9200
ICLUSE(ICLS)=1
50 CONTINUE
GOTO 100
c
70 DO 80 I=1,NCLMAX
ICLUSE(I)=ISTATU(L)
. 80  CONTINUE

C......FOR EACH CLASS TO USE, GET THE STATISTICS
100 RMAX=-999
C
WRITE(6,51)
51 FORMAT(1X,//1X,8X," - X AXIS -',3X,"' - YAXIS-',
& 1X,' -ZMI1s-'/
& 1X,'CLASS' ,3X,3(' MIN MAX',30))-

. DO 200 Ie=1,NCIMAX
ICLS=I .
IF(ICLUSE(ICLS) .EQ.0) GOTO 200
CALL RWSTAT(RMEANC,VARC,MINC;MAXC,COVC,RNAME, ICLS ,NBAND,
& NSAMP;, TCOORD, ITOTPX,0)
RMINPP(I,1)= RMEANC(IC1) - (SQRT(VARC(ICI))*DEVIAT)
RMINPP(I,2)= RMEANC(IC2) - (SQRT(VARC(IC2))*DEVIAT)
RMINPP(1,3)= RMEANC(IC3) - (SQRT(VARC(IC3))*DEVIAT)
RMAXPP(T,1)= RMEANC(ICI) + (SQRT(VARC(IC1))*DEVIAT)
RMAXPP(I,2)= RMEANC(IC2) + (SQRT(VARC(IC2))*DEVIAT)-
RMAXPP(I,3)= RMEANC(IC3) + (SQRT(VARC(IC3))*DEVIAT)

c ««+.CHECK TO BE SURE STATS ARE IN BOUNDS; ALSO FIND THE MAXIMM
DO 150 F=1,3

IF(RMINPP(I,J) .LT.0) RMINPP(I,J)=0.

IF(RMAXPP(1,J) .GT'.255.) RMAXPP(I,J)=255.

IF(RMAXPP(1,J) (GT .RMAX) RMAX=RMAXPP(I,J)

CONTINUE C

150 » )
WRITE(6,151) I,(RMINPP(I,J) ,RMAXPP(I,J),¥=1,3)

151 FORMAT(1X,13,4X,3(2F7.2,20)

200 CONTINUE
c

RETURN

C
Cecees ERROR MESSAGES.seeeese

9000 WRITE(6,9001) NCLASS

9001 FORMAT(1X,'*** SORRY YOU REQUESTED ',I3,' CLASSES TO BE '/

& 1x,' PLOTTED. THE MAXIMUM # OF CLASSES WHICH'/
& 1x,’ MAY BE PLOTTED IS *',I2,' INCREASE STATS'/
& 1X,"' ARRAY SIZES.')

1ERR=1

RETURN
9100 WRITE(6,9101) ICLS . ‘
9101 FORMAT(1X,'*** ERROR YOU SPECIFIED AND ILLEGAL CLASS ¢.'/
& 1X,’ THE ILLEGAL CLASS WAS ',12)
TERR=1 o
RETURN
9200 WRITE(6,9201) ICLS

Sss——— s—
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9201 FORMAT(1X,'*** FRROR YOU SPECIFIED A CLASS WHICH DID NOT'/

& 1X,' HAVE STATISTICS GENERATED FOR IT.'/
& 1X,' THE NON EXISTING CLASS IS ',I2)
IERR=1
RETURN
END

wmmmmmﬂmm*mmmmmm

SUBROUTINE GRAPH(NCIMAX ,NBAND ,XZROT ,YZROT ,NTICKS ,RMAX ,RMINPP,

& RMAXPP, PSIZE, ICLUSE, IC1 ,1C2,1C3)
m*mmmmwmmmﬂm*mmﬂ
C ACITUALLY DIRECTS THE PLOTTER TO CONSTRUCT THE INDIVIDUAL PIPEDS
C AND DRAW AND LABEL THE AXES,
mﬂumm*mmmm*mmmmmm

DIMENSION RMINPP(NCIMAX,3), RMAXPP(NCLMAX,3)

DIMENSION Q4(3,3)

DIMENSION X(8),Y(8),Z(8) ,XPP(8) ,YPP(8)

DIMENSION XT1(56),YT1(56),ZT1(56), XT2(56),YT2(56),ZT2(56)

DIMENSION XTICKI{56), YTICKI(56), XTICK2(56), YTICK2(56)
C.....A,B,C HOLD ORIGINAL COORD. OF LEFT HANDED COORD. SYSTEM
C.....A2,B2,C2 HOLD TRANSFORMED COORDINATES.

DIMENSION A(4),B(4),C(4),A2(4) ,B2(4) ,C2(4)

INTEGER*2 ICLUSE(NCIMAX)

DATA A/4*0./, B/4*0./, C/4*0./

c
CALL PLOT(3.,2.,~3)
FACT=PSIZE/RMAX
CALL FACTOR(FACT)
CSIZE=.1/FACT

c CSI1ZE2=.15/FACT

Ceeo.oW IS 2 PI RADIANS OR 360 DEGREES.
C.....P IS A COUNTER USED FOR LABELING PARALLELEPIPEDS 1,2,ETC.

RLDASH=.09/FACT
RLSPAC=.07/FACT
W=6.2832
P=1.0
c
Cocenes M(3,3)HOLDS THE CONCATENATION OF MATRIX TRANSFORMATIONS

Cevees.A AND B (REFER TO TEXT) . ELEMENTS OF MATRIX QM ARE THEN
C......APPLIED TO TRANSFORM THE ORIGINAL COODINATES X,Y,Z OF
..... .EACH PARALLELEPIPED.

M(1,1)=C0S(YZROT)

M(1,2)=SIN(W-YZROT) *SIN(XZROT)

CM(1,3)=SIN(W-YZROT)*COS(XZROT)

™M(2,1)=0.0 :

M(2,2)=C0S(XZROT)

Q4(2,3)=SIN(W-XZROT)

M(3,1)=SIN(YZROT)

M(3,2)=C0S(YZROT) *SIN(XZROT)
c M(3,3)=C0S(YZROT) *COS(XZROT)
C.evnn. USING UPPER AND LOWER THRESHOLD COORD. FOR FACH CHANNEL,
Coeerns COMPUTE ORIGINAL X,Y,Z COORD. EDR'I‘HESG)RNERS
C......THIS IS DONE FOR EACH CLASS.

DO 900 J=1,NCLMAX
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~ IF(ICLUSE(J) .BQ.0) Go'm 900
X(1)=RMINPP(J,1)
Y(1)=RMINPP(J ,2)
Z(1 )=RMINPP(J,3)
X(2)=RMINPP(J,1)
Y(2)=RMAXPP(J,2)
Z(2)=RMINPP(J,3)
X(3)=RMAXPP(J,1)
Y(3)=RMAXPP(J,2)
Z(3)=RMINPP(J,3)
X(4)=RMAXPP(J,1)
Y(4)=RMINPP(J,2)
Z(4)=RMINPP(J,3)
X(5)=RMINPP(J,1)
Y(5)=RMINPP(J,2)
2(5)=RMAXPP(J,3)
X(6)=RMINPP(J,1)
Y(6)=RMAXPP(J,2)
2(6)=RMAXPP(J;,3)
X(7)-=mAxpp(J,1)
Y(7)=RMAXPP(J ,2)
Z(7)=RMAXPP(J,3)
X(8)=RMAXPP(J,1)
Y(8)=RMINPP(J,2)
Z(8)=RMAXPP(J,3)

Coveeen TAKE ORIGINAL X,Y,Z COORDINATES, APPLY CM TRANSFORMATION,

Cevvene SIORE NEW VALUES IN XPP,YPP ,

DO 120 1=1,8
X.PP(I)=X(I)*CM(1 ,DHY(D*M(1,2)+Z(1)*aM(1,3)
YPP(I)=X(I)*M(2, 1)+Y(I)*Q‘I(2 »2)+Z(I)*CM(2,3)
CONTENUE

Ceeense FIND CENTER OF PARALLELEPIPED AND LABEL IT .. 1,2,EIC.
RI=FLOAT(J)
X2=XPP(1) + (ABS(XPP(1)-XPP(4))/2.0)
Y2=YPP(1) + (ABS(YPP(1)-YPP(2))/2.0)
CALL NUMBER(X2,Y2,CSIZE,RJ,0.0,-1)

c
c- - ' -

Ciaense DRAW FRONT OF PARALLELEPIPED USING SOLID LINE.
CALL PLOT(XPP(1),YPP(1),3)
DO 150 I=2,4

CALL PH)'I‘(XPP(I) ,YPP(I) 2)

CONTINUE

CALL PLOT(XPP(1),YPP(1),2)

Ceeeuen DRAW BACK OF PARALLELEPIPED USING DASHED LINE
DO 160 I=1,3
IND=4+1
IND2=IND+1
CALL DASHM(XPP(IND) ,YPP(IND) XPP(INDZ) YPP(INDZ),

160 CONTINUE
CALL DASHM(XPP(8) ,YPP(8) XPP(S) ,YPP(5) ,RLDASH, RLSPAC)

RLDASH RLSPAC)
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Cc
Ceveee . CONNECT REMAINDER OF PARALLELEPIPED CORNERS.
DO 168 I=1,4
INDX=pt-1
CALL DASHM(XPP(I) ,YPP(I) ,XPP(INDX) ,YPP(INIX) ,RLDASH,RLSPAC)
168 CONTINUE

900 CONTINUE
C
G -
Ceve...SET LENGTH OF ALL AXES TO MAXIMIM VALUE OF PIPEDS
A(2)=RMAX
B(3)=RMAX
C(4)=RMAX
CeeessoSET TICK MARK LOCATIONS
RVAI=0.
DO 20 I=1,NTICKS
RVAL=RVAL+20 .
XT1(I)=RVAL
YT1 ( T4+NTLCKS)=RVAL
ZT1 (1+2*NTICKS)=RVAL
XT2(1)=RVAL
XT2(THNTICKS)=2.
YT2 (I+NT1CKS)=RVAL
YT2(I)=2,
Y2 (I+2*NTICKS)=2.
20 ZT2(1+2*NTICKS)=RVAL

C
Ceeo...COMPUTE TRANSFORM COORDINATES OF TICK MARKS.,

DO 130 I=1,NUM C
XTICK1 (I)=XT1 ()*QM4(1,1)+YT1 (D *CM(1,2)+ZT1 (1) *CM(1 ,3)
YTICK! (I)=XT1 (1)*CM(2,1)+YT1 (I)*Q4(2,2)+ZT1 (1) *QM(2,3)
XTICK2(I)=XT2(1)*CM(1,1)+YT2(1)*M(1,2)+ZT2(1)*QM(1 ,3)
YTICK2(I)=XT2(I)*M(2,1)+YT2(I)*Q4(2,2)+ZT2(1)*Q4(2,3)

