


METHODOLOGY

Ground Data Collection

Ground data on all the three study sites were collected in August 2001. Routes were pre-determined based on
visual inspection of the IRS imagery so as to capture the major vegetation type variability and cover as much of the
area as possible within the large-scale transects. Routes were also changed based on need in the field to capture
variability in the vegetation types that could not be foreseen from the imagery. This methodology of “collecting as
you go” is not a random method of data collection but was found to be an acceptable method and was used by Ellis
(1997) and Limb (1998). Homogeneous patch boundaries were visually delineated in the field and drawn on the hard
copies of the large & small-scale imagery and were later digitized on to the georeferenced mosaics and used in
classification interpretation. Transects were mapped with the intent of including a representation of each site’s
vegetation composition and variability. This method of ground truthing allowed for a general understanding of the
visual characteristics of the dominant plant species and communities of each site, which enabled class identification
through photo interpretation. These detailed maps were used to aid classification procedures as well as to test the
classification accuracies.

Types of Imagery used: The following color-infrared, wet season data were used in this study (Table 1):

Table 1. Data used for the study

Data Type Resolution Platform

Kodak Digital 0.36mpp* Aircraft borne digital photography
Ikonos 4.0mpp Satellite Data/Eosat Corporation
IRS 5.0mpp Satellite Data

Landsat TM 7 30.0mpp Satellite Data/USGS

* mpp = meters per pixel

The large-scale imagery in this study was acquired with a Kodak DCS 420 digital, color-infrared camera.
Imagery was recorded simultaneously in three bands: green (510-610nm), red (580-800nm), and IR (700-810nm)
with peaks at 550nm, 650nm and 800nm. Transects were flown at approximately 2200 feet above ground level
yielding imagery with high spatial resolution of 0.36mpp (meters per pixel) at all the three study sites.

In order to achieve the our objectives three steps were required:
» Image Pre-processing
» Image Processing
» Classification Accuracy Assessment

All the Image Pre-processing, Processing, Upscaling and Accuracy Assessment procedures were performed
using the image processing software TNTmips 6.5 at the Remote Sensing Lab, Department of Natural Resources &
Environmental Science, UNR.

IMAGE PRE-PROCESSING

The Kodak images were manually georeferenced to 1-meter spatial resolution, panchromatic USGS Digital
Orthophoto Quadrangles (DOQ’s) using a piecewise approach with a planar affine warping model. A standard
projection of Universal Transverse Mercator (UTM), zone 12, datum North American Datum (NAD) 1927 was
applied to all imagery. Image pieces for each type, site and size were mosaicked by their georeference location and
edges were created by overlaying images rather than combining the overlapping pixels. The three kinds of small-
scale images came georeferenced when purchased.

19*" Biennial Workshop on Color Photography, Videography and

Airborne Imaging for Resource Assessment
Logan, Utah 3 October 2003



Since the remotely sensed imagery has a high degree of color band autocorrelation, the corresponding pixels
have similar values despite the wavelength they were recorded in. This results in data redundancy where each band
is similar (Tueller, 2001). The fact that color bands were inter-correlated with most image variability dependent on
vegetation spatial and structural characteristics is attributed to the desert environment (Breland, 2001). Breland
(2001), showed that band inter-correlation between HIS components was greatly reduced compared to RGB
components with aerial imagery for the desert environment. Schowengerdt (1997) advises working with imagery in
HIS rather than RGB color space to provide more control over color enhancement. Hence, color bands were
separated into more independent components using color space conversions. Three new bands, Intensity, Hue and
Saturation were created for all imagery from Red, Green and Blue (false color composites) bands. The Intensity,
Hue, Saturation color model divides a color value into brightness, color and color purity (Tueller, 2001). Intensity
contains the spatial information while Hue and Saturation comprise spectral information.

Fourier Analysis

All bands of imagery showed a large amount of high frequency detail, which provided an obstacle to the
delineation of continuous patch boundaries. Schowengerdt (1997) suggests filtering in the Fourier domain when
spatial filtering requires window dimensions exceeding 7 by 7 pixels. Hence, low pass filtering in frequency space
was used to smooth the image with high frequency detail. This filter passes the low frequency components of the
image but blocks the high frequency components. The Fourier power spectrum images were examined to determine
the parameters for low pass filtering (Figure 1). Filters with a radii extending outside the majority of the power
spectrum were applied. Hue and Saturation were filtered more rigorously with smaller filter radii as compared to
Intensity. Intensity, the primary source of image variance, was emphasized by preserving sharper detail. Once the
Fourier spectrum was known original image was regenerated through the application of an inverse Fourier
transform. Figure 2 shows a comparison of the Hue component before and after the using Fourier filter. We can
notice that the component after filter is smoothened and this helps in patch delineation.

