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ABSTRACT

Currently, most image merger routines are judged on the

enhanced appearance of the hybrid imagery that they create. Little

or no quantitative analysis is given which represents a technique's

ability to preserve the radiometry of the hybrid imagery. For this

reason, a quantitative analysis of six multi-resolution,
multi-

temporal, multi-sensor, multispectral image merger routines was

performed. These techniques were designed to incorporate the high

resolution spatial information of a panchromatic image with the

spectral information of a low resolution multispectral image. The

panchromatic imagery came from the French satellite Systeme Pour

l'Observation de la Terre (SPOT) and the multispectral imagery came

from the NASA Landsat Thematic Mapper (TM).



This study served as a quantitative test of three commonly

used merger techniques (intensity-hue-saturation (IHS)

transformation method, principal component method, and high-pass

filter technique) and three merger techniques developed by the

Digital Image Processing and Remote Sensing (DIRS) laboratory at

RIT (ratio method, extended regression method, and global

regression method). These routines were judged on the basis of their

radiometric integrity and their dependent and independent

classification accuracies. Statistical analysis of these metrics showed

that the DIRS global coefficient routine provided the best

enhancements of the multispectral imagery for the scenes and

testing metrics selected.
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1.0 Introduction

1.1 Why Do We Need Resolution Enhancement?

Many aspects of a remote sensing problem can not be

adequately addressed using the information obtained from one

particular sensor. For example, a given sensor might possess the

spectral resolution necessary to discriminate between general ground

cover classes, but it may lack the necessary spatial resolution to give

detailed spatial information on the ground cover. This is particularly

true for most of today's medium to low resolution multispectral or

hyperspectral satellite sensing systems, which record detailed

spectral information but lack detailed spatial resolution.

With all of these different spectral and spatial resolution

platforms collecting data from the same land areas, it might be useful

to merge the data of complementary systems to increase the

usefulness of the data. An area in which this increase in spatial

resolution would be beneficial is image classification. High resolution

spectral imagery hopefully can produce class maps that are more

detailed than class maps generated from low resolution multispectral

imagery.

An example of where this type of merger would be beneficial is

when one sensor possesses high spectral resolution but has relatively

low spatial resolution and the other sensor has high spatial resolution

but has low spectral resolution. This is the case for the Landsat



Thematic Mapper (TM) imagery and the French satellite Systeme

Pour l'Observation de la Terre (SPOT) imagery.

The SPOT sensor records a panchromatic channel that has a

ground instantaneous field-of-view (GIFOV) of 10m. While this

image has high spatial information content, it has little, if any, useful

spectral information that might be used in an image classification

routine. The Landsat TM records seven high spectral resolution

bands at low spatial resolution. The TM sensor has a 30m GIFOV for

its bands {1,2,3,4,5,7} and a 120m GIFOV for its band 6. More

information on the ground cover could be obtained if classification

maps were produced at higher spatial resolution.

1.2 Resolution Enhancement Routines

There are a host of enhancement routines that have been

developed for the purposes described above. This thesis examined

the usefulness of six of these routines. Three of the routines were

outlined by Chavez (1991). They included an Intensity-Hue-

Saturation (IHS) transformation routine, a principal component

routine, and a high-pass filter technique. The other three techniques

were outlined by Salvaggio, et al. (1991). They represent three

routines developed by the Digital Imaging and Remote Sensing (DIRS)

laboratory, at the Rochester Institute of Technology. These routines

are the Ratio technique, the Extended Regression technique, and the

Global Coefficient technique.



1.3 Comparison of the Different Routines

The 30m resolution, original Landsat TM scene was considered

to be the truth image. The enhancement routines were implemented

on imagery that was reduced in resolution, such that a method for

analyzing the results was possible. The reduced resolution 90m

Landsat TM and the 30m SPOT imagery was enhanced back to the

original Landsat TM 30m resolution. This was done for comparison

purposes only. Practical implementation of these routines would

involve taking the Landsat TM 30m imagery to the SPOT 10m

resolution.

These six enhancement routines were analysed for their ability

to create a high resolution class map. The hybrid class maps were

compared to the low resolution class map to show that there was an

improvement in classification accuracy, resulting from the use of the

hybrid images, which was the case for most of the scenes tested. The

hybrid images were also compared to the truth image to examine

how well the enhancement routines preserved the radiometry of the

original image. The truth image and class map were considered to be

the best possible reproductions of the scene.



2.0 Summary

The results obtained from this study showed that the DIRS

global regression routine provided the best enhancement of a low

resolution multispectral image by merging it with a high resolution

panchromatic image. These results were most pronounced for image

bands that were uncorrelated with the panchromatic image. In

general, the routines tested performed best on the imagery that

contained a range of spatial resolution features. Not surprisingly,

imagery that contained very low frequency features was not

enhanced well.

The principal component and the intensity-hue-saturation

transformations were the most limited of the methods tested. The

intensity-hue-saturation routine was limited by the fact that it could

only be implemented on imagery that contained three spectral bands

and it produced hybrid imagery that had very high image RMS

errors when compared to a truth image. The principal component

routine was limited in its enhancement abilities since it failed to

produce realistic imagery for the spectral bands that were

uncorrelated with the high resolution panchromatic image. When

uncorrelated spectral bands were included in the enhancement

process, a contrast reversal was obtained between the vegetation and

the urban features.

The results for the high-pass filter routine showed that this

method was not as robust as the DIRS routines. While it had some



attractive features, including ease of implementation, it was not a

good technique overall.



3.0 Background and Literature Review

For more than a decade, the remote sensing community has

seen increasing interest in the field of multi-sensor data fusion. This

is primarily due to the availability of a large quantity of high quality,

inexpensive digital imagery of the earth's surface. In addition to the

large data base of imagery that is available, many of the sensors

provide complementary data sets. For example, consider the case of

Landsat TM and SPOT. The SPOT sensor provides detailed spatial

information while the TM sensor provides detailed spectral

information. These data come from common areas and compliment

each other well.

As a result of the attention given to the idea of multi-sensor

fusion, a wide variety of data fusion or enhancement routines have

been proposed. These routines include procedures that are designed

to merge for visual enhancement, merge by separate manipulation of

spatial information, and merge to maintain the radiometric fidelity of

the hybrid imagery (Chavez, 1991; Salvaggio, 1991).

In order to understand the applications of these merger

routines, it is useful to discuss some of the sensor limitations that

motivated this research.

3.1 Spatial and Radiometric Resolution

There are always tradeoffs associated with the design of an

electro-optical imaging sensor. One important tradeoff is the



sacrifice of spectral resolution as a result of higher spatial resolution,

or vice versa.

For the rest of this thesis, spatial resolution will represent how

finely a sensor can capture spatial information on the ground. The

units for spatial resolution will be given in line pairs per meter

(lp/m) or more often in terms of the sensor's ground instantaneous

field-of-view (GIFOV).

The GIFOV of a sensor is the projection of the sensor's detector

through its optical system onto the ground and has units of distance.

In most cases the limiting factor on a sensor's resolution is its

detector. Therefore, two sensors with the same optics and different

sized detectors will have different GIFOV's. The sensor with the

smaller detector will have a smaller GIFOV.

Spectral resolution refers to the width of the spectral

bandpass over which the energy is collected. A narrower spectral

bandpass has higher spectral resolution than a wide bandpass.

Some multispectral sensors have high spectral resolution but

they lack detailed spatial resolution. This is particularly true for

hyper-spectral sensors or imaging spectrometers. In most instances,

the radiance that reaches the sensor in a narrow bandpass is small.

Therefore, the primary reason for the lack of spatial resolution is

that the detectors must be kept large in order to capture enough

radiation to keep the signal-to-noise ratio (SNR) of the sensor high.

When these large detectors are projected onto the ground, they cover

a large area which decreases their spatial resolution.



3.2 Literature Review of Multispectral Image Merger

Due to the tradeoffs encountered in the design of an airborne

or space-based imaging system, there are a variety of remote sensing

systems required to collect the different types of data that exist.

These systems include the NASA Landsat Thematic Mapper (TM), the

NASA Multispectral Scanner (MSS), the French satellite Systeme Pour

l'Observation de la Terre (SPOT), and the NOAA Advanced Very High

Resolution Radiometer (AVHRR) sensor, to name only a few

(Lillesand and Kiefer, 1987). Since these systems often complement

each other, it seems as though it would be possible to incorporate the

important information from one system with the important

information of another.

In the past, studies have given support to the idea of image

merger. Daily et al. (1979) and Chavez et al. (1983) merged airborne

and shuttle based (SIR-A) imagery with Landsat MSS imagery.

Imagery from the Return Beam Vidicon was digitally combined with

imagery from Landsat MSS by Lauer and Todd (1981). These

studies, as well as others, introduced image merger as a useful

technique for enhancing image interpretation. Data collected from

the SPOT high resolution video (HRV) and Landsat TM sensors have

propelled image merger research further.

Most of the image merger techniques can be broken down into

the following three categories (Chavez, 1991; Salvaggio, 1991).

Image Merger for Enhancement of Visual Display



Image Merger by Separate Manipulation of Spatial

Information

Image Merger to Maintain Radiometric Fidelity

3.2.1 Image Merger for Enhancement of Visual Display

Merger for display purposes only have been termed ad hoc

techniques by Price (1987). These techniques focus on the visual

enhancement of the imagery for interpretation purposes. They do

not take much care in preserving the radiometry of the imagery.

Welch and Ehlers (1987) gave two examples of generic, visual

enhancement routines given by equations 3.2.1.1 and 3.2.1.2:

XS- = ai-VxSi-P + bi (3.2.1.1)

or

XS{
= aj (wiXSi + w2P) + bi . (3.2.1.2)

where XS- is the digital count for a pixel in the ith
spectral band of

the high resolution hybrid image, XSi is the digital count for a pixel in

the itn
spectral band of the low resolution multispectral image, P is

the digital count of the corresponding pixel in the high resolution

panchromatic image, wj and W2 are weighting factors, and ai and bj

are scaling factors that fit the output image into the dynamic range

of the display system.

Cliche et al. (1985) used techniques similar to those described

by equations 3.2.1.1 and 3.2.1.2 for the visual enhancement of SPOT

10m panchromatic and 20m multispectral imagery. They concluded



that by using these techniques it was possible to increase the visual

spatial resolution of SPOT multispectral imagery by integrating the

10m panchromatic image and the 20m multispectral images. This

merger gave rise to. an image that looked very similar to a color

infrared aerial photograph. This, they concluded, would allow for the

use of spaceborne images to be analyzed by those familiar with

visual photo-interpretation.

Other ad hoc techniques have been used by Chavez (1984,

1986) to merge SPOT and TM imagery as well as a TM image and a

high resolution panchromatic aerial photograph. Hashim (1988)

simply superimposed registered TM and MSS imagery to improve

visual interpretation.

3.2.2 Image Merger by Separate Manipulation of Spatial

Information

There is a class of image merger routines that fits into the set

of enhancement procedures that merge by separate manipulation of

the spectral and spatial information of the scene. Chavez (1991)

defined three such routines, an IHS transform, a principal component

analysis procedure, and a high-pass filter technique.

These routines rely on the assumption that an image is

composed of low and high frequency components. The high

frequency components contain the spatial detail, while the low

frequency components contain the spectral information. Since the

images are composed of two frequency components, it seems feasible
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to manipulate these components separately. These routines attempt

to preserve the spectral information of the hybrid image.

IHS Transformation

The IHS transformation procedure transforms a red-green-blue

(RGB) image into a intensity-hue-saturation (IHS) vectorial space

(Haydn et al., 1982). The premise behind this enhancement routine

is that most of the high frequency spatial information is contained in

the intensity image and most of the spectral information exists in the

hue and the saturation images.

Using these assumptions about the information content of the

image, the processed high resolution panchromatic image is

substituted for the intensity image that results from the IHS

transform and an IHS-to-RGB transformation is applied. The result is

a high resolution color hybrid image, whose spatial resolution comes

from the panchromatic image and whose color information comes

from the low resolution multispectral image. The high resolution

image maintains the same color balance, on average, as the original

low resolution multispectral image.

The theory behind this technique is that the boundary changes

that we see in an image are due more to variations in intensity than

in differences in color. This substantiates the use of the high

resolution panchromatic image as the basis for determining

boundaries in the hybrid image, as long as the panchromatic image is

highly correlated with the multispectral image bands used in the

transformation.

1 1



The equations used in the forward RGB-to-IHS transform and

the reverse IHS-to-RGB transform are given in Appendix A.

This technique has been shown to give an improvement in

visual interpretability for merged SPOT 10m panchromatic and 20m

multispectral imagery (Carper et ai, 1990; Welch and Ehlers, 1987).

The IHS transform has also been used to enhance SIR-A and TM

imagery (Curlis et al, 1986).

Principal Component Analysis Technique

Chavez (1991) described an image merger routine that utilized

a principal component algorithm to merge the SPOT panchromatic

image with the TM reflective multispectral image bands. This

procedure involves the computation of the principal component

image of the TM image. Details of a principal component

transformation are given in Appendix B.

In this procedure, the first principal component image is

replaced by the processed high resolution SPOT panchromatic image.

Before the SPOT panchromatic image replaces the first principal

component image, the contrast of the panchromatic SPOT image is

stretched to have approximately the same mean and variance as the

first principal component image. The assumption implicit in this

technique is that the first principal component image will contain the

information that is common to all of the reflected spectral bands.

The spectral information contained in the multispectral TM scene will

be mapped into the other principal component bands (Chavez and

12



Kwarteng, 1989). After an inverse principal component transform is

performed, the spectral content of the original imagery should

remain in tact, while the spatial resolution is increased.

High-Pass Filter Technique

Schowengerdt (1980) realized that data compression routines

must be designed to preserve an image's radiometry, resolution, and

geometry in order for that routine to be useful. He described a two-

stage process that consisted of the compression and reconstruction of

multispectral image data. In order to reduce the amount of

information transmitted by a sensor, he recognized that it should be

possible to transmit a mixture of high spatial resolution spectral

bands and low spatial resolution spectral bands.

Schowengerdt theorized that only one or two high resolution

spatial bands were necessary to define the majority of the edge

information of the scene. According to him, the majority of the edges

found in a scene are shadows due to topography. These shadows

should occur in all of the reflected solar spectral bands

(Schowengerdt, 1983). He also claimed that the high frequency

spatial components should be correlated on a band-to-band basis.

Based on these factors, Schowengerdt suggested a

reconstruction routine designed to recover the lost spatial resolution

of the compressed image bands. The full resolution imagery is

defined as having two distinct components, whereby

ij
= low-pass (ij) + Kj high-pass (ip) (3.2.2.1)
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ij represents the jth spectral band of the hybrid multispectral image,

Kj is a constant designed to control the contrast of the hybrid image,

and ip is the high resolution band used for the edge detail. The value

for Kj is designed to ensure that the contrast in the hybrid bands is

affected equally by the edge enhanced imagery. Kj is given by the

relationship:

KJ=
n

^
,

, : (3.2.2.2)J

Op (low resolution)

where (7j is the standard deviation of the jtn low resolution band, and

Op is the standard deviation of the band used to predict the edge

information at the same resolution as the low resolution bands.

Chavez (1991) showed that a technique similar to that outlined

by Schowengerdt produced significant improvement in the visual

interpretation of the hybrid imagery as compared to the original TM

scene. The technique simply added a high-pass filtered version of

the panchromatic SPOT imagery to the multispectral imagery of TM.

This technique was shown to give superior results over the IHS

transform and the principal component techniques.

On the surface, this technique resembles the ad hoc techniques

outlined by Price (1987). However, if one examines the nature of the

high-pass filtered image, this is not the case. The ad hoc techniques

do not take any care in preserving hybrid image radiometry.

Chavez's high-pass filter on average will tend to preserve the

radiometry of the hybrid image. The theory behind this is that the

14



imagery is composed of a low frequency spectral component and a

high frequency spatial component.

In Chavez's technique, the spectral information is not altered

much, on average. This is because the histogram mean of the high-

pass filtered image should tend to be around zero (Schowengerdt,

1980). The convolution filter, h(x), that Schowengerdt used to

illustrate this point is shown in equation 3.2.2.3. Since Chavez added

a zero mean function to the spectral imagery, the average spectral

radiometry does not change.

1 -1

1 8 -1

1 -1 -1.

h(x) = -1 8 -1 (3.2.2.3)
-1 -1.

Image Merger to Maintain Radiometric Fidelity

It is important to realize the difference between the creation of

a simulated high resolution GIFOV image for display purposes and

one for mathematical image analysis. If automated image analysis is

the end goal of an image merger routine, then visual display becomes

less important and radiometric accuracy becomes more important.

The next set of enhancement routines is designed to produce hybrid

imagery that has the highest radiometric correlation with a true high

resolution scene. These images are the result of attempts to

reproduce the actual radiometry of an image collected by a sensor

with a high resolution GIFOV.

Pradines (1986) describes a routine designed to merge SPOT

panchromatic imagery with the SPOT multispectral image bands. His
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procedure requires that the SPOT panchromatic image is highly

correlated with the SPOT multispectral bands. Figure 3.2.2.1

illustrates Pradines merger routine given in equation 3.2.2.4,

XP(i) = X
(P(1)+p(27+Jp(3)+p(4))

P=l.--*) (3.2-2.4)

where XP(J) is the digital count (DC) of the high resolution hybrid

multispectral image pixel in the Jth
position, P(J) is the DC of the high

resolution panchromatic in the Jth
position, and X is the DC of the low

resolution multispectral superpixel. This technique preserves the

radiometry of the multispectral (X) superpixel by having,

4

X= ^XP(J) (3.2.2.5)
J = 1

The short coming of Pradines routine is that it does not account

for bands that are weakly correlated with the panchromatic image.

Price (1987) proposed a two-stage processing algorithm that deals

with bands that are weakly or strongly correlated with the

panchromatic image.
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P(l) P(2)

P(3) P(4)

l I

XP(1) XP(2)

XP(3) XP(4)

Figure 3.2.2.1 Illustration of
Pradines'

(1986) Merger Routine

Stage 1 of Price's routine is designed for multispectral image

bands that are highly correlated with the panchromatic image.

Therefore, these bands should be linearly related to the

panchromatic image. A linear equation for the relationship between

the low resolution multispectral image bands and a low resolution

version of the panchromatic band can be written as,

XSi = aj Plow + bj (3.2.2.6)

where XSi is the DC of the superpixel in the ith
spectral band of the

low resolution image, aj and bi are the ith band least squares

regression coefficients of the linear fit, and Piow is the corresponding

DC of an averaged low resolution panchromatic image superpixel. A

superpixel is defined by the area encompassed by pixel x in Figure

3.2.2.1. Once the regression coefficients aj and bi are found by

regressing Piow against XSi, the high resolution hybrid version of the

multispectral image can be determined by,
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XS'i = aj . Phigh + bi (3.2.2.7)

XS' XS'-

Hybrid* =

xs'.^J,
(3.2.2.8)

where XS'i is DC of the estimate for the ith band of a high resolution

version of XSi, Hybridi is the ith band DC for the final high resolution

hybrid multispectral image, and XS'(ave,i) is the average DC of the

corresponding XSi superpixel.

Figure 3.2.2.2 gives a pictorial illustration of Price's stage 1

merger routine. The results from this routine are similar to
Pradines'

(1986) technique. These methods differ in the fact that Price uses an

estimate for the high resolution multispectral bands while Pradines

uses the panchromatic image. In addition, the superpixel DC average

in Price's hybrid image equals the DC of the original multispectral

image, while the DC of
Pradines'

hybrid superpixel equals the sum of

its elements.

Price deals with the uncorrelated spectral bands differently

than the correlated spectral bands. Stage 2 of his technique involves

the creation of look-up-tables (LUT) between the high resolution and

the uncorrelated multispectral bands. The LUT's are created as

follows (see Figure 3.2.2.3).

1.) Create a low resolution panchromatic image by

averaging within a low resolution superpixel in the

panchromatic image.

2.) Choose the first DC in the low resolution panchromatic

image.
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3.) Determine all the superpixel positions of that DC in the

low resolution panchromatic image.

4.) Locate those superpixels in the ith band of the low

resolution multispectral image.

5.) Calculate the mean of these multispectral superpixels.

6.) Repeat steps 2 - 5 for all of the DCs in the

panchromatic image.

7.) These means correspond to the DCs associated with

the panchromatic image to form a LUT for the ith

spectral band.

8.) Repeat steps 2 - 7 for all of the uncorrelated spectral

bands.

Once these spectral LUT tables have been created, they can be used

to create high resolution estimates of the uncorrelated multispectral

bands using the procedures given by stage 1 for the correlated

bands. The hybrid multispectral bands are created using these

estimated high resolution multispectral bands in the same manner as

the correlated bands in stage 1 (equation 3.2.2.8). Munechika (1990)

gave a routine that was more effective than
Prices'

routine.

Munechika's (1990) routine is detailed in section 3.3.1.

Most of the routines that have been described here are

designed to produce hybrid imagery for interpretation purposes

only. While these routines are acceptable for producing imagery that

aids in image interpretation, they do not adequately preserve the

radiometric integrity of the hybrid imagery necessary for automated

analysis. This has motivated the Digital Imaging and Remote Sensing

laboratory (DIRS) to develop routines that preserve the radiometry

of the hybrid imagery as well as produce imagery that enhances

visual interpretability.
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Figure 3.2.2.2 Price's (1987) stage 1 merger routine for bands

correlated with the panchromatic image.
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Figure 3.2.2.3 Creation of the multispectral LUT for the

uncorrelated spectral bands given in stage 2 of Price's (1987)

techniques.
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3.3 The DIRS Techniques

The image merger techniques created by the Digital Imaging

and Remote Sensing (DIRS) laboratory are all designed to produce

hybrid imagery from high resolution panchromatic imagery and low

resolution multispectral imagery. These hybrid images are created

with as much radiometric accuracy as possible. The need for

radiometric purity has led to the production of a series of routines

that were designed to deal with the problems associated with

multispectral, multi-resolution image merger.

One of the key issues associated with this type of merger is the

problem of spectral bands that are uncorrelated with the high

resolution panchromatic image. The extended regression and the

global coefficient techniques created by DIRS are designed to treat

the uncorrelated spectral bands with care. The ratio method is

designed to be used on spectral bands that are highly correlated with

the panchromatic image (Salvaggio et al., 1991; Warnick et al., 1989).

3.3.1 Ratio Method

The ratio method described by Warnick et al. (1989) and later

modified by Munechika (1990) and Salvaggio et al. (1991) was

demonstrated using SPOT panchromatic imagery and Landsat TM

multispectral imagery. This procedure was similar to those

presented by Price (1987) and Pradines(1986). Preparation of the

imagery consisted of pixel replicating and blurring the multispectral

image such that the appropriate number of high resolution
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panchromatic subpixels corresponded to an appropriate sized low

resolution multispectral superpixel. Figure 3.3.1.1 gives a pictorial

representation of the relationships that exist between the imagery

used in the DIRS techniques. In this technique, the high resolution

image was registered to the low resolution multispectral imagery in

order to preserve the radiometric fidelity of the multispectral

imagery.

The ratio method is given by:

r\/~' nr^ DClow Res XS(i) ,-, ^ -i -i\

DCHybrid XS(i)
= DCffigh Res Pan

=

(3.3.1.1)
LL pan

where DCHybrid XS(i) is the DC of the ith
spectral band of the high

resolution hybrid multispectral image pixel, DCHigh Res Pan is the DC

of the high resolution panchromatic image subpixel, DClow Res XS(i) is

the DC in the itn band of the low resolution superpixel for the original

multispectral image, and IE pan is the DC of the superpixel for the

low resolution panchromatic image.

The low resolution panchromatic image, DC pan, is a blocked

and blurred version of the high resolution panchromatic image. The

low resolution panchromatic image is at the same resolution as the

low resolution multispectral image.
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Panchromatic
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Figure 3.3.1.1 Pixel size relationship between superpixels and

subpixels

The theory behind the ratio method is that the radiometric

units in equation 3.3.1.1 will be from the low resolution multispectral

image, since the panchromatic radiometric units will be cancelled by

the division of the high resolution panchromatic DC and the low

resolution panchromatic image DC.

Warnick (1989) and Munechika (1990) showed dramatic

results by using the ratio method to merge SPOT and Landsat TM

imagery. The results showed that this technique works well for the

spectral bands that are highly correlated with the panchromatic

imagery. As the imagery becomes less correlated with the synthetic

panchromatic image, it is less likely that the radiometric integrity of

the image can be maintained.

One area in which the ratio method defined by Warnick (1989)

failed was when a superpixel contains mixed ground cover classes.

The reason that the ratio method failed was because the DC of the

low resolution image could not be broken down according to the class
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that was most dominant in that superpixel. As a result of these

difficulties Warnick (1989) proposed a searching algorithm and

Munechika (1990) employed it.

Currently, the ratio method uses an adaptive searching pattern

to account for mixed superpixels. Mixed superpixels are defined as

having a standard deviation higher than a pre-defined threshold

(Munechika, 1990). The standard deviation comes from the

subpixels in the panchromatic image that correspond to a given

superpixel in the multispectral image. If the standard deviation of

the superpixel is higher than the threshold, then the adaptive

searching algorithm is employed.

This routine works by comparing the DC of the high resolution

panchromatic pixel with the mean DC of the neighboring superpixels,

in the high resolution panchromatic image. The superpixel that has a

mean closest to the high resolution panchromatic pixel is used for the

ratio equation given in equation 3.3.1.1. Figure 3.3.1.2 shows the

superpixels to which given subpixels will be compared in the

adaptive searching algorithm.
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Group of high resolution pixels

Neighboring superpixels

Figure 3.3.1.2 Possible superpixel neighbors for each pixel in

the high resolution image; Subpixel to superpixel ratio 5:1.

The ratio method proceeds as follows for the high resolution

pixel at position (i,j):

1.) Compute the standard deviation of the superpixel that contains the

pixel at position (i,j).

2.) Compare the standard deviation to the defined threshold for mixed

pixels. If the standard deviation is higher than threshold, goto

step 3; otherwise goto step 5. (If the standard deviation is lower

than the threshold, then the pixel is pure and the ratio is defined

for that superpixel)
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3.) Compute the averages of the neighboring superpixels as laid out

in Figure 3.3.1.2.

4.) Compare the DC of the high resolution pixel at position (i,j) to the

means of the neighboring superpixels. Determine the superpixel

with the smallest difference to the pixel at (ij)

5.) Calculate the ratio between the multispectral superpixel,

determined in step 2 or step 4, with its corresponding low

resolution panchromatic superpixel.

6.) Compute the hybrid image pixel for the position (ij) by
multiplying the ratio obtained in step 5 by the DC of the high

resolution panchromatic image at position (ij).

This procedure is done for all pixels in the high resolution

panchromatic image for each spectral band.