130 CONTINUE
c
Cooenns OOMPUTE TRANSFORM COORDINATES OF AXES.

DO 140 I=1 .4
A2(T)=A(T)*M(1,1)+B(I)*M(1,2)+C(D)*M(1,3)
B2(1)=A(1)*CM(2,1)+B(I)*CM(2,2)+C(I)*M4(2,3)
C2(1)=A(T)*Q4(3,1)+B(1)*QM(3,2)+C(1)*(3,3)

140 CONTINUE
c
C. LY XX IDRM AXES X .

CALL DASHM(A2(1) ,B2(1) ,A2(4) ,B2(4) ,RLDASH,RLSPAC)

CALL PLOT(A2(1),B2(1),3)

CALL PLOT(A2(2) ,B2(2),2)

CALL PLOT(A2(1),B2(1),3)

CALL PLOT(A2(3),B2(3),2)

c

C......DRAW TICK MARKS
NUM=NTICKS*3
DO 170 I=1,N0M

CALL PLOT(XTICK1(I),YTICKI(I),3)
CALL PLOT(XTICK2(I),YTICK2(I),2)

e ——
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170 CONTINUE
Q=0.0
c

C.e.. .ANNOTATE AXES TICK MARKS WITH REFLECTANCE VALUES. .2,4,EIC.
DO 180 I=1,NTICKS

Q=Q+20.0
IF(Q.LT.10.) XOFFX=CSIZE/2.
IF(Q.LT.10.) XOFFY=CSIZE + (CSIZE*.5)
IF(Q.GT.10. .AND. Q.LT.100.) XOFFX=CSIZE
IF(Q.GT.10. .AND. Q.LT.100,) XOFFY=2.*CSIZE + (CSIZE* .5)
IF(Q.GE.100.) XOFFX=CSIZE*1.5
1F(Q.GE.100.) XOFFY=3,*CSIZE + (CSIZE*.5) _
CALL NUMBER(XTICK1(I)-XOFFX,YTICK1(I)-(CSIZE*2.) ,CSIZE,

& Q ,0 .0 .“1 ) - .
CALL NUMBER(XTICK! (I+NTICKS)-XOFFY ,YTICK! ( I+NT' 1CKS) -(CSIZE*.5),
& CSIZE,Q,0.0,-1) ' '
180 CONTINUE

C
C......OOMPUTE X-AXIS LABEL LOCATION

AA=((A2(2)-A2(1))/2.) - (CSIZE2*3.)

BB=( (B2(2)-B2(1))/2.) -~ (CSIZE2*4.)

CALL, SYMBOL(AA,BB,CSIZE2,'BAND ',0.0,5)

CALL NUMBER(AA+(CSIZE2*5.),BB,CSIZE2 ,FLOAT(IC1),0.,-1)
Cesess.OOMPUTE Y-AXIS LABEL LOCATION

Ad=((82(3)-A2(1))/2.) -(CSIZE2*6.)

BB=( (B2(3)-B2(1))/2.)

CALL SYMBOL(AA,BB,CSIZE2,'BAND ',90.0,5) ‘

CALL NUMBER(AA,BB+(CSIZE2*5.) ,CSIZE2 ,FLOAT(IC2),90.,-1)
c
Ceveea PLOT Z-AXIS LABEL

XOFF=CSIZE2*8 .,

At=A2(1)

BB=B2(1)-CSIZE2*6 ,

CALL SYMBOL(AA,BB;CSIZE2,'ZAXIS: BAND ',0.,12)

CALL NUMBER(AA+(CSIZEZ*12.),BB,CSIZE2,FLOAT(1C3),0.,~1)

RETURN
END _
Chcdikok ik ok oo ookkookaok e ook oeacedoddcaoedeociooaocoaooaoaokoodeook

SUBROUTINE DASHM(X1,Y1,X2,Y2,RLDASH,RLSPAC)
c

@m*ﬂmmmwmmmmmm )

DRAWS A DASHED LINE CONNECTING TWO POINTS. THE ALGORITHM INVOLVES
THE COMPUTATION OF FACH DASH AND SPACE LOCATION VIA SIMILAR
TRIANGLES,

C

MAJOR VARTABLES:

X1,Y1 - BEGINNING POINT OF LINE

X2,Y2 - ENDING POINT OF LINE

RLDASH - LENGTH OF EACH DASH(IN INCHES)

RLSPAC - LENGTH OF EACH SPACE(IN INCHES)
Wﬂ%ﬁ%%ﬁ%mmmmm
DIST=SQRT((X1-X2)**2 + (Y1-Y2)**2)

1F(DIST.LE.0.) RETURN

AC=(Y2-Y1) /DIST

aoooOoOoaOoon

0 U
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BC=(X2-X1) /DIST

X3=X1

3=Y1

TLEN=0 .0

GALL PIOT(X3,Y3,3)
TLEN=TLEN+RLDASH

IF(TLEN.GE.DIST) GO TO 200
Ceveee.COMPUTE 'DASH' LOCATION

Yip< (TLEN*AC)+Y1

X4=(TLEN*BC)+X1

CALL PLOT(X6,Y4,2)

TLEN=TLEN+RLSPAC

IF(TLEN. GE.DIST) GO TO 300
Ceeeos. .COMPUTE 'SPACE' LOCATON

Yi=(TLEN*AC)+Y1

X4=(TLEN*BC)+X1

CALL PLOT(X4,Y4,3)

GO T0 i

1

c

200 CALL PLOT(X2,Y2,2)

300 RETURN

END

/ /LKED.SYSLIB DD DSN=SBS .GOULDLIB,DISP=SHR,VOL~SER=,UNIT=
// DD DSN-FORT.FORTLIB,DISP=SHR
// DD DSN=ACAD.SUBLIB,DISP=SHR
//G0.FIOSFO01 DD *
AL  1.030.0600456 6.
//GO.FIO9F001 DD DSN=SBS .MEH! B.BOOR6C.R240C256 ,DISP=SHR , LABEL=( , , ,IN)
//GO.FTIOFO01 DD DSN-SBS MEH . BOOK6C . STATS , DISP=SHR, LABEL=( , , ,IN)
//GO.SYSVECTR DD DSN=55VECTORS,UNIT=SYSDA, DISP=(MOD ,PASS) ,
/I SPACE~(1320,(500,200)) ,DCB=BLXSIZE~1320
//GO.SYSPOUT DD SYSOUD=*
/ /BITSET EXEC PG4=BISTNSO
//STEPLIB DD DSN=SBS.GOULDLIB,DISP=SHR
//SYSVECTR DD DSN=G&VECTORS ,DISP=(OLD,DELETE)
//SYSUT! DD DSN=&&SYSUT? ,UNIT-=SYSDA,SPACE=(18200,200)
//SYSPLOT DD SYSOUT=(B, ,PLOT) ,DEST-NIR8
%sarsrwr DD SYSOUTw*

345

1240

OFEKO07038



/ /BOOKDL JOB (D6600217) ,' VF-BOOKDL' ,TIME=( ,9) ,MSGLEVEL~(1,0),

// USER=SBSO1 PASSWRD-??????

/*ROUTE PRINT "MVS B8

// EXEC FORTGCLG ,PARM.LKED="'NOMAP NOXREF"

/ /FORT .SYSPRINT DD DUMMY

//FORT .SYSIN DD *
W*Wwﬁmmﬁmm*ﬁm
C DIVERGENCE PROGRAM

C COMPUTES DIVERGENCE S'I‘KI'ISHCS FOR GLASS AND (HAIWEL (INBINATI(NS

C MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMI'I.’S

C NBMAX - MAXIMM # OF BANDS USED BY THE PROGRAM;' SH(I!XDBE)BTHE
NLMBEROFBANDSINIHEIIMEFILEWE}UALNTHEARRAY

SIZPBFORTHESI’KI‘ISI‘I(SINW) :

INADDITIQGTOIHEVARIABLESAKNEIHE#OFRE(DRDSIN'MEIMAGE
FILE MUST BE SET IN THE 'DEFINE FILE 9(#' ‘STATEMENT;: ALSO, THE #
OF RECORDS AND BLOCKSIZE OF THE TRAINING STATISTICS FILENUSI' BE
SET IN THE 'OEFINE FILE 10(#,##'.

£T

LOGICAL UNITS USED:

5 - USER INPUT PARAMETERS

6 - LINE PRINTER oa“'rmmm.

9 - IMAGE FILE

10 - TRAINING srmsrrcs FILE

M*mmmmﬂmmm**m**mw“m
DIMENSION RNAMEC(25,4), RMNALL(25,6), ROOVC(25,66)
DIMENSION-MINC(6),’ MAXC(BY, RMEANG(G) vam(s) ‘SM(G) )

& ~ii.. COVC(6.6); CORRC(6,6).: - 3
DIMENSION: TBACOM(25 ;5), ICLGCM(ZS 2), mmn(e)
DIMENSION U1(6;6). UZ(6 6) ,UH1(6 6) uuz(a 6) UlB(6 6) UM(6 6) R

& UH(6.,6) ’
DIMENSION RMI(6) ,RM2(6) ,RMH1 (6) RMI2(6)
DIMENSION ICLASS(25) ,IBANI(6), m.nr(zo)
DIMENSION RDIV(2S);: m:nw(zs)

INTEGER*2' ISTATU(25)

II)A'I‘A NBLK/100/, NRMAX/6/, Ncmwzs/

oo oannn

[

c
G
C----=> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C-----> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
Commmm > (INI'I‘I;ER((NCOLS/NBU()H)*NROWS)*NBAND +3
DEFINE FILE 9(4323,100,L,IREC)
c

C-----) 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
G > PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
Cem-==> # RECS = (NCIMAX * 2) + 2

C-----> LOKK UP 2ND ARGIMENT IN USER'S MANUAL.

c DEFINE FILE 10(52,184 ,L,IRECC)

Cu.....READ HEADER RECORD FROM FILE
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTIT,0)
1F(NBAND.GT. NBMAX) GoT0 9000

346
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c
C..ee.. READ STATISTICS FILE HEADER
CALL RWSTHE(ISTATU ,NCIMAX,0)

c .