The histograms of the HIS components were stretched linearly to accentuate patch separation after they were
filtered in frequency space. A Volterra/unsharp edge enhancement filter was applied to the processed Intensity
rasters. This served to sharpen the edges of smoothed patch boundaries and reduce spectral variance within.
Stretching enhanced the contrast of the filtered component images. The filtered HIS image components were then
used as layers in the classification of vegetation of the imagery.

Figure 2. Comparison of Hue component before and
Figure 1. Comparison of Fourier spectrum after using Fourier filters
before and after using low pass filter

Merging (Resampling)

A number of different approaches to degrade the resolution of remotely sensed data were assessed. These
include the two traditional approaches commonly incorporated into the image processing packages: Nearest
Neighbor and Bilinear Interpolation as common resampling techniques. The Kodak digital 0.36m data was degraded
to 4m and 5m resolution by resampling with the small-scale IKONOS (4m) and IRS (5m) data. This process
involves the merging or fusing of the cells in the Kodak data. The entire scene IKONOS and IRS images were
cookie cut (clipped) with respect to the Kodak transects for all the three sites and classified. Contrast enhancement,
conversion of RGB to IHS, and application of Fourier filters were the pre-processing procedures applied to the
merged Kodak images and the small-scale cookie cut images as a pre-processing step. The resampled
(merged/simulated) images were also classified and their accuracies were determined and compared with classified
cookie cut images.
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IMAGE PROCESSING

Classification

For the purpose of this study an appropriate classification method was important. Based on our previous
experience, we used the ISODATA (Iterative Self-Organizing Data Analysis Technique) unsupervised classification
algorithm to classify the original images of all resolutions and the simulated coarser resolution images that are
resampled to the size of the Kodak transects. The number of classes requested was always much larger than the
required. Similar classes were then combined based on the ground truth data and a final map was created (Figure 4).
The primary advantage of the unsupervised classification is that the classifier identifies the distinct spectral classes
present in the image data. Many of these classes might not be initially apparent to the analyst applying a supervised
classifier. Likewise the spectral classes in the scene may be so numerous that it would be difficult to trail them all. In
the unsupervised approach they are found automatically (Kiefer, 1999). Hence the 0.36mpp Kodak, merged 4 &
Smpp Kodak, IKONOS and IRS cookie cuts, entire scene IKONOS, IRS and Landsat TM imageries were classified
using the unsupervised ISODATA algorithm.

Figure 3. Kodak RGB of Region 5 Figure 4. Combining classes to obtain the final Region 5 Kodak classification

Upscaling

This study is in contrast with the approach outlined by Woodcock and Strahler (1987) whose assumption was
that an optimal pixel size could be identified to represent specific objects. This study is more in line with the work of
Hay et al., (1997), that recognizes rangeland objects (including trees as well as areas with shrub and herbaceous
cover and no cover at all are represented by varying sizes, and hence a representative pixel size may not be realistic.
Cheng (2001) found that the stepwise linear classification algorithm in TNTMips produced the highest classification
accuracy for supervised classifications from their multispectral imagery. In order to extrapolate the vegetation
classification information of high-resolution data to smaller scales, a supervised classification is necessary to utilize
the classification information as training data. We used the supervised stepwise linear classification algorithm for
upscaling (extrapolating) the large-scale data to the small-scale data. The entire scene small-scale imageries
(IKONOS, IRS and Landsat TM) were preprocessed and classified using supervised stepwise linear algorithm and
the resampled (degraded) high-resolution Kodak classification as the training data (Figure 5, 6). This is the
upscaling of information from large-scale to small-scale data and thereby extrapolating to the entire scene (Figure
7). This process was repeated for all the three study sites.
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Figure 6. Resampling

Figure 5. Region 5 IRS image Upscaling:
Large-scale Kodak classification used as
the training data for the classification of
the small-scale IRS imagery

Figure 7. Result- Region 5
IRS image Upscaling

Krauter (2001) found that using vegetation indices increases the accuracy results of a classification. The TVI
(Transformed vegetation index) was created using the red and infrared bands in the TNTmips program. The TVI
was used as a component substituting Saturation during classification of the Kodak image at Tickville in order to
remove shade due to topography.