3.3.2 Extended Regression Method

The extended regression method was developed by DIRS

(Salvaggio, et al. 1991) to help to produce radiometrically correct

hybrid imagery in the spectral bands that are weakly correlated with

the panchromatic image. This resulted from the ratio method's

inability to accurately predict these bands. The extended regression

method uses the ratio method to predict the spectral bands that are

highly correlated with the panchromatic image. For weakly

correlated bands, a linear relationship is created between this band,

the low resolution forms of the previously predicted bands, and the

low resolution panchromatic image. The values for the hybrid bands

are predicted using the following procedure:

1.) Specify a threshold, T, for strong correlation between the low

resolution multispectral bands, LRXS(n) and the low resolution

panchromatic image, LRP.

2.) Determine which of the LRXS(n) image bands have a correlation

with the LRP greater than or equal to the threshold T.
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3.) For the LRXS(n) image bands that pass the criteria established in

Step 1, perform the first order linear enhancement of the form

LRXS(n) = ao + aiLRP + e (3.3.2.1)

using the ratio method, where ao is zero for the ratio method, and

ai is the ratio of the LRXS(n) and LRP. For the image bands that

fail to pass the criteria established in step 1, proceed to Step 4.

4.) For those bands which do not meet the criteria established in Step
1, perform a first order (multiple linear, 2-term) regression of

the form

LRXS(n) =
a0 + aiLRP + a2LRXS(i) + e(i) (3.3.2.2)

where n is a spectral band not predicted in Step 3, i is a spectral

band predicted by Step 3 that minimizes the error e(i), and {ao,

ai, a2} are coefficients of the multiple linear regression.

4a) The predicted LRXS(n) image is correlated with the r.h.s of

equation 3.3.2.2. If the correlation exceeds or equals the

threshold, T, established in Step 1 then the HRHXS(n) image

can be predicted as follows:

4al.) The coefficients {ao,ai,a2} are generated locally for

each of the superpixels using the LRXS images (given

by the relationship in equation 3.3.2.2), following the

search pattern shown in Figure 3.3.2.1. The

neighborhood that minimizes the error term {e} is

used to predict all of the high resolution pixels,

HRHXS(n), in the present superpixel.

HRHXS(n) = ao + aiHRP + a2HRHXS(i) + e(i) (3.3.2.3)

Note: If the present superpixel and all of its

neighboring superpixels have the same DC then that

DC is directly substituted for the HRHXS(n) pixel.

If the correlation between LRXS(n) image and the r.h.s. of

equation 3.3.2.2 is less than the threshold, T, established in Step 1

then goto Step 5.

5.) For those spectral bands that failed to meet the correlation

threshold, T, established in Step 1 after the 2-term regression

scheme of Step 4, a 3-term routine is initiated. This routine uses

all combinations of the previously predicted spectral bands and

the low resolution panchromatic image (LRP) to predict the

remaining uncorrelated bands. The linear equation for the 3-

term enhancement is:

LRXS(n) = a0 + aiLRP + a2LRXS(i) + a3LRXS(j) +e(ij) (3.3.2.4)
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where {ao,ai,a2,a3) are coefficients of the linear regression, and

{ij} are indices of previously predicted bands that minimize the

error e(ij).

5a.) The HRHXS(n) imagery is created using the localized

neighborhood search illustrated in Figure 3.3.2.1 and the

relationship

HRHXSfn) =
ao + aiHRP + a2HRHXS(i) + a3HRHXS(j) + e(i,j)

(3.3.2.5)

where {ao, ai, a2, a3} are determined from the localized

search used above and equation 3.3.2.4, HRHXS(i) and

HRHXS(j) were created previously in Step 3 or Step 4.

The extended regression method described above stops after

the 3-term linear regression. If the multiple correlation between the

LRXS(n) image and the previously predicted bands does not exceed

the threshold, T, the 3-term linear regression is still used. It would

be possible to add a third or fourth previously predicted band to

help increase the multiple correlation between the LRXS(n) image

and the previously predicted bands, but this would be very compute

intensive.
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Figure 3.3.2.1 The four search neighborhoods used in the

extended regression enhancement routine.
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Salvaggio et al. (1991) showed that the hybrid imagery created

using this technique produced extremely
"noisy"

results in areas of

the low resolution multispectral imagery that had uniform DC

distributions. They attributed the noise to the fact that the

regression equations were computed over a small localized window

around the superpixel of interest. This window only contained six

superpixels. Assuming there was at least a small variation in the

superpixel data, the resulting regression equation can be used.

However, the prediction might not be statistically significant, due to

the low number of data points used to generate the regression

coefficients. In order to analyze the significance of the regression

coefficients, {ao, ai, a2, ... an}, analysis of the variance (ANOVA)

associated with these coefficients must be employed.

3.3.3 Global Coefficient Method

The global coefficient method, described by Salvaggio et al.

(1991), was developed to address the blockiness and noise created in

the hybrid imagery resulting from the extended regression

enhancement method. The blockiness and noise were due to areas of

uniform brightness in the low resolution imagery. The global

coefficient method tries to create a more statistically significant

regression equation used in the prediction of the high resolution

hybrid imagery. This is achieved by forming a larger data base for

the creation of the regression coefficients.

The data used to determine the coefficients of the linear

regression come from image-wide ground cover classes rather than
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localized windows around a given superpixel. The ground cover class

image is created from the low resolution multispectral and high

resolution panchromatic imagery, using an unsupervised

classification routine.

The logic used in the global coefficient method is very similar

to that used in the extended regression method (see Figure 3.3.3.1).

Spectral bands that are highly correlated with the low resolution

panchromatic image, LRP, are processed using the simple ratio

method. The weakly correlated bands are processed in the same

manner as the extended regression method except that they are done

on a class basis. Using an unsupervised class map, a superpixel is

placed into a defined class. The regression equations used in Steps 4

and 5 of the extended regression method are solved on a class basis

rather than a localized superpixel basis. The same set of regression

equations are used for every superpixel that falls into a given class,

in each of the steps outlined for the extended regression method. As

with the extended regression method, the global coefficient routine

stops at 3 terms. For the spectral bands, which still do not meet the

multiple correlation criteria established in Step 1 of the routine, the

3-term solution is still used.
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Figure 3.3.3.1 Illustration of the global coefficient routine.
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4.0 Approach

4.1 Preparation of Imagery

4.1.1 Selection of Image Site

The first stage in the preparation of the imagery was to select

the scenes to be used to test the enhancement routines. The images

that were used in this study were from Landsat TM bands

{1,2,3,4,5,7} and from the SPOT panchromatic channel. These images

are of Rochester, New York, and surrounding Monroe county and

represent a mixture of rural, suburban, and urban areas. Three

images were selected to test the enhancement routines, including a

rural image, a suburban/urban-residential image, and an urban-

residential/urban-industrial image.

The multispectral rural image came from TM imagery of

Churchville, NY, acquired on 6/15/87. This image contained TM

bands 1-7. For this study, bands {1,2,3,4,5,7} were used. The

thermal band 6 was not considered. The original scene that was

acquired from Landsat was 512 pixels in both the vertical and

horizontal dimensions. A subset image of this area was selected for

this study, containing 169 rows by 169 columns. The upper left

coordinate of the subset image was [157, 345] and the lower right

coordinate was [325, 512].

The multispectral urban-residential/urban-industrial image

came from TM imagery of Rochester, NY, acquired on 6/15/87. This

image contained TM bands 1 - 7. For this study bands {1,2,3,4,5,7}
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were used. The thermal band 6 was again not considered. The

original scene that was acquired from Landsat was 512 pixels in both

the vertical and horizontal dimensions. A subset image of this area

was selected for this study, again containing 169 rows by 169

columns. The upper left coordinate of the subset image was [249, 92]

and the lower right coordinate was [416, 259].

The panchromatic image for the Churchville and Rochester

scenes were sampled from a SPOT image of the Upstate New York

region, acquired on 6/10/87. The full SPOT image contained 5999

rows and 8640 columns. For the Churchville scene, a subset image

that corresponded to the TM imagery was created by cutting a 1023

x 1023 piece from the full SPOT image. The upper left coordinates for

the subset were [576, 4770] and the lower right coordinates were

[1599, 5793]. For the Rochester scene, a subset image that

corresponded to the TM imagery was created by cutting a 600 x 600

piece from the full SPOT image. The upper left coordinates were

[3102, 2967] and the lower right coordinates were [3701, 3566].

The suburban/urban-residential imagery, named Cobb's Hill for

this study, was generated in a previous study conducted by the DIRS

laboratory. The details of the image's origin were unknown, except

that the multispectral image contained 504 rows and 504 columns,

and six spectral bands {1,2,3,4,5,7}, while the panchromatic image

contained 504 rows and 504 columns and one spectral band.

For completeness, all of the imagery used in this study has been

archived with the DIRS laboratory for any future work.
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4.1.2 Geometric Registration

Once the imagery was selected, the SPOT panchromatic image

was geometrically registered to the Landsat TM image. In order to

register the two images, the low resolution TM image was pixel

replicated until the individual TM subpixel size matched the high

resolution SPOT pixel size. For the images used in this study, the

30m TM pixel was magnified three times such that any one TM pixel

was broken down into a 3 x 3 block of 10m pixels. Figures 4.1.1-

4.1.2 show the relationship between the original TM image with

single pixel sizes of 30m and the pixel replicated version of this

image with a 30m block of 10m pixels. This 3x3 block of pixels was

called a superpixel, while the elements inside this block were defined

as the subpixels. The superpixels were 30m x 30m in size and the

subpixels were 10m x 10m in size. This produced a low resolution

multispectral image that covered approximately the same area as the

high resolution panchromatic image.

This pixel replicated multispectral image was
"blurred"

by

convolving with a low-pass filter of the same dimensions as the

superpixel (3 x 3). The low-pass filter had all elements equal to one.

This
"blurring"

was designed to remove the blocky appearance of the

pixel replicated image. The effects of this process are shown in

Figure 4.1.3.

The registration was accomplished through the selection of

ground control points, the application of a second order polynomial

fit, and resampling using a nearest neighbor resampling routine.
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Listings of the ground control points and coordinate transformation

matrices used in this study are found in Appendix C.

The SPOT images were registered to the Landsat TM images in

order to preserve the radiometric integrity of the TM scene. It was

important not to shift the radiance of the TM scene around much

because we were trying to create a radiometrically true hybrid

image.
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Figure 4.1.1 Original TM Scene with single 30m pixels.
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Figure 4.1.2 Pixel replication of the single 30m TM pixel

to a 3x3 block of 10m TM pixels in order to simulate the

approximate GIFOV of the SPOT panchromatic pixel size.
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Figure 4.1.3 Lowpass filtering designed to reduce the

blockiness of the pixel replicated TM imagery.
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4.1.3 Creation of Truth and Test Imagery

Once the SPOT and TM images were geometrically registered at

30m and 10m resolutions, both image sets were further reduced in

resolution to 90m and 30m resolutions, respectively, to create the

test imagery. This was accomplished by averaging over a defined

area and then sampling the resulting image. The average was

calculated in a non-overlapping area for a given superpixel using the

blocking routine created by the DIRS laboratory. All of the pixels in

this area were then replaced with the average of the window. The

window was then moved to the next non-overlapping area and the

process was repeated.

The blocking factor used to create the 90m multispectral test

imagery was 9. Blocking factors of 3 and 9 were used to create the

30m panchromatic imagery and the 90m panchromatic imagery

respectively. As before, this process resulted in a blocky appearance

of the image. In order to reduce this effect, the image was blurred

with a low-pass convolution kernel. The size of the kernel was the

same size as the non-overlapping window used to create the blocked,

averaged image. The different stages of image preparation are

shown in Figures 4.1.4 - 4.1.10 A summary of the image preparation

parameters used to create the truth and test images is given in Table

4.1.1.
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The 90m low resolution test imagery was run through the

enhancement routines and brought back to the truth imagery

resolution of 30m. This was done so that comparisons between the

truth imagery and the hybrid imagery could be made at the same

resolution.
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Table 4.1.1 Information necessary for preparation of

input imagery

Parameter TM/SPOT

Original GIFOV 30m / 10m

Pixel Replicating
Factor For

Low Res XS

3

Low-Pass Filter

Dimension For

Pixel Replicated

XS

3x3

Pixel Replicating
Factor To Produce

Degraded XS Data

Set

9x9

Low-Pass Filter

Dimensions For

Degraded XS Data

Set

9x9

Blocking Factor

To Produce

Degraded PAN

Data Set

3x3

Low-Pass Filter

Dimensions For

Degraded PAN

Data Set

3x3

Blocking Factor

For Low

Resolution

Version of the

Test PAN Data Set

9X9

Low-Pass Filter

Dimensions For

Low Resolution

Version of the

Test PAN Data Set

9X9

Image Dimensions

of

Original High Res

Pan

Image

504x504
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Figure 4.1.4 Degraded resolution multispectral image

blocked with a 9x9 blocking factor to produce a simulated

90m GIFOV

Figure 4.1.5 Degraded resolution multispectral image

blocked with a 9x9 blocking factor and blurred with a

9x9 averaging kernel to reduce the blocky appearance.
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Figure 4.1.6 Original panchromatic image with a 30m

GIFOV.

Figure 4.1.7 Degraded resolution panchromatic image

blocked with a 3x3 blocking factor to produce a

simulated 30m GIFOV.
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Figure 4.1.8 Degraded resolution panchromatic image

blocked and blurred with a 3x3 blocking factor and

blurred with a 3x3 averaging kernel to produce a

simulated 30m GIFOV.
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Figure 4.1.9 Degraded resolution panchromatic image

blocked with a 9x9 blocking factor to produce a simulated

90m GIFOV.

tK..' ^ *

Figure 4.1.10 Degraded resolution panchromatic image

blocked with a 9x9 blocking factor and blurred with a

9x9 averaging kernel to reduce the blocky appearance.
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4.2 Creation of the Hybrid Imagery

Once the SPOT and TM images were registered, the hybrid

imagery was created. The IHS transform, principal component, and

high-pass filter methods were implemented using the ERDAS system

7.5 image processing software. The three DIRS methods were

implemented using a combination of the ERDAS 7.5 software and

DIRS software. All of the spectral bands were used in the calculation

of the DIRS hybrid imagery. Sections 4.2.1-4.2.6 list the spectral

bands used and the steps required to produce the hybrid imagery,

including any special pre-processing that was necessary.

4.2.1 IHS Transformation Method

The IHS transformation was performed on data sets that

contained bands {1,2,3} and bands {1,3,4}. These sets were used

because they represented two distinctly different data types. The

{1,2,3} band data set contained spectral data that was highly

correlated to the panchromatic image, while the {1,3,4} data set

contained image bands that were uncorrelated and sometimes

negatively correlated with the panchromatic image. These sets were

designed to test the robustness of this enhancement routine. The IHS

transformation routine proceeded as follows:

1.) Select the three spectral bands that were used in the IHS-

RGB transformation routine.

2.) Perform the RGB -IHS transformation using the ERDAS 7.5

software routine ALGEBRA.
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3.) Linearly match the histogram of the high resolution SPOT

panchromatic image to the histogram of the low resolution

intensity image, resulting from the RGB -IHS transform using

the following relationship:

SPOT = -r^SPOT -

^^-
SPOT + IHSi (4.2.1.1)

OSPOT C7SPOT

where SPOT is the DC of the linearly matched panchromatic

image, Cms *s me standard deviation of the intensity band,

^sPOT is the standard deviation of the high resolution

panchromatic image, SPOT is the DC of the panchromatic

image, SPOT is the average DC in the high resolution

panchromatic image, and IHSi is the average DC in the low

resolution intensity image.

4.) Replace the low resolution intensity band of the IHS image

with the linearly matched high resolution SPOT

panchromatic image.

5.) Perform the IHS-RGB transformation, using the ERDAS 7.5

software routine ALGEBRA, to create the high resolution

hybrid multispectral image.

* Details of how to create the IHS hybrid imagery are given in

Appendix D.

4.2.2 Principal Component Method

While the principal component technique is inherently

designed to operate on N number of spectral bands, data image sets

that contained only three spectral bands were used. These spectral

bands sets were the same as those used in the IHS routines

previously described. This was done so that comparisons could be

made between the PC imagery and the IHS imagery. The principal

component routine proceeded as follows:
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1.) Select the low resolution image bands that are to be

enhanced.

2.) Calculate the covariance matrix of the image bands selected

in Step 1, using the ERDAS 7.5 software routine PRINCE.

3.) Calculate the ordered eigenvector matrix from the

covariance matrix, using the EIGEN algorithm written for

this study.

4.) Perform the forward principal component transformation on

the low resolution multispectral image, using the ERDAS 7.5

software routine ALGEBRA.

5.) Linearly match the histogram of the high resolution SPOT

panchromatic image to the histogram of the low resolution

first principal component image, using the relationship given

in equation 4.2.1.1 and the ERDAS 7.5 software routine

ALGEBRA.

6.) Replace the low resolution principal component image with

the linearly matched high resolution SPOT panchromatic

image.

7.) Calculate the inverse eigenvector matrix, using the EIGEN

algorithm.

8.) Perform the inverse principal component transformation on

the low resolution principal component image, using the

ERDAS 7.5 software routine ALGEBRA, to create the high

resolution multispectral image.

9.) Unscale the hybrid image from 16 BIT to 8 BIT data, using

the ERDAS 7.5 software routine ALGEBRA.

* Details of how to create the PC hybrid imagery are given in

Appendix E.
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4.2.3 High Pass Filter Method

For the high-pass filter routine (HPF), spectral bands

{1,2,3,4,5,7} were used for all three scenes. The HPF routine

proceeded as follows:

1.) Convolve the high resolution SPOT panchromatic image with

a Laplacian operator of the form,

0 - 1
0"

- 1 4 -1

0 - 1 0

V= - 1 4 -1 (4.2.3.2)

using the CONVO algorithm written for this study.

2.) Add the scaled 16-bit edge image resulting from Step 1 to

each of the low resolution TM image bands, using the Erdas

7.5 routine ALGEBRA.

3.) Rescale the output 16-bit image to an 8-bit hybrid image,

using the Erdas 7.5 routine ALGEBRA.

* Details of how to create the HPF hybrid imagery are given in

Appendix F.

4.2.4 Ratio Method

1.) Create the low resolution panchromatic image by blocking
the high resolution panchromatic image by a factor of 9 and

then smoothing the resulting image by convolving with a

9x9 averaging kernel of all ones.

2.) Define the standard deviation threshold for mixed

superpixels.

3.) Administer the ratio algorithms using the high resolution

SPOT panchromatic image and the low resolution TM

multispectral image to create the hybrid multispectral

imagery.
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4.2.5 Extended Regression Method

1.) Create the low resolution panchromatic image by blocking
the high resolution panchromatic image by a factor of 9 and

then smooth the resulting image by convolving with a 9x9

averaging kernel of all ones.

2.) Define the standard deviation threshold for mixed pixels

and the correlation threshold, T, for the multispectral image

bands.

3.) Administer the extended regression algorithms using the

high resolution SPOT panchromatic image and the low

resolution TM multispectral image to create the hybrid

multispectral imagery.

4.2.6 Global Coefficient Method

1.) Create the low resolution panchromatic image by blocking

the high resolution panchromatic image by a factor of 9 and

then smooth the resulting image by convolving with a 9x9

averaging kernel of all ones.

2.) Define the standard deviation threshold for mixed pixels,

the correlation threshold, T, for the multispectral image

bands, and the number of ground cover classes present in

the image.

3.) Create the low resolution unsupervised class image, using

the ERDAS 7.5 software routine ISODATA, from the number

of ground cover classes estimated, the low resolution TM

multispectral image, and the high resolution SPOT

panchromatic image.

4.) Administer the global coefficient algorithms, using the low

resolution unsupervised class image, the high resolution

SPOT panchromatic image, and the low resolution TM

multispectral image, to create the hybrid multispectral

imagery.
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4.3 Statistical Analysis of Hybrid Imagery

Once the hybrid imagery was created, it was compared to the

truth and low resolution images. The statistical error analysis

performed in this study consisted of calculating the root-mean-

squared (RMS) difference between the hybrid imagery and the truth

imagery, and determining the differences in classification accuracy

that resulted from the Gaussian maximum likelihood (GML)

classification of the hybrid imagery. The GML classifier is described

in Appendix G.

In order to properly compute the errors in radiometry resulting

from the enhancements, it was necessary to compute the errors on

image sets that were brought from simulated 90m GIFOVs to

simulated 30m GIFOVs. This allowed for the calculation of the RMS

error on imagery with the same resolution (GIFOV).

4.3.1 Image-wide R.M.S. Error

The RMS error, 8, existing between the truth imagery and the

hybrid imagery in the
ith spectral band was computed as follows,

JT(Hybridi(n) -
Truthj(n))2

8(1)= V
^

^ (4.3.1.1)

where Hybridi(n) was the DC for the n*h pixel of the ith spectral band

of the hybrid image, Truthj(n) was the DC for the n*h
pixel of the ith
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spectral band of the truth image (the original TM image at 30m

resolution), and N was the total number of pixels in both images. The

effective RMS difference between the hybrid imagery and the truth

imagery, for all spectral bands was given by:

M

RMS effective = / , ^ (4.3.1.2)

i=l

where M was the number of spectral bands in the imagery. The

units of (i) and RMSeffective were number of digital counts.

4.3.2 Localized R.M.S. Error (Edge Pixels)

In addition to determining the average image-wide RMS

difference between the truth and the hybrid imagery, localized RMS

difference values were computed between the truth images and the

hybrid images, around the edge transition boundaries. The edge

pixels were isolated by multiplying each of the image bands by a

binary edge mask. The binary edge mask contained pixels with DCs

of one in a two-pixel vicinity of a strong edge and DCs of zero in non-

edge areas. The resulting edge images were used to compute the

localized edge RMS difference. This indicated how well the high

frequency, edge information was preserved.

The binary edge masks were created by convolving the high

resolution panchromatic image with the Laplacian filter shown in

equation 4.2.3.1. The absolute value of the resulting Laplacian
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image was used to create an image that contained only positive edge

transitions. For the creation of the binary edge mask, the direction of

the edge transition did not matter, (i.e. light to dark or dark to light),

only that there was an edge present. After the absolute value image

of the Laplacian was created, the binary edge mask was created by

setting areas of weak edge transition to DCs of zero and setting areas

of strong edge transition to DCs equal to one. A description of how

the binary edge mask was created is given in Appendix H.

4.3.3 Classification and Classification Error

4.3.3.1 Selection of Training Data and Classification

Training samples were selected for each of the image sets used

in this study. While a separate set of data polygons was chosen for

each scene (i.e. the Rochester, Churchville, and Cobb's Hill imagery),

all of the hybrid images created for a particular scene used the same

set of polygons. This was done to insure that there were no

differences in how the image classifiers were generated between the

methods, and possibly helped to standardize the classification results

and make intra-method comparisons justifiable.

The training samples selected for all of the scenes were taken

from the high resolution 30m truth multispectral imagery. These

samples were selected to be as pure as possible in both the 30m

scene as well as the 90m blurred scene. Both dependent and

independent samples were taken simultaneously to ensure that the

independent training samples closely matched the dependent

sample. This was important because, in order to test the classifier,
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the means and the standard deviations of the independent data need

to closely match the statistics of the dependent data or the classifier

will not work well. However, it would not be correct to test a

classifier on data that was identical to that used to create the

classifier. The data should be similar but not identical.

In the selection of the training data, polygons that covered the

complete sample of all the major landcover types were chosen. Each

polygon created was treated as a single class. For example, an image

that contained a variety of tree types would be trained by selecting a

sample of each of the tree types. The classifier would be trained on

these different tree types separately. Once the final ground cover

map was generated for these different tree types, they would be

merged into one large tree sample. This type of classification scheme

should have produced landcover maps that were more accurate than

if the tree samples would have been merged prior to the training of

the classifier.

4.3.3.2 Classification Accuracy

The two types of classification errors that were described by

Salvaggio et al. (1991) were considered in this study. The first

method for comparison was an image-wide classification accuracy,

termed GIS error. The second classification accuracy metric was a

classification accuracy on an independent data set similar to the data

set used to generate the classifier. The GIS error metric was used to

compare the
"truth"

class map, obtained from the original TM 30m

imagery, to the hybrid class maps, obtained from a Gaussian
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maximum likelihood (GML) classification. The truth class map and

the hybrid class maps were created using the spectral bands

{1,2,3,4,5,7} for those images that were created using the DIRS

techniques and the high-pass filter technique. In addition, class

maps for bands {1,2,3} and {1,3,4} were created for all of the

techniques tested in this study. This was done so that comparisons

could be made between the techniques that could do enhancement

on more than three spectral bands at a time (e.g. the DIRS

techniques), and those that could only enhance three spectral bands

at a time (e.g. the IHS transform).

4.3.4 GIS Error and Confusion Matrices

The GIS error calculation consisted of a pixel-by-pixel

comparison of the hybrid image's class map (HCM) to the truth

image's class map (TCM). The TCM defined the actual class to which

a given pixel belonged. In the GIS error technique, a given pixel in

the HCM was compared to its corresponding pixel in the TCM. If the

HCM pixel had the same class marker as the TCM pixel, then the pixel

was correctly classified. If the marker values were different, the

HCM pixel was incorrectly classified. Using this logic, confusion

matrices were produced for all of the hybrid imagery. These

matrices indicate the individual class classification accuracies as well

as the overall image classification accuracy.

The second type of classification error that was used in this

study consisted of the calculation of a standard confusion matrix on

an independent data set for each of the hybrid images. These data
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sets were chosen simultaneously with the original, dependent,

training data, such that they contained image pixels that were as

close to the training image pixels as possible. The independent data

sets were classified using the classifier generated from the

dependent data. This allowed for calculation of a confusion matrix for

each hybrid image. The individual class samples were merged

together into a common class after they were classified. For example,

after all of the tree samples were classified separately into their own

class, they were recoded into a common tree class. As before, the

confusion matrices were used to determine the individual class

classification accuracies and the overall image classification accuracy.

This merger process has been illustrated in Appendix I.

Once the confusion matrix for each of the hybrid images was

created, weighted classification accuracies were determined. These

accuracies were
pixel-per- class weighted averages of the overall

image classification accuracies. The pixel-per-class weighted average

is the ratio of the number of pixels in the itn
class to the number of

pixels in the entire image. The number of pixels in the entire image

is based on the classification results of the truth imagery. The

weighted classification accuracy for a given class is defined as

follows:

Weighted Accuracy =

^~*r (4.3.4.1)

where ni is the number of class i pixels correctly classified in image

n, Nj is the total number of pixels in class i as defined by the training
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samples in image n, ri is the number of pixels in class i in the truth

class map, and R is the total number of pixels in the truth class map.