C......PRINT PROGRAM BANNER
CALL CREDIT(NROWS ,NCOLS NBAND,FILTIT)

c

Ce.....READ TYPE OF CLASSIFICATION TO PERFORM
CALL READIN(ICLASS ,IBAND,NCLASS NCLMAX NBMAX NBAND NBUSE,

& NBPC, IERR)

IF(IERR.EQ.1) GOTO 9999

C......READ TRAINING CLASS STATISTICS
CALL ALLSTA(MINC,MAXC ,RMEANC ,VARC,STDC ,OOVC,CORRC,
& RMNALL, ROOVC , RNAMEC , ISTATU ,NCLMAX , NBAND , NBMAX)
WRITE(6,2)
2 FORMAT(1X,//'--> STATISTICS READ') :
Cee....PERFORM CLASSIFICATON FOR SUBIMAGE
CALL DIVSET(RMNALL,RCOVC,RNAMEC , IBAND, ICLASS ,NCLASS ,NBAND,

& Ut ,U2,UH1 ,UH2 ,UH3 U4 ,UH,RMI ,RM2 ,RMH1 ,RMH2,
& RDIV,RTDIV , IBACOM, ICLCOM, LBAND ,NCIMAX
& NBUSE,NBPC ,CTYPE)

GOTO 9999

c

CD......ERmRm [P EERENENE RN R N J

9000 WRITE(6,9001) NBANDS,NBMAX :

9001 FORMAT(1X,'*** SORRY, CANNOT COMPUTE DIVERGENCES BECAUSE '/
& 1X,' THERE ARE ‘',I2,' BANDS IN THE IMAGE FILE AND'/
& 1x,' YOU HAVE THE PROGRAM LIMITS AT ',I12,°.'
& 1X,' INCREASE THE STATS ARRAYS AND NBMAX IN MAIN.')

9999 STOP

END
oo clkciook oo ek o ok e ook deokoec e Aok ok
SUBROUTINE READIN( ICLASS ,IBAND ,NCLASS ,NCLMAX ,NBMAX ,NBAND ,NBUSE,
& NBPC,1ERR)
Gtk Sk Ak e Ade el el e e et dedede e deedede ek
C INPUTS THE PARAMETERS TO CONTROL THE CLASSIFICATION
ook ook ok iAok e Solokaok ke e el dedolokdedecde e etk e ek
DIMENSION ICLASS(NCLMAX) ,IBAND(NBMAX)
Cc
C .....INPUT # OF BANDS
READ(5,12) NBUSE,NBPC,(IBAND(J) ,J=1 ,NBUSE)
12 FORMAT(212,612)
IF(NBUSE .GT .NRAND) GOTO 9000
1F(NBPC.GT .NBUSE) GOTO 9010
C «....INPUT CLASSES TO USE
NCLASS=1 '
20 READ(5,21,END=100) ICLASS(NCLASS)
21 FORMAT(12)
NCLASS=NCLASS+1
GOTO 20
c
100 NCLASS=NCLASS-1
WRITE(6,101) NBUSE,NBPC, (IBAND(J) ,J=1,NBUSE)
101 FORMAT(1X,'# OF BANDS=',I2,' # BANDS PER COMBINATION=',I2/
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& 1X,' BANDS= ',812)
WRITE(6 102) NCLASS (IC[ASS(J) J=1 Ncuss)
102 mRm'r(lx '# OF CLASSES=',
& 1X," CLASSES=' 2013/1x 2013/1x 1013)
c RETURN
Coceee . ERROR MESSAGES cceooces
9000 WRITE(6,9001) NBUSE,NBAND
9001 mmwr(lx Vikk ERRDR** I3, mnnsmumm ONLY ',I3,
& 'BANDS AVAILABLE'/)
IERR=1
RETURN
9010 WRITE(6,9011) NBPC,NBUSE
9011 mRMAT(IX ik Emm** ',I3,' BANDS PER ‘COMBINATION.',13,
& *BANDS AVAILABLE'/)
TERR=1
RETURN
END
Wmmmmmmmmt*m
SUBROUTINE ALLSTA(MINC,MAXC, RMEANC, VARC, STDC,00VC, CORRC,
& RMNALL, Rcovc mwmc ISTATU NCLMAX NBAND ,NBMAX)
Wﬂﬁwﬂ*ﬂm&m&mmm
C ... NOTE: COVC AND CORRC ARRAYS ARE STORED AS COVC(ROW,COLUMN)
DIMENSION MINC(NBAND) , MAXC(NBAND), RMEANC(NBAND), VARC(NBAND),

& STDC(NBAND) , COVC(NBAND,NBAND), CORRC(NBAND,NBAND)
DIMENSION RNAMEC(NCIMAX,4), RDNAI.L(NGDW{ ,NBMAX) ,
& RCOVC(NCEMAX , NBMAX ,NBMAX)

DIMENSION RNAME(4) , I(ﬂ)RD(lo 4)
INTEGER*2 ISTATU(NC[MAX)

(]

Cee....REIRIEVE STATS FOR EACH CLASS
C......COMPUTE SIMPLE STATISTICS FOR EACH CHANNEL
DO 100 ICLS=1,NCIMAX
IF(ISTATU(ICLS) .EQ.0) GOTO 100
Ceveeees READ RECORD TO STATS FILE |
CALL RWSTAT(RMEANC,VARC,MINC,MAXC, COVC,RNAME, ICLS ,NBAND ,NSITE,
¢ & 1COORD, LTOTEX, IRW)

C ¢.cee..SAVE STATS IN ARRAYS
DO 20 IBA~1 ,NBAND
RbNAIL(ICIS IBA)= RMEANC(IBA)
DO 10 JBA=1 ,NBAND
10 RCOVC(ICLS IBA,JBA)= COVC(IBA,JBA)
20 CONTINUE
C ......I.SAVEMSW
DO 50 ICR=1,4
50 RNAMEC(ICLS,ICR)= RNAME(ICR)
100  CONTINUE
c

RETURN
END
Chdkddek kool dedededededodokodededededeie e dok dedededod ettt gt dedededede e de e ek R e e
SUBROUTINE DIVSET(RMNALL,RCOVC,RNAMEC, IBAND, ICLASS ,NCLASS ,NBAND,
& 01,02 ,UHt UHZ ,UH3 UHI; UH, RMI ,R2, RV JRH2,
& n RDIV RI‘DIV IBA(XM ICIQM LBAND NCIMAX
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& NBUSE, NBPC, CTYPE) .
Gk kickickik ok dodododck ddckokkiok koo k ki k ki kokcdkdokodocde ke koiok ook ke kb dekodok dekdok ok doiekde
C MINIMM DISTANCE CLASSIFIER
mmmmmmmmmmm

DIMENSION RNAMEC(NCLMAX ,NBAND), RMNALL(NCLMAX ,NBAND)
RCOVC(NCLMAX ,NBAND , NRAND)
DIMENSION ICLASS(NCLMAX), IRAND(NBAND), TBACOM(NCIMAX,S),
ICLOOM(NCLMAX,2),, LBAND(NBPC)
DIMENSION U1 (NBPC,NEPC) ,U2(NBEC ,NEPC) ,UH1 (NBEC,NBPC) ,
UH2(NBPC,,NBPC) ,UH3 (NBEC,NBEC) , UHA (NBBC ,NEEC) ,
UH(NBEC NBEC)
DIMENSION RM (NBPC) ,RM2(NEPC) , RMH1 (NBPC) , RMH2 (NBPC)
¢ DIMENSION RDIV(NGLMAY),, RIDIV(NCLMAX)

Ceeeeo .COMPUTE POSSIBLE COMBINATIONS OF BANDS

CALL OOMBO(NBUSE,NBPC ,NCIMAX ,NBOOM,1BAND, IBAOCHM)
C......COMPUTE POSSIBLE COMBINATIONS OF CLASSES
c CALL COMBO(NCLASS,2 ,NCIMAX ,NCOOM, ICLASS , ICLOOM)

C .....NOW, LET'S COMPUTE THE DIVERGENCE STATS.
CALL DIVERG(RMNALL,RCOVC,RNAMEC , IBAND,LBAND, ICLASS ,NCLASS

@

en

& NCILMAX ,NBAND ,NBUSE ,NBPC,CTYPE,U1 ,U2 ,UH1 ,UH2,
& mBlH%UHMR!QM{IWRDIVRTDIVIW
& ICIE(HNB(XMN(XXM)

C
RETURN
END

A Ided Ik Ak I A A A KA A A H K KA I I KA Iedede e e e dededede e Fededede e ded de e e Sk e dededee
SUBROUTINE DIVERG(RMNALL,ROOVC,RNAMEC ,I1BAND,LBAND, ICLASS ,NCLASS,
& NCLMAX ,NBAND ,NBUSE ,NBPC ,CTYPE,U1 ,U2 ,UH1 ,UH2,
& UH3 ,UH4 ,UH, RMI ,RM2 ,RMHT ,RMH2,RDIV ,RTDIV, IBAOOM,
& ICLCOM,NBCOM,NCCOM)
Crddedoeicdcooh ek de ke ke okt e et ool ol et de gkt dede ok e dedolledck de e de
C COMPUTES THE DIVERGENCE STATISTICS
CIkdedcdck kool Kk ik ek Aol o il et i fedeie dedesedededeicdode dededededededede ek dedede
DIMENSION RNAMEC(NCLMAX ,NBAND) , RMNALL(NCLMAX,NBAND) ,
RCOVC(NCIMAX ,NBAND ,NBAND)
DIMENSION ICLASS(NCLASS) ,IBAND(NBUSE), LBAND(NBPC),
TBACOM(NCIMAX,5) , ICLCOM(NCIMAX,2)
DIMENSION U1 (NBPC,NBPC) ,U2(NBPC,NBPC) ,UH1 (NBPC,NBPC) ,
UH2 (NBPC ,NBPC) ,UH3 (NBPC ,NBPC) , UH4(NBPC ,NBFC) ,
UH(NBPC ,NBPC)
DIMENSION RMI (NBPC) ,RM2(NBPC) , RMH1 (NBPC) , RMQ(NBPC)
DIMENSION RDIV(NGMAX) RI'DIV(MMAX)

WRITE(6,51)
51 FORMAT('1',30('-')," DIVERGENCE TABLE ',30('-')//
& 1X,20X, ' ( DIVERGENCE / TRANSFORMED DIVERGENCE )'//
& 1X,'BAND COMBINATIONS ~ AVG.DIV.  CLASS COMBINATIONS'/)
WRITE(6,61) (ICLOOM(J,1) ,J=1 ,NCORM)
WRITE(6,61) (ICLOOM(J,2) ,J=1 ,NCCOM)
61 FORMAT(1X,27X,1516) 4
Ceve.FOR EACH BAND COMBINATION,
DO 500 IB=1 NBCOM
TOTDIV=0.