The main use of a vegetation analysis using remote sensing is to use the information to make useful ecological
interpretations. Range management models of Succession and Increaser-Decreaser species were used to categorize
vegetation encountered on the study transects. The class separation was based both on specific plant communities
and their seral stages. A proper interpretation of the seral stages found on a site provide evidence of changes
resulting from secondary succession brought about by military or other activities on a piece of land. They also mark
the process of recovery that an ecosystem experiences after a disturbance. An understanding of the seral stages
resulting from a perturbation can often be used to interpret the successional trends occurring on the site. By
separating low from high seral vegetation, our maps have to be useful for monitoring the process of recovery or the
continued decline in areas after a disturbance (Tueller, 2001). The classifications for all three sites were based on the
seral stages.

After an image had been classified, it was observed that each image had a slight shift and that the four types of
images for the same study site do not exactly overlay. Hence they were re-georeferenced. Panchromatic, 1mpp,
Digital Orthophotoquads (DOQ) were used as reference images in manual georeferencing. DOQ’s come
georeferenced; every point on the image has a Universal Transverse Mercator (UTM) coordinate. Corresponding
points, or control points, between their image and the DOQ were located, and the UTM coordinates are transferred
to image.
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ACCURACY ASSESSMENT

After a final classification map has been produced, an accuracy
assessment was done to measure the map’s reliability. To examine
classification accuracy and the effectiveness of upscaling, we
determined the most appropriate sample size for the accuracy test
using different sample points within each image. We used the
TNTmips PolygonGrid approach to create grids over the aerial
images. The random cluster sample method was used to create the
sample points within the grid cell based on a random selection of both
X and Y coordinates. Each grid cell has a length of 40m and consists

il of a sample point. The polygon grid was then clipped to match the
T ; l.9 || Kodak transect (reference data) as shown in Figure 8. Finally, the
; - )_ ground truthed digitized map was overlaid on top of the sample points
F and each point was assigned its proper classification value based on
= the previously collected ground data.

Figure 8. Accuracy assessment (Tickville) —
Random sampling points within 40m-gridcells

Since the clipped polygon grid was resampled with different classification data, the number of sample points
differs slightly (Table 2). Effort was made to maintain uniformity between the sample points for those data whose
classifications were tested (compared) against each other.

Table 2. Number of sample points used for accuracy assessment.

Classification Number of Sample Points
Region 5 Series200 Tickville

0.36m Original Kodak 345 269 221
Merged Kodak & Small-scale Cookie Cut (4m & 5m) 344 265 222
Entire Scene Small-scale & Upscaled Small-scale (4, 5 & 30m) 358 280 223

An Error matrix was used to determine the classification accuracy. In order to determine if one error matrix is
significantly different than another, Kappa analysis is used as a discrete multivariate technique in accuracy
assessment. The result of performing a Kappa analysis is a KHAT statistic, which is another measure of agreement
or accuracy. Numerous papers have been published recommending this technique (Congalton et al. 1993, Bishop et
al. 1975, Cohen 1960, Rosenfield and Fitzpatrick-Lins 1986, Hudson and Ramm 1987, and Congalton 1991). The
Kappa value of an error matrix as well as the sample variance of Kappa was computed using the Statistical Analysis
Software (SAS) and the Kappa Analysis macro.

Assuming a multinomial sampling model, the estimate of Kappa is given by

KHAT=(P, - P)/ (1 - Py

where P, is the ‘True agreement’ and & P, is the ‘Chance agreement’ (Congalton and Oderwald, 1983).

Finally, a Z test was performed to determine if two independent KHAT values, and therefore two error matrices,
are significantly different. With this test it is possible to compare two images and see which produces higher
accuracy.

The test statistic for testing the significance of a single error matrix is expressed by

Z =KHAT, / SQRT [Variance (KHAT))]
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The test statistic for testing if two independent error matrices are significantly different is expressed by
Z =|KHAT,—- KHAT,|/ SQRT {[Variance (KHAT))] + [Variance (KHAT,)]}

Z is standardized and normally distributed. This implies that this test is based on standard normal deviate and
the fact that although remotely sensed data are discrete, the KHAT statistic is asymptotically normally distributed.
At 95% confidence level, the critical value would be 1.96. Therefore, if the absolute value of the test Z statistic is
greater than 1.96, the result is significant, and the classification is better than random (Congalton, 1999). For each
image of a study site, the accuracy check was performed using the pre-determined ground truth data set aside for this

purpose.