This figure of merit is more worthwhile than a standard average

because it weights the larger classes more heavily in the calculation

of the overall accuracy of the classifier.

4.3.5 Significance Test for Classification Accuracies

In order to justify creating a class map using the hybrid

imagery instead of simply the low resolution TM image, statistical

tests were employed to test the significance of the classification

accuracies generated by the hybrid classifiers relative to the low

resolution classifier. The two statistical techniques described by

Salvaggio et al. (1991) were used to test this significance. The first

was designed to calculate the threshold classification accuracy at

which significant improvement was realized using the test statistic

(z-score) from a test for equality between two proportions. The

second procedure was designed as a test for multiple equality among

proportions employing an rxc table and a
%2 test for equality.

The first method for evaluating the significance of the

classification accuracies involved the calculation of a classification

accuracy threshold for the original low resolution multispectral

image, which the hybrid classification accuracies must exceed to be

considered significantly better. The classification threshold was

calculated from the test statistic for the test of equality between two

proportions. This statistic has the form:

58



xi x_2_

ni n?

z\-a=--^ (4.3.5.1)
1 >

V(^)(1^)(nT +

2j

where xi is the number of successes of type i, n\ is the number of

trials of type i, and ft has the form

A
xi + x?

ft =
'

(4.3.5.2)r

ni + n2

If we let xi be the number of successes for our truth data set (i.e. the

X9

number of pixels correctly classified for the 30m TM scene), then

is the classification accuracy threshold which the hybrid classification

accuracy must exceed to be considered significantly improved. We

assumed that ni = n2
= n for this study since the number of pixels in

the training data was the same for all of the methods. Solving

equation 4.3.5.2 in terms of X2 yields the quadratic form:

ax2 + bx2 + c = 0 (4.3.5.3)

where

a = -

(z].a + 2n) (4.3.5.4)

b = 2nzi_0 + 4nxi -

2xiz1_a (4.3.5.5)

and c = 2nxiz1_a
-

xjZj.a
-

2nx1 (4.3.5.6)

The quadratic formula is best solved as
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with

1 + -U 1 - A
a c

r

X2 :

2

b c 1

"'a^'bF

(4.3.5.7)

(4.3.5.8)

and the classification accuracy threshold is found as:

x?
classification accuracy threshold = (4.3.5.9)

The value obtained in equation 4.3.5.9 was used to determine

whether a given hybrid method significantly increases or decreases

the classification accuracy of the imagery. The first solution to the

quadratic equation given in equation 4.3.5.8 gave the upper limit for

significance while the second solution gave the lower limit. If the

computed classification accuracy statistic was greater than the first

value, then the method was concluded to significantly increase the

classification accuracy of the imagery. Similarly, a value less than

the lower limit showed a significant reduction in the classification

accuracy.

The second test statistic described by Salvaggio was designed

to test for multiple equality among the classifiers which resulted in a

significant increase in classification accuracy obtained from the

different hybrid methods. The test for multiple equality among

proportions employed an rxc table. This table has the following form
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1

Method

2 3

Pixels correctly

classified

Pixels incorrectly
classified

Note: It is assumed that the number of pixels in each column are equal

This table was filled with the number of pixels correctly or

incorrectly classified for each of the hybrid methods. From this

table, an equivalent table was created which contained the expected

frequencies. The expected frequencies, erc, were computed for each

row and column of the table as follows:

(total for row r)(total for column c)
ere

=
77~TT~c TT~T\ (4.3.5.10)c
(total for table)

v

Using this expected frequency table the following hypothesis was

tested.

Ho: pi = P2 = P3
= = Pn (all classification accuracies are equal)

Hi: pi * P2 * P3 * * Pn (all classification accuracies not equal)

The X2 test statistic for this test was computed as:

*2=

Z(0rCercerC>2

(4-3-5'U)

all cells

where orc is the observed frequency in the respective row and

column. This statistic was compared to a %2(l-oc) table statistic with

(rows-l)(columns-l) degrees of freedom. If the test statistic

exceeded the table statistic, the null hypothesis was rejected at a

level of confidence of (1-cc) and the classification accuracies were

concluded to be significantly different. This meant that the method

with highest classification accuracy was the best.
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4.3.6 Rank Order Analysis

The rank order statistic is designed to rank the performance of

the resolution enhancement routines according to the results of the

tests that were performed on the hybrid imagery. These tests are

the image-wide RMS error calculation, the localized edge RMS error

calculations, the independent classification accuracies, and the global

classification accuracies. Each of the hybrid images was ranked for

each of these tests. An average rank was then calculated for each

hybrid image.
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5.0 Results

The results presented in this section come from the resolution

enhancement results for three image sets. All of the multispectral

imagery was derived from the Landsat Thematic Mapper sensor and

the panchromatic imagery from the SPOT sensor. TM spectral bands

{1,2,3,4,5,7} and the panchromatic image from SPOT were the only

bands considered. The three image scenes were selected because the

set gave an overall coverage of the basic landcover types. The

histogram statistics for the three image sets are shown in tables 5.0.1

- 5.0.3. It is important to consider the dynamic range of the image

bands when analyzing the results of the performance tests given in

this section.

Table 5.0.1 Histogram statistics for the Churchville truth and low

resolution data sets

Original TM (30m) Blurred TM Data (90m)

Band Mean a

~3a

Range Mean a

~3a

Range

1 96.03 14.02 84 95.07 11.33 68

2 41.44 9.12 55 40.48 7.39 44

3 43.67 18.07 108 42.69 14.81 89

4 116.51 22.00 132 115.61 17.30 104

5 ! 101.03 23.70 142 100.05 19.52 117

7 40.44 21.27 128 39.46 17.81 107
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Table 5.0.2 Histogram statistics for the Rochester truth and low

resolution data sets.

Original TM (30m) Blurred TM Data (90m)

Band Mean a

~3a

Range Mean a

~3a

Range

1 111.96 16.16 97 110.97 11.78 71

2 45.89 8.99 54 44.91 6.37 38

3 52.17 14.36 86 51.20 10.57 63

4 75.50 18.77 113 74.57 13.88 83

5 76.85 17.65 106 75.85 12.35 74

7 37.88 13.74 82 36.90 10.31 62

Table 5.0.3 Histogram statistics for the Cobb's Hill truth and low

resolution data sets.

Original TM (30m) Blurred TM Data (90m)

Band Mean a

~3o

Range Mean a

~3o

Range

1 97.95 12.69 76 97.38 9.88 59

2 39.66 7.02 42 39.10 5.49 33

3 41.19 12.01 72 40.61 9.46 57

4 97.33 20.70 124 96.74 16.63 100

5 81.03 16.23 97 80.46 13.29 80

7 127.73 29.58 177 127.15 23.86 143

5.1 Selection of the Imagery

The Churchville imagery was representative of a completely

rural landcover type. This image contained mostly farm land with a

few urban features such as a medium sized highway running through

the scene and some small secondary roads. However, the majority of
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the landcover in the image was bare farm fields, planted farm fields,

trees, and grassy fields. This scene was chosen to demonstrate how

the resolution enhancement routines were able to process imagery

that contained mostly low frequency features that have little to no

man-made high frequency texture variations.

The Rochester imagery was selected to represent a typical

urban industrial scene that contained very small samples of

vegetation or water. This image contained very high frequency

features that had resolutions of a few pixels in the SPOT scene. Most

of these features were the tops of large buildings, primary roads,

expressways, secondary streets, and urban-residential areas. This

scene was selected to test the high frequency resolution

enhancement power of the different processes.

The Cobb's Hill imagery was representative of an area that

contained a wide variety of ground cover types. There were areas of

urban-residential housing, suburban-residential housing, primary

roads, secondary roads, highways, and agriculture. This image was

chosen to test the resolution enhancement
routines'

abilities to

process a wide range of textural frequencies and ground cover types.

5.2 Geometric Registration Results

The geometric registration of all three of the image sets was done

using a second order transformation and a nearest neighbor

resampling routine. The SPOT imagery was registered to the TM

imagery in order to maintain the spectral integrity of the

multispectral data. An accurate registration and radiometrically true
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imagery were critical to the success of a merger between the two

data sets. The registration equations created for the Churchville and

the Rochester imagery had RMS errors less than a pixel.
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5.3 Results From the Creation of the Hybrid Imagery

The imagery created in this section came from the merger of

the simulated 30m SPOT panchromatic image with the simulated

90m TM multispectral scene. To illustrate the visual effectiveness of

the resolution enhancement routines used in this study, the 30m

multispectral imagery was merged with the 10m panchromatic

imagery to produce 10m output hybrid multispectral imagery. These

images are given in Figures 5.3.1 -5.3.9. The results of these mergers

are presented in several parts. A summary of the results obtained

from the tests on image-wide RMS error, on localized edge RMS error,

on independent classification error, and on image-wide classification

error are given in Tables 5.3.4- 5.3.12 at the end of this section. The

significance thresholds, used to test the classification accuracies listed

in Tables 5.3.4 - 5.3.12 are given in Tables 5.3.13 - 5.3.18. Listings

of the ranks assigned to the enhancement routines are given in

Tables 5.3.19 - 5.3.27.

The final parameters selected for the standard deviation and

correlation thresholds used in the creation of the DIRS hybrid

imagery were generated as follows. First, a series of hybrid images

were generated using the ratio routine. These images were created

using a series of standard deviation thresholds for mixed super

pixels. The image-wide RMS error was calculated between these

hybrid images and the 30m truth image. The hybrid ratio image that

produced the lowest image-wide RMS error was selected as the

optimal image. The standard deviation threshold used in the

generation of that ratio image was used in the creation of all of the
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remaining DIRS hybrid imagery. Determination of the optimal

correlation threshold used in the creation of the global and the

extended regression routines was similar to the determination of the

optimal standard deviation threshold for mixed superpixels. Once

the optimal standard deviation threshold for mixed superpixels was

known, a series of hybrid imagery was created for the global and the

extended regression routines using that value and a set of correlation

thresholds. The hybrid image that had the lowest image RMS error

with the truth image was treated as the best hybrid image for that

enhancement routine. A summary of the image-wide RMS errors

associated with this imagery is given in Tables 5.3.1 - 5.3.3.

5.3.1 Hybrid Imagery Bands {1,2,3,4,5,7}

The merger described in this section was done on bands

{1,2,3,4,5,7}. Hybrid imagery could only be generated for the three

DIRS enhancement routines and the high-pass filter routine. The

principal component routine was not used to generate hybrid

imagery for all of the spectral bands. This decision was based on the

failure to produce a principal component routine which gave

radiometrically accurate hybrid imagery for the multispectral bands

that were uncorrelated with the panchromatic image. This was

demonstrated by the generation of hybrid principal component (PC)

imagery for the Churchville imagery using bands {1,3,4}. The 30m

hybrid PC image created for these bands was vastly different from

the truth image. The image-wide RMS error between the Churchville

truth image and the hybrid PC image was more than 27 digital

counts. This error was too high to justify creating more hybrid

68



imagery on spectral bands that were just as uncorrelated with the

panchromatic image as the TM band 4 image. More details on the

results for the image merger with bands {1,3,4} are given in section

5.3.3.

5.3.1.1 Image-wide RMS Error Calculations for Bands

{1,2,3,4,5,7}

The image-wide RMS errors obtained between the original low

resolution (90m) Churchville image and the hybrid imagery for

enhancement of spectral bands {1,2,3,4,5,7} showed that the DIRS

global regression routine had the lowest image RMS error of the

hybrid images created. The image-wide RMS errors for the hybrid

Churchville imagery ranged from 6.42 DC for the global regression

technique to 8.21 DC for the high-pass filter image. Similar results

were obtained from the enhancements made to the Cobb's Hill

imagery. The global routine of the DIRS methods produced the

lowest image-wide RMS error.

The image-wide RMS error results obtained from the Rochester

image showed that the extended regression DIRS routine produced

the lowest RMS error rather than the global routine as found with

the other two scenes. This was not surprising since the global

routine was developed for imagery that had a mixture of high and

low frequency features. The extended regression routine is

inherently designed to work on high frequency features, since it

creates a prediction equation for a given superpixel in a localized

region about that superpixel. If this region contains information that

is rapidly changing, the prediction equation will probably be more
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significant than a region of slowly varying features. Prediction

equations with high significance will produce more accurate results.

5.3.1.2 Localized Edge RMS Error Calculations for Bands

{1,2,3,4,5,7}

The results obtained from the calculation of the localized edge

RMS errors for the Churchville hybrid imagery were quite surprising.

The values for these errors were much higher than expected. The

edge RMS error values ranged from 51.35 DC for the original (90m)

low resolution Churchville image to 52.73 DC for the high-pass filter

technique. These values were large because the high frequency

features used to create the edge mask were not able to be

reproduced in the hybrid imagery. Nearly all of the high frequency

features in the simulated 90m image were lost when that image was

created. This was readily noticed around the border between the

highway and the surrounding fields.

In the Churchville 30m truth image, the vegetation came

directly up to the edges of the highway. The highway itself was only

approximately 3-5 pixels in width. When the resolution of the image

was reduced from a 30m GIFOV to a 90m GIFOV, the highway was

virtually eliminated. As a result, the DC of the highway pixels in the

90m image was closer to the DC of the vegetation pixels in the image

than to the DC of the original highway pixels. This caused the RMS

error to be very high in these regions. In addition, areas in which

the original features were smaller than 3 pixels were completely

eliminated by the reduction in resolution from a 30m GIFOV to a
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90m GIFOV. Typically, these features resulted in strong edge

transitions that were used to create the binary edge mask.

The values obtained from the localized edge RMS error

calculations for the Rochester and Cobb's Hill hybrid imagery were

much lower than the values obtained for the Churchville scene. This

was most likely due to more well-defined high frequency features in

the Rochester and Cobb's Hill imagery prior to enhancement. It

appeared as though both the 30m and 90m versions of the

Churchville imagery contained less high frequency information than

the 30m or the 90m versions of the Rochester and the Cobb's Hill

imagery. Therefore, the benefits offered by the resolution

enhancement process were potentially greater, and this was reflected

in the hybrid imagery.

5.3.1.3 Independent Classification Accuracies for Bands

{1,2,3,4,5,7}

The independent classification accuracies for the three image

sets were extremely high. For the spectral bands {1,2,3,4,5,7} of the

Churchville hybrid imagery, the weighted independent classification

accuracies ranged from 99.58% for the truth image to 97.36% for the

high-pass filter technique. Only the 30m truth image produced a

weighted independent classification accuracy that was significantly

better than the 90m low resolution image. This showed that the

hybrid imagery was spectrally less pure than the original 90m low

resolution image. As a result, all of the hybrid imagery had weighted

independent classification accuracies that were significantly lower

than that of the original 90m low resolution image except the ratio
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technique, which was shown to be not significantly different than the

original image.

The results obtained for the Rochester and Cobb's Hill hybrid

imagery were similar to the Churchville results. While the weighted

independent classification accuracies for this imagery were not as

high as the Churchville scene, they were still above 90 percent. As

with the Churchville imagery, the Rochester and Cobb's Hill hybrid

imagery failed to classify significantly better than the original 90m

image. This was a result of selecting training data that was very

pure at the 30m resolution level. As a result, this training data was

more pure at the 90m level than the 30m level.

From the onset, it was believed that this metric would indicate

less about the enhancement process and more about how well the

classifier was trained. These accuracies tended to indicate that the

classifiers were trained better for the lower resolution images. The

reason for this was that the data samples were more spectrally pure

in the low resolution imagery. As a result, this metric should not be

used in future studies.

5.3.1.4 Image-wide Classification Accuracies for Bands

{1,2,3,4,5,7} (GIS Error)

A dramatic difference was found between the image-wide

classification accuracies and the independent classification accuracies

for the three scenes. The image-wide (global) classification

accuracies were much lower than those for the independent data

samples. The reason for this was that the independent training
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samples were chosen to be very similar to the dependent data

samples used to train the classifiers.

All of the class maps produced by the Churchville hybrid

imagery had weighted classification accuracies significantly lower

than the weighted classification accuracy of the original 90m image

class map. This resulted from a lack of high frequency information

in the 90m multispectral scene and the 30m panchromatic scene. In

effect, little increase in spatial resolution was realized in the hybrid

imagery because little high frequency information was present in the

original 30m panchromatic scene.

The 90m scene was more spectrally pure than the hybrid

imagery for two reasons. First, the edge RMS error between the

Churchville truth image and the 90m low resolution image was lower

than any of the hybrid imagery. Second, there was not much high

frequency information to be gained by the merger. As a result, the

90m scene classified slightly better than the hybrid imagery, which,

based on the data from the independent classification results, was

not surprising.

Contrasting results were obtained for the image-wide

classification accuracies for the Rochester and the Cobb's Hill hybrid

imagery, compared to the Churchville imagery. With the exception of

the extended regression routine for the Rochester scene, all of the

hybrid imagery for these scenes produced class maps that were

significantly higher in image-wide classification accuracy than their

respective 90m low resolution images. This was because they had
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more high frequency information present in their 90m multispectral

and 30m panchromatic imagery than did the Churchville scene. As a

result, they had more to gain by an image merger than did the

Churchville image sets. For both the Rochester and Cobb's Hill

imagery, the DIRS global routine created hybrid imagery that

classified most like the truth imagery.

5.3.1.5 Rankings of the Enhancement Routines for Bands

{1,2,3,4,5,7}

The ranking results for the enhancement routines used on

bands {1,2,3,4,5,7} of the Churchville image are given in Table 5.3.16.

These ranks show that, overall, the 90m original low resolution

image had the highest rank of the test statistics. Again this resulted

from the fact that the 90m image was formed from a simple average

of the original 30m truth scene, causing the spectral characteristics of

the 90m image to be very similar to the 30m image. Since the

resolution enhancement routines tried to bring out high frequency

features which did not exist, the spectral character of the hybrid

output imagery was changed further from the truth image than was

the 90m image. As a result, the comparison parameters calculated

on this imagery were lower.

These results obtained for the Churchville imagery may be

somewhat misleading. They do not completely describe the visual

enhancement created by the application of these resolution

enhancement routines on this imagery. In all cases, the hybrid

imagery visually
"appeared"

to give a better image for interpretation

than was present in the original 90m image. However, based on
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radiometric purity and classification results alone, the 90m scene

was more closely related to the truth image than was the hybrid

imagery.

The ranks obtained from the Rochester and Cobb's Hill imagery

were more closely related to the visual enhancement. The average

ranks for both image scenes were highest for the hybrid imagery

created by the DIRS global enhancement routine. Again, the

presence of more high frequency information in the Rochester and

Cobb's Hill scenes produced hybrid imagery that was better than the

original low resolution image.

One surprising aspect of the ranking results was that the ratio

and extended regression routines were ranked below the original

90m image. An explanation for this comes for the fact that the

Cobb's Hill image was comprised of a full spectrum of spatial

frequency features. The DIRS ratio and global regression routines

work better for imagery that contain high frequency features. This

was evident from the high ranks these methods obtained for the

Rochester image. For the low frequency Churchville image, these

routines produced class maps that were significantly lower in image-

wide classification accuracies than the original 90m scene. These

results tend to indicate that the two DIRS routines will produce

worse results in areas of low to moderate frequencies. Only imagery

that contains high frequency information will significantly benefit

from these enhancements, based on the metrics used in this study.
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5.3.2 Hybrid Imagery Bands {1,2,3}

This section describes the results of the resolution

enhancements of the three low resolution scenes using the three

DIRS techniques, the PC transform, the IHS transform, and the HPF

technique for spectral bands {1,2,3}.

5.3.2.1 Image-wide RMS Error Calculations for Bands {1,2,3}

Calculations of the image-wide RMS difference between the

hybrid imagery and the truth imagery showed that the DIRS routines

had the lowest image-wide RMS errors for each of the three scenes.

In addition, the IHS transform consistently had the highest image-

wide RMS errors, which were above 35 DC for each of the three

scenes. The image-
wide RMS error results for the PC transform and

the HPF technique were similar, and were consistently higher than

those obtained by the DIRS techniques.

It is important to note that all of the Churchville and Cobb's Hill

DIRS hybrid imagery, and two of the Rochester hybrid images were

created using the ratio technique. This was because the correlation

between the TM spectral bands {1,2,3} and the SPOT panchromatic

image was always higher than the thresholds of the enhancement

routines. This was expected since the ratio routine was designed to

treat the spectral bands that were highly correlated to the

panchromatic image.
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5.3.2.2 Localized Edge RMS Error Calculations for Bands {1,2,3}

The localized edge RMS errors calculated for the hybrid

imagery for bands {1,2,3} were similar to the image-wide RMS error.

Comparisons of the localized edge RMS error calculations showed that

again the DIRS routines produced hybrid imagery that had the lowest

errors of all the enhancement routines for each of the three scenes.

As with the image RMS values, the IHS transform had great difficulty

reproducing the edges in the truth imagery.

The average values for localized edge RMS error were lower for

bands {1,2,3} than for bands {1,2,3,4,5,7} or bands {1,3,4}. This

shows that most of the errors introduced into the hybrid imagery by

the enhancement routines were in the uncorrelated, infrared bands

{4,5,7}. This was illustrated further by examining the localized edge

RMS errors for bands {1,2,3,4,5,7} and bands {1,2,3} for the

Churchville hybrid imagery image. These values were in the low

fifties (DC) for bands {1,2,3,4,5,7} and less than 7 DC for bands {1,2,3}.

5.3.2.3 Independent Classification Accuracies for Bands {1,2,3}

The DIRS, IHS, and HPF hybrid imagery generally had weighted

independent classification accuracies that were significantly lower

than the original 90m scene. Only the PC hybrid image for the

Churchville scene and the IHS image for the Rochester scene had

weighted independent classification accuracies that were

significantly higher than the 90m imagery. The best explanation for

the increase in classification accuracy realized by these hybrid
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images is that the enhancement process aided in decorrelating the

spectral bands, thus creating higher classification results.

5.3.2.4 Image-wide Classification Accuracies for Bands {1,2,3}

Similar classification results to those for the bands {1,2,3,4,5,7}

were found for bands {1,2,3} for the Churchville hybrid imagery.

The DIRS routines and the IHS transform routine both failed to

produce class maps that were significantly better than the original

90m scene, for the same reasons as those discussed for the

Churchville hybrid imagery created for spectral bands {1,2,3,4,5,7}.

However, the PC hybrid image and the HPF image did create class

maps that were significantly better than the 90m original class map.

Again, two situations exist that could have caused the PC and

the HPF hybrid imagery to classify better than the original 90m

image. One explanation is that those routines produced imagery that

was very close to the truth image and that the truth image could

produce a better class map. This was very unlikely due to the RMS

errors encountered with the IHS transform routine. The more likely

explanation is that they created image bands that were more

uncorrelated with each other than the original 90m scene. The GML

classifier creates a more detailed class map for imagery that has

highly uncorrelated image bands.

For the Rochester and Cobb's Hill hybrid imagery, all of the

hybrid enhancement routines produced class maps that were

significantly better than their 90m original low resolution image,

with the exceptions of the HPF technique and the DIRS global routine
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for Rochester scene. These results confirm the benefit of the

resolution enhancement process, as was suggested by visual

inspection of the hybrid imagery and class maps.

5.3.2.5 Rankings of the Enhancement Routines for Bands {1,2,3}

For all three scenes, the PC transformation routine was

consistently ranked highest or was tied for the highest rank. The

high ranks were primary influenced by the relatively high

classification ability of the hybrid PC imagery. The DIRS imagery had

the next highest ranks of hybrid imagery for spectral bands {1,2,3}.

5.3.3 Hybrid Imagery for Bands {1,3,4} .

The results presented in this section for TM spectral bands

{1,3,4} come from the resolution enhancements of the three low

resolution scenes using the three DIRS techniques, the PC transform,

the IHS transform, and the HPF technique.

5.3.3.1 Image-wide RMS Error Calculations for Bands {1,3,4}

Calculations of image-wide RMS error showed that the DIRS

global technique produced the lowest RMS error when compared to

the truth image for all three image scenes. It is interesting to note

that the DIRS techniques were not all created using the ratio

technique, as was the case for bands {1,2,3}. This was because band 4

did not meet the correlation threshold specified for global and

extended regression routines.
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The high RMS errors associated with the PC and the IHS

transform routines were attributed to contrast reversals that existed

between the vegetation and urban pixels in the panchromatic image,

compared to the vegetation and urban pixels in the intensity and

first PC images . These effects were most pronounced in the PC

transformation routine. The areas of vegetation in the first PC band

were "bright", while the road and other urban pixels were relatively

"dark". In the panchromatic image the opposite was true. The

vegetation pixels were
"darker"

than the road pixels.

The contrast reversal between the panchromatic image and the

first PC image existed for the following reasons. The reflectance of

the vegetation in band 4 of the TM image was high, causing the

average DC of the vegetation to be high in that band. However, the

reflectance of the urban features, such as roads, were low in band 4

of the TM image causing these pixels to have a lower DC on average.

The reflectance characteristics of these objects in the panchromatic

image were the opposite. As a result, when the first PC image was

replaced by the panchromatic image, the road pixels, on average,

were mistaken for the vegetation pixels, on average. When the

inverse PC transform was performed, the contrast reversal was

transferred to the spatial domain.

5.3.3.2 Localized Edge RMS Error Calculations for Bands {1,3,4}

The results from the localized RMS error calculations for the

hybrid imagery created for TM spectral bands {1,3,4} showed that

the DIRS global routine produced the lowest average localized RMS
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error for the three scenes. For the Churchville scene, the edge RMS

errors were inflated for the same reasons described for the bands

{1,2,3,4,5,7} imagery. The reduction in resolution from 30m to 90m

virtually eliminated any high frequency edge information that was

present in the Churchville image.

For the Rochester and Cobb's Hill scenes, the panchromatic

image was uncorrelated with the intensity band of the IHS transform

and the first PC band, causing the localized edge RMS error values to

be high relative to those obtained with the DIRS methods. Based on

these characteristics, the DIRS routines provide more accurate edge

recovery for imagery that has medium to high frequency spatial

features, than do any of the other routines tested on bands {1,3,4}.

Not surprisingly, none of the routines tested have very good edge

recovery power in spectral bands that are uncorrelated to the

panchromatic image, for imagery that are dominated by low

frequency features.

5.3.3.3 Independent Classification Accuracies for Bands {1,3,4}

Of the hybrid images that were created using bands {1,3,4},

only the PC hybrid image of the Churchville scene produced an

independent classification accuracy that was significantly higher than

the original low resolution 90m scene. The remaining hybrid

imagery produced classification results that were not significantly

different or that were significantly worse than the original imagery.

The reason that the Churchville PC image classified so well was that

the enhancement process helped to decorrelate the three spectral
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bands. This was apparent from the high image-wide RMS error

measurements and the contrast reversal that took place as a result of

the enhancement.