- - o

P
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DO 120 IB2=1,NBPC
120 L'BAND(IBZ)'—'IW(IB IBZ) C
WRITE(6,121) (LBAND(J), J-I NBPC)
121 R)IMATOX /613) '
c « +++FOR EACH :CLASS (Xl‘IBINA'I.'I(JN
DO 400 IC=1,NCOOM .=~
B “ICLSIQ-ICUIM(IC 1)

IC[S2-=ICUIM(IC,2)

CALL MGET(RCOVC, MNA'LL LBAND,U1 RMl NBAND ,NCIMAX,
& - NBPC,ICLSI, 2)

CALL l'GEI‘(R(XWC RMNALL, LBAND U2 RMI ,NEAND NCIMAX,
& - - © NBPC; LCLS2 2)

CALL MSUBT(U1 ;U2 ;UH , NBPCNBPC)

cmmmmowcmmummuunmmmmx
& NBPC,ICLS1;2) - -

CALL ‘MINV(UH,UH2 ,NBPC,DET)

mmmoovcmmmnunmmuam
& - NBPC,ICLS2;2). -

CALL MINV(UH,UH3 ,NEPC ,DET)

CALL MSUBT(UH3 ,UH2 ;U ,NBPC ,NBPC)

cm.mnm(umummmcummcmc)

CALL MTRACE(U ,NBPC,TRACE!)

mmm(mcmmnlmummmx

& NBPC,ICLSt,1)
CAILM;EI‘(R(DVCIQNAILLBANDUI MNBANDNCI.MAX
& NBPC,ICLS2,1)

CALL MADD(UH2 ,UH3 ,UH4 ,NBPC,NBPC)
CALL MSUBT(RMI , RN ; RV me: ,DE
mm(wm Ul NBPCNBPCNBPCI)
CALL MMULT(U1, RMHT U1 | NBPcn 1 NBPC)
CALL MI‘RACE(Um NBPC,TRACE2)
DIV=( .5*TRACE1) + (.S*'I‘RACEZ)
DIV2=DIV-
IF(DIV.GT.900.) DIV2=900.
TRDIV=2000-. * (1 .-EXP(-DIVZ/B ))
RDIV(IC)=DIV
RTDIV(IC)=TRDIV
wmzwmwmv
400 CONTINUE
c «+. .COMPUTE AVERAGE DIVERGENCE
AVGTDI= TOTDIV/FLOAT(NCOOM)
C . +.PRINT OUT RESULTS
WRITE(6,401) ' (RDIV(J) ,J=1 Noom)
401 mm('+' 29X, 1586..0)
WRITE(6, 402) AVGTDI , (RTDIV(J) , J=1 Ncom)
402 FORMAT(1X,22X, m.o 1x 15F6.0)
c
500 CONTINUE
C
WRITE(6 ,501) \
501 FORMAT(1X,///' CLASS #:  NAME')
DO 600 IO=1,NCLASS
600 WRITE(6, 601) ICLASS(IC), (RNAMEC(IC, J) J-=1 A
601  FORMAT(1X,I4,4X,4484)
RETURN
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END ,
SUBROUTINE MSUBT(RMAT1 ,RMAT?2 ,RMAT3 ,NR,NC)

C SUBTRACTS MATRIX RMAT2 FROM RMAT! TO PRODUCE RMAT3.
C ALL MATRICES ARE NR ROWS BY NC COLUMNS.
c***********’k**
© "DIMENSION RMAT!(NR,NC), RMAn(NR.nc) RVAT3(NR,NC)
DO 20 I=1,RR
DO 10 J=1,8C
'RMAT3(L,J)=RMAT1 (1,J)~RMAT2(1,J)
10 CONTINE :

20  CONTINUE
RETURN
ChFkdddedicicdoiokickkkdokkkkiokkdtcicidedok ook dck ok dedolodededdeiciolok doiciok ok dedekedckek deickodedoke
SUBROUTINE MADD(RMAT1 ,RMAT2 ,RMAT3 NR ,NC)
@mmmmmmmmmm
C SUBTRACTS MATRIX RMAT2 FROM RMAT! TO PRODUCE RMAT3.
C ALL MATRICES ARE NR ROWS BY NC COLIMNS.,
Crkkkdedadodedokiok ok dodkkkkkkkkdiodok doddeddok ok ki dokokedok fodedok ikt fe dededede dodde ok dokdededed
DIMENSION RMAT1(NR,NC), RMAT2(NR,NC), RMAT3(NR,NC)
DO 20 I=i,NR
DO 10 J=1,NC
RMAT3(1,J)=RUAT! (1 ,J)+RMAT2(T,J)
10 CONTINUE

20 CONTINUE
RETURN
END
CHoidaioddeieh ekl il e o oekade ook ok el ket ok e ok e S de e dedcdedede
SUBROUTINE MTRACE(RMAT? ,NRC,TRACE)
Jededdedod dddeddedok dedededde ek ek ok
C COMPUTES THE TRACE OF A MATRIX RMAT1.
C A IS NRC ROWS BY NRC COLUMNS.
CiFekcddcdddchkk ool sookdoldodok ok dcieke e fedekodeaoaookddodooodoooaolood o ek dedode
DIMENSION RMAT1(NRC,NRC)
TRACE=0 .0
DO 10 I=1,NRC
TRACE=-TRACE+RMAT1(1,I)
10  CONTINUE
RETURN
END
Gekedededededededdedede ol ded ok dededelededededededede SR dtedededededdededededede e e dededesoaededededededefede e e edededede
SUBROUTINE MMULT(RMAT1 ,RMAT2 ,RMAT3 ,NAR ,NAC ,NBR ,NBC)
Gk ook ok ok ookt e ik
C MILTIPLIES MATRIX RMAT! BY MATRIX RMATZ;
C  THE RESULT IS PLACED IN RMAT3.
C RMAT! IS NAR BY NAC COLUMNS
C RMAT2 IS NBR ROWS BY NBC COLOMNS
C RMAT3 IS NAR ROWS BY NBC COLUMNS
Clridakcdeicdodd ok ook dokodook ok dokde i dede de e et deoledde e dede ek et dededededededeke ededele
DIMENSION RMAT1(NAR,NAC), RMA’H(NBR NBC), RMAT3(NAR,NBC)
DO 30 I=1,NAR
DO 20 J=1 ,NBC
M’B(I,J)-0.0
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DO 10 K=1 ,NAC
RMAT3(1 J)"IMNB(I J) + (RMATI (I,K * RMAIZ(K J))
10 CONTINUE
20 CONTINUE
30 CONTINUE
RETURN

SUBROUTINE hﬁNV(RMATi IMATZ ,NRC DEI') _
Chkdicick ok oo ook ek kA kA AR AR A e Ak A dedcdede de edeedededeeedeedeede e
C FINDS THE INVERSE OF MATRIX RMAT!. RMAT2 IS THE INVERSE OF RMATI.
C MATRICES RMAT! & RMAT2 ARE NRC ROWS BY NRC COLUMNS
C 'DEI' IS THE DETERMINANT OF RMATt. .
Chrcdick ok ek koot ok ol ok ook dookckaedoicoeoeoeoei ook ek daokococcodick

DIMENSION RMAT1(NRC,NRC), RMAT2(NRC,NRC)

c
DO 20 I=1,NRC -
DO 10 J=1 ,NRC
RMAT2(1,J)=0.0
10 CONTINUE
RMAT2(I,I)=1.0:
20 CONTINUE
DET=1.0
C
Ce.....CALCULATE THE INVERSE OF RMAT1
DO 100 I=1,NRC
c ...DIVIDE THE ITH ROW OF RMAT! AND RMAT? BY RAATI{I,I)
DIV=RMAT1(I,I)
DET=DET*DIV
DO 30 J=1,NRC °
RMAT? (I ,J)=RMAT1 (1,J) /DIV
RMAT2(1,J)=RMAT2(I,J) /DIV
30 CONTINUE
c ....mcznmxmooumorm mzzao .
DO 50 J=1 ,NRC
IF(I-J) 35,50,35
35 RATIO=RMAT1(J,I)
DO 40 K=1,NRC
RMA’I‘I(J,K)=RMATI (J,K) - RATIO*RMAT1(I,K)
RMAT2(J ,K)=RMAT2(J ,K) - RATIO"IQ‘IA'I‘Z(I,K)
40 CONTINUE
50 OCONTINUE
100 CONTINUE
RETURN

SUBROUTINE DGET(RNVCMAILIBANDUMNBANDNCDMX

& NBPC, ICLS,ITYP) : :
c**m*wm*uﬂmmm*mmmmm
C RETRIEVES A MEAN, COVARIANCE, OR INVERSE OF COVARIANCE.
C MATRIX. ONLYITDSEBAM)SUSEDFOR'HEDIVEIGMARE
RETURNED.

ICLS - CLASS IDENTIFIER

c
c
c
C . ITYP - '1' FOR MEAN VECTOR
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'2' FOR COVARIANCE MATRIX

DIMENSION ROOVC(NCLMAX ,NBAND,NBAND) ,
& RMNALL(NCILMAX ,NBAND) , LBAND(NBPC)
DIMENSION U(NBPC,NBPC), RM(NBPC)
c
GOTO (100,200), ITYP
C......RETRIEVE MEAN VECTOR
100 DO 110 I=1 ,NBPC
110  RM(I)=RMNALL(ICLS ,LBAND(I))
RETURN
C......RETRIEVE COVARIANCE MATRIX
200 DO 210 I=1,NBPC
DO 210 J=1,NBPC
210 U(1,J)=RCOVC(ICLS,LBAND(I) ,LBAND(J))
RETURN

END

Mmmmmmmmmﬂmm

SUBROUTINE CREDIT(NROWS ,NCOLS ,NBAND, FILTIT)
ck************************************m*******
C SIMPLY PRINTS A BANNER ON THE OUTPUT WITH LIMITS OF THE
C IMAGE FILE.
mmuﬂm**mm”mmmﬁmmﬂ*mmm

DIMENSION FILTIT(20)

WRITE(6,11) FILTIT ,NROWS,NCOLS,NBAND

1t R)RMAT(IX 60('**)/
DIVERGENCE PROGRAM'//

1X,60(**')//
'——-> PARAMETERS FOR IMAGE FILE:'/
1X,20M4/ /1
' NMBER OF ROWS= ',IS5,/
' NUMBER OF COLUMNS=',15,/
' NUMBER OF BANDS=',I5//)

RETURN

END
@Mﬂmmmmmm

SUBROUTINE OOMBO(NC ,NPC,NCIMAX ,NCOMB, 1D, ICOMBO)
ck************************ *k*******k*
C COMPUTES THE CORRECT CHANNEL COMBINATIONS
C LIMITED TO 5 CHANNELS PER COMBINAITION
c

- ool -cB-cB o ¥ o

C NC - NUMBER OF VALUES
C NPC - NUMBER OF VALUES PER COMBINATION
Gk koo ook ook ook ook ook oo el ok el s dedeie ke detetekeooedede deleicckook

DIMENSION ID(NC), ICOMBO(NCIMAX,NPC)
NCOMB=0

IE1=NC-NPCH
DO 50 I=t,IEl
IF(NPC.EQ.1) GOTO 6
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IR2=T+1