RESULTS

To test the 3 hypotheses, 39 classifications were performed which included the classifications of the original,
merged and upscaled data. The classification accuracies of the merged Kodak 4mpp and Smpp classifications were
tested against IKONOS and IRS cookie cuts, which are of the same resolution respectively. The entire scene
IKONOS, IRS and Landsat TM upscaled classifications were tested against the unsupervised classifications of the
same entire scene images. In addition, the merged Kodak images were tested for the difference in two resampling
methods namely, nearest neighbor and bilinear interpolation algorithms. Classes that are ecologically significant and
indicative of range condition were extracted from large-scale Kodak and small-scale IKONOS, IRS and Landsat TM
imageries through the processes described. Vegetative patches associated with disturbance were separable from
climax vegetation. This separation was more distinct with the merged and upscaled images. The description of
classes was based on the dominant species and plant communities; all species occurrences were not identified and
measured on the images. Results for each site included classification maps, followed by the error matrix tables
depicting their classification accuracies. Accuracies were compared for the original, merged and upscaled
classifications of the large and small-scale images.

The results can be summarized as follows:

The Kodak 0.36mpp data classifications have a high overall accuracy and Kappa statistic for all the three sites
(Figure 9). Aerial data of high-resolution is very effective in mapping vegetation for smaller regions given adequate
ground data. Further the Kodak data was classified based on a simple generalized classification scheme of four
classes. Classification accuracy tends to increase as the classification scheme simplifies (Congalton, 1999). This
means that as the number of classes mapped decreases, the overall accuracy of that map increases. This may be
explained by the fact that the four classes used in this research were reasonably distinct even after degrading the
high-resolution Kodak data to lower resolution by merging (resampling).

Kodak Data Classification Accuracies
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Figure 9. Comparison of the overall accuracies and
Kappa statistics of the Kodak 0.36mpp classifications

91.00

90.00

Region 5 Series 200 Tic kville
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The merged data has higher classification accuracy and KHAT statistic than the small-scale cookie cuts of the
same resolution for all the three sites. Merged Kodak 4mpp classifications are better than IKONOS cookie cuts and
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merged Kodak Smpp classifications has higher accuracy when compared with the IRS cookie cuts (Table 3). This
shows that the first null hypothesis is not supported and that degrading high-resolution data to the desired resolution
would provide better classification results as compared to the small-scale data of the same desired resolution. This is
true in case smaller mapping regions. The z statistic for the classification difference indicates that there is a
significant difference between the merged Kodak and small-scale cookie cut image classifications (Table 4).
Significant improvement of the merged classifications over the cookie cut classifications suggests that this method
of merging could be an important improvement over using some of the lower resolution sensors. It is especially
useful if one wants to obtain sub samples of a study site using high-resolution images for more detailed analysis of
vegetation characteristics. It might not be feasible both in terms of cost and time, to obtain aerial data for
larger/entire scenes and merge them in order to use it as a replacement for small-scale data. This is when upscaling
could come into use.

It was also noticed that there was not much difference in the merged classification accuracies obtained by the
two resampling methods, since they yield similar classification results (Table 3). Although the nearest neighbor
resampling method provided slightly better classifications as compared to the bilinear interpolation, there were no
significant differences as shown by the z test (Table 4). Hence the second null hypothesis is supported and there is
no significant difference between the two resampling methods.

Table 3. Accuracy Assessment Results: Merged vs. Small-scale cookie cut classifications

Region 5 Series 200 Tickville

DATA 04 KHAT 04 KHAT 04 KHAT
KODAK
0.36mpp Original 95.93 93.12 97.81 95.54 97.29 95.77
4.0mpp Merged (NN) 95.06 92.52 95.47 90.32 91.44 86.91
4.0mpp Merged (BIL) 93.60 90.36 93.58 86.33 89.64 84.28
5.0mpp Merged (NN) 88.08 81.87 92.08 83.48 86.94 80.33
5.0mpp Merged (BIL) 86.92 80.19 91.70 82.55 86.49 79.67
COOKIE CUT
4.0mpp IKONOS 82.56 73.12 87.17 72.72 81.98 72.89
5.0mpp IRS 70.64 54.63 83.40 65.39 72.52 56.30
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Table 4. Results - Z Statistic: Merged vs. Small-scale cookie cut classifications