5.3.3.4 Image-wide Classification Accuracies for Bands {1,3,4}

For the hybrid Churchville imagery, neither the DIRS ratio nor

extended regression routines produced class maps with image-wide

classification accuracies significantly higher than the original 90m

Churchville image. The same was true for the HPF technique. These

results were attributed to the idea that these routines were designed

to work best on high frequency features.

The DIRS global, PC transform, and IHS transform routines

produced class maps with image-wide classification accuracies

significantly better than those obtained for the original 90m

Churchville scene. The PC transform hybrid image had the highest

accuracy at 74.94 percent. Again, the high classification accuracy

obtained for this method was attributed to the contrast reversal

realized in the PC transform hybrid image. This contrast reversal

indicated that the enhancement created spectral bands that were

highly uncorrelated causing the image to classify well.

The DIRS routines and the IHS transform routine produced

class maps that were significantly better than the original 90m low

resolution image for the Rochester and the Cobb's Hill scenes. The PC

transform and the HPF routines produced class maps that were

significantly higher in classification accuracy than the 90m low
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resolution scene for the Cobb's Hill image but were significantly

worse for the Rochester image.

5.3.3.5 Rankings of the Enhancement Routines for Bands {1,3,4}

The ranking results for all three of the tested scenes showed

that the DIRS global routine consistently produced the highest over

all rank. Based on these results, the DIRS global routine seemed to

be the most suitable routine for image mergers on spectral bands

that are uncorrelated or negatively correlated with the panchromatic

image.

Table 5.3.1 Average image-wide RMS error calculated for the DIRS

hybrid imagery bands 1, 2, 3, 4, 5, and 7 when compared to truth

image for the Churchville scene.

R.M.S. Error with blurred TM image = 6.99

Standard

Deviation (DC)

Correlation

Threshold

Simple

Ratio

Extended

Regression

Global

Regression

5 - 6.743 - -

5 0.80 - 6.512 6.420

5 0.90 - 6.546 6.588

5 0.95 - 6.989 -NA-

7 - 6.766 - -

9 - 6.818 - -
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Table 5.3.2 Average image-wide RMS error calculated for the DIRS
hybrid imagery bands 1, 2, 3, 4, 5, and 7 when compared to truth

image.for the Rochester scene.

R.M.S. Error with blurred TM image = 8.179

Standard

Deviation (DC)

Correlation

Threshold

Simple

Ratio

Extended

Regression

Global

Regression

5 - 7.655 .
_

5 0.80 - 7.139 7.296

5 0.90 - 7.574 7.921

5 0.95 - 7.595 7.295

7 - 7.515 . _

9 - 7.441

Table 5.3.3 Average image-wide RMS error calculated for the DIRS

hybrid imagery bands 1, 2, 3, 4, 5, and 7 when compared to truth

image for the Cobb's Hill scene.

R.M.S. Error with blurred TM image = 7.59

Standard

Deviation (DC)

Correlation

Threshold

Simple

Ratio

Extended

Regression

Global

Regression

3 - 9.342 - -

5 - 9.309 - -

5 0.80 - 8.813 7.726

5 0.90 - 9.056 7.776

5 0.95 - 9.056 7.776

7 - 9.420 - -

9 - 9.471 - -
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Table 5.3.4 Summary of results of the tests

performed on the hybrid imagery created

from the Churchville imagery enhanced using

spectral bands {1,2,3,4,5,7}

Method

Image

RMS

Edge

RMS

In depen

Class

Accuracy

Global

Class

Accuracy^

Truth - - 99.58 t -

Original 6.99 51.35 98.32 72.61

DIRS

Ratio 6.74 52.55 98.45 72.04 *

Extended 6.51 51.98 97.59 * 70.30 *

Global 6.42 51.92 97.77 * 70.86 *

Principal

Visible - - - -

Infrared - - - -

IHS

Visible - - - -

Infrared - - - -

Highpass 8.21 52.73 97.36 * 70.58 *

t significant increase *
significant decrease no significant change
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Table 5.3.5 Summary of results of the tests

performed on the hybrid imagery created

from the Churchville imagery enhanced using

spectral bands {1,2,3}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

GIS

Error

Truth - - 96.97 .

Original 5.43 10.41 96.87 71.68

DIRS

Ratio 4.21 6.99 92.02 * 71.89

Extended 4.21 6.99 92.02 * 71.89

Global 4.21 6.99 92.02 * 71.89

Principal

Visible 5.48 7.93 98.71 t 74.19 t

Infrared - - - -

IHS

Visible 36.49 35.75 94.08 * 71.53

Infrared - - - -

Highpass 6.99 14.05 96.20 * 72.03 t

t significant increase *
significant decrease no significant change
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Table 5.3.6 Summary of results of the tests

performed on the hybrid imagery created

from the Churchville imagery enhanced using

spectral bands {1,3,4}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

GIS

Error

Truth - - 97.20 *
-

Original 7.43 43.98 98.31 72.26

DIRS

Ratio 8.38 43.06 92.96 * 71.94 *

Extended 7.92 41.93 91.29 * 69.83 *

Global 7.74 41.82 94.08 * 72.97 t

Principal

Visible - - - -

Infrared 27.83 37.17 99.39 t 74.94 t

IHS

Visible - - - -

Infrared 25.23 18.81 95.55 * 74.08 t

Highpass 8.45 46.00 97.52 * 68.70 *

t significant increase *
significant decrease no significant change
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Table 5.3.7 Summary of results of the tests

performed on the hybrid imagery created

from the Rochester imagery enhanced using

spectral bands {1,2,3,4,5,7}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

GIS

Error

Truth - - 93.70 *
-

Original 8.18 11.55 95.21 74.34 i

DIRS

Ratio 7.44 9.30 92.72 * 76.26 t

Extended 7.14 9.46 90.71 * 72.33 *

Global 7.30 9.38 95.71 77.64 t

Principal

Visible - - - -

Infrared - - - -

IHS

Visible - - - -

Infrared - - - -

Highpass 9.98 14.74 94.91 76.97 t

t significant increase *
significant decrease no significant change
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Table 5.3.8 Summary of results of the tests

performed on the hybrid imagery created

from the Rochester imagery enhanced using

spectral bands {1,2,3}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

Global

Class

Accuracy

Truth - 90.42 -

Original 7.34 11.09 90.48 66.05

DIRS

Ratio 5.69 7.67 88.88 * 68.67 t

Extended 5.69 7.67 88.88 * 68.67 t

Global 5.11 7.03 73.82 * 63.93 *

Principal

Visible 6.49 9.01 91.25 67.30 t

Infrared - - - -

IHS

Visible 41.64 43.55 93.97 t 69.29 t

Infrared - - - -

Highpass 9.42 14.57 83.64 * 60.08 *

t significant increase *
significant decrease no significant change
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Table 5.3.9 Summary of results of the tests

performed on the hybrid imagery created

from the Rochester imagery enhanced using

spectral bands {1,3,4}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

GIS

Error

Truth - - 90.98 *
-

Original 8.95 11.95 93.20 69.32

DIRS

Ratio 8.79 10.45 91.66 * 73.28 t

Extended 8.14 10.40 91.96 70.84 f

Global 7.76 9.44 94.11 73.34 f !

Principal

Visible - - - -

Infrared 22.45 29.186 90.39 * 67.31 *

IHS

Visible - - - -

Infrared 31.74 37.58 94.26 75.26 t

Highpass 10.61 15.08 89.97 * 66.85 *

t significant increase *
significant decrease no significant change

90



Table 5.3.10 Summary of results of the tests

performed on the hybrid imagery created

from the Cobb's Hill imagery enhanced using

spectral bands {1,2,3,4,5,7}

Method

Image

RMS

Edge

RMS

Indepen

Class

Accuracy

Global

Class

Accuracy^

Truth - - 94.96 t -

Original 7.59 8.88 93.12 56.27

DIRS

Ratio 9.31 11.5 90.50 * 68.79 t

Extended 8.81 12.0 90.48 * 63.24 t

Global 7.73 8.79 92.43 69.00 t

Principal

Visible - - - -

Infrared - - - -

IHS

Visible . - - -

Infrared - - - -

I Highpass 8.00 9.71 92.20 60.17 t

t significant increase *
significant decrease no significant change
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Table 5.3.11 Summary of results of the tests

performed on the hybrid imagery created

from the Cobb's Hill imagery enhanced using

spectral bands {1,2,3}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

Global

Class

Accuracy

Truth - - 91.57 *
-

Original 5.12 7.49 93.98 54.60

DIRS

Ratio 4.24 6.14 86.76 * 64.15 f

Extended 4.24 6.14 86.76 * 64.15 t

Global 4.24 6.14 86.76 * 64.15 t

Principal

Visible 4.32 5.86 91.67 * 62.58 t

Infrared - - - -

IHS

Visible 38.9 40.7 88.49 * 64.36 t

Infrared - - - -

Highpass 5.16 7.38 93.49 54.37

t significant increase *
significant decrease no significant change

92



Table 5.3.12 Summary of results of the tests

performed on the hybrid imagery created

from the Cobb's Hill imagery enhanced using

spectral bands {1,3,4}

Method

Image

RMS

Edge

RMS

Indepen.

Class

Accuracy

GIS

Error

Truth - - 92.97 *
-

Original 7.13 8.80 95.23 55.93

DIRS

Ratio 8.09 10.2 92.99 * 69.59 t

Extended 7.88 11.1 89.37 * 70.36 t

Global 6.96 8.97 94.81 69.55 t

Principal

Visible - - - -

Infrared 21.5 27.5 91.15 * 66.53 t

IHS

Visible - - - -

Infrared 21.1 19.2 95.15 61.81 t

Highpass 7.27 9.05 94.39 59.09 t

t significant increase *
significant decrease no significant change
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Table 5.3.13 Churchville's summary of

threshold classification accuracies required in

order to indicate a significant increase or

decrease in the independent classification

accuracy over the original
"blurred"

data set

at a 95% confidence level (weighted class

accuracy).

Values are

in percents

Bands

(1,2,3,4,5,7}

Bands

(1,2,3}

Bands

(1,3,4}

Improve.

Threshold

98.71 97.40 98.70

Degrad.

Threshold

97.89 96.29 97.87

Table 5.3.14 Churchville's summary of

threshold classification accuracies required in

order to indicate a significant increase or

decrease in the global classification accuracy

over the original
"blurred"

data set at a 95%

confidence level (weighted class accuracy).

Values are

in percents

Bands

(1,2,3,4,5,7}

Bands

(1,2,3}

Bands

(1,3,4}

Improve.

Threshold

72.86 71.92 72.50

Degrad.

Threshold

72.37 71.43 72.01
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Table 5.3.15 Rochester's summary of

threshold classification accuracies required in

order to indicate a significant increase or

decrease in the independent classification

accuracy over the original
"blurred"

data set

at a 95% confidence level (weighted class

accuracy).

Values are

in percents

Bands

(1,2,3,4,5,7}

Bands

(1,2,3}

Bands

(1,3,4}

Improve.

Threshold

96.18 91.83 94.35

Degrad.

Threshold

94.14 89.03 91.95

Table 5.3.16 Rochester's summary of

threshold classification accuracies required in

order to indicate a significant increase or

decrease in the global classification accuracy

over the original
"blurred"

data set at a 95%

confidence level (weighted class accuracy).

Values are

in percents

Bands

(1,2,3,4,5,7}

Bands

(1,2,3)

Bands

(1,3,4)

Improve.

Threshold

74.58 66.32 69.58

Degrad.

Threshold

74.10 65.79 69.07
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Table 5.3.17 Cobb's Hill summary of threshold

classification accuracies required in order to

indicate a significant increase or decrease in

the independent classification accuracy over

the original
"blurred"

data set at a 95%

confidence level (weighted class accuracy).

Values are

in percents

Bands

(1,2,3,4,5,7)

Bands

(1,2,3)

Bands

(1,3,4)

Improve.

Threshold

94.06 94.86 96.01

Degrad.

Threshold

92.12 93.04 94.38

Table 5.3.18 Cobb's Hill summary of threshold

classification accuracies required in order to

indicate a significant increase or decrease in

the global classification accuracy over the

original
"blurred"

data set at a 95% confidence

level (weighted class accuracy).

Values are

in percents

Bands

(1,2,3,4,5,7)

Bands

(1,2,3)

Bands

(1,3,4)

Improve.

Threshold

56.54 54.87 56.20

Degrad.

Threshold

56.00 54.33 55.66
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Table 5.3.19 Rankings of the statistical tests

performed on the Churchville imagery that

were enhanced using spectral bands

{1,2,3,4,5,7} .

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - - .

Original 2 5 4.5 5 1

DIRS

Ratio 3 2 4.5 2.5 3

Extended 4 3 2 2.5 4

Global 5 4 2 2.5 2

Principal

Visible - - - - -

Infrared - - - - -

IHS

Visible - - - - -

Infrared - - - - -

Highpass 1 1 2 2.5 5
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Table 5.3.20 Rankings of the statistical tests

performed on the Churchville imagery that

were enhanced using spectral bands {1,2,3}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - .

Original 4 3 6 3.5 5

DIRS

Ratio 6 6 3 3.5 2

Extended 6 6 3 3.5 2

Global 6 6 3 3.5 2

Principal

Visible 3 4 7 6.5 1

Infrared - - - - -

IHS

Visible 1 1 3 6.5 6

Infrared - - - - -

Highpass 2 2 3 1 7
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Table 5.3.21 Rankings of the statistical tests

performed on the Churchville imagery that

were enhanced using spectral bands {1,3,4}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - - .

Original 7 2 6 4 3

DIRS

Ratio 4 3 3 2 6

Extended 5 4 3 2 5

Global 6 5 3 6 1

Principal

Visible - - - - -

Infrared 1 6 7 6 1

IHS

Visible - - - - -

Infrared 2 7 3 6 4

Highpass 3 1 3 2 7
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Table 5.3.22 Rankings of the statistical tests

performed on the Rochester imagery that

were enhanced using spectral bands

{1,2,3,4,5,7}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - _ _

Original 2 2 4 2 5

DIRS

Ratio 3 5 1.5 4 2

Extended 5 3 1.5 1 3

Global 4 4 4 4 1

Principal

Visible - - - - -

Infrared - - - - -

IHS

Visible - - - - -

Infrared - - - - -

Highpass 1 1 4 4 5
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Table 5.3.23 Rankings of the statistical tests

performed on the Rochester imagery that

were enhanced using spectral bands {1,2,3}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - . _ _

Original 3 3 6.5 3 5

DIRS

Ratio 5.5 5.5 2.5 5.5 2

Extended 5.5 5.5 2.5 5.5 2

Global 7 7 2.5 1.5 4

Principal

Visible 4 4 6.5 5.5 1

Infrared - - - - -

IHS

Visible 1 1 7 5.5 6

Infrared - - - - -

Highpass 2 2 2.5 1.5 7
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Table 5.3.24 Rankings of the statistical tests

performed on the Rochester imagery that

were enhanced using spectral bands {1,3,4}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - . _ .

Original 4 4 6 3 4

DIRS

Ratio 5 5 2.5 5.5 3

Extended 6 6 6 5.5 2

Global 7 7 6 5.5 1

Principal

Visible - - - - -

Infrared 2 2 2.5 1.5 7

IHS

Visible - - - - -

Infrared 1 1 2.5 5.5 5

Highpass 3 3 2.5 1.5 5
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Table 5.3.25 Rankings of the statistical tests

performed on the Cobb's Hill imagery that

were enhanced using spectral bands

{1,2,3,4,5,7}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - . .

Original 5 4 4 1 3

DIRS

Ratio 1 2 1.5 3.5 5

Extended 2 1 1.5 3.5 5

Global 4 5 4 3.5 1

Principal

Visible - - - - -

Infrared - - - - -

IHS

Visible - - - - -

.
Infrared - - - - -

Highpass 3 3 4 3.5 2
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Table 5.3.26 Rankings of the statistical tests

performed on the Cobb's Hill imagery that

were enhanced using spectral bands {1,2,3}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - - -

Original 3 2 6.5 1.5 5

DIRS

Ratio 6 5 3 6.25 1

Extended 6 5 3 6.25 1

Global 6 5 3 6.25 1

Principal

Visible 4 7 3 6.25 1

Infrared - - - - -

IHS

Visible 1 1 3 6.25 7

Infrared - - - - -

Highpass 2 3 6.5 1.5 5
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Table 5.3.27 Rankings of the statistical tests

performed on the Cobb's Hill imagery that

were enhanced using spectral bands {1,3,4}.

Method

Image

RMS

Rank

Edge

RMS

Rank

Indepen

Class

Accuracy
Rank

Global

Class

Accuracy
Rank

Average

Rank

Truth - - - - -

Original 6 7 5.5 1 3

DIRS

Ratio 3. 4 2 4.5 5

Extended 4 3 2 4.5 5

Global 7 6 . 5.5 4.5 1

Principal

Visible - - - - -

Infrared 1 1 2 4.5 7

IHS

Visible - - - - -

Infrared 2 2 5.5 4.5 4

Highpass 5 5 5.5 4.5 2
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30m TM Multispectral Image for the

Churchville Scene.

10m SPOT Panchromatic Image for the

Churchville Scene.

Figure 5.3.1 30m TM multispectral image and

10m SPOT panchromatic image used to create

the hybrid 10m multispectral imagery for the

Churchville scene.
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30m TM Multispectral Image for the

Rochester Scene.

10m SPOT Panchromatic Image for the

Rochester Scene.

Figure 5.3.2 30m TM multispectral image and

10m SPOT panchromatic image used to create

the hybrid 10m multispectral imagery for the

Rochester scene.
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30m TM Multispectral Image for the

Cobb's Hill Scene.

10m SPOT Panchromatic Image for the

Cobb's Hill Scene.

Figure 5.3.3 30m TM multispectral image and

10m SPOT panchromatic image used to create

the hybrid 10m multispectral imagery for the

Cobb's Hill scene.
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10m Hybrid Multispectral Image

for the Churchville scene using the

DIRS Simple Ratio Routine

10m Hybrid Multispectral Image

for the Rochester scene using the

DIRS Simple Ratio Routine

10m Hybrid Multispectral Image

for the Cobb's Hill scene using the

DIRS Simple Ratio Routine

Figure 5.3.4 10m DIRS Ratio hybrid imagery
created for bands {2,3,5}.
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10m Hybrid Multispectral Image for the

Churchville Scene Using the DIRS

Extended Regression Routine.

10m Hybrid Multispectral Image for the

Rochester Scene Using the DIRS

Extended Regression Routine.

10m Hybrid Multispectral Image for the

Cobb's Hill Scene Using the DIRS

Extended Regression Routine.

Figure 5.3.5 10m DIRS Extended Regression

hybrid imagery created for bands {2,3,5}.
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10m Hybrid Multispectral Image

for the Churchville scene using the

DIRS Global Coefficient Routine

10m Hybrid Multispectral Image

for the Rochester scene using the

DIRS Global Coefficient Routine

10m Hybrid Multispectral Image

for the Cobb's Hill scene using the

DIRS Global Coefficient Routine

Figure 5.3.6 10m DIRS Global Regression

hybrid imagery created for bands {2,3,5}.
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10m Hybrid Multispectral Image for the

Churchville Scene Using the Principal

Component Transformation Routine.

10m Hybrid Multispectral Image for the

Rochester Scene Using the Principal

Component Transformation Routine.

10m Hybrid Multispectral Image for the

Cobb's Hill Scene Using the Principal

Component Transformation Routine.

Figure 5.3.7 10m Principal Component hybrid

imagery created for bands {2,3,5}.
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10m Hybrid Multispectral Image for the

Churchville Scene Using the Intensity-

Hue-Saturation Transformation Routine.

10m Hybrid Multispectral Image for the

Rochester Scene Using the Intensity-

Hue-Saturation Transformation Routine.

10m Hybrid Multispectral Image for the

Cobb's Hill Scene Using the Intensity-

Hue-Saturation Transformation Routine.

Figure 5.3.8 10m Intensity-Hue-Saturation

hybrid imagery created for bands {2,3,5}.
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10m Hybrid Multispectral Image for the

Churchville Scene Using the High-pass

Filter Routine.

10m Hybrid Multispectral Image for the

Rochester Scene Using the High-pass

Filter Routine.

10m Hybrid Multispectral Image for the

Cobb's Hill Scene Using the High-pass

Filter Routine.

Figure 5.3.9 10m High-pass Filter hybrid

imagery created for bands {2,3,5}.
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6.0 Conclusions and Recommendations

The resolution enhancement routines tested in this study

nearly all produced hybrid imagery that was visually higher in

resolution than the original low resolution image from which it was

derived. However, the stated purpose of this study was not to

analyze the visual effectiveness of these resolution enhancement

techniques, but to test the physical, radiometric characteristics of the

hybrid imagery created from the techniques. These routines

attempted to create an ideally enhanced image which would have

been able to recreate the
"truth"

scene exactly. None of the routines

tested were able to achieve this goal. However, several of the

enhancement routines tested did result in hybrid imagery that was

significantly closer to the radiometric characteristics of the
"truth"

image, than the original low resolution test image. As a result, the

enhancement process was seen as a valuable one.

One of the most valuable things learned from this study was

that the resolution enhancement routines tested seemed to work well

on imagery that contained mainly medium and high frequency

features. This was especially apparent in the enhancement efforts

for the Churchville imagery. Since this scene was comprised of

mostly low frequency features, (e.g. "soft edges"), most of the

resolution enhancement routines had difficulties reproducing the

"truth"

image. These difficulties were most pronounced for the

image bands that were uncorrelated with the panchromatic image.

Nonetheless, it was possible to create imagery for selected bands that
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was closer to the radiometric characteristics of the truth image than

to the low resolution test image.

The image bands that contained medium to higher frequency

spatial features were enhanced significantly better than those that

contained mostly low frequency features. The Rochester and Cobb's

Hill scenes contained a mixture of medium to high spatial frequency

features. The image-wide classification accuracies for this imagery

were much closer to the
"truth"

imagery class maps. In addition,

they were consistently ranked higher than the original low resolution

test image in their ability to recreate the
"truth"

imagery. As a

result, the resolution enhancement techniques were warranted for

these image scenes.

The DIRS enhancement routines consistently had the highest

rank among the enhancement routines tested on spectral bands

{1,2,3,4,5,7}. The DIRS global routine out-ranked the ratio, extended

regression, and HPF routines for all three scenes. For resolution

enhancement on dual resolution imagery containing a variety of

spatial frequency differences and image bands that are uncorrelated

to the panchromatic image, the DIRS global routine will most likely

create the most radiometrically pure hybrid image.

Based on the tests performed for the selected image scenes, for

performing resolution enhancements on TM spectral bands {1,2,3},

the PC transformation routine gave the best overall results for the

routines tested. The PC transformation had the highest overall rank

for the three scenes tested on bands {1,2,3}. However, these results
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should be taken with some degree of caution. The PC transform had

a high rank because of all the ties that occurred among the ranks for

the DIRS routines for these bands. Numerically, the DIRS hybrid

imagery was very close to the PC transformation imagery, based on

the tests performed.

For sensors that provide imagery which is uncorrelated with

the high resolution panchromatic image, the DIRS global routine

should provide the best simulation of a high resolution multispectral

image, based on the tests performed on spectral bands {1,3,4}.

Consistently, the DIRS global routine had the highest average test

rank for all three scenes used in this study.

It is important to realize that these results are specific to the

scenes tested, the resolution difference used, and the tests

performed. Under different circumstances and different sensors, the

result could be different. The poor results obtained for the low

frequency features in the Churchville scene are attributed to the

following premise. Not enough high frequency information was

present in either the TM low resolution multispectral image or the

SPOT high resolution panchromatic image to make the merger of the

two scenes statistically significant, based on the tests performed. For

visualization or image interpretation purposes, enhancement might

be useful, but for image metrology or radiometric analysis these

mergers would not be very useful on such a scene.

For imagery that contains more spatial frequency variation

than was present in the Churchville scene, the image merger routines
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appeared to offer useful predictions of high resolution merged

multispectral imagery, as was the case for the Rochester and Cobb's

Hill scenes. However, this hybrid imagery was only a prediction of

an actual high resolution scene. While this imagery is useful for

making predictions, it does not perfectly reproduce the original

scene, as indicated by this study.

Another interesting point to consider was the effect that the

registration process had on the hybrid imagery. The SPOT

panchromatic images were registered to their respective TM

multispectral images. The conversion equations were calculated such

that there was less than a pixel registration error for both the

Churchville and the Rochester images. These registration errors were

computed only for the control points selected to generate the

registration equations. This tended to indicate that, on average, the

best registration that could be expected for any pixel in the image

was one pixel. Therefore, the registration errors for the remaining

pixels in the SPOT images could be more than a pixel. Since the

registration between the panchromatic image and the multispectral

image was critical for the enhancement routines tested in this study,

registration errors could have been a major factor in the errors

encountered in the hybrid imagery.

Some recommendations for further areas of study for testing

the performance of different resolution enhancements are offered.

Some sort of priority ranking could be studied for the different tests

applied to the hybrid imagery. For example, the image RMS metric is

not very descriptive of how well a given routine actually reproduces
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the truth imagery. The low resolution test version of the Churchville

image had image-wide RMS errors lower than most of the hybrid

images created as an enhancement to it. Likewise, the metric for

independent classification accuracy does not tell much about the

performance of the enhancement routine. This is because the

imagery can be trained so as to produce classification results that are

highest for the low resolution image. The spectral purity of the

training sample is more important than the spatial resolution of the

features. When all the training samples were created for uniform,

pure ground cover features, the low resolution imagery was found to

classify just as well as the high resolution truth versions of these

images.

It might be useful to place more influence on the metrics that

are thought to be better descriptors of the actual performance of the

resolution enhancement routines. Since the image wide RMS error is

not believed to give a very accurate indication of the effects of the

resolution enhancement routines this metric could be weighted less

than the other metrics. For example, the image-wide RMS and the

independent classification accuracy could be assigned weights of 15

percent each. Therefore, the weights assigned to the localized edge

RMS error and the image-wide classification accuracy would each be

35 percent. This would place the emphasis on the two metrics that

are believed to give good measures of the enhancement procedure,

while down-playing the emphasis of the two metrics that explain less

about the enhancement process. If the metrics used here are used in

future studies, their impact on the overall performance of the
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resolution enhancement process should be analysed. For this study,

weighting the metrics would not significantly effect the results.

In addition to weighting these metrics according to their

perceived impact on the quality of the enhancement process,

additional quality metrics should be explored in future studies. One

such metric is designed to look at the difference between the spectral

vectors associated with the hybrid image pixels and the spectral

vectors of the truth image pixels. For example, each of the pixels in

the truth and hybrid images have spectral vectors associated with

them. These vectors have the same dimensionality as the number of

spectral bands in the image. For this example, suppose the hybrid

image pixel (x,y) is defined by the n-dimensional vector B, and the

truth image pixel at position (x,y) is defined by a similar vector A.