IE2=NC-~-NPC+2

DO 40 1I=IB2,IE2
IF(NPC.EQ.2) GOTO 6
IR3=II+l
IE3=NC-NPC+3
DO 30 III=IB3,1E3

IF(NPC.EQ.3) GOTO 6

IB4=ITI+1 - T

TE4=NC-NPCH}

DO 20 1I1I=IB4,1FA
IF(NPC.BQ.4) GOTO 6
IBS=ITITH
LES=NC-NPC+5
DO 10 IXIII=IBS,IES

NCOMB=NOOMB+1

coro (1,2,3,4,5), NPC
ICOMBO(NCOMB,5)=ID(III1I)
TOOMBO(NOOMB ,4)=ID(I1II)
ICOMBO(NCOMB, 3)=ID(III)
1COMBO(NOOMB , 2)=ID(1I)
ICOMBO(NCOMB, 1)=ID(1)

CONTINUE
CONTINUE
CONTINUE
CONTINUE
RETURN
END

/GO .FTO5F001 DD *
64123456

W=

//GO.FTO9F001 DD DSN=SBS.MEH1B,BOOK6C .R240C256 ,DISP=SHR ,LABEI=(, , ,IN)
//GO.FT10F001 DD DSN=SBS.MEH.BOOK6C.STATS ,DISP=SHR,LABEL=(, , ,IN)

RIS NONRNAN——————
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CLASSIFY

//BOOKCL JOB (D6600217) , ' VF-BOOKCL' ,TIME=(,19) ,MSGLEVEL=(1,0),
// USER=SBS01 ,PASSWORD=?2777?
/*ROUTE PRINT MVS.R8
// EXEC DSUTIL
DELETE DSN=SBS .MEM1 B .CLASSIF.R240C256
// EXEC FORTGCLG,PARM.LKED='NQMAP sz'
//FORT .SYSPRINT DD DUMMY
//FDRI' SYSIN DD *
c cmssmcmm PROGRAM
CLASSIFIES AN IMAGE OR CREATES A CONTINGENCY TABLE

LINE 1:
COLUMNS DESCRIPTION
1-4 PUT A 'CONT' FOR COMPUTING A CONTINGENCY TABLE ON

TRAINING SITES ONLY, OR 'MAP ' FOR A CLASSIFIED MAP
TO BE CREATED ON DISK.

5-8 CLASSIFIER TYPE: 'MIND' FOR MINIMUOM DISTANCE CLASSIFIER
LINE 2: ‘
COLIRNS DESCRIPTION
1=2 # OF BANDS TO USE IN CLASSIFIER
3-4 BAND # TO USE
5-6 BAND # TO USE
EIC. IN 12 FORMAT
LINE 3:
COLUMNS DESCRIPTION
1-2 # OF CLASSES TO USE IN CLASSIFIER
344 CLASS # TO USE
5-6 CLASS # TO USE
EIC. IN 12 FORMAT

coaononooanNOOONOOOOOOaaan

MAIN VARIABLES AND CORRESPONDING ARRAY SIZE LIMITS:
NCIMAX- MAXIMOM # OF CLASSES USED IN THE IMAGE FILE

NCMAX - MAXIMUM # OF COLUMNS OR PIXELS IN A LINE
THIS VALUE MIUST NOT BE LARGER THAN THE 'LINE.' ARRAY SIZES.

NBMAX - THE MAXIMJM NUMBER OF BANDS OF DATA WHICH COULD BE USED.
(THIS NUMBER MAY BE LARGER THAN THE ACTUAL NUMBER OF BANDS
IN THE IMAGE FILE, HOWEVER, IT MUST NOT BE LARGER THAN THE
STATISTICS ARRAY SIZES IN MAIN.

NBLK - # OF PIXELS PER LOGICAL RECORD IN IMAGE FILE.
(MIS'I'BE(XNSISTM WI'IHUDERPR(BRAEBAND IMPORTANTLY
WITH THE ARRAY 'IBYIE' SIZE IN 'RWLINE' SUBROUTINE.

INADDmmmmEVARIABusmm#OFRmORDsmsrBESET
IN THE 'DEFINE FILE 9(#' STATEMENT.
ALSO, THE # OF RECORDS AND BLOCKSIZE MJST BESET IN THE:
'DEFINE FILE 10(#,##' (TRAINING FILE)
*DEFINE FILE 11(# ##' (cussmxm FILE)

oo oanOacoOas

LOGICAL UNITS USED:
5 - USER INPUT PARAMETERS
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C 6 - LINE PRINTER OR TERMINAL
C 9 - IMAGE FILE
C 10 - TRAINING STATISTICS FILE
C 11 - CLASSIFIED FILE (ONLY IF 'MAP ' IS RBEQUESTED)
DIMENSION RNAMEC(25,6), RPNAIL(ZS ,6), RSTALIL(25,6),
& TALCOR(25 ,4 4) NSAMP(ZS) I’IUI‘P(ZS) FILTIT(20)
DIMENSION ICLASS(ZS) IBAND(G) I'IUIC(ZS) DIST(ZS) ,
&' ITABLE(25, 25) ITC(M(ZS)
DIMENSION MINC(6) , MAXC(G) RMEANC(6) , VARC(6) , STDC(6),
& - CONC(6 6}, CORRC(6 ,6)
INTEGER*2 LINE6(2100,6), LINCLS(2100), LINE!(2100)
INTEGER*2 ISTATU(25)
DATA ITOTC/25*%0/, ITCOM/25*0/
DATA RMIND/' MIND'/ RMAXL/ 'MAXL' /, RMAP/'MAP '/, RCONT/'CONT'/
DATA NBLK/100/, NCMAX/ZIOO/ NBMAX/6/, NCIMAX/ZB/
DATA IERR/O/
C

C~----> 15T ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C-----> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
C-—~==> (INTBGER((NOOLS/NBLK)+1) *NROWS) *NBAND + 3

c DEFINE FILE 9(4323,100,L,IREC)

C-----> 1ST ARGUMENT SHOULD BE SET TO THE # OF RECORDS IN YOUR
C----=> PARTICULAR FILE. # OF RECORDS IS CALCULATED BY:
C-~-==> # RECS = (NCIMAX * 2) + 2

DEFINE FILE 10(52,184 ,L,IRECC)
C

C  ...SET UP FOR CLASSIFIED DATA IF REQUESTED
DEFINE FILE 11(723,100,L,IREC2)
C

C......READ HEADER RECORD FROM FILE
CALL RWHEAD(9 ,NROWS ,NCOLS ,NBAND, FILTIT,0)
IF(NBAND.GT NBMAX) GOTO 9000

&

C ....COMPUTE # OF RECORDS PER ROW
NACO=(NCOLS/NBLK) + 1
IREM=MOD(NCOLS ,NBLK)
IF(IREM.EQ.0) NACC-NACC-1

C
Ceeeess .READ STATISTICS FILE HEADER
CALL RWSTHE(ISTATU,NCLMAX,0)
c
C......PRINT PROGRAM BANNER
CALIL, CREDIT(NROMWS ,NCOLS ,NBAND, FILTIT)
C

C......READ TYPE OF CLASSIFICATION TO PERFORM & OTHER USER REQUESTS
CALL READIN(IBAND,ICLASS,NCIMAX ,NEMAX,NCLASS ,NBAND NBUSE,
& ISTATU, CTYPE, RCLASS,, IERR)
IF(IERR.EQ.1) GOTO 9999

C......READ TRAINING CLASS STATISTICS ‘
CALL ALLSTA(RMNALL,RSTALL,RNAMEC, ICLASS ,NCLASS ,NBAND,
& NCIMXK\HNCMXCRMEANCVARCSTDCCOVC(X)RRC
& TALCOR ,NSAMP , ITOTP , ISTATU)
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WRITE(6,2)
2 FORMAT(1X,'--> STATISTICS READ')

c
C......PERFORM CLASSIFICATON FOR IMAGE
C ....WRITE HEADER FOR CLASSIFIED IMAGE

IF(CTYPE.EQ.RMAP) CALL RWHEAD(11,NROWS,NCOLS,t,FILTIT,1)

IF(CIYPE.BQ.RMAP) CALL MIND(RMNALL,RSTALL,RNAMEC ,IBAND,ICLASS,

& NCLASS ,NBUSE ,NBMAX , LINE6 ,LINCLS ,LINE1 , ITOTC,DIST,

c & NCOMAX ,NCLMAX ,NACC, RCLASS ,NROWS , NCOLS ,NBLK)

Ceeeso .GENERATE OONTINGENCY TABLE FOR TRAINING STATS
IF(CTYPE.BQ.RCONT) CALL CONTIN(RMNALL,RSTALL,RNAMEC,IBAND,ICLASS,
& NCLASS ,NSAMP , ITOTP ,NBUSE ,NBMAX , LINEG6 , LINE1 ,
& TALOOR, ITOTC,DIST, ITABLE,, ITCOM ,NCMAX ,NCLMAX ,NACC,
& RCLASS ,NROWS ,NCOLS ,NBLK)
c GOTO 9999
C...DQOOMRM soDeGOBOBIOPEIEESDN
9000 WRITE(6,9001) NBANDS ,NBMAX _
9001 FORMAT(1X,'*** SORRY, CANNOT COMPUTE STATISTICS BECAUSE '/

& 1X,* THERE ARE ',12,' BANDS IN THE IMAGE FILE AND'/
& 1X,' YOU HAVE THE PROGRAM LIMITS AT ',I2,'.’
& 1X,* INCREASE THE STATS ARRAYS AND NBMAX IN MAIN.')
GOTO 9999
9999 srToP
END

wﬁmmmmmmmmmmm
SUBROUTINE CREDIT(NROWS ,NCOLS,NBAND, FILTIT)
C*************************
C SIMPLY PRINTS A BANNER ON THE OUTPUT WITH LIMITS OF THE
C IMAGE FILE.
DIMENSION FILTIT(20)
WRITE(6,11) FILTIT,NROWS ,NCOLS,NBAND
11 FORMAT(1X,60("'*')/
! CLASSIFICATION PROGRAM'//
1X,60('*')//
'~—=> PARAMETERS FOR IMAGE FILE:'/
1X,20M4//
' NUMBER OF ROWS= ',IS,/
' NUMBER OF COLUMNS=',I5,/
' NUMBER OF BANDS=',I5//)
RETURN

R

Gk okl ook oo ook eekoroccacodoocdeoc deckdcdeonooek
SUBROUTINE READIN(IBAND,ICLASS,NCIMAX ,NBMAX ,NCLASS ,NBAND,NBUSE,
& , ISTATU ,CTYPE ,RCLASS , IERR)
Gk ook ok ok ook ook ook cococooc ook ook
C INPUTS THE PARAMETERS TO CONTROL THE CLASSIFICATION

@*W*MWWWWWWW

DIMENSION ICLASS(NCLMAX) , IBAND(NBMAX)
INTEGER*2 ISTATU(NCIMAX)