Region 5 Series 200 Tickville
DATA Z Stat Z Diff Z Stat Z Diff Z Stat Z Diff
KODAK
0.36mpp Original 27.25 18.83 20.40
4.0mpp Merged (NN) 26.95 0.81 18.41 0.95 19.19 0.62
4.0mpp Merged (BIL) 26.39 17.57 18.71
5.0mpp Merged (NN) 23.85 0.44 16.98 0.19 17.86 0.14
5.0mpp Merged (BIL) 23.42 16.92 17.90
COOKIE CUT
4.0mpp IKONOS 21.21 5.35 (NN) 15.69 3.50 (NN) 16.35 2.91(NN)
4.61 (BIL) 2.56 (BIL) 2.30 (BIL)
5.0mpp IRS 16.04 5.96 (NN) 13.76 3.12 (NN) 12.80 4.21 (NN)
5.52 (BIL) 2.93 (BIL) 4.06 (BIL)

It appears that upscaling will significantly improve classification accuracy for the selected classes. All the
upscaled images at the three study sites have shown significant improvement in the overall accuracy and KHAT
statistic over the original image classifications (Table 5). Mixed pixels and higher ground albedo at the disturbed
regions could account for lower classification accuracies of the original small-scale images resulting in the
commission and omission errors due to misclassification. Better classification accuracy and higher Kappa value with
the upscaled data may be attributed to the fact that classified high-resolution data has been used as the training data
for the classification of the low-resolution data. Hence there is a transfer of information from the high to low-
resolution data, which is suggested by their improved classification accuracy. Further, all the classifications (both
the unsupervised and upscaled) were found to be significant as shown by the z statistic (Table 6). The difference
between the unsupervised classifications and the upscaled classifications were also found to be significant for the
IKONOS, IRS and Landsat TM data for the all the sites, except IKONOS at Series 200 (Table 6). Here, the z value
is 1.70, which is less than the critical value of 1.96 at 95% confidence interval. This is not surprising considering the
fact that the overall accuracies for the unsupervised and the upscaled classification for the IKONOS image for the
Series 200 were very similar being 83.21% and 88.93% respectively (Table 5). Thus it was determined that the third
null hypothesis is not supported. This means that we are able to incorporate more relevant information into a pixel
that has been upscaled (merged & extrapolated) than one that has been collected at coarser scales. For small-scale
images at a regional level with lower classification accuracies, upscaling the large-scale data improves their
classification accuracies and utility.
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Table 5. Accuracy Assessment Results: Upscaled vs. Unsupervised Entire Scene classifications

Region 5 Series 200 Tickville
DATA (Entire Scene) OA KHAT OA KHAT OA KHAT
4.0mpp IKONOS
Original 79.33 67.16 83.21 70.79 70.40 | 57.66
Upscaled 94.41 91.41 88.93 79.53 91.03 86.50
5.0mpp IRS
Original 73.46 58.16 77.86 59.70 66.37 | 47.60
Upscaled 90.22 84.94 87.14 75.73 87.44 |[80.87
30.0mpp Landsat TM
Original 70.11 54.38 77.50 55.82 65.47 44.54
Upscaled 83.51 76.11 84.86 70.08 82.06 71.82

Table 6. Results - Z Statistic: Upscaled vs. Unsupervised Entire Scene classifications

Region 5 Series 200 Tickville
DATA (Entire Scene) Z Stat Z Diff Z Stat Z Diff Z Stat Z Diff
4.0mpp IKONOS
Original 19.49 6.31 16.94 1.70 13.89 5.66
Upscaled 26.71 19.11 19.36
5.0mpp IRS
Original 17.18 6.19 13.97 2.77 10.18 5.71
Upscaled 24.64 18.60 18.27
30.0mpp Landsat TM
Original 16.17 4.79 12.85 2.29 9.83 4.42
Upscaled 23.49 17.29 15.70
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CONCLUSIONS

All the 39 classifications were found to be significant. This implies that each classification is better than any
random classification.

The merged data has better overall accuracies and higher Kappa value as compared to the small-scale cookie
cut classifications of the same resolution.

Resampling methods does not affect the classification accuracy.

The upscaled classification is significantly better than the unsupervised classification of the original small-
scale image of the entire scene.

VV V VY

Benefits:

»  This research provides essential information to overcome the limitations of low spatial resolution images and
exploit full potential of high spatial resolution images.

»  This study contributes to our understanding of large-scale data in order to enhance the information obtained
from small-scale data at a regional level.

»  Merging and Upscaling are important tools to extrapolate the detailed information to larger areas. These
methods will make the high-resolution data useful in mapping smaller regions, whereas ‘Upscaling’ of images
will make the coarser resolution data useful in helping the land manager in assessing the land disturbance at
regional level on military reservations.
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