The distance between vector B and vector A is shown in Figure 6.0.1

and given by the equation:

C = B-A 6.0.1

The difference between the truth vector A and the hybrid

vector B can be calculated for all of the pixels in the hybrid image.

From these values, an image could be created that would represent

the magnitude of the difference vector C . This image would provide

information regarding how well specific areas of the hybrid image

were able to reproduce the truth scene. This type of metric could be

useful in helping to define the image areas, or image features, that

are best enhanced for a particular routine.
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Figure 6.0.1 Illustration of the spectral difference vector C,

between vectors A and B.

The comparisons made in this study were done on imagery that

had a three-to-one resolution difference between its low resolution

multispectral image and its high resolution panchromatic image. For

imagery that have very low frequency features, such as the

Churchville scene, truth imagery at 10m resolution would be useful.

The reason for this is that the higher frequency features present in

this imagery at 30m are completely lost when the resolution is

degraded to 90m for testing purposes. If these images were tested

at resolutions of 30m, these features would still be present and more

benefit would be realized from the resolution enhancement process.

Future work should include a wider range of image resolution

differences and spectral bands.

In addition to selecting a larger set of images, additional

enhancement routines should be considered. A routine similar to the

principal component routine might offer some promise. This type of

routine would which transform the multispectral image into a new
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coordinate system. Factor analysis could be used to force one of the

dimensions in the new coordinate system to be proportional to the

brightness of the scene. This dimension would then be highly

correlated with the panchromatic image. Enhancement would come

from substituting in the high resolution panchromatic image for this

image band and then using an inverse transformation to return to

the coordinate system of the original multispectral image.

Since it was shown that the resolution enhancement routines

created by the DIRS laboratory performed the best, these routines

offer the most promise for future study. Based on the fact that these

routines performed better under different conditions, an adaptive

algorithm could be considered. The global regression routine could

be applied in the image areas that contained low to medium

frequency features while the extended regression could be applied in

areas of high frequency features. This scenario might involve a

routine similar to the extended regression routine with a prediction

window larger than the current six superpixel region. This would

tend to increase the significance of the regression equations used by

this routine. A standard deviation threshold could be established

over a given region to help indicate whether the global regression or

the localized regression should be used. If the variance in a given

window was lower than the threshold, the global regression scheme

could be used. If the variance in that window was higher than the

threshold a localized regression could be utilized. This could increase

the robustness of the DIRS routines.
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Appendix A

Algorithms Used in the Creation of the IHS Hybrid Imagery

The following sets of algorithms were used by the ERDAS system 7.5

software to create the INTENSITY-HUE-SATURATION hybrid imagery.

These algorithms were obtained directly from ERDAS INC. and are

presented exactly as they were received from ERDAS INC.

Converting from Red. Green. Blue (R.G.B) to Intensity. Hue. Saturation

d,H,S).

First the 0, 255 Red, Green, and Blue input values (r,g,b) are

converted to values on the range of 0 to 1.0 (R,G,B).

R=r/255

G=g/255

B=b/255

A max and min are calculated.

max = max(r,g,b)

min = min(r,g,b)

The Intensity (I) is calculated as:

I = (max-min)/2.0

The Hue (H) is calculated as:

if (max=min) H = 0.0

if (max = R) H = 120 + (G-B)/(max-min)

if (max = G) H = 240 + (B-R)/(max-min)

if (max = B) H = 360 + (R-G)/(max-min)

The intensity is forced to stay in the range 0..360.

if (H>360) H = H - 360
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The Saturation is calculated as:

if (max =
min) S = 0.0

if (max+min)/2<=.5 S = (max-min)/(max+min)
if (max+min)/2>=.5 S = (max-min)/(2-max-min)

The Intensity, Hue, and Saturation are scaled to the 0..255 range:

i = 1*255

h = (H/360)*255

s = S*255

Converting from IHSdntensity. Hue. Saturation) to

RGB(Red.Green.Blue).

Intensity represents the overall brightness of a color value on the

range 0.0 to 1.0.

Hue is the actual color and usually is represented as a value which

goes from 0 to 360 degrees.

Saturation is the purity of the color; 0 is a graytone, 1.0 is a pure

color.

Since the IHS image is stored in an 8 -bit image file it is usually

scaled to the 0..255 range, the values are first converted to the

ranges given above.

I = i/255.0

H = (h/255.0)*360

S = s/255.0

The Red, Green, and Blue will be based on a min and a max derived

from I,H,S as follows:

If I is less than 0.5 then max = I * (S + 1)

otherwise max = I+S - (I*S)

min = (2*1)
- max

R, G, and B are calculated as follows:

if (0<H<60)
R=min+(max-min)*H/60

if (60<H<180) R=max

if (180<H<240)
R=min+(max-min)*(240-H)/60

A-2



if (240<H<360) R=min

if (0<H<120) G=min

if (120<H<180) G=min+(max-min)*(H-120)/60

if (180<H<240) G=max

if (240<H<360) G=min+(max-min)*(360-H)/60

if (0<H<60)
if (60<H<120)
if (120<H<240)

B=max

B=min+(max-min)*(120-H)/60

B=min

if (240<H<360) B=min+(max-min)*(H-240)/60.

The Red, Green, and Blue are then scaled to the 0..255 range.

r=R*255

g=G*255

b=B*255
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Appendix B

The Principal Component Transformation

Portions of the following appendix are taken directly from the Erdas

7.5 field guide.

To compute a principal components transformation, a linear

transformation is performed on the data, meaning the coordinates of

each pixel in the spectral space are recomputed using a linear

equation. The spectral coordinates are essentially shifted and

rotated into another orthonormal basis.

To perform the linear transformation, the eigenvectors and

eigenvalues of the n principal components must be mathematically

derived from the covariance matrix of the original multispectral

image. The eigenvector matrix is the matrix that is used to

diagonalize the covariance matrix of the multispectral image. This

diagonal covariance matrix is the covariance matrix of the principal

component image. The diagonalized covariance matrix has the

following form:

V =

"vi 0 0 ...0

0 v2 0 ...0

LO 0 0

= E Cov ET

where

Cov is the covariance matrix of the multispectral image,

E is the matrix of eigenvectors,

ET is the transpose of the eigenvector matrix, and

n is the number of bands in the original multispectral image

The zero values in the V matrix signify that there is no covariance

between the bands in the principal component images. This means

that these bands are completely orthogonal and uncorrelated. In

addition, V is computed such that its non-zero elements are ordered

from greatest to least so that vi > V2 > V3 > ..r > vn.

The forward principal component transformation consists of

the multiplication of the spectral vector of the input multispectral

image by the eigenvector matrix. Each pixel in the input

multispectral image has a n-dimensional spectral vector associated

with it. These vectors have the form:
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xl

x2

x3

d(x,y) =

unJ

where d(x>y) is the n-dimensional spectral vector associated with the

pixel at position (x,y), the values for {xl,x2,x3 ...
,xn}

are the digital

counts of the multispectral image in their respective bands.

Therefore, the principal component image, p, at position (x,y), takes

on the following form:

P(x,y)
=

d(x,y)

where d(xy) is the transpose of the spectral vector d(x>y), and E is the

eigenvector matrix. The p(X)y) vector has the following form:

pel

pc2

pc3

P(x,y)

l-pcn-l

where {pcl,pc2,pc3 ...
, pen} are the digital counts of the principal

component image in their respective bands. It is important to realize

that the p(x,y) vector has the same dimensionality as the d(x,y)
vector.

Since the forward principal component transform was linear,

the reverse, or. inverse, principal component transform must be

possible, providing a solution for the inverse of the eigenvector

matrix exists. Knowing the inverse eigenvector matrix, E"1, the

principal component image can be transformed back into spectral

space by:

d(x,y)=P(x,y)*E"1
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Appendix C

Coordinate Transformation Equations

The following equations were used to transform the SPOT

image coordinates to the TM image coordinates for registration

purposes. These equations are based on the .CFN output file from the

COORD TRANSFORM routine from Erdas 7.5. The inputs to the COORD

TRANSFORM program were the GROUND CONTROL POINTS selected

from the TM and SPOT imagery. Ground control points were selected

for both the Rochester and Churchville image sets. The equations are

in the form that the Erdas 7.5 system specifies for the NRECTIFY

registration algorithm.

Transformation equations used for a second order registration, using

the NRECTIFY algorithm, are given by:

xl
= Ai +

A2X1

1000

A3yi

1000
+

A4X12 A5xiyi A6yi
+ +

10002 10002 10002

* 1000

yi
=

B2X1 B3yi
B4xi2 Bsxiyi

B6yi2

Bl +
1000

+
1000

+
10002

+
10002 10002

* 1000

where x, y are Map coordinates

x',
y'

are File coordinates

(Note - The projection goes backwards from the map to

file.)

For the Rochester TM and SPOT imagery, the CFN coefficients were:

Ai =

A2 =

A3 =

A4 =

A5 =

A6 =

0.960363324188D-01 Bi

0.944737590889D+00 B2

-0.258192331552D-01 B3

-0.279465358024D-02 B4

0.122931729021D-01 B5

0.918725814150D-02 B6

0.693386970129D-04

0.252930161299D-01

0.934198297780D+00

-0.250633096475D-01

0.3446241 15490D-02

0.246693704187D-01
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Coordinate Transformation Equations

(Continued)

For the Churchville TM and SPOT imagery, the CFN coefficients were:

Ai= 0.924392799065D-02 Bi = 0.323227022488D-02

A2 = 0.960109294903D+00 B2 = 0.147867887424D-01

A3 = -0.332796509905D-01 B3 = 0.943852092583D+00

A4 = -0.265152131514D-01 B4 = 0.514394835390D-02

A5 = 0.1193490691 11D-01 B5 = 0.908252522206D-02

A6 = 0.248486138808D-01 B6 = 0.947106909963D-02
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Appendix D

Creation of the Intensity-Hue-Saturation Hybrid

Imagery Using the Erdas 7.5 ALGEBRA Algorithm

The following describes the steps used to creation the IHS hybrid

imagery.

1. Create a three band RGB image that contains the image bands to be

enhanced.

2. Create the following RGB-to-IHS transformation equation in the

Erdas 7.5 ALGEBRA routine:

xl: INTENS(red band, green band, blue band)

x2: HUE(red band, green band, blue band)

x3: SATUR(red band, green band, blue band)

3. Run the RGB image through the equation created in step 2 in

ALGEBRA to create an unsealed 8-bit output IHS image.

4. Determine the mean and standard deviations of the intensity band,

band 1 of the IHS image, using the BSTATS algorithm in Erdas 7.5.

5. Determine the mean and the standard deviation of the SPOT

panchromatic image, using the BSTATS algorithm in Erdas 7.5.

6. Generate the linear histogram matching equation in ALGEBRA of

the form:

CTiHS ^ <?IHS
xl: SPOT -

^

SPOT + IHSi
CSPOT C7SPOT

where Oms is the standard deviation of the intensity band, OsPOT

is the standard deviation of the high resolution panchromatic

image, SPOT is the DC of the panchromatic image, SPOT is the

average DC in the high resolution panchromatic image, and IHSi

is the average DC in the low resolution intensity image.
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Creation of the Intensity-Hue-Saturation Hybrid

Imagery Using the Erdas 7.5 ALGEBRA Algorithm

(Continued)

7. Run the SPOT image through the equation generated in step 6 to

create an unsealed 8-bit image that is linearly histogram-matched

to the SPOT image.

8. Use the SUBSET algorithm in Erdas 7.5 to replace the intensity

image, band 1 of the IHS image created in step 2, by the linearly
histogram-matched image created in step 7.

9. Update the .STA file of the IHS .LAN image that contains the

linearly histogram matched image, using the BSTATS algorithm.

10. Create the following IHS-to-RGB transformation equation in the

Erdas 7.5 ALGEBRA routine:

xl: IHS2RED (matched intensity band, hue

band, saturation band)

x2: IHS2GRN (matched intensity band, hue

band, saturation band)

x3: IHS2BLU (matched intensity band, hue

band, saturation band)

11. Run the image created in step 8 through the equation created in

step 10 to create the unsealed 8-bit hybrid image.

12. Update the .STA file for the .LAN image created in step 11 using

the BSTATS routine in Erdas 7.5
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Appendix E

Creation of the Principal Component Hybrid Imagery

Using the Erdas 7.5 Software

The following describes the steps used in the creation of the principal

component hybrid imagery.

1. Create a three band image that contains the TM multispectral

image bands that are to be enhanced.

2. Update the .STA file for the .LAN image created in step 1, using the

BSTATS routine.

3. Use the Erdas 7.5 routine PRINCE to create a covariance matrix for

the image bands of the .LAN image created in step 1. (Note - The

covariance matrix will be printed to the screen during execution

of the PRINCE program. After the covariance matrix is printed to

the screen, the program can be exited using CTRL-Z.)

4. Use the covariance matrix generated in step 3 as the input to the

FORTRAN program EIGEN, archived on tape with this report in the

DIRS laboratory, to create the ordered eigenvector matrix and its

inverse for the image created in step 1.

5. Create the equation for the forward PC transform in the ALGEBRA

routine:

xl:(((xl*ell)+(x2*e21)+(x3*e31))+256.0)*(9999/511)

x2:(((xl*el2)+(x2*e22)+(x3*e32))+256.0)*(9999/511)

x3:(((xl*el3)+(x2*e23)+(x3*e33))+256.0)*(9999/511)

6. Create the PC image by running the ALGEBRA routine using the

equations in step 5, specifying an unsealed 16-bit output image.

7. Convert the SPOT image to 16 bits by application of the following

equation in ALGEBRA, specifying an unsealed 16-bit output

image:

xl: xl
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(Note - This process will convert the SPOT image to a 16-bit

scaled image)

8. Update the .STA file for the .LAN image created in step 7 using the

BSTATS routine.

9. Linearly match the histogram of the 16-bit SPOT image to the 16-

bit first PC image band, created in step 6, using the ALGEBRA

routine, specifying an unsealed 16-bit output image, and the

following equation:

Opci CTpci
xl: ^-SPOT -

~^-

SPOT + PQ
OSPOT OSPOT

where Opci is the standard deviation of the first PC band, GSPOT is

the standard deviation of the high resolution panchromatic image,

SPOT is the DC of the panchromatic image, SPOT is the average

DC in the high resolution panchromatic image, and PCi is the

average DC in the first PC band of the low resolution image.

10. Use the SUBSET routine of Erdas 7.5 to replace the first principal

component image band by the image created in step 9.

11. Create the equation for the inverse PC transform in the ALGEBRA

routine:

xl:(xl*5111/9999-256)*eir1 + (x2*51 1 1/9999-

256)*e2r1 +
(x3*5111/9999-256)*e3r1

x2:(xl*5111/9999-256)*ei2-1 + (x2*511 1/9999-

256)*e22"1 +
(x3*5111/9999-256)*e32-1

x3:(xl*5111/9999-256)*ei3-1 + (x2*511 1/9999-

256)*e23"1 +
(x3*5111/9999-256)*e33-1

(Note - These equations are designed to take the scaled PC image

that contains the SPOT image and create a 8-bit unsealed hybrid

image.)
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The covariance matrices, eigenvector matrices and the inverse

eigenvector matrices for the three image scenes used in this study

are given below:

The covariance matrices have the following form:

C =

var band 1 cov bands 1/2 cov bands 1/3

cov bands 2/1 var band 2 cov bands 2/3

bands 3/1 cov bands 3/2 var band 3

Since the covariance of band 1 to band 2 is the same as the

covariance of band 2 to band 1, this matrix is symmetrical.

The ordered eigenvector matrices have the following form:

E =

en ei2 ei 3

e2l e22 e23

Le3i e32 e3 3.

where emn is the general coefficient of the eigenvector, n is the

ordered eigenvector index and m is the spectral band index. These

eigenvectors are ordered by decreasing eigenvalue.

The inverse eigenvector matrices have the same form as the

eigenvector matrices.

Rochester Image:

Covariance Matrix of the 90m Low Resolution Test Image for Bands

{1,2,3}

C =

138.83 73.24

73.24 40.42 66.28

122.29 66.28 111.61.

Eigenvector Matrix of the 90m Low Resolution Test Image for Bands

{1,2,3}

E

1 1

0.536 -0.442 1

0.896 -0.851 -0.560.

Inverse Eigenvector of the 90m Low Resolution Test Image for Bands

{1,2,3}
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E-l =

0.4782 0.257
0.429'

0.521 -0.230 -0.443

-0.026 0.761 -0.426

Covariance Matrix of the 90m Low Resolution Test Image for Bands

{1,3,4}

C =

138.83 122.09

122.29 111.61 -62.06

-75.34 -62.06 192.37

Eigenvector Matrix of the 90m Low Resolution Test Image for Bands

{1,3,4}

E =

-0.997 0.539

-0.875 0.528 1

1 1 -0.036

Inverse Eigenvector of the 90m Low Resolution Test Image for Bands

{1,3,4}

E-l =

-0.361 -0.317

0.343 0.337 0.637

-0.498 0.545 -0.019.

Churchville Image:

Covariance Matrix of the 90m Low Resolution Test Image for Bands

{1,2,3}

C =

128.45 82.57

82.57 54.59 107.36

165.45 107.36 219.42.

Eigenvector Matrix of the 90m Low Resolution Test Image for Bands

{1,2,3}

E =

0.763 -0.927

0.495 -0.592 1

1 1 -0.004.

Inverse Eigenvector of the 90m Low Resolution Test Image for Bands

{1,2,3}
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E-l =

0.418 0.271 0.547

0.419 -0.268 0.453

L-0.455 0.707 -0.003

Covariance Matrix of the 90m Low Resolution Test Image for Bands

{1,3,4}

C =

128.45 165.64 -108.38

165.64 219.62 -156.27

-108.38 -156.27 299.42

Eigenvector Matrix of the 90m Low Resolution Test Image for Bands

{1,3,4}

E =

-0.671 0.590 1

-0.908 0.665 -0.801

1 1 -0.057

Inverse Eigenvector of the 90m Low Resolution Test Image for Bands

{1,3,4}

E-i =

-0.295 -0.399 0.440

0.329 0.372 0.559

-0.608 -0.487 -0.033

Cobb's Hill Image:

Covariance Matrix of the 90m Low Resolution Test Image for Bands

{1,2,3}

C =

93.17 49.26 86.20

49.26 29.09 49.31

86.20 49.31 87.07

Eigenvector Matrix of the 90m Low Resolution Test Image for Bands

{1,2,3}

E =

1 1 0.009

0.555 -0.456 1

0.970 -0.770 -0.581

Inverse Eigenvector of the 90m Low Resolution Test Image for Bands

{1,2,3}
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E-l =

0.445 0.247
0.431'

0.555 -0.254 -0.427

0.007 0.748 -0.434

Covariance Matrix of the 90m Low Resolution Test Image for Bands

{1,3,4}

C =

96.52 88.64 -93.92

88.64 88.69 -76.07

-93.92 -76.07 275.19

Eigenvector Matrix of the 90m Low Resolution Test Image for Bands

{1,3,4}

E =

-0.513 0.907 1

-0.452 1 -0.974

1 0.917 0.073

Inverse Eigenvector of the 90m Low Resolution Test Image for Bands

{1,3,4}

E-l =

-0.350 -0.308 0.682

0.341 0.376 0.344

0.512 -0.499 0.037
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Appendix F

Creation of the Highpass Filter Hybrid Imagery

Using the Erdas 7.5 Software

The following were the steps used to generate the hybrid imagery
for the highpass filter (HPF) hybrid imagery. The

"C"

program CONVO

has been archived with the other programs used in this thesis.

1. To create the highpass filtered version of the 30m panchromatic

image, the convolution program, CONVO and the following
Laplacian filter are used:

Laplacian =

0

-1

0

1
0"

4 - 1

1 0.

a. The CONVO program first asks for the name of the high

resolution panchromatic image.

b. The values of the 3x3 Laplacian filter are read in by row (eg.

{0,-1,0,-1,4,-1,0,-1,0}). Currently, this program is set up for a

3x3 convolution filter and a single band 504x504 Erdas 7.5

image.

c. The user is then prompted to select either the Normal

convolution mode or Mask convolution mode. For the creation

of the hybrid imagery, the user should choose the Normal

mode. The output is a 16-bit raw format image that has been

shifted by 256 DCs to incorporate negative values which may

have resulted from the convolution. The zero point for the

output image is shifted to DC of 256.

2. The 16-bit raw image is then converted to Erdas 7.5 format using

LDDATA.
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3. The enhancement equation is created in the ALGEBRA routine of

Erdas 7.5, of the following form:

Band xl contains the high-pass filtered image

created in step 2.

Bands x2 - xn contain the 90m low resolution

multispectral image

ENHANCEMENTEQUATIONS

xl: (xl - 256.0) + x2

x2: (xl - 256.0) + x3

x3: (xl - 256.0) + x4

x4: (xl - 256.0) + x5

xn: (xl - 256.0) + x(n+l)

(Note - The output for this image should be chosen to

be 8-bits and unsealed.)

4. Using the BSTATS routine in Erdas 7.5, the .STA file is updated for

the .LAN image created in step 3.
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Appendix G

Gaussian Maximum Likelihood Classification

The following comes directly form:

Richards, J.A. Remote Sensing Digital Image

Analysis: An Introduction. Springer-Verlag,

Berlin (1986), Chapter 8, pp. 173 - 180.

If we let the M spectral classes for an image be represented by:

wj, i = 1, ... M

Then the decision to determine to which of the M spectral classes a

pixel denoted by the spectral vector x belongs to is strictly the

conditional probability,

p(wi I x), i = 1, ... M

The vector x is simply a column vector of spectral radiances for a

pixel at position (ij) in a digital image. The classification decision is

made based on the vector x being assigned to the spectral class wj

for which the conditional probability p(wi I x) is the greatest (most

probable). This is represented as

x e wi if p(wi I x) > p(wj I x) for all j * i.

All that needs to be done is to determine the conditional probability

p(wj I x). These values are unknown however, they may be

estimated provided a sufficient amount of training data can be

collected from the image. If training data is collected from the

spectral imagery for each of the land cover classes of interest, the

probability distribution for each land cover type can be estimated,

p(x I wj). The number of conditional distributions will equal the
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number of land cover types. Knowing these conditional probabilities,

a probability vector can be computed which contains the relative

likelihoods that the spectral vector x, at a point (i,j) in an image,

belongs to each spectral class is established. The Baye's theorem

relates these two conditional probabilities as

/ | x
P(X I Wj) p(wj)

p(wi I X)
=rJ1-s

, \
p(x)

where p(wj) is the probability that a spectral class wj occurs in an

image. The are called a priori probabilities. The probability p(x) is

the probability of finding a pixel from any class at location x. The

probabilities p( wj I x) are called posteriori probabilities since these

are the probabilities of a vector x belonging to class wi after a

decision has been made. The decision rule above can be rewritten as

x e wj if p(x I wj) p(wj) > p(x I wj) p(wj) - for all j * i

where the p(x) is removed as a common factor. This is a more

acceptable rule since the conditional probabilities can be determined

from the training data and the analyst can form an educated guess

for p(wj) based on the image characteristics (often these probabilities

are set to unity). For mathematical convenience, g(x) is defined as

gi(x)
= ln { p(x I wj) p(wj) } = ln { p(x I wi) } + ln { p(wi) }

and the decision rule is again rewritten as

x e wi if gi(x) > gj(x) for all j * i

where gi(x) is known as the discriminant function. If the probability

distribution of the spectral vectors corresponding to each spectral

class can be assumed to be multivariate normal, the conditional

probability p(x I wj) can be computed for N spectral bands as
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! ( I wj)
exp(-^

(x -mO'Jfl (x -

rn;)

(2k);
N

Ii

where mi and ^i are the mean and the covariance matrix for the

training data in class i. The discriminant function gi(x) can be

written as

gi(x)
= ln p(wi)

- (\) ln lil - (|) (x - mi)t ^i"1 (x "

mi)

if no information is known about the a priori probabilities this

reduces to

gi(x)
= - ln fil - (\) (x - mi)t Xi'1 (x -

mO

These two values of the discriminant function form the maximum

likelihood classification methodology using Bayesian decision rule

depending on whether or not the a priori probabilities are supplied

by the investigator.
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Appendix H

Creation of the Binary Localized Edge Mask From the High

Resolution Panchromatic Image

The following steps were used to generate the binary localized edge

mask using Erdas 7.5.

1. The absolute value of the highpass filtered version of the 30m

panchromatic image is created using the convolution program,

CONVO, and the Laplacian filter given by:

Laplacian =

a. The CONVO program first prompts the user for the name of the

high resolution panchromatic image.

b. The values of the 3x3 Laplacian filter are read in by row (i.e.

{0,-1,0,-1,4,-1,0,-1,0}). Currently this program is set up for a

3x3 convolution filter and a single band 504x504 Erdas 7.5

image. It can be changed to operate on any size kernel.

c. The user is then prompted to select either the Normal

convolution mode or a Mask convolution mode. For the

creation of the edge mask, the user should choose the Mask

mode. The output will be a 16-bit raw format image that is the

absolute value of the highpass filtered image. (Note - This was

done in order to eliminate any negative DCs. It did not matter

whether an edge transition was negative, light-to-dark, or

positive, dark-to-light, in digital count. The only thing that

mattered was the magnitude of the edge transition)

2. The 16-bit raw image is converted to Erdas 7.5 format using

LDDATA and update its .STA file using BSTATS.

3. The image is displayed using READ, at a magnification factor of 1.

4. The write function memory (WFM) program is run using Erdas 7.5.

This program allows the user to modify the display function

memories of the edge image created in step 2. The DC regions for

weak edges are zeroed using the GATE option in WFM. For this
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study, the DC regions for weak edge transitions were values below

8 DCs. Once these values are set to zero, the function memories

are saved to memory and the WFM program is exited.

5. The modified image on the screen is copied into a .GIS file format

using CPYSCR. This creates a .GIS file with class values that are

equal to the DC on the screen. Therefore, if there were 100

different DC values on the screen, there would be 100 output

classes in the .GIS file.

6. The RECODE program is used to create a binary .GIS file. This file

contains only 2 classes: all the classes up to 8 were grouped into

class zero and all the classes above class 8 were set into class 1.

7. The SEARCH program locates all of the pixels that are one or two

pixels away from class 2 pixels, the edge pixels, in the .GIS file

created in step 6. The output is a.GIS file that contains 4 classes.

Class zero pixels are the edge pixels created in step 6. Pixels that

are one pixel away from the edge pixels are placed into class 1.

Class 2 pixels are two pixels from the edge pixels. Class 3 contains

the remaining pixels that are more than two pixels away from an

edge pixel.