DATA RMAP/'MAP '/, RCONI/'CONT'/, RMIND/'MIND'/, RMAXL/ 'MAXL'/
1 READ(5,11) CTYPE,RCLASS

c
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11 FORMAT(2A4)
C ....CHECK CLASSIFIER REQUESTED |
IF(CTYPE.NE.RMAP .AND. CTYPE.NE.RCONT) GOTO 9000
C .....INPUT # OF BANDS AND BAND #'S TO USE ~
READ(S,12,END=9900) NBUSE, (IBAuD(J) J=1 ,NBUSE)
12 FORMAT(12,612)
C .....INPUT CLASSES TO USE-
NCLASS=1"
20 READ(5,21,END=9900) NCLASS ,(ICLASS(J) , J=1 NCLASS)
c 21 FORAT(12 3912)
IF(NBUSE.LT.! .OR. Nwsa.cr.nnmn) GUO 9100
DO 10 I=1,NBUSE: 7. - '
IBASIBANKT)
IF(IBA.LT.1 .OR. IBAGT NBAND) GOT0:9200
10 CONTINUE
IF(NCLASS.LT.1) GOTO 9300
DO 30 I=1,NCLASS
ICLS=ICLASS(T) :
IF(ISTATU(ICLS) .EQ.0) GOTO 9400
CONTINUE

RETURN
9000 WRITE(6 9001) CTYPE
9001 FORMAT(1X,'*** ERROR ',A4,'IS mr A VALID GDICE')

30

IERR=1
RETURN
9100 WRITE(6,9101) NBAND,NBUSE .
9101 ]EORMAT(IX aka ERROR THERE ARE ',12," BANDS IN THE IWGE'/
& 1X," FILE AND Yw ARE Rmumnm ,12,° BA[ES')
IERR=1 = ° ' -

RETURN
9200 WRITE(6,9201) IBA
9201 FORMAT(1X,'*** ERROR, YOU REQUI'STED ‘BAND' ,12," - WHICH DOES mr'/
& 1X,' FXIST IN THE IMPGE FILE )
TERR=1
RETURN
9300 WRITE(6,9301) NCLASS
9301 FORMAT(IX '¥%k FRROR, YOU HAVE Rmmmm 12 CIASSES')
TERR=1
RETURN
9400 WRITE(6,9401) ICLS C .
9401 I'UH“IAT(IX *%%*x ERROR, CLASS # ' 12, HAS NOT BEEN TRAINED ON )
9900 IERR=1
m T«l;‘ .

SUBR(IHINEAUSIA(R)NAILRSPAILRNAI@ICIASSNCIASSNBAND
& NCI}MXMINC}MXCMEANCVARCS'IDC(XNC(X)RRC
& P I.AILDRNSADQIM'P»IS’L‘NB(O

CREADSD{ESBATISTI(SMAILC[ASSESMWSIKI‘SFIIE

C ... NOIE: (XNCANDODRRCARRAYSARESTOREDASCOVC(ROW(X)HW)
DIMENSION MINC(NBAND), MAXC(NBAND) , RMEANC(NBAND), VARC(NBAND),
& STDC(NBAND) mVC(NBAND NBAND) ', GORRC(INBAND ,NBAND)

R
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DIMENSION RNAMEC(NCIMAX ,NBAND) , RMNALL(NCLMAX ,NBAND) ,

& RSTALL(NCLMAX ,NBAND)

DIMENSION ICLASS(NCIMAX), RNAME(4), ICOORD(4,4), ‘

& TALCOR(NCLMAX ,4,4) , NSAMP(NCIMAX) I'IUI'P(NCIMAX)
c INTEGER*2 ISTATU(NCLMAX)
C

C......RETRIEVE STATS FOR EACH CLASS _
Cueee. .COMPUTE SIMPLE STATISTICS FOR EACH CHANNEL
DO 100 ICLS=1,NCIMAX
IF(IS'I.‘A'.[U(ICLS) .1Q.0) GOTO 100
Ceeeeose .READ RECORD TO STATS FILE
CALL RWSTAT(RMEANC,VARC,MINC,MAXC ,COVC,RNAME, ICLS ,NBAND,
& NS, ICOORD, ITOTPX,0)
DO 20 IBA=1,NBAND
RMNALL(ICLS,1BA)~ RMEANC(IBA)
RSTALL(ICLS,IBA)= SQRT(VARC(IRA))
20 CONTINUE
DO 50 ICR=1,4
DO 40 1C~1,4
40 IALOOR(ICLS, ICR,IC)=1000RD(ICR,IC)
50 RNAMEC(ICLS,ICR)= RNAME(ICR)
NSAMP( ICLS)=NS
ITOTP( ICLS)=1TOTPX
100  CONTINUE
C
RETURN

SUBROUTINE MIND(RMNALL,RSTALL ,RNAMEC,IBAND, ICLASS ,NCLASS ,NBUSE,

& NBMAX ,LINE6 ,LINCLS, LINE! I'IUIC DIST,
& NCMAX, NCI.MAX NACC, RCLASS NRGJS NCOLS ,NBLK)
c***************************k**********m****m e Ptnne

C MINIMM DISTANCE CLASSIFIER FOR ENTIRE IMAGE
Cioickdcdedikiok ook ook ook ok
DIMENSION RNAMEC(NCIMAX,4), RMNALL(NCIMAX, NNAX)
& RSTALL(NCLMAX NBMAX)
DIMENSION ICLASS(NCIMAX), IBAND(NBUSE)
DIMENSION DIST(NCLMAX), I'IUI‘C(NCI.MAX)
INTEGER*2 LINE6(NQMAX, NBUSE) LINCLS(NCMAX) , LINE1(NCMAX)

c
C .....WRITE HEADER RECORD FOR OUTPUT FILE
WRITE(6,1)
1 FORMAT(1X *-~> MINIMUM DISTANCE CLASSIFIER CHOSEN'/)
c

Cseeeo .PRINT OUT MINIMIM DISTANCES FOR CLASSES
WRITE(6,2) (IBAND(J) ,J=1,NBUSE)
2 FORMAT('1’,'CLASS',32X, "BANDS' /
& 1X,27X,10(2X,12,3X))
DO 5 I=1,NCLASS '
ICLS=ICLASS(I)
WRITE(6,3) ICLS,(RNAMEC(ICLS,J),J=1,4),
& (RM\IALL(ICLS IBAND(J)) J=1 ,NBUSE)
3  FORMAT(1X,I3,2X,4A4, MEAN',2X, 10(1"5 I,ZX))
WRITE(6 4) (RSI‘ALL(ICIS IBAND(J)) J=1 ,NBUSE)
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4  FORMAT(1X,21X,'STP.*,2X,10(F5.1,2X))
5 CONTINUE : .

.DO 200 I&'ﬂ*l ,NROWS
c ««.GET ALL BANDS FOR THE 'CURRENT ROW
DO 50 1B=1,NBUSE
IBPFIBAND(IB)
CALL RWLINE(9,LINE1 ,NCMAX ,NROWS ,NACC,IROW,IBA ,NBLK,0,IERR)
DO 20 ICOL~!,NCOLS - .
200 . LIN%(ICOL 1BA)=LINEI1 (ICOL)
50 CONTINUE ‘
c v :
C ....CLASSIFY THE ENTIRE ROW
DO 100 ICOL~1 ,NCOLS

C ....CALCULATE EUCLIDEAN DISTANCES FOR EACH OF THE POSSIBLE CLASSES
RMIND=99999999.
DO 80 IC=1,NCLASS
ICLS=1CLASS(IC)
DIST(ICLS)=0.
DO 60 IBA2=1 ,NBUSE
1BA=TBAND( IBA2)
VAL~LINE6(ICOL,IBA)
DIST(ICLS)=DIST(ICLS)+ (VAL~RMNALL(ICLS,IBA))**2
CONTINUE

DIST(ICLS)=SQRT(DIST(ICLS))
C +««.IF CURRENT DIST. IS LESS THAN OLD DIST. RESET CLASS
IF(RMIND LT .DIST(ICLS)) GOIO 80  °
MINCLS=ICLS
RMIND=DIST(ICLS)
80  CONTINUE: ]

«..KEEP TRACK OF TOTAL STATS & KEEP BUILDING CLASSIFIED LINE
ITOTC(MINCLS)=1TOTC(MINCLS)+1
LINCLS(ICOL)=MINCLS .
100  CONTINUE
c.....'...mmm .
CALL RWLINE(11, LIN(‘.'I.SNQ‘IAXNMBNA(XIIWI ,NBLK,1,IERR)
200 CONTINUE
C
C......PRINT ALL STATISTICS
CALL STOUT(RNAMEC,ICLASS,1TOTC,NCLMAX ,NCLASS)

‘aa

RETURN

END

SUBROUTINE CONTIN(RMNALL,RSTALL,RNAMEC,IBAND,ICLASS,NCLASS ,NSAMP,
& ITOTP ,NBUSE ,NBMAX , LINE6 ,LINE! , IALCOR, ITOTC,DIST,
& ITABLE I’l'(IM NCMAX, NCLMAX NA(XJ RCLASS ,NROWS ,
& NCOLS NBUO

Wmmmmmmwmmmﬂm
C MINIMM DISTANCE CLASSIFIER; CONTINGENCY TABLE OUTPUT
C******m************m*m**m**mwﬂ*w*****m
DIMENSION RNAMEC(NCIMAX,4), RMNALL(NCLMAX ,NBMAX),
& RSTALL(NCILMAX NIMA}O TALCOR(NCLMAX ,4 4)
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DIMENSION ICLASS(NCIMAX), IBAND(NBUSE), NSAMP(NCIMAX),
& ITOTP(NCLMAX) , ITCOM(NCLMAX)

DIMENSION DIST(NCLMAX), ITOTC(NCLMAX), ITABLE(NCIMAX,NCIMAX)
INTEGER*2 LINE6(NCMAX,NBUSE), LINE!(NCMAX)

c ,
C .....WRITE HEADER RECORD FOR OUTPUT FILE
WRITE(6,1)
1 FORMAT(1X,'--> CONTINGENCY TABLE REQUESTED'/)
c

Ceeeeo.PRINT OUT MINIMOM DISTANCES FOR CLASSES
WRITE(6,2) (IBAND(J),J=1,NBUSE)
2 FORMAT('1*,'CLASS' ,32X,'BANDS'/
& 1X,27X,10(2Xx,12,3X))
DO 5 I=1,NCLASS
ICLS=ICLASS(I)
WRITE(6,3) ICLS,(RNAMEC(ICLS,J) ,J=1,4),
& (RMNALL(ICLS,IBAND(J) ) ,J=1,NBUSE)
3 FORMAT(1X,I3,2X,484 ,"MEAN' ,2X,10(F5.1,2X))
WRITE(6,4) (RSTALL(ICLS,IBAND(J)),J=1,NBUSE)
4  FORMAT(1X,21X,'STD.',2X,10(F5.1,2X))
5 CONTINUE

DO 500 I=1,NCLASS
ICLS1=ICLASS(I)
NUMSAM=NSAMP( ICLS1)

DO 400 ISAM=1,NUMSAM
IBR=IALCOR(ICLS1 ,ISAM,1)
TER=IALOOR(ICLS1 ,1SAM,2)
1BC=IALCOR(ICLS1 ,ISAM,3)
IEC=IALOOR(ICLS1,ISAM,4)

DO 200 IROW=IBR,IER
c ...GET ALL BANDS FOR THE CURRENT ROW
DO 150 1B=1,NEUSE
TRA=IBAND(IB) A
CALL RWLINE(9,LINE! ,NCMAX ,NROWS ,NACC,IROW,IBA,NBLK,
& 0,IERR)
DO 120 1COL~IBC,IEC
A LINE6( ICOL , IBA)=LINE (1COL)
120 CONTINUE
150 CONTINUE
C
C ....CLASSIFY THE PART OF ROW CORRESPONDING TO CLASS
DO 100 ICOL=IBC,IEC
c

C «+..CALCULATE EUCLIDEAN DISTANCES FOR EACH OF THE CLASS
RMIND=99999999.
DO 80 IC=1,NCLASS
ICLS=ICLASS(IC)
DIST(ICLS)=0.
DO 60 1BA2=1,NBUSE
1BA=1BAND(IBA2)
VAL=LINE6(ICOL,IBA)
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DIST(ICLS)=DIST(ICLS)+ (VAL-RMNALL(ICLS,IBA))**2
60 ‘ CONTINUE '

DIST(ICLS)=SQRI(DISI(ICLS)) -
C «es+lF CURRENT DIST. 1S LESS THAN OLD DIST. RESET CLASS
IF(MND.LT.DISI‘(I(H.S)) GO0 80
MINCLS=ICLS
RMIND=DIST(ICLS)
80 CONTINUE

C ...KEEP TRACK OF TOTAL STATS & KEEP BUILDING CONTINGENCY TABLE
ITABLE( ICLS1 ,MINCLS)=ITABLE( ICLS! ,MINCLS) + 1
100 CONTINUE .
200 CONTINUE
400 CONTINUE
500 CONTINUE
ITOTAC=0
ITOTPX=0

DO 600 ICLS=1,NCLASS
ITOTPX=1TOTPX -+ I'TOTP(ICLS)
600 ITOTAC=ITOTAC + ITABLE(ICLS,ICLS)
PERAO=FLOAT(ITOTAC) / FLOAT(ITOTPX)

C
c......PRINr mIE )
CALL TABOUT(RNAMEC, ICLASS,LTOTP, ITABLE, ITCOM,NCLMAX ,NCLASS,

& ITOTPX , PERAC)
RETURN
BD ,
SUBROUTINE TABOUT(RNAMEC, ICLASS ,ITOTP, ITABLE,, ITOOM,NCIMAX,
& NCLASS, ITOTPX, PERAC) ;
Fdcddcdcdodickk ik ik kikkkiickickkkiokkkkk

C PRINT THE CONTINGENCY TABLE .
Gk koo koA e ededele e el ekedecdckedciedok
DIMENSION RNAMEC(NCIMAX,4)
DIMENSION ICLASS(NCIMAX), ITABLE(NCIMAX,NCLMAX)
DIMENSION ITOTP(NCIMAX), ITCOM(NCLMAX)
DIMENSION RTOT(2), ROMIT(2), RCOMIT(2), RACCUR(2), BLANK(25) ,
& RTOP(4) ,RPER(2) _
DATA RTOT/'TOTA','L '/, ROMIT/'OMIS','SION'/,
& ROOMIT/'OOML* ,"SION'/, RACCUR/'ACCU* ,"RACY'/,
& RTOP/'PRED' ,'ICTE','D CL',"'ASS '/,
& RPER/' X%',° '/, BLANK/25*' '/

NCL2=(NCLASS-1)*2
WRITE(6,1) (RTOP(J),J=1,4), (BLANK(J),J=1,NCL2),
& ROMIT, RCOMIT ,RACCUR
1 FORMAT(1X,///1X,22X 484 ,25(2X ,204) )
. WRITE(6,2) ((RNAMEC(ICLASS(J),K),K=1,2),3=1,NCLASS) ,RTOT,RPER,

& RPER,RPER
2 FORMAT(1X,18X,25(2X,2A4))
WRITE(6,3)

3 FORMAT(1X,'# ACTUAL CLASS')
DO 50 I=1,NCLASS
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ICLS=ICLASS(I)
ITOMIT=0
ITCOMI=0 |
DO 20 J=1,NCLASS
JCLS=ICLASS(J)
IF(ICLS.NE.JCLS) ITOMIT= ITOMIT + ITABLE(ICLS,JCLS)
IF(ICLS.NE.JCLS) ITCOMP= ITCOMT + ITABLE(JCLS,ICLS)
ITCOM(J)= ITOOM(J) + ITABLE(ICLS,JCLS)
20  CONTINUE |
TTOMIT= (FLOAT(ITOMIT) / FLOAT(ITOTP(ICLS))) * 100.
ITCOMI= (FLOAT(ITOOMI) / FLOAT(ITOTP(ICLS))) * 100.
ITACC= (FLOAT(ITABLE(ICLS,ICLS)) / FLOAT(ITOTP(ICLS))) * 100.

WRITE(6,4) ICLS,(RNAMEC(ICLS,J),J=1,4), _

& (ITABLE(ICLS, ICLASS(J)) ,J=1 ,NCLASS) , ITOTP(ICLS),
& TTOMIT , ITCOMT , ITACC

4 FORMAT(1X,I2,1X,4A4,25(15,5X))
WRITE(6,11) (ITCOM(J) ,J=1,NCLASS), ITOTPX

11 FORMAT(1X/1X,'TOTAL' ,14X,25(15,5K))
WRITE(6,12) PERAC

12 FORMAT(1X," OVERALL ACCURACY=',F6.2,'%’')

W&*mmﬂmmm*mm

SUBROUTINE STOUT(RNAMEC, ICLASS , ITOTC,NCIMAX ,NCLASS)
Wﬂmﬂmﬂ*ﬂmmm*ﬂ*w
C PRINT THE SUMMARY STATISTICS FOR EACH CLASS

DIMENSION RNAMEC(NCIMAX,4)

DIMENSION ICLASS(NCIMAX)

DIMENSION ITOTC(NCIMAX)

WRITE(6,1)
1 FORMAT(1X,///* , TOTAL '/
& 1X,' CLASS NAME PIXELS'/)
DO 50 I=1,NCLASS
ICLS=ICLASS(I)

WRITE(6,2) ICLS,(RNAMEC(ICLS,J),J=1,4) ,ITOTC(ICLS)
2  FORMAT(iX,I5,5X,4M,3X,18)
50 CONTINUE
RETURN
END
J*
//G0.FIOSFO01 DD *
MAP MIND
3456
512345
//GO.FT09F001 DD DSN=SBS .MEH1 B ,BOOKSC .R240C256 ,DISP=SHR,LABEL=(, , 1IN
//GO.FT10F001 DD DSN=SBS.MEH.BOOK6C,STATS ,DISP=SHR,LABEI=(, , ,IN)
//GO FT11F001 DD DISP=(NEW,CATLG ,UNCATLG) ,UNIT=3330V,
/! DSN=SBS .MEH1 B.CLASSIF.R240C256 , SPACE=(100, (723) ,RLSE) ,
/]  VOL=SER=SBS102 ,DCB=(RECFM=F,LRECL~100 ,BLKSIZE~100)

1258

OFEK07056



APPENDIX B

Addresses of Public and
Commercial Suppliers of Digital
Image Processing Hardware

and/or Software

AIPE: Fred Gunther, 9464 Wandering Way, Columbia, MD 21045.

APPLEPIPS: The Telesys Group, 5455 Wingborne Court, Columbia, MD 21045.

COMTAL: Comtal Corporation, 505 West Woodbury Road, Altadena, CA 91001.

COSMIC: 112 Barrow Hall, The University of Georgia, Athens, GA 30602. COSMIC
provides the following i 1mage processing software systems: AOIPS, ELAS, ERIPS,
LARSYS-TAMU, ORSER-OCCULT, SMIPS, VICAR-IBIS.

DECISION IMAGES: 228 Alexander Road, Princeton, NJ 08540.

ERDAS: Advanced Technology Development Center, Suite N206, 430 Tenth St.
NW, Atlanta, GA. 30318.

EYTON: Ron Eyton, Department of Geography, University of Alberta, Edmonton,
Alberta, Canada T6G-2H4.

GRIDAPPLE and ARCINFO-GRID-GRIDTOPO ESRI, 380 New York Street,
Redlands, CA 92373.

GYPSEY: Robert Haralick, Department of Electrical Engineering, Virginia Polytech-
nic, Blacksburg, VA.

HOTLIPS: Nebraska Remote Sensing Center, 113 Nebraska Hall, 901 N. 17th Street,
Lincoln, NE 68588-0517.

IDIMS: ESL Inc., 495 Java Drive, Sunnyvale, CA 94086.
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12S: International Imaging Systems, 1500 Buckeye Drive, Milpitas, CA 9503S.

IMAGES: John R. Jensen, Department of Geography, University of South Carolina,
Columbia, SC 29208.

KARS: T. H. L. Williams, Department of Geography-Meteorology, University of
Kansas, Lawrence, KS 66045.

LogE-EYECOM and ISI: Spatial Data Inc., 420 S. Fairview Avenue, Goleta, CA
93116.

MICROPIPS: The Telesys Group, 5455 Wingborne Court, Columbia, Md 21045.

Mini-LARSYS: Terry Philips, Laboratory for Applications of Remote Sensing, Purdue
University, West Lafayette, IN 47907.

MYERS: H. Joseph Myers, IBM Inc., 1530 Page Mill Road, Palo Alto, CA 94304.

RIPS: EROS Data Center, Applications Branch, Sioux Falls, SD 57198.

SPECDAT: Spectral Data Corporation, 112 Parkway Drive South, Hauppauge, NY
11787. '

TERRA-MAR: 2113 Landings Drive, Mountain View, CA 94043.
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Glossary

* ¥ Lot

Aerial photograph, vertical: An aerial photograph made with the optical axis of the camera
approximately perpendicular to the earth’s datum plane.

Aerial reconnaissance: The process of obtaining information from an aerial perspective.
Algorithm: A computer-oriented step-by-step procedure for solving a problem.

Alphanumeric: A character set composed of letters, integers, punctuation marks, and special
symbols.