8. The .GIS file created in step 7 is recoded to 2 classes using the

RECODE routine. Classes {0,1,2} are recoded into class 1, and class

4 pixels are recoded into class zero. This leaves a binary .GIS file

that contains pixels in a 2-pixel region around the binary edge

mask created in step 6, the class 1 pixels, and background pixels

that are outside the 2-pixel region around the edge pixels, the

class zero pixels.

9. The recoded .GIS file created in step 8 is displayed using the

DISPLAY routine at a magnification factor of 1.

10. The modified image on the screen is placed into a .LAN file using

the CPYSCR routine.

Localized Edge RMS Error Calculations

In order to calculate the localized RMS error differences between the

hybrid imagery and the truth imagery, all of the imagery is

multiplied by the binary mask. The RMS error is then calculated on

this masked imagery.
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Appendix I

Classification and Classification Accuracies

The following appendix illustrates the process used to calculate the

confusion matrices used in determining the independent and global

classification accuracies.

The polygons used in the training of the classifier and in testing the

independent classification accuracies have been archived with the

DIRS laboratory. For visualization purposes, these polygons are

shown overlaid in Figures II - 16 on the panchromatic images for the

three scenes used in this study.

The classifiers used in this study were trained using individual

ground cover samples rather than a pooling of these ground cover

samples. For example, each sample of trees selected was treated as a

separate class when training the classifier. Once the classifier was

trained and the image was classified, the individual tree classes were

recoded into one large tree class. The confusion matrices generated

for the independent training samples were generated using the

classifier created from the dependent data. Therefore, the confusion

matrices created on the independent set of polygons needed to be

recoded into the appropriate number of ground cover classes.

The recoding process can be illustrated by the following example.

Suppose a set of training data contained samples for three types of

trees, two types of soil
,
and two types of water, and these data were

used to generate a classifier. The confusion matrix generated for this

data set contains seven classes and has the following form:

Treel Tree2 Tree3 Soill Soil2 Waterl Water2

Treel a b c d e f g

Tree2 h i i k 1 m n

Tree3 0 P q r s t u

Soill V w X y z aa bb

Soil2 cc dd ee ff gg hh ii

Waterl ii kk 11 m m nn 00 PP

Water2 qq r r ss tt uu V V w w

The values along the rows are the classes into which the pixels were

classified and the values along the columns are the actual classes to
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which the pixels belonged. The recoded confusion matrix would have

three classes and the following form:

Tree Soil Water

Tree a+b+c+h+i+j+cH-p-i-

q

d+e+k+l+r+s f+g+m+n+t+u

Soil v+w+x+cc+dd+ee y+z+mm+gg aa+bb+hh+ii

Water jj+kk+ll+qq+rr+

ss

mm+nn+tt+uu oo+pp+vv+ww
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Appendix J

Independent Classification Confusion Matrices for the

Churchville Imagery

Table of Tables for Appendix J

Table J-1 Independent classification accuracy confusion matrix

for the Churchville 30m
"truth"

image using spectral

bands {1,2,3,4,5,7} J-1

Table J-2 Independent classification accuracy confusion matrix

for the Churchville 90m low resolution image using

spectral bands {1,2,3,4,5,7} J-1

Table J-3 Independent classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

SIMPLE RATIO technique and spectral bands

{1,2,3,4,5,7} : J-1

Table J-4 Independent classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3,4,5,7} J-2

Table J-5 Independent classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3,4,5,7} J-2

Table J-6 Independent classification accuracy confusion matrix

for the Churchville hybrid image created using the HIGH-

PASS FILTER technique and spectral bands {1,2,3,4,5,7} J-2

Table J-7 Independent classification accuracy confusion matrix

for the Churchville 30m
"truth"

image using spectral

bands {1,2,3} J-3

Table J-8 Independent classification accuracy confusion matrix

for the Churchville 90m low resolution image using

spectral bands {1,2,3} J-3

Table J-9 Independent classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

RATIO technique and spectral bands {1,2,3} J-3

Table J-10 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS EXTENDED REGRESSION technique and spectral bands

{1,2,3}
J-4
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Table J-1 1 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS GLOBAL REGRESSION technique and spectral bands

{1,2,3} J-4

Table J- 12 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,2,3} J-4

Table J- 13 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,2,3} J-5

Table J- 14 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

PRINCIPAL COMPONENT technique and spectral bands

{1,2,3} J-5

Table J- 15 Independent classification accuracy confusion

matrix for the Churchville 30m
"truth"

image using

spectral bands {1,3,4} J-5

Table J- 16 Independent classification accuracy confusion

matrix for the Churchville 90m low resolution image

using spectral bands {1,3,4} J-6

Table J-17 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS RATIO technique and spectral bands {1,3.4} J-6

Table J-1 8 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS EXTENDED REGRESSION technique and spectral bands

{1,3,4} J-6

Table J- 19 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS GLOBAL REGRESSION technique and spectral bands

{1,3,4} J-7

Table J-20 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,3,4} J-7

Table J-21 Independent classification accuracy confusion

matrix for the Churchville hybrid, image created using the

PRINCIPAL COMPONENT technique and spectral bands

{1,3,4}
J-7

Table J-22 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,3
,4}

J-8

J-ii



Table J-1 Independent classification accuracy confusion matrix for the

Churchville 30m
"truth"

image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2499/99.17% 3/0.87% 0/0%

Urban 18/0.71% 335/97.10% 1/0.02%

Vegetation 3/0.12% 7/2.03% 4704/99.98%

TOTAL 2520 345 4705

Weighted CIass Accuracy 99.58%

Table J-2 Independent classification accuracy confusion matrix for the

Churchville 90m low resolution image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2474/98.17% 6/1.74% 5/0.11%

Urban 2/0.08% 274/79.42% 5/0.11%

Vegetation 44/1.75% 65/18.84% 4695/99.79%

TOTAL 2520 345 4705

Weighted Class Accuracy 98.32%

Table J-3 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS SIMPLE RATIO technique and

spectral bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Actual

Class

Classified As Soil Urban Vegetation

Soil 2452/97.30% 7/2.03% 0/0%

Urban 68/2.70% 312/90.43% 16/0.34%

Vegetation 0/0% 26/7.54% 4689/99.66%

TOTAL 2520 345 4705

Weighted CI ass Accuracy 98.45%
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Table J-4 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS EXTENDED REGRESSION

technique and spectral bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Vegetation

j Soil 2465/97.82% 15/4.35% 0/0%

Urban 55/2.18% 305/88.41% 92/1.96%

Vegetation 0/0% 25/7.25% 4613/98.04%

TOTAL 2520 345 4705

Weighted CI ass Accuracy 97.59%

Table J-5 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS GLOBAL REGRESSION technique

and spectral bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Vegetation

Soil 2478/98.33% 32/9.28% 0/0%

Urban 42/1.67% 291/84.35% 73/1.55%

Vegetation 0/0% 22/6.38% 4632/98.45%

TOTAL 2520 345 4705

Weighted CI ass Accuracy 97.77%

Table J-6 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the HIGH-PASS FILTER technique and

spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2514/99.76% 87/25.22% 1/0.02%

Urban 3/0.12% 186/53.91% 34/0.72%

Vegetation 3/0.12% 72/20.87% 4670/99.26%

TOTAL 2520 345 4705

Weighted Class Accuracy 97.36%
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Table J-7 Independent classification accuracy confusion matrix for the

Churchville 30m
"truth"

image using spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2338/92.78% 22/6.38% 0/0%

Urban 176/6.98% 307/88.99% 9/0.19%

Vegetation 6/0.24% 16/4.64% 4696/99.81%

TOTAL 2520 345 4705 i

Weighted Class Accuracy 96.97%

Table J-8 Independent classification accuracy confusion matrix for the

Churchville 90m low resolution image using spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2412/95.71% 30/8.70% 0/0%

Urban 97/3.85% 248/71.88% 32/0.68%

Vegetation 11/0.44% 67/19.42% 4673/99.32%

TOTAL
'

2520 345 4705

Weighted CIass Accuracy 96.87%

Table J-9 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS RATIO technique
and'

spectral

bands (1,2,3).

Standard Deviation Threshold = 5

Actual

Class

Classified As Soil Urban Vegetation

Soil 2076/82.38% 90/26.09% 0/0%

Urban 444/17.62% 234/67.83% 49/1.04%

Vegetation 0/0% 21/6.09% 4656/98.96%

TOTAL 2520 345 4705

Weighted CIass Accuracy 92.02%
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Table J- 10 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS EXTENDED REGRESSION

technique and spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Vegetation

Soil 2076/82.38% 90/26.09% 0/0%

Urban 444/17.62% 234/67.83% 49/1.04%

Vegetation 0/0% 21/6.09% 4656/98.96%

TOTAL 2520 345 4705

Weighted Class Accuracy 92.02%

Table J- 11 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS GLOBAL REGRESSION technique

and spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Vegetation

Soil 2076/82.38% 90/26.09% 0/0%

Urban 444/17.62% 234/67.83% 49/1.04%

Vegetation 0/0% 21/6.09% 4656/98.96%

TOTAL 2520 345 4705

Weighted CIass Accuracy 92.02%

Table J- 12 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the HIGH-PASS FILTER technique and

spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2377/94.33% 26/7.54% 0/0%

Urban 138/5.48% 254/73.62% 54/1.15%

Vegetation 5/0.20% 65/18.84% 4651/98.85%

TOTAL 2520 345 4705

Weighted Class Accuracy 93.20%
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Table J- 13 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the INTENSITY-HUE-SATURATION

technique and spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2205/87.50% 58/16.81% 0/0%

Urban 315/12.50% 242/70.14% 30/0.64%

Vegetation 0/0% 45/13.04% 4675/99.36%

TOTAL 2520 "1 345 4705

Weighted Class Accuracy 94.08%

Table J- 14 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the PRINCIPAL COMPONENT technique and

spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2483/98.53% 3/0.87% 0/0%

Urban 37/1.47% 337/97.68% 53/1.13%

Vegetation 0/0% 5/1.45% 4652/98.87%

TOTAL 2520 345 4705

Weighted CIass Accuracy 98.71%

Table J- 15 Independent classification accuracy confusion matrix for the

Churchville 30m
"truth"

image using spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2352/93.33% 33/9.57% 0/0%

Urban 164/6.51% 303/87.83% 2/0.04%

Vegetation 4/0.16% 9/2.61% 4703/99.96%

TOTAL 2520 345 4705

Weighted CI ass Accuracy 97.70%
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Table J- 16 Independent classification accuracy confusion matrix for the

Churchville 90m low resolution image using spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2488/98.73% 28/8.12% 0/0%

Urban 12/0.48% 251/72.75% 2/0.04% !

Vegetation 20/0.79% 66/19.13% 4703/99.96%

TOTAL 2520 345 4705

Weighted Class Accuracy 98.31%

Table J- 17 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS RATIO technique and spectral

bands (1,3.4).

Standard Deviation Threshold = 5

Actual

Class

Classified As Soil Urban Vegetation

Soil 2080/82.54% 60/17.39% 1/0.02%

Urban 437/17.34% 271/78.55% 18/0.38%

Vegetation 3/0.12% 14/4.06% 4686/99.60%

TOTAL 2520 345 4705

Weighted CIass Accuracy 92.96%

Table J- 18 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS EXTENDED REGRESSION

technique and spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Vegetation

Soil 1974/78.33% 77/22.32% 0/0%

Urban 521/20.67% 253/73.33% 21/0.45%

Vegetation 25/0.99%
* 15/4.35% 4684/99.55%

TOTAL 2520 345 4705

Weighted CI ass Accuracy 91.29% |
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Table J- 19 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS GLOBAL REGRESSION technique

and spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Vegetation

Soil 2194/87.06% 106/30.72% 0/0% 1
Urban 325/12.90% 223/64.64% 0/0%

Vegetation 1/0.04% 16/4.64% 4705/100%

TOTAL 2520 345 4705

Weighted Class Accuracy 94.08%

Table J-20 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the HIGH-PASS FILTER technique and

spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2442/96.90% 37/10.72% 0/0%

Urban 68/2.7% 240/69.57% 5/0.11% !
Vegetation 10/0.40% 68/19.71% 4700/99.89%

TOTAL 2520 345
r

47 05

Weighted Class Accuracy 97.52%

Table J-21 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the PRINCIPAL COMPONENT technique and

spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2485/98.61% 0/0% 0/0%

Urban 29/1.15% 336/97.39% 2/0.04%

Vegetation 6/0.24% 9/2.61% 4703/99.96%

TOTAL 2520 345 4705

Weighted Class Accuracy 99.39%
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Table J-22 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the INTENSITY-HUE-SATURATION

technique and spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Vegetation

Soil 2320/92.06% 78/22.61% 0/0%

Urban 194/7.70% 220/63.77% 12/0.26%

Vegetation 6/0.24% 47/13.62% 4693/99.74%

TOTAL 2520 345 4705

Weighted CIass Accuracy 95.55%
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Appendix K

Independent Classification Confusion Matrices for the Rochester

Imagery

Table of Tables for Appendix K

Table K-l Independent classification accuracy confusion matrix

for the Rochester 30m
"truth"

image using spectral bands

{1,2,3,4,5,7} K-l

Table K-2 Independent classification accuracy confusion matrix

for the Rochester 90m low resolution image using

spectral bands {1,2,3,4,5,7} K-l

Table K-3 Independent classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

SIMPLE RATIO technique and spectral bands

{1,2,3,4,5,7} K-2

Table K-4 Independent classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3,4,5,7} K-2

Table K-5 Independent classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3,4,5,7} K-3

Table K-6 Independent classification accuracy confusion matrix

for the Rochester hybrid image created using the HIGH-

PASS FILTER technique and spectral bands {1,2,3,4,5,7} K-3

Table K-7 Independent classification accuracy confusion matrix

for the Rochester 30m
"truth"

image using spectral bands

{1,2,3} K-4

Table K-8 Independent classification accuracy confusion matrix

for the Rochester 90m low resolution image using

spectral bands { 1 ,2,3 } '. K-4

Table K-9 Independent classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

RATIO technique and spectral bands {1,2,3} tK-5

Table K-10 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS EXTENDED REGRESSION technique and spectral bands

{1,2,3} K-5
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Table K-ll Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS GLOBAL REGRESSION technique and spectral bands

{1,2,3} K-6

Table K-l 2 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,2,3} K-6

Table K-l 3 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,2,3} K-7

Table K-l 4 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

PRINCIPAL COMPONENT technique and spectral bands

{ 1 ,2,3 } : K-7

Table K-l 5 Independent classification accuracy confusion

matrix for the Rochester 30m
"truth"

image using spectral

bands {1,3,4} K-8

Table K-l 6 Independent classification accuracy confusion

matrix for the Rochester 90m low resolution image using

spectral bands {1,3,4} K-8

Table K-17 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS RATIO technique and spectral bands {1,3.4} K-9

Table K-l 8 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS EXTENDED REGRESSION technique and spectral bands

{1,3,4} K-9

Table K-l 9 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS GLOBAL REGRESSION technique and spectral bands

{1,3,4} K-10

Table K-20 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,3,4} K-10

Table K-21 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

PRINCIPAL COMPONENT technique and spectral bands

{ 1
,3,4}

K-l 1

Table K-22 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,3,4}
K-ll

K-ii



Table K-l Independent classification accuracy confusion matrix for the Rochester

30m
"truth"

image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Water Urban

Residential

Residential

Water 538/

91.81%

0/

0%

0/

0%

Urban

Residential

10/

1.71%

1396/

89.66%

4/

0.32%

Dense Urban 38/

6.48%

161/

10.34%

1234/

99.68%

TOTAL 586 1557 1238

Weighted Class Accuracy 93.70%

Table K-2 Independent classification accuracy confusion matrix for the Rochester

90m low resolution image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 576/

98.29%

0/

0%

0/

0%

Urban

Residential

2/

0.34%

1405/

90.24%

0/

0%

Dense Urban 8/

1.37%

152/

9.76%

1238/

100%

TOTAL 586 1557 1238

Weighted CIass Accuracy 95.21%
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Table K-3 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS SIMPLE RATIO technique and spectral bands

(1,2,3,4,5,7).

Standard Deviation Threshold = 5

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 523/

89.25%

0/

0%

3/

0.24%

Urban

Residential

7/

1.19%

1377/

88.44%

0/

0%

Dense Urban 56/

9.56%

180/

11.56%

1235/

99.76%

TOTAL 586 15 57 1238

Weighted Class Accuracy 92.72%

Table K-4 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 520/

88.74%

0/

0%

0/

0%

Urban

Residential

3/

0.51%

1309/

84.07%

0/

0%

Dense Urban 63/

10.75%

248/

15.93%

1238/

100%

TOTAL 586 1557 1238

Weighted CIass Accuracy 90.71%
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Table K-5 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 565/

96.42%

2/

0.13%

0/

0%

Urban

Residential

14/

2.39%

1434/

92.10%

1/

0.08%

Dense Urban 7/

1.19%

121/

7.77%

1237/

99.92%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 95.71%

Table K-6 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3,4,5,7).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 574/

97.95%

2/

0.13%

0/

0%

Urban

Residential

1/

0.17%

1397/

89.72%

0/

0%

Dense Urban 1 1/

1.88%

158/

10.15%

1238/

100%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 94.91%

K-3



Table K-7 Independent classification accuracy confusion matrix for the Rochester

30m
"truth"

image using spectral bands (1,2,3)

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 530/

90.44%

78/

5.01%

0/

0%

Urban

Residential

56/

9.56%

1363/

87.54%

74/

5.98%

Dense Urban 0/

0%

116/

7.45%

1164/

94.02%

TOTAL 586 1557 1238

Weighted Class Accuracy 90.42%

Table K-8 Independent classification accuracy confusion matrix for the Rochester

90m low resolution image using spectral bands (1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 528/

90.10%

172/

11.05%

0/

0%

Urban

Residential

56/

9.56%

1293/

83.04%

0/

0%

Dense Urban 2/

0.34%

92/

5.91%

1238/

100%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 90.48
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Table K-9 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS RATIO technique and spectral bands (1,2,3).

Standard Deviation Threshold = 5

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 482/

82.25%

147/

9.44%

0/

0%

Urban

Residential

74/

12.63%

1290/

82.85%

5/

0.40%

Dense Urban 30/

5.12%

120/

7.71%

1233/

99.60%

TOTAL 586 1557 1238

Weighted CIass Accuracy 88.88%

Table K-10 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 482/

82.25%

147/

9.44%

0/

0%

Urban

Residential

74/

12.63%

1290/

82.85%

5/

0.40%

Dense Urban 30/

5.12%

120/

7.71%

1233/

99.60%

TOTAL 586 1557 1238

Weighted CIass Accuracy 88.88%
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Table K-ll Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 518/

88.40%

299/

15.19%

0/

0%

Urban

Residential

53/

9.04%

1155/

58.66%

3/

0.36%

Dense Urban 15/

2.56%

515/

26.16%

823/

99.64%

TOTAL 586 1969 826

Weighted Class Accuracy 73.82%

Table K-l 2 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 540/

92.15%

406/

26.08%

0/

0%

Urban

Residential

44/

7.51%

1050/

67.44%

0/

0%

Dense Urban 2/

0.34%

101/

6.49%

1238/

100%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 83.64%
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Table K-l 3 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 532/

90.78%

55/

3.53%

4/

0.32%

Urban

Residential

51/

8.70%

1411/

90.62%

0/

0%

Dense Urban 3/

0.51%

91/

5.84%

1234/

99.68%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 93.97%

Table K-14 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the PRINCIPAL COMPONENT technique and spectral

bands (1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 520/

88.74%

35/

2.25%

0/

0% !

Urban

Residential

50/

8.53%

1393/

89.47%

66/

5.33%

Dense Urban 16/

2.73%

129/

8.29%

1 172/

94.67%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 91.25%
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Table K-l 5 Independent classification accuracy confusion matrix for the Rochester

30m
"truth"

image using spectral bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 532/

90.78%

39/

2.50%

23/

1.86%
'

Urban

Residential

17/

2.90%

1340/

86.06%

11/

0.89%

Dense

Urban

37/

6.31%

178/

11.43%

1204/

97.25%

TOTAL 586 1557 1238

Weighted Class Accuracy 90.98%

Table K-l6 Independent classification accuracy confusion matrix for the Rochester

90m low resolution image using spectral bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 543/

92.66%

70/

4.50%

0/

0%

Urban

Residential

19/

3.24%

1370/

87.99%

0/

0%

Dense

Urban

24/

4.10%

1 17/

7.51%

1238/

100%

TOTAL 586 1557 1238

Weighted CI ass Accuracy 93.20%
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Table K-l 7 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS RATIO technique and spectral bands (1,3.4).

Standard Deviation Threshold = 5

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 523/

89.25%

21/

1.35%

52/

4.20%

Urban

Residential

19/

3.24%

1395/

89.60%

5/

0.40%

Dense

Urban

44/

7.51%

141/

9.06%

1181/

95.40%

TOTAL 586 1557 1238

Weighted CIass Accuracy 91.66%

Table K-l 8 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 527/

89.93%

25/

1.61%

13/

1.05%

Urban

Residential

14/

2.39%

1363/

87.54%

6/

0.48%

Dense

Urban

45/

7.68%

169/

10.85%

1219/

98.47%

TOTAL 586 1557 1238

Weighted CIass Accuracy 91.96%
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Table K-l 9 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 550/

93.86%

13/

0.83%

6/

0.48%

Urban

Residential

20/

3.41%

1402/

90.04%

2/

0.16%

Dense

Urban

16/

2.73%

142/

9.12%

1230/

99.35%

TOTAL 586 1557 f 1238

Weighted Class Accuracy 94.11%

Table K-20 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 551/

94.03

228/14.64 16/1.29

Urban

Residential

21/3.58 1272/

81.70

3/0.24

Dense

Urban

14/2.39 57/3.66 1219/

98.47

TOTAL 586 1557 1238

Weighted CI ass Accuracy 89.97%
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Table K-21 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the PRINCIPAL COMPONENT technique and spectral

bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 553/

94.37

31/1.99 9/0.73

Urban

Residential

5/0.85 1339/

86.00

65/5.25

Dense

Urban

28/4.78 187/12.01 1164/

94.02

TOTAL 586 1557 1238

Weighted Class Accuracy 90.39%

Table K-22 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 516/

88.05

16/1.03 26/2.10

Urban

Residential

19/3.24 1459/

93.71

0/0

Dense

Urban

51/8.70 82/5.27 1212/

97.90

TOTAL 586 1557 1238

Weighted CIass Accuracy 94.26%
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Appendix L

Independent Classification Confusion Matrices for the Cobb's Hill

Imagery

Table of Tables for Appendix L
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Table L-l Independent classification accuracy confusion matrix for the Cobb's Hill

30m
"truth"

image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 590

/99.2%

0/0% 0/0% 0/0% 1/

0.1%

12/

0.8%

Tree 0/0% 1112

199.1%

0/0% 0/0% 0/0% 1/

0.1%

Water 0/0% 0/0% 214

/99.1%

0/0% 0/0% 0/0%

Soil 2/

0.3%

0/0% 0/0% 304

199.1%

12/0.8% 15/

1.0%

Urban 3/

0.5%

0/0% 0/0% 1/

0.3%

1412

196.1%

190/

12.4%

Residential 0/0% 3/

0.3%

2/

0.9%

0/0% 35/

2.4%

131 1

/85.7%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

94.96%

Table L-2 Independent classification accuracy confusion matrix for the Cobb's Hill

90m low resolution image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 451/

75.8%

0/0% 0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1115/

100.0%

0/0% 0/0% 45/3.1% 0/0%

Water 0/0% 0/0% 215/

99.5%

0/0% 2/

0.1%

0/0%

Soil 144/

24.2%

0/0% 0/0% 305/

100.0%

2/

0.1%

0/0%

Urban 0/0% 0/0% 1/0.5% 0/0% 1395/

95.5%

149/

9.7%

Residential 0/0% 0/0% 0/0% - 0/0% 16/

1.1%

1380/

90.3%

TOTAL 595 11 15 216 305 1460 1529

Weighted Class

Accuracy

93.12%
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Table L-3 Independent classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS SIMPLE RATIO technique and spectral bands

(1,2,3,4,5,7).

Standard Deviation Threshold = 5

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 467/

78.5%

0/0% 0/0% 0/0% 1/

0.1%

0/0%

Tree 0/0% 1108/

99.4%

1/

0.5%

0/0% 0/0% 0/0%

Water 0/0% 0/0% 213/

98.6%

0/0% 0/0% 0/0%

Soil 59/

9.9%

6/

0.5%

0/0% 305/

100.0%

129/

8.8%

0/0%

Urban 69/

11.6%

1/

0.1%

2/

0.9%

0/0% 1297/

88.8%

195/

12.8%

Residential 0/0% 0/0% 0/0% 0/0% 33/

2.3%

1334/

87.2%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

90.50%

Table L-4 Independent classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 522/

87.7%

2/

0.2%

0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1083/

97.1%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 0/0% 207/

95.8%

0/0% 42/

2.9%

0/0%

Soil 31/

5.2%

5/

0.4%

4/

1.9%

266/

87.2%

107/

7.3%

5/

0.3%

Urban 42/

7.1%

6/

0.5%

5/

2.3%

39/12.8% 1302/

89.2%

181/

11.8%

Residential 0/0% 19/

.1.7%

0/0% 0/0% 9/

0.6%

1343/

87.8%

TOTAL 595 1115 216 305 1460 1529

Weighte

Acci

d Class

iracy

90.48%
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Table L-5 Independent classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3,4,5,7).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 548/

92.1%

5/

0.4%

0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1102/

98.8%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 0/0% 214/

99.1%

0/0% 0/0% 0/0%

Soil 0/0% 0/0% 0/0% 281/

92.1%

96/

6.6%

0/0%

Urban 47/

7.9%

0/0% 2/

0.9%

24/

7.9%

1285/

88.0%

134/

8.8%

Residential 0/0% 8/

0.7%

0/0% 0/0% 79/5.4% 1395/

91.2%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

92.43%

Table L-6 Independent classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3,4,5,7).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 473/

79.5%

0/0% 0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1 115/

100.0%

9/

4.2%

0/0% 5/

0.3%

1/

0.1%

Water 0/0% 0/0% 206/

95.4%

0/0% 0/0% 0/0%

Soil 122/

20.5%

0/0% 0/0% 305/

100.0%

16/

1.1%

0/0%

Urban 0/0% 0/0% 1/

0.5%

0/0% 1418/

97.1%

232/

15.2%

Residential 0/0% 0/0% 0/0% 0/0% 21/

1.4%

1296/

84.8%

TOTAL 595 1115 216 305 1460 1529

Weighte

Accu

d Class

racy

92.20%
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Table L-7 Independent classification accuracy confusion matrix for the Cobb's Hill

30m
"truth"

image using spectral bands (1,2,3)

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 587/

98.7%

0/0% 0/0% 0/0% 2/

0.1%

20/

1.3%

Tree 0/0% 1059/

95.0%

3/

1.4%

0/0% 0/0% 0/0%

Water 0/0% 56/5.0% 204/

94.4%

0/0% 0/0% 45/

2.9%
Soil 1/

0.2%

0/0% 0/0% 303/

99.3%

16/

1.1%

0/0%

Urban 11

1.2%

0/0% 0/0% 2/

0.7%

1412/

96.7%

249/

16.3%

Residential 0/0% 0/0% 9/4.2% 0/0% 30/

2.1%

1215/

79.5%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

91.57%

Table L-8 Independent classification accuracy confusion matrix for the Cobb's Hill

90m low resolution image using spectral bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 578/

97.1%

0/0% 0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1076/

96.5%

0/0% 0/0% 0/0% 0/%0%

Water 0/0% 39/3.5% 200/

92.6%

0/0% 34/

2.3%

34/

2.2%

Soil 14/

2.4%

0/0% 0/0% 305/

100.0%

8/

0.5%

0/0%

Urban 3/

0.5%

0/0% 4/

1.9%

0/0% 1374/

94.1%

122/

8.0%

Residential 0/0% 0/0% 12/

5.6%

0/0% 44/

3.0%

1373/

89.8%

TOTAL 595 11 15 216 305 1460 1529

Weighte

Accu

d Class

racy

93.98%
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Table L-9 Independent classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS RATIO technique and spectral bands (1,2,3).