Analog: A form of data recording that works on the principle of continuous measurement,
rather than discrete counting. ' : ’

Angle of reflection: The angle that electromagnetic radiation (EMR) refiected from a surface
makes with the perpendicular (normal) to the surface. :

Anniversary dates: Those dates in a remote sensing analysis that occur ‘approximately on the
same day of the year in multiple years. Such dates tend to minimize differences in reflectance
or emittance caused by seasonal vegetation changes, soil moisture variation, or sun angle differ-
ence. :

Atmospheric windows: Wavelength regions in which radiation can pass through the atmosphere
with relatively little attenuation; e.g., 0.3 to 2.5 pm, 3.0 to 4.0 pm, 4.2 to 5.0 pm, and 7.0
to 15.0 pm. ’

Attitude: The angular orientation of a remote sensing system with respect to a geographical
reference system.

Bilinear interpolation: A resampling technique used for the geometric correction of images.
Bit: A binary digit (0 or 1).

Bit-mapped: A type of computer graphic display where every picture element’s (pixél) exact
red, green, and blue (RGB) characteristics are stored in computer memory and can be displayed
on a pixel-by-pixel basis. .
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Brightness map: A computer graphic display of the brightness values found in digital remote
sensor data.

Brightness value: Remote sensing systems record the amount of reflected or emitted energy
exiting from the earth’s surface. These data are stored as digital values on computer-compatible
tapes for digital image processing purposes. The greater the brightness of the scene (or return
from the scene), the higher the digital value. Hence the values stored on the CCT are often
referred to as brightness values. It is not proper to call them reflectance values unless the
brightness values have been scaled to truly represent reflectance values.

Byte: 8 bits of digital data.

Camera: A lightproof chamber in which the image of an exterior object is projected on a
sensitized plate or film.

Change-detection: The comparison of two images acquired at different times.

Class: A surface characteristic type that is of interest to the investigator such as forest or

water.

Classification: The process of assigning individual pixels of a multispectral image to discrete

categories.

Clustering: The statistical analysis of a set of pixels to detect their inherent tendency to form

clusters in multidimensional measurement space.

Collatersl data: Secondary data pertaining to an area of interest. Also called ancillary data.

Color: That property of an object which is dependent on the wavelength of the light it reflects

or, in the case of a luminescent body, the wavelength of light that it emits. If this light is of

a single wavelength, the color seen is a pure spectral color; but if light of two or more wavelengths

is emitted, the color will be mixed.

Color composite: A color image produced by assigning a color to each of a number of images

of a scene and optically or digitally superimposing the result.

Color infrared film: Photographic film sensitive to energy in the visible and near-infrared

wavelengths, generally from 0.4 to 0.9 pum; usually used with a minus-blue (yellow) filter,

which results in an effective film sensitivity of 0.5 to 0.9 pm. Color infrared film is especially

useful for detecting changes in the condition of the vegetative canopy which are often manifested

in the near-infrared region of the spectrum. Color infrared film is not sensitive in the thermal

infrared region and therefore cannot be used as a heat-sensitive detector.
Computer-compatible tapes: Tapes containing digital data. These tapes are usually standard

" 19-cm (7%-in.)-wide magnetic tapes in nine-track format.

Context: The relationship between 2 single pixel (or group of pixels) and other pixels within

the scene.

Contrast stretching: Improving the contrast of images by digital processing. The original range

of digital values is expanded to utilize the full contrast range of the recording film or display

device.

Convolution: Digital image filtering usually performed using an n X n mask (c.g., a 3 X 3,
5 X 5 mask). The weights of the mask may be specified by the analyst.

Correlation: The degree of interrelation between variables in a manner not influenced by mea-
surement units.

Covariance: The measure of how two variables change in relation to each other. If larger
values of Y tend to be associated with larger values of X, the covariance will be positive. If
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larger values of Y are associated with smaller values of X, the covariance will be negative.
When there is no particular association between X and ¥, the covariance will approach zero.
Cubic convolution: A resampling technique used for the geometric correction of images.
Cursor: Aiming device, such as a lens with cross hairs on a digitizer or an interactive computer
display.

Dati acquisition system: Those devices that measure physical variables and record them.
Data dimensionality: The number of variables (e.g., bands) present in the data set.

DeClSIOII rule: The criterion used to establish discriminant functions for image classification.
Densitometer A device used to measure the average density of a small area of spectﬁed size
on a photographic transparency or print. Microdensitometers can measure the average density
in areas a few hundred micrometers square.

Density: A measure of the light-absorbing capability of the silver or dye deposited at an
x, y location in an image.

Density slicing: The process of converting the continuous gray tone of an image into a series
of density intervals, or slices, each corresponding to a specific digital range.

Dichroic: A beam-splitting mirror that efficiently reflects certain wavelengths while cfficiently
transmitting others.

Digital data: Data displayed, recorded, or stored in binary notation.

Digitization: The process of converting material from a continuous into a discrete format.
Discriminate function: Mathematical functions which are commonly derived from training
samples and a decision rule and are used to divide the measurement space into decision regions
as part of image classification.

Display: An output device that produces a visible representation of a data st for visual analysis.
Divergence: A measure of statistical separability used to select the optlmum subset of bands
for discriminating among several land-use or land-cover classes of interest.

Edge: The boundary of an object in a photograph or image, usually characterized by a drastic
change in the brightness value from the immediate interior of the boundary to the immediate
exterior of the boundary. '

Edge enhancement: The use of analytical techniques to emphasize edges in imagery.
Electromagnetic spectrum: The ordered array of clectromagnetic radiation extending from
short cosmic waves to long radio waves.

Environment: An external condition, or the sum of such conditions, in which a piece of equip-
ment Or a system operates, as in temperature environment, vibration environment, or space
environment.

External errors: Due to platform perturbations and the modulation of the scene characteristics,
which are variable in nature.

Feature: A vector with components which are functions of the initial measurement pattern
variables or some subsequence of the measurement n-tuples. Feature vectors frequently have
fewer components than the initial measurement vectors and are designed to contain a high
amount of information about the discrimination between units of the types of categories in
the given category set. Features often contain information about gray shade, texture, shape,
or context.

Feature selection: The process by which the best subset of n bands is selected for cxtracting
useful thematic information from the remotely sensed data. The goal is to reduce the dimension-
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ality of the data set while maintaining the important information content in the bands selected.
Field of view: The solid angle through which an instrument is sensitive to radiation.
Filtering: The removal of certain spectral or spatial frequencies to enhance features in the
remaining image.

Flight line: A line drawn on a map or chart to represent the track over which an aircraft or
satellite has flown or is to fly.

Frequency: Number of oscillations per unit or number of wavelengths that pass a point per
unit time.

GCP (ground control point): A geographical feature of known location that is recognizable
on images and maps and can be used to determine geometrical corrections.

Geocoding: Geographical referencing or coding of data.

Geographic information system: A data base management system used to store, retricve, manipu-
late, analyze, and display spatial information.

Geometrical transformations: Adjustments made in image data to change its geometric charac-
ter.

Gray scale: A monochrome strip of shades ranging from white to black with intermediate
shades of gray.

Grid-based GIS: A geographic information system (GIS) based on a gridded (raster) data
structure.

Ground resolution element: The area on the terrain that is covered by the instantaneous field
of view of a sensor.

Ground track: The vertical projection of the actual flight path of an aerial or space vehicle
onto the surface of the earth.

Ground truth: Term used in a remote sensing investigations to imply that the data collected
in the field are without error.

Hardware: The physical components of a computer and its peripheral equipment.
High-pass filter: A spatial filter that enhances high spatial frequencies.

Histogram: The graphic display of a set of data that shows the frequency of occurrence (along
the vertical axis) of individual measurements or values (along the horizontal axis); a frequency
distribution.

Hue: That attribute of a color by virtue of which it differs from gray of the same brilliance,

and which allows it to be classed as red, yellow, green, blue, or intermediate shades of these
colors.

Image: The representation of one object by something else. Usually, the recorded representation
of a scene by optical, electro-optical, optical mechanical, or electronic means.

Image enhancement: Any one of a group of operations that improve the detectability of targets
or categories. These operations include contrast improvement, edge enhancement, spatial filter-
ing, noise suppression, image smoothing, and image sharpening.

Image processing: The various operations that can be applied to image data.

Image restoration: A process by which a degraded image is restored to its original condition.
Information class: Those categorics of 1and use or land cover that we define as being important.
Internal errors; Errors created by the sensor system itself.

-
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Joystick: Interactive control mechanism found on most image procwsmg systems which controls
a cursor 'on a display screen.

Kernel: A pixel ‘array used for digital image filtering.

Land cover: The biophysical materials covering the surface of the land.

Landsat: Unmanned, polar orbiting, U.S. earth resources satellite.

Land use: The use to which land is put. May be confused with land cover.

Layered classification: The hierarchial frocess whereby multiple decision rules are used in
the classification process.

Local operatlons: Operations that modlfy ‘the value of each pixel in the context of thc brightness
values surrounding it.

Map: A representation in a plane surface, at an established’ scale, of the physneal features
(natural, artificial, or both) of a part of the earth’s: sirface. ;

Map, thematie: A map that depncts paniculnr featum or concepts In conventlonal use, this
term excludes topographical maps. - :

Maximum likelihood rule: A statistical decision criterion to assist in the classification of overlap-
ping signatures; pixels are assigned to the class'in which they have the highest probability of
being a member.

Micrometer: A unit of length cqual to one millionth of a meter:

Minimum distance classifier: A classification technique that asmgns raw data to the class whose
mean falls the shortest Euclidean distance from it. - B B

Mosaic: An assemblage of overlapping aerial or space photographs or images whose edges

have been matched to form a continuous pictorial representatlon of a portion of the carth’s
surface.

Mosaic, controlled: A mosiac that is registered to ground control and uses prints that have
been rectified.

Multispectral: Refers to. semote sensing in two or, more spcctml bands, such as visible and
near-infrared regnons of the spectrum

Multispectral scanner: A scanning " detector system that records reflected or emitted energy
from the eartl’s surface in discrete wavelength intervals from 0.3 to 14.0 pm.

Nadir: That point on the ground vertically beneath the perspective center of the camera lens.
Nearest neighbor: A resampling technique used for the geometric correction of images.
Orbit: The path of a satellite around a body under the mﬂuence of gravity.

Overlap: The area common to two successive photos along the same flight strip. The amount
of overlap is expressed as a percentage of photo area.

Overlay: A transparent sheet giving mformatlon to supplement that shown on maps.

Parallax: The apparent displacement, of position of a body with respect to a reference point
. or system of coordinates, caused by moving the point of observatlon

Parametric: Classification algorithms that assume that the observed measurement vectors ob-
tained for each class in each band are normally distributed.

Pattern: The regularity and characteristic placement of tones or textum Somc descriptive
adjecnves for patterns are regular, 1rregul«r random, concentric, radial, and rectangular.

Photogrammetry: The art and science of obtaining reliable mcasuremcnts by means of photogra-
phy.
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