Standard Deviation Threshold = 5

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 558/

93.8%

0/0% 0/0% 0/0% 7/

0.5%

1/

0.1%

Tree 0/0% 1020/

91.5%

10/

4.6%

0/0% 3/

0.2%

0/0%

Water 0/0% 94/

8.4%

202/

93.5%

0/0% 0/0% 17/

1.1%

Soil 0/0% 0/0% 0/0% 263/

86.2%

86/

5.9%

0/0%

Urban 37/

6.2%

0/0% 1/

0.5%

42/

13.8%

1164/

79.7%

189/

12.4%

Residential 0/0% 1/

0.1%

3/

1.4%

0/0% 200/

13.7%

1322/

86.5%

TOTAL 595 11 15 216 305 1460 1529

Weighted Class

Accuracy

86.76%

Table L-10 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 558/

93.8%

0/0% 0/0% 0/0% 11

0.5%

1/

0.1%

Tree 0/0% 1020/

91.5%

10/

4.6%

0/0% 3/

0.2%

0/0%

Water 0/0% 94/

8.4%

202/

93.5%

0/0% 0/0% 17/

1.1%

Soil 0/0% 0/0% 0/0% 263/

86.2%

86/

5.9%

0/0%

Urban 37/

6.2%

0/0% 1/

0.5%

42/

13.8%

1164/

79.7%

189/

12.4%

Residential 0/0% 1/

0.1%

3/

1.4%

0/0% 200/

13.7%

1322/

86.5%

TOTAL 595 1115 216 305 1460 1529

Weighte

Acci

d Class

iracy

86.76%
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Table L-ll Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS GLOBAL REGRESSION technique and

spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 558/

93.8%

0/0% 0/0% 0/0% 11

0.5%

1/

0.1%

Tree 0/0% 1020/

91.5%

10/

4.6%

0/0% 3/

0.2%

0/0%

Water 0/0% 94/

8.4%

202/

93.5%

0/0% 0/0% 17/

1.1%

Soil 0/0% 0/0% 0/0% 263/

86.2%

86/5.9% 0/0%

Urban 37/

6.2%

0/0% 1/0.5% 42/

13.8%

1 164/

79.7%

189/

12.4%

Residential 0/0% 1/

0.1%

3/

1.4%

0/0% 200/

13.7%

1322/

86.5%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

86.76%

Table L-l 2 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the HIGH-PASS FILTER technique and spectral

bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 570/

95.8%

2/

0.2%

0/0% 1/

0.3%

0/0% 0/0%

Tree 1/

0.2%

1026/

92.0%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 87/7.8% 201/

93.1%

0/0% 8/

0.5%

51/

3.3%

Soil 21/

3.5%

0/0% 0/0% 299/

98.0%

4/

0.3%

0/0%

Urban 3/

0.5%

0/0% 3/

1.4%

5/

1.6%

1404/

96.2%

98/

6.4%

Residential 0/0% 0/0% 12/

5.6%

0/0% 44/

3.0%

1380/

90.3%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

93.49%
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Table L-l 3 Independent classification accuracy confusion matrix for the Cobb's
Hill hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 588/

98.8%

2/

0.2%

0/0% 0/0% 2/

0.1%

2/

0.1%

Tree 0/0% 1038/

93.1%

13/

6.0%

0/0% 0/0% 0/0%

Water 0/0% 54/

4.8%

199/

92.1%

0/0% 0/0% 34/

2.2%

Soil 0/0% 0/0% 0/0% 224/

73.4%

55/3.8% 0/0%

Urban 11

1.2%

0/0% 0/0% 81/

26.6%

1289/

88.3%

212/

13.9%

Residential 0/0% 21/

1.9%

4/

1.9%

0/0% 1 14/

7.8%

1281/

83.8%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

88.49%

Table L-l 4 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the PRINCIPAL COMPONENT technique and

spectral bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 590/

99.2%

14/

1.3%

0/0% 0/0% 4/

0.3%

0/0%

Tree 1/

0.2%

1021/

91.6%

27/

12.5%

0/0% 3/0.2% 12/

0.8%

Water 0/0% 55/

4.9%

184/

85.2%

0/0% 0/0% 13/

0.9%

Soil 1/

0.2%

0/0% 0/0% 288/

94.4%

0/0% 0/0%

Urban 3/

0.5%

0/0% 5/

2.3%

17/

5.6%

1388/

95.1%

190/12.4%

Residential 0/0% 25/

2.2%

0/0% 0/0% 65/

4.5%

1314/

85.9%

TOTAL 595 11 15 216 305 1460 1529

Weighte

Accu

d Class

racy

91.67%
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Table L-15 Independent classification accuracy confusion matrix for the Cobb's

Hill 30m
"truth"

image using spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 587/

98.7%

2/

0.2%

0/0% 0/0% 1/

0.1%

23/

1.5%

Tree 0/0% 1095/

98.2%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 0/0% 212/

98.1%

0/0% 0/0% 0/0%

Soil 0/0% 0/0% 0/0% 302/

99.0%

5/

0.3%

6/

0.4%

Urban 5/

0.8%

0/0% 3/

1.4%

3/

1.0%

1421/

97.3%

264/

17.3%

Residential 3/

0.5%

18/

1.6%

1/

0.5%

0/0% 33/

2.3%

1236/

80.8%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

92.97%

Table L-l6 Independent classification accuracy confusion matrix for the Cobb's

Hill 90m low resolution image using spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 569/

95.6%

4/

0.4%

0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1110/

99.6%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 0/0% 216/

100.0%

0/0% 46/

3.2%

0/0%

Soil 26/

4.4%

0/0% 0/0% 305/

100.0%

2/

0.1%

0/0%

Urban 0/0% 1/

0.1%

0/0% 0/0% 1370/

93.8%

128/

8.4%

Residential 0/0% 0/0% 0/0% 0/0% 42/

2.9%

1401/

91.6%
w

TOTAL 595 11 15 216 305 1460 1529

Weighte

Acci

d Class

iracy

95.23%
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Table L-17 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS RATIO technique and spectral bands

(1,3.4).

Standard Deviation Threshold = 5

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 571/

96.0%

9/

0.8%

0/0% 0/0% 11

0.5%

0/0%

Tree 0/0% 1095/

98.2%

0/0% 0/0% 3/

0.2%

0/0%

Water 0/0% 0/0% 211/

97.7%

0/0% 0/0% 1/

0.1%

Soil 22/

3.7%

0/0% 0/0% 280/

91.8%

61/

4.2%

0/0%

Urban 2/

0.3%

0/0% 5/

2.3%

25/8.2% 1347/

92.3%

178/

11.6%

Residential 0/0%
.

1 1/

1.0%

0/0% 0/0% 42/

2.9%

1350/

88.3%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

92.99%

Table L-l 8 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 558/

93.8%

11

0.6%

0/0% 0/0%% 11/

0.8%

14/

0.9%

Tree 0/0% 1092/

97.9%

0/0% 0/0 0/0% 0/0%

Water 0/0% 3/

0.3%

212/

98.1%

0/0% 0/0% 0/0%

Soil 0/0% 0/0% 0/0% 258/

84.6%

94/

6.4%

0/0%

Urban 37/

6.2%

0/0% 0/0% 47/

15.4%

1325/

90.8%

295/19.3%

Residential 0/0% 13/

1.2%

4/

1.9%

0/0% 30/

2.1%

1220/

79.8%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

89.37%
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Table L-l 9 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS GLOBAL REGRESSION technique and

spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 578/

97.1%

4/

0.4%

0/0% 0/0% 0/0% 0/0%

Tree 0/0% 1097/

98.4%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 0/0% 215/

99.5%

0/0% 0/0% 0/0%

Soil 0/0% 0/0% 0/0% 278/

91.1%

22/

1.5%

0/0%

Urban 17/

2.9%

3/

0.3%

1/

0.5%

27/

8.9%

1380/

94.5%

128/

8.4%

Residential 0/0% 11/

1.0%

0/0% 0/0% 58/

4.0%

1401/

91.6%

TOTAL 595 11 15 216 305 1460 1529

Weighted Class

Accuracy

94.81%

Table L-20 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the HIGH-PASS FILTER technique and spectral

bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 576/

96.8%

5/

0.4%

0/0% 0/0% 0/0% 0/0%

Tree 1/

0.2%

1 107/

99.3%

0/0% 0/0% 0/0% 3/

0.2%

Water 0/0% 0/0% 207/

95.8%

0/0% 5/%

0.3

1 /

0.1%

Soil 15/

2.5%

0/0% 0/0% 274/

89.8%

0/0% 0/0%

Urban 3/

0.5%

2/%

0.2

9/

4.2%

31/

10.2%

1369/

93.8%

131/

8.6%

Residential 0/0% 1/

0.1%

0/0% 0/0% 86/

5.9%

1394/

91.2%

TOTAL 595 1115 216 305 1460 1529

Weighte

Acci

d Class

iracy

94.39%
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Table L-21 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the PRINCIPAL COMPONENT technique and

spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 591/

99.3%

1/

0.1%

0/0% 0/0% 9/

0.6%

6/

0.4%

Tree 3/

0.55%

1096/

98.36%

3/

1.4%

0/0% 3/

0.2%

117/

7.7%

Water 0/0% 0/0% 213/

98.6%

0/0% 0/0% 0/0%

Soil 1/

0.2%

0/0% 0/0% 305/

100.0%

8/

0.5%

0/0%

Urban 0/0% 1/

0.1%

0/0% 0/0% 1414/

96.8%

267/

17.5%

Residential 0/0% 17/

1.5%

0/0% 0/0% 26/1.8% 1139/

74.5%

TOTAL 595 1115 216 305 1460 1529

Weighted Class

Accuracy

91.15%

Table L-22 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 585/

98.3%

10/

0.9%

0/0% 0/0% 0/0 0/0%

Tree 0/0 % 1 100/

98.7%

0/0% 0/0% 0/0% 0/0%

Water 0/0% 0/0% 213/

98.6%

0/0% 0/0% 11

0.5%

Soil 10/

1.7%

0/0% 0/0% 275/

90.2%

5/

0.3%

0/0%

Urban 0/0% 0/0% 21%

0.9

30/

9.8%

1412/

96.7%

140/

9.2%

Residential 0/0% 5/

0.4%

1/

0.5%

0/0% 43/

2.9%

1382/

90.4%

TOTAL 595 11 15 216 305 1460 1529

Weighte

Acci

d Class

iracy

95.15%
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Appendix M

Image-wide Classification Confusion Matrices for the Churchville

Imagery

Table of Tables for Appendix M

Table M-l Image-wide classification accuracy confusion matrix

for the Churchville 90m low resolution image using

spectral bands {1,2,3,4,5,7} M-l

Table M-2 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

SIMPLE RATIO technique and spectral bands

{1,2,3,4,5,7} M-l

Table M-3 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3,4,5,7} M-2

Table M-4 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3,4,5,7} M-2

Table M-5 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the HIGH-

PASS FILTER technique and spectral bands {1,2,3,4,5,7} M-3

Table M-6 Image-wide classification accuracy confusion matrix

for the Churchville 90m low resolution image using

spectral bands {1,2,3} M-3

Table M-7 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

RATIO technique and spectral bands {1,2,3} M-4

Table M-8 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS
'

EXTENDED REGRESSION technique and spectral bands

{1,2,3} M-4

Table M-9 Image-wide classification accuracy confusion matrix

for the Churchville hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3} M-5

Table M-10 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

PRINCIPAL COMPONENT transformation technique and

spectral bands {1,2,3} M-5
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Table M-ll Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,2,3} M-6

Table M-l 2 Independent classification accuracy confusion

matrix for the Churchville hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,2,3} M-6

Table M-l 3 Image-wide classification accuracy confusion

matrix for the Churchville 90m low resolution image

using spectral bands {1,3,4} M-7

Table M-l 4 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS RATIO technique and spectral bands {1,3.4} M-7

Table M-l 5 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS EXTENDED REGRESSION technique and spectral bands

{1,3,4} M-8

Table M-l 6 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

DIRS GLOBAL REGRESSION technique and spectral bands

{1,3,4} M-8

Table M-l 7 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

PRINCIPAL COMPONENT technique and spectral bands

{1,3,4} M-9

Table M-l 8 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,3,4} M-9

Table M-l 9 Image-wide classification accuracy confusion

matrix for the Churchville hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,3,4} M-10
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Table M-l Image-wide classification accuracy confusion matrix for the Churchville

90m low resolution image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Soil Urban Residential

Soil 53471/

73.87%

10324/

24.41%

7336/

5.26%

Urban 6846/

9.46%

20742/

49.04%

11498/

8.25%

Residential 4250/

5.87%

6153/

14.55%

110240/

79.12%

TOTAL 72390 42290 139336

Weighted Class Accuracy 72.61%

Table M-2 Image-wide classification accuracy confusion matrix for the Churchville

hybrid image created using the DIRS SIMPLE RATIO technique and spectral bands

(1,2,3,4,5,7).

Standard deviation threshold = 5

Actual

Class

Classified As Soil Urban Residential

Soil 46112/

63.70%

3121/

7.38%

647/

0.46%

Urban 16461/

22.74%

30267/

71.57%

21821/

15.66%

Residential 1994/

2.75%

3831/

9.06%

106606/

76.51%

TOTAL 72390 42290 139336

Weighted CIass Accuracy 72.04%
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Table M-3 Image-wide classification accuracy confusion matrix for the Churchville

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3,4,5,7).

Standard deviation threshold = 5

Correlation threshold = 0.80

Actual

Class

Classified As Soil Urban Residential

Soil 46565/

64.33%

2905/

6.87%

673/

0.48%

Urban 16959/

23.43%

32503/

76.86%

28901/

20.74%

Residential 1043/

1.44%

1811/

4.28%

99500/

71.41%

TOTAL 72390 42290 139336

Weighted CIass Accuracy 70.30%

Table M-4 Image-wide classification accuracy confusion matrix for the Churchville

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3,4,5,7).

Standard deviation threshold = 5

Correlation threshold = 0.80

Actual

Class

Classified As Soil Urban Residential

Soil 46023/

63.58%

4743/

11.22%

794/

0.57%

Urban 17179/

23.73%

30093/

71.16%

24396/

17.51%

Residential 1365/

1.89%

2383/

5.63%

103884/

74.56%

TOTAL 72390 42290 139336

Weighted CIass Accuracy 70.86%
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Table M-5 Image-wide classification accuracy confusion matrix for the Churchville

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3,4,5,7).

Actual

Class

Classified As Soil Urban Residential

Soil 51689/

71.40%

7952/

18.80%

3721/

2.67%

Urban 11001/

15.20%

25136/

59.43%

22885/

16.42%

Residential 1877/

2.59%

4131/

9.77%

102468/

73.54%

TOTAL 72390 42290 139336

Weighted CIass Accuracy 70.58%

Table M-6 Image-wide classification accuracy confusion matrix for the Churchville 90m

low resolution image using spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Residential

Soil 56473/

77.93%

8650/

23.75%

7648/

5.27%

Urban 6477/

8.94%

18786/

51.58%

19720/

13.59%

Residential 1884/

2.60%

4415/

12.12%

106807/

73.59%

TOTAL 72469 36418 145129

Weighted CIass Accuracy 71.68%

M-3



Table M-7 Image-
wide classification accuracy confusion matrix for the Churchville

hybrid image created using the DIRS RATIO technique and spectral bands (1,2,3).

Standard deviation threshold = 5

Actual

Class

Classified As Soil Urban Residential

Soil 46392/

64.02%

8266/

22.70%

1015/

0.70%

Urban 16355/

22.57%

20025/

54.99%

16965/

11.69%

Residential 2087/

2.88%

3560/

9.78%

116195/

80.06%

TOTAL 72469 36418 145129

Weighted CI ass Accuracy 71.89%

Table M-8 Image-wide classification accuracy confusion matrix for the Churchville

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Residential

Soil 46392/

64.02%

8266/

22.70%

1015/

0.70%

Urban 16355/

22.57%

20025/

54.99%

16965/

11.69%

Residential 2087/

2.88%

3560/

9.78%

116195/

80.06%

TOTAL 72469 36418 145129

Weighted CI ass Accuracy 71.89%

M-4



Table M-9 Image-wide classification accuracy confusion matrix for the Churchville
hybnd image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Residential

Soil 46392/

64.02%

8266/

22.70%

1015/

0.70%

Urban 16355/

22.57%

20025/

54.99%

16965/

11.69%

Residential 2087/

2.88%

3560/

9.78%

116195/

80.06%

TOTAL 72469 36418 145129

Weighted Class Accuracy
(

71.89%

Table M-10 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the PRINCIPAL COMPONENT

transformation technique and spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Residential

Soil 47021/

64.88%

4942/

13.57%

1889/

1.30%

Urban 12692/

17.51%

23353/

64.12%

14218/

9.80%

Residential 5121/

7.07%

3556/

9.76%

118068/

81.35%

TOTAL 72469 36418 145129

Weighted CI ass Accuracy 74.21%
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Table M-ll Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the INTENSITY-HUE-SATURATION

technique and spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Residential

Soil 39163/

54.04%

5948/

16.30%

932/

0.64%

Urban 21901/

30.22%

21446/

58.89%

12150/

8.37%

Residential 3770/

5.20%

4457/

12.24%

121093/

83.44%

TOTAL 72469 36418 145129

Weighted Class Accuracy 71.53%
'

Table M-l 2 Independent classification accuracy confusion matrix for the

Churchville hybrid image created using the HIGH-PASS FILTER technique and

spectral bands (1,2,3).

Actual

Class

Classified As Soil Urban Residential

Soil 55460/

76.53%

8470/

23.26%

7371/

5.08%

Urban 7048/

2.77%

18978/

52.11%

18284/

12.60%

Residential 2326/

3.21%

4403/

12.09%

108520/

74.77%

TOTAL 72469 36418 145129

Weighted CI ass Accuracy 72.03%
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Table M-l 3 Image-wide classification accuracy confusion matrix for the

Churchville 90m low resolution image using spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Residential

Soil 47496/

76.82%

12060/

24.67%

4021/

2.81%

Urban 6942/

11.22%

25709/

52.60%

18382/

12.83%

Residential 941/

1.52%

4975/

10.18%

110334/

76.99%

TOTAL 61831 48876 143309

Weighted Class Accuracy 72.26%

Table M-14 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS RATIO technique and spectral

bands (1,3.4).

Standard Deviation Threshold = 5

Actual

Class

Classified As Soil Urban Residential

Soil 42566/

68.84%

6876/

14.07%

438/

0.31%

Urban 12437/

20.11%

31992/

65.46%

24120/

16.83%

Residential 376/

0.61%

3876/

7.93%

108179/

75.49%

TOTAL 61831 48876 143309

Weighted CI ass Accuracy 71.94%

M-7



Table M-15 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS EXTENDED REGRESSION

technique and spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Residential

Soil 42941/

69.45%

6809/

13.93%

393/

0.27%

Urban 12265/

4.83%

34092/

69.75%

32006/

22.33%

Residential 173/

0.28%

1843/

3.77%

100338/

70.02%

TOTAL 61831 48876 143309

Weighted CIass Accuracy 69.83%

Table M-l 6 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the DIRS GLOBAL REGRESSION technique

and spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Soil Urban Residential

Soil 43957/

71.09%

10317/

21.11%

991/

0.69%

Urban 11160/

4.39%

28428/

58.16%

18780/

13.10%

Residential 262/

0.42%

3999/

8.18%

112966/

78.83%

TOTAL 61831 48876 143309

Weighted CI ass Accuracy 72.97%
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Table M-l 7 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the PRINCIPAL COMPONENT technique and

spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Residential

Soil 37738/

61.03%

3952/

8.09%

467/

0.33%

Urban 12683/

20.51%

26539/

54.30%

6193/

4.32%

Residential 4958/

8.02%

12253/

25.07%

126077/

87.98%

TOTAL 61831 48876 143309

Weighted Class Accuracy 74.94%

Table M-l 8 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the INTENSITY-HUE-SATURATION

technique and spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Residential

Soil 4191 1/

67.78%

6060/

12.40%

612/

0.43%

Urban 12445/

20.13%

30299/

61.99%

16154/

11.27%

Residential 1023/

1.65%

6385/

13.06%

1 15971/

80.92%

TOTAL 61831 48876 143309

Weighted CI ass Accuracy 74.08%

M-9



Table M-19 Image-wide classification accuracy confusion matrix for the

Churchville hybrid image created using the HIGH-PASS FILTER technique and

spectral bands (1,3,4).

Actual

Class

Classified As Soil Urban Residential

Soil 49645/

80.29%

14347/

29.35%

6183/

4.31%

Urban 4971/

1.96%

23938/

48.98%

25623/

17.88%

Residential 763/

1.23%

4459/

9.12%

100931/

70.43%

TOTAL 61831 48876 143309

Weighted CIass Accuracy 68.70%

M-10



Appendix N

Image-wide Classification Confusion Matrices for the Rochester

Imagery

Table of Tables for Appendix N

Table N-l Image-wide classification accuracy confusion matrix

for the Rochester 90m low resolution image using
spectral bands {1,2,3,4,5,7} N-l

Table N-2 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

SIMPLE RATIO technique and spectral bands

{1,2,3,4,5,7} N-l

Table N-3 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3,4,5,7} N-2

Table N-4 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3,4,5,7} N-2

Table N-5 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the HIGH-

PASS FILTER technique and spectral bands {1,2,3,4,5,7} N-3

Table N-6 Image-wide classification accuracy confusion matrix

for the Rochester 90m low resolution image using

spectral bands {1,2,3} N-3

Table N-7 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

RATIO technique and spectral bands {1,2,3} N-4

Table N-8 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3} N-4

Table N-9 Image-wide classification accuracy confusion matrix

for the Rochester hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3} : N-5

N-i



Table N-10 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

PRINCIPAL COMPONENT transformation technique and

spectral bands {1,2,3} N-5

Table N-ll Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,2,3} N-6

Table N-l 2 Independent classification accuracy confusion

matrix for the Rochester hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,2,3} N-6

Table N-13 Image-wide classification accuracy confusion

matrix for the Rochester 90m low resolution image using

spectral bands {1,3,4} N-7

Table N-14 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS RATIO technique and spectral bands {1,3.4} N-7

Table N-15 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS EXTENDED REGRESSION technique and spectral bands

{1,3,4} N-8

Table N-l 6 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

DIRS GLOBAL REGRESSION technique and spectral bands

{1,3,4} N-8

Table N-l 7 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

PRINCIPAL COMPONENT technique and spectral bands

{1,3,4} N-9

Table N-l 8 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,3,4} N-9

Table N-l 9 Image-wide classification accuracy confusion

matrix for the Rochester hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,3,4} N-10

N-ii



Table N-l Image-wide classification accuracy confusion matrix for the Rochester
90m low resolution image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 2463/

86.57%

6886/

5.00%

9063/

7.97%

Urban

Residential

3/

0.11%

98884/

71.91%

8293/

7.30%

Dense

Urban

139/

4.89%

17647/

12.83%

87482/

76.97%

TOTAL 2845 137509 113662

Weighted Class Accuracy 74.34%

Table N-2 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS SIMPLE RATIO technique and spectral bands

(1,2,3,4,5,7).

Standard deviation threshold = 5

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 2210/

77.68%

390/

0.28%

610/

0.54%

Urban

Residential

30/

1.05%

93145/

67.73%

5876/

5.17%

Dense

Urban

365/

12.83%

29882/

21.73%

98352/

86.53%

TOTAL f 2845 137509 113662

Weighted CI ass Accuracy 76.26%

N-l



Table N-3 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3,4,5,7).

Standard deviation threshold = 5

Correlation threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 2213/

77.79%

640/

0.47%

721/

0.63%

Urban

Residential

5/

0.18%

80003/

58.18%

2609/

2.30%

Dense

Urban

387/

13.60%

42774/

31.11%

101508/

89.31%

TOTAL 2845 137509 113662

Weighted CI ass Accuracy 72.33%

Table N-4 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3,4,5,7).

Standard deviation threshold = 5

Correlation threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 2372/

83.37%

3384/

2.46%

1290/

1.13%

Urban

Residential

68/

2.39%

112479/

81.80%

21169/

18.62%

Dense

Urban

165/

5.80%

7554/

5.49%

82379/

72.48%

TOTAL 2845 137509 113662

Weighted CIass Accuracy 77.64%

N-2



Table N-5 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3,4,5,7).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 2401/

84.39%

1323/

0.96%

1324/

1.16%

Urban

Residential

5/

0.18%

95696/

69.59%

6094/

5.36%

Dense

Urban

199/

6.99%

26398/

19.20%

97419/

85.71%

TOTAL

>"

2845 137509 113662

Weighted CIass Accuracy 76.97%

Table N-6 Image-wide classification accuracy confusion matrix for the Rochester

90m low resolution image using spectral bands (1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 6017/

37.28%

20433/

13.30%

7992/

9.48%

Urban

Residential

7466/

46.26%

99104/

64.53%

8004/

9.49%

Dense

Urban

803/

4.98%

18372/

11.96%

62669/

74.33%

TOTAL 16138 153568 84310

Weighted CIass Accuracy 66.05%

N-3



Table N-7 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS RATIO technique and spectral bands (1,2,3).

Standard deviation threshold = 5

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 6898/

42.74%

16341/

10.64%

3120/

3.70%

Urban

Residential

6924/

42.90%

100541/-

65.47%

8551/

10.14%

Dense

Urban

464/

2.88%

21027/

13.69%

66994/

79.46%

TOTAL 16138 153568 84310

Weighted CIass Accuracy 68.67%

Table N-8 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 6898/

42.74%

16341/

10.64%

3120/

3.70%

Urban

Residential

6924/

42.90%

100541/

65.47%

8551/

10.14%

Dense

Urban

464/

2.88%

21027/

13.69%

66994/

79.46%

TOTAL 16138 153568 84310

Weighted CIass Accuracy 68.67%

N-4



Table N-9 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 5455/

33.80%

25747/

16.77%

4428/

5.25%

Urban

Residential

7580/

46.97%

90276/

58.79%

7584/

9.00%

Dense

Urban

1251/

7.75%

21886/

14.25%

66653/

79.06%

TOTAL 16138 153568 84310

Weighted CIass Accuracy 63.93%

Table N-10 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the PRINCIPAL COMPONENT transformation technique

and spectral bands (1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 4739/

29.37%

1 1872/

7.73%

2639/

3.10%

Urban

Residential

8348/

51.73%

106607/

69.42%

16418/

19.47%

Dense

Urban

1199/

7.43%

19430/

12.65%

59608/

70.70%

TOTAL 16138 153568 84310

Weighted CI ass Accuracy 67.30%

N-5



Table N-ll Independent classification accuracy confusion matrix for the Rochester
hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 5242/

32.48%

16759/

10.91%

3570/

4.23%

Urban

Residential

8680/

53.79%

105871/

68.94%

10200/

12.10%

Dense

Urban

364/

2.26%

15279/

9.95%

64895/

76.97%

TOTAL 16138 153568 84310

Weighted Class Accuracy 69.29%

Table N-l 2 Independent classification accuracy confusion matrix for the Rochester

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 7165/

44.40%

36078/

23.49%

9315/

11.05%

Urban

Residential

6365/

39.44%

83569/

54.42%

7464/

8.85%

Dense

Urban

756/

4.68%

18262/

11.89%

61885/

73.40%

TOTAL 16138 153568 84310

Weighted CI ass Accuracy 60.08%

N-6



Table N-l 3 Image-wide classification accuracy confusion matrix for the Rochester

90m low resolution image using spectral bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 4505/

43.76%

15349/

9.57%

6092/

7.31%

Urban

Residential

2891/

28.08%

106185/

66.22%

6253/

7.50%

Dense

Urban

1989/

19.32%

22192/

13.84%

65404/

78.46%

TOTAL 10294 160360 83362

Weighted Class Accuracy 69.32%

Table N-14 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS RATIO technique and spectral bands (1,3.4).

Standard Deviation Threshold = 5

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 4832/

46.94%

3275/

2.04%

3350/

4.02%

Urban

Residential

3288/

31.94%

113983/

71.08%

7064/

8.47%

Dense

Urban

1265/

12.29%

26468/

16.51%

67335/

80.77%

TOTAL 10294 160360 83362

Weighted CI ass Accuracy 73.28%

N-7



Table N-15 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 5282/

51.31%

4491/

2.80%

3161/

3.79%

Urban

Residential

2550/

24.77%

104231/

65.00%

4162/

4.99%

Dense

Urban

1553/

15.09%

35004/

21.83%

70426/

84.48%

TOTAL 10294 160360 83362

Weighted CIass Accuracy 70.84%

Table N-16 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 3373/

32.77%

4266/

2.66%

1037/

1.24%

Urban

Residential

3414/

33.16%

113441/

70.74%

7236/

8.68%

Dense

Urban

2598/

25.24%

26019/

16.23%

69476/

83.34%

TOTAL 10294 160360 83362

Weighted CI ass Accuracy 73.34%

N-8



Table N-l 7 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the PRINCIPAL COMPONENT technique and spectral

bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 4463/

43.36%

4617/

2.88%

1715/

2.06%

Urban

Residential

2667/

25.90%

101773/

63.47%

11301/

13.56%

Dense

Urban

2255/

21.91%

37336/

23.28%

64733/

77.65%

TOTAL 10294 160360 83362

Weighted CIass Accuracy 67.31%

Table N-l 8 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 4695/

45.61%

3701/

2.31%

4072/

4.88%

Urban

Residential

3261/

31.68%

124195/

77.45%

11394/

13.67%

Dense

Urban

1429/

13.88%

15830/

9.87%

62283/

74.71%

TOTAL 10294 160360 83362

Weighted CIass Accuracy 75.26%

N-9



Table N-l 9 Image-wide classification accuracy confusion matrix for the Rochester

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,3,4).

Actual

Class

Classified As Water Urban

Residential

Dense Urban

Water 4112/

39.95%

20851/

13.00%

8975/

10.77%

Urban

Residential

3028/

29.42%

103541/

64.57%

6606/

7.92%

Dense

Urban

2245/

21.81%

19334/

12.06%

62167/

74.57%

TOTAL 10294 160360 83362

Weighted CIass Accuracy 66.85%

N-10



Appendix O

Image-wide Classification Confusion Matrices for the Cobb's Hill

Imagery

Table of Tables for Appendix O

Table O-l Image-wide classification accuracy confusion matrix

for the Cobb's Hill 90m low resolution image using

spectral bands {1,2,3,4,5,7} O-l

Table 0-2 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

SIMPLE RATIO technique and spectral bands

{1,2,3,4,5,7} O-l

Table 0-3 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3,4,5,7} :
0-2

Table 0-4 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3,4,5,7} 0-2

Table 0-5 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the HIGH-

PASS FILTER technique and spectral bands {1,2,3,4,5,7} 0-3

Table 0-6 Image-wide classification accuracy confusion matrix

for the Cobb's Hill 90m low resolution image using

spectral bands {1,2,3} 0-3

Table 0-7 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

RATIO technique and spectral bands {1,2,3} 0-4

Table 0-8 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,2,3} 0-4

Table 0-9 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,2,3} 0-5

Table O-10 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the

PRINCIPAL COMPONENT transformation technique and

spectral bands {1,2,3} 0-5
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Table O-ll Independent classification accuracy confusion

matrix for the Cobb's Hill hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,2,3} 0-6

Table 0-12 Independent classification accuracy confusion

matrix for the Cobb's Hill hybrid image created using the

HIGH-PASS FILTER technique and spectral bands {1,2,3} 0-6

Table O-l 3 Image-wide classification accuracy confusion matrix

for the Cobb's Hill 90m low resolution image using

spectral bands { 1 ,3,4} 0-7

Table O-l 4 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

RATIO technique and spectral bands {1,3.4} 0-7

Table 0-15 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

EXTENDED REGRESSION technique and spectral bands

{1,3,4} 0-8

Table 0-16 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the DIRS

GLOBAL REGRESSION technique and spectral bands

{1,3,4} 0-8

Table 0-17 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the

PRINCIPAL COMPONENT technique and spectral bands

{1,3,4} 0-9

Table 0-18 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the

INTENSITY-HUE-SATURATION technique and spectral

bands {1,3,4} 0-9

Table 0-19 Image-wide classification accuracy confusion matrix

for the Cobb's Hill hybrid image created using the HIGH-

PASS FILTER technique and spectral bands {1,3,4} O-10

O-ii



Table O-l Image-wide classification accuracy confusion matrix for the Cobb's Hill

90m low resolution image using spectral bands (1,2,3,4,5,7).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 11893/

45.0%

1021/

4.1%

0/

0.0%

185/

2.6%

180/

0.4%

775/

0.5%

Tree 3882/

14.7%

19460/

77.8%

281/

15.5%

51/

0.7%

721/

1.5%

36780/

25.2%

Water 18/

0.1%

15/

0.1%

1302/

72.0%

11/

0.2%

496/

1.0%

1307/

0.9%

Soil 3803/

14.4%

644/

2.6%

0/

0.0%

4233/

60.6%

4251/

8.9%

1910/

1.3%

Urban 4336/

16.4%

865/

3.5%

18/

1.0%

1823/

26.1%

32600/

68.2%

18634/

12.8%

Residential 263/

1.0%

837/

3.3%

44/

2.4%

51/

0.7%

4727/

9.9%

73443/

50.3%

TOTAL 26447 25006 1808 6983 47790 145982

Weighted Class Accuracy 56.27%

Table 0-2 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS SIMPLE RATIO technique and spectral bands

(1,2,3,4,5,7).

Standard deviation threshold = 5

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 12450/

47.1%

1068/

4.3%

0/

0.0%

38/

0.5%

106/

0.2%

1307/

0.9%

Tree 988/

3.7%

17305/

69.2%

88/

4.9%

15/

0.2%

8/

0.0%

7443/

5.1%

Water 1/

0.0%

23/

0.1%

1253/

69.3%

0/

0.0%

14/

0.0%

193/

0.1%

Soil 560/

2.1%

270/

1.1%

21/

1.2%

3054/

43.7%

2733/

5.7%

760/

0.5%

Urban 7048/

26.6%

350/

1.4%

90/

5.0%

3119/

44.7%

34378/

71.9%

16845/

11.5%

Residential 3148/

11.9%

3826/

15.3%

193/

10.7%

128/

1.8%

5736/

12.0%

106301/

72.8%

TOTAL 26447 25006 1808 6983
f
47790 145982

Weight3d Class Accuracy 68.78%
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Table 0-3 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3,4,5,7).

Standard deviation threshold = 5

Correlation threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 9592/

36.3%

650/

2.6%

0/

0.0%

20/

0.3%

24/

0.1%

452/

0.3%

Tree 1029/

3.9%

16448/

65.8%

67/

3.7%

4/

0.1%

4/

0.0%

5119/

3.5%

Water 1/

0.0%

10/

0.0%

1174/

64.9%

0/

0.0%

22/

0.0%

299/

0.2%

Soil 1295/

4.9%

1512/

6.0%

96/

5.3%

3102/

44.4%

3683/

0.7%

2656/

1.8%

Urban 11581/

43.8%

1651/

6.6%

135/

7.5%

3180/

45.5%

35183/

73.6%

29185/

20.0%

Residential 697/

2.6%

2571/

10.3%

173/

9.6%

48/

0.7%

4059/

8.5%

95138/

65.2%

TOTAL 26447 25006 1808 6983 47790 145982

Weight3d Class Accuracy 63.24%

Table 0-4 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3,4,5,7).

Standard deviation threshold = 5

Correlation threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 12263/

46.4%

1051/

4.2%

0/

0.0%

99/

1.4%

82/

0.2%

804/

0.6%

Tree 3429/

13.0%

18552/

74.2%

33/

1.8%

4/

0.1%

6/

0.0%

7710/

5.3%

Water 0/

0.0%

23/

0.1%

1381/

76.4%

0/

0.0%

20/

0.0%

297/

0.2%

Soil 725/

2.7%

149/

0.6%

33/

1.8%

3573/

51.2%

2927/

6.1%

957/

0.7%

Urban 6758/

25.6%

864/

3.5%

102/

5.6%
'

2588/

37.1%

33872/

70.9%

17468/

12.0%

Residential 1020/

3.9%

2203/

8.8%

96/

5.3%

90/

1.3%

6068/

12.7%

105631/

72.4%

TOTAL 26447 25006 1808 6983 47790 145982

Weight sd Class Accuracy 69.00%
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Table 0-5 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the HIGH-PASS FILTER technique and spectral bands

(1,2,3,4,5,7).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 10157/

38.4%

818/

3.3%

0/

0.0%

76/

1.1%

99/

0.2%

254/

0.2%

Tree 3451/

13.0%

18602/

74.4%

135/

7.5%

35/

0.5%

99/

0.2%

20646/

14.1%

Water 0/

0.0%

17/

0.1%

1405/

77.7%

2/

0.0%

84/

0.2%

723/

0.5%

Soil 2932/

11.1%

171/

0.7%

0/

0.0%

4505/

64.5%

4773/

10.0%

1370/

0.9%

Urban 7125/

26.9%

1835/

7.3%

35/

1.9%

1653/

23.7%

33060/

69.2%

24737/

16.9%

Residential 530/

2.0%

1399/

5.6%

70/

3.9%

83/

1.2%

4860/

10.2%

85119/

58.3%

TOTAL 26447 25006 1808 6983 47790 1.45982

Weight3d Class Accuracy 60.17%

Table 0-6 Image-wide classification accuracy confusion matrix for the Cobb's Hill

90m low resolution image using spectral bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 19501/

52.79%

1355/

7.29%

530/

1.85%

190/

3.05%

1 187/

2.43%

1502/

1.31%

Tree 2741/

7.42%

12335/

66.35%

5927/

20.67%

0/

0%

11

0.01%

1917/

1.67%

Water 4062/

11.00%

2783/

14.97%

16045/

55.95%

12/

0.19%

951/

1.95%

34382/

29.96%

Soil 981/

2.66%

39/

0.21%

15/

0.05%

4288/

68.73%

4995/

10.23%

564/

0.49%

Urban 4390/

11.88%

173/

0.93%

290/

1.01%

1289/

20.66%

29034/

59.49%

9395/

8.19%

Residential 1382/

3.74%

314/

1.69%

3207/

11.18%

17/

0.27%

7568/

15.51%

57492/

50.09%

TOTAL 36939 18590 28675 6239 48806 114767

Weight 3d Class Accuracy 54.60%
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Table 0-7 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS RATIO technique and spectral bands (1,2,3).

Standard deviation threshold = 5

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 19457/

52.67%

1123/

6.04%

463/

1.61%

34/

0.54%

530/

1.09%

2224/

1.94%

Tree 1264/

3.42%

12312/

66.23%

3621/

12.63%

5/

0.08%

24/

0.05%

793/

0.69%

Water 2615/

7.08%

2983/

16.05%

16831/

58.70%

4/

0.06%

67/

0.14%

12874/

11.22%

Soil 68/

0.18%

0/0% 2/

0.01%

3242/

51.96%

3399/

6.96%

151/

0.13%

Urban 4530/

12.26%

68/

0.37%

119/

0.41%

2408/

38.60%

29788/

61.03%

7891/

6.88%

Residential 5123/

13.87%

513/

2.76%

4978/

17.36%

103/

1.65%

9934/

20.35%

81319/

70.86%

TOTAL 36939 18590 28675 6239 48806 114767

Weight 3d Class Accuracy 64.15%

Table 0-8 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 19457/

52.67%

1123/

6.04%

463/

6.04%

34/

0.54%

530/

1.09%

2224/

1.94%

Tree 1264/

3.42%

12312/

66.23%

3621/

66.23%

5/

0.08%

24/

0.05%

793/

0.69%

Water 2615/

7.08%

2983/

16.05%

16831/

58.70%

4/

0.06%

67/

0.14%

12874/

11.22%

Soil 68/

0.18%

0/

0%

2/

0.01%

3242/

51.96%

3399/

6.96%

151/

0.13%

Urban 4530/

12.26%

68/

0.37%

1 19/

0.37%

2408/

38.60%

29788/

61.03%

7891/

6.88%

Residential 5123/

13.87%

513/

2.76%

4978/

2.76%

4978/

1.65%

9934/

20.35%

81319/

70.86%

TOTAL | 36939 18590 28675 6239 48806 114767

Weight 3d Class Accuracy 60.21%
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Table 0-9 Image-wide classification accuracy confusion matrix for the Cobb's Hill

hybrid image created using the DIRS GLOBAL REGRESSION technique and spectral

bands (1,2,3).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 19457/

52.67%

1123/

6.04%

463/

1.61%

34/

1.61%

530/

1.09%

2224/

1.94%

Tree 1264/

3.42%

12312/

66.23%

3621/

12.63%

5/

0.08%

24/

0.05%

793/

0.69%

Water 2615/

7.08%

2983/

16.05%

16831/

58.70%

4/

0.06%

67/

0.14%

12874/

11.22%

Soil 68/

0.18%

0/

0%

2/

0.01%

3242/

51.96%

3399/

6.96%

151/

0.13%

Urban 4530/

12.26%

68/

0.37%

1 19/

0.41%

2408/

38.60%

29788/

61.03%

7891/

6.88%

Residential 5123/

13.87%

513/

2.76%

4978/

17.36%

103/

1.65%

9934/

20.35%

81319/

70.86%

TOTAL 36939 18590 28675 6239 48806 114767

Weight sd Class Accuracy 64.15%

Table O-10 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the PRINCIPAL COMPONENT transformation

technique and spectral bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 21006/

56.9%

1 195/

6.4%

370/

1.3%

585/

9.4%

2245/

4.6%

3465/

3.0%

Tree 5204/

14.1%

12874/

69.3%

7568/

26.4%

0/

0.0%

29/

0.1%

2938/

2.6%

Water 557/

1.5%

1829/

9.8%

3769/

13.1%

1/

0.0%

31/

0.1%

2124/

1.9%

Soil 12/

0.0%

0/

0.0%

0/

0.0%

2986/

47.9%

1885/

3.9%

20/

0.0%

Urban 2570/

7.0%

1/

0.0%

124/

0.4%

2209/

35.4%

32827/

67.3%

11195/

9.8%

Residential 3708/

10.0%

1100/

5.9%

14183/

49.5%

15/

0.2%

6725/

13.8%

85510/

74.5%

TOTAL 36939 18590 28675 6239 48806 114767

Weight sd Class Accuracy 62.58%
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Table 0-11 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 20463/

55.4%

1545/

8.3%

649/

2.3%

1 17/

1.9%

810/

1.7%

2422/

2.1%

Tree 1719/

4.7%

12387/

66.6%

6825/

23.8%

0/

0.0%

1/

0.0%

1440/

1.3%

Water 987/

2.7%

2313/

12.4%

5417/

18.9%

0/

0.0%

37/

0.1%

2554/

2.2%

Soil 14/

0.0%

0/

0.0%

0/

0.0%

2612/

41.9%

2294/

4.7%

9/

0.0%

Urban 3235/

8.8%

53/

0.3%

46/

0.2%

3031/

48.6%

31302/

64.1%

7527/

6.6%

Residential 6639/

18.0%

701/

3.8%

13077/

45.6%

36/

0.6%

9298/

19.1%

91300/

79.6%

TOTAL 36939 18590 28675 6239 48806 114767

Weight 3d Class Accuracy 64.36%

Table 0-12 Independent classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the HIGH-PASS FILTER technique and spectral

bands (1,2,3).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 18595/

50.34%

1292/

6.95%

604/

2.11%

1 16/

1.86%

890/

1.82%

1702/

1.48%

Tree 3294/

8.92%

12429/

66.86%

5453/

19.02%

0/0% 14/

0.03%

1772/

1.54%

Water 3517/

9.52%

2514/

13.52%

15117/

52.72%

5/

0.08%

662/

1.36%

29744/

25.92%

Soil 1187/

3.21%

44/

0.24%

34/

0.12%

4060/

65.07%

4208/

8.62%

769/

0.67%

Urban 5046/

13.66%

322/

1.73%

621/

2.17%

1604/

25.71%

31190/

63.91%

14559/

12.69%

Residential 1418/

3.84%

398/

2.14%

4185/

14.59%

11/

0.18%

6778/

13.89

56706/

49.71%

TOTAL 36939 18590 28675 6239 48806 114767

Weight 3d Class Accuracy 54.37%
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Table 0-13 Image-wide classification accuracy confusion matrix for the Cobb's

Hill 90m low resolution image using spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 15944/

54.0%

2475/

10.7%

0/

0.0%

126/

2.1%

412/

0.8%

2466/

1.7%

Tree 4052/

13.7%

16965/

73.5%

102/

5.4%

0/

0.0%

226/

0.4%

32045/

22.4%

Water 81/

0.3%

26/

0.1%

1612/

85.4%

3/

0.0%

669/

1.3%

3232/

2.3%

Soil 1381/

4.7%

70/

0.3%

0/

0.0%

4109/

67.9%

4491/

8.9%

1554/

1.1%

Urban 4483/

15.2%

454/

2.0%

21/

1.1%

1361/

22.5%

31771/

63.0%

18969/

13.3%

Residential 1256/

4.3%

1116/

4.8%

28/

1.5%

54/

0.9%

7639/

15.1%

71667/

50.1%

TOTAL 29511 23070 1887 6056 5435 143057

Weight 3d Class Accuracy 55.93%

Table 0-14 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS RATIO technique and spectral bands

(1,3.4).

Standard Deviation Threshold = 5

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 17050/

57.78%

1595/

6.91%

2/

0.11%

55/

0.91%

301/

0.60%

2620/

1.83%

Tree 1777/

6.02%

16741/

72.57%

21/

1.11%

10/

0.17%

29/

0.06%

5732/

4.01%

Water 0/

0%

61/

0.26%

1542/

81.72%

0/0% 85/

0.17%

420/

0.29%

Soil 220/

0.75%

1/

0.00%

0/0% 3700/

61.10%

2799/

5.55%

237/

0.17%

Urban 5201/

17.62%

272/

1.18%

46/

2.44%

1852/

30.58%

33293/

66.01%

16486/

11.52%

Residential 2949/

9.99%

2436/

10.56%

152/

8.06%

36/

0.59%

8701/

17.25%

104438/

73.00%

TOTAL 29511 23070 1887 6056 50435 143057

Weight sd Class Accuracy 70.36%
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Table 0-15 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS EXTENDED REGRESSION technique and

spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 17172/

58.19%

1821/

7.89%

3/

0.16%

46/

0.76%

269/

0.53%

3551/

2.48%

Tree 1643/

5.57%

16343/

70.84%

34/

1.80%

11

0.12%

28/

0.06%

5181/

3.62%

Water 11

0.02%

50/

0.22%

1435/

76.05%

0/

0%

84/

0.17%

326/

0.23%

Soil 88/

0.30%

1/

0.00%

4/

0.21%

2857/

47.18%

3252/

6.45%

209/

0.15%

Urban 4315/

14.62%

382/

1.66%

35/

1.85%

2692/

44.45%

34511/

68.43%

14269/

9.97%

Residential 3972/

13.46%

2509/

10.88%

252/

13.35%

51/

0.84%

7064/

14.01%

106397/

74.37%

TOTAL 29511 23070 1887 6056 50435 143057

Weight ;d Class Accuracy 70.36%

Table O-l6 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the DIRS GLOBAL REGRESSION technique and

spectral bands (1,3,4).

Standard Deviation Threshold = 5

Correlation Threshold = 0.80

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 19071/

64.62%

2341/

10.15%

0/

0%

33/

0.54%

325/

0.64%

6452/

4.51%

Tree 1477/

5.00%

16238/

70.39%

26/

1.38%

2/

0.03%

16/

0.03%

4586/

3.21%

Water 0/0% 13/

0.06%

1393/

73.82%

0/0% 65/

0.13%

149/

0.10%

Soil 126/

0.43%

16/

0.07%

0/

0%

3033/

50.08%

1814/

3.60%

120/

0.08%

Urban 3638/

12.33%

272/

1.18%

86/

4.56%

2505/

41.36%

33242/

65.91%

14932/

10.44%

Residential 2838/

9.62%

2226/

9.65%

258/

13.67%

80/

1.32%

9746/

19.32%

103694/

72.48%

TOTAL 29511 23070 1887 6056 50435 143057

Weight 3d Class Accuracy 69.55%
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Table O-l 7 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the PRINCIPAL COMPONENT technique and

spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass . 17156/

58.1%

1699/

7.4%

1/

0.1%

410/

6.8%

2066/

4.1%

4398/

3.1%

Tree 4577/

15.8%

16823/

72.9%

45/

2.4%

4/

0.1%

123/

0.2%

11936/

8.3%

Water 3/

0.0%

202/

0.9%

1635/

86.6%

0/

0.0%

106/

0.2%

1824/

1.3%

Soil 243/

0.8%

14/

0.1%

0/

0.0%

3308/

54.6%

3236/

6.4%

44/

0.0%

Urban 2488/

8.4%

380/

1.6%

6/

0.3%

1921/

31.7%

31887/

63.2%

13542/

9.5%

Residential 2630/

8.9%

1988/

8.6%

76/

4.0%

10/

0.2%

7790/

15.4%

98190/

68.6%

TOTAL 29511 23070 1887 6056 5435 143057

Weighted Class Accuracy 66.53%

Table 0-18 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the INTENSITY-HUE-SATURATION technique and

spectral bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 16994/

56.5%

3082/

13.3%

11

0.4%

15/

0.3%

82/

0.2%

19394/

13.3%

Tree 917/

3.1%

14685/

63.3%

1131/

59.6%

0/

0.0%

25/

0.1%

2965/

2.0%

Water 125/

0.4%

1228/

5.3%

428/

22.6%

0/

0.0%

60/

0.1%

4100/

2.8%

Soil 0/

0.0%

0/

0.0%

0/

0.0%

328/

6.8%

334/

0.7%

0/

0.0%

Urban 611/

2.0%

3/

0.0%

3/

0.2%

2864/

59.0%

31095/

64.9%

12304/

8.4%

Residential 9169/

30.5%

2225/

9.6%

206/

10.9%

1366/

28.1%

11625/

24.2%

93489/

64.0%

TOTAL 30057 23196 1898 4858 47942 146065

Weighted Class Accuracy 61.81%
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Table O-l 9 Image-wide classification accuracy confusion matrix for the Cobb's

Hill hybrid image created using the HIGH-PASS FILTER technique and spectral

bands (1,3,4).

Actual

Class

Classified As Grass Tree Water Soil Urban Residential

Grass 12925/

43.80%

1537/

6.66%

0/

0%

83/

1.37%

273/

0.54%

537/

0.38%

Tree 3865/

13.10%

16292/

70.62%

40/

2.12%

3/

0.05%

59/

0.12%

13680/

9.56%

Water 10/

0.03%

24/

0.10%

1608/

85.21%

2/

0.03%

363/

0.72%

1767/

1.24A%

Soil 1670/

5.66%

49/

0.21%

0/

0%

3427/

56.59%

2829/

5.61%

1682/

1.18%

Urban 7328/

24.83%

1514/

6.56%

80/

4.24%

2051/

33.87%

33649/

66.72%

30071/

21.02%

Residential 1399/

4.74%

1690/

7.33%

35/

1.85%

87/

1.44%

8035/

15.93%

82196/

57.46%

TOTAL 29511 23070 1887 6056 50435 143057

Weighted Class Accuracy 59.09%
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Appendix P

Spectral Response of TM and SPOT Sensors

Landsat Thematic Mapper

Band Bandpass [u.m] Resolution

1 0.450-0.520 30 meter

2 0.520-0.600 30 meter

3 0.630-0.690 30 meter

4 0.760-0.900 30 meter

5 1.550-1.750 30 meter

7 2.080-2.350 30 meter

SPOT

Band Bandpass [u.m] Resolution

Panchromatic 0.510-0.730 10 meters
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